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Abstract

Energy communities are exploring multi-vector solutions to integrate variable renew-
able generation while preserving security of supply and affordability. This thesis
develops an optimization-based energy management model for energy communities
that enables the use of a reversible solid oxide cell (rSOC), where the rSOC can
operate in electrolysis mode (SOEC) to convert electricity into hydrogen and in
fuel-cell mode (SOFC) to reconvert hydrogen into electricity.
A mixed-integer linear programming (MILP) formulation is implemented in Python
using Pyomo and solved with Gurobi to determine the optimal configuration over
a time-resolved horizon. The multi-vector energy model optimizes electricity, heat
and hydrogen flows, accounting for hydrogen storage dynamics, rSOC operating
limits and mode-dependent behavior. A thermal energy storage (TES) system for
cogeneration support is also included to assess the potential value of heat recovery
and thermal shifting within the community’s energy balance.
Simulation results show that hydrogen storage coupled with rSOC flexibility can
effectively absorb surplus renewable electricity; however, this increases the total
operational cost. Under the investigated assumptions, the cogeneration/TES pathway
is not selected by the optimizer, indicating that its utilization is not economically or
operationally justified for the studied demand and price conditions.
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Chapter 1

Introduction

The increasing penetration of distributed renewable generation is changing the way
local energy systems are designed and operated. In this context, energy communities
are attracting growing interest as a means to improve local energy sharing, increase
self-consumption and support the integration of renewable energy sources. This
thesis investigates the integration of two energy communities through a storage
system based on a reversible solid oxide cell.

1.1 Background

Energy communities are emerging as promising organizational frameworks for the
integration of distributed renewable generation and local energy sharing. In these
systems, consumers and prosumers can interact within a coordinated structure aimed
at improving the use of locally generated energy and increasing the overall efficiency
of the energy system [3].
Among the renewable technologies adopted in this context, photovoltaic generation
plays a central role due to its widespread applicability in residential and local-scale
installations [4]. However, the variability of photovoltaic (PV) generation often leads
to a mismatch between local production and demand, making it necessary to develop
suitable energy-sharing and flexibility strategies.
In energy communities, shared energy is often managed through virtual exchange
mechanisms, while the physical electricity flows still rely on the existing distribution
grid infrastructure [4]. In this framework, self-consumption, shared generation and
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virtual metering become key concepts for improving the local use of renewable
electricity and reducing unnecessary exchanges with the public grid [5].
Storage technologies can further support this objective by reducing both the elec-
tricity withdrawn from the grid and the surplus energy injected into it, while also
increasing system flexibility [4]. For this reason, the modelling of energy com-
munities is often formulated as an optimization problem aimed at identifying the
most suitable combination of technologies, operating strategies and organizational
arrangements [6].

1.2 Problem statement

Thanks to his scalability, there is a large-scale integration of PV generation in local
energy systems that introduces a structural mismatch between renewable electricity
production and end-use demand. Since PV output is intermittent and weather-
dependent, generation does not always coincide with the temporal profile of local
consumption, leading to recurring periods of excess electricity production [3].
When this surplus cannot be absorbed locally, part of the electricity is injected
back into the distribution grid, potentially causing reverse power flow, i.e., a flow
of electricity opposite to the conventional direction observed in passive networks.
Although this work does not address these effects from an electrical protection
perspective, the literature shows that such conditions may be associated with grid-
related issues such as equipment stress, voltage and power quality disturbances and
possible overloading of local network components [7].
In this context, the problem treated in this thesis is not only the intermittency of PV
itself, but the limited capability of the local system to absorb and manage temporary
surplus generation. This motivates the integration of an energy storage solution
based on reversible solid oxide cell (rSOC), aimed at increasing local utilization of
PV electricity, reducing reverse injection into the grid and improving the operational
stability and energy autonomy of the system.
Due to the high operational temperature of the rSOC system, it is considered also a
cogeneration system.
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1.3 Research Objective

The main objective of this thesis is to assess the role of an rSOC-based storage
system as a flexibility resource for optimizing the operation of two photovoltaic
energy communities. In particular, the study investigates the economic feasibility
and the potential emissions reduction associated with the integration of the storage
system, with the aim of improving local energy management and increasing self-
consumption.

1.4 Methodology

The methodology adopted in this thesis is based on a mixed-integer linear program-
ming (MILP) optimization model developed in Python using Pyomo and solved
with Gurobi. The model is used to optimize the operation of two photovoltaic
energy communities integrating an rSOC-base storage system, accounting for the
interaction between photovoltaic generation, local demand, storage operation and
heat recovery from the rSOC. Because of the high operating temperature of the
rSOC technology, the system is also analyzed from a cogeneration perspective, by
considering the simultaneous management of electrical and thermal energy flows.
The performance of the proposed configuration is then assessed through economic
and environmental indicators, with particular focus on economic feasibility and CO2

emissions reduction.

1.5 Thesis Structures

This section introduces the structure of the thesis, outlining how the discussion is
organized across the various chapters.

Chapter 2 presents the methodology adopted in this work, including the system
modelling approach, the optimization framework, the main assumptions considered
in the analysis and the case study.

Chapter 3 reports the results obtained from the proposed model.
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Chapter 4 discusses the main findings, highlighting their implications and the
main limitations of the study.

Chapter 5 summarizes the main conclusions of the thesis.



Chapter 2

Methods

The second chapter provides a theoretical analysis of the proposed system, with a
focus on the physical and chemical phenomena that describe the technology. The
system incorporates a reversible Solid Oxide Cell (rSOC) to interconnect two distinct
photovoltaic-equipped energy communities. The rSOC can operate in two modes:
Solid Oxide Electrolyzer Cell (SOEC) and Solid Oxide Fuel Cell (SOFC).

2.1 System description

The proposed model aims to interconnect two energy communities, characterized
primarily by residential loads, through the use of a reversible Solid Oxide Cell
(rSOC) system. The rSOC is a highly flexible energy conversion device capable of
operating both in power generation and fuel production modes, acting as the core
hub for energy balancing. The system management follows a specific hierarchy to
ensure efficiency. During periods of high solar irradiance, the photovoltaic (PV)
systems first meet the immediate electric demand for communities. Any excess
electricity, which would otherwise be injected into the grid causing reverse power
flows, is diverted to the rSOC. In this phase, the device operates in SOEC mode to
produce hydrogen, which is then stored in a dedicated tank for later use. Conversely,
during the power generation phase, the rSOC functions in SOFC mode, utilizing
the previously produced hydrogen to generate electricity when PV production is
insufficient to meet the load. Consequently, electricity needs to be purchased from
the external grid only as a last resort: when there is no hydrogen available in
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the storage tank or when the stored amount is insufficient to cover the peak load.
This configuration serves a dual purpose: it prevents reverse power flow into the
grid - thereby avoiding operational instability - and it contributes to the system’s
decarbonization goals. It should be noted, however, that this dispatch priority is
enforced by construction and does not account for electricity price arbitrage: in
scenarios where grid electricity is temporarily cheap and no PV surplus is available,
it could be economically advantageous to purchase electricity from the grid and
preserve the stored hydrogen for later hours with higher electricity prices. This
represents a limitation of the current formulation, which could be addressed in future
work by relaxing the fixed dispatch hierarchy and allowing the optimizer to choose
between grid purchase and hydrogen discharge based on real-time price signals.
Additionally, the rSOC system is exploited to generate thermal energy from process
waste heat during the exothermic SOFC mode. This heat is recovered in a Thermal
Energy Storage (TES) to meet the facility’s heating demands, substantially reducing
natural gas purchased from the distribution grid and further lowering the overall CO2

emissions. A similar rSOC-based microgrid architecture, exploiting both electrical
and thermal energy to satisfy residential demands, is presented by Califano et al. [8]

The operational logic of the proposed system is shown in Figure 2.1.

Figure 2.1: Operational Logic Diagram of the System
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2.2 Mathematical formulation

This section presents the mathematical formulation of the proposed framework
for representing and optimizing the overall system, including the rSOC element
introduced in the previous paragraph. The formulation is structured into three parts:
the physical model, the optimization model and the model flowchart.

2.2.1 Physical model

This subsection presents all the equations used to describe the system.

Photovoltaic system

Both PV systems are assumed to be existing assets and are therefore modeled as
external generation profiles. For each PV system p ∈ PPV and time step t ∈ T , the
available PV output is

PPV,avail
p,t = PPV

p ·gPV
p,t , (2.1)

where PPV
p is the installed PV capacity and gPV

p,t ∈ [0,1] is the normalized PV forecast
profile. This approach is consistent with the common practice of computing PV
production profiles and applying them to the installed system size [6].

Reversible Solid Oxide Cell (rSOC) and hydrogen tank

At each time step t ∈ T , the reversible Solid Oxide Cell (rSOC) can operate either
as an electrolyzer (SOEC) consuming electricity to produce hydrogen, or as a fuel
cell (SOFC) consuming hydrogen to produce electricity.
The following variables are defined:

• the electrical power absorbed in SOEC mode: PSOEC
t ≥ 0

• the electrical power generated in SOFC mode: PSOFC
t ≥ 0

• the hydrogen production: ṁH2,prod
t ≥ 0

• the hydrogen consumed: ṁH2,cons
t ≥ 0
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• the hydrogen stored in the tank: Ht

The rSOC performance is parametrized using the SOEC specific electricity consump-
tion eSOFC

[
kWh
kgH2

]
and the SOFC electrical efficiency ηSOFC

el (LHV-based) together

with the hydrogen lower heating value LHVH2

[
MJ

kgH2

]
.

The electrical energy obtainable from 1 kg of hydrogen in SOFC mode is computed
as:

eSOFC = η
SOFC
el · LHVH2

3.6

[
kWh
kgH2

]
(2.2)

where the conversion factor 1kWh = 3.6MJ is used [9]. Accordingly, the electricity-
hydrogen conversion in SOEC mode is modelled as

ṁH2,prod
t =

PSOEC
t

eSOFC (2.3)

and SOFC mode as
PSOFC

t = eSOFC · ṁH2,cons
t . (2.4)

Hydrogen storage is represented through a mass balance and a capacity constraint:

Ht = Ht−1 + ṁH2,prod
t ·∆t − ṁH2,cons

t , (2.5)

0 ≤ Ht ≤ Hmax , (2.6)

where ∆t is the time-step duration (equal to 1 h) and Hmax is the tank capacity.

Thermal Energy Storage (TES)

In addition to electrical power, a reversible solid oxide cell (rSOC) exchanges thermal
power with the rest of the plant. In SOFC mode, the stack releases heat that can be
recovered and stored, whereas in SOEC mode the stack may require an external heat
supply, which can be provided by a thermal energy storage (TES) [10].
Latent heat thermal energy storage (LHTES) exploits the latent heat associated with
a phase transition of the storage medium during the charging (heat absorption) and
discharging (heat release) process:

Q = ṁ[Cps(Tm −Ts)+h+Cpl(Tl −Tm)] (2.7)
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where Q is the stored heat, ṁ is the mass flow rate, Cps is the specific heat capacity of
the solid phase, Tm is the melting temperature, Ts is the initial solid-phase temperature,
h is the latent heat of fusion, Cpl is the specific heat capacity of the liquid phase and
Tl is the final liquid-phase temperature.
In an LHTES system, the phase-change material (PCM) absorbs or release a large
amount of heat at an almost constant temperature during melting/solidification,
enabling quasi-isothermal heat exchange and relatively high storage energy density
compared with sensible-heat storage. For practical TES applications, the phase
transition of interest is most often the solid-liquid one, because it provides large
enthalpy changes while avoiding the large volume/density variations and containment
challenges typically associated with liquid-gas transitions. Accordingly, it is possible
to realize TES with medium-to-high specific energy at an approximately constant
temperature, which is one of the main advantages of PCM-based storage [1].

Figure 2.2: Qualitative profiles of temperature and heat flux for a PCM undergoing
melting (latent-heat storage region). Reproduced from [1]

To obtain a compact model suitable for system-level simulations, the rSOC
thermal exchange is expressed as proportional to the hydrogen mass flow rate through
mode-dependent specific coefficients kSOEC and kSOFC, with units

[
kWh
kg

]
. These

coefficients are derived from the reaction enthalpy (that is evaluated in the following
chapter) ∆h expressed on a molar basis, by converting mol to kg through the hydrogen
molar mass MWH2 , and converting kJ to kWh through the factor 1

3600 :

k =
∆h

MWH2

· 1
3600

[
kWh
kg

]
(2.8)

As introduced above, ṁH2,prod
t being the hydrogen production mass flow rate in

SOEC mode and ṁH2,cons
t being the hydrogen consumption mass flow rate, the
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associated thermal power terms are defined as:

QSOEC
t = ṁH2,prod

t · kSOEC , (2.9)

QSOFC
t = ṁH2,cons

t · kSOFC . (2.10)

With this formulation, QSOEC
t represents the thermal power linked to electrolysis

operation, that represent the heat demand of the rSOC and needs to be covered by
the TES or the heaters; while QSOFC

t represents the thermal power made available
during fuel-cell operation, potentially recoverable and storable in TES [8].
The TES is modelled through a round-trip efficiency RT ET ES, which accounts for
thermal losses during charging and discharging; accordingly, the thermal energy
effectively accumulated in the TES and the energy effectively delivered from the
TES are computed as functions of the TES power flow and RT ET ES. In particular,
following the adopted convention, RT ET ES can be expressed as the product of a
charging efficiency ηin,T ES and a discharging efficiency ηout,T ES [10]:

RT ET ES = ηin,T ES ·ηout,T ES (2.11)

In this work, the charging and discharging efficiencies are assumed to be equal and
symmetrical, such that:

ηin,T ES = ηout,T ES =
√

RT ET ES (2.12)

Accordingly, the energy effectively accumulated in the TES during a charging phase
(Qin, j) and the energy effectively delivered during a discharging phase (Qout, j) are
written as a function of the thermal power Pth,T ES, j exchanged over the time step t j

[8]:
Qin, j =

√
RT ET ES ·Pth,T ES, j · t j , (2.13)

Qout, j =
Pth,T ES, j · t j√

RT ET ES
. (2.14)

In this notation, Pth,T ES, j represents the thermal power flow at the TES boundary;
Qin, j is the fraction of energy that actually enters the storage after charging losses,
while Qout, j is the energy internal to the storage that must be depleted to provide the
required power Pth,T ES, j to the system.
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Constraint

This section defines the overall constraints used to couple the electrical balance with
the hydrogen subsystem and the thermal balance, including the logical "switches"
that distinguish deficit from overproduction regimes.
Time is discretized over t ∈ T .
The key external inputs are the available PV electricity output PPV,avail

p,t , the electric
demand Dt and the thermal demand Qdem

t .
Main decision variables include:

• surplus indicator st ∈ {0,1} ;

• operating mode indicators uEC
t ,uFC

t ∈ {0,1} ;

• switching indicator wt ∈ {0,1} ;

• overproduction OPt ≥ 0 ;

• deficit DEFt ≥ 0 ;

• hydrogen production/consumption ṁH2,prod
t , ṁH2,cons

t ≥ 0 ;

• fuel-cell electricity EFC
t ≥ 0 ;

• grid purchase Egrid
t ≥ 0 ;

• tank inventory Ht ;

• TES variables (ET ES
t ,Qin, j,Qout, j) .

A binary variable st activates either overproduction (PPV,avail
p,t ≥ Dt) using Big-M

constraints (with M an upper bound, e.g., M ≥ maxt

{∣∣∣PPV,avail
p,t −Dt

∣∣∣}).
The logic is enforced as:

PPV,avail
p,t −Dt ≤ M · st , (2.15)

Dt −PPV,avail
p,t ≤ M · (1− st) . (2.16)

This construction makes st = 1 consistent with the surplus and st = 0 consistent with
deficit.
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Overproduction is defined as the non-negative part of the PV-demand difference and
forced to zero in deficit mode (with the Big-M, this time indicated as MOP):

OPt ≥ PPV,avail
p,t −Dt , (2.17)

OPt ≤ MOP · st . (2.18)

Similarly, the deficit variable represents the non-negative part of Dt −PPV,avail
p,t and

is forced to zero in surplus mode (with the Big-M):

DEFt ≤ Dt −PPV,avail
p,t +M · st , (2.19)

DEFt ≥ Dt −PPV,avail
p,t −M · st , (2.20)

DEFt ≤ M · (1− st) . (2.21)

The SOEC is linked to surplus and the SOFC to deficit through mode indicators:

uEC
t = st , (2.22)

uFC
t = 1− st . (2.23)

Switching is tracked by wt as the change in SOEC commitment between consec-
utive time steps (for t > t0):

wt ≥ uEC
t −uEC

t−1 , (2.24)

wt ≥ uEC
t−1 −uEC

t . (2.25)

Together, these two constraints enforce wt ≥ |uEC
t −uEC

t−1|, capturing mode transitions
in both directions -from SOEC to SOFC and from SOFC to SOEC. This is the
standard linearization of the absolute value for binary variable. To penalize operation
during switching, an auxiliary variable At is introduced to represent a "reduced
usable overproduction", approximating At ≈ OPt(1−0.5 ·wt) via linear inequalities:

At ≤ OPt , (2.26)

At ≥ OPt −0.5 ·MA ·wt . (2.27)

In this way, it is possible to avoid overestimating hydrogen production or con-
sumption during an rSOC operation switch. This approach accounts for half of the
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theoretical amount, assuming a switching time of 30 minutes [8].
Hydrogen production is driven by penalized surplus electricity using the SOEC
specific consumption eSOEC:

ṁH2,prod
t ≤ At

eSOEC . (2.28)

In deficit hours, hydrogen can be consumed by the SOFC to generate electricity with
yield eSOFC:

ṁH2,cons
t ≤ DEFt

eSOFC , (2.29)

EFC
t = ṁH2,cons

t · eSOFC , (2.30)

DEFt = EFC
t +Egrid

t , (2.31)

deficit is covered by SOFC generation and grid purchase. Additional Big-M bounds
are used to force the hydrogen consumption only when uFC

t = 1 occurs. The hydrogen
inventory is bounded by tank capacity and updated through in/out flows (with initial
condition at t0:

0 ≤ Ht ≤ Hmax , (2.32)

Ht = Ht−1 +Hto
t −H f rom

t ( f or t > t0) , (2.33)

with Ht0 set by the initial stock.
Production/consumption are linked to tank flows (all produced H2 goes to the tank,
and all consumed H2 is withdrawn):

ṁH2,prod
t = H0

t , (2.34)

ṁH2,cons
t = H f rom

t . (2.35)

On the thermal side, a plant-level rSOC net thermal power is introduced as:

PrSOC,th
t = QSOFC

t −QSOEC
t , (2.36)

with a sign convention where PrSOC,th
t > 0 means net heat delivered to the system

and PrSOC,th
t < 0 net heat absorbed (e.g., during SOEC operation).

Finally, the overall thermal balance couples rSOC heat, TES charge/discharge, boiler
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output and the thermal demand:

Pboil
t +PrSOC,th

t +Qout
t −Qin

t = Qdem
t . (2.37)

The complete Python implementation of the hydrogen system model - which
represents the core computational contribution of this work - is reported in Appendix
A.

2.2.2 Optimization model

General formulation

This section presents the general optimization problem used to compute the optimal
operation of the system over a discrete time horizon. The model is formulated as a
linear program based on nodal energy balances and technical operating limits. Time
is discretized into a finite set of time steps t ∈ T . Given the constraints defined
above, the optimization minimizes the total system cost and the associated CO2

emissions, either through a weighted-sum objective or by treating one metric as
constraint.

A constant real discount rate r is used to compute the present value of replacement
expenditures occuring during the project lifetime L (years).
For each component k, a replacement may occur every yk years, with a replacement
cost per event Crepl

k . The integer number of replacements within the project lifetime
L is:

Nk =
L
yk

(2.38)

and the discounted total replacement cost is:

Crepl
k =

Nk

∑
i=1

Crepl
k

(1+ r)i yk
(2.39)

where i yk denotes the number of years from the base year (t = 0) to the i-th replace-
ment event (i.e., replacements occur at years yk,2yk, ...,Nkyk). Crepl

k is a standard
present-value discounting of cash flows. In the implementation, this discounted
replacement term is computed for PV, rSOC, the H2 tank, TES and cables.
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Component investment costs are computed from a sizing variable (or rated power)
multiplied by a specific CAPEX. For instance, for the SOEC unit (rated electrical
power PSOEC in kW):

Ccapex
SOEC = ccapex

SOEC ·PSOEC (2.40)

and similarly the fixed annual OPEX is:

Copex
SOEC = copex

SOEC ·PSOEC . (2.41)

This cost structure (size times specific cost) is commonly used in linear energy
models [11].
The decision to size the rSOC based on the electrical power required in SOEC mode
(rather than on the power produced in SOFC mode) is motivated by the fact that,
under comparable operating conditions, the SOEC electrical demand is higher than
the SOFC electrical output. Moreover, the cell is subject to a physical limit on
current density (A/cm2); operation in SOEC mode typically brings the cell closer to
this limit. Therefore, sizing the stack based on SOFC operation would underestimate
the required active area and could result in an undersized design when the system
operates in SOEC mode [12].

For storage capacities that are decision variables, the model uses "max-over-time"
constraints to define the required installed capacity. For the H2 tank [13]:

Hmax ≥ Ht ∀t ∈ T (2.42)

where Ht is the stored hydrogen inventory, and Hmax is the tank size decision variable.
The tank CAPEX and OPEX then become:

Ccapex
tank = ccapex

tank ·Hmax (2.43)

Copex
tank = copex

tank ·Hmax (2.44)

An analogous set of equations is used for TES capacity Emax
T ES based on the stored

thermal energy trajectory:

Ccapex
TES = ccapex

TES ·Emax
T ES (2.45)

Copex
TES = copex

TES ·Emax
T ES (2.46)
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The costs related to the new cables needed are also taken into account. The
cable CAPEX is computed from the physical quantity of cable installed. For a given
line i and cable type j, the installed mass is liw j [kg], and the corresponding cost is
liw jc

kg
j [C]. Using the binary selection variables, the total cable CAPEX is expressed

as
Ccapex

cables = ∑
i∈L

∑
j∈C

xi, jliw jc
kg
j , (2.47)

where xi, j ∈ {0,1} is a binary variable selecting cable type j for line i, li [km] is
the length of line i, w j [

kg
km ] is the linear weight of cable type j and ckg

j [ C
kg ] is the

corresponding unit purchase cost. A detailed description of the cable catalogue,
the binary selection logic and the sizing constraints is provided in Section 2.3.4.
Operating and maintenance expenditures for cables are modelled with a simplified
proportional approach, assuming that annual OPEX is a fixed fraction α of the
investment cost:

Copex
cables = α ·Ccapex

cables . (2.48)

Total plant CAPEX and fixed OPEX are obtained by summing across compo-
nents:

Ccapex
tot = ∑

k∈Kcapex

Ccapex
k , (2.49)

Copex
tot = ∑

k∈Kopex

Copex
k . (2.50)

where the set Kcapex includes rSOC, H2 tank, TES and cables; and Kopex includes
the same components as Kcapex plus PV. The PV system is assumed to be a pre-
existing asset, therefore its CAPEX cost is not considered in Kcapex.
Finally, the total present-value investment cost is upfront CAPEX plus discounted
replacements over the lifetime:

Cinv =Ccapex
tot + ∑

k∈Krepl

Crepl
k (2.51)

where the set Krepl is equivalent to Kopex. The annual operating cost is computed as
the sum of fixed OPEX and variable energy expenditures. With electricity bought



2.2 Mathematical formulation 17

from the grid Ebuy
t and an electricity price πel

t
( C

MWh

)
, the electricity expenditure is:

Cel = ∑
t∈T

Ebuy
t

πel
t

1000
(2.52)

where division by 1000 converts C
MWh into C

kWh , since Ebuy
t is in kWh. Similarly, the

thermal demand is met by gas boilers represented through a gas-energy input Egas
t ,

implemented as Pboiler,t in kWh per time step, with gas price π
gas
t :

Cgas = ∑
t∈T

Egas
t

π
gas
t

1000
. (2.53)

Therefore, the total annual cost is:

Cann =Copex
tot +Cel +Cgas (2.54)

which matches the common "fixed + variable" operating cost structure in LP energy
models [14]. It is also necessary to define a total discounted cost, that is evaluated as
follows:

Cdisc
tot =

L

∑
i=1

Cann

(1+ r)i (2.55)

where L is the lifetime of the project, Cann is the total annual cost and r is the discount
rate.
A baseline reference annual cost is computed to quantify economic savings with
respect to the pre-retrofit configuration. The baseline accounts for the electricity
deficit, so the energy that would have been purchased without the new system, and
the full thermal demand supplied by gas:

Cre f
ann = ∑

t∈T

Ede f
t

πel
t

1000
+ ∑

t∈T

Qth
t

π
gas
t

1000
. (2.56)

Regarding the carbon footprint, γel is the grid emission factor
[

kgCO2
kWh

]
and γgas is

the gas emission factor
[

kgCO2
kWh

]
. The baseline emissions are:

CO2re f
el = ∑

t∈T

γ
elEde f

t , (2.57)
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CO2re f
gas = ∑

t∈T

γ
gasQth

t , (2.58)

CO2re f
tot =CO2re f

el +CO2re f
gas . (2.59)

The system emissions are computed analogously, replacing Ede f
t with the actual grid

purchases Ebuy
t , and using the boiler gas input for the thermal part:

CO2sys
el = ∑

t∈T

γ
elEbuy

t , (2.60)

CO2sys
gas = ∑

t∈T

γ
gasEgas

t , (2.61)

CO2sys
tot =CO2sys

el +CO2sys
gas . (2.62)

This approach is standard in energy system accounting and optimization [15]. The
absolute emissions reduction is defined as:

∆CO2 =CO2re f
tot −CO2sys

tot (2.63)

so that ∆CO2 > 0 indicates an emissions reduction. The percentage reduction is:

∆CO2% =
∆CO2

CO2re f
tot

·100 (2.64)

which provides a normalized measure of improvement relative to the baseline.

To address the trade-off between economic performance and environmental im-
pact, the operation problem is formulated as bi-objective optimization and solved by
combining both objectives into a single aggregate function.
Specifically, the two criteria considered are the total system cost Csys

tot and the absolute
CO2 reduction with respect to the baseline, ∆CO2, where the Csys

tot is evaluated as:

Csys
tot =Cinv +Cdisc

tot . (2.65)

In the weighted-sum formulation, the cost and emissions objectives have different
units and typical magnitudes. To avoid that the numerically larger objective domi-
nates the scalarized problem, both criteria are normalized before being combined
into the aggregate objective function. Following standard recommendations in multi-
objective optimization, each objective is scaled by a characteristic range so that the
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resulting normalized quantities are of a comparable order of magnitude [16]. In this
work approximate range-based scaling factors are adopted, based on the expected
order of the metrics in the case study (100 kC for cost and 10 tCO2/year for CO2

reduction). This leads to dimensionless normalized objectives of order one, so that
the weights wcost and wcarbon can be interpreted as genuine preference parameters.
The resulting objective function is written as:

minJ = wcost · ˆCsys
tot −wcarbon · ˆ∆CO2 , (2.66)

where wcost ∈ [0,1] expresses the relative preference assigned to cost minimization
and wcarbon ∈ [0,1] expresses one assigned to ∆CO2 reduction. The relation between
the two weights is wcost +wcarbon = 1.

Linear and mixed-integer linear programming formulation

The operational planning and sizing problem described in this chapter is formulated
as a mixed-integer linear problem (MILP). All constraints are expressed as linear
equalities or inequalities in the decision variables, and the objective function is linear
in costs and emissions. The model includes both continuous variables and binary
variables, which leads to a MILP structure rather than a purely continuous linear
program (LP) [17].
Binary variables are used to capture discrete operating regimes and logical decisions
that cannot be represented in a purely continuous framework without introducing
non-linearities. In particular, the surplus indicator st and the mode indicators uEC

t

and uFC
t distinguish between surplus and deficit conditions and enforce mutually

exclusive SOEC/SOFC operation. The switching variable wt tracks changes in rSOC
operating mode between consecutive time steps, enabling a penalization of produc-
tion/consumption during transitions. In the electrical connection model, the binary
variable xi, j implement the selection of a single cable type j for each line i, linking
the discrete cable catalogue to the continuous current and cost calculations.
Logical relations and piecewise definitions (e.g., surplus vs. deficit, charging vs.
discharging, cable oversizing limits) are reformulated through standard Big-M con-
straints, so that all resulting expressions remain linear in the decision variables. In
each, the Big-M parameter is chosen as a valid upper bound for the corresponding
physical quantity, in order to avoid numerical issues while preserving correctness of
the logical conditions. With this construction, non-linear mode-switching behaviour
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of the rSOC and the TES is approximated by a set of linear constraints involving
binary variables, which is a common strategy in energy-system MILP models.
The overall problem remains a single large-scale MILP defined over the horizon T ,
where the time-coupling arises mainly from storage dynamics and from the definition
of investment capacities as maximum over time. Once all physical, economic and
emission-related constraints are assembled, the resulting MILP problem is solved
by minimizing the aggregate objective function. This model is implemented in
Python using the Pyomo algebraic modelling language [18], and it is solved with the
commercial MILP solver Gurobi [19], which ensures global optimality by reaching
the predefined optimal gap.
Specific solver settings are adopted to effectively balance solution accuracy with
computation effort. In particular, the optimality gap is tuned to ensure high-quality
results while maintaining manageable runtimes. A relative MIP optimality gap of 2%
and a maximum time of 1200 s per run are used. These stopping criteria ensure that
the search terminates once a feasible solution within 2% of the best known bound
is found or when the time limit is reached, whichever is reached first. In addition,
several parameters are tuned to accelerate the search for good incumbent solutions:

• MIPFocus = 1 directs the solver to prioritize finding feasible solutions;

• Heuristics = 0.15 allocates 15% of the time budget to primal heuristics;

• Cuts = 2 and Presolve = 2 enable aggressive cutting planes and presolve
reductions, respectively, reducing the effective problem size;

• T hreads = 4 to match the available hardware resources and ensure repro-
ducible computational performance.
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2.2.3 Model flowchart

Figure 2.3 provides the flowchart of the proposed optimization model, summarizing
the workflow from data collection to sizing optimization and results assessment.

Figure 2.3: Flowchart of the methodology

As shown in the figure, the input stage collects the techno-economic characteris-
tics of each component (including costs and existing capacity) together with annual
profiles of loads and resource availability. These data feed the sizing-and-operation
optimization, which determines an hourly operating strategy over one representative
year while enforcing power-balance constraints and evaluating costs and emissions
according to the selected objective functions. The model then delivers the optimal
system configuration and operation, and computes the main performance indicators,
including CO2 emissions, payback time and net present cost.

2.3 Case study and data

This chapter presents the case study application of the system described in the previ-
ous chapters, which is assumed to be located in Catalonia (Spain). The objective is
to assess the system performance under realistic territorial conditions, while keeping
the modelling framework unchanged. In particular, the geographical separation
between the two energy communities is set equal to the real-world distance between
two existing communities, located in Santa Maria de Palautordera (Barcelona) [20].
In particular, both the communities are part of La Lleva Comunitat Energètica [21].



22 Methods

The approximate distance between the two energy communities is about 800 m
(straight-line distance), estimated using the distance measurement tool in Google
Earth [22]. However, since detailed operational data for these communities are not
publicly available, the corresponding demand and usage profiles are reconstructed
through estimates based on the assumptions described in this sections. This choice
enables a spatially realistic setup while ensuring consistency with the available input
data and the adopted modelling approach.

Due to the complexity of the system, a number of assumptions are introduced to
simplify the problem formulation. First, the energy communities and their installed
photovoltaic capacity are assumed to be already in place; therefore, installation costs
are excluded, and only operation and maintenance costs, as well as replacement costs
are considered. Furthermore, converters and auxiliary systems are not included in
the simulation.

2.3.1 Electricity and heat demand profiles and scaling factors

Hourly electricity-demand data for Catalonia were downloaded from the Catalonia
transparency open-data portal [23]. The data refer to year 2024, which is the most
recent year available from the selected source at the time of access. For the energy
communities case study, the contracted electric power is set to 4.6 kW per residence,
since this is the most commonly contracted value in Spain [24]. The maximum power
in Catalunia is taken as Pmax,Catalunya = 7047.77 MW [23]. A simultaneity factor is
also considered; since each energy community is modeled as a single dwelling, Cs

results to 1 [25]. Using these values, it is possible to evaluate the scaling factor as

ks =
Cs ·Pcontr

Pmax,Catalonia
(2.67)

where ks is the scaling factor, Cs is the simultaneity factor, Pcontr is the contracted
power and Pmax,Catalonia is the maximum power in Catalonia expressed in kW. The
resulting value is ks = 6,52689E −07, and it is applied to both the energy communi-
ties cases.

Regarding thermal demand, data from 2022 Energy Balance of Catalonia pub-
lished by the Institut Català d’Energia (ICAEN) are used, as 2022 was the most
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recent year available from the selected source at the time of access [26]. The dataset
reports energy use by sector and by energy carrier. Focusing on the domestic sector
and summing the contribution of all relevant carriers, the total domestic thermal
demand for Catalonia is estimated. The carriers considered are “Petroleum and
petroleum products”, “Natural gas” and “Renewable energies”, the latter including
“Solar thermal energy”, “Agricultural, animal and forestry biomass”, “Biogas”, “Am-
bient heat (heat pumps)”. The resulting total domestic demand is 1251.364568 kTEP,
that is converted to 14553369927 kWh using the coversion factors in [27].

To derive an hourly heat-demand profile over the year, the Heating Degree Days
(HDD) approach is adopted as a temperature-based proxy for space-heating needs
[28]. The method requires outdoor air temperature data; however, the selected dataset
provides only monthly mean temperatures. Therefore, the monthly mean temperature
is assumed to be representative of all days within the same month [29]. Under this
assumption, the monthly HDD for each month m is computed as

HHDmonthly,m = nm ·max(Tbase −Tav,m,0) (2.68)

where nm is the number of days in the month m, Tbase = 15◦C is the reference
temperature [30], the Tav,m is the monthly mean outdoor temperature for the month m
from the Meteocat [29]. The max(Tbase −Tav,m,0) ensures that only positive values
can result. The corresponding daily HDD is then obtained as

HHDday,m =
HHDmonthly,m

nm
. (2.69)

Table 2.1 summarize the inputs (nm, Tav,m) and the computed indicators (HHDmonthly,m,
HHDday,m).
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Table 2.1: Monthly heating degree days (HDD)

Month nm [d] Tav,m [◦C] Tbase [◦C] HDDmonthly,m

[◦C·d]
HDDday,m

[◦C·d/d]

January 31 10.2 15 148.8 4.8
February 28 11.8 15 89.6 3.2
March 31 10.8 15 130.2 4.2
April 30 14.1 15 27.0 0.9
May 31 20.7 15 0.0 0.0
June 30 24.7 15 0.0 0.0
July 31 26.7 15 0.0 0.0
August 31 27.2 15 0.0 0.0
September 30 22.5 15 0.0 0.0
October 31 20.7 15 0.0 0.0
November 30 15.2 15 0.0 0.0
December 31 12.6 15 74.4 2.4

Total 470.0

For the purposes of estimating the daily thermal energy demand over a full
year, the annual demand profile is decomposed into a climate-dependent component,
indicated as Eclime, associated with the space-heating service, and a use-dependent
component, indicated as EDHW , associated with domestic hot water production. This
disaggregation is consistent with the Spanish regulatory framework set by the Código
Técnico de la Edificación (Real Decreto 314/2006) and its Documento Básico de
Ahorro de Energía [31], which requires that energy calculations allow the breakdown
of final energy use by building technical services, explicitly including heating and
DHW as separate items. For the EDHW,d component, in the absence of detailed
end-use data for building stock under analysis, an approximation based on national
statistics is adopted: an IDAE practical guide reports a typical household end-use split
in which DHW is on the order of 20-25% (indicative values reported: 21% for DHW
and 46% for space heating) [32]. Consistent with this order of magnitude, the present
model assumes EDHW,d = 0.25 ·Etot,d and therefore Eclime,d = Etot,d −EDHW,d . It is
important to underline that the 25% value is a modelling assumption derived from
statistical evidence (IDAE) rather than a parameter prescribed by DB-HE. DB-HE
regulates DHW demand through reference procedures/values while the percentage is
used here for an aggregate, top-down estimate.
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Table 2.2: Assumed split of total daily thermal energy demand into climate-dependent
(space heating) and use-dependent (DHW) components.

Component Symbol Share of Etot,d

Domestic hot water (use-dependent) EDHW,d 0.25
Space heating (climate-dependent) Eclime,d 0.75

Concerning the evaluation of the hourly thermal energy demand over an entire
year, the methodology follows the same logic adopted for the daily profile, starting
from the reconstruction of the hourly outdoor air temperature. To this end, the hourly
temperature is approximated through a harmonic (sinusoidal) model, in which the
temperature evolution is described by a mean value, an amplitude, and a phase shift
(i.e., the timing of the peak)

T (t)≈ Tavg +A · cos
(

2π

24
(t − tpeak)

)
(2.70)

where Tavg denotes the average air temperature and A is the diurnal amplitude,
computed as A = Tmax−Tmin

2 , with the Tmax and Tmin being the daily maximum and
minimum temperatures, respectively. Here, t represents the hour of the day (local
time), and tpeak is the time of the daily temperature maximum; in this work, tpeak is
assumed to occur at 14:00. This formulation is consistent with harmonic regression
approaches commonly used to represent periodic (seasonal) patterns through sine
and cosine terms [33]. The input data required to define the method-namely average,
maximum and minimum temperatures-are retrieved from the MeteoCat database
[34]:
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Table 2.3: Monthly outdoor air temperatures used as inputs for the harmonic (sinu-
soidal) hourly temperature model

Month Tavg,m [◦C] Tmin,m [◦C] Tmax,m [◦C] Am [◦C]

January 10.2 6.3 14.1 3.90

February 11.8 7.5 16.2 4.35

March 10.8 8.3 14.2 2.95

April 14.1 9.9 18.3 4.20

May 20.7 15.8 25.6 4.90

June 24.7 19.5 30.0 5.25

July 26.7 21.9 31.6 4.85

August 27.2 21.8 32.6 5.40

September 22.5 18.1 26.9 4.40

October 20.7 17.0 24.4 3.70

November 15.2 11.2 19.2 4.00

December 12.6 9.4 15.9 3.25

Since only monthly data are available, the corresponding value is assumed to
be constant throughout the month and is therefore applied to each day within that
month.

Building on the daily demand formulation, the same approach is extended to an
hourly resolution. Accordingly, the hourly thermal demand is expressed as the sum
of an hourly climate component and an hourly DHW-use component.

Etot,h = Eclime,h +EDHW,h (2.71)

To compute HHDh, a base temperature Tbase = 15◦C is adopted; the resulting ex-
pression is:

HHDh = max(Tbase −Th,0) (2.72)

The total hourly heating degree-hours over the year are then obtained by summing
HHDh across all hours: HHDtot,h = ∑

8760
1 (HHDh). Finally, hourly climate-related

energy Eclime,h is evaluated as follows:

Eclime,h = (
HHDh

HHDtot,h
) ·Eclime,year (2.73)
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where Eclime,year is the annual climate-driven component of the thermal demand,
which consistently with assumption adopted previously correspond to the 75% of
the total annual thermal energy demand. Concerning the evaluation of the DHW-use
component, it is considered a hourly distribution factor fDHW,h that correspond to
the hour of the day [31].

Table 2.4: Hourly distribution factor for domestic hot water (DHW) demand (dimen-
sionless), used to allocate the daily DHW energy demand over the 24 hours of the
day.

Hour h fDHW,h

0 0.01

1 0.00

2 0.00

3 0.00

4 0.00

5 0.01

6 0.03

7 0.10

8 0.07

9 0.07

10 0.06

11 0.06

12 0.05

13 0.05

14 0.04

15 0.03

16 0.04

17 0.04

18 0.05

19 0.07

20 0.06

21 0.06

22 0.05

23 0.05

Total 1.00
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So the EDHW,h is evaluated as EDHW,h = fDHW,h ·Etot,d

To evaluate the thermal demand of a single community, a scaling factor is
introduced. Since the dataset used refers to the domestic sector at regional level, the
demand is downscaled using the number of residential buildings in Catalonua as a
proxy. According to the Institut d’Estadística de Catalunya (Idescat), the number of
buildings intended for family housing in Catalonia is 1177321 [35]. Assuming one
building per community, the corresponding scaling factor is 8.49E-07.

Table 2.5 summarizes the peak and annual electricity demand and the annual
thermal demand, which remain constant across all analyzed scenarios.

Max electricity demand kW 9.2
Annual electricity demand kWh 54596.72

Total thermal demand kWh 43476.47

Table 2.5: Summary of electrical and thermal load profile

2.3.2 Hydrogen system dataset

This section presents all the components considered in the hydrogen system, namely
the reversible Solid Oxide Cell and the hydrogen tank.

RSOC system dataset

The rSOC system considered in this work is based on the Elcogen elcoStack, in
particular the model E3000, characterized by the following features [36] [2]:

Table 2.6: SOEC operating parameters (model E3000).

Parameter Value

Model E3000
Power required 3.2 kWh/Nm3

Hydrogen production rate 3 Nm3/h
Specific energy consumption 33 kWh/kg
Voltage 143 V to 214 V
Current 60.5 A
Operating temperature 650 ◦C to 700 ◦C
Size (W×L×H) 190 × 230 × 280
Weight 33 kg
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Table 2.7: SOFC operating parameters (model E3000).

Parameter Value

Model E3000 (fuel cell)
Power output 3000 W
Voltage 81 V to 143 V (DC)
Current 0 A to 30 A
Operating temperature 580 ◦C to 720 ◦C
Size (W×L×H) 190 × 230 × 280
Weight 33 kg

The SOFC operating points in Table 2.8 are extracted from the manufacturer’s
SOFC technical data (Table 2.7) [2]:

Table 2.8: SOFC operating points extracted from the SOFC technical data reported
in Table 2.7.

Current [A] Gross efficiency [%] Power [W] Voltage [V]

15.0 75.2 1500 100.00
17.5 75.3 1800 102.86
20.0 75.3 2100 105.00
22.5 74.9 2400 106.67
25.0 74.3 2550 102.00
27.5 73.8 2800 101.82
30.0 73.4 3000 100.00

Figure 2.4: Gross efficiency and power as a function of current (SOFC operating
points). Reproduced from [2]
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To simplify the optimization, the gross efficiency is assumed constant and equal
to the average value, set to 74.6%. The source does not specify whether auxiliary
consumption is included; therefore, auxiliaries are not modelled explicitly in this
work.

Calculation of energy released by the rSOC system

In this case study, the energy exchanged by the rSOC system is evaluated from the
reaction enthalpy of the reversible steam electrolysis / fuel-cell process, by deriving
the energy content from the stoichiometric hydrogen flow.
The reference reactions are the following [37]:

SOEC mode : H2O (g)−−→ H2 (g)+
1
2

O2 (g) (2.74)

SOFC mode : H2 (g)+
1
2

O2 (g)−−→ H2O (g) (2.75)

At standard conditions (25°C), the enthalpy change for water formation in the gas
phase is ∆H = −241.82 kJ/mol [38]; therefore, the electrolysis reaction has the
same magnitude with opposite sign, ∆H =+241.82 kJ/mol. Kirchhoff’s law is used
to correct the standard reaction enthalpy from the standard condition temperature
T1 = 25◦C to the operating temperature T2 [39]:

∆H(T2) = ∆H(T1)+
∫ T2

T1

∆CpdT (2.76)

where ∆Cp(T ) is the difference between the total molar heat capacities (at constant
pressure) of products and reactants, weighted by stoichiometric coefficients νi, ν j:

∆Cp(T ) = ∑
i

νiC
products
p,m,i (T )−∑

j
ν jCreactants

p,m, j (T ) . (2.77)

If ∆Cp is assumed constant over the considered temperature interval, like for this
case study, the integral reduces to:

∆H(T2) = ∆H(T1)+∆Cp · (T2 −T1) . (2.78)

The operating conditions are T = 650◦C for the SOEC mode [36], while T = 720◦C
for the SOFC mode [2]. For the SOEC case, 650◦C is selected as a representative
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setpoint at the lower end of the typical SOEC operating window, as shown in Table
2.6. This choice is consistent with operating the electrolyzer in a thermally controlled
regime, since SOECs may operate in endothermic, exothermic or thermoneutral
conditions depending on the operating voltage relative to the thermoneutral voltage;
when operating in endothermal conditions, heat must be supplied to maintain the
stack temperature [40]. For the SOFC case, 720◦C is chosen as a reference condition
near the upper end of the reported operating range, as shown in Table 2.7. In general,
increasing the operating temperature improves electrolyte ionic conductivity and
reduces electrochemical losses, which supports higher cell voltage and performance
at a given current density; therefore, a high-temperature reference point is commonly
adopted when using manufacturer technical data for performance-based modelling
[41]. Constant molar heat capacities are assumed constant as:

• for oxigen Cp,O2 = 29.427 j
mol·K [42]

• for hydrogen Cp,H2 = 28.85 j
mol·K [43]

• for water Cp,H2O = 33.58 j
mol·K [44]

The resulting enthalpy of reaction is: ∆HSOEC(650◦C) = +248.06 kJ
mol·K and

∆HSOFC(720◦C) = −248.76 kJ
mol·K

The hydrogen produced/consumed is expressed in moles using the molar mass of
molecular hydrogen, MH2 = 2.016 g

mol [43].
Accordingly, the thermal-equivalent energy associated with the SOEC step is com-
puted as:

ESOEC [kWh] = mH2,produced [kg] · 1000
MH2

[
mol
kg

]
·∆HSOEC

[
kJ

mol

]
· 1

3600

[
kWh
kJ

]
(2.79)

and, analogously, the energy released in SOFC operation is:

ESOFC [kWh] = mH2,consumed [kg] · 1000
MH2

[
mol
kg

]
·∆HSOFC

[
kJ

mol

]
· 1

3600

[
kWh
kJ

]
.

(2.80)
Because the rSOC periodically switches between electrolysis and fuel-cell operation,
a finite transition time is considered. Assuming a 30-minute switching interval
in which operation is not fully effective, only 50% of the theoretically produced
electrical energy and 50% of the theoretically produced hydrogen are counted as
valid contributions during the switch.
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Hydrogen tank dataset

The hydrogen tank capacity is an optimization variable; therefore, an upper bound
is imposed to reflect practical space limitations. Compressed gaseous hydrogen
storage at 350 bar is adopted, a pressure level commonly used in small-to-medium
applications [45]. At this pressure, the system volumetric capacity at ambient
temperature is taken as ρv = 17.8 kgH2/m3 [46]. In this work, the maximum available
internal storage volume is limited to Vmax = 10 m3, that is consistent with a small
system. This value leads to a maximum stored hydrogen mass of mH2,max = ρv ·
Vmax = 17.8×10 = 178 kg. Accordingly, the hydrogen tank capacity is constrained
as mH2 ≤ mH2,max.

2.3.3 Thermal Energy Storage (TES) dataset

For the determination of the thermal energy storage (TES) characteristics, the operat-
ing temperatures previously assumed for the SOEC and SOFC operation mode are
adopted: 650◦C for the endothermic SOEC process and 720◦C for SOFC mode.
A phase change material (PCM) is then selected by matching its phase-change tem-
perature to the target operating range of the application, which is a standard criterion
in PCM section [8]. In line with approaches commonly used in the literature, where
the PCM melting point is chosen close to a representative (often average) operating
temperature to maximize effectiveness, a melting temperature near the midpoint of
the two operating temperatures is adopted here [47].
The intermediate value between 650◦C and 720◦C is 685◦C; therefore, a PCM
with a melting point of approximately 685◦C is selected. This choice places the
phase-change temperature about 35◦C above the SOEC and 35◦C below the SOFC
temperature, providing a balanced margin with respect to both regimes. As a result,
the PCM can store and release heat at an almost constant temperature within a range
that remains compatible with both operating modes, reducing the risk of premature
solidification (if the melting point were too high) or excessive superheating/limited
useful latent operation (if it were too low).

The PCM selected to match the target melting temperature is the molten fluo-
ride salt FMgNaK, a eutectic mixture of (NaF)0.345(KF)0.59(MgF2)0.065. Its main
thermophysical properties are summarized in Table 2.9 [48, 49].



2.3 Case study and data 33

Table 2.9: Thermophysical properties of the selected PCM.

Property Numerical value Unit
Chemical composition (NaF)0.345(KF)0.59(MgF2)0.065 –
Melting temperature (Tm) 685 ◦C
Specific heat capacity 1.1 – 1.3 Jg−1 K−1

Density 2.5 – 2.7 gcm−3

Thermal expansion coefficient (1.5 – 2.0)×10−4 K−1

Viscosity 1.2 – 1.5 mPas
Thermal stability (max. stable temperature) > 1000 ◦C
Toxicity / safety Moderate –

In the present work, the TES capacity is constrained by imposing an upper bound
on the storage size, like for the hydrogen tank. This choice is motivated by the
limited availability of consistent latent-heat (fusion enthalpy) data for FMgNaK,
which prevents a fully reliable estimation of the total storage capacity of a latent-heat
TES. In general, the total thermal storage capacity of a PCM includes both sensible
and latent contribution,

ET ES = ρV (Cp∆T +L f ) (2.81)

where ρ is the PCM density, V the PCM volume, cp the specific heat capacity, ∆T
the operating temperature window and L f the latent heat of fusion.
Given the lack of validated L f value for FMgNaK within the considered operating
conditions, only the sensible term is used to obtain a conservative estimate of the
energy content associated with the selected temperature window,

Esens = ρVCp∆T . (2.82)

Using the thermophysical properties reported in Table 2.9 and ∆T = 70 K, this yields
approximately 60.7 kWh per 1 m3 of PCM (sensible contribution only). Therefore,
the TES volume is bounded by V ≤Vmax, where Vmax is considered to be equal to
2 m3, corresponding to an estimated sensible storage capacity of about 121 kWh.
The latent term is expected to be significant for high-temperature PCM; for instance,
a related fluoride/chloride reciprocal salt (NaF-KCl) has been reported with a latent
heat up to 454.8 J

g [50]. In order to conservatively account for the latent contribution
in the absence of a validated fusion-enthalpy value for FMgNaK, this work assumes
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L f = 500 kJ
kg as an engineering estimate. Therefore, the adopted TES capacity bound

should be interpreted as a practical sizing constraint, rather than an exact measure of
the true energy capacity of the latent-heat TES.

2.3.4 Electrical connection and cable sizing

In this work, the electrical connection is represented by a set of lines L and a
discrete catalogue of commercially available cable types C [51]:

Table 2.10: Discrete catalogue of commercially available cable types used in this
work.

S [mm2] Imax [A] R [Ω/km] Weight [kg/km]

0.75 12 24.000 7.2

1.50 18 12.000 14.4

2.50 25 7.200 24.0

4.00 34 4.500 38.4

6.00 43 3.000 58.0

10.00 59 1.800 96.0

16.00 79 1.125 154.0

25.00 106 0.720 240.0

35.00 129 0.514 336.0

50.00 157 0.360 480.0

For each line i ∈ L , the model selects exactly one cable type j ∈ C by means of
a binary decision variable xi, j, defined as

xi, j =

1, if cable type j is assigned to line i,

0, otherwise.
(2.83)

The corresponding "one-cable-per-line" constraint is

∑
j∈C

xi, j = 1 ∀i ∈ L . (2.84)
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Each line i is characterized by a required maximum current Ireq
i [A] and a length

li [km]. Each cable type j is described by its ampacity Imax
j [A], its linear weight

w j

[
kg
km

]
, and a unit purchase cost ckg

j

[
C
kg

]
. To avoid excessive oversizing, cable

selection is constrained so that the ampacity of the selected cables does not exceed a
fixed margin above the required current. While cable ampacity is commonly selected
with a 25% margin citazione, the present formulation adopts an oversizing capacity
of 50%. This higher threshold accounts for uncertainties and operating deviations
while still preventing unjustifiable oversizing:

∑
j∈C

xi, jImax
j ·1.5 ≤ Ireq

i ∀i ∈ L . (2.85)

2.3.5 Components cost data

This subsection summarizes the cost assumptions adopted in the analysis and intro-
duces the reference prices used for each component. The overall project lifetime is
set to 30 year and a real discount rate of 5% is assumed.

PV cost data

As stated in the previous subsection Optimization model in General formulation, the
PV system is treated as a pre-existing asset; therefore, its CAPEX cost is excluded.
However, to estimate PV fixed OPEX and replacement costs, a reference CAPEX of
800 C/kWinstalled is assumed, consistent with the specific investment costs reported
for Spain [52]. Fixed operating and maintenance costs (OPEX) is set to 1% of
this reference CAPEX per year , which lies within the 0.5-1.5% range commonly
reported for PV OPEX [53]. To account for PV component replacements over the
lifetime, an aggregate replacement cost equal to 30% of the reference CAPEX is
assumed [54]. PV lifetime is assumed equal to 25 years, consistent with commonly
adopted PV module useful-life assumptions in the literature [55].

Hydrogen system cost data

The rSOC specific investment cost is first taken from the literature as a baseline
value of 5000 C/kW [56]. In this work, however, the rSOC is assumed to rely on an
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advanced anode-supported-cell technology for which a substantial manufacturing-
driven cost reduction is reported; accordingly, the rSOC CAPEX is reduced by 60%
with respect to the baseline, resulting in an assumed CAPEX of 2000 C/kW [54].
A stack lifetime of 8 years is assumed, consistent with published durability ranges
for solid oxide technology of 5-10 years (i.e., 40,000-80,000 operating hours) [57].
A replacement cost equal to 45% of the adopted CAPEX is assumed to account for
stack replacement and major interventions on auxiliary components (assumption).
Fixed annual OPEX it is assumed equal to 12% of the reduced CAPEX. This
choice is intended to avoid unrealistically low operating costs obtained by scaling
OPEX proportionally with stack manufacturing cost reductions, since a substantial
share of operation and maintenance activities concerns balance-of-plant subsystems
and associated services rather than the stack alone [58]. For consistency, both
fixed annual OPEX and replacement expenditures are therefore parametrized as
fractions of the adopted rSOC CAPEX. Although CAPEX is reduced to reflect the
assumed technology learning, these fractions are kept deliberately conservative to
account for balance-of-plant maintenance and major interventions that may not scale
proportionally with stack cost reductions (assumption).
Cell degradation is not modeled as a separate monetary term; instead, it is implicitly
accounted for through the assumed component lifetime and through the fixed OPEX.

Concerning the hydrogen tank, its CAPEX is reported in the range 30-40 $/kWh
in the reversible SOFC system study [59]. In this work, a mid-range value of 35
$/kWh is adopted and converted in C per kgH2 using an exchange rate of 1 $= 0.85 C
(assumed average over 2025-2026) [60], the energy conversion 1 kWh = 3.6 MJ,
and the hydrogen lower heating value LHVH2 ≈ 120 MJ/kg.
Accordingly, the specific tank CAPEX becomes:

ccapex
tank = 35

$
kWh

·0.85
C
$
· 1

3.6
kWh
MJ

·120
MJ

kgH2

≈ 9.92×102 C
kgH2

. (2.86)

The lifetime of the hydrogen tank is assumed to be 20 years, and both the replacement
cost and fixed OPEX are modeled as a fractions of the CAPEX, 45% and 1%
respectively, consistently with the rSOC system.
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Thermal energy storage cost data

The cost of a high-temperature PCM thermal storage unit is reported to be 60 C/kWh
[8]. In this work, this value is adopted as a conservative estimate, intended to
represent not only the PCM material but also the overall storage system. The PCM
storage lifetime is assumed to be 20 years. Replacement cost and fixed annual OPEX
are modeled as fractions of the PCM storage CAPEX, equal to 30% and 1% per year,
respectively (assumption).

Cable cost data

Cable costs are estimated from the copper content, assuming a copper base price
of 150 C per 100 kg of Cu [61]. The cable lifetime is assumed to be 25 years .
Replacement costs and fixed annual OPEX are modeled as fractions of the cable
CAPEX, equal to 30% and 1% per year, respectively (assumption).

2.3.6 Price of energy

Daily energy price data are collected from official Iberian market transparency
platforms. Electricity prices (C/MWh) correspond to the Spanish day-ahed spot
market daily price series published on ESIOS (Red Eléctrica de España), indicator
"Precio mercado SPOT Diario España" [62]. Natural gas price (C/MWh) are taken
from MIBGAS "Price and volume index per gas day" (daily price index) [63]. The
electricity and gas series cover different time windows (electricity : 2024; gas : 2024-
2025), due to data availability. In Table 2.11 are shown the maximum, minimum and
average values of the hourly prices considered.

Table 2.11: Maximum, Minimum and Average values for Hourly Electricity and Gas
Prices

Electricity [C/MWh] Gas [C/MWh]

Maximum 193.00 57.05

Minimum −2.00 26.74

Average 63.03 36.75
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2.4 Scenarios

Since the actual installed PV capacity for the case study is not available, a scenario-
based approach was adopted to test the sensitivity of the results to different PV
sizes. As a baseline, we assumed 6 kWp installed per community, as this represents
a realistic small-to-medium rooftop system and is broadly consistent with typical
residential-scale power levels in Spain [64].
Three PV installation scenarios are therefore considered:

• Scenario 1: 6 kWp per community (12 kWp total),

• Scenario 2: an intermediate case with asymmetric capacities, assuming 6 kWp
in one community and 12 kWp in the other (18 kWp total),

• Scenario 3: 12 kWp per community (24 kWp total).

In addition to the PV-size sensitivity analysis, a sensitivity study on the optimiza-
tion weights is performed. As described in Section 2.2.2, the model includes two
main objective functions: one based on economic cost (electricity price) and one
based on environmental impact (carbon footprint).

The optimization is first run in single-objective mode, i.e., minimizing the cost
objective while excluding the carbon-footprint objective, and then minimizing the
carbon-footprint objective while excluding the cost objective. Finally, a weighted
formulation is adopted, starting from equal weights (0.5 for cost and 0.5 for carbon
footprint) and progressively increasing the weight assigned to the carbon-footprint
term up to 0.9, with the cost weight decreasing accordingly to 0.1.
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Results

This chapter presents the results obtained from the optimization simulations described
in Chapter 2. The aim is to report the model outputs in a clear and reproducible way.
The discussion and interpretation of the observed trends are intentionally deferred to
Chapter 4.

The results are organized according to the three PV installation scenarios con-
sidered in the study, in order to evaluate the sensitivity of the results to different
installed capacities. For each scenario, the outcomes obtained under cost-oriented,
carbon-oriented and weighted multi-objective formulations are reported.

Due to the large volume of data generated, this chapter summarizes the most sig-
nificant findings and performance indicators. The complete set of detailed numerical
results for all simulated cases is provided in Appendix B for further reference.

3.1 Scenario 1: 12 kWp total installed PV capacity

The first scenario analyzes the impact of a total PV installed capacity of 12 kWp.
This configuration represents the minimum capacity considered in this study. Table
B.1 summarizes the overall PV production characteristics.
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Table 3.1: Photovoltaic generation summary for the 12 kWp scenario

Parameter Unit Value

Max PV forecast kW 10.35
Total PV overproduction kWh 25516.97
Timestep with surplus PV production – 1276

The overall results of the analysis are presented here, highlighting the most
relevant values and performance indicators.
The plots are shown as a function of the weight assigned to cost minimization, wcost .

As illustrated in Figure 3.1, the Net Present Cost (NPC) and of the initial in-
vestment follow similar trend. When full priority is assigned to emission reduction,
both values rise dramatically, increasing by approximately 3 to 4 times compared to
the cases in which weight is also assigned to the system cost. The exact numerical
results are reported in Table 3.2.

Figure 3.1: Net Present Cost and Initial Investment for Different Weight Cost,
Scenario 12 kWp installed
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Table 3.2: Net Present Cost and Initial Investment for Different Cost Weights in the
12 kWp Scenario

Parameter [C] wcost

1 0.5 0.4 0.3 0.2 0.1 0

Net Present Cost 155781.30 157447.23 157763.57 158180.60 159317.96 161151.02 303786.38

Initial Investment 47018.37 48401.96 48803.09 49412.41 50459.19 52226.07 180080.12

The payback time is not defined because the additional investment is not re-
covered over the analysis period with respect to the reference case. The reference
case represents the baseline configuration without the planned system; therefore, the
electricity demand that is not covered by PV generation is purchased from the grid,
while the gas demand is entirely met through natural gas purchase.
Figures 3.2 and 3.3 report the values of the annual system cost and the corresponding
relative percentage loss. Tables 3.3 reports the exact numerical values.

Figure 3.2: Annual Cost of the System for Different Weight Cost, Scenario 12 kWp
installed
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Figure 3.3: Economic Annual Losses [%] with respect to the Reference Case for
Different Weight Cost, Scenario 12 kWp installed

Table 3.3: Annual Cost and Percentage Economic Annual Losses for Different Cost
Weights in the 12 kWp Scenario

Parameter wcost

1 0.5 0.4 0.3 0.2 0.1 0

Annual Cost [C] 6738.27 6755.76 6750.51 6738.60 6744.21 6748.31 7664.07

Economic Annual
Losses [%]

45.79 46.16 46.04 45.79 45.91 46.00 65.81

The maximum amount of H2 stocked corresponds to the hydrogen tank capacity.
Figure 3.4 illustrates the increase of the stored hydrogen as greater priority is assigned
to emission reduction, while figure 3.5 reports the corresponding values of the
percentage emission reduction. The exact values are shown in Table 3.4.
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Figure 3.4: Hydrogen Tank Capacity [kg] for Different Weight Cost, Scenario 12
kWp installed

Figure 3.5: CO2 Emission Reduction [%] with respect to the Reference Case for
Different Weight Cost, Scenario 12 kWp installed
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Table 3.4: Capacity of Hydrogen Tank [kg] and CO2 Emission Reduction [%] for
Different Cost Weights in the 12 kWp Scenario

Parameter wcost

1 0.5 0.4 0.3 0.2 0.1 0

Hydrogen Tank
Capacity [kg]

2.95 4.14 4.48 5.01 5.91 7.44 117.63

CO2 Emission
Reduction [%]

18.13 18.99 19.15 19.35 19.52 19.68 23.67

An important trend to highlight is the amount of electricity purchased, which
decreases as wcost decreases, as illustrated in Figure 3.6:

Figure 3.6: Total Amount of Electricity Purchased for Different Weight Cost, Sce-
nario 12 kWp installed

With regard to the thermal balance, all simulations resulted in a TES capacity
equal to 0 kWh, as the amount of recoverable heat is insufficient to make thermal
storage cost-effective. It is therefore important to analyze the heat exchanges taking
place within the rSOC system. In SOEC mode, the stack requires an initial thermal
input - supplied by purchased gas via district heating - to reach its operating tem-
perature. However, once the SOEC mode has drawn the initial thermal input, the
subsequent switch to SOFC operation generates enough heat to cover the thermal
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needs of the following cycles. As a result, gas is only required during initial heating
phase, after which the heat produced in SOFC mode is largely sufficient to be reused,
without the need for further gas purchases. Table 3.5 shows the values of the total
thermal energy exchanged between the two modes throughout the year.

Table 3.5: Thermal Energy Exchanged in the rSOC for Different Cost Weights in the
12 kWp Scenario

Parameter [kWh] wcost

1 0.5 0.4 0.3 0.2 0.1 0

Heat produced by
rSOC (SOFC)

17761.95 18610.95 18767.40 18959.19 19126.88 19289.17 23190.55

Heat absorbed by
rSOC (SOEC)

-17711.96 -18558.58 -18714.59 -18905.84 -19073.06 -19234.90 -23125.29

3.2 Scenario 2: 18 kWp total installed PV capacity

The second scenario examines the impact of a total PV installed capacity of 18 kWp;
the common PV production characteristics are illustrated in Table B.5.

Table 3.6: Photovoltaic generation summary for the 18 kWp scenario

Parameter Unit Value

Max PV forecast kW 15.53
Total PV overproduction kWh 30209.03
Timestep with surplus PV production – 2111

Figure 3.7 highlights a similar pattern for the Net Present Cost (NPC) and of
the initial investment. When emission reduction is full prioritized an increase of
approximately 3 to 4 times is seen, as it happened for the first scenario in Section
3.1. The exact numerical results are reported in Table 3.7.
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Figure 3.7: Net Present Cost and Initial Investment for Different Weight Cost,
Scenario 18 kWp installed

Table 3.7: Net Present Cost and Initial Investment for Different Cost Weights in the
18 kWp Scenario

Parameter [C] wcost

1 0.5 0.4 0.3 0.2 0.1 0

Net Present Cost 152342.77 153176.20 153959.12 154384.56 157088.70 162359.31 299243.74

Initial Investment 4729.76 49243.28 50151.79 50602.07 53392.22 58425.52 178921.14

The payback time cannot be determined because the additional investment is not
recovered within the analysis period relative to the reference case.
Figures 3.8 and 3.9 report the values of the annual system cost and the corresponding
relative percentage loss. Tables 3.8 reports the exact numerical values.
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Figure 3.8: Annual Cost of the System for Different Weight Cost, Scenario 18 kWp
installed

Figure 3.9: Economic Annual Losses [%] with respect to the Reference Case for
Different Weight Cost, Scenario 18 kWp installed
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Table 3.8: Annual Cost and Percentage Economic Annual Losses for Different Cost
Weights in the 18 kWp Scenario

Parameter wcost

1 0.5 0.4 0.3 0.2 0.1 0

Annual Cost [C] 6468.78 6439.03 6431.25 6429.71 6424.39 6439.09 7454.44

Economic Annual
Losses [%]

43.18 42.52 42.35 42.32 42.20 46.52 65.00

The maximum amount of H2 stocked corresponds to the hydrogen tank capacity,
it is shown in Figure 3.10. Figure 3.11 reports the corresponding values of the
percentage emission reduction. The exact values are shown in Table 3.9.

Figure 3.10: Hydrogen Tank Capacity [kg] for Different Weight Cost, Scenario 18
kWp installed
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Figure 3.11: CO2 Emission Reduction [%] with respect to the Reference Case for
Different Weight Cost, Scenario 18 kWp installed

Table 3.9: Capacity of Hydrogen Tank [kg] and CO2 Emission Reduction [%] for
Different Cost Weights in the 18 kWp Scenario

Parameter wcost

1 0.5 0.4 0.3 0.2 0.1 0

Hydrogen Tank
Capacity [kg]

3.36 4.5 5.28 5.67 8.07 12.41 116.29

CO2 Emission
Reduction [%]

22.76 24.50 24.90 25.03 25.51 26.12 27.36

The amount of electricity purchased decreases as wcost decreases. It is illustrated
in Figure 3.12:
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Figure 3.12: Total Amount of Electricity Purchased for Different Weight Cost,
Scenario 18 kWp installed

Regarding the thermal balance, all simulations resulted in a TES capacity equal
to 0 kWh, for the same reasons discussed in Scenario 1 in Section 3.1. The heat
exchanges occurring within the rSOC therefore follow an analogous behavior: gas
is purchased exclusively during the initial heating phase of SOEC operation, after
which the heat recovered from SOFC mode is sufficient to cover the thermal needs
of the subsequent cycles. Table 3.10 reports the total thermal energy exchanged
between the two operating modes.

Table 3.10: Thermal Energy Exchanged in the rSOC for Different Cost Weights in
the 18 kWp Scenario

Parameter [kWh] wcost

1 0.5 0.4 0.3 0.2 0.1 0

Heat produced by
rSOC (SOFC)

21459.02 23097.66 23474.61 23534.47 24048.40 24631.75 25799.87

Heat absorbed by
rSOC (SOEC)

-21398.64 -23032.66 -23408.56 -23534.47 -23980.73 -24562.43 -25727.27
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3.3 Scenario 3: 24 kWp total installed PV capacity

The last scenario investigates the impact of a total PV installed capacity of 24 kWp,
that is the higher installed capacity considered in this work. The common PV
production characteristics are illustrated in Table B.9.

Table 3.11: Photovoltaic generation summary for the 24 kWp scenario

Parameter Unit Value

Max PV forecast kW 20.7
Total PV overproduction kWh 49239.85
Timestep with surplus PV production – 2462

The Net Present Cost (NPC) and of the initial investment trends are illustrated in
Figure 3.13. When emission reduction is full prioritized an increase of approximately
3 to 4 times is seen. The exact numerical results are reported in Table 3.12.

Figure 3.13: Net Present Cost and Initial Investment for Different Weight Cost,
Scenario 24 kWp installed
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Table 3.12: Net Present Cost and Initial Investment for Different Cost Weights in the
24 kWp Scenario

Parameter [C] wcost

1 0.5 0.4 0.3 0.2 0.1 0

Net Present Cost 152233.82 153461.45 154177.22 156666.17 158103.54 163959.00 289450.45

Initial Investment 48377.40 50304.79 51112.57 53800.50 55296.86 60878.93 170805.81

Since the additional investment is not recovered, the payback time is not evalu-
ated.
Figures 3.14 and 3.15 report the values of the annual system cost and the correspond-
ing relative percentage loss. Tables 3.13 reports the exact numerical values.

Figure 3.14: Annual Cost of the System for Different Weight Cost, Scenario 24 kWp
installed
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Figure 3.15: Economic Annual Losses [%] with respect to the Reference Case for
Different Weight Cost, Scenario 24 kWp installed

Table 3.13: Annual Cost and Percentage Economic Annual Losses for Different Cost
Weights in the 24 kWp Scenario

Parameter wcost

1 0.5 0.4 0.3 0.2 0.1 0

Annual Cost [C] 6434.29 6390.94 6385.24 6372.91 6369.26 6386.20 7350.48

Economic Annual
Losses [%]

43.44 42.47 42.35 42.07 41.99 42.37 63.87

Figure 3.16 reports the hydrogen tank capacity, that corresponds to the maximum
amount if hydrogen stocked. The corresponding values of the percentage emission
reduction is in Figure 3.17. The exact values are shown in Table 3.14.
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Figure 3.16: Hydrogen Tank Capacity [kg] for Different Weight Cost, Scenario 24
kWp installed

Figure 3.17: CO2 Emission Reduction [%] with respect to the Reference Case for
Different Weight Cost, Scenario 24 kWp installed
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Table 3.14: Capacity of Hydrogen Tank [kg] and CO2 Emission Reduction [%] for
Different Cost Weights in the 24 kWp Scenario

Parameter wcost

1 0.5 0.4 0.3 0.2 0.1 0

Hydrogen Tank
Capacity [kg]

3.38 5.05 5.74 8.06 9.35 14.16 108.91

CO2 Emission
Reduction [%]

23.56 25.84 26.21 26.99 27.29 27.85 28.26

The amount of electricity purchased decreases as wcost decreases. It is illustrated
in Figure 3.18:

Figure 3.18: Total Amount of Electricity Purchased for Different Weight Cost,
Scenario 24 kWp installed

From the thermal balance perspective, all simulations resulted in a TES capacity
equal to 0 kWh. Consequently, the heat exchanges within the rSOC deserve particular
attention, since the thermal demand is supplied almost entirely by purchased gas.
Table 3.15 reports the total thermal energy exchanged between the two operating
modes.
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Table 3.15: Thermal Energy Exchanged in the rSOC for Different Cost Weights in
the 24 kWp Scenario

Parameter [kWh] wcost

1 0.5 0.4 0.3 0.2 0.1 0

Heat produced by
rSOC (SOFC)

21762.84 23870.38 24205.47 24932.08 25204.18 25724.76 26103.96

Heat absorbed by
rSOC (SOEC)

-21701.60 -23803.21 -24137.36 -24861.92 -25133.26 -25652.37 -26030.51



Chapter 4

Discussion

This chapter discusses the results presented in Chapter 3, interpreting them in relation
to the aim of the study.
The discussion is organized into six main sections. First, the economic implica-
tions of the findings are examined, followed by hydrogen-related considerations,
emission and environmental implications and thermal considerations. The chapter
then addresses the limitations of the analysis and concludes with possible future
developments.

4.1 Economic implications

All the simulated cases, considering both the different objective functions and the
different installed PV scenarios, result in an economic loss when compared with the
reference case in which electricity is purchased directly from the grid and natural
gas supplied by the gas network. This outcome is observed even though the analysis
assumes a lower CAPEX than current market values, as discussed in Subsection 2.3.5.
Within the price framework considered in this work, presented in Subsection 2.3.5,
the proposed system remains economically less favorable than directly purchasing
electricity and gas from external supply networks. The main reason is that, despite the
reduced CAPEX assumed in the model, the investment cost of the system is still too
high to make it competitive under current energy prices. In addition, the hydrogen
tank represents a significant share of the total CAPEX, since its cost increases
substantially when hydrogen production becomes larger. More generally, this capital
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cost should not be interpreted as limited to the core electrochemical unit alone, but
as including the full system configuration and installation requirements associated
with solid oxide technologies, such as equipment supply, installation, civil works,
electrical infrastructure and balance-of-plant components [65]. The OPEX associated
with the rSOC is also kept relatively high compared with the CAPEX assumptions,
as explained in Subsection 2.3.5. This is consistent with the current state of solid
oxide technologies, for which operating costs are influenced not only by maintenance
needs, but also by downtime, standby operation, and auxiliary system such as heating,
compression, purification and cooling [65]. In addition, replacement costs remain
relevant, in particular because stack degradation and component failure may require
the substitution or serving of stacks over the system lifetime [65]. Overall, economic
viability is still strongly affected by high investment and operating costs, as they
remain relatively immature and not yet widely deployed at commercial scale [66].
This is also consistent with the current development stage of solid oxide technologies.
As these systems move from early deployment to wider industrial adoption, their
costs are expected to decrease not only because of lower capital costs, but also due to
learning-by-doing, economies of scale, design standardization, and improvements in
component durability and system lifetime. In this sense, the reduction in operating
and replacement costs is not only a consequence of larger market diffusion itself,
but also of the technological improvements that diffusion enables, such as lower
degradation, higher reliability and lower maintenance needs [67, 68].

Figure 4.1: Annual Cost of the System for Different Installed Power Scenarios
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The annual costs are now analyzed as a function of the installed PV capacity,
in Figure 4.1. For clarity, the plot only reports the two extreme optimization cases,
since the intermediate cases exhibit the same overall trend. This choice improves
the readability of the figures while preserving the interpretation of the results. The
annual system cost decreases as the installed PV capacity increases. This reduction
is mainly driven by the lower amount of electricity that must be purchased from
the grid. As Figure 4.2 shows, as the PV capacity increases, electricity purchase
decreases and a larger share of the electrical demand is directly covered by on-site
generation, while the additional surplus electricity can be covered into hydrogen and
later reused within the system (see Section 4.2). Therefore, increasing the installed
PV capacity reduces both direct dependence on grid electricity and the need for
external energy supply, leading to lower annual operating costs.

Figure 4.2: Annual Amount of Electricity Purchased from the Grid for Different
Installed Power Scenarios

The trend of the percentage economic losses follows the same of logic of the
annual cost of the system, as expected. The values are illustrated in Table 4.1.
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Table 4.1: Economic Annual Losses [%] for Different Installed Power Scenarios

12 kW 18 kW 24 kW

Minimization of Total Cost 45.79 43.18 43.44

Maximization of Emission Reduction 65.81 65.00 63.87

A slight deviation from the overall trend can be observed for the 18 kW case.
This intermediate configuration represents a transition point in the system design,
where the balance between grid electricity purchases, PV surplus exploitation, hy-
drogen production, and component sizing differs from both the 12 kW and 24 kW
scenarios. As a result, the corresponding economic indicator does not follow a
perfectly monotonic trend, but rather reflects the local trade-off identified by the
optimization process.

Table 4.2: Total Investment Cost [C] for Different Installed Power Scenarios

12 kW 18 kW 24 kW

Minimization of Total Cost 47018.37 47929.76 48377.40

Maximization of Emission Reduction 180080.12 178921.14 170805.81

Table 4.2 shows the total investment cost as a function of the installed PV capacity
for the two extreme optimization objectives. Under the cost-minimization objective,
the investment cost exhibits a slight increase as the installed PV capacity rises. By
contrast, under the emission-minimization objective, the investment cost decreases
with increasing PV capacity.

In the cost-minimization case, this behavior can be explained by the structure of
the optimization objective itself. Since the model aims to minimize the total system
cost, it selects the lower-capex configuration compatible with system operation for
each PV size. However, when the installed PV capacity increases, the system can
produce more hydrogen from surplus electricity, which in turn requires a larger
hydrogen storage capacity. As a result, the capital cost of the tank increases, leading
to a moderate rise in the total investment cost.
The mechanism is therefore different from that governing the annual cost. While the
annual cost is mainly influenced by OPEX, especially the electricity purchased from
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the grid, the investment cost is driven by CAPEX and by the sizing of the main system
components. In particular, the increase in hydrogen production associated with larger
PV capacities leads to a larger storage requirement in the cost-minimization scenario,
and therefore to a higher investment cost.

4.2 Hydrogen-related considerations

The hydrogen-related results are discussed in terms of the storage capacity selected
by the optimization for the different installed PV capacities. Table 4.3 reports the
hydrogen tank capacity obtained in each scenario and allows a direct comparison of
the sizing choices made under the two extreme optimization objectives.

Table 4.3: Total Installed Capacity of the Hydrogen Tank [kg] for Different Installed
Power Scenarios

12 kW 18 kW 24 kW

Minimization of Total Cost 2.95 3.36 3.38

Maximization of Emission Reduction 117.63 116.29 108.91

Under the cost-minimization objective, the optimization tends to select the
smallest hydrogen storage capacity compatible with system operation. This result is
consistent with the economic structure of the problem, since the hydrogen tank has a
significant impact on the total capital cost, as discussed in the previous Section 4.1.
Therefore, when the objective is to minimize the total system cost, the model limits
the amount of hydrogen stored and avoids oversizing the tank. For this reason, the
hydrogen-storage results in the cost-minimization case can be interpreted mainly as
a consequence of CAPEX reduction. In other words, the optimization does not aim
to maximize hydrogen utilization, but rather to keep the storage system as small as
possible while still ensuring feasible operation.

A different behavior is observed under the emission-minimization objective. In
this case, the total hydrogen produced is not highest for the 12 kW scenario, but
increases for the larger PV capacities. More specifically, the 12 kW case is associated
with a lower total hydrogen production than the 18 kW and 24 kW cases, which
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is consistent with the lower amount of PV surplus available for electrolysis. This
results are shown in the Table 4.4

Table 4.4: Hydrogen-Related Results for Different Installed Power Scenarios

Total H2 produced [kg] Maximum H2 stocked
[kg]

Total overproduction
[kWh]

12 kW 676.59 117.63 24988

18 kW 752.71 116.29 42140

24 kW 761.59 108.91 49200

However, although the total hydrogen production is lower in the 12 kW case,
the maximum hydrogen stored is higher, and this leads to a larger tank size. This
apparent contradiction can be explained by the temporal distribution of the PV
surplus. With 12 kW of installed PV capacity , the surplus electricity available for
hydrogen production is lower overall, but it is concentrated in fewer time intervals,
so the hydrogen produced must be accumulated over shorter periods and stored more
intensively. As a result, the peak storage requirement is higher. By contrast, for 18
kW and especially 24 kW, the larger PV system generates more surplus electricity
over the year, which leads to a higher total hydrogen production. At the same time, so
the hydrogen does not accumulate in the tank with the same peak intensity observed
in the 12 kW case. Consequently, the required maximum storage capacity decreases
even though the total amount of hydrogen produced is higher.

These results show that hydrogen tank sizing is not determined only by the
total hydrogen produced, but also by the temporal profile of surplus electricity and
hydrogen generation. In the emission-minimization scenario, increasing the installed
PV capacity leads to greater hydrogen production, while simultaneously reducing
the maximum storage requirement due to a more distributed operating pattern.

4.3 Emission and environmental implications

The environmental performance of the system is evaluated in terms of CO2 emission
reduction for different installed PV capacities. As shown in Figure 4.3, the percentage
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of avoided emissions increases as the installed PV capacity rises for both optimization
objectives. This trend is expected, since a larger PV system allows a grater share of
the energy demand to be covered by on-site renewable generation, thereby reducing
the amount of electricity purchased from the grid.

Figure 4.3: CO2 Emission Reduction [%] for Different Installed Power Scenarios

In addition to this direct effect, a second mechanism contributes to the emission
reduction. As the installed PV capacity increases, the amount of surplus electricity
available for electrolysis also increases, enabling higher hydrogen production, as
seen in Section 4.2. The hydrogen can then be used within the system as an energy
carrier, contributing to a further reduction in the use of externally supplied energy
and, consequently, in the associated CO2 emissions. The increase in emission reduc-
tion is therefore the result of a combined effect. On the one hand, larger PV capacity
directly lowers grid dependence; on the other hand, it enhances hydrogen production
and use, which improves the overall capability of the system to exploit renewable
energy. This explains why the percentage of CO2 emission reduction grows with
installed PV power in both optimization cases.
A comparison between the two objectives also shows that the emission-minimization
strategy achieves higher environmental benefits for all PV capacities. This is con-
sistent with the nature of the optimization objective, which prioritizes the reduction
of environmental impact and therefore promotes solutions characterized by a more
intensive use of renewable generation and hydrogen-based energy shifting.
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4.4 Thermal considerations

The thermal results of the cogeneration system are analyzed by considering the heat
exchanged during SOFC and SOEC operation, as well as the thermal energy storage
capacity selected by the optimization. In all the simulated scenarios, the TES is
never selected by the model, resulting in an installed storage capacity equal to 0 kWh.
This outcome indicates that thermal storage does not provide an additional benefit
under the investigated operating conditions. A possible explanation is that the heat
produced during SOFC operation is approximately balanced by the heat absorbed
during SOEC operation, so that the overall thermal exchanges within the system are
nearly compensated. As a consequence, the optimization does not identify a need
for dedicated thermal storage, since the thermal balance can already be managed
through the intrinsic interaction between the two operating modes.
From this perspective, the system does not exhibit a significant cogenerative contri-
bution in terms of recoverable surplus heat. In other words, the heat generated in
fuel cell mode is largely neutralized by the thermal demand of the electrolysis mode,
and therefore no additional TES capacity is required.
For this reason, Tables 3.5, 3.10 and 3.15 report the heat exchanged in SOFC and
SOEC modes only for all the simulations. The reported values show that the thermal
contributions of the two modes are of the same order of magnitude, which explains
why TES is systematically excluded from the optimal configuration.

4.5 Limitations of the analysis

Despite the relevance of the obtained results, the present analysis is affected by some
limitations that should be considered when interpreting the outcomes.
First, the optimization relies on a simplified representation of the system, in which
component performance, investment costs and emission factor as treated according
to fixed model assumptions, as described in Chapter 2. As a consequence, the results
depend on the selected parameters and may vary if different techno-economic inputs
are adopted.
Second, the analysis is based on a limited set of installed PV capacities and on
a restricted number of optimization objectives. Although this choice was useful
to highlight the main trends of the system, it does not allow a fully continuous
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exploration of the design space. Therefore, some local irregularities observed in the
results may be associated with the discrete nature of the investigated scenarios.
Another relevant limitation concerns the simplified treatment of system operation.
Dynamic effects such as component degradation, start-up and shut-down constraints,
part-load thermal behavior and control-related limitations were not explicitly investi-
gated. In real applications, these aspects may influence both the operation strategy
and the resulting component sizing.
Moreover, the environmental assessment was limited to the operational CO2 emis-
sions associated with energy use. A more comprehensive evaluation could include
life-cycle aspects, such as embodied emissions related to PV panels, hydrogen
storage and auxiliary components.

For these reasons, the results presented in this work should be interpreted as a
comparative assessment within the selected modelling assumptions.

4.6 Future developments

Several future developments may improve the robustness and applicability of the
present analysis. First, the modelling framework could be refined by adopting
more realistic assumptions for the main components, including part-load behavior,
degradation effects and start-up/shut-down constraints. These aspects may influence
both the optimal sizing and the operational strategy of the system.
A further improvement would be the extension of the analysis to a wider set of design
scenarios. In particular, additional PV capacities, alternative storage configurations
and full sensitivity analyses on techno-economic parameters could provide a more
complete exploration of the solution space. This would also help clarify whether
some of the local deviations observed in the results are due to the discrete nature of
the investigated cases.
The current formulation enforces a fixed dispatch hierarchy in which grid electricity
purchased is treated as a last resort, regardless of electricity price conditions. A
promising extension would be to relax this constraint and allow the optimizer to
choose between grid purchase and hydrogen discharge based on real-time price
signals. This would enable price-based arbitrage strategies - for instance, preserving
stored hydrogen for high-price hours while purchasing cheap grid electricity during
low-price periods - potentially improving the economic performance of the system.
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Future work could also include a more detailed environmental assessment. In the
present study, the analysis mainly focused on operational emissions, whereas a more
comprehensive evaluation could account for life-cycle impacts associated with PV
modules, hydrogen storage and auxiliary system components.

Finally, the model could be tested under more realistic operating conditions by
applying the methodology to a real case study. This would make it possible to assess
the practical reliability of the proposed approach and to verify whether the same
trends remain valid under real operating conditions.
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Conclusions

This thesis investigates the optimal operation of a reversible Solid Oxide Cell (rSOC)
integrated into two photovoltaic energy communities interconnected by a shared
hydrogen storage system. The study was motivated by the structural mismatch
between variable PV generation and local energy demand, which leads to recurring
surplus electricity that, without adequate storage, would otherwise be injected back
into the distribution grid. The proposed system addresses this challenge by coupling
hydrogen production via Solid Oxide Electrolyzer Cell (SOEC) mode with electricity
recovery via Solid Oxide Fuel Cell (SOFC) mode, along with a Thermal Energy
Storage (TES) for potential cogeneration support.

A Mixed-Integer Linear Programming (MILP) optimization model was devel-
oped in Python using Pyomo and solved with Gurobi, enabling the simultaneous
optimization of electricity, hydrogen and thermal energy flows over an hourly time
horizon. The model was applied to a case study inspired by the real energy commu-
nity "La Lleva Cominutat Energètica" in Santa Maria de Palautordera (Barcelona,
Spain), considering three PV installation scenarios (12, 18 and 24 kWp total) and
a bi-objective formulation that trades off total system cost against CO2 emission
reduction through a weighted-sum approach.

The results consistently show that the integration of an rSOC-based hydrogen
storage system enables a meaningful reduction of grid electricity purchases and
associated CO2 emissions across all scenarios. Emission reductions range from
approximately 18% under pure cost minimization with 12 kWp, to nearly 28% under
emission maximization with 24 kWp installed capacity. As the installed PV capacity
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increases, both the CO2 reduction and the annual cost savings improve, thanks to the
combined effect of greater on-site generation and more surplus electricity available
for hydrogen production.

However, the economic assessment reveals that the system is not yet economically
competitive with the reference configuration, direct grid electricity and natural gas
supply, under the investigated techno-economic assumptions. Economic annual
losses with respect to the reference case range between approximately 43% and 66%
depending on the objective weights and installed capacity. This outcome hold even
when a substantially reduced rSOC CAPEX (-60% relative to the current market
baseline) is assumed, reflecting an optimistic technology learning trajectory. The
primary driver of this unfavorable economics is the high capital cost of the hydrogen
storage tank, which scales directly with the amount of hydrogen produced and scales
significantly when emission reduction is prioritized.

Regarding the thermal pathway, the TES was never selected by the optimizer in
any of the simulated cases, resulting in an installed thermal storage capacity of 0
kWh across all scenarios and all objective configurations. This result is explained
by the near-balance between the heat generated during SOFC operation and the
heat absorbed during SOEC operation: since the two thermal contributions are of
comparable magnitude and opposite sign, the net recoverable heat available for
cogeneration is negligible and no dedicated thermal storage capacity is justified by
the optimization. Consequently, the thermal demand of the energy communities is
almost entirely covered by natural gas through conventional boilers.

These findings collectively indicate that, under present-day cost structures, the
rSOC system functions primarily as a tool for emission reduction rather than for
economic optimization. The trade-off between cost and environmental performance
is clearly captured by the bi-objective formulation:increasing the weight assigned
to emission minimization leads to substantially larger hydrogen tank sizes and
higher net present costs, but yields progressively higher CO2 reductions. Since no
single solution simultaneously minimizes cost and maximizes emission reduction,
this result underlines the importance of providing policymakers and community
managers with multi-objective decision support tools rather than single-objective
assessments.

Future developments should address these limitations by incorporating more
physically detailed component models, extending the scenario space to a wider range
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of PV capacities and storage configurations and applying the methodology to a real
case study with measured demand data. The current formulation also enforces a
fixed dispatch hierarchy in which grid purchase is always treated as a last resort;
relaxing this constraint to allow price-based arbitrage - preserving stored hydrogen
for high-price hours while purchasing cheap grid electricity when prices are low -
could improve the economic performance of the system. A more comprehensive life-
cycle environmental assessment would also strengthen the sustainability conclusions.
Additionally, as solid oxide technologies continue to mature and their costs decrease
through learning-by-doing and economies of scale, repeating the analysis with
updated techno-economic parameters could significantly alter the economic outlook
and potentially demonstrate the viability of rSOC-based systems for residential
energy communities.

In summary, this thesis demonstrates that MILP-based optimization is an effective
tool for assessing multi-vector energy communities incorporating reversible solid
oxide cells. The rSOC enables technically valid hydrogen-mediated energy shifting
and measurable emission reductions, but its economic deployment in residential-scale
communities currently requires either a substantial further reduction in component
costs or a supportive policy framework - such as carbon pricing or investment
incentives - to become competitive with conventional energy supply alternatives.
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Appendix A

H2.py

Here, the script that describes the most significant part of the optimization is attached.
First, the time steps in which a surplus or deficit occurs are identified. For surplus,
this means the amount of electricity produced by the PV that exceeds the electric
demand, while for deficit, it means the amount of electricity demand that is not
satisfied by the PV. These time steps are coupled with the operation of the reversible
Solid Oxide Cell (rSOC) in SOEC or SOFC mode: in surplus conditions the rSOC
operates in SOEC mode, while in deficit conditions it operates in SOFC mode.
Moreover, the time steps in which a switch occurs are detected. Then, the amount of
hydrogen produced is evaluated based on the specific energy consumption. Also, the
electricity produced per kilogram of hydrogen is evaluated, together with the amount
of hydrogen consumed and stored. In this script, the thermal part of the system is
also evaluated: the thermal energy released and required by the rSOC system, the
thermal balance between the thermal demand and the thermal energy bought from
the gas distributor, and the balances of the Thermal Energy Storage system.

Listing A.1: H2.py

1

2 import pyomo.environ as pyo
3 import pre_processing
4

5 def H2_block(model , l_t , AllInputs):
6 #model.t = pyo.Set(initialize=l_t) (defined before , it is

the time of one year , in hours)
7 model.i_bus = pyo.Set(initialize=AllInputs.Buses.id_list)
8
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9 model.PV_fore = pyo.Reference(model.PV_prod)
10

11 model.demand = pyo.Param(model.t, initialize=pre_processing
.demand_tot.iloc[:, 0]. to_dict (), within=pyo.
NonNegativeReals) #kW

12 model.spec_en_consump = pyo.Param(initialize=AllInputs.SOEC
.sp_energycons , within=pyo.NonNegativeReals) #kWh/kg

13 model.LHV_H2 = pyo.Param(initialize=AllInputs.SOFC.LHV_H2 ,
within=pyo.NonNegativeReals) #MJ/kg

14 model.SOFC_eff = pyo.Param(initialize=AllInputs.SOFC.
gross_eff , within=pyo.NonNegativeReals) #%

15

16 model.SOEC_enthalpy = pyo.Param(initialize=AllInputs.SOEC.
enthalpy , within=pyo.Reals) #kJ/mol deltah <0

17 model.SOFC_enthalpy = pyo.Param(initialize=AllInputs.SOFC.
enthalpy , within=pyo.Reals) #kJ/mol deltah >0

18 model.MW_H2 = pyo.Param(initialize=AllInputs.SOFC.MW_H2 ,
within=pyo.NonNegativeReals) #g/mol

19 model.MW_O2 = pyo.Param(initialize=AllInputs.SOFC.MW_O2 ,
within=pyo.NonNegativeReals) #g/mol

20 model.MW_H2O = pyo.Param(initialize=AllInputs.SOFC.MW_H2O ,
within=pyo.NonNegativeReals) #g/mol

21 model.max_cap_H2 = pyo.Param(initialize=AllInputs.Tank.
maxcapacity , within=pyo.NonNegativeReals) #kg

22

23 model.RTE_TES = pyo.Param(initialize=AllInputs.TES.RTE_TES ,
within=pyo.NonNegativeReals) #pu

24 model.th_demand = pyo.Param(model.t, initialize=AllInputs.
Thermal.Pt, within=pyo.Reals) #kWh

25 model.max_cap_TES = pyo.Param(initialize=AllInputs.TES.
max_cap , within=pyo.NonNegativeReals)

26 model.initial_TES = pyo.Param(initialize=AllInputs.TES.
init_charge , within=pyo.Reals)

27

28 model.SOEC_on = pyo.Var(model.t, within=pyo.
NonNegativeReals , bounds =(0, 1)) # to define the mode
operation

29 model.SOFC_on = pyo.Var(model.t, within=pyo.
NonNegativeReals , bounds =(0, 1))

30 model.is_surplus = pyo.Var(model.t, within=pyo.
NonNegativeReals , bounds =(0, 1)) # 1 if PV > demand

31 model.is_switching = pyo.Var(model.t, within=pyo.
NonNegativeReals , bounds =(0, 1)) # 1 if it is switching
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32

33 model.overproduction = pyo.Var(model.t, within=pyo.
NonNegativeReals)

34 model.H2_produced = pyo.Var(model.t, within=pyo.
NonNegativeReals) #kg

35 elec_per_kg = (AllInputs.SOFC.gross_eff / 100) * (AllInputs
.SOFC.LHV_H2 / 3.6) #I evaluate the electricity produced
[kWh] with a kg of H2. It is done multiplying the SOFC

efficiency with the lower heating value of H2
36 model.electricity_for_1kg = pyo.Param(initialize=

elec_per_kg , within=pyo.NonNegativeReals) #kWh per 1 kg
of H2 (kWh/kg)

37

38 model.electricity_deficit = pyo.Var(model.t, within=pyo.
NonNegativeReals) #kWh , amount that the PV can’t
satisfy

39 model.H2_consumed = pyo.Var(model.t, within=pyo.
NonNegativeReals)

40 model.electricity_produced = pyo.Var(model.t,within=pyo.
NonNegativeReals) #kWh

41 model.H2_stocked = pyo.Var(model.t, within=pyo.
NonNegativeReals)

42 model.H2_to_tank = pyo.Var(model.t, within=pyo.
NonNegativeReals)

43 model.H2_from_tank = pyo.Var(model.t, within=pyo.
NonNegativeReals)

44

45 model.el_to_buy = pyo.Var(model.t, within=pyo.
NonNegativeReals) # kWh electricity purchased from the
grid

46

47 model.overprod_times_not_switching = pyo.Var(model.t,
within=pyo.NonNegativeReals) # overproduction (1 -
0.5* is_switching)

48

49 model.th_energy_realised = pyo.Var(model.t, within=pyo.
NegativeReals) #kWh; energy realised from SOFC mode

50 model.th_energy_requested = pyo.Var(model.t, within=pyo.
NonNegativeReals) #kWh; energy assorbed by SOEC mode

51 model.P_th_rSOC = pyo.Var(model.t, within=pyo.Reals) #kW;
thermal power of rSOC
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52 model.P_boilers = pyo.Var(model.t, within=pyo.
NonNegativeReals) # kW - thermal power from the gas
distributor

53 model.P_th_TES = pyo.Var(model.t, within=pyo.Reals) # kW -
pthermal power entering (>0) or exiting (<0) from the

TES
54 model.Q_in = pyo.Var(model.t, within=pyo.NonNegativeReals)

# kWh - energy entering in the TES
55 model.Q_out = pyo.Var(model.t, within=pyo.NonNegativeReals)

# kWh - energy exiting from the TES
56 model.TES_stored = pyo.Var(model.t, within=pyo.

NonNegativeReals) # kWh - energia accumulata nel TES
57 model.is_TES_charging = pyo.Var(model.t, within=pyo.

NonNegativeReals , bounds =(0, 1)) # 1 if TES is charging
, 0 if is discharging

58

59 max_PV = pre_processing.PV_tot.iloc[:, 0]. max() # kW
60 max_demand = pre_processing.demand_tot.iloc[:, 0]. max() #

kW
61

62 def Detect_surplus(m, t):
63 M = max_PV + max_demand
64 return m.PV_fore[t] - m.demand[t] <= M * m.is_surplus[t

]
65 model.Detect_surplus = pyo.Constraint(model.t, rule=

Detect_surplus)
66

67 def Detect_deficit(m, t):
68 M = max_PV + max_demand
69 return m.demand[t] - m.PV_fore[t] <= M * (1 - m.

is_surplus[t])
70 model.Detect_deficit = pyo.Constraint(model.t, rule=

Detect_deficit)
71

72 def Mode_SOEC(m, t):
73 return m.SOEC_on[t] == m.is_surplus[t]
74 model.Mode_SOEC = pyo.Constraint(model.t, rule=Mode_SOEC)
75

76 def Mode_SOFC(m, t):
77 return m.SOFC_on[t] == 1 - m.is_surplus[t]
78 model.Mode_SOFC = pyo.Constraint(model.t, rule=Mode_SOFC)
79

80 def Detect_switch_1(m, t):
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81 if t == m.t.first ():
82 return pyo.Constraint.Skip
83 return m.is_switching[t] >= m.SOEC_on[t] - m.SOEC_on[t

- 1]
84 model.Detect_switch_1 = pyo.Constraint(model.t, rule=

Detect_switch_1)
85

86 def Detect_switch_2(m, t):
87 if t == m.t.first ():
88 return pyo.Constraint.Skip
89 return m.is_switching[t] >= m.SOEC_on[t - 1] - m.

SOEC_on[t]
90 model.Detect_switch_2 = pyo.Constraint(model.t, rule=

Detect_switch_2)
91

92 def Calculate_overproduction(m,t):
93 return m.overproduction[t] >= m.PV_fore[t] - m.demand[t

]
94 model.Calculate_overproduction = pyo.Constraint(model.t,

rule=Calculate_overproduction)
95

96 def Force_overproduction_zero_when_deficit(m, t):
97 M = 20
98 return m.overproduction[t] <= M * m.is_surplus[t]
99 model.Force_overprod_zero_deficit = pyo.Constraint(model.t,

rule=Force_overproduction_zero_when_deficit)
100

101 def Lin_overprod_upper(m, t):
102 return m.overprod_times_not_switching[t] <= m.

overproduction[t]
103 model.Lin_overprod_upper = pyo.Constraint(model.t, rule=

Lin_overprod_upper)
104

105 def Lin_overprod_with_switch(m, t):
106 M = max_PV
107 return m.overprod_times_not_switching[t] >= m.

overproduction[t] - 0.5 * M * m.is_switching[t]
108 model.Lin_overprod_switch = pyo.Constraint(model.t, rule=

Lin_overprod_with_switch)
109

110 def Calculate_H2_produced_linear(m, t):
111 return m.H2_produced[t] <= m.

overprod_times_not_switching[t] / m.spec_en_consump



81

112 model.Calculate_H2_produced_linear = pyo.Constraint(model.t
, rule=Calculate_H2_produced_linear)

113

114 def H2_produced_zero_when_SOEC_off(m, t):
115 max_H2_from_overproduction = m.overproduction[t] / m.

spec_en_consump
116 return m.H2_produced[t] <= max_H2_from_overproduction *

m.SOEC_on[t]
117 model.H2_produced_zero_when_SOEC_off = pyo.Constraint(model

.t, rule=H2_produced_zero_when_SOEC_off)
118

119 def Def_deficit_upper(m, t):
120 M = max_PV + max_demand
121 return m.electricity_deficit[t] <= (m.demand[t] - m.

PV_fore[t]) + M * m.is_surplus[t]
122 model.Def_deficit_upper = pyo.Constraint(model.t, rule=

Def_deficit_upper)
123

124 def Def_deficit_lower(m, t):
125 M = max_PV + max_demand
126 return m.electricity_deficit[t] >= (m.demand[t] - m.

PV_fore[t]) - M * m.is_surplus[t]
127 model.Def_deficit_lower = pyo.Constraint(model.t, rule=

Def_deficit_lower)
128

129 def Def_deficit_zero_when_surplus(m, t):
130 M = max_PV + max_demand
131 return m.electricity_deficit[t] <= M * (1 - m.

is_surplus[t])
132 model.Def_deficit_zero_when_surplus = pyo.Constraint(model.

t, rule=Def_deficit_zero_when_surplus)
133

134 def Limit_H2_consumed_by_needed(m, t):
135 return m.H2_consumed[t] <= m.electricity_deficit[t] / m

.electricity_for_1kg
136 model.Limit_H2_consumed_by_needed = pyo.Constraint(model.t,

rule=Limit_H2_consumed_by_needed)
137

138 def Limit_H2_consumed_by_available(m, t):
139 if t == m.t.first ():
140 return m.H2_consumed[t] <= m.H2_produced[t]
141 else:
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142 return m.H2_consumed[t] <= m.H2_stocked[t - 1] + m.
H2_produced[t]

143 model.Limit_H2_consumed_by_available = pyo.Constraint(model
.t, rule=Limit_H2_consumed_by_available)

144

145 def Force_H2_consumed_SOFC_binary(m, t):
146 M_H2 = max_PV / pyo.value(m.spec_en_consump) * 1.5
147 return m.H2_consumed[t] <= M_H2 * m.SOFC_on[t]
148 model.Force_H2_consumed_SOFC = pyo.Constraint(model.t, rule

=Force_H2_consumed_SOFC_binary)
149

150 def Penalize_H2_consumed_during_switch(m, t):
151 M_H2 = max_PV / pyo.value(m.spec_en_consump) * 1.5
152 return m.H2_consumed[t] <= M_H2 * (1 - 0.5 * m.

is_switching[t])
153 model.Penalize_H2_switch = pyo.Constraint(model.t, rule=

Penalize_H2_consumed_during_switch)
154

155 def NonNegative_stock(m, t):
156 return m.H2_stocked[t] >= 0
157 model.NonNegative_stock = pyo.Constraint(model.t, rule=

NonNegative_stock)
158

159 def Limit_H2_stock_capacity(m, t):
160 return m.H2_stocked[t] <= m.max_cap_H2
161 model.Limit_H2_stock_cap = pyo.Constraint(model.t, rule=

Limit_H2_stock_capacity)
162

163 def Calculate_electricity_produced(m,t):
164 return m.electricity_produced[t] == m.H2_consumed[t] *

m.electricity_for_1kg
165 model.Calculate_electricity_produced = pyo.Constraint(model

.t, rule=Calculate_electricity_produced)
166

167 def Satisfy_deficit(m, t):
168 return m.electricity_deficit[t] == m.

electricity_produced[t] + m.el_to_buy[t]
169 model.Satisfy_deficit = pyo.Constraint(model.t, rule=

Satisfy_deficit)
170

171 def Calculate_th_en_requested_simple(m, t):
172 base_energy_per_kg = (1000 / m.MW_H2) * abs(m.

SOEC_enthalpy) / 3600
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173 return m.th_energy_requested[t] == m.H2_produced[t] *
base_energy_per_kg

174 model.Calculate_th_en_requested = pyo.Constraint(model.t,
rule=Calculate_th_en_requested_simple)

175

176 def Calculate_th_en_realised_simple(m, t):
177 base_energy_per_kg = (1000 / m.MW_H2) * m.SOFC_enthalpy

/ 3600
178 return m.th_energy_realised[t] == m.H2_consumed[t] *

base_energy_per_kg
179 model.Calculate_th_en_realised = pyo.Constraint(model.t,

rule=Calculate_th_en_realised_simple)
180

181 def Link_thermal_to_H2_consumption(m, t):
182 M = pyo.value(model.max_cap_TES) * 1.2
183 return m.P_th_rSOC[t] <= M * m.SOFC_on[t]
184 model.Link_thermal_to_H2_consumption = pyo.Constraint(model

.t, rule=Link_thermal_to_H2_consumption)
185

186 def Force_th_realised_zero_when_no_H2(m, t):
187 M = pyo.value(model.max_cap_TES) * 1.2
188 return m.th_energy_realised[t] >= -M * m.SOFC_on[t]
189 model.Force_th_realised_zero = pyo.Constraint(model.t, rule

=Force_th_realised_zero_when_no_H2)
190

191 def H2_tank_balance(m, t):
192 if t == m.t.first ():
193 return m.H2_stocked[t] == m.H2_to_tank[t]
194 else:
195 return m.H2_stocked[t] == m.H2_stocked[t - 1] + m.

H2_to_tank[t] - m.H2_from_tank[t]
196 model.H2_tank_balance = pyo.Constraint(model.t, rule=

H2_tank_balance)
197

198 def Link_production_to_tank(m, t):
199 return m.H2_produced[t] == m.H2_to_tank[t]
200 model.Link_production_to_tank = pyo.Constraint(model.t,

rule=Link_production_to_tank)
201

202 def Link_consumption_from_tank(m, t):
203 return m.H2_consumed[t] == m.H2_from_tank[t]
204 model.Link_consumption_from_tank = pyo.Constraint(model.t,

rule=Link_consumption_from_tank)
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205

206 def Define_P_th_rSOC(m, t):
207 return m.P_th_rSOC[t] == -m.th_energy_realised[t] - m.

th_energy_requested[t]
208 model.Define_P_th_rSOC = pyo.Constraint(model.t, rule=

Define_P_th_rSOC)
209

210 def Thermal_demand_coverage(m, t):
211 sqrt_RTE = pyo.value(pyo.sqrt(m.RTE_TES))
212 return (m.P_boilers[t] + m.P_th_rSOC[t] + m.Q_out[t] *

sqrt_RTE - m.Q_in[t] * sqrt_RTE == m.th_demand[t])
213 model.Thermal_demand_coverage = pyo.Constraint(model.t,

rule=Thermal_demand_coverage)
214

215 def Detect_TES_charging(m, t):
216 M = pyo.value(m.max_cap_TES) * 1.2
217 return m.P_th_TES[t] <= M * m.is_TES_charging[t]
218 model.Detect_TES_charging = pyo.Constraint(model.t, rule=

Detect_TES_charging)
219

220 def Detect_TES_discharging(m, t):
221 M = pyo.value(m.max_cap_TES) * 1.2
222 epsilon = 0.001
223 return -m.P_th_TES[t] <= M * (1 - m.is_TES_charging[t])

+ epsilon
224 model.Detect_TES_discharging = pyo.Constraint(model.t, rule

=Detect_TES_discharging)
225

226 def Force_initial_TES_consistency(m, t):
227 if t == m.t.first ():
228 if pyo.value(m.initial_TES) < 0.01:
229 M_small = pyo.value(m.max_cap_TES)
230 return m.Q_in[t] <= M_small * m.is_TES_charging

[t]
231 else:
232 return pyo.Constraint.Skip
233 else:
234 return pyo.Constraint.Skip
235 model.Force_initial_TES_consistency = pyo.Constraint(model.

t, rule=Force_initial_TES_consistency)
236

237 def Define_Q_in_charging_upper(m, t):
238 sqrt_RTE = pyo.value(pyo.sqrt(m.RTE_TES))
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239 return m.Q_in[t] <= m.P_th_TES[t] * sqrt_RTE
240 model.Q_in_upper = pyo.Constraint(model.t, rule=

Define_Q_in_charging_upper)
241

242 def Define_Q_in_charging_lower(m, t):
243 sqrt_RTE = pyo.value(pyo.sqrt(m.RTE_TES))
244 M = pyo.value(m.max_cap_TES) * 2
245 return m.Q_in[t] >= m.P_th_TES[t] * sqrt_RTE - M * (1 -

m.is_TES_charging[t])
246 model.Q_in_lower = pyo.Constraint(model.t, rule=

Define_Q_in_charging_lower)
247

248 def Force_Q_in_zero_discharging(m, t):
249 M = pyo.value(m.max_cap_TES) * 2
250 return m.Q_in[t] <= M * m.is_TES_charging[t]
251 model.Q_in_zero_discharge = pyo.Constraint(model.t, rule=

Force_Q_in_zero_discharging)
252

253 def Define_Q_out_discharging_upper(m, t):
254 inv_sqrt_RTE = pyo.value (1 / pyo.sqrt(m.RTE_TES))
255 return m.Q_out[t] <= -m.P_th_TES[t] * inv_sqrt_RTE
256 model.Q_out_upper = pyo.Constraint(model.t, rule=

Define_Q_out_discharging_upper)
257

258 def Define_Q_out_discharging_lower(m, t):
259 inv_sqrt_RTE = pyo.value (1 / pyo.sqrt(m.RTE_TES))
260 M = pyo.value(m.max_cap_TES) * 2
261 return m.Q_out[t] >= -m.P_th_TES[t] * inv_sqrt_RTE - M

* m.is_TES_charging[t]
262 model.Q_out_lower = pyo.Constraint(model.t, rule=

Define_Q_out_discharging_lower)
263

264 def Force_Q_out_zero_charging(m, t):
265 M = pyo.value(m.max_cap_TES) * 2
266 return m.Q_out[t] <= M * (1 - m.is_TES_charging[t])
267 model.Q_out_zero_charge = pyo.Constraint(model.t, rule=

Force_Q_out_zero_charging)
268

269 def Limit_TES_discharge_by_energy_simple(m, t):
270 if t == m.t.first ():
271 available = m.initial_TES
272 else:
273 available = m.TES_stored[t - 1]
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274 return m.Q_out[t] <= available
275 model.Limit_TES_discharge_simple = pyo.Constraint(model.t,

rule=Limit_TES_discharge_by_energy_simple)
276

277 def TES_energy_balance(m, t):
278 if t == m.t.first ():
279 return m.TES_stored[t] == m.initial_TES + m.Q_in[t]

- m.Q_out[t]
280 else:
281 return m.TES_stored[t] == m.TES_stored[t - 1] + m.

Q_in[t] - m.Q_out[t]
282 model.TES_energy_balance = pyo.Constraint(model.t, rule=

TES_energy_balance)
283

284 def TES_capacity_limit(m, t):
285 return m.TES_stored[t] <= m.max_cap_TES
286 model.TES_capacity_limit = pyo.Constraint(model.t, rule=

TES_capacity_limit)
287

288 def TES_non_negative(m, t):
289 return m.TES_stored[t] >= 0
290 model.TES_non_negative = pyo.Constraint(model.t, rule=

TES_non_negative)
291

292 def Limit_P_th_TES_by_available_energy(m, t):
293 if t == m.t.first ():
294 available = m.initial_TES
295 else:
296 available = m.TES_stored[t - 1]
297 inv_sqrt_RTE = pyo.value (1 / pyo.sqrt(m.RTE_TES))
298 return -m.P_th_TES[t] <= available * inv_sqrt_RTE
299 model.Limit_P_th_TES_by_available = pyo.Constraint(model.t,

rule=Limit_P_th_TES_by_available_energy)
300

301 def Limit_P_th_TES_charging_rate(m, t):
302 if t == m.t.first ():
303 stored_prev = m.initial_TES
304 else:
305 stored_prev = m.TES_stored[t - 1]
306 available_space = m.max_cap_TES - stored_prev
307 sqrt_RTE = pyo.value(pyo.sqrt(m.RTE_TES))
308 return m.P_th_TES[t] <= available_space / sqrt_RTE
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309 model.Limit_P_th_TES_charging = pyo.Constraint(model.t,
rule=Limit_P_th_TES_charging_rate)



Appendix B

Results of the optimizations

Table B.1: Values common for 12 kWp installation

Parameter Unit Value

Max PV forecast kW 10.35
Total PV overproduction kWh 25516.97
Timestep with surplus PV production – 1276

Table B.2: Main results for the 12 kWp, total cost minimization.

Parameter Unit Value

General
Annual electricity demand kWh 54596.72
Net Present Cost (NPC) e 155781.3
Initial investment e 47018.37
Payback time years N/A
Cumulative operating loss e 63488.93
Total loss e 110507.3
Maximum H2 produced kg 0.6061
Total H2 produced kg 518.2125
OPEX breakdown

Continued on next page
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Parameter Unit Value

OPEX e 3232.67
PV e 96
rSOC e 3107.28
Tank H2 e 29.22
TES e 0
Cables e 0.17

CAPEX breakdown
CAPEX e 28833.04
rSOC e 25894
Tank H2 e 2921.72
TES e 0
Cables e 17.32

Replacement
PV e 850.47
rSOC e 16837.79
Tank H2 e 495.52
TES e 0
Cables e 1.53

Sizing
Maximum H2 stored kg 2.94627
H2 tank capacity installed kg 2.94627
Economic performance comparison
Reference annual energy cost e 4621.97
Annual cost with the proposed system e 6738.27
Annual cost difference e -2116.3
Relative cost increase % 45.79

CO2 emissions without the system
Electricity from the grid kg CO2/year 9056.41
Gas consumed kg CO2/year 7912.72
Total kg CO2/year 16969.13

Continued on next page
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Parameter Unit Value

CO2 emissions with the system
Electricity from the grid kg CO2/year 5989.49
Gas consumed kg CO2/year 7903.62
Total kg CO2/year 13893.11
Emission reduction kg CO2/year 3076.02
Emission reduction % 18.13

Electricity purchased from grid
Total electricity purchased kWh 25165.94
Cost of electricity purchased e 1798.25
Average electricity purchased per time step kWh 2.86498
Time step with grid purchase – 6291

Thermal balance
Heat produced by boilers kWh 43426.49
Cost of gas purchased e 1707.35
Heat produced by rSOC (SOFC) kWh 17761.95
Heat absorbed by rSOC (SOEC) kWh -17711.96
Heat produced by TES (discharge) kWh 0
Heat absorbed by TES (charge) kWh 0
TES charging energy, Qin kWh 0
TES discharging energy, Qout kWh 0
Variation in TES stored energy kWh 0
Maximum power boilers kW 31.45
Time step with gas purchase – 5112

Table B.3: Main results for the 12 kWp, under different objective-weight configura-
tions.

Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

General results
Net present cost
(NPC)

C 157447.23 157763.57 158180.60 159317.96 161151.02

Continued on next page
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Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

Initial investment C 48401.96 48803.09 49412.41 50459.19 52226.07

Payback time years N/A N/A N/A N/A N/A

Cumulative
operating loss

C 64004.67 63847.07 63489.69 63658.04 63781.06

Total loss (CAPEX
+ extra OPEX)

C 112406.63 112650.16 112902.10 114117.23 116007.13

Maximum H2

produced
kg 0.6061 0.6061 0.6061 0.6061 0.6061

Total H2 produced kg 542.98 547.54 553.14 558.03 562.76

OPEX breakdown
Total OPEX C 3244.50 3247.93 3253.14 3262.09 3277.20

PV C 96.00 96.00 96.00 96.00 96.00

rSOC C 3107.28 3107.28 3107.28 3107.28 3107.28

H2 tank C 41.05 44.48 49.69 58.64 73.74

TES C 0 0 0 0 0

Cables C 0.17 0.17 0.17 0.17 0.17

CAPEX breakdown
Total CAPEX C 30016.00 30358.97 30879.93 31774.92 33285.59

rSOC C 25894.00 25894.00 25894.00 25894.00 25894.00

H2 tank C 4104.68 4447.65 4968.61 5863.60 7374.27

TES C 0 0 0 0 0

Cables C 17.32 17.32 17.32 17.32 17.32

Replacement costs
PV C 850.47 850.47 850.47 850.47 850.47

rSOC C 16837.79 16837.79 16837.79 16837.79 16837.79

H2 tank C 696.16 754.32 842.68 994.47 1250.68

TES C 0 0 0 0 0

Cables C 1.53 1.53 1.53 1.53 1.53

System sizing
Maximum stored
H2

kg 4.13918 4.48503 5.01036 5.91287 7.43624

Continued on next page
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Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

Installed H2 tank
capacity

kg 4.13918 4.48503 5.01036 5.91287 7.43624

Economic performance comparison
Reference annual
energy cost

C 4622.27

Annual energy cost
with the proposed
system

C 6755.76 6750.51 6738.60 6744.21 6748.31

Additional annual
cost

C 2133.49 2128.24 2116.33 2121.94 2126.04

Relative cost
increase

% 46.16 46.04 45.79 45.91 46.00

CO2 emissions without the system
Electricity from the
grid

kg
CO2/year

9057.08

Gas consumption kg
CO2/year

7912.72

Total emissions kg
CO2/year

16969.80

CO2 emissions with the system
Electricity from the
grid

kg
CO2/year

5843.60 5816.59 5783.47 5754.52 5726.50

Gas consumption kg
CO2/year

7903.19 7903.11 7903.01 7902.92 7902.84

Total emissions kg
CO2/year

13746.79 13719.70 13686.48 13657.44 13629.34

Emission reduction kg
CO2/year

3223.01 3250.10 3283.32 3312.36 3340.46

Emission reduction % 18.99 19.15 19.35 19.52 19.68

Electricity purchased from the grid
Total electricity
purchased

kWh 24552.92 24439.45 24300.31 24178.66 24060.91

Continued on next page



93

Continued from previous page

Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

Cost of electricity
purchased

C 1803.57 1794.78 1778.42 1775.68 1763.89

Maximum
electricity
purchased in one
time step

kWh 8.99797 9.06914 9.06914 9.06914 9.12792

Average electricity
purchased per time
step

kWh 2.79519 2.78227 2.76643 2.75258 2.73917

Time step of
maximum grid
purchase

– 7538 6409 6156 6306 6262

Thermal balance
Heat produced by
boilers

kWh 43424.10 43423.66 43423.12 43422.65 43422.19

Cost of gas
purchased

C 1707.69 1707.80 1707.04 1706.44 1707.22

Heat produced by
rSOC (SOFC
mode)

kWh 18610.95 18767.40 18959.19 19126.88 19289.17

Heat absorbed by
rSOC (SOEC
mode)

kWh -18558.58 -18714.59 -18905.84 -19073.06 -19234.90

Heat produced by
TES (discharge)

kWh 0 0 0 0 0

Heat absorbed by
TES (charge)

kWh 0 0 0 0 0

TES charging
energy, Qin

kWh 0 0 0 0 0

TES discharging
energy, Qout

kWh 0 0 0 0 0

Variation in TES
stored energy

kWh 0 0 0 0 0

Continued on next page
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Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

Maximum boiler
power

kW 31.45

Time step of
maximum gas
purchase

– 5861 5029 4939 5040 2967

Table B.4: Main results for the 12 kWp, emission reduction maximization.

Parameter Unit Value

General results
Net present cost (NPC) C 303786.38

Initial investment C 180080.12

Payback time years N/A

Cumulative operating loss C 91253.78

Total loss (CAPEX + extra OPEX) C 271333.90

Heat produced by boilers kWhth 43411.21

Maximum H2 produced kg 0.6061

Total H2 produced kg 676.5872

OPEX breakdown
Total OPEX C 4370.37

PV C 96.00

rSOC C 3107.28

H2 tank C 1166.48

TES C 0

Cables C 0.61

CAPEX breakdown
Total CAPEX C 1192602.93

rSOC C 25894.00

H2 tank C 1166647.88

TES C 0

Cables C 61.05

Continued on next page
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Parameter Unit Value

Replacement costs
PV C 850.47

rSOC C 16837.79

H2 tank C 19783.51

TES C 0

Cables C 5.41

System sizing
Maximum stored H2 kg 117.62812

Installed H2 tank capacity kg 117.62812

Economic performance comparison
Reference annual energy cost C 4622.27

Annual energy cost with the proposed system C 7664.07

Additional annual cost C 3041.80

Relative cost increase % 65.81

CO2 emissions without the system
Electricity from the grid kg CO2/year 9057.08

Gas consumption kg CO2/year 7912.72

Total emissions kg CO2/year 16969.80

CO2 emissions with the system
Electricity from the grid kg CO2/year 5052.85

Gas consumption kg CO2/year 7900.84

Total emissions kg CO2/year 12953.69

Emission reduction kg CO2/year 4016.11

Emission reduction % 23.67

Electricity purchased from the grid
Total electricity purchased kWh 21230.48

Cost of electricity purchased C 1583.43

Maximum electricity purchased in one time step kWh 9.17218

Average electricity purchased per time step kWh 2.41695

Time step of maximum grid purchase – 5919

Thermal balance

Continued on next page
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Parameter Unit Value

Heat produced by boilers kWh 43411.21

Cost of gas purchased C 1710.27

Heat produced by rSOC (SOFC mode) kWh 23190.55

Heat absorbed by rSOC (SOEC mode) kWh -23125.29

Heat produced by TES (discharge) kWh 0

Heat absorbed by TES (charge) kWh 0

TES charging energy, Qin kWh 0

TES discharging energy, Qout kWh 0

Variation in TES stored energy kWh 0

Maximum boiler power kW 31.45

Time step of maximum gas purchase – 4616

Table B.5: Values common for 18 kWp installation

Parameter Unit Value

Max PV forecast kW 15.53

Total PV overproduction kWh 30209.03

Timestep with surplus PV production – 2111

Table B.6: Main results for the 18 kWp, total cost minimization.

Parameter Unit Value

General
Net Present Cost (NPC) e 152342.77

Initial investment e 47929.76

Payback time years N/A

Cumulative operating loss e 58527.51

Total loss e 106457.27

Maximum H2 produced kg 0.6061

Total H2 produced kg 626.0702

Continued on next page
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Parameter Unit Value

OPEX breakdown
OPEX e 3284.83

PV e 144

rSOC e 3107.28

Tank H2 e 33.37

TES e 0

Cables e 0.17

CAPEX breakdown
CAPEX e 29248.70

rSOC e 25894

Tank H2 e 3337.38

TES e 0

Cables e 17.32

Replacement
PV e 1275.71

rSOC e 16837.79

Tank H2 e 566.02

TES e 0

Cables e 1.53

Sizing
Maximum H2 stored kg 3.36543

H2 tank capacity installed kg 3.36543

Economic performance comparison
Reference annual energy cost e 4517.86

Annual cost with the proposed system e 6468.78

Annual cost difference e -1950.92

Relative cost increase % 43.18

CO2 emissions without the system
Electricity from the grid kg CO2/year 8415.46

Gas consumed kg CO2/year 7912.72

Total kg CO2/year 16328.18

Continued on next page
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Parameter Unit Value

CO2 emissions with the system
Electricity from the grid kg CO2/year 4710.21

Gas consumed kg CO2/year 7901.73

Total kg CO2/year 12611.94

Emission reduction kg CO2/year 3716.24

Emission reduction % 22.76

Electricity purchased from grid
Total electricity purchased kWh 19790.78

Cost of electricity purchased e 1477.97

Average electricity purchased per time step kWh 2.25305

Time step with grid purchase – 5222

Thermal balance
Heat produced by boilers kWh 43416.08

Cost of gas e 1705.98

Heat produced by rSOC (SOFC) kWh 21459.02

Heat absorbed by rSOC (SOEC) kWh -21398.64

Heat produced by TES (discharge) kWh 0

Heat absorbed by TES (charge) kWh 0

TES charging energy, Qin kWh 0

TES discharging energy, Qout kWh 0

Variation in TES stored energy kWh 0

Maximum power boilers kW 31.45

Time step with gas purchase – 4879

Table B.7: Main results for the 18 kWp case, under different objective-weight
configurations.

Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

General results
Net present cost
(NPC)

C 153176.20 153959.12 154384.56 157088.70 162359.31

Continued on next page
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Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

Initial investment C 49243.28 50151.79 50602.07 53392.22 58425.52

Payback time years N/A N/A N/A N/A N/A

Cumulative
operating loss

C 57632.70 57399.29 57353.12 57193.27 57634.35

Total loss (CAPEX
+ extra OPEX)

C 106875.98 107551.08 107955.19 110585.49 116059.86

Maximum H2

produced
kg 0.6061

Total H2 produced kg 673.88 684.87 688.56 701.61 718.63

OPEX breakdown
Total OPEX C 3296.06 3303.83 3307.68 3331.53 3374.57

PV C 144 144 144 144 144

rSOC C 3107.28 3107.28 3107.28 3107.28 3107.28

H2 tank C 44.60 52.37 56.22 80.08 123.11

TES C 0 0 0 0 0

Cables C 0.17 0.17 0.17 0.17 0.17

CAPEX breakdown
Total CAPEX C 30371.76 31148.52 31533.51 33919.07 38222.50

rSOC C 25894 25894 25894 25894 25894

H2 tank C 4460.44 5237.20 5622.19 8007.75 12311.18

TES C 0 0 0 0 0

Cables C 17.32 17.32 17.32 17.32 17.32

Replacement costs
PV C 1275.71 1275.71 1275.71 1275.71 1275.71

rSOC C 16837.79 16837.79 16837.79 16837.79 16837.79

H2 tank C 756.49 888.23 953.52 1358.12 2087.98

TES C 0 0 0 0 0

Cables C 1.53 1.53 1.53 1.53 1.53

System sizing
Maximum stored
H2

kg 4.49792 5.28121 5.66943 8.07504 12.41464

Continued on next page
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Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

Installed H2 tank
capacity

kg 4.49792 5.28121 5.66943 8.07504 12.41464

Economic performance comparison
Reference annual
energy cost

C 4517.94

Annual energy cost
with the proposed
system

C 6439.03 6431.25 6429.71 6424.39 6439.09

Additional annual
cost

C 1921.09 1913.31 1911.77 1906.45 1921.15

Relative cost
increase

% 42.52 42.35 42.32 42.20 42.52

CO2 emissions without the system
Electricity from the
grid

kg
CO2/year

8415.63

Cost of electricity
purchased

C 1437.04 1421.85 1416.50 1388.25 1359.35

Gas consumption kg
CO2/year

7912.72

Total emissions kg
CO2/year

16328.35

CO2 emissions with the system
Electricity from the
grid

kg
CO2/year

4427.45 4362.36 4340.56 4263.29 4162.56

Gas consumption kg
CO2/year

7900.34 7900.70 7900.63 7900.40 7900.10

Total emissions kg
CO2/year

12327.79 12263.06 12241.19 12163.69 12062.66

Emission reduction kg
CO2/year

4000.56 4065.29 4087.16 4164.66 4265.69

Emission reduction % 24.50 24.90 25.03 25.51 26.12

Electricity purchased from the grid

Continued on next page
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Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

Total electricity
purchased

kWh 18602.72 18329.25 18237.64 17912.97 17489.76

Maximum
electricity
purchased in one
time step

kWh 8.99681 8.99681 8.54943 8.37833 8.21619

Average electricity
purchased per time
step

kWh 2.1178 2.08666 2.07623 2.03927 1.99109

Time step of
maximum grid
purchase

– 5011 4969 4964 4945 4900

Thermal balance
Heat produced by
boilers

kWh 43411.47 43410.41 43410.06 43408.80 43407.16

Cost of gas
purchased

C 1705.94 1705.58 1705.54 1704.61 1705.18

Heat produced by
rSOC (SOFC
mode)

kWh 23097.66 23474.61 23534.47 24048.40 24631.75

Heat absorbed by
rSOC (SOEC
mode)

kWh -23032.66 -23408.56 -23534.47 -23980.73 -24562.43

Heat produced by
TES (discharge)

kWh 0 0 0 0 0

Heat absorbed by
TES (charge)

kWh 0 0 0 0 0

TES charging
energy, Qin

kWh 0 0 0 0 0

TES discharging
energy, Qout

kWh 0 0 0 0 0

Variation in TES
stored energy

kWh 0 0 0 0 0
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Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

Maximum boiler
power

kW 31.45

Time step of
maximum gas
purchase

– 4735 4704 4682 4608 4532

Table B.8: Main results for the 18 kWp, emission reduction maximization.

Parameter Unit Value

General results
Net present cost (NPC) C 299243.74

Initial investment C 178921.14

Payback time years N/A

Cumulative operating loss C 88094.78

Total loss (CAPEX + extra OPEX) C 267015.92

Maximum H2 produced kg 0.6061

Total H2 produced kg 752.714

OPEX breakdown
Total OPEX C 4404.80

PV C 144

rSOC C 3107.28

H2 tank C 1153.26

TES C 0

Cables C 0.26

CAPEX breakdown
Total CAPEX C 141246.02

rSOC C 25894

H2 tank C 115326.01

TES C 0

Cables C 26.01

Replacement costs
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Parameter Unit Value

PV C 1275.71

rSOC C 16837.79

H2 tank C 19559.32

TES C 0

Cables C 2.30

System sizing
Maximum stored H2 kg 116.29514

Installed H2 tank capacity kg 116.29514

Economic performance comparison
Reference annual energy cost C 4517.94

Annual energy cost with the proposed system C 7454.44

Additional annual cost C 2936.50

Relative cost increase % 65.00

CO2 emissions without the system
Electricity from the grid kg CO2/year 8415.63

Gas consumption kg CO2/year 7912.72

Total emissions kg CO2/year 16328.35

CO2 emissions with the system
Electricity from the grid kg CO2/year 3960.87

Gas consumption kg CO2/year 7899.50

Total emissions kg CO2/year 11860.37

Emission reduction kg CO2/year 4467.98

Emission reduction % 27.36

Electricity purchased from the grid
Total electricity purchased kWh 16642.30

Cost of electricity purchased C 1342.60

Average electricity purchased per time step kWh 1.89462

Time step of maximum grid purchase – 4757

Thermal balance
Heat produced by boilers kWh 43403.87

Cost of gas purchased C 1707.03
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Parameter Unit Value

Heat produced by rSOC (SOFC mode) kWh 25799.87

Heat absorbed by rSOC (SOEC mode) kWh -25727.27

Heat produced by TES (discharge) kWh 0

Heat absorbed by TES (charge) kWh 0

TES charging energy, Qin kWh 0

TES discharging energy, Qout kWh 0

Variation in TES stored energy kWh 0

Maximum boiler power kW 31.45

Time step of maximum gas purchase – 4427

Table B.9: Values common for 24 kWp installation

Parameter Unit Value

Max PV forecast kW 20.7

Total PV overproduction kWh 49239.85

Timestep with surplus PV production – 2462

Table B.10: Main results for the 24 kWp, total cost minimization.

Parameter Unit Value

General
Net Present Cost (NPC) e 152233.82

Initial investment e 48377.40

Payback time years N/A

Cumulative operating loss e 58459.13

Total loss e 106836.53

Maximum H2 produced kg 0.6061

Total H2 produced kg 634.9333

OPEX breakdown
OPEX e 3333.02
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Parameter Unit Value

PV e 192

rSOC e 3107.28

Tank H2 e 33.57

TES e 0

Cables e 0.17

CAPEX breakdown
CAPEX e 29267.85

rSOC e 25894

Tank H2 e 3356.53

TES e 0

Cables e 17.32

Replacement
PV e 1700.94

rSOC e 16837.79

Tank H2 e 569.27

TES e 0

Cables e 1.53

Sizing
Maximum H2 stored kg 3.38474

H2 tank capacity installed kg 3.38474

Economic performance comparison
Reference annual energy cost e 4485.66

Annual cost with the proposed system e 6434.29

Annual cost difference e -1948.63

Relative cost increase % 43.44

CO2 emissions without the system
Electricity from the grid kg CO2/year 8082.71

Gas consumed kg CO2/year 7912.72

Total kg CO2/year 15995.43

CO2 emissions with the system
Electricity from the grid kg CO2/year 4325.011
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Parameter Unit Value

Gas consumed kg CO2/year 7901.57

Total kg CO2/year 12226.581

Emission reduction kg CO2/year 3768.849

Emission reduction % 23.56

Electricity purchased from grid
Total electricity purchased kWh 18172.3

Cost of electricity purchased e 1395.61

Average electricity purchased per time step kWh 2.0688

Time step with grid purchase – 4879

Thermal balance
Heat produced by boilers kWh 43415.23

Cost of gas purchased e 1705.67

Heat produced by rSOC (SOFC) kWh 21762.84

Heat absorbed by rSOC (SOEC) kWh -21701.6

Heat produced by TES (discharge) kWh 0

Heat absorbed by TES (charge) kWh 0

TES charging energy, Qin kWh 0

TES discharging energy, Qout kWh 0

Variation in TES stored energy kWh 0

Maximum power boilers kW 32.3

Time step with gas purchase – 4921

Table B.11: Main results for the 24 kWp case, under different objective-weight
configurations.

Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

General results
Net present cost
(NPC)

C 153461.45 154177.22 156666.17 158103.54 163959.00

Initial investment C 50304.79 51112.57 53800.50 55296.86 60878.93

Payback time years N/A N/A N/A N/A N/A
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Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

Cumulative
operating loss

C 57158.14 56987.13 56617.30 56507.67 57015.80

Total loss (CAPEX
+ extra OPEX)

C 107462.94 108099.70 110417.80 111804.53 117894.73

Maximum H2

produced
kg 0.6061

Total H2 produced kg 696.42 706.20 727.40 735.33 750.52

OPEX breakdown
Total OPEX C 3349.50 3356.40 3379.39 3392.18 3439.91

PV C 192 192 192 192 192

rSOC C 3107.28 3107.28 3107.28 3107.28 3107.28

H2 tank C 50.04 56.95 79.93 92.73 140.45

TES C 0 0 0 0 0

Cables C 0.17 0.17 0.17 0.17 0.17

CAPEX breakdown
Total CAPEX C 30915.76 31606.41 33904.57 35183.95 39956.58

rSOC C 25894 25894 25894 25894 25894

H2 tank C 5004.44 5695.09 7993.25 9272.63 14045.26

TES C 0 0 0 0 0

Cables C 17.32 17.32 17.32 17.32 17.32

Replacement costs
PV C 1700.94 1700.94 1700.94 1700.94 1700.94

rSOC C 16837.79 16837.79 16837.79 16837.79 16837.79

H2 tank C 848.76 965.89 1355.66 1572.64 2382.08

TES C 0 0 0 0 0

Cables C 1.53 1.53 1.53 1.53 1.53

System sizing
Maximum stored
H2

kg 5.0465 5.74295 8.06042 9.35055 14.16328

Installed H2 tank
capacity

kg 5.0465 5.74295 8.06042 9.35055 14.16328

Economic performance comparison
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Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

Reference annual
energy cost

C 4485.67

Annual energy cost
with the proposed
system

C 6390.94 6385.24 6372.91 6369.26 6386.20

Additional annual
cost

C 1905.27 1899.57 1887.24 1883.59 1900.53

Relative cost
increase

% 42.47 42.35 42.07 41.99 42.37

CO2 emissions without the system
Electricity from the
grid

kg
CO2/year

8082.76

Gas consumption kg
CO2/year

7912.72

Total emissions kg
CO2/year

15995.48

CO2 emissions with the system
Electricity from the
grid

kg
CO2/year

3961.16 3903.30 3777.84 3730.86 3640.97

Gas consumption kg
CO2/year

7900.49 7900.32 7899.95 7899.81 7899.54

Total emissions kg
CO2/year

11861.65 11803.62 11677.79 11630.67 11540.51

Emission reduction kg
CO2/year

4133.83 4191.86 4317.69 4364.81 4454.97

Emission reduction % 25.84 26.21 26.99 27.29 27.85

Electricity purchased from the grid
Total electricity
purchased

kWh 16643.53 16400.42 15873.28 15675.87 15298.20

Cost of electricity
purchased

C 1336.36 1324.05 1289.92 1273.74 1243.04

Continued on next page



109

Continued from previous page

Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

Maximum
electricity
purchased in one
time step

kWh 8.37833 8.37833 8.37833 8.3346 8.01366

Average electricity
purchased per time
step

kWh 1.89476 1.86708 1.80707 1.78459 1.7416

Time step of
maximum grid
purchase

– 4623 4585 4514 4491 4450

Thermal balance
Heat produced by
boilers

kWh 43409.30 43408.36 43406.31 43405.55 43404.08

Cost of gas
purchased

C 1705.08 1704.79 1703.61 1703.18 1703.25

Heat produced by
rSOC (SOFC
mode)

kWh 23870.38 24205.47 24932.08 25204.18 25724.76

Heat absorbed by
rSOC (SOEC
mode)

kWh -23803.21 -24137.36 -24861.92 -25133.26 -25652.37

Heat produced by
TES (discharge)

kWh 0 0 0 0 0

Heat absorbed by
TES (charge)

kWh 0 0 0 0 0

TES charging
energy, Qin

kWh 0 0 0 0 0

TES discharging
energy, Qout

kWh 0 0 0 0 0

Variation in TES
stored energy

kWh 0 0 0 0 0

Maximum boiler
power

kW 34.57
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Parameter Unit 0.5/0.5 0.4/0.6 0.3/0.7 0.2/0.8 0.1/0.9

Time step of
maximum gas
purchase

– 4764 4738 4669 4637 4569

Table B.12: Main results for the 24 kWp, emission reduction maximization.

Parameter Unit Value

General results
Net present cost (NPC) C 289450.45

Initial investment C 170805.81

Payback time years N/A

Cumulative operating loss C 85944.29

Total loss (CAPEX + extra OPEX) C 256750.10

Maximum H2 produced kg 0.6061

Total H2 produced kg 761.5859

OPEX breakdown
Total OPEX C 4379.80

PV C 192

rSOC C 3107.28

H2 tank C 1079.99

TES C 0

Cables C 0.52

CAPEX breakdown
Total CAPEX C 133945.72

rSOC C 25894

H2 tank C 107999.31

TES C 0

Cables C 52.41

Replacement costs
PV C 1700.94

rSOC C 16837.79

Continued on next page



111

Continued from previous page

Parameter Unit Value

H2 tank C 18316.71

TES C 0

Cables C 4.64

System sizing
Maximum stored H2 kg 108.90689

Installed H2 tank capacity kg 108.90689

Economic performance comparison
Reference annual energy cost C 4485.67

Annual energy cost with the proposed system C 7350.48

Additional annual cost C 2864.81

Relative cost increase % 63.87

CO2 emissions without the system
Electricity from the grid kg CO2/year 8082.77

Gas consumption kg CO2/year 7912.72

Total emissions kg CO2/year 15995.49

CO2 emissions with the system
Electricity from the grid kg CO2/year 3575.50

Gas consumption kg CO2/year 7899.35

Total emissions kg CO2/year 11474.85

Emission reduction kg CO2/year 4520.64

Emission reduction % 28.26

Electricity purchased from the grid
Total electricity purchased kWh 15023.1

Cost of electricity purchased C 1262.50

Maximum electricity purchased in one time step kWh 9.12792

Average electricity purchased per time step kWh 1.71028

Time step of maximum grid purchase – 4388

Thermal balance
Heat produced by boilers kWh 43403.01

Cost of gas purchased C 1708.19

Heat produced by rSOC (SOFC mode) kWh 26103.96
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Parameter Unit Value

Heat absorbed by rSOC (SOEC mode) kWh -26030.51

Heat produced by TES (discharge) kWh 0

Heat absorbed by TES (charge) kWh 0

TES charging energy, Qin kWh 0

TES discharging energy, Qout kWh 0

Variation in TES stored energy kWh 0

Maximum boiler power kW 34.57

Time step of maximum gas purchase – 4573
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