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Abstract

Heavy-duty transport represents nearly 6% of the greenhouse gas emissions in

Europe. Renewable hydrogen is a potential option to decarbonize heavy-duty

transport, such as buses. Renewable hydrogen for buses promises excellent en-

vironmental performance, at the expense of a higher fuel cost, as opposed to

a diesel-powered bus fleet. Despite the inherent uncertainty, feasibility studies

in this framework generally assume deterministic techno-economic and environ-

mental parameters, which can lead to a suboptimal performance that is sensitive

to the random environment. To provide robust design alternatives, we applied

robust design optimization on a wind- and solar-powered hydrogen refueling sys-

tem and a hydrogen- and diesel-powered bus fleet, to optimize the Levelized Cost

Of Driving (LCOD) and Carbon Intensity (CI), subject to technical, economic

and environmental uncertainties. A fully diesel-powered bus fleet achieves the

optimized LCOD mean of 1.24e/km, but it results in the worst LCOD standard
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deviation (0.11e/km), CI mean (1.33 kgCO2,eq/km) and CI standard deviation

(0.075 kgCO2,eq/km) among the optimized designs. To reduce the LCOD stan-

dard deviation, CI mean and CI standard deviation, part of the diesel-powered

bus fleet is converted into hydrogen-powered buses and the renewable-powered

hydrogen refueling station is scaled accordingly. Converting 54% of the diesel-

powered bus fleet into hydrogen-powered buses results in a decrease in LCOD

standard deviation by 36%, a decrease in CI mean by 46% and a decrease in

CI standard deviation by 51%, at the expense of an increase in LCOD mean by

only 11%. Future work will focus on the integration of full-electric buses.

Keywords: Renewable hydrogen, Carbon intensity, hydrogen-powered buses,

robust design optimization, techno-economic and environmental uncertainty.

1. Introduction

Heavy-duty vehicles are significant emitters of CO2 (6% of the global energy-

related emissions) [1]. For that reason, the reduction of emissions from public

buses is actively researched [2]. Significant emission reductions can be achieved

by replacing diesel-powered buses with battery-electric buses [3] or Fuel Cell

Electric Buses (FCEB), fueled by renewable hydrogen [4, 5]. With a refueling

time similar to traditional diesel-powered buses (i.e., 10min, as opposed to 3 h -

5 h for electric buses) and promising performance over extended driving ranges

(i.e., 250 km) [6], FCEB achieve significant interest across Europe, with over 90

FCEB deployed in 2018 [7].

The hydrogen can be produced by a renewable-powered Hydrogen Refueling

Station (HRS), which corresponds to an Integrated Energy System (IES) [8] as

it couples power and mobility in the system [9]. Indeed, an IES couples differ-

ent sectors (i.e., power, heat, mobility) and evaluates the interactions among

different technologies, energy vectors and needs (i.e., whole-energy system ap-

proach) [10]. IES are well-documented in the literature: Fattahi et al. [11]

reviewed nineteen IES models and identified the main capabilities and short-

comings of these models, whereafter potential solutions to these shortcomings
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Nomenclature

Cdiesel,a annualized diesel cost, e

Cgrid,a annualized grid cost, e

CAPEXa annualized capital expense, e

Crepl,a annualized replacement costs, e

CI Carbon Intensity, kgCO2,eq/km

CRF Capital Recovery Factor

D distance travelled, km

d stochastic dimension

F Faraday constant, 96 485C/mol

FCEB Fuel Cell Electric Buses

GHG GreenHouse Gas

GHGcomp,a annualized GreenHouse Gas

Emissions components, kgCO2,eq

GHGdiesel,a annualized GreenHouse Gas

Emissions diesel, kgCO2,eq

GHGgrid,a annualized GreenHouse Gas

Emissions grid, kgCO2,eq

HRS Hydrogen Refueling Station

I current, A

k specific heat ratio

LCOD Levelized Cost Of Driving, e/km

ṁ mass flow rate, kg/s

ṅ molar flow rate, mol/s

OPEXa annualized operational expense, e

p polynomial degree

P power, W

PCE Polynomial Chaos Expansion

PEM Proton Exchange Membrane

PV PhotoVoltaic

R resistance, Ω

RDO Robust Design Optimization

T temperature, K

U voltage, V

UQ Uncertainty Quantification

η efficiency

ξ independent random parameter

Ψ orthogonal polynomial

act activation

con concentration

L photogenerated

oc open-circuit

ohm ohmic

sh shunt

s series

th thermal

are suggested. Collins et al. [12] reviewed methodologies to address short term

variations in IES, due to the increased penetration of intermittent renewable

energy sources. Wang et al. [13] summarized the main research practices on In-

tegrated Energy Distribution Systems, explored the main coupling mechanisms

and identified, among others, joint planning optimization control and security

analysis as the main issues. Ruiming et al. [14] incorporated hydrogen storage

in the multi-objective optimization of an IES and proposed a solution that re-
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Table 1: The cost of hydrogen production using solar photovoltaic and wind turbines is higher

than for the traditional CO2-emitting alternatives.

type cost range [e/kgH2
] Ref.

solar photovoltaic hydrogen 4.80 - 19.31 [18]

9.29 - 12.48 [19]

15.5 - 22.5 [20]

wind hydrogen 4.89 - 5.00 [18]

4.40 - 4.81 [21]

1.16 - 32.83 [22]

steam methane reforming 1.73 - 1.88 [18]

methane pyrolysis 1.32 - 1.41 [18]

coal gasification 1.11 - 1.35 [18]

duced the carbon emissions by 3.5%, at the expense of a 2.8% increase in the

operating costs.

The production of hydrogen in a renewable-powered HRS is not entirely

carbon-free: Spath et al. [15] and Burkhardt et al. [16] quantified the GHG emis-

sion for a wind-powered HRS and they present values of 0.97 kgCO2,eq/kgH2
and

1.92 kgCO2,eq/kgH2
(i.e., 29 gCO2,eq/kWh and 58 gCO2,eq/kWh), respectively. Nev-

ertheless, the GHG emissions are significantly lower compared to the well-to-

wheel emission factor for diesel, quantified at 326 gCO2,eq/kWh [17]. Despite

the clear environmental advantage, the cost of renewable hydrogen production

using PhotoVoltaic (PV) arrays and wind turbines remains relatively high (Ta-

ble 1). In comparison, the CO2-emitting hydrogen production alternatives are

more beneficial in terms of economic performance [18].

When evaluating the techno-economic and environmental performance of a

renewable-powered HRS, the model parameters are often assumed determinis-

tic. However, parameters such as the interannual variability of the solar irradi-
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ance, the wind speed and the carbon intensity of grid electricity are subject to

uncertainty. Such techno-economic and environmental uncertainties affect the

system performance and can lead to biased conclusions [23]. To address these

uncertainties when optimizing a renewable-powered HRS, stochastic optimiza-

tion methods can be applied [24]. In this framework, stochastic programming

is a scenario-based approach in which the expected value of the system perfor-

mance is optimized, subject to probabilistic input uncertainties [25, 26]. Alter-

natively, robust optimization provides optimized solutions under the worst-case

combination of the input parameters values, which are defined by interval un-

certainty [27]. In other fields, such as structural mechanics [28] and aerospace

engineering [29], Robust Design Optimization (RDO) gained attention over the

last decade [30]. RDO considers probabilistic uncertainties at the model inputs

and optimizes both the expected performance (i.e., the mean) and the variability

of that performance (i.e., the standard deviation) [31]. Hence, by considering the

standard deviation of the quantity of interest as an optimization objective, RDO

aims at providing designs that are less sensitive to the random environment (i.e.,

the design with the lowest standard deviation is the robust design) [32]. Note

that the reduced sensitivity towards uncertainty is achieved by modifying the

design variables, as opposed to reducing the uncertainty related to the random

environment. Bilel et al. [33] performed an RDO on a mechatronic system in a

sewing machine and showed that the robust design reduced the variance on the

motor current and its fluctuation by 67% and 83%, respectively, at the expense

of a slight increase up to 3% in the mean of the corresponding quantities of

interest. De Paepe et al. [34] provided a robust design for a micro gas turbine

by minimizing the relative standard deviation of the electrical efficiency and

power output.

To perform RDO, an Uncertainty Quantification (UQ) method is required

that quantifies the mean and standard deviation of the quantity of interest, for

each design evaluated during the optimization procedure. Thus, to quantify the

effect of techno-economic and environmental uncertainties on the performance

of an HRS for each design, Monte Carlo simulation is an always-converging UQ
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method [35]. However, due to its brute force approach, Monte Carlo simulation

is computationally expensive (104 − 105 model evaluations to achieve accurate

statistical moments) [36]. Computationally efficient alternatives include the con-

struction of surrogate models, based on a reduced set of training samples (i.e.,

102 − 103 samples) [37]. Typical surrogate models for UQ include Gaussian

Process Regression [38], Support Vector Machines [39], and Polynomial Chaos

Expansion (PCE) [40]. Despite that PCE has been proven effective on similar

hydrogen-based renewable energy systems [41, 42], the number of training sam-

ples under a conventional PCE truncation scheme scales exponentially with the

number of uncertain parameters considered (i.e., the stochastic dimension) [40].

Consequently, conventional PCE suffers from the curse-of-dimensionality, which

leads to computationally intractable problems when the stochastic dimension is

high (i.e., more than 15 uncertain parameters). To tackle this issue, sparse alter-

natives to the conventional PCE scheme have been proposed, such as the Least

Angle Regression approach by Blatman et al. [43] and the stepwise regression

approach by Abraham et al. [44]. In the context of hydrogen-based systems,

Coppitters et al. [45] used the stepwise regression approach to quantify the sta-

tistical moments on the levelized cost of electricity of a PV-battery-hydrogen

system, improving the computational efficiency by 71% compared to a conven-

tional PCE.

In summary, design and feasibility studies on renewable-powered HRS in-

dicate excellent environmental performance, at the expense of a higher cost.

However, these studies assumed fixed parameters, which can lead to designs

and conclusions that are sensitive to technical, economic and environmental un-

certainties over the system lifetime. Therefore, we applied RDO on the design

of a wind- and solar-powered HRS, considering a large set of technical, eco-

nomic, and environmental uncertainties (39 in total). In addition to sizing the

HRS component capacities, the bus fleet composition is an additional design

variable. Through this design variable, the optimization algorithm configures

the fraction of the bus fleet powered by hydrogen, while the remainder of the

bus fleet is powered by conventional diesel. Consequently, the designs are op-
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timized based on the expected performance (i.e., the mean) and the sensitivity

of that performance (i.e., the standard deviation) to the technical, economic

and environmental uncertainties. By considering these statistical moments as

optimization objectives, this paper provides novel designs, least-sensitive to-

wards the random environment, and highlights additional benefits in terms of

robustness for hydrogen-powered heavy-duty transport. Section 2 provides the

lay-out of the HRS, the adopted models for each component, the quantities of

interest, the characterization of the uncertainties and the RDO algorithm. The

optimized design characteristics for each quantity of interest and the results for

a holistic RDO (i.e., considering all quantities of interest at once) are discussed

in Section 3. The main messages of this paper are provided in Section 4. Finally,

the parametric uncertainties are provided in Appendix A.

2. Method

In this section, the HRS is described and the component modelling is in-

troduced. Thereafter, the quantities of interest are presented, followed by the

RDO algorithm.

2.1. Hydrogen refueling station

The mobility demand corresponds to a bus depot in Brussels, Belgium. At

the bus depot, a typical amount of 40 buses [46] are stationed with an average

utilisation rate of 250 km/bus/day [7]. The bus fleet can consist of hydrogen-

powered buses (i.e., FCEB), diesel-powered buses or a mix of both.

To determine the refueling period for these buses, we adopted the daily bus

refueling profile from the NewBusFuel project (Figure 1) [47]. This profile is

based on 13 case studies for different HRS across Europe. Most refueling ac-

tivities occur at night (i.e., 72% of the bus fleet is refueled between 8 PM and

2 AM), when the bus service is reduced and most FCEB are available at the bus

depot. On the one hand, reducing the refueling time increases the number of

dispensers in parallel, as more FCEB need to be refueled in the same period. On
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Figure 1: The refueling profile indicates the temporal distribution of the daily refueling of

the Fuel Cell Electric Buses (FCEB). The refueling is performed in the evening and at night,

between 5 PM and 9 AM, when the bus service is reduced and most buses are at the depot.

the other hand, extending the refueling time for the bus fleet increases the work-

ing hours of the personnel [47]. The dispensation pressure for FCEB is fixed at

350 bar, as opposed to 700 bar for hydrogen-powered cars, as buses allow carry-

ing more volume than passenger cars. This reduced dispensing pressure lowers

the HRS complexity (i.e., no cooling unit before dispensation), compression

energy, system cost and improves reliability [47]. In a future where hydrogen-

powered passenger vehicles are massively deployed, converting the dispensation

pressure for FCEB to 700 bar can result in advantages related to uniformity of

distribution systems. However, today and in the near future, 350 bar remains

the state-of-the-art dispensation pressure for FCEB [47].

To fuel the FCEB, a renewable-powered HRS is considered (Figure 2). The

power management strategy for the HRS aims at continuously complying with

the hydrogen demand. During the refueling period, hydrogen is extracted from

the storage tank. When the stored hydrogen is insufficient to meet the demand,

the remaining hydrogen is produced instantaneously (i.e., cold start-up time:

5min - 10min; warm start-up time: below 10 s [48]) in the Proton Exchange

Membrane (PEM) electrolyzer array, compressed in the compressor and dis-

pensed. To power the PEM electrolyzer array and compressor, the available

wind and solar power is called upon first. If the instantaneous solar and wind

power does not comply with the power demand from the electrolyzer and com-
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electrolyzer
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hydrogen demand
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Figure 2: The bus fleet can consist of hydrogen-powered buses, diesel-powered buses or a

mix of both. For the hydrogen-powered buses, a grid-connected hydrogen refueling station is

considered. In the hydrogen refueling station, a photovoltaic array and wind turbine array

produce electricity to generate hydrogen in the electrolyzer. The produced hydrogen is com-

pressed and stored in storage tanks, before dispensation.

pressor, grid electricity is extracted to cover the remaining demand. The grid

is considered permanently available, which means that the electricity demand

to cover the hydrogen demand is always complied with (by the wind turbines,

PV array and/or the grid). Alternatively, when the storage tank is able to

comply with the instantaneous hydrogen demand, the PV electricity and wind

electricity are used to produce and compress hydrogen. No grid reinjection is

considered, as it remains highly uncertain how the grid tariff methodology will

adapt after the current integration of digital meters, which ends the current net

metering regime [49]. Therefore, this approach mitigates the risk of changing

metering regimes, it provides globally applicable conclusions and it illustrates

the raw potential of local renewable energy storage.
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2.2. Component models

To develop the HRS model, separate models are adopted for each component,

and combined in a Python script which contains the power management strategy

and quantifies the quantities of interest.

2.2.1. Photovoltaic array

To determine the electricity produced by a PV array, we imported the model

from the PVlib Python library [50], which has been validated with experimental

data and commercial software [51]. The model quantifies the PV panel power

production through a current-voltage characteristic:

IPV = IL − I0

(
exp

(
U + IRs

ndiodeNsUth

)
− 1

)
− U + IRs

Rsh
, (1)

for which the parameters are derived from manufacturer data. Additional in-

formation on the parameters and the PV model is present in the Supporting

Information. The PV current depends, among others, on solar irradiance and

ambient temperature. We adopted the Typical Meteorological Year data for

the hourly solar irradiance and ambient temperature from a method we used

successfully before [52]. To illustrate the resulting power produced by the PV

array, the hourly capacity factor (averaged per month) is presented in Figure 3.

2.2.2. Wind turbine

We adopted the hourly wind power profile from renewables.ninja, a frame-

work where wind turbine models and power output data are based on the work

of Staffell et al. [53]. This framework provides enhanced wind power profiles by

the reanalysis of past weather data. Furthermore, this data is corrected with a

bias factor to obtain realistic power data via a virtual wind farm model for any

location in Europe with a high spatial and temporal accuracy. Additional in-

formation on the wind turbine model is present in the Supporting Information.

We based the hourly capacity factor profile of a wind turbine model (Enercon

E70/2000), which was integrated into the framework of Staffell et al. [53]. This

10
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Figure 3: For Brussels (Belgium), the monthly average capacity factor for the photovoltaic

array and the monthly average ambient temperature show a similar pattern. However, the

wind turbine capacity factor is opposite to the monthly average ambient temperature and

monthly average photovoltaic capacity factor.

turbine model and location in Brussels provided an annual mean wind capacity

factor of 23.1%, which corresponds to the average wind capacity factor of Bel-

gium for onshore wind turbine farms [53, 54]. Generally, the average monthly

wind capacity factor shows a higher capacity factor for wind than for PV at the

same location, with a dip between May and August (Figure 3).

2.2.3. Electrolyzer

To convert water into hydrogen by using electricity, we adopted the PEM

electrolyzer technology. A PEM electrolyzer promises a fast response time (<1 s)

and full operational flexibility, which are significant benefits when coupled to

an intermittent energy supply [48]. To model the electrolyzer hydrogen pro-

duction and corresponding energy consumption, we adopted the model from

Abdin et al. [55], which has been validated with experimental current-voltage
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curves from Marangio et al. [56]. From this model, the produced hydrogen molar

flow rate ṅH2
is quantified depending on the applied current IPEM:

ṅH2
=

IPEM

2F
. (2)

To determine the current from the applied power, the operating voltage that

corresponds to the current needs to be quantified. The operating voltage is

characterized according to the following equation:

UPEM = Uoc − Uact − Uohm − Ucon, (3)

where the open-circuit voltage Uoc, activation overpotential Uact, ohmic over-

potential Uohm and concentration overpotential Ucon depend, among others, on

the operating temperature, pressure and current. Additional information on the

quantification of these overpotentials can be found in the Supporting Informa-

tion.

2.2.4. Compressor

A compressor pressurizes the produced hydrogen gas from the electrolyzer

array up to the required pressure in the hydrogen storage tank. The hydrogen

storage tank requires a pressure of 440 bar to create an overpressure when fueling

the FCEB according to the National Institute of Standards [57]. We considered

an isentropic compression process to calculate the necessary power for storing

the hydrogen gas in the tank at 440 bar with the following equation:

Pcompressor =
ṁH2

ηc

k

k − 1
RH2

Tin

[(
pout
pin

)( k−1
k )

− 1

]
, (4)

where ṁH2 is the mass flow rate, ηc is the compressor efficiency (85%), k is the

ratio of specific heats (1.4), RH2
the gas constant of hydrogen (4.12 kJ/kgK), Tin

is the inlet temperature (353K) and pin/pout is the inlet/outlet pressure (20 bar

and 440 bar, respectively). These parameters provide a specific compression

energy of 2.36 kWh/kgH2
, which remains in the range of the real energy con-

sumption of compressors in HRS (in reality, such installation requires a specific

compression energy between 2 kWh/kgH2
and 4 kWh/kgH2

[57]).
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2.3. Quantities of interest

To evaluate the system performance, an economic and environmental quan-

tity of interest are defined for this system. For the economic quantity of interest,

the Levelized Cost Of Driving (LCOD) is selected, which corresponds to the an-

nualized system cost per unit of distance covered by the bus fleet D:

LCOD =
CAPEXa +OPEXa + Crepl,a + Cgrid,a + Cdiesel,a

D
. (5)

The annualized capital expense of the system CAPEXa corresponds to the sum

of the capital expenses for each component, scaled by the Capital Recovery

Factor (CRF) [58]:

CAPEXa = CRF

c∑
k=0

NkCAPEXk, (6)

where c is the list of different components (i.e., PV array, wind turbine array,

PEM electrolyzer array, compressor, storage tank, dispenser, DC-DC converters,

AC-DC inverter, FCEB and diesel buses) and N corresponds to the installed

capacity. The CRF is determined by the real interest rate i and the system

lifetime L (20 years):

CRF =
i(1 + i)L

(1 + i)L − 1
, (7)

where the real interest rate i considers the effect of inflation f on the nominal

interest rate i′:

i =
i′ − f

1 + f
. (8)

The annualized operating expenses OPEXa are defined in a similar matter [58]:

OPEXa =

c∑
k=0

NkOPEXk. (9)

The annualized replacement cost considers the costs related to the replacement

of components during the system lifetime [58]:

Crepl,a = CRF

c∑
k=0

(
NkRc,k

rk∑
l=0

(1 + i)−ltk

)
, (10)
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where rk is the number of replacements during the system lifetime for every

component and tk is the replacement period. In addition to the component

costs, the price for the annual grid electricity bought Cgrid,a and for the annual

diesel bought Cdiesel,a is considered in the total cost. The wholesale electricity

price corresponds to 40% of the total electricity price for buying electricity,

while the remaining 60% depends on transmission cost, distribution cost, taxes

and surcharges.

Similar to the LCOD, the environmental quantity of interest represents the

annualized GHG emission of the system per unit of distance travelled by the

bus fleet (i.e., the Carbon Intensity (CI)):

CI =
GHGcomp,a +GHGgrid,a +GHGdiesel,a

D
. (11)

The system GHG emissions represent the sum of the annualized GHG emis-

sions during construction of the components GHGcomp,a, the GHG emissions

from grid electricity consumption GHGgrid,a and the well-to-wheel GHG emis-

sions from diesel consumption GHGdiesel,a. These parameters are quantified

similarly to the annualized capital expenses, grid electricity cost and diesel cost,

respectively. Hence, the CI quantifies the total GHG emissions, related to the

entire system over the lifetime, including the emissions during the construction

of the buses and the components in the renewable-powered hydrogen refueling

station. Note that, in this work, the assessment of resource depletion (e.g., wa-

ter consumption during electrolysis) and the emissions related to recycling of

the components is not considered. The adopted values for the specific costs and

GHG emissions are presented in Appendix (Table A.3 and Table A.4).

2.4. Robust design optimization

In the adopted formulation of surrogate-assisted RDO, the objective is to

minimize the mean and standard deviation for the LCOD and CI [45]. Hence,

the strategy aims to simultaneously minimize the average performance of the

system (i.e., minimizing the mean) and the sensitivity to the random environ-

ment in a quantity of interest (i.e., minimizing the standard deviation). The
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sensitivity of a proposed design to the random environment for a specific quan-

tity of interest (i.e., the standard deviation for the LCOD or CI) is reduced by

optimizing the design variables, as opposed to reducing the uncertainties from

the random environment.

The design space is characterized by five continuous design variables (Ta-

ble 2). The design variables are the capacity of the components, i.e., the ca-

pacity of the PV array, wind turbine array, electrolyzer array and storage tank.

In addition, the fraction of the bus fleet fueled by hydrogen is a design variable

as well. In other words, the optimizer can decide on the number of FCEB in

the bus fleet, while the remaining part is covered by diesel buses. Moreover, as

the design variables are considered independent, the optimization algorithm can

exclude a technology from the HRS by setting its capacity equal to zero (i.e.,

the lower bounds of the design variables related to the components). To avoid

unreasonable designs and to avoid that the computational budget is spent on

evaluating designs with unreasonably large capacities, the design variable upper

bounds are selected based on the expected order of magnitude for the optimized

designs.

Table 2: The design variables are the capacity of the components in the renewable-powered

hydrogen refueling station and the fraction of the bus fleet covered by Fuel Cell Electric Buses.

design variable lower bound upper bound unit

photovoltaic array 0 10 MWp

wind turbine array 0 20 MW

PEM electrolyzer array 0 10 MW

hydrogen storage 0 500 MWh

fraction bus fleet on hydrogen 0 100 %

The techno-economic and environmental uncertainties are defined by distri-

bution parameters (Subsection 2.4.1). The propagation of these distributions

through the system model and the quantification of the corresponding mean

and standard deviation of the LCOD or CI is performed using sparse PCE
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(Subsection 2.4.2). These statistical moments are used as objectives during

the RDO procedure. To find the optimized designs samples, a metaheuristic

optimization algorithm is selected (Subsection 2.4.3). During the optimization

procedure, a sparse PCE is constructed for each design sample, to determine

the corresponding fitness values (i.e., the mean and standard deviation of the

quantity of interest) for each design sample. This RDO procedure is elaborated

in Subsection 2.4.4.

2.4.1. Model inputs: Uncertainty characterization

In this work, technical, economic, and environmental parameters are sub-

ject to uncertainty. As only a handful of data points exist for these parameters,

determining the underlying distribution is not feasible. Therefore, we assumed

a Uniform distribution for all uncertainties, specified by a lower bound and

upper bound value (Table A.3 and Table A.4). The parameters are divided

into two categories: Parameters subject to aleatory uncertainty (Table A.3)

and parameters subject to epistemic uncertainty (Table A.4). The epistemic

uncertainty symbolizes the lack of knowledge on the value of a parameter. This

lack of knowledge can be addressed by gaining more information (e.g., defining

the actual compressor used and adopting its specific performance parameters

as opposed to implementing a generic compressor model with typical parameter

values). The aleatory uncertainty represents the natural variation of the pa-

rameter and is therefore irreducible (e.g., the evolution of the diesel price in the

coming years remains uncertain, independent from the number of predictions

available).

The parameters subject to an aleatory uncertainty are the grid electricity

price, grid electricity GHG emissions, diesel price, energy consumption, annual

solar irradiance, average ambient temperature and the inflation rate (Table A.3).

These parameters continuously change during the lifetime of the system and are

therefore driven by changes in the future, outside the control of the system de-

signer. The uncertainty on the evolution of the grid electricity price is adopted

from 6 prediction scenarios [59]. Similar for the evolution of the diesel price up
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to 2040, where the distribution integrates over low, middle and high diesel cost

scenarios [60]. The uncertainty on the energy consumption of the hydrogen-

powered and diesel-powered buses is adopted from the quantified difference be-

tween predicted and real-world operating conditions for these buses [61]. The

uncertainty on the specific GHG emission for grid electricity consumption de-

pends on the scenarios for the evolution of the electricity mix up to 2040 [62].

The solar irradiance and ambient temperature are characterized by a Typical

Meteorological Year for which the uncertainty is characterized based on the

interannual variability [63]. The annual average capacity factor for the wind

turbine array is based on hourly data between 1980 and 2020 for Belgium [53].

For each component, the economic and environmental parameters are sub-

ject to epistemic uncertainty (Table A.4). Indeed, by considering generic models,

the uncertainty lies in the lack of specifying the exact characteristics of the com-

ponent. To illustrate, the CAPEX for each component is subject to the current

price range on the market. As the investment cost is paid at the beginning of the

project, no future (i.e., aleatory) uncertainty is considered for this parameter.

Similar assumptions are made on the GHG emissions during the manufactur-

ing of each component. To illustrate, the uncertainty on the GHG emissions

during the manufacturing of the hydrogen storage tank relates to the amount

of recycled steel that has been used, an uncertainty that can be addressed by

specifying the hydrogen tank and its manufacturer.

2.4.2. Inner loop: Uncertainty quantification

As the RDO strategy aims to minimize the mean and standard deviation

for a quantity of interest, a UQ algorithm is required to quantify the sta-

tistical moments on the quantity of interest, for each design considered dur-

ing the optimization procedure. We adopted a sparse PCE method, which is

a computationally-efficient method to perform UQ on a system with a large

stochastic dimension (i.e., > 15 uncertain parameters) [44]. In brief, a PCE

representation for the input-output relation of the system model consists of a
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set of orthogonal polynomials Ψ, characterized by coefficients u:

M̂(ξ) =
∑
i

uiΨi(ξ) ≈ M(ξ), (12)

where ξ = (ξ1, ξ2, ..., ξd) is a vector for the independent random parameters and

d is the stochastic dimension. In a conventional PCE, the number of orthogonal

polynomials (and thus coefficients) in the PCE is defined as follows:

P + 1 =
(p+ d)!

p!d!
, (13)

where p corresponds to the maximum total order of the orthogonal polynomi-

als. While in conventional PCE, P + 1 orthogonal polynomials are added to

the expansion and at least 2(P + 1) training samples are required to find the

corresponding coefficients through regression [40], the adopted sparse PCE in-

cludes only the most significant coefficients (and corresponding polynomials) in

the truncated series [44]. To determine these significant coefficients a priori, the

algorithm starts with an initial set of training samples. Based on the output of

these training samples, P + 1 one-predictor surrogate models are created and

assessed individually by comparing their response to the training samples with

the actual model response. The best one-predictor model delivers the first coef-

ficient to the final regression model. This process is repeated on the remaining

one-predictor models (i.e., without the previous best one-predictor model) until

the maximum number of iterations is reached. Additional details on this sparse

PCE method are described by Abraham et al. [44].

The sparse PCE algorithm should be characterized in such a way that, for

each design configured during the RDO, accurate statistical moments are pro-

vided for each quantity of interest. The two main parameters for the charac-

terization of the sparse PCE are the maximum total order p and the number

of training samples. The characterization of these two parameters is performed

based on a screening method [45]. First, a set of design samples (i.e., sam-

ples with values for the five design variables) is created using Latin Hypercube

Sampling, to ensure optimized coverage of the design space. For each design

18



sample, the Leave-One-Out error [40] is evaluated for a conventional full PCE

with different polynomial order. The worst Leave-One-Out error among the

design samples is compared with a threshold value. A polynomial order of 2

results in a worst-case Leave-One-Out error below 1% for both quantities of

interest (i.e., LCOD and CI). For this polynomial order, which determines the

number of orthonormal polynomials available to construct the sparse PCE, the

number of training samples needs to be defined. For each design sample, a

set of sparse PCEs are created, with an increasing number of initial training

samples (Figure 4). For each sparse PCE, the mean and standard deviation

are compared with the statistical moments retrieved by Monte Carlo Simula-

tion (104 samples). Similar to the determination of the polynomial order, the

design sample with the highest amount of training samples needed to achieve a

converged sparse PCE determines the number of training samples adopted for

each design sample during RDO. For the LCOD and CI, 25% and 48% of the

training samples are needed to ensure an error below ±1%, respectively, when

compared to a conventional PCE.

2.4.3. Outer loop: Design optimization

To optimize the statistical moments, the Nondominated Sorting Genetic Al-

gorithm (NSGA-II) is adopted [64]. The algorithm is extensively used in RDO

[65] and because no information is needed on the derivative of the input-output

relation, NSGA-II is suitable for complex and highly non-linear models [42, 66].

NSGA-II is a gradient-free, population-based optimizer that uses heuristics to

converge to an optimized solution. Starting from an initial population that con-

tains a set of design samples, offsprings are created using a binary tournament

selection, crossover and mutation rules. Out of the population and offsprings,

the design samples for the new population are selected based on non-dominated

sorting. Out of this new population, offsprings are again created and the pro-

cedure is repeated until the termination criterion is reached. Additional details

on NSGA-II are provided by Deb et al. [64].
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Figure 4: Based on the design sample with the worst convergence, the sparse PCE reaches

statistical moments with an error below ±1% on the Levelized Cost Of Driving (LCOD) and

Carbon Intensity (CI) at 25% and 48% of the training samples needed for a conventional

Polynomial Chaos Expansion (PCE), respectively.

2.4.4. Main procedure

The surrogate-assisted RDO algorithm consists of NSGA-II to perform the

optimization, which iteratively generates design samples and evaluates their per-

formance in the fitness values (i.e., mean and standard deviation of the LCOD

and CI). Sparse PCE is applied on each design sample to provide the statistical

moments as fitness values for the optimization. The first step consists of gener-

ating a first population of design samples via Latin Hypercube Sampling [67].

For each design sample in this first population, a PCE is constructed for each

quantity of interest. Note that only one set of training samples is required to

generate all the required PCEs for a design sample, as each sample generates a

value for each quantity of interest. Out of the initial population, an offspring
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is created, for which the same procedure is applied: a PCE is created for each

quantity of interest and the corresponding mean and standard deviation are

stored as fitness values. When the mean and standard deviation values are

quantified for each design sample, the design samples in the population and

offspring are combined and ranked based on their dominance in the objectives

(i.e., non-dominated sorting). The top half of the design samples lead to the

next generation of design samples. Out of this new generation, offsprings are

again created and the new population and offspring are again ranked, leading

to the next generation. This process is repeated until the computational budget

is spent.

3. Results and discussion

The results are provided in two parts. In the first part, RDO is performed

separately for each quantity of interest (i.e., LCOD and CI). These results il-

lustrate the trade-off between minimizing the mean and standard deviation for

each quantity of interest and the design trends between the corresponding opti-

mized designs. In the second part, a holistic RDO is performed, considering the

mean and standard deviation of both quantities of interest simultaneously as ob-

jectives. This strategy suggests holistic optimized designs, which consider both

the stochastic performance in LCOD and CI. Note that none of the optimized

designs proposed are constrained by the design variable bounds (Table 2).

3.1. Individual Robust Design Optimization

An RDO is performed for each quantity of interest. The RDO on the LCOD

is presented first, followed by the RDO on the CI and an overall performance

comparison between the two sets of optimized designs.

3.1.1. Robust Design Optimization of the Levelized Cost Of Driving

The RDO algorithm considers the LCOD mean and LCOD standard de-

viation as optimization objectives. The results illustrate a trade-off between

minimizing the LCOD mean and minimizing the LCOD standard deviation
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Figure 5: The Pareto front illustrates a trade-off between minimizing the Levelized Cost

Of Driving (LCOD) mean and LCOD standard deviation. To achieve the optimized LCOD

mean, only diesel-powered buses are considered (i.e., no hydrogen demand). The LCOD

standard deviation is reduced by subsequently converting the diesel-powered buses into Fuel

Cell Electric Buses (FCEB), accompanied by a Hydrogen Refueling Station with increasing

wind power, photovoltaic power and hydrogen storage.

(Figure 5, top-left). Hence, no single design exists for this system, subject to

the considered techno-economic and environmental uncertainties, that simulta-

neously achieves the lowest LCOD mean and lowest LCOD standard deviation.

The design with the best mean achieves an LCOD mean of 1.24e/km, with

a standard deviation of 0.11e/km. Alternatively, the robust design (i.e., with

the lowest LCOD standard deviation) decreases the LCOD standard deviation

by 36% (0.07e/km), at the expense of an increase in LCOD mean by 11%

(1.43e/km). To achieve the optimized LCOD mean, no FCEB are considered
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in the design, resulting in a complete diesel-powered bus fleet (Figure 5, middle-

right). Consequently, no hydrogen production is required (Figure 5, middle-left)

and thus no renewable capacity is considered (Figure 5, top-right). With only

diesel-powered buses, the main drivers of the LCOD standard deviation (Fig-

ure 5, bottom-right) are the uncertainty on the future diesel price (Sobol’ index:

0.85) and the uncertainty on the actual fuel consumption of the diesel buses

(Sobol’ index: 0.14).

To achieve a lower LCOD standard deviation than the diesel-powered bus

fleet, the optimized designs are subsequently configured with an increasing hy-

drogen demand, supported by a renewable-powered HRS. Hence, converting

a fraction of the diesel-powered bus fleet into FCEB, which are fueled by a

renewable-powered HRS, reduces the LCOD standard deviation. The robust

design is configured with a 2.5MWp PV array, 6.7MW wind turbine, 2.7MW

electrolyzer array and 62MWh (90m3) hydrogen storage tank, covering 54%

of the bus fleet with FCEB. With 500 kgH2
/day, the order of magnitude of the

design components is similar to the ones of a renewable-powered HRS in Turkey

(1.6MW wind turbine, 300 kW PV array, 600 kW PEM electrolyzer, 30MWh

hydrogen storage tank), which delivers 125 kgH2
/day [68]. As 46% of the bus

fleet is still fueled by diesel, the LCOD standard deviation for the robust de-

sign remains mainly driven by the uncertainty on the diesel price (Sobol’ index:

0.45) and the uncertainty on the diesel consumption (Sobol’ index: 0.07), ac-

companied by a significant share coming from the uncertainty on the interest

rate (Sobol’ index: 0.18), the CAPEX of the FCEB (Sobol’ index: 0.17) and the

CAPEX of the electrolyzer array (Sobol’ index: 0.07). Interestingly, a higher

share of the bus fleet powered by hydrogen (> 54%), accompanied by a larger

renewable-powered HRS, leads to a rise in both the LCOD mean and LCOD

standard deviation. This can be explained by the rising uncertainty related to

the HRS, which overcompensates the reducing contribution of the uncertainty

on the diesel price and diesel consumption to the LCOD standard deviation.
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3.1.2. Robust Design Optimization of the Carbon Intensity

Contrary to the RDO on the LCOD, nearly no trade-off exists between

minimizing the CI mean and minimizing the CI standard deviation (Figure 6,

top-left). Among the optimized designs, the optimized CI mean ranges only be-

tween 0.154 kgCO2,eq/km and 0.160 kgCO2,eq/km, to achieve a small reduction

in CI standard deviation from 0.0156 kgCO2,eq/km to 0.0134 kgCO2,eq/km. All

optimized designs consider a bus fleet entirely consisting out of FCEB, i.e., no

diesel-powered buses are present in the bus fleet. As the electrolyzer capacity

is typically scaled with the hydrogen demand, the electrolyzer array capacity is

similar for all optimized designs (6.8MW). The optimized CI mean is achieved

by solely considering a wind turbine array (15.7MW), while the robust design

consists of a slightly smaller wind turbine array (14.1MW), supported by a PV

array of 1MWp (Figure 6, top-right). Following the reduced wind array capacity

and the increased PV array capacity in the robust design, the match between the

renewable power production profile and the hydrogen demand profile (during

the evening, night and early-morning) is worse. To store the additional hydro-

gen produced outside the dispensation hours, the hydrogen storage capacity is

increased up to 203MWh in the robust design (Figure 6, bottom-left). The

Sobol’ indices for the optimized CI mean design illustrate that the uncertainty

on the GHG emissions related to the wind turbine array construction (Sobol’ in-

dex: 0.76) and the uncertainty on the wind capacity factor (Sobol’ index: 0.14)

are the main drivers of the CI standard deviation (Figure 6, bottom-right).

Furthermore, the CI for this design is significantly affected by the actual wind

capacity factor, which means that the hydrogen storage tank does not cover the

load during the entire year. Instead, part of the hydrogen demand is covered by

the actual wind power available, which is sensitive to the wind capacity factor.

By gradually increasing the hydrogen storage and replacing a fraction of the

wind turbine array with a PV array, the robust design removes the contribution

of the uncertainty on the wind capacity factor to the CI standard deviation

by relying on the stored hydrogen, filled outside dispensation hours, to cover
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the hydrogen demand. Instead, the uncertainty related to the GHG emissions

during construction of the hydrogen storage tank (Sobol’ index: 0.10) and PV

array (Sobol’ index: 0.06) gain importance.

hydrogen
storage

capacity
[MWh]

capacity
[MW]

Sobol'
index

wind

photovoltaic

GHGwind

wind capacity factor
GHGtank

GHGphotovoltaic

CI mean [kgCO2,eq/km] CI mean [kgCO2,eq/km]

CI 
standard 

deviation 
[kgCO2,eq/km]

Figure 6: The Pareto front illustrates a trade-off between minimizing the Carbon Intensity

(CI) mean and CI standard deviation. Considering only wind power results in the optimized

CI mean, while the robust CI is achieved by removing the dependency on the wind capacity

factor uncertainty, through replacing part of the wind capacity with photovoltaic capacity and

increasing the hydrogen storage capacity.

3.1.3. Overall performance comparison

As illustrated in the RDO results on each individual quantity of interest,

the optimized stochastic designs for the CI and LCOD clearly differ in design

characteristics. Therefore, the performance from the optimized designs in one

quantity of interest might result in a poor performance in the other quantity

of interest. Indeed, when comparing the performance in CI for the designs

optimized in LCOD (and the other way around), the performance is significantly

worse (Figure 7).

As expected from the RDO on the CI, the relatively small trade-off between

minimizing the CI mean and minimizing the CI standard deviation results in a

25



LCOD mean [€/km] CI mean [kgCO2,eq/km]

LCOD
standard

deviation
[€/km]

CI
standard

deviation
[kgCO2,eq/km]

Figure 7: The performance in one quantity of interest of the designs optimized for the other

quantity of interest illustrates a clear trade-off between optimizing the stochastic performance

for the two quantities of interest.

small range on the LCOD performance for these designs (Figure 7, optimized CI

designs). The optimized CI designs achieve an acceptable LCOD standard de-

viation, around 0.096e/km, which ranges between the minimum and maximum

LCOD standard deviation achieved by the optimized LCOD designs. However,

the optimized CI designs achieve a significantly higher LCOD mean. To illus-

trate, when comparing with the optimized LCOD mean design that achieves a

similar LCOD standard deviation of 0.096e/km, the LCOD mean for the opti-

mized CI design is 35% higher (i.e., LCOD mean of 1.76e/km, as opposed to

1.30e/km).

Among the optimized designs, all optimized LCOD designs perform worse

in both CI mean and CI standard deviation (Figure 7, optimized LCOD de-

signs). The worst-performing optimized LCOD design achieves a CI mean of

1.33 kgCO2,eq/km, with a CI standard deviation of 0.075 kgCO2,eq/km. This de-

sign corresponds to the design with the optimized LCOD mean of 1.24e/km

and is characterized by a complete diesel-powered fleet. This comparison shows

that, when considering an optimized LCOD design with a reduced LCOD stan-

dard deviation, this design also improves both the CI mean and CI standard

deviation.

3.2. Holistic Robust Design Optimization

In the holistic RDO, four objectives are minimized simultaneously (i.e., min-

imizing the mean and standard deviation for the LCOD and CI). Hence, four
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Figure 8: In the holistic Robust Design Optimization (RDO), four objectives are minimized

simultaneously (mean and standard deviation for the Levelized Cost of Driving (LCOD) and

Carbon Intensity (CI)), in each consecutive generation of design samples. As minimization is

desired, the samples converge towards the centre of the cross-plot.

objective values are quantified for each design in a generation of design sam-

ples. In each consecutive generation, the design samples converge towards the

Pareto set of optimized samples in the final generation (Figure 8). Following

the nondominated sorting principle of NSGA-II, a design remains in the Pareto

set of optimized designs as long as it dominates every other design in at least

one of the four objectives. Consequently, the optimized designs found in the

individual RDO (Figure 7) are extended in the holistic RDO (Figure 9).

To illustrate the performance for each design and why each design is consid-

ered optimized in the holistic RDO, the achieved LCOD standard deviation, CI

mean and CI standard deviation are presented in function of the achieved LCOD

mean (Figure 10, left). For the optimized LCOD mean design (1.24e/km), the

worst LCOD standard deviation (0.11e/km), CI mean (1.33 kgCO2,eq/km) and

CI standard deviation (0.075 kgCO2,eq/km) are achieved among the optimized

designs. Accepting an increase in LCOD mean up to 1.43e/km results in al-

ternative designs with a reduced CI mean down to 0.71 kgCO2,eq/km (46%), re-
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Figure 9: The optimized designs resulting from a Robust Design Optimization (RDO) on each

quantity of interest separately reappear in the optimized designs resulting from the holistic

RDO (Optimized 4D designs).

duced CI standard deviation down to 0.037 kgCO2,eq/km (51%) and a reduced

LCOD standard deviation down to 0.07e/km (37%), i.e., the robust LCOD

(Figure 10, point A). In conclusion, this first subset of designs illustrates that

switching from a diesel-powered bus fleet (i.e., the optimized LCOD mean de-

sign) into a mobility demand that is partly covered by FCEB (54%) improves

not only the LCOD robustness, but also the average expected CI and the CI

robustness.

In the second part of the optimized designs, with an LCOD mean between

1.43e/km and 1.62e/km, the LCOD standard deviation is increasing, as the

robust LCOD design was reached at an LCOD mean of 1.43e/km. Hence,

this subset of optimized designs is not considered Pareto-optimal in the LCOD

statistical moments. Instead, accepting alternative designs with an increase in

LCOD mean up to 1.62e/km results in a continuous decrease in CI mean and

CI standard deviation (Figure 10, point B). In these designs, the fraction of

the mobility demand converted into FCEB is increased up to 96% (Figure 10,

middle-right), accompanied by an increase in the size of the wind turbine array

(Figure 10, top-right) and the hydrogen storage tank (Figure 10, bottom-right).

Due to the significant mean and significant uncertainty on the GHG emissions

during construction of the PV array, the optimizer does not further increase

the capacity of the PV array in this subset of optimized designs. Thus, this

second subset of optimized designs provides intermediate solutions between the
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Figure 10: The results from the holistic Robust Design Optimization (RDO) illustrate that

the optimized Levelized Cost Of Driving (LCOD) mean corresponds to the worst LCOD

standard deviation, Carbon Intensity (CI) mean and CI standard deviation. The LCOD

standard deviation, CI mean and CI standard deviation are subsequently reduced by gradually

replacing the diesel-powered buses with Fuel Cell Electric Buses (FCEB), accompanied by a

wind turbine array and photovoltaic array that are scaled accordingly.

stochastic performance of LCOD and CI.

In the third subset of optimized designs, between 1.62e/km and 1.71e/km,

the robust CI design is reached by converting the remaining diesel-powered

buses into FCEB. However, the gain in CI standard deviation is marginal

(0.013 kgCO2,eq/km, as opposed to 0.015 kgCO2,eq/km), while the mean CI stabi-

lizes around 0.21 kgCO2,eq/km and the LCOD mean and LCOD standard devia-

tion further increase up to 1.71e/km and 0.094e/km, respectively (Figure 10,

point C).
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The fourth and final subset of optimized designs, with an LCOD mean be-

tween 1.71e/km and 1.75e/km, reach the optimized CI mean by replacing the

PV capacity with an adequate wind power capacity. This final subset corre-

sponds to the optimized designs from the individual RDO on the CI and range

between the optimized CI mean (0.15 kgCO2,eq/km) and optimized CI standard

deviation (0.013 kgCO2,eq/km) achieved in the holistic RDO.

In addition to modifying the design, the standard deviation on the quantity

of objectives can be reduced by reducing the epistemic uncertainty on the in-

put parameters. As indicated on Figure 10, the diesel-powered bus fleet with

the optimized LCOD mean of 1.24e/km results in the worst LCOD standard

deviation and worst CI standard deviation among the optimized designs. For

this design, the uncertainty on the diesel cost is the main driver for the LCOD

standard deviation, while the uncertainty on the consumption of the diesel bus

is the main driver for the CI standard deviation (Figure 11). These are aleatory

interest rate

Figure 11: The Sobol’ indices on the Levelized Cost Of Driving (LCOD, bottom-left) and

the Carbon Intensity (CI, bottom-right) indicate that the design corresponding to the best

LCOD mean is subject to the diesel-related aleatory uncertainties, while the designs with

higher LCOD mean, between 1.43e/km and 1.75e/km, are subject to epistemic uncertainties

related to the renewable-powered Hydrogen Refueling Station (HRS).
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uncertainties, which means that these uncertainties cannot be reduced by mea-

sures taken by the system designer. Up until the robust design for the LCOD,

corresponding to an LCOD mean of 1.43e/km, the LCOD and CI standard de-

viation are mostly driven by these input uncertainties. However, for the designs

for which at least 54% of the diesel-powered buses are replaced by FCEB (i.e.,

LCOD mean between 1.43e/km and 1.75e/km), the aleatory uncertainties re-

lated to diesel-powered buses are replaced by epistemic uncertainties. Hence,

the standard deviation of the quantities of interest for the designs which are

mainly characterized by FCEB can be reduced by gaining more knowledge on

the important uncertainties. To illustrate, for the design corresponding to an

LCOD mean of 1.71e/km (96% of the bus fleet are FCEB), the main drivers

for the LCOD standard deviation are the uncertainty on the CAPEX of the

FCEB (Sobol’ index: 0.33), interest rate (Sobol’ index: 0.32), CAPEX of the

electrolyzer array (Sobol’ index: 0.26). As the amount of diesel-powered buses

in the fleet is negligible, the Sobol’ indices corresponding to the diesel price

and consumption of the diesel-powered buses are zero. As only epistemic un-

certainties remain, the LCOD standard deviation can be reduced by gaining

more knowledge on the important parameters. For this design, specifying the

PEM electrolyzer and FCEB supplier and determining the finance type are the

main actions to reduce the LCOD standard deviation. For the CI standard

deviation, the main driver is the uncertainty on the GHG emissions during con-

struction of the wind turbine array. Reducing this uncertainty by specifying the

wind turbine technology and manufacturer is the main action to improve the

CI robustness.

The LCOD represents the annualized cost of the system (i.e., renewable-

powered HRS, FCEB, diesel buses and fuel), per unit of distance covered by

the entire bus fleet. As the daily distance covered by the bus fleet is fixed, the

annual distance covered by the bus fleet is equal for all the optimized designs.

Therefore, the total (annualized) costs and (annualized) GHG emissions can be

directly derived from the LCOD and CI, respectively. With an annual distance

covered by the bus fleet equal to 3.65× 106 km, the annualized cost of the opti-
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mized designs ranges between 4.53×106e and 6.39×106e, while the annualized

GHG emissions ranges between 0.55×106 kgCO2,eq and 4.85×106 kgCO2,eq. An-

other quantity of interest that is typically adopted for renewable-powered HRS

is the Levelized Cost Of Hydrogen (LCOH), corresponding to the annualized

cost of the renewable-powered HRS and the FCEB, per kilogram of hydrogen

produced by the HRS. For the optimized designs, the LCOH ranges between

17.0e/kgH2
and 18.9e/kgH2

(Figure 12). The lowest LCOH (17.0e/kgH2
)

among the optimized designs is achieved by the robust design, i.e., the design

corresponding to an LCOD mean of 1.43e/km and LCOD standard deviation

of 0.07e/km. Hence, the lowest LCOH is achieved when 54% of the bus fleet is

covered by FCEB, and the highest LCOH corresponds to a bus fleet fully cov-

ered by FCEB, which corresponds to the results reported by Gunawan et al. [7].

Moreover, the LCOH is similar to the ones reported by Gunawan et al. [7] for

a renewable-powered HRS for a bus fleet in Ireland (between 11e/kgH2
and

22e/kgH2
).

LCOD mean [€/km]

LCOH mean
[€/kgH2]

Figure 12: For the optimized designs, the Levelized Cost Of Hydrogen (LCOH) ranges be-

tween 17.0e/kgH2
and 18.9e/kgH2

. The robust Levelized Cost Of Driving (LCOD) design,

corresponding to an LCOD mean of 1.43e/km, achieves the lowest LCOH among the opti-

mized designs.
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4. Conclusion

Renewable-powered Hydrogen Refueling Stations (HRS) for a Fuel Cell Elec-

tric Bus (FCEB) fleet achieve an excellent environmental performance, at the

expense of a higher fuel cost as opposed to a traditional diesel-powered bus

fleet. However, following the significant uncertainties associated with diesel, a

renewable-powered HRS might achieve additional benefits in terms of robustness

when considering techno-economic and environmental uncertainties.

� A diesel-powered bus fleet achieves the optimized Levelized Cost Of Driv-

ing (LCOD) mean of 1.24e/km, subject to a standard deviation of 0.11e/km.

However, among the optimized designs, a diesel-powered bus fleet achieves

the highest Carbon Intensity (CI) mean and CI standard deviation, equal

to 1.33 kgCO2,eq/km and 0.075 kgCO2,eq/km, respectively.

� The robust design for the LCOD reduces the LCOD standard deviation

by 36% (down to 0.07e/km), at the expense of an increase in LCOD

mean by 11% (up to 1.43e/km). This design corresponds to a bus fleet

with 54% FCEB and an HRS consisting of a 6.7MW wind turbine array,

2.5MW PV array and 62MWh hydrogen storage. In addition to the

optimized LCOD standard deviation, this design achieves a reduced CI

mean of 46% (0.71 kgCO2,eq/km) and reduced CI standard deviation of

51% (0.036 kgCO2,eq/km) and consequently provides a suitable alternative

to a diesel-powered bus fleet.

� The optimized CI mean and optimized CI standard deviation are achieved

with a bus fleet entirely consisting out of FCEB. While the optimized

CI mean of 0.15 kgCO2,eq/km is achieved with a wind turbine array of

15.8MW, the robust alternative for the CI consists of a 14.1MW wind

turbine array and 1.0MW PV array, enabling to reduce the standard de-

viation from 0.015 kgCO2,eq/km to 0.013 kgCO2,eq/km, at the expense of

an increase in CI mean up to 0.16 kgCO2,eq/km. Nevertheless, these opti-

mized CI designs are subject to a large LCOD mean and LCOD standard
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deviation, equal to 1.75e/km and 0.096e/km, respectively.

� The robust LCOD design and the optimized CI designs are subject to

epistemic (i.e., reducible) uncertainties, while the diesel-powered bus fleet

is mainly subject to aleatory (i.e., irreducible) uncertainties. Therefore,

the robustness of the renewable-powered HRS can be further improved by

reducing the uncertainty on the input parameters.

Future work will focus on the integration of full-electric buses. In addition,

to ensure a future-proof installation, the dispensation pressure will be increased

up to 700 bar and pre-dispensation cooling will be considered. To cover this

additional electricity demand, a battery stack will be included.
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Appendix A. Stochastic data

Table A.3: Parameters affected by aleatory uncertainty.

parameter value unit Ref.

consumptiondiesel bus 3.7 - 4.5 kWh/km [61]

consumptionhydrogen bus 3.0 - 3.2 kWh/km [61]

annual solar irradiance 1082 - 1266 kWh/m2 [69]

annual average wind capacity

factor

20 - 26 % [53]

average ambient temperature 9.9 - 10.7 ◦C [69]

inflation rate 1 - 2 % [70]

wholesale electricity price 57 - 91 e/MWh [59]

GHGelectricity 144 - 176 gCO2,eq/kWh [62]
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diesel price 1.42 - 2.31 e/l [60]

Table A.4: Parameters affected by epistemic uncertainty.

parameter value unit Ref.

CAPEXPV 350 - 600 e/kWp [71]

OPEXPV 16 - 19 e/kWp/year [72]

GHGPV 520 - 1550 kgCO2,eq/kWp [73]

CAPEXwind 620 - 800 e/kW [74]

OPEXwind 18 - 36 e/kW/year [74]

GHGwind 242 - 469 kgCO2,eq/kW [75]

CAPEXPEM 1400 - 2100 e/kW [48]

OPEXPEM 3 - 5 %of CAPEX [48]

ReplPEM 15 - 20 %of CAPEX [76, 77]

lifePEM 60 - 100 kh [48]

GHGPEM 190 - 235 kgCO2,eq/kW [78]

CAPEXtank 11 - 14 e/kWh [79]

OPEXtank 1 - 2 %of CAPEX [76, 80]

GHGtank 6 - 12 kgCO2,eq/kWh [81]

CAPEXcompressor 1000 - 1500 e/kW [82]

OPEXcompressor 1 - 2 %of CAPEX [82]

GHGcompressor 80 - 120 kgCO2,eq/kW [83]
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CAPEXdispenser 45 000 - 65 000 e/unit [7, 19, 79]

OPEXdispenser 1-2 %of CAPEX [19]

CAPEXdiesel bus 220 000 - 250

000

e/unit [7, 84, 85]

OPEXdiesel bus 0.26 - 0.30 e/km [85, 86]

GHGdiesel engine 20.0 - 22.7 kgCO2,eq/kW [87, 88]

CAPEXhydrogen bus 400 000 - 620

000

e/unit [7, 84–86]

OPEXhydrogen bus 0.26 - 0.40 e/km [7, 85]

GHGfuel cell 43 - 61 kgCO2,eq/kW [89]

CAPEXDC−DC 40 - 160 e/kW [90]

OPEXDC−DC 1 - 5 %of CAPEX [90]

CAPEXDC−AC 50 - 200 e/kW [90]

OPEXDC−AC 1 - 5 %of CAPEX [90]

interest rate 5 - 7 % [91–94]
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