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Abstract

To match intermittent solar energy supply with energy demand, power-to-
hydrogen is a viable solution. In this framework, designing a directly cou-
pled photovoltaic-electrolyzer system assuming deterministic parameters (i.e.
perfectly known and fixed parameters) is widely studied. However, consid-
ering deterministic model parameters in optimization disregards the inherent
uncertainty of the system performance during real-life operation (e.g. due to
unexpected costs or ineffective maintenance), leading to a fragile, suboptimal
direct coupling of the photovoltaic array with the electrolyzer stack. To avoid
a suboptimal coupling, we performed a design optimization under parameter
uncertainties (i.e. robust design optimization). This paper provides the deter-
ministic designs, robust designs and a global sensitivity analysis on the hydrogen
production and levelized cost of hydrogen. The technical robust design provides
a 43 % reduction in hydrogen production standard deviation compared to the

deterministic design, while the robust, cost-efficient design achieves a mean lev-
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elized cost of hydrogen of 6.4€/kg and standard deviation of 0.74€/kg. The
discount rate and capital expenditure parameters dominate the standard devi-
ation by 52% and 39 % respectively. Therefore, bulk manufacturing of these
technologies and more demonstration projects are the main actions to improve
the robustness. Future works will focus on including accurate probability dis-
tributions, a demand load, the grid and batteries to the system.

Keywords: Photovoltaic-electrolyzer system, levelized cost of
hydrogen, robust design optimization, uncertainty quantification,

global sensitivity analysis.

1. Introduction

The Sun provides around 5 x 1022 J of harvestable energy annually, which ex-
ceeds the global energy demand by several orders of magnitude [I]. Despite the
large solar energy capacity available, the Sun is an intermittent energy resource,
which results in a mismatch between solar energy supply (e.g. PhotoVoltaic (PV)
array) and user demand. To match the supply and demand, the PV technol-
ogy can be coupled with an energy storage system. Battery energy storage is
the most widespread storage technology, with a round-trip efficiency ranging
between 60 % and 80% [2]. Due to this high efficiency, batteries are suitable
for fast response in intermittent grid balancing. However, during longer storage
periods (e.g. weeks, months), battery storage suffers from a high energy leakage
(1% - 5% per hour) and low energy density compared to hydrogen-based energy
storage [3]. Consequently, hydrogen provides a viable alternative as an energy
carrier for long-term solar energy storage [2]. Among different renewable hydro-
gen production methods, water electrolysis is the most developed and provides
high-purity hydrogen [4]. Despite being more expensive than the conventional
fossil-based hydrogen production methods (e.g. around 2 €/kgy, for steam re-
forming, as opposed to 6 €/kgy, for photovoltaic electrolysis [3]), the water
footprint is comparable (e.g. 18 kgy, o /kgy, for electrolysis, 22 kgy, o /kgy, for
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steam methane reforming [6]). In the framework of solar-powered water elec-
trolysis, the direct coupling of PV energy systems with electrolyzers is widely
studied [3,[7,[8]. When considering direct coupling, the inclusion of DC-DC con-
verters with Maximum Power Point (MPP) tracking is avoided, which reduces
the system complexity, cost and transmission loss. As a result, this approach
results in the highest economic performance for low power applications [7].
When designing a directly coupled PV-electrolyzer system, multiple ob-
jectives can be defined to determine the system performance. In Khalilne-
jad et al. [3], a hybrid PV and wind turbine system is coupled with a 10kW
electrolyzer. In this work, the system is designed such that the system ex-
cess power production, divided by the hydrogen production, is minimized. In
Maroufmashat et al. [7], the electrolyzer stack is designed to minimize the annual
energy loss and maximize the hydrogen production. In Garcia-Valverde et al. [§],
the number of electrolyzers in series is defined to maximize the energy trans-
fer from 72 series-connected solar panels. From previous work, it is clear that
the hydrogen production and energy loss are common PV-electrolyzer system
objectives. While the hydrogen production is a technical performance indica-
tor, the energy transfer loss is only an indirect economic performance indicator.
Instead, the Levelized Cost Of Hydrogen (LCOH) is generally used to indicate
the techno-economic performance of hydrogen-based energy systems [9]. In a
recent work of Sayedin et al. [10], a first techno-economic design optimization of
a directly coupled PV-electrolyzer system is performed, aiming to minimize the
energy transfer loss and LCOH by configuring the number of electrolyzers in se-
ries and parallel. Despite its clear significance (cost estimated around 11€/kWh
[11]), the hydrogen storage system is rarely addressed in directly coupled PV-
electrolyzer optimization studies, as these studies focus on the feasibility of
producing renewable hydrogen in this way. Moreover, water treatment (energy
consumption ranging between 1.5kW h/m3 and 2.5kW h/m3, cost ranging be-
tween 0.40€/m? and 1.52€/m? [12]) and potential oxygen revenues (59€/Nm3
for medical grade oxygen from retail level vendors, 0.069€/Nm? for large in-

dustrial scale producers [13]) are not addressed.



In previous design optimization strategies, the model parameters are con-
sidered deterministic. Any deviation from these deterministic parameter values
during real-life operation can lead to suboptimal coupling and performance of
the PV-electrolyzer system. Therefore, the uncertainty on the system param-
eters is characterized by probability density functions. To quantify the effect
of the input parameter uncertainty on the system objectives (i.e. Uncertainty
Quantification (UQ)), Monte Carlo Simulation is a robust, easy-to-implement
technique that provides accurate statistical moments (e.g. mean, standard de-
viation) on the objective, at the expense of a large number of model evaluations
(=10%) [14]. While this low computational efficiency is irrelevant for linear,
fastly-evaluated system models, applying Monte Carlo Simulation becomes com-
putationally intractable on a non-linear model subject to a significant evaluation
time. To improve the computational efficiency, surrogate models such as Poly-
nomial Chaos Expansion (PCE) are widely used to propagate the uncertainties
in more complex system models [I4HI6]. To create a PCE surrogate model,
the number of model evaluations required is based on the number of considered
uncertain parameters (i.e. stochastic dimension) and the model complexity. To
illustrate: considering 10 uncertain model parameters where the relation be-
tween inputs and objective can be approximated by multivariate orthogonal
polynomials of order 3, PCE requires 572 model evaluations to provide accurate
statistical moments on the objective. When the surrogate model is constructed,
the statistical moments of the objective follow analytically [16].

To find a set of system designs that make a trade-off between optimizing
the objective mean and minimizing the standard deviation, we coupled PCE
with a multi-objective optimization algorithm. The design leading to the mini-
mum standard deviation is least sensitive to the model parameter uncertainties
and therefore ensures the highest quality of the system outcome during real-life
operation. This approach is defined as surrogate-assisted Robust Design Op-
timization (RDO) [I5] and represents one of the strategies out of the robust
optimization spectrum. In this spectrum, another established approach is the

methodology of Taguchi [I7], where several designs are evaluated under varying



noise factors (e.g. environmental conditions, manufacturing tolerances), where-
after the design leading to the minimum mean square deviation is considered
as the robust design. Alternatively, during worst case scenario-based design op-
timization, the loss in objective function is minimized by designing the system
assuming the least favourable conditions (i.e. min-max optimization) [I8]. To
address the over conservativeness of this method, a different approach was pre-
sented, where the degree of conservativeness can be controlled by the user [19].
RDO is applied in various domains, including fatigue analysis and structural
dynamics [I5]. In energy systems, the application of RDO is limited to linear
models, a single economic objective, a limited number of uncertain parameters
based on expert judgement and an assumption on the uncertainty range [20-
23]. To illustrate, in Akbari et al. [23], a robust design of a distributed energy
system is investigated, where a 20 % range is applied to a handful of demand
and financial parameters.

The characteristics of a techno-economic robust design of a directly cou-
pled PV-electrolyzer system are not yet demonstrated. Next to that, the op-
erating temperature is rarely considered as a design parameter and no specific
techno-economic uncertainties are applied. As the optimality of the direct cou-
pling strongly depends on the electrolyzer stack configuration and therefore on
the assumed techno-economic parameter values, we applied a surrogate-assisted
RDO for various climate conditions to ensure an optimal, robust direct coupling
of the PV-electrolyzer system. Next to the number of electrolyzers in series
and parallel, which are common design parameters in literature, the operating
temperature is selected as an additional design parameter. All technical and
economic model parameters are considered uncertain and the ranges are based
on literature rather than using a general assumption. Thereafter, a stochastic
dimension reduction is applied to determine the parameters that contribute sig-
nificantly to the objective variation, instead of relying on the vaguely defined
modeller judgement. When the robust designs are characterized, their advan-
tages are illustrated compared to the respective deterministic designs. For each

robust design, the individual contribution of each uncertain parameter to the



objective variation is quantified. The determination of these individual contri-
butions allows the formulation of technical and economic guidelines to further
enhance the robustness of the performance during real-life operation. In this

paper, first the PV-electrolyzer system model and the optimization procedures

are described in [section 2| In [section 3| the results of the deterministic opti-

mal designs and the robust design performance are discussed, followed by the

conclusions in [section 4]

2. System modelling and optimization procedures

In this section, the system models and climate data are presented, followed
by the optimization parameters and algorithm. To determine the robust de-
sign and its performance, the uncertainty characterization, UQ and surrogate-
assisted RDO methods are discussed. The considered system models and algo-

rithms are developed in Python.

2.1. System model
The adopted models for the PV system and the electrolyzer stack are de-
scribed, followed by the climate data of the three locations considered in this

study.

2.1.1. Photovoltaic system array

To convert the solar energy into electric power, we take a PV array of 72
series-connected MSX-60 panels [8, 24]. A single PV cell is characterized based
on a single diode model without parallel resistance, following the experimentally
validated structure presented by Gonzalez-Longatt [25].

The produced PV cell current Ipy depends on the photocurrent I, the diode

current Iy and the series resistance Ry:

Iov = I — Iy (exp (Q(UPV + IPVRS)> _ 1) ’
ndkTamb

(1)
where ¢ is the electron charge, nq the diode ideality factor and k the Boltz-
mann constant. To solve this non-linear equation for Ipy, we used the Newton-

Raphson numerical method for its fast convergence and accuracy [25} [26]. The



photocurrent I;, depends on the solar irradiance G and ambient temperature
Tomb:

G
IL = ISC(Tl,nom)m + KO(Tamb - Tl)- (2)

The coefficient K depends on 2 reference temperatures and the corresponding
short-circuit currents Igc:

_ Isc(T3) — Iso(Th)

K, . 3
0 T —T; (3)

The diode current Iy is represented according to the following equation:

3
Iy = Io(T1) (Tamb) " exp (G (4)

T, AR
" Tamb Tl

Ee oD
exp q;}lel —1

The series resistance represents the internal losses:

where Iy(Ty) is given by:

Iy(Th) =

dU 1

Ry =— - 6
dlvoe  Xu (6)

where the term dU/dIy, is equal to 1.15/2/Npy s, based on the PV panel
current-voltage characteristic provided by the manufacturer [25]. Xy is given

by:

_ q qUoc(T1)\ 1
XU o IO (Tl)nle xp < nkT1 XU ' (7)

The shunt resistance, which corresponds to the leakage current to the ground,

is commonly neglected and therefore it is not considered in this work [25] 27].

2.1.2. Electrolyzer stack
To produce hydrogen from an intermittent electricity supply, we selected
a Proton Exchange Membrane (PEM) electrolyzer, based on its fast response

time (<1s) and full operational flexibility [28]. The electrolyzer operates at



atmospheric pressure, as the coupling of pressurized electrolyzers with inter-
mittent energy sources is less robust, due to problems such as worse cross-
permeation phenomena, corrosion, hydrogen embrittlement [29] and smaller op-
erating range [30] as opposed to atmospheric pressure electrolysis. To charac-
terize the PEM electrolyzer, we adopted the experimentally validated model
of Garcia-Valverde et al. [29]. To induce an electric current in the PEM elec-

trolyzer, an operating voltage Uelec has to be applied:
Uelec = Urev + Uelectrodes + Uohm- (8)

U,ev is reversible potential, Ugectrodes the overpotential at the electrodes and
Uohm the ohmic overpotential. At atmospheric pressure, the reversible potential

Uev is found empirically:
Urev = 1.5184 — 1.5421 103 Tpjec + 9.523 10 TyjecInTojee + 9.84 107373, (9)

While the reversible potential represents only the open circuit voltage, an over-
potential has to be applied to induce the electric charge transfer and to overcome
the mass transport phenomena. This required overpotential is represented by

the activation overpotential and diffusion overpotential respectively:

Uelectrodes = Uact + Udiff- (10)

However, the mass transport phenomena are relatively small at low current den-
sities [29]. Therefore, this effect is negligible in commercial PEM electrolysers
and is not considered in this work. The activation overpotential is defined by the
overpotential that is distributed over the anode and cathode, where respectively

the reduction and oxidation take place:

Uact - Uact,a + |Uact,c|a (11)
RTelec Z'a

Uac a — 1 B 5 12

K aazF t (207a> (12)
RTelec Z'c

Uac c = 1 . . 13

& aczF . (107C> (13)



The activation overpotential depends on the ideal gas constant R, the operat-
ing temperature of the electrolyzer Teec, the coefficient of transferred electrons
z (= 2 for water electrolysis), the Faraday constant F' (= 96485 C/mol) and
the current density i. The electrode contribution to the overpotential is un-
equally divided. The anode exchange current density is generally much lower
(=10~7 A/cm?) than at the cathode electrode (=102 A/cm?) [29]. Therefore,
we neglected the cathode contribution. By using the common assumption of
a symmetric reaction, the charge transfer coefficients o are equal to 0.5. To
define the exchange current density, an Arrhenius expression is applied, which

characterizes the effect of the operating temperature on the current density:

) ) Eexe 1 1
10 = @0 ref €XP ( 7 <T1 — 7 f)) (14)

Where Feoy. is the activation energy for the electrode reaction. The final over-

potential that defines the operating voltage is the Ohmic overpotential, which

depends on the resistive losses:
Uohm = ZR] = i(Rele + Rion)~ (15)

The electronic contribution to the resistive losses is limited compared to the
ionic contribution, since the membrane conductivity is significantly lower than
the conductivity in the other components [29]. The ionic membrane resistance
depends on the thickness and conductivity:
Rign = 2. (16)
m

Assuming a fully hydrated membrane, the membrane conductivity can be mod-

elled using an Arrhenius expression at a reference temperature:

FEoo 1 1
Om = Om,ref €XP < E (T ; - Tu )> ) (17)
re elec

where Ey, is the activation energy for the proton transport in the membrane.

When combining the electrolyzers in parallel N, and series N, the electrolyzer

stack voltage and current are expressed as:

Ustack = Ns Ueleca (18)
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Istack = Nplelec- (19)
The hydrogen production is proportional to the current:

. NsIstack

= ———p, 20
"2 = 0008 T (20
where ng is the Faraday efficiency that represents the loss in hydrogen collec-
tion due to leakage and electrons that do not participate in the decomposition

reaction [31].

2.1.3. Climate data

To analyze the effect of different climate conditions on the system, we consid-
ered hourly solar irradiance and ambient temperature data for one year for Bern
in Switzerland (46.9 °N, 7.4°E), San Francisco in the United States of America
(37.8°N, —122.5°E) and Johannesburg in South-Africa (—26.2°N, 28.0 °E) [32].
Clearly, these locations are subject to different climate conditions, where Jo-
hannesburg achieves the highest total yearly solar irradiance and average yearly
ambient temperature, followed by San Francisco and Bern . Due to
the variability in the climate conditions, the PV system in each location pro-
duces different PV system characteristics and MPPs over the year. The MPPs
in Johannesburg are concentrated in the top-right region of the current-voltage

graph, resulting in the highest yearly power production, while in the other lo-
cations the MPPs are more widespread (Figure 1)).

Table 1: The climate data for the considered locations illustrate that Johannesburg receives

the highest total yearly solar irradiance and highest average ambient temperature.

Location Giotal Iie. oa W  OTumn
kWh/m?/year W/m? W/m? °C °C
Bern 1243 143 262 10.7 8.0
San Francisco 1842 210 303 14.2 4.1
Johannesburg 2302 263 373 16.0 5.8

11
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Figure 1: To illustrate the effect of the variability of the climate conditions, the region is
marked where 50 % of the hourly produced Maximum Power Points (MPPs) over the year are
situated. Clearly, during the year, the climate conditions in Johannesburg induce that 50 %
of the MPPs produced by the PV array are located in the high-current, high-voltage region.
The MPPs produced in San Francisco and Bern are more widespread towards lower currents

and voltages, resulting in a lower overall power production during the year.

2.2. Deterministic Design Optimization

In this section, the design parameters and objectives are defined for the

PV-electrolyzer system, as well as the optimization algorithm.

2.2.1. Design parameters and objective

The solar irradiance is converted into electrical energy by the PV array. To
convert the electrical energy into hydrogen, an electrolyzer stack is directly cou-
pled to the PV array. Due to this direct coupling, the electrolyzer stack needs to
be configured such that the optimal energy transfer occurs from the PV panels
to the electrolyzer stack. To find an optimal configuration for the electrolyzer
stack for each considered location, the number of electrolyzers in series [7], the
number of parallel strings of series electrolyzers [7] and the operating tempera-

ture [28] are selected as design parameters:

1< N, < 30,

12



By adapting these design parameters, the electrolyzer stack characteristic is
modified, resulting in a different intersection point for the PV system charac-
teristic and electrolyzer stack characteristic and therefore a change in transferred
power between both systems . To illustrate, increasing the operat-
ing temperature decreases the operating voltage for the same current density.
Therefore, less electrical power is required for the same current flowing through
the stack. At a higher operating temperature, the electrochemical reaction rate
is improved, resulting in higher exchange current density and decreased voltage
loss [33].

To characterize the PV-electrolyzer system techno-economic performance
for each design sample, the LCOH is quantified. The LCOH depends on the
hydrogen production, CAPEX and OPEX of the installed PV panels and elec-
trolyzers [34]:

CRF(CAPEXpy + CAPEXjec) + OPEXpy + OPEX jec
8760 . ’
> MH,
1=1

LCOH = (22)

where CRF is the Capital Recovery Factor, which is characterized by the dis-
count rate r and system lifetime n:

(r(1+1)")

F=——".
CR (I4+r)m-1

(23)
The considered values for the different parameters are listed in

2.2.2. Optimization algorithm

Based on the complexity and non-linearity of the system, we implemented
the Nondominated Sorting Genetic Algorithm (NSGA-II) to find the set of op-
timal design samples [35] [36]. This set corresponds to the design samples that

dominate every other sample in at least one objective (i.e. Pareto set of design

13
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Figure 2: The voltage and current transferred from the PhotoVoltaic (PV) array to the elec-
trolyzer stack is defined at the intersection point of the PV and electrolyzer stack voltage-
current characteristic. The electrolyzer stack characteristic can be adapted by changing the
stack configuration: The operating voltage is proportional to the number of electrolyzers in
series (Ns), while adding electrolyzers in parallel (Np) increases the limiting current of the
electrolyzer stack and therefore the range of the characteristic. Finally, the stack characteristic
is steepened by increasing the number of electrolyzers in parallel and increasing the operating

temperature (Tejec)-

samples). The metaheuristic NSGA-II algorithm starts from an initial set of
design samples (i.e. population), which is configured based on Latin Hypercube
Sampling [37]. Out of these initial samples, offsprings are created based on
crossover and mutation rules, which are represented by the evaluated binary
bounded [38] and polynomially bounded [39] operators respectively. The initial
population samples and offspring samples are evaluated in the PV-electrolyzer
model and sorted based on their dominance in the objectives. Moreover, when
no mutual domination occurs between samples, the most isolated samples in the
design space are favoured over samples in more crowded regions. As a result,
the diversification of the final solution set will be improved. This process is re-

peated until convergence is reached, or when the predefined maximum number

14



of iterations (i.e. generations) is reached. In this work, the population npep is
set at 24 design samples, while the optimization algorithm is configured with a
crossover and mutation probability of 0.9 and 0.1 respectively. The population
samples are evaluated in parallel on a 12 core Intel®Xeon® CPU E5-2687W v4
3.00 GHz. To illustrate, with a single model evaluation taking around 6s, run-
ning the Deterministic Design Optimization (DDQO) over 250 generations takes

around 1 hour.

2.8. Surrogate-assisted Robust Design Optimization

In the previous section, the design optimization has been illustrated assum-
ing deterministic parameters (i.e. free from inherent variation). In this section,
the uncertainty on the parameters is introduced. First, the uncertainty charac-
terization of the techno-economic parameters is described, followed by the UQ
technique to define the effect of uncertain input parameters on the objective.
To reduce the computational cost of the surrogate-assisted RDO, the stochastic
dimension reduction technique is introduced. The section concludes with the

surrogate-assisted RDO algorithm.

2.8.1. Uncertainty characterization

While in DDO all the parameters are considered deterministic, in real-life
these parameters are subject to uncertainties. To represent real-world con-
ditions, in this section, the technical and economic parameters of the PV-
electrolyzer system are characterized as uncertain . For the system
economics, the CAPEX and OPEX are considered uncertain. While the design
optimization on system models employs at an early stage to evaluate the feasi-
bility, the final investment stage usually occurs at a significantly later time, as
it is preceded by a thorough planning study. Therefore, the proposed designs
are vulnerable to changing market conditions, leading to uncertainty in the ini-
tial investment cost. Next to that, the OPEX can be considered uncertain, as
unexpected operating costs might emerge. Next, considering uncertainty on the

discount rate takes into account changes in finance types and policies [40]. The

15



technical parameters of the PV-electrolyzer system are subject to commission-
ing and maintenance quality during operation. Moreover, inherent parameter
variations are present, as well as measurement inaccuracy [40]. The limiting cur-
rent iy, which forms a constraint on the operating range of the electrolyzer, is
considered at its worst-case value. This will ensure, with a reliability of 3 times
the standard deviation, that the proposed design will not violate the constraint
due to the uncertain behaviour of the model parameters. The climate data (e.g.
solar irradiance and ambient temperature) can be considered uncertain due to
measurement inaccuracy, inter-annual variability and spatial variability [40]. In

this work, all uncertainties follow a Gaussian distribution.

2.8.2. Uncertainty Quantification

As the model input parameters are considered uncertain, these uncertainties
will propagate through the PV-electrolyzer system model and affect the objec-
tive quantification. Consequently, the objective is no longer characterized by a
deterministic value, but by a probability density function instead, which is char-
acterized by statistical moments (e.g. mean, standard deviation). To quantify
the statistical moments of the objective, an UQ technique is required. While
Monte Carlo Simulation is a robust technique (i.e. always reaching convergence),
it has a low computational efficiency (~10% model evaluations required to reach
an acceptable accuracy on the objective statistics) [I4]. In this work, we applied
PCE instead to quantify the objective statistical moments efficiently [14] [16].

The PCE surrogate model M (&) of the physical model M (€) is represented

V() = Y uiil€) ~ M(©). (24)

In this equation, ¥; represents a multivariate orthogonal polynomial, u; is the
corresponding coefficient and & = (£, s, ..., &q) is the set of independent stochas-
tic model parameters, with d the dimension of the stochastic design space (i.e.
the number of uncertain parameters considered). The type of orthogonal poly-

nomials are selected based on the input parameter probability distributions, in

16



Table 2: For the PV-electrolyzer system model, 18 techno-economic model parameters are

considered uncertain. The limiting current constraint is considered at its worst-case scenario,

to ensure that no constraint violation occurs due to the model parameter variations.

Parameter Deterministic value Range
CAPEXpy 780€/kW 1] + 520€/kW [A1]
OPEXpy 17.5€/kW /y [A1] + 1.5€/kW/y [AT]
npy 25y [41] + 5y [42]
CAPEX e 1750 € /kW [28] + 350€/kW [28]
OPEXjec 4% [28] + 1 %ans [28]
Melec 80.000 h [28] + 20.000h [28]
r 6% [43] + 4 %ans [44]
L 0.065 A/K [24] +0.015A/K [24]
oo 0.08 V/K [24] +0.01V/K [24]
Isc 3.8A [24] +0.1A [24]
Uoc 21.1V [24] +0.1V [
A 50 cm? [29] + 1cm?
tm 0.0051 cm [7] + 0.0001 cm
- 99.5% [29] +0.5% [29]
Udegr 6pV/h [28] + 2pV/h 28]
Telec design parameter + 1K [45]
G hourly data for one year [32] + 7% [32]
Tamb hourly data for one year [32] + 0.5K [32]
ilim 2 A /em? |7 -2% [29]

accordance with the Askey scheme [I4]. As in this work, the input parame-

ters follow a Gaussian distribution, the Hermite orthogonal polynomial family

is selected accordingly. If an infinite series of orthogonal polynomials and cor-

responding coefficients are considered, the PCE surrogate model is an exact

representation of the initial model. However, since an infinite series is computa-

tionally intractable, a truncated series is implemented instead. This truncated

17



series consists of P elements, where P depends on the complexity of the ini-
tial model (related to the polynomial order p) and the number of considered

uncertain parameters d:
(p+ad)!
pld!

To quantify the PCE coefficients u;, we applied a non-intrusive regression ap-

P+1= (25)

proach [I6]. Out of these PCE coefficients, the mean p and standard deviation
o follow analytically:

= uo (26)

o? = Zuf (27)

For the PV-electrolyzer model, a polynomial order of 3 results in an error below
1% on the statistical moments for the objective, compared to a Monte Carlo
Simulation result of 10° model evaluations.

Next to the statistical moments, the Sobol’ indices can be quantified analyt-
ically out of the PCE coefficients. The Sobol’ indices represent the contribution
of one or combined stochastic input parameters to the total variance of the

objective [I4]. To illustrate, the first-order Sobol’ indices are defined as:

_ Di _ Var[M(¢)]
Si= D Var[M(¢)]” (28)

The first-order Sobol’ indices are found out of the PCE coefficients by a mere

combination of the squares of the related coefficients to that input parameter:

SPC = Z Ua/D A ={a€A:a; =0,a;4 =0}, (29)
a€A;

where A is the set containing all coefficients in the truncated series.

2.3.3. Stochastic dimension reduction

When considering the full stochastic design space, out of follows
that 1330 model evaluations are required to acquire accurate statistical moments
for the objectives. Moreover, to ensure an accurate quantification of the coef-

ficients through regression, 2 to 3 times that amount of model evaluations are
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required [I4]. The exponential increase of model evaluations with the number
of uncertain inputs in PCE is referred to as the curse-of-dimensionality [10].
Therefore, in this section, a stochastic dimension reduction [46] [47] is applied to
determine the uncertain parameters with negligible contribution to the objective
variation and consider them as deterministic in the RDO algorithm.

For every design sample evaluated in the PV-electrolyzer system model, the
Sobol’ indices S; related to the stochastic model parameters in that design
sample can be quantified. In total, d Sobol’” indices are acquired, one for each
stochastic model parameter. These Sobol’ indices are ranked based on their
value. Consequently, the parameters with a corresponding Sobol’ index below a
certain threshold can be discarded from the stochastic design space and therefore
be considered deterministic in future evaluations.

The contribution of a specific stochastic parameter can vary in different
areas of the design space. Therefore, a computational budget is fixed to do a
first screening of the design space. For this screening, one population of design
samples is evaluated, which is spread over the design space by Latin Hypercube
Sampling [14]. This results in npep values for the Sobol” index of each stochastic

parameter S; = (S;1,5;.2,...,5 ), where j =1,2,...,d. If max(S;) < Sthres,

JyMpop
this model parameter can be discarded from the stochastic design space and
consequently be considered deterministic. In this work, a threshold Stpres of

2% is selected.

2.8.4. Surrogate-assisted Robust Design Optimization algorithm

After the characterization of the uncertainty on the model parameters and
the stochastic dimension reduction, the next step is to apply the surrogate-
assisted RDO algorithm on the PV-electrolyzer system [I5]. In the surrogate-
assisted RDO algorithm, the NSGA-II algorithm is coupled with the PCE al-
gorithm. An initial population of design samples npop is distributed over the

design space and next generations are created out of the initial samples based on

their dominance in the objectives (subsubsection 2.2.2)). In contrast with DDO,

the RDO objectives are the mean and standard deviation. Since the objectives
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are the statistical moments, for each evaluated design sample a PCE surrogate

model has to be created (subsubsection 2.3.2). When convergence is reached,

a single optimal design is found, or a Pareto set of design samples that repre-
sents the trade-off between the optimal mean of the objective and the minimum

standard deviation of the objective (i.e. optimal robustness).

3. Results and discussion

After the system modelling and the illustration of the optimization pro-
cedures, the next step is to apply the optimization algorithms on the PV-
electrolyzer system model. First, the results of the DDO are presented and
discussed, followed by a sensitivity analysis of the discount rate. Thereafter,
the stochastic dimension reduction is applied and the surrogate-assisted RDO
is performed. To conclude, a sensitivity analysis of the discount rate is per-

formed, considering only the operational uncertainties.

8.1. Deterministic Design Optimization

In this section, the optimization algorithm is applied to find the optimal
designs for the electrolyzer stack of the considered locations (i.e. Bern, San
Francisco and Johannesburg), assuming deterministic parameters. While a min-
imum LCOH indicates an optimal techno-economic performance of the system,
it does not ensure an optimal performance in terms of hydrogen production.
Therefore, the hydrogen production is evaluated separately from the LCOH by
the optimization algorithm, to be able to provide alternatives that aim towards
a higher hydrogen production, at the expense of a larger LCOH to produce it
(e.g. decentralized systems). To illustrate the effect of the discount rate on the

optimal LCOH, a sensitivity analysis of the discount rate is performed.

8.1.1. Techno-economic Deterministic Design Optimization
The optimization algorithm is applied to the system, resulting in Pareto

design samples that make a trade-off between minimizing the LCOH and max-

imizing the hydrogen production (Figure 3|). The algorithm converged after 60
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generations, which is comparable to the computational efficiency reported by
Sayedin et al. (71 generations for a population size of 20) [48]. Despite the
clear link between the power applied to the electrolyzer stack and the hydrogen
production , a trade-off exists near the MPPs between maximiz-
ing the energy transfer efficiency from the PV array to the electrolyzer stack
(=Felec,year/ EMPP year) and maximizing the hydrogen production [7.
Consequently, operating exactly in the MPP does not induce the highest hydro-
gen production.

For the 3 considered locations, a configuration of 2 parallel-connected strings
of electrolyzers, where each string consists of 10 electrolyzers in series, results in
the minimum LCOH for the system. The optimal LCOH ranges from 6.3€/kg
(Johannesburg) to 10.5€/kg (Bern), which is comparable to recently published
LCOH for directly coupled PV-electrolyzer system designs in various cities in
Iran (between 7.32€/kg and 9.46€/kg) [10]. With 2 parallel strings of elec-
trolyzers, the electrolyzer stack can handle up to 200 A, which is sufficient to
achieve an optimal amount of operating hours for each location. To illustrate,
for this configuration, in only 0.7 % of the time in Johannesburg, the produced
PV power is situated outside the operating range of the electrolyzer stack. When
1 electrolyzer string in parallel is considered, this downtime is equal to 40.8 %.
Next to the regulation of the limiting current of the electrolyzer stack by the
number of electrolyzer strings in parallel, the operating voltage of the elec-
trolyzer stack is mainly controlled by to the number of cells in series. Since the
operating voltage range near the MPPs is narrow for all locations ,
the optimal designs in each location consist of the same number of electrolyzers
in series. The final design parameter, the electrolyzer operating temperature,
is slightly different: Teec = 333K in Johannesburg, Tee. = 336 K in San Fran-
cisco and Tee = 331 K in Bern. Remarkably, the operating temperature in the
optimal designs is selected below the highest temperature, where the minimum
voltage losses would have occurred. By operating at these temperatures, the
intersection points between the PV array and electrolyzer stack characteristic is

optimized, resulting in the optimal hydrogen production, even if a higher oper-
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ating voltage is required compared to operating at the maximum temperature.
To illustrate, for this electrolyzer stack configuration, operating out of the opti-
mal operating temperature can increase the LCOH up to 78 % in Johannesburg
(Figure 4).

The PV-electrolyzer system in Johannesburg achieves the lowest LCOH out
of all locations, leading thus to the highest hydrogen production, since the
investment cost of the electrolyzer stack is equal in all 3 locations. Indeed, the
hydrogen production ranges between 103.2kg/year in Bern and 178.9 kg /year
in Johannesburg. Therefore, the hydrogen production is proportional to the
total yearly solar irradiance, while the LCOH is inversely proportional to the
total yearly solar irradiance. The hydrogen production can be maximized in
each location by adapting the system design into a configuration of 30 parallel-
connected strings of 12 electrolyzers in series and an operating temperature of
353 K in all locations. This configuration consists of 18 times more electrolyzers
than the minimum LCOH design (360 electrolyzers instead of 20), while the
resulting increase in hydrogen production ranges from 30.7 % (San Francisco)
to 40.9% (Johannesburg). Consequently, the LCOH is drastically increased
(~9 times) when installing this configuration. As a trade-off between both
extreme designs, an intermediate design configuration is presented, consisting
of 3 parallel strings of 10 electrolyzers operating at 353 K (Table 3|). This design
significantly improves the hydrogen production in each location compared to the

cost efficient design, at the expense of an acceptable increase in LCOH

8.1.2. Sensitivity analysis of the discount rate

The discount rate of the PV-electrolyzer system is a highly uncertain param-
eter that has a significant effect on the LCOH [44]. Therefore, in this section,
the effect of the discount rate on the LCOH is quantified and the potential
LCOH reduction by de-risking the technology is illustrated. For the design
leading to the minimum LCOH in each location 7 the discount rate
is varied between 2% and 10%. A decrease in LCOH of 63 % is achieved in
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6.3 57.0 99.9
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179.7t
157.2}
103.2*
72 69.8 99.9
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138.41
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103.2*
105 99.9
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Figure 3: A trade-off exists between maximizing the hydrogen production and minimizing
the Levelized Cost Of Hydrogen (LCOH) in each considered location. Next to the 2 extreme
designs, an intermediate solution is appointed as well. In Johannesburg, the optimal LCOH

and hydrogen production is achieved.

Johannesburg, 64 % in San Francisco and 69 % in Bern (Figure 5. Hence, this

result demonstrates the importance of low-interest loan policies and technology
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Table 3: For each location, the same electrolyzer stack design leads to a maximum hydrogen
production. To acquire the minimum Levelized Cost Of Hydrogen (LCOH), the number of
electrolyzers is significantly lower, with slight differences in operating temperature for each
location. As a trade-off between both extremes, an intermediate design is presented, which
drastically increases the hydrogen production compared to the cost efficient design, at the

expense of a slight increase in LCOH.

Location Ns Np Telec LCOH mH2 Eeleqyear/EMPP.year
K €/kg kg/year %
Bern 10 2 331 10.5 103.2 93.5
12 30 353 99.9 138.4 98.7
10 3 353 12.1 121.2 97.9
San Francisco 10 2 336 7.2 157.2 95.8
12 30 353 69.8 205.5 99.3
10 3 353 8.5 179.7 98.4
Johannesburg 10 2 333 6.3 178.9 88.9
12 30 353 57.0 252.5 98.4
10 3 353 6.9 220.6 99.1
11.2¢
LCOH
[€/kg]
6.3t
323 333 353

Operating temperature, Telec [K]

Figure 4: When performing a sensitivity analysis on the operating temperature of the cost-
efficient design in Johannesburg, the LCOH can increase up to 78 % when deviating from the

optimal operating temperature of 333 K.
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de-risking for the economic maturity of PV-electrolyzer systems. Moreover, this
result shows the increasing importance of reducing the discount rate in locations
with a lower total yearly solar irradiance, since the LCOH reduction effect is

the largest in Bern, followed by San Francisco and Johannesburg.

13.6
Bern
LCOH
[€/kg]
San Francisco
8.0r
Johannesburg
561
49t

2 4 6 g 10
Discount rate, r [%]

Figure 5: Increasing the discount rate from 2% to 10 % increases the Levelized Cost Of Hy-
drogen (LCOH) of the PV-electrolyzer system by 63 % in Johannesburg, 64 % in San Francisco
and 69 % in Bern.

8.2. Surrogate-assisted Robust Design Optimization

In this section, the stochastic dimension reduction is performed. Then, the
surrogate-assisted RDO results are presented and discussed, followed by the
most contributing parameters to the objective variation. To conclude, a sensi-

tivity analysis is performed of the discount rate.

3.2.1. Stochastic dimension reduction

The stochastic dimension reduction is applied for both the hydrogen produc-
tion and LCOH separately, since the model parameter uncertainties contribute
differently to each objective. For the LCOH, most economic parameters, the

solar irradiance, membrane area and short-circuit current are the parameters
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contributing more than 2% to the standard deviation in at least one consid-
ered design sample . The CAPEXpy is a significant contributor to the
LCOH variance in PV-electrolyzer system designs with a relatively small amount
of electrolyzers installed. In such a design, the LCOH depends mainly on the
cost of installed PV panels, and therefore the LCOH variation depends mainly
on the CAPEXpy variation. When the hydrogen production is selected as an
objective, evidently the economic parameters do not contribute to the variation.
Instead, the solar irradiance is the most dominant parameter .
Respectively, the uncertainty of only 8 and 7 parameters remain significant
for the LCOH and hydrogen production. As a result, the total required number
of model evaluations is reduced to 330 for 8 stochastic parameters and 240 for
7 parameters, as opposed to 2660 for the full stochastic space. Consequently,
the computational cost is reduced by 87.5 % and 90.9 % respectively to achieve

statistical moments for each considered objective.

Table 4: The maximum Sobol’ index above the threshold for each parameter over the consid-
ered design samples are presented. Therefore, these parameters are considered uncertain in
the surrogate-assisted Robust Design Optimization (RDO). The CAPEX parameters, discount
rate r and solar irradiance G are the most contributing parameters to the LCOH variation in
at least one of the considered design samples. For the hydrogen production, the variation is

mainly dominated by the solar irradiance G.

LCOH hydrogen production
parameter value, % parameter value, %
CAPEXpvy 80 G 91

T 51 An 18
CAPEX jec 40 Isc 12
G 22 Tetee 12
OPEXjec 5 tm 6
Nelec 4 Tamb 5
Am 3 Nelec 2
Isc 2
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8.2.2. Surrogate-assisted Robust Design Optimization on the hydrogen produc-
tion

The surrogate-assisted RDO algorithm is applied to the PV-electrolyzer sys-
tem, to find a Pareto set of design samples that makes a trade-off between
maximizing the mean hydrogen production and minimizing the standard de-
viation for each considered location . The converged Pareto front is
achieved around 80 generations for the considered locations. As the most robust
design corresponds to a negligible mean hydrogen production, this design is not
considered. Instead, an intermediate design is presented for each location, which
achieves a significant drop in standard deviation (from 43 % in Johannesburg
up to 56 % in Bern), at the expense of a tolerable decrease in mean hydrogen
production (from 23 % in Johannesburg up to 34 % in Bern, .

Clearly, the effect of a more severe constraint on the limiting current does
not imply a reduction of the maximum mean hydrogen production, compared to
the predicted deterministic hydrogen production. With 30 electrolyzer strings
in parallel, this design is clearly oversized, reaching a limiting current far above
the highest current produced by the PV system. Therefore, the energy from
the PV system at each hour is transferred to the electrolyzer stack, even if the
limiting current is a bit more severe.

When quantifying the contribution of the stochastic input parameters to the
standard deviation of the hydrogen production in the intermediate design, the
solar irradiance is the dominating parameter . Hence, increased accu-
racy in solar irradiance data and predictions is the most significant action to

improve the quality and robustness of the hydrogen production.

3.2.8. Techno-economic surrogate-assisted Robust Design Optimization

Next to the hydrogen production, the surrogate-assisted RDO algorithm is
applied for the LCOH. In this approach, no trade-off exists between minimiz-
ing the LCOH standard deviation and minimizing the mean LCOH. Hence, the
robust design achieves the optimal mean LCOH as well. Moreover, this design

consists of the same configuration as the previously found deterministic design
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Figure 6: A clear trade-off exists between maximizing the mean hydrogen production and
minimizing the standard deviation of the hydrogen production in all locations. The minimum
standard deviation is found at a negligible production. Therefore, an intermediate, practical

solution is presented as a robust design instead.

leading to the minimum LCOH in each location (Table 3|). Clearly, the standard
deviation of the LCOH is the lowest for the PV-electrolyzer system installed in
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Table 5: For each location, the same electrolyzer stack design leads to a maximum hydrogen
production and a minimal Levelized Cost Of Hydrogen (LCOH), with slight differences in the
operating temperature for each location. An intermediate design is found, which drastically
increases the hydrogen production compared to the cost efficient design, at the expense of a

slight increase in LCOH.

Location Ny Ny Tolec T, Porin,
K kg /year kg /year
Bern 11 2 331 1.5 91.0
30 12 353 3.4 138.4
San Francisco 11 2 349 2.9 157.0
30 12 353 5.1 205.5
Johannesburg 11 2 351 3.5 194.0
30 12 353 6.1 252.4

the location with the highest total yearly solar irradiance (i.e. Johannesburg)
. An optimal LCOH standard deviation of 0.74€/kg is achieved in
Johannesburg, followed by 0.84€ /kg in San Francisco and 1.26€/kg in Bern.
Therefore, installing PV-electrolyzer systems in locations with high yearly to-
tal solar irradiance is not only beneficial for the mean LCOH, but also ensures
optimal robustness. Due to the more severe constraint on the limiting cur-
rent, the mean LCOH for each location is slightly increased compared to the
LCOH achieved in the corresponding deterministic design . Due to
the reduced limiting current, the operating range of the electrolyzer stack is
reduced, leading to a decrease in total transferred current from the PV sys-
tem to the electrolyzer stack over the year, eventually leading to a decreased
yearly hydrogen production. The uncertainty on the discount rate and CAPEX
parameters dominates the LCOH standard deviation by 91 % (Table 6[). There-
fore, bulk manufacturing of these systems to reduce the CAPEX variation and
more demonstration projects to stabilize the discount rates are the main actions

to improve the LCOH robustness. During system operation (i.e. CAPEX and
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discount rate fixed), the electrolyzer lifetime and OPEX are the dominating
parameters. Therefore, ensuring high-quality maintenance is the main action to

ensure the LCOH robustness.

Probability Johannesburg
density -
function San Francisco
3.6 6.4 7.4 10.8 17.1

LCOH [€/kg]

Figure 7: The mean LCOH is optimal in the location with the highest total yearly solar
irradiance, Johannesburg. Moreover, the robust design in Johannesburg achieves the lowest

standard deviation out of the robust designs in all considered locations.

8.2.4. Sensitivity analysis of the discount rate during system operation
When the PV-electrolyzer system is designed for an optimal LCOH, the

variation is mainly dominated by the CAPEX parameters and the discount rate

(subsubsection 3.2.3)). These parameters can be considered uncertain in the

planning stage, but are fixed during system operation. Therefore, to illustrate
the effect of the discount rate on the LCOH during system operation under
uncertainty, we consider the CAPEX parameters deterministic, while different
discrete non-probabilistic scenarios for the discount rate are evaluated. For each
location, the robust design is presented for variable discount rates between 2 %
and 10% . As expected, an increasing discount rate escalates the

mean LCOH. However, the standard deviation drops for an increasing discount
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Table 6: The Sobol’ indices are quantified for the robust design for the Levelized Cost Of
Hydrogen (LCOH) and hydrogen production. The LCOH variation is dominated by the
discount rate r and the CAPEX parameters of the PV-electrolyzer system. The uncertainty

on the solar irradiance dominates the variation of the hydrogen production.

LCOH hydrogen production
parameter value, % parameter value, %
r 52 G 85
CAPEXpvy 23 Isc 4
CAPEX jec 16 Am 3
Nelec 5 Telec 3
OPEXjec 3 Tomb 2
G 1 tm 2
An 1

rate. Moreover, this stabilizing effect increases when considering less optimal
locations. Since the effect on the mean LCOH is significantly large compared to
the gain in robustness, financing the system at the lowest discount rate remains

the most beneficial situation.

4. Conclusion

Directly coupled photovoltaic-electrolyzer systems deliver a viable solution
to store solar energy in the form of hydrogen. From a techno-economic per-
spective, such a system should achieve a minimum levelized cost of hydrogen.
A configuration of 2 parallel strings of 10 electrolyzers in series results in a
minimum levelized cost of hydrogen ranging between 6.3€/kg (Johannesburg)
and 10.5€/kg (Bern). Despite the equal number of electrolyzers in each design,
the operating temperature is different, ranging between 331 K and 336 K for
the different locations. A sensitivity analysis of the discount rate from 10 % to
2% illustrates that the levelized cost of hydrogen can be decreased by 63 % in
the optimal location and 69% in the least optimal location. Therefore, low-

interest loan policies and de-risking of the technology are crucial to improve the
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Figure 8: Despite that the discount rate is proportional to the mean LCOH, it reduces the stan-
dard deviation and therefore provides a stabilizing effect for the LCOH of the PV-electrolyzer

system. The discount rate is varied in steps of 2 %.

economic maturity of the photovoltaic-electrolyzer system, especially in subop-
timal climate conditions.

When considering uncertainty on the techno-economic model parameters,
a robust design for the hydrogen production is proposed, where a decrease in
standard deviation is acquired (from 43 % in Johannesburg up to 56 % in Bern),
at the expense of a reduction in mean hydrogen production (from 23 % in Jo-
hannesburg up to 34 % in Bern). The solar irradiance is the main contributor
to the hydrogen production variation in the robust design, representing 85 % of
the total variation. Consequently, increased solar irradiance data accuracy and
more accurate predictions are the most significant improvements to increase the
hydrogen production quality during real-life system operation.

No trade-off is found between minimizing the mean levelized cost of hydrogen
and minimizing the standard deviation. The levelized cost of hydrogen statis-
tical moments are optimal in the location with the highest yearly total solar
irradiance (mean levelized cost of hydrogen of 6.4€/kg at a standard deviation

of 0.74€/kg). Therefore, installing a photovoltaic-electrolyzer system in loca-
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tions with a high total yearly solar irradiance is favourable for both the mean
and robustness of the levelized cost of hydrogen. The main contributors to the
levelized cost of hydrogen variation are the capital expenditure parameters and
the discount rate, representing 52 % and 39 % of the total variation, respectively.
During system operation, the most significant contributing parameters to the
variation are the operational expenditure and lifetime of the electrolyzer stack.
Therefore, bulk manufacturing of the technology, promoting more demonstra-
tion projects and continuous high-quality maintenance are the most significant
actions to improve the levelized cost of hydrogen robustness. An increased dis-
count rate shows to have a stabilizing effect on the levelized cost of hydrogen
variation, resulting in a more robust performance. Since the stabilizing effect is
small compared to the increase in mean levelized cost of hydrogen, financing the
photovoltaic-electrolyzer system with the lowest discount rate is still considered
optimal.

Future works will focus on the robust performance of the system when in-
cluding hydrogen storage, batteries, grid supply and energy demand. Since the
large uncertainty on the grid electricity cost, we expect to see that autonomous

systems will lead to the most robust solutions.
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