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Abstract:
Combining battery systems and hydrogen-based energy systems provides viable support for inter-
mittent renewable energy sources to cover the energy demand continuously. During the planning of
such a hybrid renewable energy system, the model parameters are generally fixed or their uncertainty
is bundled into a precise distribution, leading to a representation that does not distinguish between
uncertainty related to natural variation (i.e. aleatory uncertainty) and uncertainty related to a lack
of data (i.e. epistemic uncertainty). Therefore, after a stochastic evaluation, the designer is unable
to determine if the uncertainty on the objective is reducible by gaining more knowledge or if exter-
nal measures are required (e.g. government-induced stabilization plan for the gas price). To assess
these limitations on a grid-connected household supported by batteries and hydrogen storage, we
characterized the parameters with parametric probability-boxes. Thereafter, we performed a global
sensitivity analysis through a novel computationally-efficient uncertainty quantification method. This
paper provides the main drivers of the variation in levelized cost of exergy for typical designs and
illustrates the effect of epistemic uncertainty on these drivers. Results show that the epistemic un-
certainty dominates the levelized cost of exergy variation for a photovoltaic array alone. Therefore,
increased data collection is required on the gas price and electricity price evolution. For a photovoltaic
array with battery stack, the uncertainty on the gas price is the dominant driver of the levelized cost
of exergy variation. With additional hydrogen-based storage, the interest rate is the dominant driver
and it proves robust towards epistemic uncertainty. Hence, more demonstration projects are required
to reduce mainly the natural variation of the interest rate. Future work will integrate this uncertainty
quantification into a robust optimization framework.

Keywords:
Energy storage, Global Sensitivity Analysis, Levelized cost of energy, Probability box, Uncertainty
quantification.

1. Introduction
Solar PhotoVoltaic (PV) systems dominate the renewable capacity growth [1]. Nevertheless, PV
systems are unable to cover the entire energy demand, due to the intermittent behavior of solar energy.
To perform intermittent balancing, battery energy storage (from days to weeks) and hydrogen energy
storage (from weeks to months) provide a flexible, adequate technology [2]. Studies on such Hybrid
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Renewable Energy Systems (HRES) are well-established. Lacko et al. evaluated Combined Heat
and Power (CHP) generation for a standalone household based on three renewable-inspired system
configurations and conclude that an entire renewable energy supply is both feasible and more cost-
efficient than integrating a fossil heat supply [3]. Özgirgin et al. concluded that a PEM fuel cell with
a PV system is a viable solution for stand-alone household in a CHP configuration [4]. Zafar et al.
illustrated that a residential building powered by PV, wind turbine and electrolyzer-tank-fuel cell
achieves improved energy and exergy efficiency when the heat is also used to cover the demand [5].
Despite that these studies indicate the potential of batteries and hydrogen-based energy storage in a
CHP application, the design parameters are generally fixed, regardless of what will happen in reality.
This can result in suboptimal designs. In the rare studies including uncertainties, the applications
are limited to a vague uncertainty characterization (e.g. assuming uniform distribution with generic
range), leading to inaccurate conclusions. By bundling the uncertainty into a precise distribution,
the representation does not distinguish between uncertainty related to natural variation (i.e. aleatory
uncertainty) and uncertainty related to lack of data (i.e. epistemic uncertainty). Therefore, after a
stochastic evaluation, the designer is left clueless if the uncertainty is due to the actual variation of
the parameter, or if it is mainly driven by the lack of data on those parameters, and therefore can-
not take appropriate actions. To assess these limitations on a grid-connected household supported
by batteries and hydrogen storage, we first characterized the significant parameters through precise
distributions and parametric probability-boxes [6]. This characterization leads to a clear distinction
between the uncertainties related to the lack of information and uncertainties related to natural vari-
ation. Thereafter, we performed Uncertainty Quantification (UQ) on the Levelized Cost Of eXergy
(LCOX). Finally, we performed a global sensitivity analysis to clarify the origin of the variation of
the LCOX, leading to clear actions for the designer to reduce the sensitivity towards uncertainty.

2. Method
In this section, the HRES is described and the system objective is introduced. Thereafter, the char-
acterization of the uncertainties on the model parameters is provided, followed by the UQ method to
propagate these uncertainties.

2.1. Hybrid Renewable Energy System (HRES) model
The considered system is a household connected to the power grid and gas grid, supported by a
HRES (Figure 1). Since a study on the self-sufficiency is not the main purpose of the paper, the
power and gas grid are considered permanently available and able to cover the demand. The HRES
consists of a PV array, which is coupled to a DC bus bar through a DC-DC converter with Maximum
Power Point Tracking. We integrated a battery stack and electrolyzer array with storage tank to store
the excess of PV array electricity. A fuel cell array is implemented to produce power and heat from
the stored hydrogen.

2.1.1. Component models

To determine the electricity produced by a PV array, we imported the experimentally-validated model
out of the PVlib Python library [7]. The current-voltage characteristic of the PV array is quantified
through the following single-diode equation:

IPV = IL − I0
(
exp

(
U + IRs

ndiodeNsUth

)
− 1

)
− U + IRs

Rsh

. (1)

The parameters in Equation 1 are not accessible through manufacturer data. Therefore, we character-
ized these parameters via the method presented by De Soto et al. [8].
To store PV excess power, we selected the lead-acid battery technology in the HRES. To character-
ize the performance of a lead-acid battery stack, we adopted the experimentally-validated model of
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Blaifi et al. [9]. The general voltage-current relation for a lead-acid battery is defined as:

Ubat = Ubat,oc + IbatRbat, (2)

where the current Ibat is positive during charge and negative during discharge. The resistance Rbat

depends on temperature, current magnitude and capacity. We refer to Blaifi et al. for the detailed
quantification of these parameters [9]. The State Of Charge (SOC) is the fraction of the total capacity
stored in the battery:

SOC (t) = SOC0 +
1

C (t)

∫ t

0

ηbat (t) I (t) dt, (3)

We estimated the lifetime based on SOC variations through the commonly implemented Rainflow
cycles counting method [10]. To avoid excessive reduction of the lifetime and active mass losses due
to gassing effects, overcharging and overdischarging are avoided, while the maximum charge current
and maximum discharge current are limited to Cnom/10 and Cnom/3.3, respectively [11].
In addition to the battery stack to consume excess of PV array electricity, we selected a Proton Ex-
change Membrane (PEM) electrolyzer for its fast response time (<1 s) and full load flexibility (0%
- 100%) [12]. To determine the voltage-current characteristic, efficiency and hydrogen flow rate, we
selected the experimentally-validated model from Abdin et al. [13]. The operating voltage is charac-
terized according to the following equation:

UEL = UEL,oc − UEL,act − UEL,ohm − UEL,con. (4)

We refer to Abdin et al. for further details on the determination of the overpotentials [13]. Finally,
following the working point of the electrolyzer array, the hydrogen molar flow rate nH2 is formulated
as:

nH2 =
I

2F
. (5)

The pressurized hydrogen produced in the electrolyzer is stored in a storage tank. Filling up the
storage tank increases the tank pressure, until the electrolyzer outlet pressure is reached, according to
the ideal gas law [14]:

pt − pt,init = Z
NH2RuTt
MH2Vt

. (6)

The compressibility factor Z for H2 is equal to 1 at moderate pressure (<100 bar) [14].
To generate electricity by converting hydrogen and oxygen into water, we selected a PEM fuel cell.
The PEM fuel cell is a widespread commercial technology, which operates at low operational temper-
ature (70 ◦C- 100 ◦C) and achieves high power densities (up to 2W/cm2). To represent this conversion
of hydrogen and oxygen into water, we adopted the model from Murugesan et al. which is experi-
mentally validated on the Ballard-Mark-V PEM fuel cell [15]. The operating current depends on the
converted hydrogen molar flow rate:

IFC = 2FnFC,H2
. (7)

The electric potential produced during water composition out of hydrogen and oxygen is equal to the
Nernst potential minus the losses:

UFC = UFC,Nernst − UFC,act − UFC,ohm − UFC,con. (8)

We refer to the work of Murugesan et al. for the detailed quantification of these losses [15].

2.1.2. Climate and demand data

The considered location to evaluate the HRES performance is Brussels (Belgium). A Typical Meteo-
rological Year is used to represent the hourly climate data over a year (yearly irradiance: 1118 kWh/year,
average ambient temperature: 10.7 ◦C) [16]. To characterize the effect of the load on the performance
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of the HRES, a dwelling demand is adopted (electricity demand: 3.98MWh/year, heat demand:
20.81MWh/year). Since the demand behavior depends on both climate conditions and human be-
havior, we adopted the method presented by Montero Carerro et al. to adapt the demand profiles to
the climate and behavior in Belgium [17].

~

H2H2H2

photovoltaic

battery

electrolyzer

storage tank

fuel cell

grid

H2

power

heat

gas boiler

demand

Figure 1: Schematic of the system

2.2. Design parameters, objective and indicator
The capacity of the PV array, battery stack, PEM electrolyzer, PEM fuel cell and storage tank are
selected as design parameters. By considering the capacities as independent design parameters, the
optimization algorithm can exclude any technology (e.g. set the battery stack capacity to 0 kWh).
Nonetheless, large system capacities induce large investment, operating and replacement costs. There-
fore, minimizing the Levelized Cost Of eXergy (LCOX) is defined as the system objective. The LCOX
reflects the system cost per unit of exergy covered [18]:

LCOX =
CAPEXa +OPEXa + Cr,a + Ce,a − Ce,a,sold + Cg,a∑8760

i=1 Xload

. (9)

To determine the annual system cost, the annualized investment cost CAPEXa, operational cost
OPEXa, replacement cost Cr,a, grid electricity cost Ce,a, electricity sold to the grid at wholesale
price Ce,a,sold and gas cost Cg,a are added together. We refer to Zakeri et al. for the detailed quantifi-
cation of these parameters [18]. When the cost parameters are quantified, the LCOX is defined by
dividing the annual system cost by the total required exergyXload. The required exergy by the demand
is equal to the sum of the electricity demand Xelec and the exergy content of the heat demand Xheat,
which corresponds to the heat energy demand corrected by the Carnot coefficient [19]. Additionally,
the Self-sufficiency ratio in terms of eXergy (SSX) is defined as the amount of exergy covered by
the HRES, divided by the total required exergy. The SSX is an indicator for adopters of the HRES,
as it illustrates the resilience against large electricity/gas price increases and the protection against
power cuts, which are more likely in the future [20]. Consequently, for this system, the performance
is determined by the LCOX, at different SSX thresholds. As the SSX is a model output, the different
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Table 1: P-box input parameters. The parameters indicated by % refer to the total variation based on the reference dataset.
%irradiance = percentage of yearly average solar irradiance, %demand,elec = percentage of yearly average electricity
demand, %demand,heat = percentage of yearly average heat demand, Celec = wholesale average grid electricity price,
Cheat = average gas price.

parameter mean, µ standard deviation, σ unit Ref.
%irradiance [93.1,98.2] [2.9,6.9] % [16]

%demand,elec [103.2,111.0] [2.3,9.1] % [23]
%demand,heat [82.9,99.4] [2.9,19.2] % [24]

Celec [59.9,84.1] [15.2,33.8] e/MWh [23]
Cheat [36.5,48.5] [7.1,16.5] e/MWh [25, 26]

inflation [0.88,1.79] [0.90,1.58] % [27]

SSX of interest cannot be imposed directly into the model. Instead, to acquire the optimized LCOX
in function of the SSX indirectly, maximizing the SSX is selected as a second optimization objective
in a bi-objective optimization framework. Ultimately, the resulting set of optimized designs form a
Pareto front for each demand type, which corresponds to a function of the LCOX with respect to the
SSX. To produce this Pareto front, the Nondominated Sorting Genetic Algorithm (NSGA-II) algo-
rithm is applied, which is a multi-objective genetic algorithm, suitable for optimization of complex,
non-linear models [21, 22].

2.3. Uncertainty quantification
The design, planning and operation of the HRES are subject to uncertainty. This uncertainty is charac-
terized by the natural variation of the parameter (i.e. aleatory uncertainty) and the lack of information
(i.e. epistemic uncertainty). We consider the parameters related to investment (i.e. investment cost,
replacement cost, interest rate) subject to epistemic uncertainty only, as these parameters can be fully
characterized by gaining knowledge (e.g. a thorough market study) and they do not evolve over time.
This epistemic uncertainty is represented by a precise probability, in the form of a Uniform distribu-
tion. The parameters subject to variation over the lifetime of the HRES (the grid electricity and gas
price, heat and electricity demand, inflation rate and solar irradiance) are subject to both epistemic
and aleatory uncertainty: In addition to the lack of knowledge on their average value, the evolution
of these parameters over time is inherently unpredictable and therefore subject to a natural, irre-
ducible variation (i.e. political decisions on the future energy mix will define the grid electricity price
evolution). Therefore, a parametric probability-box (p-box) is used to characterize the epistemic and
aleatory uncertainty on each of these parameters. While a precise probability is characterized by fixed
statistical moments, a p-box is defined by a range on the mean µ and standard deviation σ instead:
µ ∈ [µ, µ], σ ∈ [σ, σ]. Hence, a p-box is defined by a lower and upper bound Cumulative Distribution
Function FX (CDF): FX(x) ≤ FX(x) ≤ FX(x). Consequently, any CDF of the underlying paramet-
ric family that lies between the bounds represents a possible distribution for the uncertain parameter.
Conclusively, the distribution family represents the aleatory uncertainty of each parameter, while the
range of the statistical moments represents the epistemic uncertainty.
To construct the parametric p-boxes, the bounds should be properly characterized. When no expert
knowledge or physical reasons are available to set these bounds, a feasible method is to determine
the bounds based on a confidence level. Assuming a Uniform prior on the statistical moments of a
Gaussian distribution, the confidence bounds are quantified on a set of predictions for each parameter
based on the method by Schöbi et al. [6]. To illustrate, six predictions on the wholesale electricity
price for 2030 in Belgium (base case scenario, decentral scenario and large scale renewable energy
system scenario, each determined in the coal-before-gas merit order and gas-before-coal merit order)
are used to quantify the bounds for the grid electricity price based on a 95% confidence level [23].
The resulting ranges for the p-boxes are presented in Table 1, as well as the references for the corre-
sponding datasets.
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To propagate the uncertain parameters through the system model and evaluate their effect on the
LCOX, we considered a computationally efficient sparse PCE method [28]. While this sparse PCE
method is well-defined for precise probability distributions, we adapted this method to propagate
p-boxes, based on the method developed by Schöbi et al. [6].

3. Results and discussion
In the results section, the Pareto front is described that illustrates the trade-off between minimizing
the LCOX and maximizing the SSX when a deterministic design optimization is performed (i.e. no
uncertainty). Then, out of these optimized designs, 4 representative designs are selected and are
subjected to uncertainty on the input. The resulting p-boxes of the LCOX are discussed and a global
sensitivity analysis is performed on these 4 designs, in order to illustrate the effect of epistemic and
aleatory uncertainty on the LCOX.

3.1. Levelized cost of exergy in function of self-sufficiency
To determine a set of optimized designs, a deterministic optimization is performed, aiming to mini-
mize the LCOX and maximize the SSX. As no uncertainty is considered in this optimization, average
values of the uniform distributions and average values of the mean for the p-boxes are selected for the
parameters. Due to the trade-off between minimizing the LCOX and maximizing the SSX, the Pareto
front provides designs with an optimized LCOX for different levels of SSX. Clearly, at low SSX (18%
- 21%), designs with a PV array alone (i.e. PV-designs) result in the lowest LCOX (Figure 2). As
such designs lack the possibility of energy storage and heat production, the maximum attained SSX
of PV-designs is limited. Therefore, to reach the next SSX threshold (up to 55%), at the expense
of minimal increase in LCOX, a PV array with battery stack (i.e. PV-battery designs) is constructed
by the optimization algorithm. To reach the optimal SSX (>55%) at optimized LCOX, batteries are
gradually replaced by the hydrogen-based energy system, to cover part of the heat demand with the
HRES as well. Conclusively, 4 different types of HRES are found to reach optimized LCOX in func-
tion of the SSX: a PV-design, a PV-battery design, a PV-battery-hydrogen design and a PV-hydrogen
design.

LCOX
[€/MWh]

PV

PV + bat + H2

PV + bat

PV + H2

Figure 2: The optimal designs on the Pareto front illustrate the trade-off between minimizing the Levelized Cost Of eX-
ergy (LCOX) and maximizing the eXergy Self-Sufficiency ratio (SSX). A photovoltaic array achieves the lowest LCOX.
Improving the SSX is first done by including a battery stack, followed by a hydrogen-based system. Finally, to attain
optimal SSX, the battery stack is replaced by a hydrogen-based energy system to further increase the self-sufficiency in
terms of heat demand.
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Table 2: Typical PV-design (PV), PV-battery design (PV + bat), PV-battery-hydrogen design (PV + bat + H2) and PV-
hydrogen design (PV + H2) which achieve optimized Levelized Cost Of eXergy (LCOX) at different levels of Self-
Sufficiency ratio for eXergy (SSX).

type design characteristics deterministic uncertain
NPV NBat NELEC NFC Ntank LCOX SSX µLCOX σLCOX

kWp kWh kW kW kWh e/MWh % e/MWh e/MWh
PV 2.7 389.5 17.5 [344.9,440.8] [13.9,32.2]

PV + bat 5.0 2.2 411.8 24.8 [375.3,465.5] [15.5,31.9]
PV + bat + H2 42.1 17.8 0.6 1.0 247.1 823.8 57.9 [752.5,1008.9] [62.1,97.8]

PV + H2 35.5 4.1 1.0 828.7 878.4 59.1 [811.4,1016.3] [54.1,84.9]

3.2. Uncertainty Quantification
Out of the deterministic design optimization performed in subsection 3.1., 4 designs are extracted
with different HRES characteristics (a PV-design, PV-battery design, PV-battery-hydrogen design and
PV-hydrogen design, characterized in Table 2) and the uncertainties are propagated through these 4
designs. Due to the combination of Uniform distributions and p-boxes at the model input, the resulting
LCOX is determined by a p-box. When comparing the PV-design with the PV-battery design, the
range on the mean and standard deviation of the LCOX illustrate that the PV-battery design is slightly
less sensitive to epistemic uncertainty, despite the slightly higher average mean LCOX value (Figure 3
and Table 2). The difference in mean LCOX is attributed to the higher HRES capacity of the PV-
battery design, which induces higher investment and replacement cost. On the other side, the reduced
sensitivity on epistemic uncertainty is clarified by the reduced dependency on the electricity grid and
thus reduced dependency on the electricity price, which carries large epistemic uncertainty.
The PV-battery-hydrogen design and PV-hydrogen design, which operate at high SSX (57.9% and
59.1% respectively), are more sensitive to epistemic uncertainty than the PV-design and PV-battery
design. In between the PV-hydrogen design and PV-battery-hydrogen design, the former is clearly
less sensitive to epistemic uncertainty than the latter. As the explanation of this result is not straight-
forward, a global sensitivity analysis is performed in the next section, to study the origin of the LCOX
variation for these designs.

LCOX [€/MWh]

PV

PV + bat + H2

PV + bat

PV + H2

cumulative
probability

Figure 3: The probability boxes of the different designs illustrate that the PV-battery-hydrogen design and PV-hydrogen
design operate at higher Levelized Cost Of eXergy (LCOX), as opposed to the PV-design and PV-battery design. Nev-
ertheless, the PV-hydrogen design is clearly less sensitive to epistemic uncertainty than the PV-battery-hydrogen design,
which is represented by the distance between the p-box bounds.

3.3. Global sensitivity analysis
In this section, a global sensitivity analysis is performed on the 4 designs. In a global sensitivity anal-
ysis with precise distributions, sensitivity indices are produced which indicate the contribution of each
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parameter uncertainty to the variance of the objective. As in this work p-boxes are considered to char-
acterize the uncertainty of part of the parameters at the model input, the resulting sensitivity indices
are characterized by a range of values. The average sensitivity index value indicates the importance
of the aleatory parameter uncertainty to the LCOX variance, while the range on the sensitivity index
indicates the level of confidence on the sensitivity index due to the global epistemic uncertainty [6].
The sensitivity indices computed for the PV-design illustrate that the uncertainty on the achieved
LCOX is dominantly driven by the uncertainty on the gas price and electricity price (Figure 4). This
follows out of the large dependency on the electricity grid and gas grid to cover the demand in this
design (SSX = 17.5%). Due to the significant epistemic uncertainty, it remains uncertain which
aleatory parameter uncertainty is the main driver of the LCOX variability, i.e. the contribution of the
aleatory uncertainty on the gas price to the variation of the LCOX lies between 31.0% and 93.6%,
while the contribution of the aleatory uncertainty on the electricity price lies between 5.0% and
64.8%. Hence, gaining additional knowledge (e.g. additional predictions) to reduce the epistemic
uncertainty is the main action suggested for this PV-design, in order to reduce the overall uncertainty
on the LCOX.

gas priceelectricity price

electricity price

gas price
93.6%31.0%

64.8%*

*

5.0%

Figure 4: For the PV design, the contribution of the uncertainty related to the gas price towards the variability of the
Levelized Cost Of eXergy (LCOX) is the highest on average. However, the large range on the sensitivity indices indicates
the significant effect of the epistemic uncertainty.

The variation in the LCOX achieved by the PV-battery design will always be dominated by the gas
price uncertainty, as there is no overlap between the gas price and electricity price sensitivity index
ranges (Figure 5). Hence, despite the significant epistemic uncertainty, the aleatory uncertainty related
to the gas price is identified as the main driver. Therefore, external measures to reduce this aleatory
uncertainty, such as gas price stabilization plans from the government, are suggested as the most effi-
cient measures to improve the LCOX robustness for this design. Due to the increased self-sufficiency
for electricity (i.e. reduced dependency on the electricity grid) as opposed to the PV-design, the aver-
age impact of the uncertainty from the electricity price on the LCOX variation is reduced. Instead, due
to the inclusion of a battery stack, the uncertainty of the battery lifetime gains importance. Additional
information should be gained to reduce the overall epistemic uncertainty, in order to determine if the
electricity price or battery lifetime aleatory uncertainty is the most significant driver of the LCOX
uncertainty.
For the PV-battery-hydrogen design, the contribution is spread over different parameters (Figure 6).
Clearly, the design remains sensitive to the uncertainty on the grid electricity price, despite the low
dependency on the grid to cover the electricity demand. This follows out of the fact that this design
sells a large amount of excess solar energy to the grid. However, due to the significant installed
capacity (and thus investment cost), the uncertainty on the interest rate gains importance, and the
sensitivity index proves to be robust towards the global epistemic uncertainty (ranges between 16.6%
and 32.9%). Therefore, the focus should be to reduce the aleatory uncertainty of the interest rate
(e.g. by additional demonstration projects) and to increase the data collection on the electricity price
evolution.
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gas price

life battery

electricity price

gas price

life battery

electricity price

*

*

*

89.7%37.9%

1.7%

1.3%

36.4%

21.2%

Figure 5: Despite the epistemic uncertainty, the uncertainty on the gas price is the dominant contributor to the variability
of the Levelized Cost Of eXergy (LCOX) for the PV-battery design.

electricity price

interest rate

inflation rate

electricity price

interest rate

inflation rate

gas price

CAPEXPV

gas price

CAPEXPV

*

*

*

49.2%11.4%

16.6%

7.4%

32.9%

16.7%

3.7%

1.5%

19.5%

16.3%

*

*

Figure 6: For the PV-battery-hydrogen design, the contribution is spread over different parameters. Clearly, the impor-
tance of the uncertainty related to the electricity price is the most sensitive towards epistemic uncertainty.

The increased capacity, and hence increased significance of the uncertainty on the interest rate largely
defines the LCOX variation of the PV-hydrogen design (Figure 7). The uncertainty on the interest
rate is significantly more important than the other parameters, while its importance proves to be more
robust for the epistemic uncertainty than the importance of the uncertainty related to the electricity
price. To clarify, the actual uncertainty of the electricity price might be as low as 6.0%, while the
importance of the uncertainty related to the interest rate will be at least 24.4%. Consequently, as the
LCOX variation is largely defined by the uncertainty on the interest rate, the actual sensitivity towards
epistemic uncertainty of this design is lower than for the PV-battery-hydrogen design, as illustrated in
Figure 3.

electricity price

interest rateinflation rate
electricity price

interest rate

inflation rate

gas price

CAPEXPV

gas price

CAPEXPV

43.5%24.4%

6.0%

6.2%

33.8%

24.1%

7.1%

1.7%

15.1%

17.2%

*

*

*

*

*

Figure 7: For the PV-hydrogen design, the uncertainty on the interest rate dominates the Levelized Cost Of eXergy
(LCOX) variation and proves more robust towards epistemic uncertainty than the electricity price.

For the evaluated designs, parameters such as the heat demand, electricity demand and solar irradiance
have a low average sensitivity index (≤5%) and a low sensitivity index range (≤5%). Therefore,
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these parameters can be considered as unimportant contributors to the LCOX variation and no further
data acquisition is effective to reduce the LCOX variation.

4. Conclusion
For a grid-connected household, supported by a hybrid renewable energy system including photo-
voltaics, batteries and hydrogen-based energy system, optimizing the levelized cost of exergy for
different exergy self-sufficiency ratio thresholds brings forward 4 typical designs (in increasing order
of exergy self-sufficiency ratio): a photovoltaic array alone (17.5%), photovoltaics with battery stack
(24.8%), photovoltaics with battery stack and hydrogen-based energy storage (57.9%) and finally
photovoltaics with large hydrogen-based energy storage (59.1%).
For the photovoltaic array alone, the variation on the levelized cost of exergy is mainly driven by the
epistemic uncertainty related to the gas price and the electricity price. Therefore, increasing the data
collection on these parameters is suggested as the main action to reduce the variance of the levelized
cost of electricity.
For a photovoltaic array with battery stack, the exergy self-sufficiency is higher, resulting in reduced
dependency on the electricity grid and thus reduced impact of the electricity price on the levelized
cost of exergy variation. Therefore, for this design, the main action is to improve the understanding
of the gas price evolution (and thus reduce its aleatory uncertainty), as it is the dominant driver of the
levelized cost of exergy variation, despite the remaining large effect of epistemic uncertainty (i.e. gas
price importance ranges between 37.9% and 89.7%).
The aleatory uncertainty related to the gas price is identified as the main driver of the PV-battery
design. Therefore, external measures to reduce this aleatory uncertainty, such as gas price stabiliza-
tion plans from the government, are suggested as the most efficient measures to improve the LCOX
robustness for this design. The variation of the levelized cost of exergy for a photovoltaic array with
battery stack and hydrogen-based energy storage is significantly driven by the interest rate. While
its importance proves robust towards epistemic uncertainty, the importance of the uncertainty of the
electricity price for this design lies between 11.4% and 49.2%. Hence, actions should be undertaken
to gain data on the evolution of the electricity price, while for the interest rate, reducing the aleatory
uncertainty of the interest rate by introducing more demonstration projects provides is suggested.
For the photovoltaic array with large hydrogen storage, the interest rate dominates the levelized cost of
exergy, due to the large system capacity and thus large investment and replacement costs. Therefore,
like for the previous design, reducing the natural variation of the interest rate is required, while further
data collection on gas price and inflation rate is only of minor importance to reduce the levelized cost
of exergy variation.
Future work will focus on the integration of this uncertainty quantification into a robust design opti-
mization framework.
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