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Abstract

Currently, hydrogen fuel is essential for mitigating the effects of climate
change and for solving energy sector challenges. There are significant chal-
lenges associated with producing hydrogen through water electrolysis as a
results of the lack of an accurate electrolyzer model and the high costs asso-
ciated with hydrogen production. Therefore, this thesis intends to (1) model
and characterize the electrolyzer system accurately and (2) develop an en-
ergy management system (EMS) in order to minimize the cost of hydrogen
(CoH) production.

In general, the literature on electrolyzers modeling assumes a linear
model and omits nonlinear behavior. This may lead to an inefficient hy-
drogen production approaches. As a result, the first part of this thesis
studies the modeling and characterization problem of electrolyzer systems
in terms of the parameter estimation of a detailed model which is designed
to capture all electrochemical phenomena that may occur during electrolysis
in a timely manner.

Moreover, most existing EMSs ignore variations in electrolyzer efficiency.
Therefore, in the second part of this thesis, an EMS is developed for mini-
mizing CoH production by accounting for electrolyzer conversion efficiency
variation. Furthermore, historical electricity prices have been incorporated
into EMS in order to enable the seasonal storage of hydrogen energy.
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Chapter 1

Introduction

This chapter introduces the research background and summarizes the con-
tributions of this thesis.

1.1 Research Backgrounds

In this section, the background of the research in this thesis is introduced,
including hydrogen production, mathematical modeling of electrolyzers, and
EMS.

1.1.1 Hydrogen Production

Hydrogen is the most abundant and simplest element on Earth. Hy-
drogen energy has been gaining interest due to its properties and potential
to transform the world’s energy systems in order to overcome current en-
vironmental challenges [9, 10]. Hydrogen fuel is widely used for various
industrial, commercial, and domestic applications [10, 11]. Thus, hydrogen
demand has been increasing continuously, reaching 70 million tons in 2018
and expected to reach 545 million tons per year by 2050 [12]. Hydrogen
is produced from fossil fuel, biomass, and water electrolysis [10, 11, 13].
Water electrolysis uses electricity to produce hydrogen by separating hydro-
gen from water molecules. In contrast to steam-methane reforming, which
produces hydrogen along with carbon monoxide and carbon dioxide, water
electrolysis only produces hydrogen and oxygen, with zero greenhouse gas
emissions [11]. While hydrogen has numerous benefits, its excessive flamma-
bility poses significant health and safety hazards when used on a large scale.
Therefore, risks and safety considerations should be well managed, other-
wise, the deployment of hydrogen could be slowed down or even prevented.

Furthermore, hydrogen produced by water electrolysis is of consider-
able interest to both industrial and residential consumers. This interest
is motivated by the continuous declines in renewable electricity costs, es-
pecially from solar and wind power, and the modularity of electrolysis to
build power-to-gas (PtG) units on a large megawatt scale [10, 14]. The PtG

1
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Figure 1.1: Smart grid application of PEM electrolyzer.

technology allows the use of hydrogen as an energy storage medium, where
the hydrogen can be converted back to electricity using a fuel cell when
needed. In addition, PtG technology can be utilized by the power sector
for grid balancing services, since water electrolyzers are renowned for their
fast response times [2, 15]. Therefore, techno-economical models to produce
hydrogen from water electrolysis are experiencing substantial interest with
a steadily increasing number of projects around the world [12, 16].

There are three main different technology options of electrolysis: alka-
line technology, solid oxide electrolysis cells (SOECs), and proton exchange
membrane (PEM) electrolysis [2, 17]. The PEM electrolysis technology was
first brought out by General Electric in the 1960s to overcome the oper-
ational limitations of alkaline technology such as low pressure operations
and limited ranges of operation [17]. Furthermore, the PEM electrolyzer is
distinguished by having a quick response time and having a simple device
structure [17]. Even though SOECs have a high conversion efficiency and
low material costs, the technology is still under development and has not yet
been commercialized [17]. The PEM electrolyzer is therefore an attractive
option and is widely used by several hydrogen companies including Cum-
mins in Canada, AREVA H2 Gen in France and ITM Power in the United
Kingdom [18].

1.1.1.1 A Review of Modeling Methods for PEM Electrolyzer
Cells

The grid-connected PEM electrolyzer shown in Fig.1.1 allows grid op-
erators to properly control and schedule hydrogen production in addition

2
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V

+

−

Vc

Ri

I

erev

Figure 1.2: Equivalent circuit model for a single PEM electrolzyer cell [6]
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Figure 1.3: Equivalent circuit model for a single PEM electrolzyer cell [7]

to the provision of several ancillary services to the grid. In this regard, ac-
curate mathematical modeling of the PEM electrolyzer is vital to address
and analyze its design, optimization, evaluation, and control under different
operating conditions. Therefore, several electrical and electrochemical mod-
els have been developed and tested to describe the characteristics of PEM
electrolyzers.

Electrical Models
The electrical modeling of an electrolyzer is based directly on the rela-

tionship between voltage and current. Atlam and Kolhe [6] developed an
equivalent electrical model for the PEM electrolyzer as shown in Fig. 1.2,
and its mathematical model describes the current density-voltage (J-V ) as
a function of operating pressure and temperature. In [7], an equivalent
dynamic electrical model for a PEM electrolyzer is presented as shown in

3
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Fig.1.3. The model is approximated as a voltage source and the charac-
teristics of the overvoltage are analyzed by determining the resistance and
capacitance during sudden changes in the supply current. Although the
linear and nonlinear models proposed in [6, 7] are accurate and easy to con-
struct, they do not take into consideration the effect of the physical and
chemical characteristics such as water content and rate of electrolysis on the
J-V characteristic curve.

Electrochemical Models
In current research on PEM electrolyzer, the electrochemical model is

widely used because it takes into consideration physical parameters such as
cell area, membrane type, and chemical parameters such as water content
and electrolysis rate. The electrochemical electrolyzer model is ideally re-
alized by a voltage source, which uses the minimum energy necessary to
initiate electrolysis [19]. However, in real-life electrolysis cells, there are
losses associated with a series resistance connected to a voltage source [20].
In order to accurately model the PEM electrolyzer cells, electrochemical
phenomena present in the electrolyzing process must also be considered. In
[14, 21], the activation overvoltage considered to address the non-idealities
associated with electrochemical reactions. In [22], a detailed PEM elec-
trolyzer model is presented that accounts for the previous voltages as well
as concentration phenomena. Reference [23] presents two electrochemical
models of alkaline electrolyzer cell: an empirical model and a semi-empirical
model that depends on the electrolyzer’s temperature. These models are
also used to model PEM electrolyzers as reported in [24]. Reference [25] has
improved the accuracy of the detailed model proposed in [23] by consider-
ing both the effect of temperature and pressure on the J-V characteristic
curve. Yet, the proposed models in [23–25] are derived from empirical and
semi-empirical current and voltage relationships. The shortcoming of the
proposed simplified model in [23] is clearly recognized by ignoring the influ-
ence of temperature and pressure on the empirical parameters, whereas the
detailed models in [23–25] require estimating up to eight empirical fitting pa-
rameters. Further, by utilizing the empirical parameters defined in [23–25],
the chemical properties of the electrolysis process are not fully characterized.

1.1.2 Mathematical modeling of PEM Electrolyzer System

Fig. 1.4 illustrates the basic concept of a PEM electrolyzer operation.
The electrolysis process involves an electric current being applied to a liquid
water to decompose it into hydrogen and oxygen gasses. Oxygen gas is pro-
duced as a result of the oxidation reaction occurring on the anode electrode,
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Figure 1.4: Operation concept of PEM electrolyzer.

while hydrogen is produced from the reduction reaction occurring on the
cathode electrode. Combining these two electrochemical reactions gives the
following result [26]:

H2O
Electricity+Heat−−−−−−−−−−→ H2 +

1

2
O2 (1.1)

The hydrogen production rate of the electrolyzer is proportional to the
applied current. It is governed by the following relationship [27, 28]:

MElz
t =

ηFt ·NElz,c · iElzt

2F
∀ t ∈ T . (1.2)

The energy conversion efficiency of the electrolyzer system is described as
[29]:

ηElzt = MElz
t · HHV

pElzt

∀t ∈ T , (1.3)

where Faraday’s efficiency is computed using [30]:

ηFt = (c1π
H2 + c2) · (jElzt )d + f ∀ t ∈ T . (1.4)

It is noteworthy that the HHV is utilized in (1.3) since hydrogen is
assumed to be directly used in the gas industry. However, the lower heating
value (LHV) should be used for computing electrolyzer efficiency in instances
where hydrogen is converted into another form of energy, such as mechanical,
electrical, or thermal.

The circuit model for the PEM electrolyzer cell can be shown in Fig.
1.5 [2, 8]. The PEM electrolyzer circuit model is made up of open-circuit
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iElz
t V Elz,oc

vElz,act
t vElz,con

t vElz,Ω
t

+− V Elz,c

Figure 1.5: Electrolyzer cell equivalent electrical circuit [2, 8]

voltage and three different types of overvoltages as depicted in Fig. 1.5.
These overvoltages are ohmic, activation, and concentration overvoltage.
The mathematical representation of the characteristics of the non-linear J-
V relationship of an electrolyzer cell can be expressed as [21]:

vElz,ct = V Elz,oc + vElz,Ωt + vElz,actt + vElz,cont ∀ t ∈ T . (1.5)

Ideally, one can consider the PEM electrolyzer cell as an open-circuit
voltage source. This voltage simulates the minimum amount of energy neces-
sary to initiate the electrolysis process, splitting water molecules into hydro-
gen and oxygen. It is described by using the Nernst equation, which defines
the electrochemical cell voltage in non-standard conditions as a function of
cell operating temperature, pressure, and change in Gibbs free energy as [3]:

V Elz,oc =
∆G

2F
+
RTElz

2F
ln
(πH2

√
πO2

πH2O

)
. (1.6)

The change in Gibbs free energy (∆G) is the minimal amount of free
energy required to form one mole of a substance from its inert component.
The value of that change is dependent on the initial and final substance
states in addition to the temperature at which the chemical reaction takes
place. The computation of the change in Gibbs free energy requires an
understanding of the thermodynamics of the electrolysis process, which can
be challenging under various temperatures and pressures [31].

Practical PEM electrolyzer cells, however, have an internal resistance
which mimics that of electrode, membrane, electrolyte, and bipolar plates,
as well as contact resistance. Changes in temperature and water content can
greatly affect the equivalent resistance of a PEM electrolyzer. According to
Ohm’s law, the voltage due to internal resistance is calculated as [14]:

vElz,Ωt = jElzt ·RElz ∀ t ∈ T , (1.7)
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Several studies have dealt only with overvolatge caused by the internal re-
sistance of the membrane, and it has been described as [14]:

vElz,Ωt = jElzt · t
m

σm
∀ t ∈ T . (1.8)

Another type of electrochemical overvoltage is raised when a current
is applied to the anode and cathode electrodes of the PEM electrolyzer
cell. This overvoltage is created as a result of the movement of protons and
electrons between the cathode and anode in the electrochemical reaction [32].
Using Butler-Volmer’s equation as the basis of calculation, the activation
overvoltage is obtained as [33]:

vElz,actt =
RTElz

2Fαa
arcsinh(

jElzt

2J0,a
) +

RTElz

2Fαc
arcsinh(

jElzt

2J0,c
) ∀ t ∈ T , (1.9)

Several studies in the literature have combined the activation overvolt-
age of the cathode and anode. The combined activation over voltage is
represented as [32]:

vElz,actt =
RTElz

2Fα
arcsinh

(jElzt

2J0

)
∀ t ∈ T . (1.10)

The charge transfer coefficient (α) is a key parameter in determining the
performance of a PEM electrolyzer. It represents the fraction of the elec-
trostatic potential energy that is needed to limit the electrokinetic process
in the electrolyzer. It greatly contributes to the polarization characteristic
curve of the electrolyzer [34]. Moreover, it is affected by changes in tem-
perature and not by changes in pressure. [35]. On the other hand, the
exchange current density parameter (J0) refers to the current flowing at the
surface of electrodes at equilibrium. It depends on the electrode’s operating
conditions, the operating temperature, and the catalyst’s structure [36].

Under high current densities, a difference in the concentration of hydro-
gen and oxygen is observed between the anode and cathode electrodes. In
Fig. 1.5, similar to the activation phenomenon, an overvoltage is raised to
represent the concentration phenomenon. The concentration overvoltage is
given as [22]:

vElz,cont =
RTElz

2F
ln
( JLim

JLim − jElzt

)
∀ t ∈ T , (1.11)

where the limiting current density (JLim) is the maximum allowable current
density for water electrolysis.
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The electrolyzer stack is a series of electrolyzer cells that are connected
in series in order to produce a certain amount of hydrogen. The voltage
across the electrolyzer stack model is given as the sum of all voltages across
the electrolyzer cells:

vElz,st =
NElz,c∑
i=1

vElz,ct,i ∀ t ∈ T . (1.12)

The power consumed by an electrolyzer stack can be calculated by using
the following equation:

pElzt = iElzt · vElz,st ∀ t ∈ T . (1.13)

1.1.3 Energy Management System

With the rapid development of the hydrogen industry, having an ef-
ficient, economical, and clean hydrogen production facility has become a
major concern. Therefore, increasing research efforts to solve such techno-
economical concern are being a prompted interest. In this regard, the incor-
poration of renewable energy sources (i.e., solar and wind) with electrolyzer
systems in microgrids is considered to be a viable solution to mitigate the
hydrogen production techno-economical concern. Microgrids make hydro-
gen production more accessible to consumers by being an affordable, scal-
able, and environmentally sustainable solution. Microgrids are low-voltage
distribution systems that integrate distributed energy resources (DERs),
such as solar photovoltaic (PV) systems and battery energy storage systems
(BESSs), as well as controllable loads such as hydrogen production systems
and electric vehicles. Microgrids can operate either independently by using
their DERs to supply loads, in the islanded mode, or by being connected
to the grid, in the grid-connected mode. The development of microgrids
faces several economical and operational challenges due to the high capital
costs of renewable energy resources, in addition to the uncertainty associ-
ated with intermittent renewable energy sources and demand. It is possible
to overcome these challenges by using EMS. A microgrids’ EMS is tasked
with managing supply and demand for the purpose of achieving several eco-
nomic, sustainable, and operational objectives, including a stable, safe, and
adequate flow of electricity. Many efforts have been made on the develop-
ment of economical and reliable microgrid’s EMS strategies [37–39]. These
strategies focus on scheduling either DERs or loads, or both at the same
time. Different control approaches are used for optimum performance of
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microgrid operation. In general, control strategies can be divided into two
main categories: rule-based and optimization-based, and all subcategories
can be categorized by the two main categories.

1.1.3.1 Rule-Based Control Approach

Rule-based control approaches are fundamental control schemes that
depends on the mode of operation [40–43]. They can be easily integrated
into the microgrid EMS. Typically, the rules are derived from human intel-
ligence, heuristics, or mathematical models that require prior knowledge of
the system’s behavior. Accordingly, the operating points of the dispatchable
DERs and adjustable loads are determined using lookup tables or flowcharts
that meet the requirements of operator and customers. Generally, the main
objective of rule-based control approaches is to maintain operational effi-
ciency and performance.

1.1.3.2 Optimization-Based Control Approach

Contrary to the rule-based control approaches, optimization-based con-
trol approaches primarily aim to minimize/maximize a defined objective
function [44–46]. Furthermore, the optimization-based control approaches
differ from rule-based control approaches in that the optimal solution is
based on the mathematical modeling of the system. This model can be
numerical or analytical. Optimization-based control strategies are classified
into mathematical optimization and metaheuristic optimization methods.
Mathematical optimization consists of combinatorial optimization, dynamic
optimization, numerical techniques, linear programming, mixed integer lin-
ear programming, and dynamic programming. On the other hand, the meta-
heuristic optimization methods include particle swarm optimization (PSO)
methods and genetic algorithms [1].

1.1.3.3 Comparison between EMS Approaches

Rule-based control approach are easy to implement with low computa-
tional complexity, however, its solution might not lead to the best results due
to its dependence on human intelligence. On the other hand, optimization-
based control approaches ensure optimal operation of the microgrid, and
they are capable of solving complicated and nonlinear problems. Although
they require high computation and memory resources, they can be performed
in real-time simulation. Therefore, in this thesis, the optimization-based
strategy will be used. Specifically, the mathematical optimization is used
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due to its flexibility and its ability to model linear and nonlinear complex
systems.

Table 1.1: Comparative analysis of EMS approaches [1]

EMS Approach Advantages Disadvantages

Rule-Based Simple, and robust,
low computation
complexity, easy to
implement

Not adaptive and
poor parametric cal-
ibration, no guaran-
tee of optimality.

Optimization-Based Guarantee of opti-
mal operation, ro-
bust, solve complex
and nonlinear prob-
lems

High computational
complexity

1.2 Thesis Structure and Contribution

The objective of this thesis is twofold: (1) to solve the parameter estima-
tion problem of the PEM electrolyzer by using both optimization-based and
analytical-based approaches, and (2) to optimize the production of hydrogen
by using the development of a novel EMS.

Two approaches for estimating the parameters of PEM electrolyzer are
proposed in chapters 2 and 3. Then, two EMSs are proposed in chapters 4
and 5 that aims to minimize the CoH production.

Chapter 2 proposes an optimization model that identifies the parame-
ters of a detailed electrochemical model for a PEM electrolyzer. The es-
timation procedure is based on J-V measurements. The proposed model
aims to estimate the values of seven modeling parameters of the electrolyzer
electrochemical model. These parameters are change in Gibbs free energy,
exchange current density for anode and cathode, charge transfer coefficient
for both anode and cathode, conductivity of the membrane, and limiting
current density. The parameter estimation problem is formulated based on
a nonlinear least-squares objective function. Comparisons of results and
analysis between experimental and estimated data for different operating
conditions of temperature and pressure are presented. The results provide
a root mean square error (RMSE) in the range of 10−6 which demonstrates
the accuracy of the proposed model. To affirm the model’s superiority, the
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proposed model is compared with other electrolyzer parameter estimation
models found in existing literature.

In chapter 3, a novel analytical approach based on the LSE method is
proposed to estimate the model parameters and characterize the electro-
chemical behavior of the PEM electrolyzer under various operating condi-
tions. The model has a non-linear J-V relationship with five model param-
eters that are subjected to change depending on the physical properties and
chemical conditions of the PEM electrolyzer. The PEM electrolyzer model-
ing parameters are estimated, and the J-V characteristic is estimated in a
non-iterative, fast, and low complexity process. The accuracy and validity
of the proposed approach are tested under different case studies at various
operating temperatures, output pressures, hydrogen production rates, and
dataset sizes. Also, the relationship between the estimated parameters and
the operating conditions of the PEM electrolyzer is explored. Finally, the
superiority of the proposed approach is demonstrated by comparing it to
numerical and heuristic optimization parameter estimation methods.

Chapter 4 proposes an optimal economic dispatch model for reliable
scheduling operations of a clean hydrogen production system. The model
aims to minimize CoH production through: i) minimizing total system costs,
ii) maximizing hydrogen production efficiency, and iii) maximizing solar en-
ergy utilization. The model takes into consideration CoH production sen-
sitivity to electrolyzer efficiency variation. Electrochemical hydrogen pro-
duction mechanism and operational balance constraints are incorporated
into the optimization model to guarantee accurate and stable system per-
formance. The simulation results verified the economic feasibility of the
proposed dispatch model in terms of meeting hydrogen demand, system
stability, and storage capability. The optimization results reveal that the
average CoH production for the proposed model is 2.67 $/kg during the
study period. The results of this study highlights the correlation between
hydrogen production rate, electrolyzer efficiency, and CoH production. A
comparative analysis with and without the consideration of the variability
of the electrolyzer efficiency indicates the efficacy and feasibility of the pro-
posed model in minimizing hydrogen production costs and maximizing solar
power utilization.

Chapter 5 focuses on the design and implementation of an optimal
scheduling EMS model of a hydrogen production system to optimize its
operation in order to minimize the CoH while maintaining a reliable sys-
tem operation. A Z-score statistical measure of historical electricity prices
is incorporated into the proposed EMS in order to enable seasonal storage
application. To demonstrate the validity of this model, it is tested for both
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intraseasonal and seasonal storage. Four case studies are used to prove the
techno-economic benefits of the proposed EMS model. Furthermore, the
impact of the electrolyzer’s capacity factor, the size of the hydrogen storage,
and the PV share on the system’s techno-economic benefits is investigated .

The conclusions and future work are given in Chapter 6.
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Chapter 2

Electrochemical
Optimization Model for
Parameters Estimation of
PEM Electrolyzer

The aim of this chapter is to estimate the parameters of the electro-
chemical model for a PEM electrolyzer using an optimization model. The es-
timation procedure relies on the J-V measurements. In the proposed model,
seven modeling parameters of the electrolyzer electrochemical model have
been estimated. The parameters that are estimated include the change in
Gibbs free energy, exchange current density for the cathode and the anode,
charge transfer coefficient for both the anode and cathode, and membrane
conductivity. A nonlinear least-squares objective function is used to formu-
late the parameter estimation problem. For different operating tempera-
tures and pressures, comparisons and analyses of experimental and estimate
data are provided. As a way of demonstrating the model’s superiority, it is
compared with other electrolyzer parameter estimation models described in
existing literature.

2.1 Introduction

Parameter estimation has long been a popular research area for several
types of electrical and electrochemical systems such as motors [47], genera-
tors [48], fuel cells [49], and batteries [50]. The estimation of parameters for
such systems is necessary in order to describe their characteristics and be-
havior under various operating conditions [8]. In the detailed electrochemical
model of the PEM electrolyzer, there are modeling parameters that can be
varied based on the physical and chemical characteristics of the electrolyzer.
Estimation of these parameters at various operating conditions with a high
degree of precision is necessary in order to have an accurate modeling and
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visualization of the behavior of the PEM electrolyzer. This will ultimately
make the most of PEM electrolyzers under various loading and operating
conditions by ensuring efficient monitoring, control, and performance [8].

The parameter estimation problem of the PEM electrolyzer is com-
monly formulated as an optimization problem [8, 14, 22, 51]. The nonlinear
and time-varying behavior of PEM electrolyzers under different operating
and physical conditions, makes the analytical estimation of the parameters
a challenging task [52]. In this regard, previous studies have used optimiza-
tion algorithms to estimate three PEM electrolyzer parameters [14, 22, 51].
Another study done by Lebbal at el. [8] has estimated five model parame-
ters. In [22], the cathode and anode exchange current density parameters as
well as membrane conductivity are estimated. The work also estimated the
operating temperature and partial pressures of the anode and cathode, along
with membrane thickness. Reference[14] estimated three PEM electrolyzer
parameters including anode charge transfer coefficient and its exchange cur-
rent density, as well as the membrane conductivity. Harrison et al. [51], also
estimated three parameters, namely, exchange current density for the anode
and cathode parameters, along with the membrane conductivity. Lebbal [8]
estimated five model parameters: charge transfer coefficient, exchange cur-
rent density, diffusion coefficient, limiting current density, and membrane
conductivity.

Based on the above literature survey, it is notable that previous works
in the parameter estimation of PEM electrolyzers fall short in considering
a detailed electrochemical model with seven parameters. Such a detailed
model should take into consideration the operating conditions and physical
properties’ effect on the following parameters: change of Gibbs free energy
(∆G), exchange current density for anode (J0,a) and cathode (J0,c), charge
transfer coefficient for anode (αa) and cathode (αc), conductivity of mem-
brane (σm), and limiting current density (JLim). Therefore, the aim of
this chapter is to introduce a new estimation model that takes into account
all seven PEM electrolyzer parameters. This is achieved by formulating
the model as a constrained nonlinear least-squares objective function. The
model constraints are derived from electrochemical principles and previous
PEM electrolyzer analysis in the literature. The proposed parameter estima-
tion model is tested under various operating conditions. Furthermore, the
proposed model estimated parameters are compared to three other models’
parameters found in the literature.
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2.2 Optimization-Based Parameter Estimation
Model for PEM Electrolyzer

In this section, the parameter estimation of a PEM electrolyzer cell
is formulated as an optimization problem. The optimization problem is
formulated as a constrained least-squares based objective function. This
formulation aims to estimate the seven unknown PEM electrolyzer param-
eters, which in turn enables the prediction of its electrical characteristics
under various temperatures and pressures.

The parameter estimation model uses a set with N number of measured
J-V data points of the PEM electrolyzer. These data points range from the
minimum current required to start the electrolysis process to the maximum
rating current of the PEM electrolyzer device at controlled operating tem-
perature and pressure. The parameters that fit the collected measured data
can be estimated by minimizing the following least-squares based objective
function:

Minimize
∆G,J0,c,J0,a,αa,αc,σm,JLim

:
N∑
i=1

(vElz,ct (i)− vElz,c,estt (i))2. (2.1)

The objective function stated by (2.1) aims to minimize the deviation be-

tween the actual (vElz,ct ) and estimated (vElz,c,estt ) values of the total voltage
across the PEM electrolyzer cell.

The fact that the value of the open-circuit voltage expressed in equation
(1.6) cannot exceed the rated voltage of the cell implies an upper bound
constraint for the optimized parameter ∆G such that:

0 ≤ ∆G ≤ V Elz,oc
max · 2F −RTElz ln (

πH2
√
πO2

πH2O
). (2.2)

The exchange current density at the cathode in equation (1.9) depends
on the concentration of oxygen, while the exchange current density at the
anode depends on the concentration of hydrogen [33]. These parameters
range from nA/cm2 to mA/cm2 [53]. Consequently, the objective function
in (2.1) is also subject to the anode and cathode exchange current density
magnitude limits as follows:

J0,a
min ≤ J

0,a ≤ J0,a
max, J0,c

min ≤ J
0,c ≤ J0,c

max, (2.3)

Given that the cathode exchange current density is greater than the an-
ode exchange current density [51], the objective function in (2.1) is imposed
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by the following constraint as:

J0,a ≤ J0,c. (2.4)

The anode and cathode charge transfer coefficients are defined as being
within a specified range given as follows [54]:

αamin ≤ αa ≤ αamax, αcmin ≤ αc ≤ αcmax, (2.5)

The objective function of the optimization problem in (2.1) is also subject to
the fact that the sum of the anode and cathode charge transfer coefficients
is equal to unity as described in (2.6). This is due to the assumption that
the electrolysis of water is a single-step reaction [26]. Moreover, the fact
that the anode charge transfer coefficient is higher than the cathode charge
transfer coefficient, adds another constraint to the problem stated in (2.1),
as follows [35]:

αc + αa = 1 ∀ αc ≤ αa. (2.6)

Equation (2.7) represents a constraint that forces the σm parameter in
equation (1.8) to be within the device’s capabilities, given as [55]:

σmmin ≤ σm ≤ σmmax, (2.7)

The limiting current density parameters in equation (1.11) imposes an
upper limit on the current density applied to the electrolyzer. Therefore,
a lower bound constraint on the limiting current density is added to the
objective function in (2.1) as:

JLimmin ≤ JLim. (2.8)

To that end, the proposed model in (2.1)-(2.8) can be extended to cover
the PEM electrolyzer stack.

2.3 Performance Evaluation

The PEM electrolyzer cell is developed and modeled using MATLAB soft-
ware to test the proposed parameter estimation model. The design of the
PEM electrolyzer model is based on a comprehensive study of commercially
available PEM electrolyzers and real-life J-V data [2, 8, 22, 33, 51]. The
model is developed in order to operate within a temperature range of 50oC
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Table 2.1: Modeling and simulation parameters

σmmax= 0.35 (S/cm) σmmin= 0.1 (S/cm) αamax= 1

J0,a
max= J0,c (A/cm2) J0,a

min= 1 (nA/cm2) αamin= αc

J0,c
max= 1 (A/cm2) J0,c

min= J0,a (A/cm2) αcmax= αa

V Elz,oc
max = 2.2 (V ) Cell Area = 160 (cm2) αcmin= 0
tm= 0.05 (cm) JLimmin = max

1≤i≤N
{jElzt (i)}

Table 2.2: Estimated PEM electrolyzer cell parameters

Operating Condition
Parameter

TElz = 50oC
πH2=20bar

TElz = 80oC
πH2=1bar

∆G (kJ/mol) 233.1 228.21
J0,a (µA/cm2) 1.0723 11.853
J0,c (A/cm2) 0.1143 0.131

αc 0.2785 0.3044
αa 0.7215 0.6956

σm (S/cm) 0.1359 0.1896
JLim (A/cm2) 1.7025 2.135

RMSE 7.6053×10−6 1.8336×10−6

Convergence Time (sec) 0.720605 0.690956

to 80oC and a cell pressure range of 0bar to 30bar. The modeling and simu-
lation parameters for the modeled PEM electrolyzer are listed in Table 5.1.
In order to evaluate the proposed parameter estimation model, a current
is applied to the PEM electrolyzer cell to have a current density ranging
from zero to the rated value. A total of 54 J-V data points are collected
at different operating points. The proposed parameter estimation model is
coded and solved using the available optimization toolbox in MATLAB. The
trust region reflective optimization algorithm is used to find the optimized
seven parameters of the single PEM electrolyzer cell, and therefore, shows
the effectiveness of the proposed model parameters. The algorithm is cus-
tomized for a maximum iteration number of 600 and a function tolerance of
1× 10−12.

It is noteworthy that all the experiments are conducted on a Windows
10 Professional OS environment using Intel Core i7, 2.21 GHz, 16G RAM,
and the codes are performed in Matlab 9.6.

The evaluation criteria in this work are based on the RMSE value and the
computational time taken for the algorithm to converge. A good identifier
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Table 2.3: Comparison between estimated parameters and different litera-
ture review parameters

Parameter Proposed model [14] [8] [51]

∆G (kJ/mol) 228.21-233.1 - - -
J0,a (µA/cm2) 1.0723-11.853 0.011-0.11 0.13×103(A) 0.0165
J0,c (A/cm2) 0.1143-0.131 - - 0.09

αc 0.2785-0.3044 - - -
αa 0.6956-0.7215 0.7353 0.452 -

σm (S/cm) 0.1359-0.1896 0.1031-0.1604 3.2×10−3(Ω) 0.075
JLim (A/cm2) 1.7025-2.135 - 120 (A) -

is one that requires less computational effort with a small RMSE value.
Table 2.2 presents the results of the proposed PEM electrolyzer param-

eter estimation model under various operating conditions, as well as the
values of the RMSE and convergence time. The results show that the esti-
mated parameters vary under different operating temperatures and pressure
levels. Table 2.2 reveals that the estimation of the parameters takes up to
0.72 seconds. Moreover, the parameter estimation model achieves a RMSE
value of 1.83×10−6 and 7.6×10−6 in various operating conditions, resulting
in an estimated J-V curve close to the real curve.

The estimated values of the change in the Gibbs free energy parameter
reported in Table 2.2 correlate fairly well with the work in [52] and further
support the idea that open-circuit voltage decreases with high temperature
and low pressure, whereas it increases with low temperature and high pres-
sure. It is worthwhile to note that with the increase in temperature comes
an increase in the membrane conductivity, which is consistent with previous
findings [22]. Additionally, there is a significant positive correlation between
exchange current density and charge transfer coefficients with temperature
as reported in literature [22] and [33].

The performance of the electrolyzer model using the estimated parame-
ters in Table 2.2 confirms a very good reproduction of the PEM electrolyzer
J-V characteristic curve. As shown in Fig.2.1, the estimated values using
the estimated electrolyzer parameters and the experimental data are almost
a perfect match under various temperatures and pressure levels. Fig.2.1 il-
lustrates that the value of cell voltage increases at high pressure and low
temperature requiring more power to split water, whereas at high tempera-
ture and low pressure, less power is required for water electrolysis.

To further show the superiority of the proposed model, data collected at
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Figure 2.1: A comparison of J-V curves using the estimated parameter and
the experimental data under various temperatures and cathode pressures.

Figure 2.2: Absolute error at: (a) TElz = 50 oC and πH2 = 20 bar, and (b)
TElz = 80 oC and πH2 = 1 bar.

two different operating temperatures and pressure levels are used to compute
the absolute error as shown in Fig.2.2. It is worth noting that Fig.2.2 is given
in a logarithmic scale for the absolute error, whereas the current density
uses a linear scale. The figure concludes that the proposed model has high
parameter estimation accuracy with an average absolute error of 10−6 over
a wide range of operating points.
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The performance of the proposed model is also verified across the pro-
posed parameter estimation models in the literature as a part of the vali-
dation process. Table 2.3 compares the obtained parameters with literature
review parameters to show effectiveness of the estimated parameters. The
results obtained in this work are consistent with previous findings by [14, 51].
Moreover, the results enhance previous parameter estimation models by es-
timating additional parameters, which improve the overall accuracy of the
electrolyzer behavior modeling. This will, in turn, ensure efficient control
and monitoring, hence achieving better utilization of electrolyzers under
various operating conditions.

2.4 Summary

An accurate electrochemical optimization model is proposed in this
chapter to estimate the values of seven modeling parameters for the PEM
electrolyzer. The parameter estimation of the PEM electrolyzer is modeled
as an optimization problem with a least-squares objective function. The fea-
sibility of the proposed model is tested and verified under different operating
conditions of temperature and pressure levels. The estimated parameters
can be achieved with high accuracy within a short computation time. The
obtained results of the estimated J-V coincide with the experimental data.
The results of comparisons with literature review models have also proved
the superiority of the proposed model. Altogether, these findings add to a
growing body of literature on PEM electrolyzer parameter estimation.
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Chapter 3

Novel Analytical Approach
for Parameters Estimation of
PEM Electrolyzer

A novel analytical approach based on LSE is presented in this chapter.
It is used to estimate the model parameters and characterize the electro-
chemical behavior of a PEM electrolyzer under a variety of operating con-
ditions. In the model, the J-V relationship is non-linearly related, with five
model parameters that are subject to change based on the physical prop-
erties and chemical conditions of the PEM electrolyzer. A non-iterative,
fast, and low-complexity method for estimating the J-V characteristic of
PEM electrolyzers is implemented. Different case studies are conducted
to evaluate the accuracy and validity of the proposed approach at differ-
ent operating temperatures, output pressures, hydrogen production rates,
and data sizes. Further, the relationship between the estimated parameters
and the performance of the PEM electrolyzer is discussed. A comparison
of the proposed method to numerical and heuristic methods for parameter
estimation of optimization is made to show the superiority of the proposed
approach.

3.1 Introduction

The PEM electrolyzer’s parameter estimation techniques require com-
plex calculations due to the non-linear characteristics of the J-V relation-
ship. In this regard, two common approaches have been adopted in the
literature to estimate the unknown modeling parameters of the PEM elec-
trolyzer model. One approach is to estimate unknown parameters using
heuristic optimization algorithms, such as PSO [14, 49], and neural net-
works (NNs) [56]. In [14], the PSO algorithm is used to estimate three
parameters of the PEM electrolyzer system. Reference [56] used NNs to es-
timate the PEM electrolyzer’s parameters accurately. These parameters are
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then used to estimate the electrolyzer’s conversion efficiency and hydrogen
production rate. Heuristic algorithms are effective in solving the problem
of estimating the PEM electrolyzer parameters because they provide close
to optimal solutions within a reasonable period of time. Nevertheless, they
cannot always guarantee optimal results and are subject to tuning problems
[57].

Numerical optimization approaches have also been used to estimate the
unknown parameters of the PEM electrolyzer [7, 8, 22], [51]. The study in
[22] used Taguchi optimization to estimate the operating parameters, includ-
ing temperature and pressures of the anode and cathode. The study also es-
timated the membrane water content, membrane thickness, and cathode and
anode exchange current density parameters. Guilbert et. al. [7] presented
an estimation method based on the least squares regression algorithm. The
method identifies the parameters of the static and dynamic electric circuit
models for PEM electrolyzers. Labbal et. al. [8] used a Gauss-Newton opti-
mization method based on a non-linear LSE objective function to estimate
five model parameters, namely the charge transfer coefficient, the exchange
current density, the diffusion coefficient, the limiting current density, and
the series resistance. Harrison et. al. [51], estimated three parameters us-
ing Levenberg-Marquardt algorithm, namely anode and cathode exchange
current densities and membrane conductivity. In contrast to heuristic opti-
mization approaches, numerical optimization approaches guarantee optimal
results to a given tolerance [58]. However, numerical optimization is prone
to initialization and convergence problems, as well as computational com-
plexity and cost.

Based on the aforementioned discussion, both heuristic and numerical
optimization techniques present computational challenges when it comes to
solve the problem of estimating the PEM electrolyzer parameters. Because
of the iterative nature of the optimization algorithms, as well as its high com-
plexity and dependency on the initial value. Analytical approaches, on the
other hand, can estimate the PEM electrolyzer parameters in a non-iterative
timely manner by solving a set of mathematical equations based on electro-
chemical characteristics. Solving the analytical model would then result
in estimating the PEM electrolyzer unknown parameters without computa-
tional complexity, enabling an effective implementation of online parameter
estimation. This implies that the model parameters can be estimated ac-
curately during normal operation of the PEM electrolyzer. However, dur-
ing the offline parameter estimation, the model parameters are estimated
through a test bench and stored in look up tables. Therefore, offline pa-
rameter estimation does not accurately reflect the actual model parameters
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during the PEM electrolyzer’s operation. The application of the analytical
approach allows the electrolyzer operators to perform accurate scheduling
control of the hydrogen production along with several ancillary services to
the power grid. As such, the proposed analytical approach will allow for the
better integration of PtG into smart grids, thereby increasing grid stability,
renewable energy penetration, and system efficiency [7].

For this reason, this chapter presents a novel analytical approach to es-
timate model parameters and characterize the electrochemical behavior and
hydrogen production of the PEM electrolyzer under a variety of operating
conditions. Based on the LSE method, a non-iterative approach is proposed
that identifies five PEM electrolyzer modeling parameters namely: change
in Gibbs free energy, charge transfer coefficient, exchange current density,
series resistance, and limiting current density. The validity of the proposed
approach is shown at various operating temperatures, hydrogen pressure lev-
els, and hydrogen production rates. The proposed approach is described in
terms of its sensitivity to different dataset sizes. Moreover, the relationship
between the estimated parameters and the operating temperature is investi-
gated. The effectiveness of the proposed approach is evaluated by comparing
the median of absolute percentage error (APE) of the model with that of
other parameter estimation approaches in literature.

3.2 Proposed Analytical Approach for Parameter
Estimation of Electrolyzer

3.2.1 Formulation of PEM Electrolyzer Model

In this section, a new analytical estimation approach is proposed for
estimating five unknown electrolyzer modeling parameters. As shown in
section 1.1.2, the J-V characteristic equation can be rewritten by substitut-
ing equations (1.6), (1.7), (1.10), and (1.11) into (1.5) as follows:

V Elz,c
n =

∆G

2F
+
RTElz

2F
ln
(πH2

√
πO2

πH2O

)
+
RTElz

2Fα
arcsinh

(JElzn

2J0

)
+JElzn RElz +

RTElz

2F
ln
( JLim

JLim − JElzn

)
∀ n ∈ N , (3.1)

In (3.1), F and R are constants, so their values are not affected by tem-
perature and pressure. Meanwhile, the temperature TElz is considered to
be controlled by a thermostat, and the values of πH2 , πO2 , and πH2O are
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controlled and measured by a barometer. Therefore, under controlled op-
erating conditions of temperature and pressure, only JElzn and V Elz,c

n are
variables in (3.1), and ∆G, α, J0, RElz, and JLim can be regarded as con-
stants as long as the operating conditions remain unchanged. Given that
the operating temperature and pressure of the PEM electrolyzer are mea-
sured/controlled, the model of the PEM electrolyzer can be described by
five unknown parameters, which are: change in Gibbs free energy, charge
transfer coefficient, exchange current density, series resistance, and limiting
current density.

It should be noted that the five parameters are subject to change ac-
cording to the temperature and pressure. Therefore, their estimation under
different operating conditions is paramount in order to reflect the accurate
behavior of the system. Essentially, the parameters need to be estimated
when a change in temperature and/or pressure is observed. Given that the
parameters can only be considered constants under certain operating con-
ditions and for a short period of time, the low computational complexity
of the proposed approach enables the estimation of the parameters to be
performed dynamically online to accommodate any changes in the model.

In order to simplify the representation of the JElzn −V Elz,c
n characteristic

described in (3.1), the inverse hyperbolic function in (3.1) can be expressed
as a natural logarithmic function as:

sinh−1(c) = ln(c+
√
c2 + 1). (3.2)

where c is an arbitrary number. Equation (1.10) can therefore be rewritten
as follows:

V Elz,act
n =

RTElz

2Fα
ln

(
JElzn

2J0
+

√(JElzn

2J0

)2
+ 1

)
∀ n ∈ N . (3.3)

The works in [3, 32] further indicate that JElz >> J0, hence equation
(3.3) is further approximated to:

V Elz,act
n =

RTElz

2Fα
ln
(JElzn

J0

)
∀ n ∈ N , (3.4)

moreover, the natural logarithmic function in (1.11) can be written as a
difference of logarithms as follows:

V Elz,con
n =

RTElz

2F
ln(JLim)− RTElz

2F
ln(JLim − JElzn ) ∀ n ∈ N . (3.5)
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Hence, equation (3.1) is represented as follows:

V Elz,c
n =

∆G

2F
+
RTElz

2F
ln
(πH2

√
πO2

πH2O

)
+
RTElz

2Fα
ln
(JElzn

J0

)
+JElzn RElz +

RTElz

2F
ln(JLim)− RTElz

2F
ln(JLim − JElzn ) ∀ n ∈ N . (3.6)

3.2.2 Estimation of ∆G Parameter

By recognizing that the value of the voltage across the PEM electrolyzer cell
at JElz ≈ 0 equals the open-circuit voltage, one can algebraically estimate
the value of ∆G parameter by solving equation (1.6) by using the data point
at approximately zero current density, as follows:

∆G = 2F ·

(
V Elz,oc − RTElz

2F
ln
(πH2

√
πO2

πH2O

))
. (3.7)

It is worth mentioning that the open-circuit voltage appears across the
electrolyzer cell when a small amount of current is applied. The open-circuit
voltage is accurately measured when the water humidifies at the anode or
the cathode side. This occurs when the thermodynamics and electrochemical
equilibrium for hydrogen gas formation is reached [59].

3.2.3 Estimation of α, RElz, and JLim parameters

The three parameters α, RElz, and JLim are estimated by transforming
the J-V non-linear relationship in (3.6) into a linear one through linking
the three model parameters to the linear differential equation (3.8). In
other words, (3.6) can be represented as a relation to α, RElz, and JLim

parameters, using the differential on both sides, which is represented as
follows:

∂V Elz,c
n

∂JElzn

=
RTElz

2FαJElzn

+RElz +
RTElz

2F (JLim − JElzn )
∀ n ∈ N , (3.8)

and then reformulating equation (3.8) to the standard regression form by
first multiplying both sides by (JLim − JElzn ) and then using distributive
property, as:

∂V Elz,c
n

∂JElzn

JElzn +
RTElz

2F
=
∂V Elz,c

n

∂JElzn

JLim − RTElzJLim

2FαJElzn

+
RTElz

2Fα

−RElzJLim +RElzJElzn ∀ n ∈ N (3.9)
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To that end, (3.9) is stated for the N data points as follows:

∂V Elz,c
1

∂JElz1

JElz1 +
RTElz

2F
=
∂V Elz,c

1

∂JElz1

JLim − RTElzJLim

2FαJElz1

+
RTElz

2Fα

−RElzJLim +RElzJElz1 (3.10)

∂V Elz,c
2

∂JElz2

JElz2 +
RTElz

2F
=
∂V Elz,c

2

∂JElz2

JLim − RTElzJLim

2FαJElz2

+
RTElz

2Fα

−RElzJLim +RElzJElz2 (3.11)

...

∂V Elz,c
N

∂JElzN

JElzN +
RTElz

2F
=
∂V Elz,c

N

∂JElzN

JLim − RTElzJLim

2FαJElzN

+
RTElz

2Fα

−RElzJLim +RElzJElzN (3.12)

The aforementioned set of equations is expressed in the matrix form as
follows:

∂V Elz,c
1

∂JElz
1

−RTElz

2FJElz
1

RTElz

2F −1 JElz1

∂V Elz,c
2

∂JElz
2

−RTElz

2FJElz
2

RTElz

2F −1 JElz2

...
...

...
...

...

∂V Elz,c
N

∂JElz
N

−RTElz

2FJElz
N

RTElz

2F −1 JElzN


︸ ︷︷ ︸

Cx


JLim

JLim

α
1
α

RElzJLim

RElz


︸ ︷︷ ︸

πx

=



∂V Elz,c
1

∂JElz
1

JElz1 + RTElz

2F

∂V Elz,c
2

∂JElz
2

JElz2 + RTElz

2F

...

∂V Elz,c
N

∂JElz
N

JElzN + RTElz

2F


︸ ︷︷ ︸

Dx

(3.13)
Equation (3.13) can be expressed in matrix form as:

Dx + Ex = Cxπx (3.14)

where, πx is the model parameter and Ex indicates the error in the modeling
that should be minimized to zero in an ideal case. Once the error is mini-
mized, the values of the parameters α, RElz, and JLim are estimated which
best fit the measured data points. Therefore, the modeling error represented
by:

Ex = Cxπx −Dx, (3.15)

is minimized using the LSE method. The LSE minimizes the squared of
the modeling error between the measured value and the estimated value as
follows:

ExE
tr
x = (Cxπx −Dx)(Cxπx −Dx)tr, (3.16)
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where, tr indicates the transpose of the matrix. Equation (5.1) can be
further simplified and expressed as (3.17)

ExE
tr
x = (πtrx C

tr
x Cxπx − 2πtrx C

tr
x Dx +Dtr

x Dx). (3.17)

In (3.17), the estimation of the unknown parameters (πx) can be accom-
plished when the modeling error is at its minimum, i.e., when ∂Ex/∂πx = 0.
As such,

∂

∂πx

(
πtrx C

tr
x Cxπx − 2πtrx C

tr
x Dx +Dtr

x Dx

)
= 0, (3.18)

which can then be simplified to:

2Ctrx Cxπx − 2Ctrx Dx = 0. (3.19)

To that end, the model parameter πx includes the values of the param-
eters α, RElz, and JLim is obtained as follows:

πx =
[
[Ctrx Cx]−1Ctrx

]
Dx = [πx1 , πx2 , πx3 , πx4 , πx5 ]tr . (3.20)

Once πx is obtained from (3.20), the values of α, RElz, and JLim param-
eters can be given as:

α =
πx1

πx2

=
1

πx3

, RElz = πx5 =
πx4

πx1

, JLim = πx1 =
πx4

πx5

. (3.21)

In order for the LSE’s solution in (3.20) to be valid, the following assump-
tions should be met [60]:

• Matrix Cx with n× k dimension is assumed to have n ≥ k with rank
k.

• The expected value of all elements in the error matrix (Ex) is equal to
zero.

• The parameters are linearly related to the data collected as shown in
equation (3.9).

• The diagonal elements of the covariance matrix for all elements in the
error matrix (Ex) are equal.

• The off-diagonal elements of the covariance matrix for all elements in
the error matrix (Ex) are zero.

• The obtained parameters in the model parameter matrix (πx) are
scalar and constant with a standard deviation greater than zero.

• The elements of the error matrix (Ex) are normally distributed.
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3.2.4 Estimation of J0 Parameter

The value of the parameter J0 can be determined by first considering (3.6)
with an expanded form of a natural logarithmic function as:

V Elz,c
n =

∆G

2F
+
RTElz

2F
ln
(πH2

√
πO2

πH2O

)
+
RTElz

2Fα
ln(JElzn )

−RT
Elz

2Fα
ln(J0) + JElzn RElz +

RTElz

2F
ln
( JLim

JLim − JElzn

)
n ∈ N . (3.22)

Equation (3.22) can be written in a standard regression matrix form as
follows:


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...
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−RTElz

2Fα −RTElz

2Fα . . . −RTElz

2Fα

]tr
︸ ︷︷ ︸

Cy

[
ln(J0)

]︸ ︷︷ ︸
πy

(3.23)

The regression model in (3.23) can be represented with Ey error:

Dy + Ey = Cy ln(J0) (3.24)

Using the LSE method discussed in (3.15) to (3.19), one can derive the
solution of the regression model as follows:

ln(J0) =
[
[Ctry Cy]

−1Ctry

]
Dy (3.25)

The exchange current density parameter (J0) is thus set to:

J0 = exp

([
[Ctry Cy]

−1Ctry

]
Dy

)
, (3.26)
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where “exp” denotes an exponential function. It should be noted that the
existence of the LSE solution for equations (3.20) and (3.26) relies on the
nonsingularity of Ctrx Cx and Ctry Cy matrices. That is when the Ctrx Cx and
Ctry Cy matrices are invertible with a zero determinant. Following the ap-
proach proposed in this section, all the five modeling parameter of a PEM
electrolyzer cell can be analytically estimated.

It is noteworthy that the proposed approach could be extended to elec-
trolyzer stacks consisting of a number of identical cells by considering the
relationship described in equation (1.12) between the voltage of the elec-
trolyzer stack and the voltage of the single cell.

3.3 Performance Evaluation

In this section, the proposed parameter estimation approach for modeling
the electrochemical behavior of the PEM electrolyzer is tested and evalu-
ated. Validation analysis are conducted for the PEM electrolyzer developed
in MATLAB/Simulink software based on a broad survey of commercially
available PEM electrolyzer systems [2, 3]. The PEM electrolyzer modeling
and simulation parameters are reported in Table 3.1. The PEM electrolyzer
cell is designed to operate between 50oC and 80oC with a maximum output
pressure of 35 bar. In this work, the values of the hydrogen, oxygen, and
water partial pressures are evaluated using Dalton’s law [3, 14]. The single
PEM electrolyzer cell has an active surface area of 160 cm2 and can produce
0.15 cubic meters of hydrogen per hour. Fig. 3.1 shows a schematic dia-
gram of the experimental setup. As depicted in the figure, the electrolyzer
is powered by a DC power supply. Utilizing a voltmeter and an ammeter,
the voltage across the electrolyzer and the current flowing through it are
measured, respectively. During operation, the electrolyzer’s temperature is
measured using a thermostat. In addition, the pressure of the water supplied
to the electrolyzer, hydrogen gas, and oxygen gas produced are measured
using a barometer. The measurements data are collected and filtered on
the computer side before being used for the proposed parameter estimation
approach.

Different datasets of measured J-V over a broad range of operating con-
ditions are considered to ensure an accurate modeling of the PEM elec-
trolyzer system. The data points are collected by applying an increasing
current starting at zero ampere up to the maximum rated current value.
Here, it is worth noting that a sufficiently informative data points (rich
data) that give insights into both linear and nonlinear characteristics of the
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Figure 3.1: Schematic diagram of the experiment setup for the estimation
of the PEM electrolyzer parameters.

PEM electrolyzer are measured, in order to have a well-defined solution.
Therefore, the J-V dataset used in the proposed parameter estimation ap-
proach is generated using MATLAB software based on the model equations
presented in Section 1.1.2. In practice, voltage and current measurements
are subject to noise as a result of many factors. Hence without loss of
practicality, the measured data will need to be cleaned and filtered in a
former process before being utilized in the proposed parameter estimation
approach. As data filtering may not eliminate all measurement noise, the
LSE attempts to minimize the error between measured and estimated values
while taking into account measurement noise [61]. It is worth noting that
the J-V characteristics results have been verified by several experimental
results that are reported in the literature [8, 14, 22]. It is also important to
note that numerical differentiation is used to calculate the partial derivative
of the cell voltage in relation to the current density at different operating
conditions.

In Section 3.3.1, the model parameter estimation is first tested at con-
stant temperature and pressure, and then in Section 3.3.2 the results of the
cell operation analysis are examined at different temperatures, pressures,
production rates, and dataset sizes. In Section 3.3.7, the performance of the
proposed parameter estimation approach is statistically analyzed. Lastly,
Section 3.3.8 provides evidence of the superiority of the proposed parame-
ter estimation approach by comparing it with other parameter estimation
approaches.
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Table 3.1: Modeling and simulation parameters [2, 3]

Cell Area = 160 cm2 IElzmax = 320 A TElz = 50 - 80 oC
MElz
max = 0.15 m3/hr NElz,c = 1 cell πH2 = 0 - 35 bar

R = 0.0821 atm/(K·mol) F = 96485.33 C/mol V Elz,c
max = 3 V

Figure 3.2: Measured and estimated J-V curve obtained by the proposed
approach for PEM electrolyzer cell.

Table 3.2: Estimated PEM electrolyzer cell parameters

Operating Condition
Parameter

TElz=50oC
πH2 = 30bar

TElz=80o

πH2 = 1bar

∆G (kJ/mol) 233.1020 228.2060
J0 (µA/cm2) 1.3533 13.4576

α 0.2719 0.2993
RElz (Ω) 0.3631 0.2614

JLim (A/cm2) 1.4092 2.1469

3.3.1 Estimating PEM Electrolyzer Cell Parameters

The proposed parameter estimation approach is validated by comparing the
estimated results with the measured results. In this section, two operating
conditions are considered for the validation of the proposed model. The
first condition considers an operating temperature of 50oC with an output
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hydrogen pressure of 30 bar, while the second condition realizes an operat-
ing temperature of 80oC with an output hydrogen pressure of 1 bar. The
modeling parameters estimated using the proposed approach for the two
conditions are listed in Table 3.2. The difference between the modeling pa-
rameters for the two conditions is due to their dependence on the operating
temperature and pressure. Fig. 3.2 shows the measured data and the results
of the estimated proposed model obtained for the two operating conditions.
The figure indicates the validity of the proposed parameter estimation ap-
proach. The graph also shows a perfect match between the estimated and
measured data for the proposed PEM electrolyzer model. Fig. 3.2 shows
to what extent the different operation conditions can change the operating
current density range of a PEM electrolyzer. This can be observed in Fig.
3.2 when the temperature is 50oC, the maximum allowed current density is
about 1.4 A/cm2, as reported in Table 3.2. On the other hand, when the
temperature is 80oC, the maximum allowed current is about 2.14 A/cm2, as
reported in Table 3.2.

Fig. 3.3 shows the absolute voltage errors of the proposed parameter
estimation approach for the two considered operating conditions. The figure
shows the absolute error in a logarithmical scale, and the current density in
a linear scale. Fig. 3.3 shows that the absolute errors are within a range of
10−4 to 10−2 for a wide range of operating points, thus demonstrating the
accuracy of the proposed approach compared to previous works [7, 8, 14].

3.3.2 Operation of the Proposed PEM Electrolyzer Model
under Different Operation Conditions

Based on four different case studies, the validity of the estimated model
parameters is explored on the basis for different temperatures, pressures,
hydrogen production rates, and dataset sizes. Table 3.3 presents the opera-
tional conditions and the size of the dataset for the four case studies. Where,
TElz indicates the operating temperature, and πH2 represents the output
hydrogen pressure. In Table 3.3, the value of JElz represents the applied
current to the PEM electrolyzer cell which is proportional to the hydrogen
production rate, and N represents the total number of data points for the
estimation approach.
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Figure 3.3: Absolute error values of estimated and measured voltage data
for PEM electrolyzer cell at: (a) TElz=50oC and πH2=30 bar, and (b)
TElz=80oC and πH2=1 bar.

Table 3.3: Operating conditions and dataset size for the four case studies

Cases TElz(oC) πH2(bar) JElz(A/cm2) N

1 50 - 80 19 1 57

2 60 0 - 30 1 57

3 60 30 0 - 2 57

4.A 60 30 0 - 2 60
4.B 60 30 0 - 2 120
4.C 60 30 0 - 2 230

3.3.3 Case 1: Relation between the operating temperature
and estimated voltage

For a better understanding of the accuracy of the proposed approach under
different operating conditions, this case discusses the relationship between
operating temperature and estimated voltage. Further, the dependence of
the modeling parameters on the PEM electrolyzer temperature is examined.
The relationships between the five parameters and temperature have been
modeled by using the expressions given in [14, 22, 34, 62]. The temperature
of the PEM electrolyzer is simulated to rise from 50oC to 80oC, as reported
in Table 3.3 [2]. The parameters are therefore estimated by collecting mul-
tiple datasets at various temperatures. Fig. 3.4 shows the model estimated
voltage across the PEM electrolyzer over the simulated range of temper-
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Figure 3.4: PEM electrolyzer voltage under different operating temperature.

atures. The estimated voltage results are decreasing as the temperature
increases, showing an inverse relationship between temperature and voltage
measurement across the PEM electrolyzer. These findings are consistent
with those in the literature [63]. The figure depicts 14 measured data points
at various operating temperatures as cross points. It is shown that the es-
timated curve superimposes the measured points, demonstrating the high
accuracy and effectiveness of the proposed parameter estimation approach
under various operating temperatures.

Fig. 3.5(a) shows the relationship between the change in the Gibbs free
energy parameter and operating temperature for the PEM electrolyzer cell.
It can be observed that the ∆G decreases linearly with increasing temper-
ature. Therefore, there is a significant linear negative correlation between
the change in Gibbs free energy and the PEM electrolyzer’s operating tem-
perature. The results in Fig. 3.5(a) confirms previous findings in [52].

Fig. 3.5(b) illustrates the relationship between the limiting current den-
sity parameter and the operating temperature of the PEM electrolyzer cell
under study. The value of JLim increases linearly with increasing temper-
ature. This implies that when operating at low temperatures, the PEM
electrolyzer operates within a narrow current density operating window.

The dependence of exchange current density parameter on the operating
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Figure 3.5: PEM electrolyzer operating temperature relationship with: (a)
Change in Gibbs free energy (∆G), (b) Limiting current density (JLim), (c)
Exchange current density (J0), (d) Charge transfer coefficient (α), and (e)
Series resistance (RElz).

temperature is shown in Fig. 3.5(c). The results show that the exchange cur-
rent density increases exponentially as the operating temperature increases.
Such results are in a complete agreement with the previous results reported
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in [22].
Fig. 3.5(d) reveals the dependency of the charge transfer coefficient

parameter on the operating temperature. The results illustrate that α pa-
rameter marginally increases with temperature, which correlates well with
the work reported in [22].

The relationship between the resistance parameter of PEM electrolyzers
and the operating temperature is represented in Fig. 3.5(e). The figure
illustrates an inverse linear relationship between RElz and the temperature
i.e., the higher the operating temperature, the more efficient electron transfer
will be, and thereby more hydrogen will be produced for the same applied
current [64]. The reason for this is that at high temperatures, the ionic bonds
between electrolytes weaken and the conductivity of electrodes increases.

3.3.4 Case 2: Relation between the output pressure and
estimated voltage

In this case, the output pressure of the hydrogen produced by the PEM
electrolyzer is simulated to increase from 0 to 30 bar, as reported in Table
3.3 [3]. The operating temperature of the PEM electrolyzer is set at 60oC,
with a constant current supply of 1 A/cm2. It is worth mentioning that
the estimated electrolyzer voltage is computed based on the five parameters
estimated at different pressure levels between 0 and 30 bar. Therefore,
multiple datasets are used to estimate the parameters for estimating the
voltage at different pressure levels. Fig. 3.6 shows the estimated voltage
results for the different hydrogen pressure levels. The estimated voltage
has a logarithmic growth curve, which increases rapidly with a large gain
when the pressure is between 0 and 5 bar, and then with a small gain as
the pressure increases. The results are consistent with equation (1.6) which
indicates a logarithmic relationship between the hydrogen pressure and the
open-circuit voltage of the PEM electrolyzer. Fig. 3.6 also presents 16
measured data points plotted as cross points at different output pressures.
It is evident that the measured data points and the estimated curve agree
well, showing the applicability of the parameter estimation approach under
different output pressures.

3.3.5 Case 3: Relation between the hydrogen production
rates and estimated voltage

In this case, the hydrogen production rate of the PEM electrolyzer is as-
sumed to be continuously changing within a range of 0 to 0.1 m3/hr, as
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Figure 3.6: PEM electrolyzer voltage under different hydrogen pressures.

reported in Table 3.3. In other words, the supplied current density to the
electrolyzer is continuously varying between 0 and 2 A/cm2 to produce a
hydrogen production between 0 and 0.1 m3/hr. Unlike cases 1 and 2, case
3 analysis collects only one dataset in order to estimate the parameters due
to the fixed temperature and pressure conditions. The hydrogen output
pressure is set at 30 bar and the operating temperature is set to 60oC. As
shown in Fig. 3.7, the voltage has almost the same profile as the hydrogen
production rate. Hence, the voltage across the PEM electrolyzer correlates
with the production rate of hydrogen.

In order to further validate the accuracy of the proposed parameter esti-
mation approach, the electrolyzer system conversion efficiency is calculated
based on the estimated and measured voltage of the electrolyzer system us-
ing equation (1.3). According to Fig. 3.7(c), the estimated efficiency is in
good agreement with the measured efficiency over a wide range of operating
conditions.

Moreover, Fig. 3.7(c) shows a good agreement between the measured
and estimated voltage results under different hydrogen production rates.
The absolute error of the voltage is presented in Fig. 3.7(d) to clearly show
the difference between the measured and estimated voltages. As shown in
the figure, a greater level of accuracy is evident when the electrolyzer is
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running at a high production rate in the linear region of the J-V curve.
This figure also shows a lower accuracy at low hydrogen production rates,
which is in the exponential region of the electrolyzer J-V curve. Under this
case, the average absolute error was found to be around 0.01.

The proposed parameter estimation can therefore estimate the PEM
electrolyzer parameters at different hydrogen production rates with high
precision. It is worth mentioning that the voltage measurements were taken
under a controlled temperature and pressure environment. The electrolyzer
cooling controller was set to adapt any significant changes in the operating
temperature in order to maintain a constant temperature.

3.3.6 Case 4: Impact of different dataset size on the
proposed approach

In order to investigate the impact of the dataset size on the accuracy of
the proposed parameter estimation approach, three different dataset sizes
are examined, namely N= 60, 120, and 239 are considered in this case at a
controlled temperature of 60oC and pressure of 30 bar, as reported in Table
3.3. The dataset is collected by supplying a current density that ranges
from 0 to 2 A/cm2. Fig. 3.8 shows that the parameter estimation approach
remains highly accurate over a wide range of operating points for the three
different dataset sizes. Therefore, the proposed approach can be applied to
both small and large datasets without sacrificing accuracy as long as the
dataset includes a wide range of operating points over the J-V curve. As
shown in Fig. 3.8, a larger dataset results in progressively better accuracy
at the J-V curve’s edge.

3.3.7 Error Estimation

In order to determine the accuracy of the estimated model, mean absolute
percentage error (MAPE) and standard deviation absolute percentage error
(SAPE) are calculated between the estimated and measured voltage values
in the J-V curves, where MAPE and SAPE are defined as follows:

MAPE =
1

N

N∑
n=1

V Elz,c
n − V Elz,c,est

n

V Elz,c
n

× 100%, (3.27)

SAPE =

√√√√ 1

N

N∑
n=1

(V Elz,c
n − V Elz,c,est

n )2 × 100%, (3.28)
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Figure 3.7: PEM electrolyzer: (a) Hydrogen production rate, (b) Efficiency,
(c) voltage, and (d) Absolute error values under case 3.

Table 3.4 gives the values of MAPE and SAPE of the estimated J-V
PEM electrolyzer characteristic curve under the four cases in sections 3.3.3
to 3.3.6. As depicted in Table 3.4, the MAPE and SAPE values are close
to zero, indicating that the proposed approach is superior and adequate. In
case 4, both SAPE and MAPE values decrease as the dataset size increases.
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Figure 3.8: A comparison ofJ-V curves using the proposed estimated pa-
rameter model and the measured data under different dataset sizes.

Table 3.4: Proposed approach MAPE and SAPE for different studied cases

Cases MAPE (%) SAPE (%)

1 0.0181 0.0455

2 0.0098 0.0234

3 0.0553 0.1210

4.A 0.0271 0.0832
4.B 0.0185 0.0720
4.C 0.0124 0.0401

3.3.8 Comparative Analysis of PEM Electrolyzer’s
Parameter Estimation Approaches

Prior work has mostly used numerical techniques and heuristic algorithms
to estimate the PEM electrolyzer parameters [14]-[56], [51]. Therefore, the
parameters estimated using the proposed approach are compared to that of
prior work using trust region numerical method, NNs, and PSO algorithms
to verify the effectiveness of the proposed approach. The selected PSO
tuning parameters include; number of particles in the swarm 100, maximum
number of iterations 1000, lower and upper bounds of the adaptive inertia
0.1 and 1.1, respectively. The selected NN training parameters are; learning
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Figure 3.9: APEs distribution of estimated data under: (a) Proposed ap-
proach (b) Trust region method (c) NNs (d) PSO algorithm.

rate 0.01, maximum number of training epochs is 1000, maximum validation
failures are 6, and ratios to increase and to decrease the learning rate are 1.05
and 0.7, respectively. It is worth noting that all algorithms were conducted
using MATLAB 2020b software on an Intel®core™i7-8750H CPU, 2.20 GHz,
and 16 GB RAM. The absolute percentage error (APE) is used to evaluate

41



3.4. Summary

Table 3.5: APE median for the four cases under different techniques

Case
Proposed
Approach

Numerical
Optimization

NN
PSO

Algorithm

1 0.017 0.023 0.15 2.00

2 0.0096 0.015 0.16 2.02

3 0.041 0.015 0.25 2.10

4.A 0.025 0.0060 2.42E-4 2.08

4.B 0.016 0.0031 2.80E-4 1.98

4.C 0.012 0.0054 2.76E-4 2.06

Computational
Time (sec)

0.0026 0.58 1.56 0.68

the performance of the different techniques for the four cases presented in
sections 3.3.3 to 3.3.6. The APE is defined as follows:

APE =

N∑
n=1

V Elz,c
n − V Elz,c,est

n

V Elz,c,est
n

× 100%. (3.29)

Fig. 3.9 shows the box plots of the APE distribution pattern for the
comparative analysis, where the central mark represents the median, the
bottom and top edges of each box indicate the 25th and 75th percentiles of
the APE data, respectively. The plus sign indicates an outlier. The median
values of the APEs for the four cases studied under the various techniques
are listed in Table 3.5. It is evident from the table that the APE median of
the proposed approach for all cases is lower by 4.8% and 102% than that of
NNs and PSO algorithms, respectively. However, the average APE median
of the trust region method is slightly lower than the proposed approach by
1.8%. According to Table 3.5, the proposed approach is faster than NNs,
the trust region method, and the PSO algorithm by 222, 600, and 260 times,
respectively. Despite the fact that the trust region method is slightly more
accurate than the proposed approach, the proposed approach is much faster
in terms of computational time. This makes it useful for online parameter
estimation of PEM electrolyzer systems. Thus, the proposed approach pro-
vides highly accurate model parameters with less computational time than
those developed using the aforementioned methods.

3.4 Summary

In this chapter, a novel analytical approach based on the LSE is proposed
to estimate the PEM electrolyzer modeling parameters and characterize its
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electrochemical behavior under various operating conditions. Five unknown
modeling parameters are estimated in a non-iterative manner to model the
PEM electrolyzer, including the change in Gibbs free energy, charge transfer
coefficient, exchange current density, series resistance, and limiting current
density. The dependence of the parameters on the operating conditions is
observed. Tests have been conducted at various temperatures, pressures,
and hydrogen production rates to determine the accuracy of the model.
The sensitivity analysis shows the validity of the proposed approach under
different dataset sizes. The simulation results show that the estimated model
has an average APE median of 0.12% under all cases, showing the superiority
of the proposed methodology. The superiority of the proposed approach is
evidenced by comparison with other PEM electrolyzer parameter estimation
approaches.
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Chapter 4

Energy Management System
for Minimizing Hydrogen
Production Cost Using
Integrated Battery Energy
Storage and Photovoltaic
Systems

This chapter presents an optimal economic dispatch model for a clean
hydrogen production system. To minimize the CoH production, the model
aims to: i) minimize total system costs, ii) improve hydrogen production
efficiency, and iii) improve solar energy utilization. This model accounts
for the variation in electrolyzer efficiency as it relates to CoH production.
In order to ensure accurate and stable system performance, electrochemical
hydrogen production mechanisms and operational balance constraints are in-
corporated into the optimization model. Based on simulation results, it have
proven that the proposed dispatch model is economically viable in terms of
meeting hydrogen demand, maintaining system stability, and storing hydro-
gen. According to the optimization results, the average CoH production for
the studied period was 2.67 $/kg. This study reveals a correlation between
hydrogen production rate, electrolyzer efficiency, and CoH production. Ana-
lyzing the proposed model with and without consideration of the variability
in electrolyzer efficiency indicates its effectiveness and feasibility in minimiz-
ing hydrogen production costs and maximizing the utilization of PV energy.

4.1 Introduction

With concerns being raised about the affordability of producing hydro-
gen, there have been steadily increase in research efforts to alleviate these
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concerns. The CoH is influenced by the capital costs, operation and main-
tenance costs, feedstock costs, electricity costs, and other variable costs
[16]. The price of electricity used is usually responsible for over 70% of
the CoH [65]. It can be argued from an economic point of view that the
contribution of electricity costs to the CoH can be reduced by using cheap
renewable electricity [66]. In a recent study by the International Renewable
Energy Agency, it is highlighted that renewable power generation has led
to lower electricity prices compared to coal-fired power plants [66]. There-
fore, incorporating renewable electricity, in particular from solar PV and
wind turbines, can help to alleviate concerns of high electricity costs asso-
ciated with hydrogen production. Several techno-economical models have
been studied that utilize renewable energy resources to estimate the CoH
production [28, 29, 67, 68]. In [67], the authors studied the development of
a hydrogen system using grid electricity and wind power. The results ob-
tained imply that the CoH produced by grid electricity is 17.65 $/kg, while
the CoH produced by wind power is 3.82 $/kg. Another study reported
in [68] on the use of wind power for hydrogen production showed that the
CoH using wind power is about 6.46 $/kg. Hydrogen production through
wind and solar power is also assessed in [28] by developing a cost-effective
model to estimate the CoH. The results highlight the following CoH ranges:
i) 1.72-3.81 $/kg using wind power, ii) 2.32-2.5 $/kg using solar power, and
iii) 2.08-3.14 $/kg using both solar and wind power. Touili et al.[29] con-
ducted a comparison of solar power hydrogen production between Morocco
and Spain. The comparison shows that Morocco can achieve a hydrogen cost
of 5.78 $/kg, whereas Spain can achieve a cost of 5.96 $/kg. The aforemen-
tioned research studies demonstrated that the CoH production from renew-
able energy sources varies significantly due to various factors. These factors
include geographic considerations, such as location, technological consider-
ations, such as renewable energy type, and economic considerations, such as
system costs.

Technically, the CoH can be reduced by utilizing a high conversion ef-
ficiency electrolysis technology [12]. Electrolyzer efficiency improvements
have been studied previously in the literature [69–74]. In [69], a compre-
hensive analysis study is conducted to investigate the impact of different
electrolyzer sizes and system efficiencies on the CoH. The study indicates
that CoH is significantly affected by system efficiency in large electrolyzers
systems. In [70], a comparison between an electrolyzer system supplied with
a stable grid power and surplus renewable power is conducted. The study
showed that, although surplus renewable power is cheap, an electrolyzer
system with a stable grid power is the most economically viable option for
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Figure 4.1: Proposed hydrogen system architecture using PV and BESS.

hydrogen production. Reference [71] reported that electrolyzer efficiency
varies with load level. Reference [72] proposed an optimal dispatch model
for power-to-hydrogen-and-heat systems to increase system conversion effi-
ciency by 15%. Another study [73] shows the impact of device structure
on electrolyzer efficiency. Reference [74] studied the improvement of elec-
trolyzer efficiency through minimizing reaction resistances associated with
electrolysis process.

The integration of the hydrogen system, including the electrolyzer, com-
pressor, and hydrogen storage with a PV system and a BESS shown in Fig.
4.1 enables clean and efficient hydrogen production. Such integration also
mitigates the impact of the uncertain nature of solar power. The use of
a BESS in the hydrogen production system is essential for two main rea-
sons: first to manage the power injection into the electrolyzer in order to
achieve a high production efficiency, and second to mitigate the impact of
the uncertain nature of wind and solar power. However, the integration of
the hydrogen production system, including the electrolyzer, compressor, and
hydrogen storage with the PV system and BESS, increases system operation
complexity and costs. Therefore, system optimization is needed to find an
optimum operation strategy that compromises between the costs and system
performance. Many efforts have been made on the economical and reliable
operation of renewable hydrogen production [75–80].

The economic operation of renewable hydrogen production requires the
use of an EMS to address the uncertainties associated with load and renew-
able energy generation and to find an optimal operation strategy that com-
promises between system costs and performance. In [75], an EMS of grid-
connected hybrid power system that combines hydrogen-based energy stor-
age system with a power plant consisting of wind and solar energy sources,
and BESS is presented. The authors concluded that the battery and hybrid
system efficiency can be increased by using adaptive neuro-fuzzy inference
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systems instead of classical EMS, which uses state-based supervisory con-
trol systems. Zhang et al. [76] proposed an optimal operation method for
a regional multi-energy system considering electrolyzer, fuel cell, BESS, hy-
drogen storage (HS), and PV reliability constraints. The authors improved
system economics through using intraseasonal complementary energy based
on HS. Yang et al. [77] also presented a hierarchical control scheme for
hybrid microgrids with hydrogen and BESS. The control objective is to
minimize system costs while ensuring system stability. In [78], an energy
management strategy is presented for an integrated PV, wind turbine, fuel
cell, and hydrogen system. The results show that the proposed method
can reduce the system costs with full coverage of load demand. In [79] the
authors proposed a supervisory-based model for the optimal scheduling of
distributed hydrogen production stations. The model optimizes hydrogen
generation setpoints with the aim of maximizing system profitability. In
[80], a model for the central scheduling of distributed electrolyzer–based
hydrogen fueling stations is proposed. The model optimizes electrolyzer op-
eration in order to increase system profitability and optimize the hydrogen
selling price.

However, previous studies failed to investigate the impact of electrolyzer
efficiency variation on the CoH production, assuming an electrolyzer oper-
ating at a constant efficiency [28, 68, 78–80]. Based on the aforementioned
factors that affect CoH production, further studies need to consider the im-
portance of electrolyzer efficiency variation on the CoH production under
various operating conditions. Therefore, the need for an optimal EMS for
an economical and reliable hydrogen production with the consideration of
electrolyzer efficiency variation is clearly recognized.

4.2 Proposed Hydrogen Production Energy
Management System

In order to complement previous work, this chapter proposes an econom-
ical dispatch model for the hydrogen production system shown in Fig. 4.1.
Unlike the previous studies that considered constant electrolyzer conversion
efficiency, this study develops an EMS for the combined hydrogen system-
PV-BESS with consideration of the dynamic variability of the electrolyzer
efficiency. The objectives of the proposed model are to i) minimize CoH
production, ii) maximize hydrogen system efficiency, and iii) maximize so-
lar energy usage and thereby achieve the optimal economic efficiency. The
model also aims to maintain reliable and stable operation of the hydrogen
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system by satisfying system operational and physical capacity constraints.
Two cases are considered to evaluate the proposed model: the first case con-
siders the operation of the electrolyzer at a variable conversion efficiency, and
the second case considers that the electrolyzer operates at a constant con-
version efficiency. The proposed model is designed for the system structure
shown in Fig. 4.1. The proposed optimal operation model of the system is
formulated below.

4.2.1 Objective Function

The objective function of the optimization problem is defined as follows:

Minimize:

T∑
t=1

(
TCH2

t + TCBESSt + TCPVt

)
·∆t. (4.1)

Equation (4.1) expresses the total system costs as the summation of
the initial investment, degradation, and operation and maintenance costs of
each individual component in the system with ∆t as the time step resolu-
tion. The first term in (4.1) represents hydrogen system costs, TCH2

t . This
includes the capital, operational, and degradation costs of both electrolyzer
and compressor, along with the CoH system balance of plant components.
Therefore, the total hydrogen cost is given as follows:

TCH2
t =

(
CElz +OElz +DElz + CBoP

)
· pElzt

+
(
CCmp +OCmp

)
· pCmpt ∀ t ∈ T, (4.2)

The second term in (4.1) states the total cost of the BESS (TCBESSt )
which can be described as follows:

TCBESSt =
(
CBESS +OBESS +DBESS

t

)
·
(
pBESS,Chgt + pBESS,Dhgt

)
∀ t ∈ T (4.3)

The third term in (4.1) includes the total cost of the PV system (TCPVt )
as:

TCPVt =
(
CPV +OPV

)
· PPVmax + λPV · pPV,Crtt ∀ t ∈ T, (4.4)

The added penalty term in equation (4.4) ensures minimal PV power
curtailment while optimizing the system’s operation. This will in turn en-
courage the BESS to be in a charging mode utilizing solar energy as long as
its maximum capacity limit is not reached.

48



4.2. Proposed Hydrogen Production Energy Management System

4.2.2 Optimization Constraints

The objective function in (4.1) is subject to a set of operational and physical
constraints of each individual unit, along with system balance constraints.

4.2.2.1 Electrolyzer Constraints

The adopted modeling of the hydrogen production in this work is based on
the electrochemical characteristic of the electrolyzer system. Therefore, the
power consumed by the electrolyzer stack system at time t depends on the
operating and physical characteristics of the electrolyzer stack system. It
can be described using equation 1.13 The adopted electrochemical model for
the electrolyzer system can be found in 1.1.2.

The operation of the electrolyzer is constrained by its minimum and
maximum operational power limits, given as follows:

PElzmin ≤ pElzt ≤ PElzmax ∀t ∈ T . (4.5)

Also, the maximum and minimum supply current and voltage of the elec-
trolyzer are given in (4.6) and (4.7), respectively.

0 ≤ iElzt ≤ IElzmax ∀t ∈ T , (4.6)

V Elz,s
min ≤ vElzt ≤ V Elz,s

max ∀ t ∈ T . (4.7)

The hydrogen production rate is also constrained by its maximum rate as:

0 ≤MElz
t ≤MElz

max ∀t ∈ T. (4.8)

4.2.2.2 Compressor Constraints

The power consumed by the compressor at time t is calculated based on the
polytropic model formulated as [27]:

pCmpt = MElz
t · 2 ·R · TElz · k

(k − 1) · ηCmp
·
[( πHSt√

πH2
t · πHSt

) k−1
k − 1

]
∀t ∈ T, (4.9)

The compressor’s minimum and maximum power operational limits are
given as:

PCmpmin ≤ p
Cmp
t ≤ PCmpmax ∀t ∈ T. (4.10)
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4.2.2.3 Hydrogen Storage Constraints

The objective function in (4.1) is also subjected to the State-of-Hydrogen
(SoH) balance equation of the hydrogen storage as follows:

SoHt = SoHt−1 +
MElz
t

QHS
·∆t

−M
Ld
t

QHS
·∆t− γHS,Dsp · SoHt−1 ∀t ∈ T, (4.11)

While the hydrogen storage pressure balance is ensured as [81]:

πHSt = πHSt−1 + z ·
(R · THS

QHS

)
·
(
MElz
t −MLd

t ) ∀ t ∈ T, (4.12)

Hydrogen storage is also subject to the maximum and minimum physical
capabilities of pressure and SoH as expressed in (4.13) and (4.14), respec-
tively.

ΠHS
min ≤ πHSt ≤ ΠHS

max ∀t ∈ T, (4.13)

SoHmin ≤ SoHt ≤ SoHmax ∀t ∈ T, (4.14)

4.2.2.4 BESS Constraints

The BESS operation is subject to the State-of-Charge (SoC) balance equa-
tion as follows:

SoCt = SoCt−1 +
ηBESS,Chg · pBESS,Chgt ·∆t

QBESS
− pBESS,Dhgt ·∆t
ηBESS,Dhg ·QBESS

−γBESS,Dsp · SoCt−1 ∀t ∈ T (4.15)

Constraint (4.16) specifies the minimum and maximum boundaries of the
SoC.

SoCmin ≤ SoCt ≤ SoCmax ∀t ∈ T. (4.16)

Furthermore, the maximum and minimum BESS charging and discharg-
ing operational limits are shown in (4.17) and (4.18).

PBESS,Chgmin ≤ pBESS,Chgt ≤ PBESS,Chgmax ∀t ∈ T, (4.17)

PBESS,Dhgmin ≤ pBESS,Dhgt ≤ PBESS,Dhgmax ∀t ∈ T, (4.18)

In order to minimize power loss during charging and discharging due to
processes efficiencies, the constraint (4.19) is included to prevent simultane-
ous charging and discharging, and it is stated as:

pBESS,Chgt · pBESS,Dhgt = 0 (4.19)
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4.2.2.5 System Balance Constraints

The system power balance equality constraint of the hydrogen production
system shown in Fig. 4.1 is defined as follows:

PPVmax − p
PV,Crt
t = pElzt + pCmpt − pBESS,Dhgt + pBESS,Chgt ∀ t ∈ T (4.20)

4.3 Performance Evaluation

The performance of the proposed model for the hydrogen system integrated
with the PV system and BESS shown in Fig. 4.1 has been investigated and
analyzed. Simulations have been conducted for a period of one week. The
optimization problem is formulated as a nonlinear programming model and
is coded and solved using MATLAB Optimization toolbox. In this work,
the optimization horizon is defined as 4 hours with a 1-hour time interval,
which is a typical real-time scheduling resolution [82]. It is noteworthy that
all of the experiments were conducted on a Windows 10 Professional OS
environment using an Intel Core i7, 2.21 GHz, 16G RAM, and the codes are
performed in Matlab 9.6. The convergence and the constraint tolerances are
each set to 10−6. The modeling and simulation parameters of the system
under the study are listed in Table 5.1. The listed system cost coefficients
per year are converted into hourly costs, due to 1-hour being the schedule
resolution of the proposed optimization model. The solar irradiance and
hydrogen demand profiles were obtained within a 1-hour time resolution
from [83].

The determination of the degradation cost of the BESS in this work
is based on its SoC, number of charge-discharge cycles, battery price and
capacity, and round-trip efficiency as given in [84].

The simulation results of the proposed economical dispatch model are
presented in Fig. 4.2. The hydrogen demand and production from the
electrolyzer during the week are shown in Fig. 4.2(a). It can be observed
that hydrogen demand is at its peak values with an average of 50 kg/hr,
while it drops to 30 kg/hr during the night hours. Fig. 4.2(a) also shows that
hydrogen production flow rate tends to follow PV power profile by increasing
during midday periods and decreasing during nighttime. As a result, the
electrolyzer runs at almost maximum rating during midday time, sacrificing
system conversion efficiency in order to minimize PV power curtailments
(i.e., maximize solar power utilization).

Fig. 4.2(b) highlights both solar power generated and curtailed during
the week under study. It can be observed that PV power curtailments are
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Table 4.1: Modeling and simulation parameters [4, 5]

PElzmin=PCmpmin =0MW k=1.4 OCmp=1.5% · CCmp $/kW-yr

QBESS=6 MWh SoHmin=10% PB,Chgmin =PB,Dhgmin =0 MW
ηF=85% QHS=1600 kg ηBESS,Chg=ηBESS,Dhg=88.3%
CBoP =50 $/kW-yr SoHmax=95% OBESS=1.5% · CBESS $/kW-yr
ηCmp=63% THS=333.15K DElz=50% ·CElz $/kW-yr
λPV =1000 $/kWh SoCmax=90% CCmp=7.52$/kW-yr
CBESS=124$/kW-yr ΠHS

max=700 bar OElz=1.5% · CElz $/kW-yr

πH2=20 bar PCmpmax =177kW PBESS,Chgmax =PBESS,Dhgmax =1.5MW
ΠHS
min=350 bar SoCmin=20% CElz=1466 $/kW-yr

MElz
max=65 kg/hr z=1.02 γBESS,Dsp=γHS,Dsp=0.006%/hr

PElzmax=3.8 MW TElz=323.15K CPV =1000 $/kW-yr

minimized during peak PV power generation. Therefore, PV power is nearly
fully utilized during the study period.

Fig. 4.2(c) shows the SoH profile, which is an indirect measure of the
amount of hydrogen fuel in the hydrogen storage. The SoH tends to increase
during excessive PV power generation, as shown during the first two days
of the week, and hence maintaining the system sustainability in the long
run. On the fifth day and during the day, both hydrogen demand and PV
are at their peak values, however, rated hydrogen production cannot meet
the demand. As a result, the hydrogen storage starts to discharge while the
electrolyzer keeps operating at its maximum rating to satisfy the demand.
It can also be observed that the operation of the hydrogen storage is within
the SoH’s limits.

The BESS charging and discharging power are plotted in Fig. 4.2(d).
It can be observed that the charging power follows a constant behavior
during the week according to the PV power generation profile. However,
the discharging power has varying rates based on electrolyzer demand. This
can be clearly recognized during no PV power generation periods.

Fig. 4.2(e) shows the SoC profile of the BESS which tends to increase
smoothly during midday, when there is excess PV output power after sat-
isfying electrolyzer demand. On the other hand, the SoC starts to decrease
during the night as BESS power is consumed by the electrolyzer to meet the
mid-peak hydrogen demand. In addition, the figure shows how the BESS
accounts for variations in the PV power while maintaining the SoC within
operational limits.

The electrolzyer’s efficiency during the simulation period is shown in
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Figure 4.2: Optimization results for: (a) Hydrogen production and hydro-
gen demand, (b) PV generated and curtailment power, (c) SoH, (d) BESS
Power, (e) SoC, (f) Electrolyzer conversion efficiency, and (g) Hourly CoH
production.
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Fig. 4.2(f). During on-peak hydrogen demand and/or on-peak PV power
generation, the electrolyzer tends to run at a high production rate, resulting
in a low conversion efficiency while meeting hydrogen demand and ensuring
maximum PV power utilization. Conversely, high electrolyzer efficiencies
are recognized during mid-peak and off-peak hours of hydrogen demand
and off-peak hours of solar power.

The hourly CoH production through the week can be depicted in Fig.
4.2(g). With increasing the electrolyzer efficiency from 70% to 80%, CoH
production decreases to around 20%, showing the impact of electrolyzer
efficiency variation on CoH production. The increase in CoH during daytime
is attributed to the high hydrogen production rate that leads to low system
efficiency, resulting from high hydrogen demand and PV utilization.

These results offer considerable insights into the relationships between
the hydrogen production rate, electrolyzer efficiency, and CoH production.
There is a positive correlation between the hydrogen production rate and
CoH production, and a negative correlation between the electrolyzer con-
version efficiency and both hydrogen production rate and CoH production.

In order to verify the economic benefits of the proposed model, the opti-
mal look-ahead dispatch operation obtained by the proposed model is com-
pared to the conventional model where electrolyzer is assumed to be run-
ning at a constant efficiency. The constant electrolyzer conversion efficiency
adopted for this comparison is 60% based on the models proposed by [79, 80].
The following indicators are used for comparison analysis: total utilized and
unutilized solar energy, total hydrogen produced, total system cost, and av-
erage of CoH production. The detailed comparison results are listed in Table
4.2. As specified in Table 4.2, the proposed model produced 854.88 kg of
hydrogen more than the conventional model over the study period. The pro-
posed model meets hydrogen demand with excess hydrogen production of
266.15 kg, while the conventional model fails to meet the hydrogen demand
without the help of the initial value of the hydrogen storage. As a result, the
proposed model has a lower average of CoH production, with 2.67 $/kg over
the week. Compared to the conventional model that has an average CoH
of 3.15$/kg, the proposed model achieves a decrease of 16.5% in CoH. It
is worth mentioning that the average electrolyzer efficiency of the proposed
model was found to be about 73.26%. This finding indicates that the pro-
posed model succeeded in maximizing the electrolyzer efficiency, compared
to the conventional model. Hence, the proposed model shows superiority in
meeting hydrogen demand with low CoH production and high efficiency.
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Table 4.2: Comparison results

Parameter Proposed Model Conventional Model

Hydrogen Demand 4,979.69 kg

PV energy generated 333.32 MWh

Utilized PV energy 316.63 MWh 303.77 MWh

PV energy curtailment 16.68 MWh 29.55 MWh

Hydrogen Produced 5,245.84 kg 4,390.96 kg

Total system costs $27,751.17 $26,172.66

CoH 2.67 $/kg 3.15 $/kg

4.4 Summary

This chapter introduces an economical dispatch scheduling model for an op-
timal operation of hydrogen system connected with PV system and BESS.
The use of BESS increases hydrogen production efficiency and PV power
utilization, leading to a reliable and sustainable hydrogen production. The
proposed model does not only aim to minimize CoH production by maxi-
mizing hydrogen production efficiency, but also maximize the benefits of PV
power by minimizing its curtailments. The model takes into account the cap-
ital, operation, and degradation costs of each system, electrolyzer efficiency
variations under various operating conditions, and operational and physical
constraints. The simulation results reveal significant relationships between
the hydrogen production rate, electrolyzer conversion efficiency, and CoH
production. A comparison has been carried out between the dispatch of
the proposed model and conventional model to demonstrate the economic
feasibility and benefits of the proposed model. Comparison results show
a decrease of 16.5 % in CoH production as a result of implementing the
proposed economic dispatch model.
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Chapter 5

Optimal Energy
Management of Grid
Connected Hydrogen Energy
Facility Integrated with
Battery Energy Storage and
Solar Photovoltaic Systems

This chapter is an extension work of chapter 4 and focuses on designing and
implementing an optimal scheduling EMS model for a hydrogen production
system to maximize the system’s performance while minimizing the CoH.
Unlike the work in chapter 4, 5 proposes an EMS that is designed to enable
seasonal storage applications by incorporating a Z-score statistical measure
of historical electricity prices. Furthermore, the EMS designed in 5 is applied
to a grid-connected microgrid that has an electrical and hydrogen demand.
For the purpose of demonstrating the validity of this model, it is tested
for both intraseasonal and seasonal storage. Using four case studies, the
proposed EMS model is demonstrated to have significant techno-economic
benefits. Additionally, the contribution of the electrolyzer’s capacity factor,
the size of the hydrogen storage, and the share of PV power to the system
are evaluated in the context of their techno-economic benefits.

The key contributions of the proposed hydrogen production EMS in this
chapter are listed as follows:

• An optimal scheduling EMS model is presented for a hydrogen energy
system that would (i) minimize the CoH production, (ii) consider a
detailed electrolyzer energy conversion efficiency model, and (iii) main-
tain reliable operation of the hydrogen production facility system by
considering system operational and physical constraints.
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Figure 5.1: Schematic diagram for the industrial electricity and hydrogen
energy system.

• A new objective function is developed to motivate seasonal storage of
hydrogen energy. The proposed objective function uses the Z-score
statistical measure of historical electricity prices to whether reward or
penalize the operation of electrolyzer under different electricity prices.

• The impact of different sizes for the electrolyzer, HS, and share of PV
energy on the CoH and system efficiency is investigated considering
electrolyzer efficiency variation.

5.1 Problem Hypothesis

Fig. 5.1 illustrates the grid-connected renewable hydrogen production facil-
ity that is considered for the proposed EMS model. This facility includes
PV system, BESS, electrolyzer, compressor, and HS. In order to schedule
and optimize the operation of the hydrogen production facility’s units based
on the availability of PV power, hydrogen and electricity demand, as well
as real-time electricity prices, an EMS model must be developed for the hy-
drogen production facility. The electrolyzer converts electrical energy into
chemical energy using water electrolysis technology. The detailed electro-
chemical characteristics of the electrolyzer cell are obtained from the model
presented in section 1.1.2.

Understanding the electrolyzer conversion efficiency behavior is crucial
for an economic and technical analysis of hydrogen production. By improv-
ing electrolyzer efficiency, hydrogen production costs can be minimized. The
conversion efficiency of the electrolyzer system represents the ratio of the
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output energy content of the produced hydrogen at the electrolyzer stack
to the input DC power energy into the electrolyzer stack as described in
equation (1.3).

Equation (1.3) describes the dependency of the electrolyzer efficiency on
system power consumption. As a result, the efficiency of the electrolyzer de-
pends on the voltage across the electrolyzer described in equations (1.5) to
(1.12), which are functions of the operating temperature, pressure, and load-
ing point. The electrolyzer operating temperature has a significant positive
correlation with electrolyzer conversion efficiency [85]. This is attributed
to the dependence of the electrolysis reaction and electrolyzer resistance on
the operating temperature of the electrolyzer [85]. This dependence can
be recognized directly from the open-circuit, activation, concentration, and
ohmic voltage equations described in equations (1.6) to (1.11). However,
operating an electrolyzer at a high temperature negatively impacts its life-
time [85]. Furthermore, the electrolyzer efficiency is inversely related to the
hydrogen output pressure [85]. As a result, a high hydrogen output pressure
will decrease the electrolyzer’s conversion efficiency [85].

Fig. 5.2 shows the relationships between the conversion efficiency, hy-
drogen production rate, and CoH production of a 1 MW electrolyzer system
with a fixed electricity cost of 100 $/MWh.

The figure illustrates that the electrolyzer’s efficiency increases with in-
creasing input power up to a certain operating point, which occurs at light
loading conditions, before the electrolyzer begins consuming more electric
energy that cannot be converted entirely to chemical energy, and at this
point, the efficiency of the electrolyzer begins to decrease. The figure also
illustrates the trade-off between system efficiency and the CoH production.
Where, high hydrogen production rates lead to low system efficiency, result-
ing in high power losses, which eventually increase the CoH. It is noteworthy
that the minimum CoH is obtained at the maximum electrolyzer conversion
efficiency. However, at a minimum CoH, the electrolyzer would operate
at a very low hydrogen production rate. Additionally, operating an elec-
trolyzer at maximum efficiency mandates oversizing of the electrolyzer, and
hence increases its capital cost significantly [85]. Therefore, the production
of hydrogen typically involves high operating expenditure with poor sys-
tem efficiency, which necessitates the optimization of the system to find the
optimum operating point that balances system cost and efficiency [85].
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Figure 5.2: The relationship between electrolyzer power, conversion effi-
ciency, hydrogen production rate, and CoH

5.2 Optimization Model of the Energy
Management System

The optimal operation of the hydrogen production system must be able
to guarantee an optimal balance between the demand for hydrogen and
the CoH production by managing the flow of energy between the integrated
facility units. A new objective function that motivates the seasonal hydrogen
energy storage is proposed in this work. The net costs of the hydrogen
system, PV system, BESS, and grid power are considered to define the
objective function of the optimization problem that is to be minimized.

Minimize:
∑
t∈T

TC + TOt + TDt + EGrdt +APVt ∀ t ∈ T . (5.1)

The objective function in (5.1) represents five system costs components
which describes the system net cost of the hydrogen energy facility shown
in Fig. 5.1, given as: (i) total CapEx given in (5.2), (ii) total OpEx given
in (5.3), (iii) degradation costs of the BESS and electrolyzer system as in
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(5.4), (iv) electricity purchasing cost from the main grid as in (5.5), and (v)
penalty cost due to PV power curtailment as in (5.6). The grid cost in (5.5)
is multiplied by the Z-score of the historical set of electricity prices, T H =
{1, 2, ..., th, ..., t}, that serve as a reward or a penalty for seasonal storage
application purposes. The Z-score statistical measure acts as a reward or a
penalty factor for the hydrogen production in order to motivate the seasonal
hydrogen energy storage. It shows how far the current electricity price at
time t is from the average of the electricity prices during the time period
TH , which represents the time period of the historical electricity prices.
The sign of Z-score determines whether the grid power purchased should
be penalized or rewarded. In other words, it defines whether to maximize
the use of electricity (i.e, hydrogen production and BESS charging) during
low electricity prices or to minimize the power consumption during high
electricity prices.

TC = (i, yPV ) · CPV · PPV,mmax +R(i, yBESS) · PBESSmax · CBESS

+R(i, yCmp) · CCmp · PCmpmax +R(i, yHS) ·QHS · CHS

+R(i, yElz) ·
(
CElz + CBoP

)
· PElzmax, (5.2)

TOt =
(
Ow +OHS

)
·MElz

t +OElz · pElzt

+OCmp · pCmpt +OPV · pPV,mt ∀t ∈ T , (5.3)

TDt = DBESS
t ·

(
pBESS,Chgt + pBESS,Dhgt

)
+DElz · pElzt ∀t ∈ T , (5.4)

EGrdt =
ePr
th
−
∑

th∈T H

ePr
th

TH√∑(
ePr
th
−

ePr
th

TH

)2

TH

· ePrt · pGrdt ∀ t ∈ T , th ∈ T H , (5.5)

APVt = λPV · pPV,Crtt ∀ t ∈ T . (5.6)

Here it is worth noting that the CapEx of each system unit in (5.2)
captures the time value of money by using the annuity factor formula with
a i interest rate for a period of y years, given as [86]:

R(i, y) =
r(1 + r)y

(1 + r)y − 1
· 1

8760
(5.7)
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The objective function is subjected to the operational and capacity con-
straints as discussed hereunder.

5.2.1 Hydrogen Production System Constraints

Given the detailed model of electrolyzer voltage described in Section 1.1.2
that consider the conversion efficiency curve discussed in Section 5.1, the
power consumed by an electrolyzer stack can be calculated by using the fol-
lowing equation (1.13). The active power capacity of the electrolyzer system
is constrained by its minimum and maximum power capacities, as described
in equation (4.5). Also, the maximum and minimum supply current and
voltage of the electrolyzer are given in (4.6) and (4.7), respectively. The
hydrogen generation rate given in (1.2) is constrained by the electrolyzer
maximum outflow rate as described in equation (4.8). The hydrogen gas
produced by the electrolyzer is compressed to increase its storage density.
The compressor power is determined based on the polytrophic model pre-
sented in equation (4.9). The compressor power is imposed by the maxi-
mum and minimum power limits as given in equation (4.10). Compressed
hydrogen gas is then stored in high-pressure HS for later use. Therefore,
the objective function is also subjected to the HS state-of-hydrogen (SoH)
balance equation (4.11). The HS pressure balance equation is modeled as
given in equation (4.12). HS is also subject to the maximum and minimum
physical capabilities of pressure and SoH as expressed in (4.13) and (4.14),
respectively.

5.2.2 BESS Constraints

Similar to the HS, the BESS also has operational constraints that en-
sure its safe operation. The BESS operation is subject to maximum and
minimum limits, as shown in (4.17)-(4.18) to avoid excessive charging and
discharging that can damage the BESS. The BESS is also constrained by the
state-of-charge (SoC) balance equation (4.15). In order to minimize power
lost during charging and discharging due to processes efficiencies, a con-
straint (4.19) is included to prevent simultaneous charging and discharging.
Constraint (4.16) specifies the SoC range.

Degradation of the BESS has a significant impact on its cycle life which
translates into operation costs. The degradation cost of the BESS is calcu-
lated in (5.8) by taking into consideration: depth of discharge (DoD), state
of charge (SoC), charging and discharging frequencies, BESS capital expen-
diture (CapEx) and residual value, as well as its capacity and round-trip
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efficiency [87, 88].

DBESS
t =

CBESS −RSBESS

2DoDt ·QBESS ·ACCt
√
ηBESS,Chg · ηBESS,Dhg

∀ t ∈ T , (5.8)

DoDt = 1− SoCt ∀ t ∈ T , (5.9)

ACCt =
a

DoDb
t

∀ t ∈ T . (5.10)

5.2.3 PV System Constraints

Even though the output PV power changes according to solar irradiation,
ambient temperature, and operating point, there is an operating point that
extracts the maximum amount of PV power under the subjected conditions.
Therefore, PV arrays are operated with maximum power point tracking
(MPPT) controllers to ensure optimal power generation under a variety of
environmental conditions. The maximum power generated by a PV array is
calculated as [89]:

pPV,Mt = NPV · ηPVt ·APV ∀ t ∈ T , (5.11)

where the PV system efficiency is calculated as follows [89]:

ηPVt = ηPVr · ηPV,M ·
(

1− βPVt ·
(
TPVt − TPVr

))
∀t ∈ T , (5.12)

and the PV’s temperature is determined using [89]:

TPVt = TPV,at +

(
TN − TPV,a,N

SN

)
· St ∀ t ∈ T . (5.13)

The PV power curtailment is constrained by the following minimum and
maximum operational limits as follows:

0 ≤ pPV,Crtt ≤ PPV,Mt (5.14)

5.2.4 System Power Balance

The system power balance equality constraint ensures a balance operation
of the system. It is defined as:

pPV,Mt − pPV,Crtt + pBESS,Dhg − pBESS,Chgt − pElzt

−pCmpt + pGrdt − pLdt = 0 ∀ t ∈ T (5.15)

The amount of power purchased from the power grid is limited by the
maximum and minimum grid operational capabilities as follows:

PGrdmin ≤ pGrdt ≤ PGrdmax (5.16)
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Figure 5.3: System input data: (a) Electricity price , (b) Hydrogen demand,
(c) Electrical demand, and (d) PV power generation.

5.3 Performance Evaluation

Simulations were conducted for the grid-tied hydrogen production facility
shown in Fig. 5.1 with and without a PV system and a BESS to show and
verify the performance of the proposed EMS model to minimize the CoH
and obtain seasonal hydrogen storage functionality. The analysis is carried
out over a time window of one week, which is divided into 168 periods of
1-hour each. Further analysis is conducted over a one-year period to analyze
the implementation of seasonal hydrogen storage.

The hydrogen facility shown in Fig. 5.1 contains a hydrogen generation
unit, PV, and BESS to meet its electrical and hydrogen demands. Based
on historical practical data, Fig. 5.3 shows data fed into the proposed EMS
for several inputs. Fig. 5.3(a) shows the hourly electricity prices in On-
tario, Canada, during the study period [90]. Fig. 5.3(b) and Fig. 5.3(c)
depicts the hourly historical hydrogen and electrical consumption data for
an industrial load profile, respectively [83, 91, 92]. The figures show that
the hydrogen facility has been selected to have a hydrogen peak demand of
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Table 5.1: Modeling and simulation parameters
CBESS=100 k$/MW CPV = 818 k$/MW CCmp=7.52 k$/MW
CHS=124 $/kg CElz=784 k$/MW CBoP =50 k$/MW
DElz= 40% · CElz k$/MWh OHS=2% · CHS $/kg OElz= 17 k$/MWh
OCmp=1.5% · CCmp k$/MWh OPV =9.85 k$/MWh Ow= 0.08 $/kg
yElz=yHS=yPV =yCmp= 20 yr yBESS= 15 yr i= 5.75%
πH2=20bar,πO2=1bar,πH2O=0.2bar R= 8.31 J/mol· K, TElz= 323 K
J0,a=1×10−7A/cm2,J0,c=0.1A/cm2 αa= 0.8, αc= 0.25 NPV = 880
PElz
min= 0 MW, PElz

max= 5 MW JLim= 2 A/cm2 ηPV
r = 16 %

MElz
max= 0 kg/hr, MElz

max= 77 kg/hr ∆G= 2.33×105 J RElz= 200 Ω

PCmp
min = 0 MW, PCmp

max = 0.2 MW NElz,c= 1500 λPV = 1000 $/MWh
PPV
min= 0 MW, PPV

max= 7 MW APV = 29.97 m2 QHS= 1500 kg
ηBESS,Chg=ηBESS,Dhg= 97.5% QBESS= 7 MWh THS=333.15K

PBESS,Chg
min =PBESS,Dhg

min = 0 MW HHV= 141.9 MJ/kg TN= 45oC

PBESS,Chg
max =PBESS,Dhg

max = 1.75 MW F= 96.49 kC/mol ηPV,M= 100%
PGrd
max = 6 MW, PGrd

min= 0 MW SN= 800 W/m2 TPV
r = 25oC

γHS,Dsp= γBESS,Dsp= 0.006% TPV,a,N= 20oC ηCmp= 63%
a= 2744, b= 1.665, z= 1.02, k= 1.4 c1=-0.0034, c2=-0.001711 d=-1, f=1

147 kg and an electrical peak demand of 0.34 MW, excluding the electrical
power consumption of the hydrogen production system. The local electrical
demand profile is adopted from an industrial load [92]. Furthermore, the
profile of hydrogen demand considered in this study is based on [83].

The hourly solar irradiation for Toronto, Ontario, Canada is also used to
predict the maximum PV power as shown in Fig. 5.3(d) [83]. Furthermore,
the related system modeling and simulation parameters used of each system
component in this work are listed in Table 5.1 [3, 5, 30, 80, 83, 89, 93–95].

The performance of the proposed EMS model is investigated through
a techno-economics analysis of two system configurations: hydrogen-grid,
and hydrogen-BESS-PV-grid. The hydrogen-grid configuration utilizes grid
power to meet electricity demand while supplying the hydrogen system,
which consists of an electrolyzer, compressor, and hydrogen storage. The
hydrogen-BESS-PV-grid system, on the other hand, relies on PV power for
the majority of the system’s electrical demand. The addition of the BESS
aims to maximize the output of the PV system while balancing the system
load and generation of the hydrogen facility system. The hydrogen facility
system is further connected to the power grid in order to meet electrical
demand when PV power is unavailable. Different system conditions are
studied for the two hydrogen-grid and hydrogen-BESS-PV-grid configura-
tions to demonstrate the validity of the proposed model. Each configuration
is simulated and studied with and without the use of Z-score of historical
electricity prices. Therefore, four case studies are implemented to analyze
the performance of the hydrogen production system in minimizing the CoH
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Figure 5.4: Optimal results of hydrogen system for case 1 and case 2 (a)
Electrolyzer power consumption, (b) Hydrogen production rate, (c) Conver-
sion efficiency, and (d) SoH level of HS in the two cases

and achieving seasonal hydrogen storage. Section 5.3.1 discusses the results
of hydrogen-grid system configuration under case 1 and case 2. Unlike case
1, case 2 considers the use of Z-score for intraseasonal hydrogen storage from
grid power. Section 5.3.2 discusses the results of hydrogen-BESS-PV-grid
system configuration under Case 3 and case 4. In contrast to case 3, case
4 considers the use of Z-score for intraseasonal hydrogen storage from PV
and grid power.

5.3.1 Hydrogen-Grid System Configuration

Figs. 5.4-5.5 show the performance of the proposed EMS model on a sunny
summer week for the hydrogen-grid system configuration. Figs. 5.4(a) and
(b) show the hourly optimal scheduling for power consumption and hydro-
gen production by the electrolyzer system, respectively. The figures show
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Figure 5.5: Economical results for case 1 and case 2 (a) CoH and (b) Total
system cost

that the operation of the electrolyzer in case 1 is positively correlated with
hydrogen demand shown in Fig. 5.3(b). On the other hand, through com-
parison with Fig. 5.3(a), it can be seen that the electrolyzer operation under
case 2 is mainly affected by the electricity price. As a result, the maximum
operation of electrolyzer occurs during nighttime when low electricity prices
are observed, resulting in an excess production of 150 kg of hydrogen com-
pared to case 1. The operation behavior of the electrolyzer during the night
under case 2 is mainly due to the use of Z-score of historical electricity prices
that motivates the use of low-cost power to fill the HS.

Fig. 5.4(c) shows the conversion efficiency of the electrolyzer system
under cases 1 and 2. It can be observed that the electrolyzer conversion
efficiency under case 1 is negatively correlated with hydrogen production
rates. Therefore, efficient conversion of hydrogen energy is observed at low
hydrogen production rates during the first four days of the week under study.
On the other hand, low conversion efficiency of hydrogen energy is observed
on the last three days of the studied week, when high hydrogen production
rates occur to meet the corresponding high hydrogen demand levels. As
a result, a high conversion efficiency of 66.80% is observed. Unlike case
1, case 2 conversion efficiency of the electrolyzer system in Fig. 5.4(c) is
maintaining a constant low conversion average value at 62.86% most of its
operation time with a relatively slight changes during mid electricity prices.

Fig. 5.4(d) shows the SoH level of the HS under case 1 and case 2.
The figure shows that the SoH level under both cases is influenced by the
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Figure 5.6: Optimal results of hydrogen system for case 3 and case 4 (a) Elec-
trolyzer power consumption, (b) Hydrogen production rate, and (c) Conver-
sion efficiency.

hydrogen demand. It also demonstrates that the SoH level under case 2 is in-
fluenced by the electricity price, which validates the efficacy of the proposed
model for intraseasonal hydrogen storage.

The CoH and total system cost under case 1 and case 2 are depicted
in Figs. 5.5(a) and (b). Fig. 5.5(a) shows that the CoH production under
case 1 is consistent throughout the studied week, indicating that the CoH
production in this case is not affected by the changes in hydrogen demand.
Similarly, the CoH production under case 2 is constant when the electrolyzer
is on, but it is unpredictable when the electrolyzer is off. Fig. 5.5(b) shows
the net system cost over the week. The system cost under case 1 and 2
follows the same behavior of electrolyzer power and hydrogen production,
which are highly affected by the hydrogen demand levels in case 1, and by
the electricity prices in case 2.
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Figure 5.7: Optimal results of hydrogen system for case 3 and case 4 (a)
SoH level of HS, (b) SoC level of BESS

Figure 5.8: Economical results for case 3 and case 4 (a) CoH and (b) Total
system cost
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5.3.2 Hydrogen-BESS-PV-Grid System Configuration

Figs. 5.6-5.8 show the performance of the hydrogen-BESS-PV-grid system
configuration. The operation of the electrolyzer system under cases 3 and
4 is mainly impacted by the PV power generation shown in Fig. 5.3(d).
It can be observed from Fig. 5.6(a) and Fig. 5.6(b) that during daytime,
the electrolyzer runs at its maximum hydrogen production rate to maximize
the utilization of PV power. Therefore, the majority of around 68% of the
hydrogen demand in the two cases is met by PV power, while the grid power
is responsible for 32% of the hydrogen demand.

Furthermore, the average conversion efficiency in Fig. 5.6(c) under the
two cases is 64.16% and 64.43, respectively. The low value of conversion
efficiency can be attributed to the high production rates that utilize the
PV available power. The figure shows that the conversion efficiency under
the two cases goes to minimum values during excessive PV power generation
during the daytime while it increases at night when no PV power is available,
and power is being consumed from the grid to satisfy necessary hydrogen
demand.

The SoH of the HS for cases 3 and 4 is illustrated in Fig. 5.7(a), while the
SoC of the BESS under the two cases is shown in Fig. 5.7(b). The results
in Fig. 5.7(a) shows that the SoH level under both cases is influenced by
the changes of both hydrogen demand level and the PV power generation.
Furthermore, the SoH under case 4 is influenced by electricity prices. This
is due to the use of Z-score which motivates the hydrogen production during
low grid power costs, proving the validity of the proposed EMS model to
achieve intraseasonal storage. Fig. 5.7(b) shows that the BESS charges
during the day with high PV generation, and the discharging operation is
observed at night. Moreover, the SoC level under case 4 shows that there
are some charging operations conducted at night due to low electricity prices
at that time.

The CoH and total system cost of cases 3 and 4 are depicted in Figs.
5.8(a) and (b). Fig. 5.8(a) shows that the CoH production under the two
cases is almost the same during daytime, that is when PV power is avail-
able. However, the CoH production during nighttime relies mainly on the
electricity price. Fig. 5.8(b) shows the net system cost under case 3 and
4. Considering the figure, the net system cost is closely correlates with the
electrolyzer power and hydrogen production, which are strongly influenced
by PV power generation, hydrogen demand levels, and electricity prices.
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Table 5.2: Optimal scheduling results of four cases

System Configuration Case 1 Case 2 Case 3 Case 4

Electrical Energy
Consumed (MW)

Grid 513 559 190 209

PV - - 395 395

Hydrogen
Produced (kg)

Grid 7,730 7,880 3,042 3,083

PV - - 5,219 5,312

Conversion Efficiency (%) 66.80 62.86 64.16 64.43

System CapEx Cost (10k$) 6.92 17.47

System OpEx Cost (10k$) 1.02 1.12 1.58 1.59

System Degradation Cost (10k$) 1.43 1.56 2.53 3.74

System Grid Power Cost (10k$) 58.17 61.49 21.03 22.41

System Net Cost (10k$) 67.54 71.09 42.61 45.21

CoH ($/kg) 8.74 9.02 5.16 5.39

5.3.3 Comparative Analysis

The comparative analysis of the techno-economic benefits under four cases
is given in Table 5.2. The table lists the energy production and consump-
tion details along with the different system costs including CapEx, OpEX,
degradation, and grid power costs for the two configurations. It can be
observed that the CoH is low and in the range of 5$/kg for hydrogen-BESS-
PV-grid configuration, which results in saving about 3.5$/kg compared to
the hydrogen-grid system configuration. Furthermore, one can see that the
power cost from the grid represent 87% of the CoH in the hydrogen-grid
configuration, which, in turn, indicates that the electricity price is the con-
trol variable that determine the CoH. On the other hand, the CoH in the
hydrogen-BESS-PV-grid configuration is impacted mainly by; the CapEx
of the PV system, which takes up to 40% of the overall CoH, and the cost
of electricity purchased from grid, which represents about 50% of the total
CoH. Given that the price of electricity purchased from the grid is higher
than the investment cost of PV system, the PV based system configura-
tion is the most economical compared to grid-based system configuration.
Therefore, the results show the economic benefits of using PV and BESS for
hydrogen production.
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Figure 5.9: Monthly average of: (a) Electricity price, (b) HS generation and
demand, and (c) HS SoH

5.3.4 Seasonal Storage of Hydrogen Energy

Fig. 5.9 shows the results yielded from the optimal operation of the elec-
trolyzer and hydrogen seasonal storage. The figure represents the monthly
average of (a) electricity prices, (b) PV total energy generation, (c) hydro-
gen production and demand, and (d) the SoH level under cases 2 and 4. As
shown in the figure, the electrolyzer under case 2 shows higher operation
during the months with low electricity prices. Fig. 5.9 (c) shows that the
hydrogen demand is fairly consistent in various months over the year, while
hydrogen production varies depending on the electricity price in each month
as shown in Fig. 5.9(a). Fig. 5.9(c) shows that the SoH under case 2 de-
creases when the demand exceeds the generation and vice versa as depicted
in Fig. 5.9(d). The PV total energy generation shown in Fig. 5.9(b) shows
that during April to September, there is an excess PV energy when the SoH
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Figure 5.10: Case 1: a) Impact of electrolyzer capacity factor on CoH, b)
Impact of HS size on CoH, c) Impact of BESS size on CoH, d) Impact of
PV size on CoH, e) Impact of PV size on PV power curtailments

level of HS under case 4 increases as shown in Fig. 5.9(d). In October and
July, the amount of hydrogen produced by the electrolyzer is just able to
satisfy the hydrogen demand for those months. As a result, the proposed
EMS model works to store the hydrogen during the months of April to June
and August to September, in order to supply the hydrogen demand between
November and March. Therefore, the SoH of the HS follows both the in-
traseasonal and seasonal trends as depicted in Figs. 5.9(c), Fig. 5.4(d)
and Fig. 5.7(a) to minimize intraseasonal and seasonal CoH. Based on the
above analysis, the total CoH for the entire simulated year is calculated as
9.41$/kg and 6.27$/kg for cases 2 and 4, respectively.
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5.3.5 Impact of Electrolyzer, HS, and PV Capacities on
Optimal Scheduling

The proposed EMS has several of important parameters that can change
the results of the optimization process, which presents a real-world chal-
lenge. In order to illustrate the effects of the important parameters in the
optimization process, further analysis is conducted to study the impact of
electrolyzer size, HS size, and share of PV generation on the CoH and energy
conversion efficiency. Given that the use of Z-score of historical electricity
prices forced the electrolyzer to run at maximum rating during low elec-
tricity prices resulting in a minimum conversion efficiency. The following
analysis is only conducted for cases 1 and 3 at which the value Z-score is set
to 1. The corresponding CoH and conversion efficiency under the two cases
are shown in Fig. 5.10.

Fig. 5.10(a) shows the impact of different electrolyzer capacity factors
on the CoH and conversion efficiency for case 1. The electrolyzer size is con-
sidered to vary to give a capacity factor range of 40% to 70%. With capacity
factor decreasing from 70% to 50%, the electrolyzer is able to run at a low
production rate with a high conversion efficiency and still meet hydrogen
demand, as a result the CoH decreases. However, when the capacity factor
goes below 50%, the CoH starts to increase gradually due to the over-sizing
of the electrolyzer system.

Several HS sizes are considered to show their impact on CoH and conver-
sion efficiency, which is shown in Fig. 5.10(b). The figure shows that with
an increase in the size of HS from 50 kg to 500 kg, a considerable decrease
in the CoH is observed. Further increase in the HS size has a slight impact
on the CoH.

It is of an interest to show the variation of CoH and electrolyzer conver-
sion efficiency as functions of the PV energy share. Fig. 5.10(c) shows the
CoH and system conversion efficiency under several PV capacities to pro-
vide a PV energy share between 40% and 110% under case 3. As depicted,
when PV energy share increases, the CoH decreases. However, once PV
share goes up 70%, the CoH starts to be steady at around 5 $/kg due to the
oversized of PV system and the low system conversion efficiency as shown in
Fig. 5.10(c). It is also worth noting that the conversion efficiency follows the
same behavior as the CoH, which decreases as the PV share increases. This
decline is a result of running the electrolzyer at high production rates to
utilize as much PV energy as possible. Therefore, an economical hydrogen
production can be achieved at a PV energy share of around 70%.

73



5.4. Summary

5.4 Summary

In this chapter, an optimal scheduling EMS model of hydrogen production
systems has been proposed. The proposed model aims to minimize the CoH
while considering the intraseasonal and seasonal hydrogen energy storage
for both renewable and non-renewable grid-connected hydrogen facilities.
The historical information of electricity prices is considered to motivate the
the charging and discharging of hydrogen storage. The optimization is per-
formed under four case studies using real solar irradiation, electricity price,
and hydrogen and electrical demand profile data as input. Case studies re-
vealed that the proposed model is able to achieve both intraseasonal and
seasonal hydrogen energy storage. Furthermore, the results show that the
PV based system configuration can lead to a reduction of 3.5$/kg compared
to grid-based system configuration. The results also show the effects of
different electrolyzer’s capacity factor, HS size, and PV share on the opti-
mal operation of the hydrogen production system using the proposed EMS
model.
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Chapter 6

Conclusions and Future
Works

6.1 Conclusions

Hydrogen is produced through the integration of an electrolyzer system
with renewable energy sources. The integration of electrolyzer and renew-
able energy resources presents significant operational and economic chal-
lenges for maintaining system balance and producing hydrogen at a cost-
effective level due to the intermittency and variability of renewable energy
resources as well as the nonlinearities associated with electrolyzer models.
In this thesis, the modeling problem of the PEM electrolyzer is solved by
proposing two distinct approaches to estimate the model parameters ac-
curately through the use of an optimization-based and an analytical-based
approaches. The accurate PEM electrolyzer is then used to propose two
optimization-based energy management schemes that will enable the sea-
sonal storage of hydrogen energy and ensure a low-cost hydrogen production
process by taking into account the nonlinearity of the efficiency curve of the
electrolyzer.

In Chapter 2, the problem of parameter estimation of a detailed electro-
chemical PEM electrolyzer model is studied, considering seven parameters as
well as their technical constraints. The parameter estimation is formulated
an optimization problem that is based on a least-squares objective function.
By using different operating conditions of temperature and pressure levels,
the model parameters can be estimated with high accuracy within a short
computation time.

In Chapter 3, the problem of parameter estimation of the PEM elec-
trolyzer is addressed where analytical-based approach is used. The ma-
jority of existing parameter estimation approaches use a simplified PEM
electrolyzer model and ignore some important parameters. Consequently,
these approaches may not produce a fully accurate model and are therefore
not feasible in practice. As a result, a novel analytical approach based on
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the LSE is proposed to estimate the PEM electrolyzer modeling parameters
and to estimate its electrochemical behavior under different operating con-
ditions. Specifically, five unknown modeling parameters are estimated in a
non-iterative manner to model the PEM electrolyzer, including the change
in Gibbs free energy, charge transfer coefficient, exchange current density,
series resistance, and limiting current density. Furthermore, the parameters
were observed to depend on the different levels of temperature and pres-
sure. The accuracy of the model has been tested at various temperatures,
pressures, and hydrogen production rates. Sensitivity analysis confirms the
validity of the proposed approach for different dataset sizes. The superiority
of the proposed approach is demonstrated by comparison to other methods
of electrolyzer parameters estimation.

In Chapter 4, the EMS problem that uses PV system and BESS to pro-
duce hydrogen economically using water electrolysis is studied. Compared
with the existing literature, the proposed EMS incorporates the electrolyzer
efficiency variations under various operating conditions. Particularly, the
proposed model aims to minimize CoH production by maximizing hydrogen
production efficiency, as well as to optimize the benefits of PV energy by
minimizing its energy curtailment. Simulation results indicate significant
correlations between hydrogen production rate, electrolyzer conversion effi-
ciency, and COH production. To demonstrate the economic feasibility and
benefits of the proposed model, a comparison of the dispatch of the pro-
posed model with a conventional model has been made. As a result of the
proposed economic dispatch model being implemented, the CoH production
decreased by 16.5%.

In Chapter 5, the design and implementation of an optimal scheduling
EMS model of hydrogen production systems has been studied. An EMS
model that aims to minimize the CoH while considering the intraseasonal
and seasonal hydrogen energy storage is proposed for both renewable and
non-renewable grid-connected hydrogen facilities. The charging and dis-
charging of hydrogen storage is motivated by historical information of elec-
tricity prices. Using real-world data of solar irradiation, electricity prices as
well as hydrogen and electrical demand profiles, the optimization is carried
out using four case studies. Several case studies have demonstrated that the
proposed model is capable of storing hydrogen energy both intraseasonally
and seasonally. Additionally, the PV-based system configuration has the
potential to lower system costs by an average of 3.5$/kg when compared to
grid-based system configurations. Based on the proposed hydrogen produc-
tion system EMS model, it is also shown that the capacity factor, size, and
PV share of the electrolyzers affect the optimal operation of the system.
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6.2 Future Works

Future studies focus on the development a model-based controller using the
proposed parameter estimation approach to control hydrogen production,
maximize system efficiency, and detect system faults, which may lead to
more detailed investigation into the integration of electrolyzer system in
order to optimize system reliability and stability.

Further work will aim to design an EMS for economical hydrogen pro-
duction with short time intervals and considering dynamic system models
along with more system constraints in order to study the impact of hydrogen
production dynamics and transients on the power system and use that to
provide grid ancillary services. Furthermore, the sizing problem of renew-
able hydrogen production system that aims to maximize energy conversion
efficiency will be considered for future work.
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[58] A. Miró, C. Pozo, G. Guillen-Gosalbez, J. A. Egea, and L. Jiménez Es-
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