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Abstract

The last decade has been characterized by a growing environmental awareness and the rise
of climate change concerns. Continuous advancement of renewable energy technologies in
this context has taken a central stage on the global agenda, leading to a diverse array of
innovations, ranging from cutting-edge green energy production technologies to advanced
energy storage solutions. In this evolving context, ensuring the sustainability of energy
systems—through the reduction of carbon emissions, enhancement of energy resilience,
and responsible resource integration—has become a primary objective of modern energy
planning. The integration of hydrogen technologies for power-to-gas (P2G) and power-to-
power (P2P) and energy storage systems is one of the areas where the most remarkable
progress is being made. However, real case implementations are lagging behind expecta-
tions due to large-scale investments needed, which, under high energy price uncertainty, act
as a barrier to widespread adoption. This study proposes a risk-averse approach for sizing
an Integrated Hybrid Energy System considering the uncertainty of electricity and gas
prices. The problem is formulated as a mixed-integer program and tested on a real-world
case study. The analysis sheds light on the value of synergies and innovative solutions that
hold the promise of a cleaner, more sustainable future for generations to come.

Keywords: sustainable energy system; power-to-gas technology; integrated energy systems;
renewable energy resources

1. Introduction
The issue of energy plays a prominent role in the international arena. Indeed, in recent

decades, there has been an increasing need to reduce dependence on fossil fuels by making
room for renewables. This process to achieve a phase-out from fossil fuels, called energy
transition, is not immediate but slow and gradual. Through this process, green sources—
those that have a very low cost in terms of environmental impact—can make a decisive
contribution to the abatement of CO2 emissions and all the problems that they entail.

The global rising shift towards renewable energy resources has urged practitioners
and researchers in the energy sector to develop a large body of scientific contributions on
the integration of clean energy sources into energy systems. The volatility and intermittency
of such resources is handled through storage systems and for their ability to compensate
possible mismatches between demand and supply. There are, however, areas called “hard to
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decarbonize” in which getting rid of fossil sources is a pipe dream. These certainly include
meeting the thermal and cooling load, which is nowadays mainly covered by natural gas or
coal. Indeed, the European Commission’s Energy Performance of Buildings Directive states
that approximately 40% of energy consumed in the EU is used in buildings, primarily for
heating, cooling, and hot water. This information is based on data from Eurostat energy
balances and the European Environment Agency’s Greenhouse Gas Inventory, 2023. Hence,
this sector accounts for a significant proportion of primary energy consumption. The
integration of different energy resources into an Integrated Hybrid Energy System (HES)
can provide a viable solution for this problem (Menniti et al. [1], Cambini et al. [2,3]).

An HES is an integrated framework, where the different energy production conversion
and storage technologies are used to supply different demand loads over a long planning
horizon. The optimal sizing is a crucial aspect of the design of a reliable and cost-efficient
energy system that should be able to maximize the use of renewable sources to meet
energy consumption (Cambini et al. [2,3], Zhou et al. [4], Yang et al. [5], Beraldi and
Khodaparasti [6,7]). Combined cooling, heat and power systems offer high net efficiencies
by recovering and using waste heat to meet thermal load. They are normally fueled from
the natural gas grid, connected to a generator to produce electrical energy and a series of
heat exchangers to recover thermal energy from both the engine exhaust and coolant.

The blending of hydrogen generated using clean energy into natural gas can efficiently
support hard to decarbonize sectors, especially in an HES, when hydrogen is used as a fuel,
both to be blended with natural gas and to be converted into electricity in a hydrogen fuel
cell (FC). Hydrogen FCs are highly efficient, with an efficiency of up to 60% (Fan et al. [8]),
and produce no harmful emissions since the only by-products are water-consumed and
heat-produced. However, the development of the low-carbon hydrogen economy requires
investment in both supply and demand: production necessitates investments in electrolyz-
ers, and the use of hydrogen on the demand side often either requires re-calibration of the
existing equipment or urges the acquisition of new equipment.

Due to the volatile nature of economy in the post-pandemic era, unpredictable price
fluctuations may hinder green hydrogen projects, preventing them from reaching the
necessary speed and scale to fulfill global climate goals. While many studies have examined
the influence of uncertainty associated with the energy production from renewable sources
and loads, economic uncertainty has not yet been investigated for optimal sizing of a HES.
For this reason, the study looks into the effect of economic uncertainty on the optimal sizing
of an HES.

A common approach under uncertainty is to consider a risk-neutral viewpoint, notably
implemented through the minimization of the expected value of the random objective
function. However, often, the decision maker is risk-averse (Beraldi and Khodaparasti [6])
and, hence, more interested in hedging against extreme realizations. Tostado-Veliz et al. [9]
propose an optimization framework for electrolyzer sizing in industrial parks, where
uncertainties in electricity prices, renewable generation and demand are incorporated
through a robust optimization approach. Similarly, Wang et al. [10] develop a multi-
objective distributionally robust optimization model for hydrogen–renewable energy-
integrated systems. In the context of data-driven approaches, Zheng et al. [11] formulate
a robust chance-constrained model for wind–hydrogen energy systems. Similarly, Liu
et al. [12] develop a distributionally robust scheduling model for port energy systems
with hydrogen production and ammonia synthesis. Aramoon et al. [13] present a techno-
economic and optimal sizing of an off-grid photovoltaic-diesel generator-fuel cell system,
where the load uncertainty is modeled by information gap decision theory. In this paper,
with a view to minimizing costs, we propose a risk-averse approach to optimally design an
HES in which there are different energy sources, different technologies, and devices aimed
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at best meeting the demand arising from the utilities. Xuan et al. [14] explicitly incorporate
risk in a two-stage stochastic model for the optimal planning of an energy system. In the
first stage, decisions concerning the investments made to size the system are considered,
while the second stage represents operational decisions. Risk aversion is introduced
in the paper through scenario-based Conditional Value-at-Risk (CVaR), expressed as a
linear optimization problem, which ensures tractability even for large scenario trees. This
linearity comes at the cost of strong dependence on the discretization of uncertainty, namely,
the quality and size of the scenario set. This makes the measure potentially unstable
when the scenario set poorly represents low-probability/high-impact events, potentially
undermining the robustness of strategic decisions and distorting the evaluation of rare but
impactful risks.

A distinctive feature of our paper is the incorporation of a non-scenario-based risk
measure in a comprehensive multi-energy model. In particular, we provide a unified
perspective on solving the problem under different risk measures in closed, yet nonlinear,
form. These risk measures are not tied to a specific discretization, instead providing
consistent evaluations of risk across different scenario approximations or family of plausible
probability distributions, leading to more stable decisions for long-term, system-level
energy planning. To the best of our knowledge this is the first contribution dealing with the
problem at hand which simultaneously considers risk, through the explicit incorporation
of risk measures, and distributional ambiguity. The paper contributions are therefore
the following:

• The development of a complete optimization-based methodological framework for
the design of an HES. The coordinated system differs from traditional energy systems
in its holistic, flexible, and interconnected approach.

• Most of the literature has focused on uncertainties in renewable energy production
or load variability, overlooking the effects of the uncertainty on system costs. In con-
trast, we consider economic model parameters uncertain in the design stage allow-
ing for a more realistic assessment of risk, particularly when gas/energy prices can
fluctuate significantly.

• The incorporation of a non-scenario-based risk measure within a comprehensive
multi-energy system design model. Unlike traditional scenario-based approaches, this
formulation does not rely on a finite set of sampled scenarios.

• The application of the framework to a case study to illustrate the insights that can be
generated and to highlight the importance of uncertainty considerations.

This work addresses sustainability by (i) defining and quantifying key indicators
(CO2-related costs, renewable contribution, energy self-sufficiency, and exposure to price
volatility); (ii) providing a tool to measure and monitor these indicators under uncertainty;
and (iii) evaluating policies and incentives that enable green hydrogen deployment. The
proposed framework supports integrated socio-economic and scientific approaches to sus-
tainable development, contributing directly to global objectives such as SDG7—Affordable
and Clean Energy and SDG13—Climate Action ([15]).

The rest of this paper is organized as follows: Section 2 discusses the structure of the
system and the mathematical formulation. introduces the problem under risk. Section 3
presents the computational results, and finally, Section 4 concludes this paper and provides
some promising research avenues for future studies.
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2. The Integrated Hybrid Energy System: Problem Description and
Mathematical Formulation

The structure of the HES is shown in Figure 1. Four different types of energy demand
loads were considered: electricity load, thermal load (heating or cooling), and hydrogen
load for charging fuel cell electric cars at charging stations.

Figure 1. Structure of HES.

In Figure 1, it can be seen that the system can be divided into three parts: electricity
production, energy storage and utilization (where utilization means the conversion of
energy into other forms of energy), and energy demand. The first part essentially consists
of the power grid, to be used only in cases where needs cannot be met in other ways. There
is also a wind farm and a photovoltaic field that contribute to direct electricity generation.
Note that the cogenerator also produces electricity but not directly, since the primary
energy source is natural gas. For this reason, it is represented in the energy utilization and
conversion part. The latter part is somewhat complex; basically there are both electrical
and thermal storage within which any surplus electrical and thermal energy can be stored.
The electrical storage is essentially a battery. From the point of view of thermal load, there is
an electric boiler, which receives as input an electric power and produces a thermal power.
Its operation is based on the Joule effect, whereby a current-crossed resistance dissipates
heat. In addition, there is a gas boiler that makes use of natural gas and its energy content
that is burned. Subsequently, heat from the combustion products is transferred through
a countercurrent heat exchanger to a heat transfer fluid. This device has a design feature
of considerable interest: it is capable of operating with a mixture of hydrogen and natural
gas, where the amount of hydrogen is limited by operational constraints. Another system
featured in the central portion of Figure 1 is an electrolyzer aimed at hydrogen production.
Finally, to ensure that the cooling load is met, there is an absorption chiller and an electric
chiller that are reverse cycle machines to be designed appropriately. The third part of the
HES is the electrical, thermal and cooling needs of the utilities.
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Mathematical Formulation

In this section, the mathematical mixed integer programming model of the HES is
described in detail. The goal is to find the optimal capacity installation (sizing) of different
technologies in the HES minimizing the annual cost expressed in terms of investment,
operating and maintenance costs, environmental costs, and the costs for the energy pur-
chase. The excess of energy produced can be sold, producing a revenue. Instead of
considering the optimal design and optimal operation of integrated energy systems as
separated problems, we propose an integrated model, where long-run sizing/capacity
installation and operational scheduling decisions are both involved. To account for dif-
ferent evaluation cycles—the optimal design should be considered an entire life cycle,
usually 20 years, whereas the optimal operation can be considered on a daily basis—we
consider an extended planning horizon of a representative year discretized in terms of
days and hours to better reflect the variation of the renewable resource, demand load,
and energy price. The set M = {1, · · · , m, · · · , M} was used to denote the set of months.
For each month, a nominal day was discretized into T periods, corresponding to hours
(T = {1, · · · , t, · · · , T}). In what follows, we model the operations of different energy
production, conversion, and storage devices followed by the description of the objective
function. In the model presented in the following subsections, an hourly time discretiza-
tion was adopted, meaning that each time instant has a duration of one hour (∆t = 1).
Consequently, all power-related quantities are expressed in kilowatts (kW), while the corre-
sponding energy terms—obtained by integrating power over a single time interval—are
expressed in kilowatt-hours (kWh). The capacities and state variables of storage devices
therefore represent energy amounts (kWh). For simplicity, the equations are formulated
under the assumption of a one-hour time instant; thus, the factor ∆t is omitted from the
expressions, being implicitly equal to one hour.

• Photovoltaic System: The Photovoltaic (PV) system consists of solar panels that
convert the sunlight into electric power. The area that can be dedicated to the solar
panels, AMax

PV (m2), is bounded by the parameter AAvailable, which is the maximum
available area. The electric power output of the PV system on the nominal day of
month m at time instant t, Pm t

PV (kW), is defined as

Pm t
PV = ηPV Im t AMax

PV (1)

Pm t
PV ≤ Γcap

PV (2)

AMax
PV ≤ AAvailable (3)

where ηPV and Im t (kW/m2) are, respectively, the PV panel efficiency and the solar
radiation intensity on the nominal day of month m at time instant t; also, Γcap

PV denotes
the nominal peak power of the PV system. The low energy density is among the
greatest limitations of this technology, which requires considerable areas for the
production of modest powers. In our case, we set the efficiency of the photovoltaic
module equal to 15% that is in line with an average monocrystalline module.

• Combined Heat and Power Plant: The Combined Heat and Power (CHP) plant con-
verts the fuel into electric power. Utilizing H2-NG technology, the fuel consumption
in the CHP can incorporate both hydrogen and natural gas. This approach notably
decreases methane usage and the overall carbon emissions. The proportion of hydro-
gen in the mixed gas must remain within a certain range, typically not exceeding 20%
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of the total volume. The following equation describes the relationship between fuel
usage and electric power output in the CHP.

Gm t
H2,CHP + Gm t

CHP = ζ1Pm t
CHP + ζ2Um t

CHP (4)

Gm t
H2,CHP ≤ κH2(G

m t
H2,CHP + Gm t

CHP) (5)

where Gm t
H2,CHP and Gm t

CHP (kW) denote, respectively, the hydrogen and natural gas
fuel consumption in the CHP on the nominal day of month m at time t; Pm t

CHP (kW)
denotes the electric power output; the binary variable Um t

CHP is set to one or zero
depending on the state of the CHP (either on or off). Parameters ζ1 and ζ2 represent
the conversion of fuel to electric power in the CHP. In addition, parameter κH2 displays
the hydrogen blending ratio that is set to 20%.
Constraint (6) describes the relation between CHP state and the electric power output
where M is a sufficiently large constant (M ≥ Γcap

CHP), and parameter Γcap
CHP (kW) in

constraint (7) denotes the maximum electrical output in the CHP.

Pm t
CHP ≤ MUm t

CHP (6)

Pm t
CHP ≤ Γcap

CHP (7)

In addition, waste heat from combustion can be exploited to produce thermal power
to cover the thermal load. The thermal output of the CHP on the nominal day of
month m at time t (Hm t

CHP in kW) is expressed as

Hm t
CHP =

Pm t
CHP(1 − ηCHP − ηLoss)

ηCHP
(8)

where ηCHP and ηLoss, respectively, represent the power generation efficiency and heat
dissipation loss coefficient.

• Electrolyzer: The electrolyzer unit is the critical component in the power-to-gas process
converting the electric power into hydrogen. The operation of the electrolyzer is
modeled as

Hm t
Prod =

ηELPm t
EL

LHVH2
(9)

where Pm t
EL and Hm t

Prod are the power input and hydrogen output of the electrolyzer
on the nominal day of month m at time t; under the hourly discretization (∆t = 1 h),
Hm,t

Prod denotes the kilograms of hydrogen produced during time instant t (kg). Since
Pm,t

EL /LHVH2 has units of kg h−1, multiplying by ∆t = 1 h yields kg per step. For a
generic ∆t, the right-hand side of (9) would be ∆t ηELPm,t

EL /LHVH2.
The Lower Heating Value (LHV) is set to 33.33 kWh/kg.

Gm t
H2,Tot = LHVH2Hm t

Prod (10)

Constraint (10) shows the relation between the amount hydrogen production and
consumption where Gm t

H2,Tot (kW) represents the available hydrogen fuel in the system.
Clearly, the electrolyzer power input is bounded by the installed capacity Γcap

EL

Pm t
EL ≤ Γcap

EL (11)
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• Gas Boiler: The natural gas blended with the hydrogen (produced by the electrolyzer)
was injected as the fuel into the GB which is a thermal equipment supplying thermal
power. This process is modeled as

Hm t
GB = ηGB(Gm t

GB + Gm t
H2,GB) (12)

Hm t
GB ≤ Hcap

GB (13)

where variables Gm t
GB, Gm t

H2,GB (kW) represent the energy rate equivalent of natural
gas and hydrogen consumption; Hm t

GB (kW) is the thermal power generated by GB on
the nominal day of month m at time t, and Hcap

GB displays the installation capacity of
GB. Finally, parameter ηGB describes the GB efficiency. Similar to the case of CHP,
the percentage of hydrogen blended with natural gas should be below a maximum
value of κH2 .

Gm t
H2,GB ≤ κH2(G

m t
GB + Gm t

H2,GB) (14)

• Electric Boiler: The Electric Boiler (EB) is another thermal device taking the electric
power as the input and produces the heating power

Hm t
EB = ηEBPm t

EB (15)

Pm t
EB ≤ Γcap

EB (16)

Variables Hm t
EB and Pm t

EB (kW) in (15), represent, respectively, the thermal output and the
electrical power input of the EB; parameter ηEB denotes the EB efficiency, and variable
Γcap

EB (kW) in (16) is the power capacity of the EB.
• Electric Chiller: In order to supply the cooling load, the HES operates an electric chiller

(EC) working on a reversed-cycle machines aimed to satisfy a cooling load, which is
primarily present in but not limited to the summer season.
The operation of the EC is described as

Qm t
EC = ηECPm t

EC (17)

Pm t
EC ≤ Γcap

EC (18)

where Qm t
EC and Pm t

EC (kW) are, respectively, the cooling output and the electric power
input in the EC. Variable Γcap

EC represents the capacity of EC.
• Absorption Chiller: The Absorption Chiller (AC) absorbs the wasted heat and turns it

into cooling power. The following constraints describe the AC operations

Qm t
AC = ηAC Hm t

AC (19)

Qm t
AC ≤ Γcap

AC (20)

where Qm t
AC and Hm t

AC (kW) are the cooling power output and the heating input in
the AC with the efficiency parameter ηAC. The variable Γcap

AC denotes the capacity
installation of AC.

• Hydrogen Fuel Cell: Hydrogen can be injected into the Hydrogen fuel cell (HFC) to
produce electric and thermal power.
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The HFC operation are described by the following constraints:

Pm t
HFC = ηe

HFCGm t
H2,HFC (21)

Hm t
HFC = ηh

HFCGm t
H2,HFC (22)

Gm t
H2,HFC ≤ Γcap

HFC (23)

where Gm t
H2,HFC and Pm t

HFC (Hm t
HFC) are, respectively, the hydrogen input and power

(thermal) output of HFC, all in kW. Parameters ηe
HFC and ηh

HFC represent the elec-
tricity and thermal generation efficiency of the HFC, and variable Γcap

HFC is the HFC
installed capacity.

• Hydrogen Storage Tank: The hydrogen produced by the EL can be stored into the
hydrogen storage tank (HST) to be utilized by the GB, the CHP, and the HFC, or to
satisfy the hydrogen load of the fuel cell electric vehicles. The operation of the HST is
modeled by constraints (24)–(29).

Sm t
HST ≤ Γcap

HST (24)

Pm t
HST,ch ≤ (Γcap

HST − Sm t
HST)

1
∆t

(25)

Pm t
HST,dis ≤ Sm t

HST
1

∆t
(26)

Sm t1
HST = Sm t

HST (27)

Sm t1
HST = S0

HST (28)

Sm t
HST = Sm t−1

HST + (Pm t
HST,ch − Pm t

HST,dis)∆t (29)

where ∆t = 1, Γcap
HST is the installed capacity of the HST; Sm t

HST is the state of the charge;
variables Pm t

HST,ch and Pm t
HST,dis show the hydrogen charging and discharging in the

HST. The input parameter S0
HST denotes the initial state of the charge in HST.

• Battery Storage System: When the total power generation is greater than the total
load or the electricity price drastically drops, and it is very convenient to purchase
some extra power, electricity can be stored in a Battery Storage System (BSS). From the
battery, electric energy can be used in times of need, to make up for any peaks not
covered by intermittent power generation from renewable energy sources. To model
the operation of the BSS, we introduce non-negative variables Sm t

BT , Γcap
BT (kWh) and

Pm t
BT,ch, Pm t

BT,dis (kW) indicating, respectively, the state of the battery on the nominal day
of month m at time t and the installation capacity of BSS, and the power charging and
discharging of the BSS on the nominal day of month m at time t. We also should add
the set of constraints (30)–(33).

Sm t
BT = Sm t−1

BT (1 − δBT) + (ηch
BT Pm t

BT,ch −
Pm t

BT,dis

ηdis
BT

)∆t (30)

Sm t
BT ≤ Γcap

BT (31)

Pm t
BT,ch ≤ (Γcap

BT − Sm t
BT)

1
∆t

(32)

Pm t
BT,dis ≤ Sm,t

BT
1

∆t
(33)

where ∆t = 1. Constraint (30) expresses the connection between the state of the
charge within every two consecutive time instants with the amount of charging and
discharging power. Parameters δBT and ηch

BT (ηdis
BT) display, respectively, the energy loss

rate and the charging (discharging) efficiency. Constraint (31) expresses the relation
between the state of the charge and the installed capacity. Constraints (32) and (33)
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express the logical bounds on the power charge and discharge. Since the technology in
BSS does not allow simultaneous power charge and discharge, we introduced binary
variables χm t

BT and added the set of constraints in (34) and (35) where M is an arbitrary
big number.

Pm t
BT,ch ≤ Mχm t

BT (34)

Pm t
BT,dis ≤ M(1 − χm t

BT) (35)

As mentioned earlier, the HES is responsible for satisfying four types of demand:
electric, cooling, heating and hydrogen loads. The set of constraints (36)–(39) show the
power balance constraints for each type of demand.

Pm t
Buy + Pm t

PV + Pm t
WT + Pm t

CHP + Pm t
HFC + Pm t

BT,dis = Pm t
Load + Pm t

Sell + Pm t
EB + Pm t

EC + Pm t
EL + Pm t

BT,ch (36)

Hm t
CHP + Hm t

EB + Hm t
GB + Hm t

HFC = Hm t
Load + Hm t

AC (37)

Qm t
AC + Qm t

EC = Qm t
Load (38)

Gm t
Load + Gm t

H2,GB + Gm t
H2,CHP + Gm t

H2,HFC + Pm t
HST,ch = Gm t

H2,Tot + Pm t
HST,dis (39)

where parameters Pm t
Load, Hm t

Load, Qm t
Load, and Gm t

Load, respectively, denote the electric, heating,
cooling, and hydrogen demand loads. The parameter Pm t

WT represents electric power gener-
ation in the WT. Variable Pm t

Buy (Pm t
Sell) shows the amount of electricity (in kW) purchased

from the grid.
The objective function seeks the minimization of costs expressed in terms of the in-

vestment cost CInv, energy exchange cost CEPC, environmental costs CCO2 (CO2 emission),
and device operating and maintenance expenses COM, considered over a representa-
tive year.

min Z = CInv + CEPC + CCO2 + COM (40)

where

CInv =
M

∑
m=1

T

∑
t=1

K

∑
k=1

γk Γcap
k

i(1 + i)Yk

(1 + i)Yk − 1
(41)

CEPC =
M

∑
m=1

T

∑
t=1

Nm

[(
λ

Buy
m,t PBuy

m,t − λSell
m,t PSell

m,t
)
+ βGas

(
GCHP

m,t + GGB
m,t

)]
(42)

CCO2 =
M

∑
m=1

T

∑
t=1

Nm

[
ϕe(PBuy

m,t + PCHP
m,t

)
+ ϕg(GCHP

m,t + GGB
m,t

)]
(43)

COM =
M

∑
m=1

T

∑
t=1

K

∑
k=1

εk Γcap
k (44)

In (41), γk and Yk denote the installation costs per unit of capacity and the life cycle of
device k (K represents the total number of energy devices in the HES). Here, i represents
the interest rate. Variable Γcap

k represents the capacity installation of device k. As observed,
the investment costs are calculated by taking into account the annual depreciation as a
function of device life cycle. In (42), βGas and λBuy are the gas and electricity purchase price
from gas and grid network, respectively, while λSell is the selling price. Nm is the number
of days for month m. Variables (Gm t

CHP and Gm t
GB) are the amount of natural gas bought

from the gas network to supply the methane fuel for the CHP and the GB, respectively.
Parameters ϕe and ϕg show the market carbon tax price of energy and gas flows. Clearly,
we do not consider any compensation for the electric power produced by the HFC since
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it is carbon-free. Finally, the parameter εk in (44) represents the unit maintenance cost of
device k.

Let us now assume that the purchase prices βGas, λBuy and the selling price λSell

are uncertain, and let us denote the random variables with β̃Gas, λ̃Buy and λ̃Sell . Then,
the total energy exchange cost CEPC becomes itself a random variable C̃EPC governed
by a probability distribution function FX, defined on a given probability space (Ω,F ,P),
where F is a σ-algebra of subsets of Ω. Under uncertainty a very popular approach is
the minimization of the expected value of the random costs. However, under volatile and
dynamically changing conditions, it is preferable to adopt a risk-averse viewpoint through
a proper definition of a risk function.

This kind of measure defines a mapping ρ : C̃EPC 7→ R that associates a scalar value
(measuring risk) to the random variable, provided that its moment-generating function
MX(z) = E(ezX) exists for all z ≥ 0. The Value at Risk (VaR) has been extensively used as a
risk measure in a variety of contexts. It is defined as the α percentile of the random variable.
VaR is lower than realizations whose cumulative probability is less than 1 − α and is then
equivalent to the left-continuous inverse of the cumulative distribution function (F−1(α)).
the VaR can be formally defined as follows:

VaRα = inf
η
(η|F(η) ≥ α)

where F(η) = P(C̃EPC ≤ η). Despite its wide use, an important drawback of the VaR
measure is that it does not consider the expected value of the worst cases, i.e., what happens
when the VaR is exceeded. To overcome this important weakness, the Conditional VaR
(denoted by CVaRα) was proposed as a risk measure closely linked to VaR but providing
several distinct advantages, among which coherency and convexity. Basically, CVaR is
defined as the average of the α% worst cases and can be described as follows:

CVaRα = E[C̃EPC|C̃EPC ≥ VaRα].

If FX is continuous, then we have

CVaRα =
1

1 − α

∫ 1

α
VaRpdp

The evaluation of the CVaR is possible when the probability distribution is discretized
into possible scenarios, through the addition of binary variables in the model, which,
however, complexify its solution. When the probability distribution is continuous, we
can resort to closed form solutions of the CVaR. Notably, the general form of the CVaR
with continuous distribution functions can be easily adapted to consider situations in
which the probability distribution is unknown. This is for sure our case, where cost
ambiguity prompts us to investigate the quantification of the risk in this more general
setting. Assuming that the probability distribution belongs to a so-called ambiguity set,
typically defined as a family F of distributions that have given first and second moments,
we can adopt a distributionally robust approach. Under this setting, the risk criterion is
evaluated in the worst-case WCVaRα and represents a conservative (that is, pessimistic)
approximation for the true (unknown) CVaR. The WCVaRα is defined as follows:

WCVaRα = supF∈FCVaRα (45)

where the supremum “sup” is evaluated over all the distributions in the family F, consis-
tently with the known moments.
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A further generalization of the CVaR is represented by the class of spectral risk mea-
sures that may be viewed as a weighted sum of VaR, where larger weights were assigned
to larger VaR (this is a consequence of the nondecreasing property of the risk spectrum).
A spectral risk measure, denoted by SRMϕ is a function parameterized by ϕ, a density func-
tion also called an risk spectrum, which is a nondecreasing normalized right-continuous
integrable probability density function, such that ϕ ≥ 0, and

∫ 1
0 ϕ(p)dp = 1.

It can be defined as follows:

SRMϕ =
∫ 1

0
ϕ(p)F−1(p)dp =

∫ 1

0
ϕ(p)VaRpdp.

It can be easily seen that CVaR is a special case of spectral risk measures, when

ϕ(p) =

 1
1−α if p > α

0 if p ≤ α.

In analogy with the definition of the WCVaR, we can define the worst-case spectral
risk measures (WCSRMs):

WCSRM = supF∈FSRMϕ.

Theorem 1. Let F be the set of all probability distributions with mean µ and variance σ2. For any
random variable X ∈ R+, with a distribution function F belonging to the distributional set F, any
worst-case spectral risk measure WCSRM can be evaluated in closed-form as follows:

WCSRM = µ + σ

√∫ 1

0
ϕ2(p)dp − 1

Proof. See Li [16].

Provided that the term
∫ 1

0 ϕ2(p)dp can be solved offline, this final problem can be

solved by a commercial solver. In the case of CVaR, we have
∫ 1

0 ϕ2(p)dp = 1
1−α that gives

rise to the well known formula

WCVaR = µ + σ

√
α

1 − α

Theorem 1 provides a baseline to present an equivalent expression for the risk-averse
cost function, which becomes the following:

M

∑
m=1

T

∑
t=1

Nm[µ(λ
m t
Buy)Pm t

Buy − µ(λm t
Sell)Pm t

Sell + µ(βGas)(Gm t
CHP + Gm t

GB)] + Γ
√

b (46)

s.t. (1)–(39), where

b =
M

∑
m=1

T

∑
t=1

N2
m[σ

2(λm t
Buy)Pm t

Buy
2 + σ2(λm t

Sell)Pm t
Sell

2 + σ2(βGas)(Gm t
CHP + Gm t

GB)
2]

and Γ =
√∫ 1

0 ϕ2(p)dp − 1 for a given spectrum ϕ.

The above result provides a unified perspective on solving the problem under dif-
ferent risk measures in closed form, just by modifying the scale factor Γ of the standard
deviation accordingly.
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This means that one can use existing optimization methods for solving this second
order cone programming problem. These problems, beyond having rich theoretical advan-
tages, can be solved very reliably using existing general-purpose optimization packages.

3. Computational Results
In this section, we run a set of computational experiments aimed to show the validity of

the proposed model under different scenarios for a case study adopted from Zhou et al. [4]
where the hydrogen load for the fuel cell electric vehicles at the public charging stations
is generated randomly. All the experiments were executed on a Dell laptop equipped
with an Intel Core i7-10750H processor , with 2.60 GHz CPU and 16 GB RAM. The mathe-
matical model was implemented with the algebraic modeling language AIMMS, and the
MIP problem was solved with the Outer Approximation solver. The mean values of the
costs are the same as those reported in Zhou et al. [4]. The main parameters used in the
mathematical model are reported in Appendix A. We conducted an analysis of historical
market data to assess the variability of gas and electricity prices. For our analysis, we
used internationally recognized data sources for both natural gas (TradingEconomics :
https://tradingeconomics.com/commodity/eu-natural-gas (accessed on 1 January 2025) ,
Barchart: https://www.barchart.com/futures/quotes/XLY00/historical-prices (accessed
on 1 January 2025) and electricity prices (https://www.epexspot.com/en/market-results
and https://www.omie.es/en/market-results/daily/daily-market/day-ahead-price) (ac-
cessed on 1 January 2025). Although it is possible to compute the empirical variance
directly from historical series, we opted to generate the standard deviation randomly
within the interval. The variances σ2(λm t

Buy) σ2(λm t
Sell) σ2(βGas) were set to σ2(·) =

⌈
ζ2

s
⌉

and

σ2( p̃i) =
⌈

ζ2
p

⌉
where ζs and ζp are random numbers uniformly distributed in intervals

[1, 1
2 (max µ(·)− min µ(·))], where min µ(·) and max µ(·) denote the historical maximum

and minimum prices observed. This approach captures plausible fluctuations observed in
historical data, allowing to flexibly represent different levels of uncertainty across markets
and time periods. Figures 2 and 3 display the electricity/gas purchase price and the solar
radiation intensity and wind turbine power on a typical day, respectively. The value of α

was set to 0.9.

Figure 2. Electricity and natural gas price.

https://tradingeconomics.com/commodity/eu-natural-gas
https://www.barchart.com/futures/quotes/XLY00/historical-prices
https://www.epexspot.com/en/market-results
https://www.omie.es/en/market-results/daily/daily-market/day-ahead-price
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Figure 3. Solar radiation intensity and wind turbine power.

The optimal procurement and energy production plans are displayed in Figures 4–7.

Figure 4. Energy production and procurement schedule: Electricity load.

Figure 5. Energy production schedule: Heat load.
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Figure 6. Energy production schedule: Cooling load.

Figure 7. Energy production schedule: Hydrogen load.

As shown in Figures 4 and 5, the CHP plays a significant role in satisfying the electric
and heat loads. In addition, the HFC is used in winter, when the production from PV panels
is lower. Figures 8–10 display the results for different scenarios: the first scenario represents
the case where variability of the gas price (variance) is higher than that of the electricity,
while the second scenario shows that the gas price variability is lower than the electricity.
This provides us with some insights on how the optimal capacity plan changes depending
on the variations in energy prices. Under the baseline scenario the installed capacities for
all equipment are more or less balanced, and both technologies with electricity and gas
inputs are applied. As shown by the results, a higher variability in the gas price has a
compelling impact on the total cost since there is a high demand for thermal loads, and the
CHP plant is dependent on the gas fuel. To hedge against this risk is beneficial to purchase
and produce more electricity to match the demands by feeding it into the EL, HFC and
EB (see Figure 9). Moreover, it is safer to invest more on technologies with hydrogen and
electricity power inputs such as HFC, HST and EL, and the thermal load is mostly satisfied
through the HFC technology.

As we can see, the effect of the variability in the electricity price has a very mild effect
on the optimal design of the HES, since the installed capacities are very similar to those
obtained for the baseline case. We also notice that the system does not sell electricity due to
high investment costs and low market prices. High capital expenditures can lead to long
payback periods, while periods of low electricity prices make revenue uncertain according
to Mazarron et al. [17], Mallapragada et al. [18]. This result is in line with other studies
showing that, without financial incentives, the sale of electricity from hybrid systems can
be economically unfeasible; see Fagerstrom et al. [19].
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Figure 8. Annual cost breakdown under different energy price variability scenarios. The total
cost increases markedly when gas price volatility exceeds that of electricity, reflecting the strong
dependence of CHP on natural gas.

Figure 9. Annual energy purchase and sale costs under different price variability scenarios. A higher
gas price volatility leads to increased reliance on electricity purchases, while electricity sales remain
negligible due to low market profitability.

While natural gas prices are subject to volatility, the cost of green hydrogen is more
capital cost-driven and predictable over the long term. Green hydrogen is still more
expensive than natural gas, although costs are falling. It is not yet competitive in many
markets without subsidies or carbon pricing. To investigate the impact of P2G technologies
and the possible benefits of incentive programs for the production of green hydrogen, we
solved the proposed model eliminating the EL and HFC devices and considering different
incentive levels as shown in Figure 11. When hydrogen is not produced locally, it should be
purchased from the energy market at a price of EUR 10 per kg. Figure 11 displays the impact
of the incentive on the total cost for two cases with and without P2G technology. The vertical
bars show the relative decrease (in percentage) in total cost when P2G technology is added
to the system. Without P2G, the yearly total cost increases up to 4.52%. The blue bars in
Figure 11 indicate that incentivizing P2G technologies is a successful strategy as it reduces
the total cost up to 6.6%, depending on the incentive rate.



Sustainability 2025, 17, 9475 16 of 21

Figure 10. Optimal capacity sizing under different scenarios.

The introduction of incentives leads to a steady decline in the total annual cost of the
system when P2G is included (see the left vertical axis in Figure 11), whereas the total
cost without P2G remains almost unchanged. This confirms that incentive policies directly
enhance the economic competitiveness of hydrogen-based technologies by offsetting their
high capital costs.

Figure 11. Impact of hydrogen incentives on the total annual cost and the corresponding relative
cost reduction.

Figure 11 further emphasizes this trend by showing that the relative cost reduction
increases nearly linearly with the incentive rate—from about 4.5% with no incentive to
around 6.6% at the highest incentive level (see the right vertical axis in Figure 11). This
indicates that subsidizing hydrogen production or storage can generate tangible economic
benefits, even within a moderately risk-averse optimization framework. The results are
consistent with findings from recent studies highlighting that financial incentives and
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carbon pricing are key enablers for the cost-effective deployment of green hydrogen in
integrated energy systems.

Overall, these results suggest that P2G technologies become increasingly attractive as
incentive rates grow, reinforcing their potential as a strategic lever for decarbonization and
energy diversification.

In the following, we discuss how different levels of risk aversion affect the optimal
system design, cost structure, and operational behavior of the integrated energy system.

The deterministic configuration (α = 0) corresponds to a risk-neutral scenario where
the parameters assume their expected values. We remark that, in this case, the model is
deterministic. In this case, the optimization exclusively focuses on minimizing expected
costs. The total annual cost is the lowest among all cases (around EUR 4.6 M), and invest-
ment levels remain limited. The installed capacities of the electrolyzer, hydrogen fuel cell,
and storage units are relatively modest, while the system relies more heavily on electricity
and gas purchases from the external grid. This configuration, although cost-efficient, is also
more exposed to volatility in energy prices, revealing its vulnerability to operational risks.

The introduction of a higher risk aversion level (α > 0) progressively modifies both
the economic structure and the technological composition of the system. As shown in
Figures 12–14, increasing α leads to a moderate but consistent rise in total system cost,
roughly 15–16% higher in the most risk-averse configuration compared to the deterministic
one. This difference can be interpreted as the economic cost of resilience, reflecting the
additional investment required to protect the system against uncertain prices. Capital
expenditure markedly grows, by approximately 65–70%, as the optimization allocates
more resources to hydrogen-based technologies—namely, the electrolyzer, hydrogen fuel
cell, and hydrogen storage tank. Together, these units almost double in capacity when
moving from α = 0 to α = 0.9, highlighting their role as key enablers of flexibility and
internal balancing.

Figure 12. Total annual cost as a function of the risk aversion level α.
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Figure 13. Installed capacities of hydrogen-based technologies (EL, HFC, HST) under different risk
aversion levels.

Figure 14. Decomposition of total cost components versus the risk aversion level α.

At the same time, electricity and gas purchases decrease by about 20%, indicat-
ing a structural shift from market dependence to local production and storage. This
is consistent with the increase in the Energy Self-Sufficiency Index (ESSI), defined as

ESSI = 1 − Eimported
Etotal, demand

, which measures the share of total energy demand met without
relying on imported energy sources and rises by 9% in the case of α = 0.9 compared to the
deterministic case. A higher ESSI indicates that the system is capable of satisfying a larger
share of its demand through internally generated and stored energy, thereby reducing
exposure to external market uncertainty.

Environmental performance also follows a stable or slightly improving trend. CO2-
related costs remain within a narrow range but show a mild reduction at higher α, confirm-
ing that the additional hydrogen conversion capacity contributes to lowering emissions
without compromising operational feasibility. In summary, while risk aversion entails
somewhat higher upfront costs, it results in a configuration that is more robust, flexible,
and environmentally consistent.

From a managerial perspective, these results suggest that incorporating risk aversion
is economically justified, particularly in district or campus-scale energy systems where
reliability and autonomy are crucial. In this context, ESSI provides an intuitive indicator
of operational independence. The results show that this index increases more than 9%
for the most risk-averse configuration compared to the deterministic case, confirming
a clear improvement in local energy autonomy. Hence, the model demonstrates that
moderate additional investments in flexibility-oriented technologies yield tangible gains in
self-sufficiency and resilience, providing a balanced strategy between cost efficiency and
operational security.
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4. Conclusions
In this study, we addressed the problem of energy production and equipment sizing

in an integrated energy system to supply energy of different types over a long planning
horizon, with the aim of minimizing the capacity installation, energy procurement, op-
erational and the environmental costs. The discussion presented here begins to examine
how uncertainties can be hedged with ‘risk-averse’ choices. Several different criteria have
been included in this analysis. To do this, we have also monetized some of the externalities
through the application of a carbon price on emissions.

The results highlight that using hydrogen as a hedge against natural gas price volatility
is an emerging strategic concept, particularly as energy systems transition toward decar-
bonization. The results also highlight the important role of P2G technologies and the effect
of gas and electricity price variations on the energy production schedule. As hydrogen
scales, particularly with incentive policies, it will become a viable hedge not only against
natural gas volatility but also carbon price volatility. Companies in energy-intensive sectors
should consider portfolio diversification that includes hydrogen to reduce exposure to
gas price spikes (e.g., as seen in the 2021–2022 European energy crisis) and fuel supply
chain disruptions.

Although the proposed framework provides valuable insights, several limitations of
the current modeling approach should be acknowledged.

First, the analysis assumes stationarity in both energy consumption patterns and
renewable generation profiles, thereby neglecting potential long-term effects of climate
variability or structural changes in demand. Given the long-term nature of investment
decisions, this simplification could alter the relative attractiveness of different technologies
over time and is therefore among the most critical limitations for real-world deployment.

Second, the model does not explicitly include transmission and distribution network
constraints. While these factors are typically of secondary importance for strategic planning
compared to broader drivers such as technology costs, fuel prices, and policy signals,
incorporating them in future extensions would allow for more spatially resolved and
operationally realistic siting decisions.

Third, the current formulation does not fully capture broader sources of uncertainty,
such as policy changes, supply chain disruptions, or systemic interactions across energy
sectors. As a result, certain cross-sectoral trade-offs may be underestimated. For example,
shifting demand from natural gas to hydrogen or electricity can reduce carbon emissions
but may introduce new externalities, such as increased water use in electrolysis or land oc-
cupation for renewable generation. Addressing these aspects through more comprehensive,
multi-sector decision models represents a priority for follow-up research.

Finally, the optimal design of incentive mechanisms for P2G and green hydrogen de-
ployment could be further explored through bi-level optimization formulations, capturing
the interaction between regulators and energy producers. This direction is particularly
promising to assess how policy instruments can shape investment behavior and accelerate
decarbonization at the system level .
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Appendix A
The main The parameters adopted in the mathematical model are summarized in

Table A1. The selected values are representative of typical performance and cost assump-
tions for contemporary hybrid energy systems, including photovoltaic, hydrogen-based,
and storage technologies.

Table A1. Summary of model parameters.

Parameter Description Value Unit

M Number of months 12 months
T Hourly periods per representative day 24 hours/day
Nm Number of days represented by month m – days
∆t Time-step length 1 hour
ηPV PV panel efficiency (module) 0.20 –
Im,t Solar irradiance at (m, t) – kW/m2

AAvailable Maximum available area for PV 5000 m2

ζ1 CHP fuel-to-electric slope 2.5 kW fuel/kW el
ζ2 CHP minimum fuel offset when ON 2.6 kW fuel
κH2 Max H2 blending ratio (grid/appliance) 0.2 –
ηCHP CHP electric efficiency 0.40 –
ηLoss CHP heat dissipation loss coefficient 0.15 –
ηEL Electrolyzer efficiency (LHV basis) 0.70 –
LHVH2 Hydrogen lower heating value 33.33 kWh/kg
ηGB Gas boiler efficiency 0.92 –
ηEB Electric boiler efficiency 1.00 –
ηEC Electric chiller coefficient of performance (COP) 3.5 –
ηAC Absorption chiller coefficient of performance (COP) 0.7 –
ηe

HFC Hydrogen fuel cell electric efficiency 0.55 –
ηh

HFC Hydrogen fuel cell thermal efficiency 0.35 –
δBT Battery standing loss per hour (self-discharge rate) 0.001 – per hour
ηch

BT Battery charging efficiency 0.97 –
ηdis

BT Battery discharging efficiency 0.97 –
Yk Economic lifetime of device k – years
i Annual real discount/interest rate 0.05 1/year
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