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Abstract

Regions with abundantly available renewable energy are not necessarily the

same as those with a high population density and energy consumption. There-

fore, renewable energy can be produced in optimal climate conditions with a

remote renewable hub and transported to these population-dense regions. To

establish this energy transport to these regions, ammonia provides a flexible,

easy-to-handle energy carrier. However, current literature rarely considers the

impact of techno-economic uncertainty on the feasibility of this transport. Us-

ing those uncertainties, we performed a robust design optimization on the lev-

elized cost of ammonia and the power-to-ammonia efficiency to compare the

local (Belgium) and remote (Morocco) ammonia production and transport to

Belgium. This paper provides the robust designs (i.e. least sensitive to uncer-

tainty) for local and remote renewable ammonia production and the advantages

of both approaches on the levelized cost and energy efficiency. The results con-

firm that ammonia production in regions with high solar irradiance followed
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by the transport of ammonia is cost-effective and robust (601 euro/tonneNH3

in mean and 98 euro/tonneNH3 in standard deviation) over local production

(852 euro/tonneNH3 in mean and 139 euro/tonneNH3 in standard deviation).

However, local ammonia production provides for more efficient (54.8% in mean)

and less sensitive power-to-ammonia plant designs (0.16% in standard devia-

tion), while the production in Morocco is less efficient (52.2% in mean) and

more sensitive to uncertainties (0.39% in standard deviation). The capacity

of the photovoltaic arrays and the electrolyzers highly influences both objec-

tives. The sensitivity analysis shows that capital and operational expenses of

the photovoltaics and electrolyzer stack dominate the designs with the lowest

levelized cost in mean and standard deviation. However, the energy consump-

tion uncertainty of the Haber-Bosch also impacts the cost of the lowest mean

levelized cost. This uncertainty also dominates the designs with the highest

energy efficiency in mean and lowest standard deviation.

Keywords: Power-to-ammonia, Haber-Bosch Synthesis, Robust design

optimization, Uncertainty quantification, Levelized cost of ammonia

1. Introduction

Ammonia (NH3) as an energy carrier boomed in recent years because it

can support the defossilisation of the energy industry [1]. Producing this en-

ergy carrier in large mass is becoming increasingly important for transporting

renewable-based hydrogen (H2) over large distances. In addition, the transi-

tion towards renewable NH3 helps to advance from a fossil-fueled production

of nitrogen (N2) fertilizers to their renewable counterparts [2–4]. In 2020, Bel-

gium imported 1010 ktonne of NH3 while locally producing 990 ktonne of NH3

[5] which corresponds to 11.9% of Europe’s NH3 production and 0.79% of the

global NH3 production [6]. This consumption is mainly driven by the Belgian

fertilizer industry (production of nitrogen-based fertilizers) and the use of nitro-

gen fertilizers in the European agricultural sector. In the future, NH3 could have

a wide range of applications similar to renewable H2, such as becoming an alter-
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native maritime fuel or being used in the power industry in combination with

gas turbines [7]. Projects worldwide (between Japan and Australia, in Germany

and Korea) examine the advantage of renewable NH3 and its possibility of trans-

porting this energy vector via ship or pipelines to other neighboring countries or

continents [8]. For instance, the consortium with Australian and Japanese mem-

ber industries wants to establish the production and transportation of cheap

renewable NH3 from energy-rich locations to high-demand locations. Other

projects are looking for ways to use this NH3 as a direct or indirect fuel for

producing electricity [7]. In the case of Belgium, renewable energy sources are

scarce compared to other regions in Europe with higher wind speed (e.g. north

of Scotland) and solar irradiance (e.g. south Europe) [9]; therefore, Belgium can

not rely only on domestic renewable energy supply in the future [10]. The study

of Limpens et al. [11] already showed the drive toward Power-to-Gas (PtG)

systems to compensate for the need for seasonal storage and flexibility in a

low-CO2 emission society. The hydrogen import coalition showed the economic

feasibility of importing renewable energy to Belgium overseas through the use of

energy carriers [12]. These energy carriers included H2, NH3, methane (CH4),

methanol (CH3OH) and liquid organic hydrogen carriers. The report observed

that producing NH3 and CH3OH in Chile, Oman and Morocco were competitive

against different hydrogen production sites in Belgium [12]. Another advantage

of considering import over local NH3 production is the additional electric load

on the electricity grid when renewables are insufficient to cover the Power-to-

NH3 (PtNH3) system baseload [13]. Although this local production would be

favorable—there is no need for long-distance transport—PtNH3 plants in north-

ern Africa can be beneficial because of the more suitable location in terms of

availability of water and high solar irradiance, than in Belgium, which has a

population-dense coast and low solar irradiance [2, 8, 12].

The transition from the fossil-fueled Haber-Bosch (HB) plant to the renewable-

powered PtNH3 one is encouraged to reduce the global carbon footprint of nitro-

gen fertilizers and to cover the future energy demand [14–16]. The traditional

HB process must operate at a steady-state condition at its nominal conditions.

3



Journal Pre-proof
Jo
ur

na
l P

re
-p

ro
of

With a typical HB process, PtNH3 plants would require, in practice, large H2

tanks and a backup system to continue the NH3 production. This setup is

needed to ensure continuous production when powered by intermittent renew-

able energy in remote locations [8, 17, 18]. The need for large-scale intermediate

storage is highlighted in the work of Osman et al. [19], where the Levelized Cost

Of Ammonia (LCOA) was optimized for a steady-state solar-powered PtNH3

plant. To acquire a continuous NH3 production of 1840 tonneNH3/day through-

out the year, the NH3 plant requires a photovoltaic array capacity of 2.54 GWp,

an electrolyzer capacity of 1.44 GW, 2.26 GWh of battery storage and 23.6 GWh

of H2 storage. This battery capacity has not been realized in practice, e.g. the

Alamitos Energy Storage project in California is currently pursuing a battery

capacity of 0.4 GWh via Lithium-ion technology [20]. Load variations in the

HB plant should be allowed to circumvent the need for enormous battery stor-

age sizes. For example, the patent of Ostuni et al. [21] showed the capability

to regulate the NH3 synthesis system’s load by controlling the reactor’s inlet

temperature, the inert gas concentration and the purge flow rate of the process.

This control over the HB unit reduces the minimal load between 10% to 20%

below the nominal load. The research of Cheema et al. [22] also demonstrated

this capability of extending the flexibility for variable loads with adapted NH3

reactor configurations. Cheema et al. [22, 23] concluded that changing the inert

feed concentration, the feed flow rate and the H2/N2 ratio to the process creates

the highest flexibility for the PtNH3 process to operate when powered by inter-

mittent power sources. Beerbühl et al. [24] developed a heuristic optimization

approach to integrate renewable energies through the optimal sizing and scal-

ing of the chemical processes. The study applied this approach to a non-linear

NH3 synthesis process and established the necessity of using non-linear model-

ing to optimize the scheduling and capacity planning of these H2-based storage

facilities. Other papers, such as the ones of Nayak-Luke et al. [17, 25] and

Palys et al. [26] showed how this scheduling and advanced power management

strategies achieve lower LCOA by minimizing the H2 and N2 buffer tank capac-

ity. In particular, the study of Nayak-Luke et al. [17] presented cost-competitive
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locations in 2030 by adopting this strategic scheduling in combination with a

reduction in the levelized cost of electricity and capital expenses of the elec-

trolyzer. The strategy involved perfect forecasting of solar and wind power over

the year for each location and optimizing the allocation of this electric energy to

the electrolyzer, HB and Air Separation Unit (ASU). This strategic scheduling

aimed at minimizing the H2 buffer storage during the year and maximizing the

total NH3 production to minimize the LCOA. The study included a 30 minute

or hourly time resolution (depending on the location) for this analysis. The re-

sults showed that locations in Europe with high average wind power production

could only reach an LCOA below 450 USD/tonneNH3 when the electrolyzer’s

full load hours (i.e. the ratio of energy consumed and the nominal power of the

electrolyzer) are over 5000 h. Instead, in Northern Africa, the electrolyzer needs

a full load hour between 2500 h and 3000 h to achieve a similar LCOA [17]. This

reduced load hour is achieved by the reduced levelized cost of electricity (with

solar power) for regions with higher solar irradiance [27]. However, these studies

do not consider uncertainties related to changes in cost and energy consumption

while optimizing the design of such energy capture systems. These cost varia-

tions already influenced the traditional NH3 production process, where natural

gas is transformed via the steam methane reforming process to produce H2. To

the recent price increase of natural gas in Europe, the largest fertilizer plant in

Belgium had to temporarily shut down its NH3 and ammonium production [28].

Recently, another NH3 producer decided to terminate its operation in Germany

to these high gas prices [29]. We can avoid this issue with the renewable-

powered PtNH3 plant by considering price variations as economic uncertainty

and including technical uncertainties in the design phase. We can then measure

the collective impact of these uncertainties on the performance indicators, i.e.

price of NH3, efficiency, operational flexibility or carbon footprint.

As uncertainties on the techno-economic PtNH3 system parameters will af-

fect the chosen performance indicators, we have to quantify the total impact of

uncertainties on a performance indicator concerning probabilistic input param-

eters, where Uncertainty Quantification (UQ) can be adopted. In this frame-

5



Journal Pre-proof
Jo
ur

na
l P

re
-p

ro
of

work, crude Monte Carlo Simulation is a state-of-the-art method that quan-

tifies the statistical moments on the performance indicator based on a large

set (104 − 105) of randomly generated scenarios from the distributions on the

input parameters [30]. As a large set of model evaluations is required, the

method is computationally intractable when the model takes more than a few

minutes to calculate the result for a single scenario [31]. Therefore, to ensure

computational tractability on heavy models, surrogate-assisted UQ constructs

a surrogate model of the system model for the space defined by the probabilistic

input parameters (i.e. the stochastic dimension) [32]. Typical surrogate mod-

elling techniques include Kriging [33], support vector machines [34], ANalysis

Of VAriance (ANOVA) [35] and Polynomial Chaos Expansion (PCE) [36]. In

the case of PCE, the statistical moments (e.g. mean, standard deviation) and

the global sensitivity indices (i.e. Sobol’ indices) can be quantified analytically

from the coefficients. In assessing the importance of electrofuels in the Belgian

energy mix, Rixhon et al. [37] used PCE to perform UQ on the total cost of the

future Belgian energy system. They highlighted the importance (53%) of the

uncertainty related to the cost of importing electrofuels.

When uncertainties are considered during model evaluation—and the per-

formance indicators are uncertain—an optimization under uncertainty should

be adopted to optimize the system. For renewable energy systems, stochastic

programming and robust optimization are the most common approaches [38].

Stochastic programming is a scenario-based approach where the expected per-

formance is optimized, considering probabilistic input uncertainties [39]. Za-

karia et al. [40] provided a comprehensive overview of stochastic programming

applications on renewable energy systems. Alternatively, robust optimization in

a Mixed Integer Linear Programming (MILP) framework optimizes the design

under the worst-case combination of the input parameter values [41]. However,

this method’s nested anti-optimization routine to find the worst-case scenario

can become computationally intractable for a high stochastic dimension. Be-

sides, over-conservative designs are generally proposed, as the worst-case design

might correspond to a scenario with nearly zero probability of occurrence [42].
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An alternative robust optimization approach—known as Robust Design Opti-

mization (RDO)—optimizes the expected performance (i.e. the mean) and min-

imizes the variability in that performance (i.e. the standard deviation) while

including all implemented uncertainties simultaneously [43]. Thus, RDO pro-

vides robust designs that are least sensitive to the random environment, defined

by the input uncertainties. Therefore, robust designs are needed to reduce the

sensitivity of these technical and economic uncertainties and quantify the effect

of these uncertainties on (technical or economic) objectives [44].

RDO is commonly adopted in ship design [45], structural mechanics [46] and

aerospace engineering [47]. However, RDO applications on renewable energy

systems remain limited [48]. Recently, Verleysen et al. applied RDO on the

NH3 production of a wind-powered PtNH3 system with a steady-state model in

Aspen Plus [49] and on a dynamic model in Python [50]. Coppitters et al. [51]

optimized the design of a photovoltaic array with battery and H2 storage for the

Levelized Cost Of Electricity (LCOE), illustrating that energy storage reduced

the uncertainty on the LCOE by 42%.

Within this study, we disregard the reconversion of NH3 back to H2 or elec-

tricity and assume that NH3 will be used in the fertilizer or power industries.

This NH3-to-power conversion and its levelized cost of electricity are studied by

Cesaro et al. [52], where three different types of NH3-fueled combined cycle gas

turbines are assumed. The study concluded that the LCOE of NH3-to-power

systems would range between 167 USD2021/MWh and 197 USD2021/MWh by

2040, depending on the fraction of NH3 converted to H2, making it compat-

ible with the combined cycle gas turbines (between 0% and 100%) assuming

an NH3 price of 380 USD2021/tonneNH3 and a plant’s capacity factor of 25%.

Cesaro et al. showed with a sensitivity analysis that the NH3 price significantly

influences the LCOE of the NH3-to-power conversion [52].

In this paper, we performed a robust design optimization on a PhotoVoltaic

(PV) powered grid-connected PtNH3 plant in Belgium and an isolated PV-

powered PtNH3 plant in Morocco, where NH3 is transported through shipping

to Belgium. The novelty of this paper lies within the adoption of combining
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economic and technical uncertainties for a power-to-NH3 plant and optimizing

the design of these plants with an RDO methodology. This study aims to

find the optimal energy efficiency and lowest LCOA while minimizing their

sensitivity to uncertainties. The optimizer determines the size of all individual

components (PV array capacity, the electrolyzer capacity, the backup system,

the buffer tanks, and HB capacity) and power flows to maximize the mean

PtNH3 energy efficiency, minimize the mean LCOA and the standard deviation

of each of these Quantities of Interest (QoI). With a sensitivity analysis, we

can determine the uncertainties that significantly impact these QoI and provide

further recommendations to reduce the sensitivity of each objective.

2. Methodology of the power-to-ammonia plant

This section first introduces the global PtNH3 model, describing how each

component is modeled (Subsection 2.1). Next, the climate data (Subsection 2.2)

and the objectives (Subsection 2.3) are defined. Finally, we describe the RDO

method (Subsection 2.4), combining a meta-heuristic optimizer and a UQ method,

the design variables and uncertainties affecting the cost and system performance

are described.

2.1. Solar-powered ammonia synthesis process

The solar-powered PtNH3 model can be divided into five main parts (Fig-

ure 1). The first part converts solar irradiance to electric energy using PV cells.

The second part transforms the electric energy to H2 and N2, using a Proton

Exchange Membrane (PEM) electrolyzer and an ASU. When the PV power to

the electrolyzer exceeds its capacity, the electrolyzer operates at its maximum

capacity and the excess power is provided to the ASU. When this power again

exceeds the capacity of the ASU, the ASU operates at maximum capacity and

discards any residual power. The third section stores the H2 and N2 gas in

buffer tanks, resulting in a backup power system. A fuel cell stack or grid con-

nection (or both) powers the NH3 process when insufficient power is available

8



Journal Pre-proof
Jo
ur

na
l P

re
-p

ro
ofH2

tank

N2

tank

NH3

tank

electrolyzer

NH3 synthesis

air separation

solar panel

Sun to 
electric power

power to 
H2 & N2

backup system 
and inter-storage

NH3 production

transport

excess
power

discarded
power

fuel cell grid

NH3-fueled ship

Figure 1: The flow chart of the Power-to-NH3 plant where the plant is subdivided into five

groups. The photovoltaic cell converts solar irradiance into electric power. This power is

distributed over the production of H2, N2 and NH3. The intermediate storage buffers the H2

and N2 gas, and a backup system provides power to the HB when there is insufficient solar

power. In the case of the Moroccan PtNH3 plant, a ship transports (and partially use) the

NH3 to Belgium.

to compensate for a set load. We did not include batteries as their capacity is

limited [53], whereas a H2 source is available for the fuel cell to produce elec-

tric power. In the fourth section, H2 and N2 are extracted from the tanks and

provided to the HB to produce NH3. The HB is powered directly by the PV

panels or the backup system (grid and/or fuel cells). In the last section, the

produced NH3 is shipped from the Moroccan PtNH3 plant to Belgium. The

entire solar-powered PtNH3 plant and ship model are developed in Python, as

described in the following subsections.

2.1.1. Photovoltaic cells

To determine the electricity a PV array produces, we imported the model

from the PVlib Python library [54]. This library adopted the models of De Soto

et al. [55], which provided the five electrical parameters to determine the current-

voltage curve at a certain irradiance and temperature for four PV cell types

(monocrystalline, polycrystalline, silicon thin film, triple junction cell) mod-

ules. These electrical parameters were analyzed at standard rating conditions

(irradiance of 1000 W/m2 and cell temperature of 25◦C). In addition, the model

9
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considers the absorbed radiation, incidence angle modifier and air mass modi-

fier (the distance the light travels through the atmosphere) to consider the slope

and location of the installed PV module and the time of the year [55]. However,

this model does not consider the efficiency deterioration of the PV panels over

time by dirt and humidity [56, 57]. The model quantifies the PV panel power

production through a current-voltage characteristic:

IPV = IL − I0

(
exp

(
U + IRs

ndiodeNsUth

)
− 1

)
− U + IRs

Rsh
[A], (1)

for which the parameters are derived from manufacturer data [36]. We adopted

the characteristics of a typical panel, the monocrystalline silicon PV panel (Sun-

power SPR X-19-240-BLK) [58], as a reference for the operation of the PV array.

2.1.2. Proton exchange membrane electrolyzer and hydrogen tank

We adopted a PEM electrolyzer, which promises a fast response time (<1 second)

and full operational flexibility. These characteristics are crucial when coupled

with an intermittent renewable energy supply [59]. The H2 production of a

PEM electrolyzer is directly related to the operating current:

ṅH2 = IPEM
2F

[mol/s], (2)

where IPEM is the current in A and F is Faraday constant (96 485 s/(A mol)).

To derive the operating current from the applied electric power, we adopted

the voltage-current characteristic from Abdin et al. [60]. The operating cur-

rent considers the open-circuit voltage Uoc, activation overpotential Uact, ohmic

overpotential Uohm and concentration overpotential Ucon, which depend, among

others, on the operating temperature, pressure and current:

UPEM = Uoc − Uact − Uohm − Ucon [V], (3)

We refer to Abdin et al. [60] for the details on the quantification of these over-

potentials.

The produced H2 is then stored in a H2 tank, where we define the energy

stored in this tank by the Lower Heating Value (LHV) of H2 (120 MJ/kg) and

10
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the mass of H2 in the tank in kg.

EH2 = LHVH2mH2 [MJ] (4)

A minimum capacity of 10% is assumed to allow a maximum depth of discharge

of 90% as described by Wang et al. [61]. We did not consider the intermediate

compression of H2 as it would require additional steps in power management

and assumed no pressure and mass losses inside the tank. These mass losses

occur during production and long-term H2 storage (above one month) where

Genovese et al. [62] showed that these losses mainly occur during pipe leakages,

malfunctioning valves and maintenance activity. The study reported monthly

H2 losses between 2% and 37%, which mainly depended on the system mainte-

nance, operation and storage level of the piping, buffer tank and compressors

during each month. We need to minimize its capacity to reduce the cost related

to this H2 tank, as presented by Nayak-Luke and Bañares-Alcántara [17].

2.1.3. Air separation unit and nitrogen tank

The ASU generates N2 gas obtained from the air. The energy efficiency of

the ASU varies depending on the adopted process (membrane, pressure swing

adsorption or distillation), where the range of an ASU energy consumption

ranges between 0.108 kWh/kgN2 and 0.119 kWh/kgN2 [17, 25, 63]. We included

the three technologies in the system design procedure as the ideal size of this

solar-powered NH3 plant is investigated. To avoid modeling the intrinsic char-

acteristics of the three processes, we implemented a linear relationship between

the N2 gas production (in kg/h) and the hourly electric energy consumed by

the ASU with an uncertain energy efficiency between the identified range.

The produced N2 is then assumed to be stored in an N2 tank. Like in the case

of the H2 tank, the optimizer needs to minimize the maximum capacity of the

N2 tank (in kg) as presented by Nayak-Luke and Bañares-Alcántara [17]. We as-

sume the same maximum depth of discharge of the H2 tank and no pressure and

mass losses inside the tank. We integrated a capital expense of 19.0 euro/kgN2

related to the size of the N2 tank as indicated by Palys et al. [64].

11
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2.1.4. Haber-Bosch synthesis process

The Haber-Bosch Synthesis (HBS) process synthesizes the H2 and N2 gas

with a catalyst to NH3. The efficiency of this synthesis loop depends on various

operating conditions and design parameters, e.g. the loop pressure (ranges be-

tween 150 bar and 250 bar), the temperature inside the NH3 reactor (reaching

between 350◦C and 550◦C), the catalyst material, the type of separation process

(via a condensation or pressure swing adsorption system) and the reactor config-

uration (direct or indirect cooling). This combination of elements and the capac-

ity of the NH3 synthesis system results in different energy consumptions for the

HB process (between 0.532 kWh/kgNH3 and 0.852 kWh/kgNH3) [17, 18, 25, 65].

We integrated a linear relation between the NH3 production (in kg/h) and en-

ergy efficiency to avoid the development of a high-fidelity, non-linear model,

creating a computational burden during the design optimization. To compen-

sate for the linearization of the HB model, we implemented an uncertainty on

this energy consumption (EHBS). We assumed in this linear model that the

process will constantly operate at a H2/N2 ratio of 3:1. In this regard, for each

17 kg of produced NH3, 14 kg of N2 and 3 kg of H2 gas are removed from their

respective buffer tanks. In addition, the load can only increase with steps of

20%/h between a designed minimum load and full load [64]. If the electric power

to the HB increases and is larger than 20% of the previous load, the load will

increase by 20%. The power diverges to the electrolyzer whenever this load is

lower than 20%. When the power from the solar park decreases and is lower

than 20%, the load will decrease by 20%. The backup system compensates

for any difference between the energy consumption of the HB and the electric

power. In addition, when the H2 tank operates at its minimum (maximum)

capacity to the seasonal availability of solar irradiance, the NH3 production will

decrease (increase). So, the NH3 production will change to allow the H2 buffer

tank to recover from its boundary levels. For example, when the buffer tank

reaches its maximum capacity, a higher NH3 production during the night can

occur, or when the buffer tank reaches its minimum capacity, the NH3 produc-
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tion will be minimized during the day. This load scheduling shows an improved

overall efficiency and levelized cost to the decreasing dependency of grid or large

backup systems in combination with the high H2 storage cost [25, 64].

2.1.5. Backup system

We incorporated a backup system to accommodate a steady power supply to

the ramp-limited HB process. So when there is insufficient electric power, e.g. a

sudden decrease in solar irradiance or powering the plant at night, this backup

system provides enough power to the HB to continue the NH3 production. This

backup system could be provided via a dispatchable grid or a fuel cell stack.

For the case of Belgium, we assume that a power grid is always available, like

in the case of Armijo and Philibert [18]. To reduce this grid dependency, a

fuel cell stack can be deployed like in the study of Palys et al. [64]. For Mo-

rocco, we assume this plant will be grid-isolated and fully backed up by a fuel

cell-based system like in Nayak-Luke et al. [25]. We chose this configuration

(grid-connected Belgian case and grid-isolated Moroccan case) because of the

countries’ different technical and environmental situations. A high-voltage grid

connection is already available in Zeebrugge [66] to transfer the off-shore wind

energy and inject it into the electricity grid. For Morocco, this high-voltage

grid connection is unavailable in Aglou [67]. In addition, the carbon intensity

of the electricity production in Morocco in 2022 was 0.61 kgCO2/kWh, while the

carbon intensity of Belgium in 2022 was 0.157 kgCO2/kWh [68]. As the carbon

intensity of Morocco is 3.89 times higher than in Belgium, and the high-voltage

connection is not available in Aglou, we did not consider a grid-connected PtNH3

plant in Morocco. Liu et al. indicated that the grid’s carbon footprint influences

the PtNH3 plant depending on how the grid is used, e.g. as a backup to en-

sure a constant NH3 production or powering the electrolyzer [69]. The authors

demonstrated that if H2 is produced solely via the grid with a carbon footprint of

0.6 kgCO2/kWh, the carbon footprint of NH3 would be 5.9 kgCO2/kgNH3 , which

is between 2 and 3 times larger than the traditional NH3 plant [69]. In addition,

when the grid is used as backup power to ensure a constant NH3 production,
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the carbon footprint would drop to 0.27 kgCO2/kgNH3 . When the grid’s carbon

footprint decreases to 0.3 kgCO2/kWh, the carbon footprint of NH3 would go to

0.13 kgCO2/kgNH3 [69]. When considering the impact of the cost of a grid con-

nection, Salmon et al. examined the influence of a grid-connected PtNH3 plant

which can only consume from the grid. They demonstrated that a reduction of

LCOA is always achieved. However, this reduction depends on the location’s

renewable energy potential, the average levelized cost of electricity and if there

is already a grid connection [70]. For our work, whenever there is no grid and

the backup capacity is insufficient to support the HB process at a particular

hour, the NH3 production is set to zero for the residual year.

The PEM fuel cell is characterized similarly to the PEM electrolyzer. The

voltage-current characteristic is adopted from Murugesan et al. [71], which has

been validated on the Ballard-Mark-V PEM fuel cell:

UPEMFC = UNernst − Uact − Uohm − Ucon [V]. (5)

We refer to the work of Murugesan et al. [71] for the detailed quantification of

these overpotentials.

2.1.6. Ammonia-fueled ship model

A ship transports NH3 from Morocco (Aglou) to Belgium (Zeebrugge), where

we adopted a ship with an NH3-based engine propulsion system. This propulsion

system removes the need for heavy fuel oil as the current maritime fuel. Several

projects have shown interest in decarbonizing the maritime sector by adopting

NH3 or H2 as an alternative fuel [72, 73]. NH3 is chosen in this study because

of its lower onboard storage costs than H2 [74], while the combustion of NH3

provides for short-term reduction of greenhouse gasses and lower costs than fuel

cells [75]. Therefore, we adopted the ship model with an NH3-fueled internal

combustion engine reported in Kim et al. to transport NH3 across the two

countries [74]. The reported ship has a maximal capacity of 500 refrigerated

containers (reefers) with a volume of 28.3 m3. We assumed the transported

NH3 is stored as a liquid at a pressure of 11 bar and 27◦C, having a density of
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600 kg/m3 [76]. We integrated the same ship model (Case 2 in Kim et al. [74])

and its load profile while including the economical parameters of the ship’s

components. The study reported a daily fuel consumption of 69.9 tonneNH3

with 250 reefers, which could transport 4290 tonne NH3 with each trip in our

case. However, we adapted the electric service profile of the ship with a linear

scaling factor. This scaling factor allows the optimizer to design the total reefer

capacity of the ship, i.e. more reefers on the ship can transport more NH3

but increase fuel consumption. When the number of reefers is relatively small,

e.g. one reefer, less NH3 is transported, and less fuel will be consumed (21.6%

less fuel consumption between a capacity of 1 and 500 reefers). Based on the

maximum speed of the ship (a maximum speed of 19 knots [74]), the ship will

spend between 3 and 4 days traveling from Aglou to Zeebrugge [77]. We refer

to the study of Kim et al. for more details on the ship’s fuel consumption and

the related cost of the propulsion system [74].

2.2. Climate data

As climate data, we adopted the hourly ground solar irradiance and ambient

temperature in Belgium (Zeebrugge) and Morocco (Aglou) to the PV-powered

PtNH3 plant (Figure 2). This climate data is obtained via renewables.ninja [78].

We observe a significant difference (41.8%) in the yearly solar irradiance in the

two locations. The location in Morocco (Aglou) shows a more stable solar

irradiance over the year, whereas the solar irradiance in Belgium (Zeebrugge) is

more affected by the weather and seasons.

2.3. Quantities of interest

This work aims to optimize the system according to two critical aspects

during the design phase of a PtNH3 plant, i.e. the energy efficiency and the lev-

elized cost of NH3. Optimizing the design to increase energy efficiency results in

a lower energy consumption to produce the same amount of NH3. Considering

the levelized cost of the PtNH3 system during the design optimization ensures

that the design is economically viable and can compete with traditional NH3
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(a) Hourly ground-level solar irradiance

data of Zeebrugge (Belgium) and Aglou

(Morocco).
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(b) Hourly air temperature data of

Zeebrugge (Belgium) and Aglou

(Morocco).

Figure 2: Climate data of Zeebrugge (Belgium) and Aglou (Morocco) [78].

production methods. Therefore, the techno-economic QoIs for the PtNH3 sys-

tem are the LCOA and the total energy efficiency of the PtNH3 plants (ηe).

The LCOA is defined as:

LCOA =
∑

i

(
CAPEXa,i + OPEXa,i

)
+ Cgrid

mNH3

[euro/tonneNH3
], (6)

where the LCOA depends on the total annualized investment cost (CAPEXa,i)

and annualized operational cost (OPEXa,i) of each component i, the grid cost

(Cgrid) and the yearly NH3 production (mNH3). We implemented the method

of Zakeri and Syri [79] to convert the capital expense per installed capacity

(CAPEXi) of each component i to its annualized investment cost (CAPEXa,i)

by considering the Capital Recovery Factor (CRF ) of each component:

CAPEXa,i = CRF Ci CAPEXi, (7)

where Ci is the installed capacity of component i. The CRF factor is defined

by the components lifetime n and the real discount rate r:

CRF = r(1 + r)n

(1 + r)n − 1 , (8)

where the real discount rate r is determined by the inflation rate f and the

discount rate at the start of the loan rstart:

r = rstart − f

1 + f
. (9)
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We considered a lifetime of 30 years for each component of the PtNH3 plant and

ship [17, 18], used a starting discount rate of 4%, an inflation rate of 2% while

adopting a grid price of 71.5 euro/MWh [51]. The following subsection provides

further details on each component’s CAPEX and OPEX. The technical quantity

of interest is the energy efficiency of the plant. As the energy consumption of

the HB and ASU are linearized, we can quantify the impact of this linearization

on the energy efficiency as our QoI via the UQ analysis of certain designs.

This linearization imposes an inaccuracy in the performance of these systems

at partial loads, as is described by Schulte Beerbühl et al. [24]. By adopting

an uncertainty on the energy consumption, we can measure the effect of this

linearization on this QoI. We defined this energy efficiency as the ratio of the

total NH3 production (ENH3) and the total amount of energy (Etotal) provided

to the system.

ηe = ENH3

Etotal
[−] (10)

This total energy is composed of two parts: the energy provided to the system

via the PV panels (EPV) and the energy supplied by the grid (if the grid is

available). To penalize the excessive storage or usage from the H2 and N2 buffer

tanks, the energy in these tanks is subtracted from the produced NH3. This

penalization avoids the buildup or single use of H2 and N2 in the buffer tanks

when the PV array is oversized or undersized, respectively. The energy efficiency

of the PtNH3 plant design is therefore defined as follows:

ηe = mNH3 · LHVNH3 − |EH2,tank| − |EN2,tank|
EPV + Egrid

[−], (11)

where mNH3 amount of NH3 produced over the year in kg, LHVNH3 is the Lower

Heating Value of NH3 (18.6 MJ/kgNH3), EH2 and EN2 are the energy in the H2

and N2 tank at the end of the year, EPV is the electric energy produced by

the solar panels and Egrid is the consumed grid energy in MJ. We compute the

N2 energy based on the N2 mass in the tank at the year’s end and the ASU’s

specific energy consumption.
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2.4. Robust design optimization

We use a UQ analysis to quantify the sensitivity of the objectives towards

the d uncertain parameters. When obtaining the objectives’ statistics (mean

and standard deviation), we can use a meta-heuristic optimizer to find the set

of optimized design variables of the PtNH3 process concerning these statistical

moments. These principles are implemented in the RDO Python framework

Robust design optimization of renewable Hydrogen and dErIved energy cArrier

systems (RHEIA) [80], where the genetic algorithm acts as the outer loop, pro-

viding sets of design samples v to the energy model (Figure 3). Then, an inner

time

ξj ξj

min

max

Energy
model

Output

v = [v1,v2,...vn]

PCE

NSGA-II

ξ= [ξ1,ξ2,...,ξd]

e.g. solar irradiance Uncertainty loop

Optimized
decision
variables

Pareto front

Global results

Statistics

decision variables v
ranges on 

distribution type
and ranges of

uncertainties ξ

Optimization loop

input data

v1 v2 vn

Figure 3: Robust design optimization algorithm where the genetic algorithm operates as the

outer loop and the PCE in the inner loop. In the outer loop, the NSGA-II algorithm provides

a set of design samples to the energy model (i.e. PtNH3 model). Then, in the inner loop,

the PCE algorithm computes the mean and standard deviation of each objective (i.e. LCOA

and energy efficiency) for each design sample. These statistical moments (mean and standard

deviation for LCOA and energy efficiency) are provided to the genetic algorithm as objectives.

loop is initiated where each design sample vi undergoes an uncertainty quan-

tification analysis. The analysis determines the mean and standard deviation

on the QoI for that design sample by propagating the d uncertain parameters

ξ. The mean and standard deviation for each QoI from each design sample set

is then fed back to the genetic algorithm. The best-performing design samples
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are stored, and new design samples are generated, for which the mean and stan-

dard deviation on the QoI is quantified again in the inner loop. This process is

repeated until a stopping criterion is met, which evaluates these results and pro-

ceeds to generate new designs that need to be evaluated in the uncertainty loop.

Further details on the applied genetic algorithm and uncertainty quantification

method are described next.

2.4.1. Genetic algorithm: the RDO’s outer loop

We implemented the multi-objective Nondominated Sorting Genetic Algo-

rithm (NSGA-II) [81] to determine the model’s optimized set of design vari-

ables. In the first generation, the algorithm produces an initial set (population)

of design samples (N samples) through Latin Hypercube Sampling (LHS) [82].

These design samples are then evaluated through the energy model and assigned

a fitness value (the objective function). From these values, the algorithm de-

termines the best fitness values according to two performance indicators: the

rank of each design and its crowding distance. The rank is assigned through the

non-dominated sorting concept. This concept defines that design A dominates

design B when no objective of design B is performing better than any objec-

tive in design A, and at least one objective of design B is performing better for

the same objective of design A. Each non-dominated design is then assigned a

rank, e.g. rank 1, which corresponds to the first non-dominated front. Then,

these designs are removed from the original population, and the residual designs

are ranked, i.e. rank 2, and removed from the population. This procedure is

repeated until every design is assigned a rank. After the design ranking, the

crowding distance assigns each design a measure of how close a fitness value is to

the other fitness values. A larger crowding distance results in greater diversity

in the population, which could aid in finding better fitness values [83]. After

the non-dominating sorting and crowding distance operations, a second design

sample set (second generation) of N samples is created via selection, crossover

and mutation operators of the first generation. Selection is based on the rank

and the crowding distance, where the design with the best rank and largest
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crowding distance is selected over other designs. In the crossover step, designs

are combined to form a new unique design. Lastly, mutation randomly changes

a part of a design to increase the diversity within the population. After evalu-

ating the second generation, the first and second generations of design samples

are combined, creating a 2N sample set. The fitness values of this combined set

are ranked again according to their non-dominance and crowding distance. The

best N samples of one or multiple non-dominance levels and crowding distances

are adopted in the next generation through the same selection, crossover and

mutation procedures, creating the next generation of designs [84]. This itera-

tive process is repeated until a predetermined number of generations is achieved

(computational budget is exceeded), or the simulation converges towards a so-

lution (stopping criterion). Depending on the relation between the multiple

objectives, the optimized set of design samples can converge to a single opti-

mized design sample (i.e. non-conflicting objectives) or a set of optimized design

samples (i.e. conflicting objectives). In such a set of optimized design samples,

each sample dominates every other sample in at least one objective, i.e. Pareto

frontier.

2.4.2. Polynomial Chaos Expansion: the RDO’s inner loop

The PCE algorithm is adopted to quantify the impact of the uncertainties on

the QoI [85, 86]. This technique provides a computationally efficient alternative

to the slow but always converging Monte Carlo simulation technique, which

needs above 104 number of samples to converge to the mean and standard

deviation, as was the case in the study of Laššák et al. [87] and Torre et al. [88].

This MCS method is intractable when we subjugate an expensive-to-evaluate

model. To quantify the mean and standard deviation of the QoI efficiently

and with fewer training samples, the PCE algorithm creates a surrogate model

M̂(ξ) of the expensive-to-evaluate model M(ξ) based on multivariate orthogonal

polynomials Ψi and corresponding coefficients ai:

M(ξ) ≈ M̂(ξ) =
P∑

i=0
aiΨi(ξ). (12)
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When P in Equation 12 is infinite, the surrogate model is an exact representation

of the physical model. In practice, the series is truncated depending on the

complexity of the input-output relation (related to the polynomial order p of the

polynomials Ψi), and the stochastic dimension d (corresponding to the number

of imposed uncertainties) [89]. The number of terms P for constructing the

truncated series is defined by:

P + 1 = (p + d)!
p!d! . (13)

As the multivariate orthogonal polynomials Ψi(ξ) can be determined and the

response of the model M(ξ) is known, the coefficients ai can be calculated via

regression of 2(P +1) training samples necessary to determine these coefficients.

When the PCE surrogate model is constructed, the mean µ and the variance

σ2 are derived analytically from the coefficients:

µ = a0, (14)

σ2 =
P∑

i=1
a2

i . (15)

Next to the statistical moments of the QoI, the contribution of each input pa-

rameter to the objective variation can be quantified through Sobol’ indices S.

The first-order Sobol’ indices (i.e. no input parameter interaction considered)

are defined as:

Si = Di

D
= Var[M(ξi)]

Var[M(ξ)] . (16)

Similar to the mean and variance, these first-order Sobol’ indices can be quan-

tified analytically via the PCE coefficients:

SP CE
i =

∑

α∈Ai

a2
α/D Ai = {α ∈ A : αi > 0, αj ̸=i = 0}. (17)

The total Sobol’ indices ST,P CE
i can be computed to consider the interaction

between other input parameters:

ST,P CE
i =

∑

α∈AT
i

a2
α/D AT

i = {α ∈ A : 0 < αi}. (18)
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The Leave-One-Out (LOO) cross-validation estimate can determine the accu-

racy of the PCE surrogate model. This LOO error (ϵLOO) quantifies the effect

of removing one sample (i) from the training set and creating a PCE surrogate

model M̂/i from the residual training samples. Then the difference between

the outcome of the actual model M and the surrogate model M̂/i is quantified.

Ultimately, the LOO error represents the mean square error of these differences

if each training sample is removed once [83]:

ϵLOO = 1
n

n∑

i=0
(M(ξi) − M̂/i(ξi))2. (19)

To the properties of the PCE, this LOO error can analytically be computed via

one PCE surrogate model M̂(·) as is presented by Blatman et al. [90]. Finally,

to accurately determine the mean, standard deviation and Sobol’ indices, the

LOO error needs to be minimized. We can decrease the LOO error by increasing

the polynomial order p. This process can be repeated but would increase the

number of training samples from the expensive-to-evaluate model and could lead

to overfitting, increasing the LOO error instead [31].

In conclusion, combining the NSGA-II and PCE provides a method to per-

form RDO on the PtNH3 model. The PCE algorithm determines the sensitivity

of a particular design according to the input uncertainties and provides the mean

and standard deviation of each QoI to the NSGA-II. This NSGA-II ranks each

design according to the mean and standard deviation of each QoI and generates

new design samples based on the most optimal results. This RDO methodol-

ogy provides designs with optimized mean and lowest standard deviation, i.e.

robust, of each objective.

2.4.3. Design space and uncertainty characterization

The PtNH3 system is sized according to a set of design variables to minimize

the levelized cost and maximize the system’s efficiency. We selected eleven de-

sign variables that influence these objectives (Table 1). From these eleven design

variables, eight design variables are used for sizing an individual component, i.e.

the PV array capacity, the PEM capacity and FC stack size, the HB process
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capacity, the H2 and N2 tank capacity and the number of reefers. The capacity

ranges of these design variables are based on the results of the metaheuristic

optimization used in the study of Nayak-Luke et al. [17]. This study showed

in a deterministic environment (i.e. no uncertainties) for Belgium and Morocco

that the optimized capacity size of the electrolyzer ranges between 168 MW and

262 MW and the H2 tank capacity ranges between 44 ton and 132 ton. The

residual three design variables are dedicated to the power distribution between

the PEM stack and the HB process and determining the optimal minimal load

of the HB process.

Table 1: Ranges of the design variables to be optimized by the NSGA-II algorithm.

Design variable Minimum Maximum Unit

PV capacity 1 106 [kWp]

PEM capacity 1 106 [kW]

FC capacity 1 105 [kW]

HBS capacity 1 105 [kW]

ASU capacity 1 105 [kW]

H2 tank 1 105 [kg]

N2 tank 1 105 [kg]

reefer 1 500 [-]

fraction PPV to PHBS 1 20 [%]

fraction (PPV− PHBS) to PPEM 80 99 [%]

HBS minimal capacity 10 50 [%]

For the uncertainty characterization, we identified seventeen uncertainties

divided into twelve economic and five technical uncertainties. These economic

uncertainties are extracted from the reported PtNH3 studies, where these studies

imposed deterministic values for the CAPEX and OPEX of the corresponding

components. As these costs vary between these reports, we imposed the related

CAPEX as uncertainties and converted the reported currencies to euro2022. The

range of each component is then determined and used as a uniform uncertainty
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(Table 2). The uncertainty range of the OPEX of each component is considered

between 1% and 3% of the corresponding components CAPEX.

Table 2: Economic uncertainty ranges of the capital and operational expenses of components

of the PtNH3 plant, where the reported currencies are converted into euro2022.

Component CAPEXi

Minimum Maximum Unit Source

PV 350 921 [euro/kWp] [17, 18, 26, 51]

PEM 482 1223 [euro/kW] [8, 17, 18, 26, 91]

HBS 455 5317 [euro/kW] [18, 26, 91]

ASU 1391 7162 [euro/(kg/h)] [17, 18, 26, 92]

FC 921 2400 [euro/kW] [17, 18, 26, 51]

H2 tank 189 1420 [euro/kg] [17, 18, 26, 93]

Table 3: Technical uncertainty ranges of the Power-to-NH3 plant.

Component Minimum Maximum Unit Source

Specific energy consumption HBS 0.532 0.852 [kWh/kg] [16–18, 25, 65]

Specific energy consumption ASU 0.108 0.119 [kWh/kg] [17, 25, 63]

Hourly solar irradiance Belgium deviation -4.19 4.19 [%] [94]

Hourly solar irradiance Morocco deviation -3.11 3.11 [%] [94]

Hourly temperature Belgium deviation -0.589 0.589 [◦C] [94]

Hourly temperature Morocco deviation -0.145 0.145 [◦C] [94]

Shipping day (one trip) 3.0 4.0 [days] [77]

For the first four technical uncertainties, we implemented the energy effi-

ciency ranges of the HB process, the air separation, the solar irradiance and

the ambient temperature of both locations (Table 3). We based the uncertainty

of these locations’ solar irradiance and ambient temperature on weather data

for 11 years (between 2005 and 2016) [94]. In Aglou (Morocco), we observed

a relative standard deviation on the yearly global irradiance and ambient tem-

perature of 3.11% and 0.145◦C, whereas, in Zeebrugge, these values correspond

to 4.19% and 0.58◦C. These uncertainties scale the hourly solar irradiance and
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temperature of the climate data of Morocco and Belgium. The fifth technical

uncertainty considers the time the ship travels from one port to another. Ac-

cording to a calculation tool [77], the ship takes between 3 and 4 days to reach

the other port, which affects the ship’s fuel consumption, whereas the ship is

fueled by the NH3 transported in the ship. We consider these uncertain tech-

nical parameters as uniform distributions (as we do not hold information on

the distribution) except for the solar irradiance and temperature; we consider

them Gaussian distributions as these uncertainties possess natural randomness

[49, 86, 95].

3. Results and discussion

In this section, we first present the design optimization results (with and

without uncertainties) and compare the deterministic and robust design cases

(Subsection 3.1). Afterward, we discuss and compare the key design variables

of the Moroccan and Belgian PtNH3 processes (Subsection 3.2). Finally, we

present the sensitivity indices of the uncertainties and discuss their influence on

the results (Subsection 3.3).

3.1. Deterministic versus robust design optimization

For the NSGA-II algorithm, we choose a population N of 30 for each gen-

eration and a computational budget of 500 generations. The Deterministic

Design Optimization (DDO) resulted in both cases in a Pareto front (Fig-

ure 4a). The Belgian case attains higher energy efficiencies (55.1%) than the

Moroccan case (51.7%) at slightly higher cost (2305 euro/tonneNH3 compared

to 2238 euro/tonneNH3 for Morocco). The efficiency difference between these

two points is related to the backup system (fuel cell stack) and transport of

NH3, where each system uses H2 or NH3 as a fuel to power the plant via a

fuel cell during the night or the ship during transport. The backup system and

the ship account, respectively, for a 0.3% and 2.5% reduction in energy effi-

ciency for the Morrocan case. When comparing the levelized cost of NH3, the
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Moroccan plant achieves a design with the lowest LCOA at a higher efficiency

(540 euro/tonneNH3 and 45.7%) than the Belgian plant (757 euro/tonneNH3 at

50.9%). This Belgian LCOA is comparable to the ones found in the paper of

Nayak-Luke et al. [17]. Nayak-Luke et al. observed that the LCOA of Bel-

gium ranges between 731 euro2022/tonneNH3 and 1258 euro2022/tonneNH3 (be-

tween 737 USD2020/tonneNH3 and 1269 USD2020/tonneNH3). For the LCOA of

Morocco, Nayak-Luke et al. found an optimal cost of 751 euro2022/tonneNH3

(757 USD2020/tonneNH3). For this case, our study considers different technical

and economic parameters, whereas the study of Nayak-Luke et al. included wind

power and location-dependent discount rates while excluding the shipping cost

to deliver NH3 to Belgium. However, the ship’s cost (1% of the component cost)

and fuel consumption (6.55% of the produced NH3) are marginal. In compar-

ison, we adopted for the deterministic optimization of both cases the average

economic and technical parameters from other studies [8, 18, 26, 51, 91, 92] re-

lated to the cost of PV, PEM, ASU, HB and H2 buffer tank, where these values

differ from the ones reported in Nayak-Luke et al. [17]. Therefore, to include

the uncertainties related to these parameters, the robust design optimization of

the PtNH3 of both locations must incorporate the range of possible values of

540 757
2238

2305
LCOA [euro/tonneNH3]

45.7

50.9
51.7

55.1

Energy
efficiency

[%]

Morocco

Belgium

(a) Results of deterministic design

optimization

2963

(b) Results of robust design optimization

Figure 4: Deterministic and robust design optimization of PV-PtNH3 plant of the Belgian

and Moroccan case where maximizing the energy efficiency and minimizing levelized cost of

NH3 results in a trade-off.
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these technical and economic parameters.

We selected the same NSGA-II parameters as the DDO for the RDO and

chose a polynomial order p of 3 for the PCE algorithm. This polynomial order

allowed a LOO error on the surrogate models of 2.97% on average. The RDO

shows a similar Pareto front between maximizing the mean efficiency and min-

imizing the mean levelized cost of NH3 (Figure 4b). Compared to the DDO,

the uncertainties affect the LCOA and the energy efficiency in both cases. Sim-

ilar to the DDO results, the Belgian RDO case attains a higher mean energy

efficiency (54.8%) than the Moroccan case (52.2%) at a lower mean LCOA

(2594 euro/tonneNH3 versus 2963 euro/tonneNH3). Still, the Moroccan plant

achieves a lower LCOA at a higher efficiency (601 euro/tonneNH3 and 45.4%)

than the Belgian plant (852 euro/tonneNH3 at 40.9%). Other trade-offs exist

between optimizing the mean and minimizing the standard deviation of each

objective (Figure 5). These results show the standard deviation of the LCOA

and energy efficiency of both cases can be reduced by adapting the design. Also,

the Moroccan plant shows a small trade-off in LCOA between the lowest mean

(a) Trade-off between mean and standard

deviation LCOA

(b) Trade-off between mean and standard

deviation energy efficiency

Figure 5: Pareto fronts of the mean and standard deviation of the LCOA and energy efficiency

for the Belgian and Moroccan cases. The design trade-off between LCOA’s mean and standard

deviation of Morocco outperforms the designs on the Pareto front for the Belgian scenario.

However, the optimized designs for the Belgian scenario outperform those for the Moroccan

scenario in terms of expected efficiency (i.e. the mean) and robustness (i.e. the standard

deviation).
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and lowest standard deviation (Figure 5a). Between these extremes, there is a

difference of 4.65 euro/tonneNH3 in standard deviation and 140 euro/tonneNH3

in mean. For the Belgian case, a similar design trade-off was observed where a

difference of 8.92 euro/tonneNH3 in standard deviation and 12.0 euro/tonneNH3

in mean. In terms of energy efficiency, a small trade-off exists between the high-

est mean efficiency and the most robust design in the case of Belgium (12.7%

difference in mean efficiency and 0.31% in standard deviation). The trade-off for

the Moroccan case is similar to the Belgian case, where a difference of 7.50% is

observed in mean energy efficiency and 0.63% in standard deviation (Figure 5b).

In summary, the Belgian plant can reach higher mean and lower standard devi-

ations in energy efficiency than the Moroccan plants. A part of the Moroccan’s

NH3 production has to be consumed by the ship to transport the remaining NH3

from Morocco to Belgium, thus resulting in lower mean energy efficiencies. In

contrast, the Morrocan plants can achieve lower mean and standard deviations

in LCOA than the Belgian plants with the lowest mean and standard deviation.

3.2. Key design variables

The Pareto fronts are defined by two key design variables: the capacity of the

PV array and the PEM electrolyzer stack. This influence is best observed by the

ratio of the PV over the PEM for each design (Figure 6). For the lowest mean

LCOA of both cases, we observe that a PtNH3 plant with a larger PV capacity

than the PEM electrolyzer stack results in smaller levelized costs. The optimizer

selects smaller electrolyzer capacities to reduce the plant’s levelized cost as the

PEM has a higher capital cost per power unit than the PV (852.5 euro/kW ver-

sus 635.5 euro/kWp) on average. For the Morrocan case, the PV array capacity

is 6% larger than the PEM electrolyzer capacity, while for the Belgian case, this

is 139% (Figure 6a). This scale discrepancy is due to the climate difference;

Belgium has a lower yearly solar irradiance (1101 kWh/m2/year) compared to

Morocco (2304 kWh/m2/year), and the electricity production is also more af-

fected by seasons than in Morocco. In both cases, the LCOA increases when the

PV capacity decreases compared to the PEM capacity. However, this decrease
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improves the mean energy efficiency (Figure 6b). As the PV and PEM capacities

ratio decreases, more electric solar power is available to power the electrolyzer,

decreasing the power input per electrolytic cell. This power decrease causes an

increase in the electrolyzer cell efficiency as the overpotential losses are reduced

due to lower current densities (Equation 3). In addition, we observe the same

influence on the fuel cell capacity in the Moroccan case. To attain higher effi-

ciencies, the fuel cell capacity increases from 1.56 times the capacity of the HB

process (for the lowest LCOA mean) to 8.12 times (for the highest mean en-

ergy efficiency). Like with the electrolyzer, the fuel cell system is more efficient

when the system becomes oversized, which increases the capital expenses but

increases the energy efficiency of the PtNH3 plant. In the case of Belgium, the

fuel cell capacity is negligibly small, where all designs are fully grid-dependent.

In addition, we observe that a minimal load between 10.0% and 12.3% of the

NH3 process is necessary to attain an efficient and low-cost design. Therefore,

this optimization shows that an HB process that produces NH3 at lower oper-

ating loads is necessary to create an energy-efficient and cost-effective PtNH3

plant. So, further developing a flexible HB is vital for the future application of

these seasonal energy capture systems.

(a) The PEM/PV capacity ratio influence

on the mean LCOA

(b) The PEM/PV capacity ratio influence

on the mean efficiency

Figure 6: The ratio of the PEM and PV capacities influences the mean LCOA and efficiency

of the Belgian and Moroccan cases.
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3.3. Sensitivity indices

The sensitivity indices show for the analyzed designs the impact of each

uncertain input parameter on the LCOA or energy efficiency. After analyzing

the impact of all uncertainties, we present and discuss the three uncertainties

with the most significant impact on each design and each objective.

In the UQ analysis of the designs with the lowest mean and lowest stan-

dard deviation in LCOA, we observe that these designs are all sensitive to the

CAPEX uncertainties of the PEM electrolyzer (CAPEXPEM) and the PV ar-

ray (CAPEXPV) (Figure 7a). In the Belgian case, the PV and PEM CAPEX

uncertainties impact the standard deviation by 54.0% and 15.1% for the lowest

mean LCOA design and 59.0% and 15.9% for the most robust design. For the

Moroccan case, the lowest mean LCOA design is affected by the CAPEX uncer-

tainty of PV and PEM electrolyzer by 31.2% and 42.3%, respectively. For the

Morrocan plant with the robust LCOA design, the PV and the PEM CAPEX

uncertainties dominate the standard deviation by 46.5% and 28.2%. The pre-

vious section shows that the impact difference originates from both cases’ PV

and PEM capacity. The PV capacity of the Belgian case with the lowest mean

LCOA is 2.25 times larger than the lowest mean LCOA Moroccan case. So the

PV CAPEX uncertainty has a more significant impact on the standard devia-

EHBS

OPEXPV

CAPEXPV

CAPEXPEM

Mean LCOA Belgium
Standard deviation LCOA Morocco

Standard deviation LCOA Belgium

Mean LCOA Morocco

(a) Sobol’ indices of the designs with

lowest LCOA in mean and standard

deviation.

Standard deviation η Belgium

daysship

EHBS

solar
irradiance

Mean η Belgium
Standard deviation η Morocco

Mean η Morocco

(b) Sobol’ indices of the designs with

highest energy efficiency in mean and

lowest standard deviation.

Figure 7: The UQ analysis shows that six out of nineteen uncertainties dominate the LCOA

or energy efficiency of the PtNH3 plant in Morocco and Belgium.
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tion. If we look at the third largest Sobol’ indices for the LCOA-related cases,

we observe a difference between each objective and each case. In the robust

Belgian and Moroccan case, the OPEX uncertainty of the PV (OPEXPV) has

the third largest effect (7.5% and 5.8%) on the standard deviation. This cost

factor directly affects the levelized cost, as the PV CAPEX uncertainty also

significantly affects this specific design. For the designs with the lowest mean

LCOA in Belgium and Morocco, the UQ analysis exposes the impact of techni-

cal uncertainty on the levelized cost, i.e., the specific energy consumption of the

HB (EHBS). The specific energy consumption of the HB impacts the standard

deviation of the design with the lowest mean LCOA in Belgium by 7.3% and

9.4% in Morocco. This uncertainty influences this design because it directly

affects the NH3 production during the year. In terms of the sensitivity to the

energy efficiency, we observe that for the Belgian and Moroccan cases in both

objectives (maximizing the energy efficiency and minimizing its standard devi-

ation) dominate the results (Figure 7b). For Belgium, the uncertainty on the

HB energy consumption dominates the results by 76.5% for the design with

the highest mean and 89.6% for the design with the lowest standard deviation.

The second most significant dominant factor is the yearly solar irradiance in the

designs with the highest mean (19.1%) and lowest standard deviation (5.6%).

These uncertainties directly impact the energy efficiency via the produced NH3

and the available solar irradiance. For the Morrocan case, the HB process also

dominates the energy efficiency in mean and standard deviation, respectively,

by 85.0% and 55.9%. The second and third largest uncertainties in the en-

ergy efficiencies are the number of days the ship travels (daysship) and the solar

irradiance.

Overall, only six (three economic and three technical) out of nineteen im-

plemented uncertainties are significant, where we showed only the three largest

contributors to each design and each objective. The three economic uncertain-

ties can be reduced by assuring the capital and operational expenses of the PV

and PEM electrolyzer. Two of the three technical uncertainties can not be min-

imized as the uncertainty related to the solar irradiance is location-dependent,
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while the travel days depend on the ship’s route. However, the uncertainty re-

lated to the specific energy consumption of the HB can be reduced entirely by

adopting a model representing the actual non-linear behavior of the NH3 syn-

thesis process. When we adopt this non-linear HB model, we could reduce the

uncertainty related to the levelized cost and the standard deviation associated

with energy efficiency. Examples of these high-fidelity models can be found in

the study of Frattini et al. [96] and Araujo et al. [97].

4. Conclusion

In this study, we modeled all the components to transform solar energy into

NH3 and optimized this plant’s energy efficiency and levelized cost with robust

design optimization against technical and economic uncertainties. These uncer-

tainties impact the PtNH3 process for capturing and storing seasonal renew-

able energy. The results of this RDO showed that the Moroccan case provides

designs with the lowest mean levelized cost (between 601 euro/tonneNH3 and

742 euro/tonneNH3) and least sensitive designs (between 98 euro/tonneNH3 and

93 euro/tonneNH3 in standard deviation). In the case of Belgium, a design trade-

off for the LCOA was found between a design with a mean of 852 euro/tonneNH3

and a standard deviation of 139 euro/tonneNH3 and a design with a mean of

864 euro/tonneNH3 and a standard deviation of 130 euro/tonneNH3 . In terms of

energy efficiency, the Belgian case provided us with a design with the highest

mean efficiency (54.8%) and a design with the lowest sensitivity (0.16%) on the

standard deviation than in the Moroccan case (highest mean of 52.2% and low-

est standard deviation of 0.39%) to the absence of an NH3-fueled ship and fuel

cell backup system. Overall, the Moroccan case results show that NH3 plants in

solar-rich conditions are cheaper and more robust (in terms of mean and stan-

dard deviation) to produce NH3 remotely compared to local production. The

trade-off between levelized cost and energy efficiency originates from two design

variables: the PV and the PEM electrolyzer capacity. The Morrocan case at-

tains lower PV capacities (compared to PEM capacity) while obtaining lower
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levelized costs than the Belgian case. Decreasing this PV/PEM ratio increases

the mean efficiency of the PtNH3 plant for both cases. An additional design

variable showed that for both locations, the HB plant needs a minimum load be-

tween 10% and 12.3%. Therefore, a flexible HB process is required to create an

energy-efficient and cost-effective PtNH3 plant. Regarding the sensitivity anal-

ysis, we observed that the standard deviations of the LCOA for the cheapest

and most robust plant designs (in both locations) are mainly influenced by the

capital cost uncertainties related to the PV array and PEM electrolyzer stack.

In addition, the design with the lowest mean LCOA in Morocco and Belgium

is also influenced by the uncertainty related to the energy consumption of the

HBS process. Regarding the sensitivity of the energy efficiency in the Belgian

and Morrocan plants, the uncertainty of the energy consumption of the HB and

the solar irradiance have the most significant impact on the mean and standard

deviations. In conclusion, the specific energy consumption directly influences

the plant’s energy efficiency and levelized cost (after the uncertainty of PEM

and PV costs). In the current case, the uncertainty of the solar irradiance can

not be further reduced as this is location-dependent. However, the location of

the PtNH3 plant can be optimized by using a Geographical Information System

(GIS) as the one proposed by Huld et al. [94]. This PVGIS application can find

the optimal location of a PV farm in Europe and Africa. Finally, the HB en-

ergy consumption uncertainty can be reduced by creating a model representing

the HB process’s non-linear behavior. Future work aims to perform a techno-

economic-environmental evaluation of this robust design optimization, including

environmental indicators like recycling of composite materials and depletion of

rare materials.
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uncertainties
The power-to-ammonia plant in Belgium is more efficient but inhibits a 
higher levelized cost of ammonia
Transporting ammonia from Morocco to Belgium is more economically 
beneficial but has a lower energy efficiency
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