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ARTICLE INFO ABSTRACT

Keywords: Power-to-gas-to-X systems consisting of photovoltaic cells, proton-exchange membrane electrolysis, hydrogen
Power-to-gas-to-X storage based on metal hydrides, proton-exchange membrane fuel cells and buffer batteries could be used to
HESS . meet heat and electricity demands of homes, businesses, or small districts. The actual size of the individual
pM]:;:l hydride storage components and their interplay have to be optimized for the technical and economic feasibility of the overall

system. A simulation-based optimization workflow would be a suitable way to accomplish this task, but
there are hardly any tools that can simultaneously simulate power, fluid and heat flows of such systems
and efficiently perform their optimization. In this paper, a multiphysical energy system simulation and
optimization tool is introduced which models electrochemical and thermodynamic processes simultaneously,
including modern equations of state and an own numerical solver for the arising differential-algebraic system
of equations, and provides new methods for the calibration of parameters of the metal hydride storage, proton-
exchange membrane electrolyzer and fuel cell as well as a metamodel-based approach for sizing optimization.
As a demonstrator for the novel tool, a simulation model of a hydrogen lab is successfully set up based on
experimental results. The novel tool is able to extract polarization and jump curves of the fuel cell, determine a
first temperature and pressure dependency of the efficiency of the electrolysis coupled with the metal hydride
storage and speed up sizing optimization through metamodeling by a factor 262.1 at 4.9% and 32.7 at 3.3%
accuracy.

Parameter calibration
Energy network simulation
DAE solver

1. Introduction other study [5] reviews literature on HESS systems to provide insight

into future directions and applications.

Power-to-Gas-to-X (PtGtX) systems are intensely discussed for a
broad range of applications. For instance, [1] performs a technical
review and [2] a techno-economic discussion including social and
political aspects. In particular, systems consisting of photovoltaic (PV)
cells, proton-exchange membrane (PEM) electrolysis, hydrogen storage
based on metal hydrides, PEM fuel cells and buffer batteries (hybrid
energy storage systems, HESS) are considered. These could be used
to meet heat and electricity demands of homes, businesses, or small
districts. However, the actual size of the individual components and
their interplay are crucial for the technical and economic feasibility
for the respective application [3]. Specifically, the system-internal heat
exchange must be optimized. Systems partially consisting of the compo-
nents mentioned above are analyzed in the literature. For instance, [4]
discusses a mobile application, based on an experimental setup. An-
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An essential tool to analyze and optimize such systems efficiently is
an appropriate simulation model. Several simulators are already avail-
able for solving energy systems consisting of heat and power plants,
renewable energy systems, electrical power, gas and district heating
networks, as well as large and small energy consumers. Currently, there
are hardly any software tools available that can simulate and efficiently
optimize power, fluid and heat flows of such systems simultaneously.

Such a system can principally be simulated with plain MatLAB as
has been indicated in [6]. However, their model for the area of the
Aegean Sea uses simplified equations for alkaline electrolyzers, does
not describe fuel cells, and heat recovery is not considered.

MartraB Simscape with its Specialized Power Systems library contains
a generic battery model, a PEM electrolyzer, and a PEM fuel cell
stack [7]. However, simulation runs are slow, according to [8] for
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Nomenclature

Acronyms

CDL Charge Double Layer

DAE(s) Differential-Algebraic Equations (System)

DoE Design of Experiments

EL Electrolyzer

EOS Equation of State

FC Fuel Cell

GERG European Gas Research Group

GSSEM Generalized Steady-State Electrochemical
Model

HESS Hybrid Energy Storage System

HG Hydrogen Generator (= Electrolyzer)

IAPWS International Association for the Properties
of Water and Steam

iSOC Initial State of Charge

LHS Latin Hypercube Samples

MAD Median Absolute Deviation

MEgy Multiphysical Energy System Simulator

MHS Metal Hydride Storage

MMAD Mean of Median Absolute Deviations

MOO Multi-Objective Optimization

MYNTS Multiphysical Network Simulator

NEL New Energy Lab

NSGA Non-dominated Sorting Genetic Algorithm

PEM Proton-Exchange Membrane

PtGtX Power-to-Gas-to-X

PV Photovoltaic

RBF Radial Basis Function

ROW Rosenbrock-Wanner Method

SOC State of Charge

Symbols

A Area of Respective Device (m?)

C Concentration (mol)

Cepr Capacity of Charge Double Layer (F)

C, Total Heat Capacity (J/K)

c, Specific Heat Capacity (J/(kgK))

cLuv Lower Heating Value (W h/m?)

D Diameter of Pipe (mm)

Dy, Factor for Max. Achievable Stack Voltage

e Specific Energy (J/kg)

f Partial Derivates

H, Total Heat Transfer Coefficient (W/K)

h Specific Enthalpy (J/kg)

I Current (A)

I, Cell Exchange Current Density (A/m?)

I Limiting Current (A)

Tyck Current Through Stack (A)

Lioua Load Current (A)

J Jacobian

energy system models of comparable complexity, and neither the nu-
merical solver (see [9]) nor the event management (see [10]) can
be controlled and reworked in all relevant aspects in order to im-
prove numerical stability, performance and modeling of the energy
management.

Ky Auxiliary parameter for optimization
L Length of Pipe (mm)

M Molar Mass (g/mol)

m Mass (g)

Heells Number of Cells

m Mass Flow (g/s)

P Power (W)

p Pressure (bar)

g Measured Hydrogen Flow Rate (m3/h)
R, Electrical Resistance ()

R; Internal Resistance ()

T Temperature (K)

U, Activation Voltage (V)

Ucone Concentration Voltage (V)

Upernst Nernst Voltage (V)

U,y pmic Ohmic Voltage (V)

U, Reversible Cell Voltage (V)
Usack Stack Voltage (V)

v Velocity

X; Iteration Vector

Vi Experimental Results

z Compressibility Factor

Greek symbols

a Charge Transfer Coefficient
n Efficiency

A Friction coefficient of Pipe
p Density

c Parameter of RBF multiquadric kernel
@ Angle of Slope

13 Molar Fraction

Subscripts

H, Hydrogen

0, Oxygen

avg Average

e Edge

est Estimated

f From

ref Reference

t To

Physics constants

F Faraday Constant (96 485.3415 C/mol)
g Standard Gravity (9.806 65 m/s?)
R Universal Gas Constant (8.314462J /(K mol))

The Modelica-based TransiEnt library [11] for integrated energy
systems (electricity, gas, heat) uses a similar mathematical model.
However, simplified models are used for gas transport, electrolyzers
and their thermodynamics. Although heat and power plant models are
available, systems based on fuel cells and hydrogen storage seem to
be missing. The focus is more on a dynamic system model that is
suitable for the analysis of dynamic interactions of subsystems and the
development of necessary resilience strategies.

pandapipes [12] is a network calculation program designed to au-
tomate the analysis of district heating and gas systems. pandapipes
and the power systems calculation program pandapower can be used
in combination to analyze multi-energy networks. An environment
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capable of coupling both tools is pandapowerpro. pandapipes is based
on isothermal Euler equations and only basic thermodynamic models
of compressors. So far, electrolyzers, hydrogen storage, and fuel cells
are missing. pandapipes is aimed at static analysis of balanced fluid
systems. This allows analysis of static or quasi-static analyses of pres-
sure and velocity distributions in fluid networks using incompressible
or compressible media. Gas composition is assumed to be fixed. Alter-
natively, static or quasi-static analyses of temperature distributions in
fluid networks can be conducted. Currently, this type of analysis is only
possible for incompressible media.

For simulation and analysis of large energy networks, a software
called MYNTS (MultiphYsical NeTwork Simulator, e.g. [13]) is devel-
oped. For gas transport networks, it solves transient non-isothermal
Euler equations with advanced models for compressor thermodynamics
and mixing of currently 21 gas components. MYNTS uses a semi-
coupled approach; isothermal Euler equations (Egs. (2), (3) below) are
iterated with equations for enthalpy (Eq. (4) below, reformulated in
terms of specific enthalpy) and gas composition. The equation of state
(EOS) enters there. The modern standard GERG-2008 [14] for gases
is used. However, a library for liquids such as IAPWS for water [15]
is not included. For liquids, incompressibility is assumed in MYNTS.
The respective system of equations is described in [16] for the case
of water-based cooling (or heating) circuits including heat exchangers
and, with the focus on its numerical solution, in [17]. In [13] an
extensive literature review of simulators similar to MYNTS is carried
out, showing that MYNTS contains all relevant modern features for gas
transport simulation. MYNTS employs characteristic maps or profiles
for elements such as compressors, electrolyzer plants, and fuel cell
plants. However, for the level of detail considered here, such elements
have to be modeled in more detail. An energy management suitable for
a HESS such as the multi-stage energy management control introduced
in [18] is not included so far.

For the level of detail considered here, each decisive component
of the system has to be described by a set of differential(-algebraic)
equations (DAEs). In [4] metal hydride storages (MHS) are analyzed
and optimized based on experiments. Another study [6] describes a
numerical model of an MHS. In [19] a more detailed model is analyzed
experimentally and numerically. Pressurized gas tanks are discussed
in [20]. Modeling and parameter identification of electrolyzers is re-
viewed and extended in [21]. A typical steady-state electrochemical
model for fuel cells is described in [22] and further discussed in [23].
Another study [24] introduces a generalized steady-state electrochem-
ical model. Similar dynamic models, adding the charge double-layer
(CDL) effect, are described in [25,26]. In [23] several methods for
calibrating parameters of a fuel cell (called regression there) are briefly
reviewed. They are based on genetic algorithms, artificial neural net-
works, artificial bee colony, harmony search, whale optimization, and
some hybrid formulations. However, they do not employ the known
model equations. In addition, a mathematical analysis of the opti-
mization problem itself, redundancies and possible reductions are not
carried out.

In [27] it is shown that a set of partial differential-algebraic
equations arises for the models discussed here. After its typical semi-
discretization, a system of differential-algebraic equations (DAEs) re-
mains to be solved. Rosenbrock-Wanner (ROW) methods have shown
very good performance in benchmarks concerning DAE problems aris-
ing in energy network simulation [17]. In addition, Rodas5P is well
suited for semi-discretized partial differential equations, and is one of
the most efficient solvers in the family of ROW methods [28].

For optimal sizing of the components and development of an opti-
mal control strategy for its operation, simulation-based optimization is
standard in computer-assisted engineering. However, for the optimiza-
tion of more than one criterion (multi-objective optimization, MOO), a
standard workflow does not exist. Examples of different approaches for
MOQO are presented in [29] (genetic NSGA-II algorithm) for a reciprocal
engine, in [30] (NSGA-II based on a cascade-forward neural network
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with the Levenberg-Marquardt training method) for a solar thermal
power plant, and in [31] (multi-objective mixed integer nonlinear
programming coupling maximum rectangle method and particle swarm
optimization) for capacity programming and operation optimization of
a hydrogen-storage system for energy communities.

Such approaches typically require large series of simulation runs.
Hence, they suffer considerably if the average run-time for a simulation
run is high. The standard approach to overcome this limitation is
metamodeling based on a thin experimental design. A metamodel is a
“model of a model”, meaning that it ideally reproduces the same out-
puts for the same inputs as the original model, while being significantly
faster to compute. It is constructed based on a data set of samples of
the original model by means of a mathematical approximation process.
Metamodels are then able to approximate outputs for inputs, which are
not included in their constructing data set. The work [32] describes
metamodel-based simulation optimization and reviews typical methods
from machine learning. They involve the setup of appropriate thin
experimental designs for such parameters of the simulation model
which shall be optimized. Based on the respective samples of simulation
results, a mathematical approximation is constructed. Several methods
for the design-of-experiments as well as the approximation method are
commonly used. Typical suggestions involve Gaussian kernels. That
this can be suboptimal is shown in [33], particularly for applications
considered here. Alternatives are analyzed regarding approximation
quality and computation time.

In this paper, the multiphysical energy system simulation, analy-
sis and optimization tool MEgy is introduced. MEgy models electro-
chemical and thermodynamic processes describing currents, voltages,
pressures, mass and enthalpy flows inside and in-between the decisive
components. The models of the specialized Power Systems library of
MatLaB Simscape form a basis of the work described here. However,
they are extended and coded in plain Marias in order to drastically
speed up simulation runs and enable control on the numerical solver
and the event management. In particular, Rodas5P, an own numerical
solver for the arising differential-algebraic system of equations, is
efficiently integrated.

The gas transport part of MEgy and MYNTS are based on the
same set of equations. Besides GERG-2008 [14], IAPWS [15] is used
additionally. MEgy resolves elements such as compressors, electrolyzer
plants, and fuel cell plants in more detail compared to MYNTS.

Innovations with regard to the modeling include identification or
calibration processes for parameters of two decisive subsystems, namely
the hydrogen generation consisting of PEM electrolyzer plus metal
hydride storage (MHS) and the PEM fuel cell, and an extended degra-
dation model for PEM fuel cells. The novel parameter calibration
process described below comprises selected experimental studies of the
dynamic behavior and transient response, based on modified setups
of [26], as well as a multistage optimization process of the model
parameters. A multidimensional Newton method is used for solving
respective optimization problems. The Newton method as such is not
new, but its efficient application to the case considered here.

In order to facilitate the efficient solution of optimization tasks, a
metamodeling approach is introduced, tailored to the problems consid-
ered here. The performance of the overall approach is demonstrated
based on experimental results obtained in the hydrogen lab at the
Hochschule Bonn-Rhein-Sieg (H-BRS; see affiliation of the authors). It
is shown that the calibrated simulation model can approximate decisive
operational scenarios for the production and consumption of hydrogen
under various load jumps and temperature changes, providing a basis
for the further development of energy management processes.

2. Methods
In this paper a workflow for metamodel-based simulation optimiza-

tion is developed (see Figure Al). In the following, important building
blocks of the workflow are explained: The constitutive equations of
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Fig. 1. Process flow diagram of PtGtX HESS. Arrows show flows: yellow for electrical
power, blue for hydrogen, red for heat.

Electric Load

the mathematical model are summarized in Section 2.1, the main
building blocks of the simulator are summarized in Section 2.2, the
experimental setups and parameter calibration steps are explained in
Section 2.3, with more details on the simulation scenario in Section 3,
the metamodeling-based optimization is introduced and analyzed in
Section 2.4. Note that actual optimizers for tasks such as optimal sizing
of components are out of scope of this paper.

2.1. Mathematical model

A PtGtX system consists of several components that form a network
(see Fig. 1). Each component is described by means of a mathematical
model consisting of one or more equations describing a pure electrical
subnet, an electrochemical system, or a fluid transport subnet including
its thermodynamics. The components are connected using Kirchhoff’s
junction and loop rules.

2.1.1. Underlying graph model

In order to provide a general description of such a network, the
components are expressed in terms of nodes and directed edges: Nodes
contain state variables, i.e. a potential, while edges contain process
variables, i.e. a flow. When an edge is connected to two nodes, it is
exposed to the difference in potential between them. The flow between
these nodes, i.e. the flow through the edge, is calculated as a function of
the difference in potential. An edge is defined to have a “geometrically”
positive direction to take into account the direction of flow: if the flow
is in the direction of the edge, then it has a positive sign. Otherwise,
the sign is negative. A node is either set to given potentials and thus
acts as a source or sink for a flow, or it balances the incoming and
outgoing flows of the connected edges. The node’s potentials are then
determined by the network’s system of differential-algebraic equation.
Differential equations are used to model components that are assigned
a storage function, such as a battery or gas tank.

2.1.2. Electrical network model

In an electrical network, nodes have the state variable voltage U.
An electrical component (edge) calculates the current I through it as
a function of the voltage difference across it. In the case of a simple
resistor, the equation is
I,= u 6h)

Rel

where I, is the current, U, and U, are the voltage potentials of the con-
nected nodes and R, is the resistance value. The subscripts f for “from”
and t for “to” denote node variables according to where a connected
edge starts or ends. The subscript e denotes the flow variable of the
edge. Similarly, more complex components can be implemented, such
as diodes, batteries, power supplies, voltage converters, photovoltaics,
etc.
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2.1.3. Fluid transport model and its thermodynamics

In the part of the energy network which describes transport of
fluids (e.g. water, hydrogen, oxygen), nodes have two state variables:
the pressure p and specific enthalpy 4. Each edge has a mass flow
attached. In the following, the governing equations used are outlined.

The Euler equations are a system of nonlinear hyperbolic partial
differential equations. In time ¢ and (one-dimensional) space x for gas
flowing through a pipe, they read [13]

dp 0

E+E(UP)_O 2)
9 ) A o

al(/)v)+ 0x(p+pv )= —ZDpvle pg sin (@) 3)

0 v? 0 v? _
5(p<7+e>>+£<p<7+e>u+pv>—rs (€)]

with p = p(x, 1) being the density, p = p(x,t) the pressure, e = e(x,7) the
specific energy, v = v(x, 1) the velocity of the gas, ¢ the angle of slope,
D the diameter of the pipe, A the friction coefficient, g the gravitational
constant, r, a term modeling heat exchange with the surroundings of
the pipe, and m the mass. Note that the pressure gradient due to friction
along a pipe section of length L is modeled by the Darcy-Weisbach
equation for pipes [34]:

ap=2Zp10lv ®)

Several models exist for computing A, depending on whether the fluid
flow is laminar (Hagen-Poiseuille), turbulent (e.g. Nikuradze) or in
between. For more details, refer to [34]. An additional equation is
necessary in case of compressible fluids:

p=Thraz ®)

with T = T'(x,t) being the temperature, z = z(p, T) the compressibility
factor, M the molar mass of the fluid, and R the universal gas constant.
Eq. (4) can be reformulated in terms of the specific enthalpy 4 = e+ 5.

The velocity can be replaced by means of v = ﬂA with A being the cross

p
section of the pipe (assumed to be constant for each pipe segment).
Eq. (6) is used to replace p. Overall, MEgy solves for p, ri, h. In order
to convert between enthalpy and temperature, a typical approximation
is used:

h=cp~T @

with ¢, = ¢,(p, T) being the specific heat capacity, also computed by the

EOS. A so-called equation-of-state (EOS) for fluids is necessary to obtain

thermodynamic properties of the fluids (in both, the compressible and

incompressible case) including z. More details can be afounda in the
p _ 9p

following section. In case of incompressible fluids, i.e. > =5=0,

the so-called water-hammer equations can be used [17].

2.1.4. Equations of state

In order to compute the thermodynamic properties of the different
fluids hydrogen, oxygen, water (liquid), and water vapor, appropriate
equations of state modeling real fluid behavior are necessary. The
GERG-2008 equation of state [14] has a much more complex descrip-
tion than typical virialtype equations. Here, the compressibility factor
z is modeled based on the Helmholtz free energy, split into parts
for ideal and residual fluid. A large amount of measurement data for
different combinations of fluids is used to fit the considerable number
of coefficients. Details can be found in [14] and ISO 20765-2/3. From
the current pressure p, temperature 7, and gas composition expressed
by means of its vector of mole fractions &, first the molar density p,,,
then the compressibility factor z and the enthalpy s are computed.
Thus, Eq. (6) is an implicit function for pressure p. Since GERG does
not compute appropriate values for water, particularly for the liquid
and the mixed liquid-vapor phase, the IAPWS-95 model [15] is used
instead.
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2.1.5. Metal hydride storage model

For a metal hydride storage tank, a 0D model [19] with conser-
vation equations based on the ones reported in [17] is used. The
change of mass of the solid phase (alloy-hydride phases) is calculated
by applying the mass conservation law, and the mass flow between the
gas and the solid phase is modeled by specific reaction terms based on
the Arrhenius equation with constants for absorption and desorption
reaction rates and the equilibrium pressure, which is often described
by the van’t Hoff equation [35]. For the FeTiMn metal hydride storage
in use the pressure composition isotherm described for a similar tank
and FeTiMn alloy in [36] is utilized. In order to calculate the change of
energy and thus the associated temperature of the solid phase (hydride
and gas phase together), the energy conservation equation is applied.
For more details on the activation and thermal management of multiple
tanks, see [19].

2.1.6. Electrochemical models

Since the parameter calibration process for the fuel cell stack re-
quires partial derivatives of the governing equations, these are dis-
cussed in detail. The electrochemical model of the PEM electrolyzer is
introduced in its rudimentary form, as the electrolyzer in the exper-
imental setup considered in this paper is used for a constant power
in a quasi-static operating mode, with only slow changes due to the
attached MHS. Nevertheless, a detailed model together with an intense
discussion of the parameters involved and an appropriate fitting process
is discussed in [21]. This approach is implemented into MEgy.

Fuel cell model. As for the PEM fuel cell, electrochemical parts of
the model are based on the Nernst equation, Butler-Volmer equation
and typical assumptions for simplifications of the reaction kinetics.
According to [23] for T < (273.15 + 100) K:

Uxtack = Aeejis (UNernsz - Uacf(I) - Uohmic(I) - Uconc(I))

4443 RT
Unernst = 1229 = (T = To5)— 7= + 5= In (py, - pgf)

RT
Uact(I) = ﬁ In (I/Io) (8)

1
Uahmic(l) = Z : Ri

I
Ueone(1) = =BIn(1 = =)
L

with n,,;, being the number of cells in the stack, T,; = 298.15 K, F
the Faraday constant, Uy,,,,, being the thermodynamic potential of the
cell that represents its reversible voltage (Nernst voltage), U,., the Tafel
equation for the activation overvoltage (voltage drop), with I, the cell
exchange current, and « (charge transfer coefficient) being an unknown
parameter of the cell to be retrieved via calibration, U, the ohmic
overvoltage, and U,,,. the concentration overvoltage resulting from the
transportation of the reacting gases, with I; being the limiting current
and B as another unknown parameter of the cell to be retrieved via
calibration. Models for the partial pressures py, of hydrogen and po,
of oxygen can be found in [23] as well. An alternative for the Tafel
equation would be

UsrcssemD) ==& +& - T+& - T-In(Cop)) + &4 - Thn(D)) )

with Cp, being the oxygen concentration at the membrane/gas inter-
face of the cathode

C = Po, 10)
027 5.08¢6 - exp(—498/T)
and ¢,...,& unknown parameters to be retrieved via calibration.

Uuicssem is the so-called generalized steady-state electrochemical
model (GSSEM) for a PEM fuel cell [24].

A dynamic model of the stack adds two equations, one for the charge
double layer (CDL) effect and another one for the thermodynamic
response. A simple equivalent circuit with a capacitor modeling the CDL
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is described e.g. in [26]. In [25] a slightly extended model is presented:

dUact - 1 _ UactI

dt Cepr Waerp + Ueonc)Cenr
with C¢p; modeling the CDL. The change of the temperature of the
cell is modeled by
dT
dr
with C, being the total thermal capacitance, H, the total heat transfer
coefficient, and T,ef the reference temperature.

an

Cr = I(Uacr + Uohm + Uconc) - HI(T - Tref) 12

Degradation model for fuel cells. For PEM fuel cells, an extended degra-
dation model is developed. A typical model [37] is used as a basis. It
considers start/stop, idling, load changes, and high power scenarios.
In the case of targeted operation only in the medium power range,
the fuel cell would age only during the on/off switching processes.
Therefore, the degradation model is extended by an aging at nominal
load. It produces a factor D, for the maximal achievable stack voltage
D Uyacx- Details can be found in [8].

Electrolyzer model. The PEM electrolyzer model depends on the Nernst
equation and Butler-Volmer equations as well:

Usmck = Reells (UNernst + Uact(I) + Uohmic(I) + Uconc(I)) (13)

In contrast to the fuel cell however, the cell voltage increases with
rising current. The electrochemical model of the PEM electrolyzer,
together with a detailed discussion of the parameters involved and
different models for them, is discussed in [21].

2.2. Multiphysical energy system simulator

In order to solve the mathematical model described above, a novel
simulator called MEgy (Multiphysical Energy System Simulator) is
developed. It is implemented in an object-oriented manner in plain
MariaB instead of MaTiaB Simulink Simscape, which provides increased
performance and allows for flexibility and extensibility. To be more
specific, numerical tests for an energy system model of a hydrogen ferry
of comparable complexity to the HESS considered here reveal a speedup
factor of approximately 3 if MarLas is used instead of MaTraB Simulink
Simscape [8]. The event management and the numerical solver can be
improved considerably if MaTLaB is used instead of Simscape as numeri-
cal experiments in [9,10] demonstrate for energy systems consisting of
electrolyzers, fuel cells and batteries on the basis of Simscape models.
The goal is the ability to use many simulation models as building
blocks to create an interconnected system or network. MEgy is designed
to be flexible and extendable by supporting the addition of custom
models, referred to as components. Based on a description of such a
network, MEgy automatically creates the algebraic-differential system
of equations, mass matrix, Jacobian sparsity pattern, etc. that are used
by a numerical solver to simulate the network. For more details on the
structure and operation of MEgy, see Appendix B.

2.2.1. Problem type
All equations can be summarized into a system of differential-
algebraic equations (DAEs) of type

My = f@t,y), ¥ty = yo 14

where y = y() is the state vector of the system to be calculated. In
most cases M is a singular diagonal matrix with entries zero defining
algebraic equations and one defining differential equations. Even if
pipes are considered and modeled via partial differential equations, a
suitable semi-discretization in space leads to a DAE problem of type
(14) [27]. The index of the DAE system (14) is assumed to be one,
thus many standard DAE solvers can be applied. In order to solve the
equations, consistent initial values y, fulfilling the algebraic equations
must be provided.
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Fig. 2. Load profiles and experimental results for analyzing the polarization curve of the fuel cell. The load-dependent regular purging of the stack is clearly visible in (b).

MEgy interacts with the numerical solver through the standard
MartiaB interface by providing it with an internal method. However, the
handling of events has been modified compared to the standard MatLas
solver. This simplifies the restart of the solver after control measures,
which often occur in these simulations. The solver passes the current
state vector y(t) to the method, which is then able to compute the
right-hand side f(z,y) of the DAE system (14).

2.2.2. Numerical solver

In MEgy a MataB implementation of the Rodas5P solver [28] is
applied for problem (14). Rodas5P is a fifth order Rosenbrock-Wanner
(ROW) method for solving index one DAEs. Compared to fully implicit
methods, ROW schemes are easy to implement and avoid the solution
of non-linear equations. However, Jacobian information is included
in their formulation and must be calculated within each time step.
Nevertheless, ROW methods have shown very good performance in
benchmarks concerning DAE problems arising in energy network sim-
ulation [17]. In addition, Rodas5P is well suited for semi-discretized
partial differential equations, and is one of the most efficient solvers in
the family of ROW methods [28].

In order to compute consistent initial values, a Newton iteration
process is applied first to all algebraic equations included in system
(14). Moreover, the handling of events has been modified compared to
standard MartLag solvers. This simplifies the restart of the solver after
control measures. Such control measures very often take place in the
network, e.g. to switch the electrolysis or fuel cell on or off.

2.3. Parameter calibration

In the following, the general experimental setup (Section 2.3.1) as
well as two separate parameter identification or calibration processes
with their setups are described. The parameter identification process for
the electrolyzer cannot be separated from the time- and temperature-
dependent behavior of the absorption process inside the MHS tanks.
Therefore, Section 2.3.2 introduces a setup for their simultaneous
analysis.

The calibration processes for the fuel cell stack comprise selected ex-
perimental studies of the dynamic behavior and transient response (Sec-
tion 2.3.3) as well as a multi-stage optimization process of the model
parameters (Section 2.3.4). First, the parameters of the quasi-stationary
variant of the model of the respective component are optimized in order
to approximate the typical characteristic curves. Afterwards, transient
effects such as over- and undershooting and temperature dependencies
are considered. A multidimensional Newton method is used for solving
respective optimization problems.

2.3.1. General experimental setup

The system used for calibrating the simulation model is a Heliocen-
tris New Energy Lab (NEL) [38] at H-BRS. It consists of a 1200 W PEM
Nexa fuel cell with a Ballard FCgen 1020ACS stack [39], a 560 W PEM
electrolyzer (Heliocentris PEM Hydrogen Generator Rack WM series by

Swissgrid) with a maximum flow rate of 1.2 Nl/min (72 Nl/h), three
metal hydride storage tanks MHS 800 [40], an electronic direct-current
load, buffer batteries, and a power management system. Measurements
have a resolution of 0.5 s for experiments with the fuel cell stack and
1 s for experiments with hydrogen generation.

2.3.2. Experiments for the electrolyzer and metal hydride storage

The goals are to calibrate the reachable maximum power and corre-
sponding efficiency of the subsystem and to approximate the pressure—
temperature curve for use in simulation models of the entire PtGtX
system with its HESS.

The NEL electrolyzer operates at a constant, adjustable maximum
pressure (16 bar). The resulting pressure of the hydrogen in the short
pipe just before the storage tanks depends on both the temperature and
the state of charge (amount of hydrogen absorbed) of the MHS. Since
hydrogen absorption is an exothermic process, it is advantageous to
cool the MHS tanks to slow the pressure rise and fill them in fewer
cycles. This is aided by keeping the back door of the NEL hydrogen
rack open during experiments. The room temperature is between 20.5
and 21.5 °C, and it would take several hours to completely cool the
MHS between filling cycles.

For computing the efficiency #y, of the hydrogen generation, the
lower heating value c; 5y of H, is necessary: c;y, = 3000 Wh/m?3.
Then

NuG = CcLavid/Puc (15)

where ¢ is the measured hydrogen flow rate (converted from Nl/min to
m?/h), and Py the power obtained from multiplying measured current
and voltage per time step. Note that the approximated efficiency of the
PEM electrolyzer using its nominal flow rate and nominal maximum
power is 72N1/h - ¢; gy, / 560 W = 0.3857.

2.3.3. Load profiles for the fuel cell stack

Basic load curves for producing experimental data to calibrate the
polarization curve are shown in Fig. 2(a) and, in more detail, in
Fig. 3. The basic load profile which is repeatedly used for producing
experimental results for the dynamic response to jumps of 10 A each is
shown in Fig. 2(b). Note that load jumps must last long enough for the
voltage to reach a stable level before increasing or decreasing the load
current again, as shown in [26]. Experimental setups described in [38]
with jumps every 20 s do not fulfill this condition. However, for the
system at hand it is sufficient to wait 60 s after a jump, in contrast
to the approx. 500 s used in [26] for a comparable, but older Nexa
fuel cell stack. This drastically reduces the energy consumption of the
experiments.

2.3.4. Multidimensional Newton method

The NEL system cannot operate in the concentration polarization
region where gas transport losses occur. Hence, U,,,. = 0 is used. In
the following, U,,, is used instead of U,., gssgp Since less parameters
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Fig. 3. Load profiles for analyzing the polarization curve of the fuel cell: two typical examples (run 9 (a) and run 10 (b)) after warming up. Experimental results are shown as

well.

have to be calibrated, and these parameters offer direct physical inter-
pretation (see also Section 3.2). The stack voltage model then depends
on I and T as well as the parameters a, I, and R;. Let K := %. It
follows

Usrack = Ustack(I’ T,K, IO’ Ri) (16)

The model shall be calibrated by optimizing values of these parameters.

Let Ugper () = Ugpoer Uin T K, Iy, R;) and {(I},y,)} a set of exper-
imental results where U, (I;) shall approximate y,. The following
minimization task has to be solved

n

2

Fmin = Z (thack(lk) - yk) (17)
k=1

The multidimensional Newton method for that task reads

J(xip = x) == f(x;) 18)

with f being the partial derivates of F,,;, with regard to the parameters,
x; the iteration vector of unknown parameters and J the Jacobian of f.
f is defined by Eq. (19) resp. Eq. (20) below. Two cases are considered.

Case 1 — fixed temperature. In the first case, T is fixed to the average
temperature 7,,, obtained during experiments. With K := avgﬁ the
following parameters have to be optimized: K, I, R;. More precisely,

the following set of conditions is obtained:

. 2 ! 3 ]
SIHCEEU”M,(=IH<I—O> : ‘;(Uuack([k)_yk)'ln<l—o> =0
9 K ) A
Since FTA U, ek = _I_OT In(I) : ; (Ustact i) = v1) - [OT “In(1)=0
. 9 I S !
Since 0_R,.U‘"“"k =7 : Z (Ustaek T) = vi) - 1= 0

k=1

19)

Case 2 — variable temperature. In the second case, T represents the
temperature measured during experiments. Instead of using Eq. (12),
the temperature dependency can here be described by a polynomial
calibrated by means of the experimental results. Hence, the parameters
K, I,, R; remain to be optimized. More precisely, the following set of
conditions is obtained:

n
9 I I
Since - Uyger =T - In <I_0> : g (Ugaer ) = yi) - T - In (I_0> =0
.9 T-K < T-K
Since Uy = = ‘In(I) : (Ustaex ) = i) + -In(I)=0
0 k=1
. ) I . c I
Since 0_R[Uxmrk =71 2 (Ustaex T) = Yk) A 0

k=1

(20)

2.3.5. Estimation of stack current and power correction

In order to apply the obtained polarization curve, the resulting
current [, of the fuel cell stack as a response to the current I, ,,
of the load has to be estimated. For this purpose, the deviation of
Tgep = Istaex—110aq 1S measured for each 10 A-jump experiment. I, con-
tains responses to purging steps, which are removed by applying Mat-
Lap’s filloutliers with the options (’linear’, ’movmedian’,
100), followed by smoothdata with the options (’movmedian’,
100). The window size 100 corresponds here to 50 s. Averaging over
the values per time step of all 10 A-jump experiments forms the I,,, .
estimation. Then I,k o5 = Lioaa + Liep.est-

Note that the CDL is indirectly taken into account here. The ex-
perimental results shown in Fig. 2(b) represent a CDL, but the un-
dershooting for the steps upwards (as well as the overshooting for
steps downwards) is small due to the resolution of the measurement
equipment of the NEL, so that explicit fitting of C.p; is dropped. In
addition, a power correction factor is computed to check the deviations
of the accumulated power consumption for a 10 A-jump experiment and
its estimated curve.

2.4. Metamodel-based simulation optimization

MEgy is used to construct a simulation network composed of the
calibrated fuel cell, electrolyzer, metal hydride storage and battery to
simulate a hybrid energy storage system akin to the hydrogen lab at
H-BRS (see Fig. 1). The goal is to use metamodel-based simulation
optimization in order to find the optimal sizing of the components for a
given scenario. A scenario in this case is defined as the combination of
electrical load and PV production profiles, for a time span of typically
24 h. Metamodel-based optimization is used, because a simulation of
24 h of a scenario takes about 30 s. The sizing is determined by
optimizing over a whole year. Due to a simulation time of 30 s for
a 24 h simulation and thus a simulation time of 3 h for a simulated
year, it is not feasible to use direct simulation optimization. With the
iterative process of optimizers, they converge unacceptably slowly on
a suitable solution, if every step of the optimization takes this long. If
approximately 1000 iteration steps are required to find an acceptable
solution, even with the parallel function evaluations on 8 cores of the
utilized optimizer, it would still require about 15 days of simulation
(see Fig. 4). Instead, a “thin data” approach is used: the HESS is
simulated for 24 h in varying configurations for the component sizing
for representative days by using Design of Experiments. Because the
simulations are not sequential, i.e. not dependent on previous ones,
parallel processing is used to significantly decrease the required time
for all simulations. From the simulation results, the time series of
each component’s power is reduced to the consumed (or stored) or
produced (or released) energy over the simulated time period through
integration. This results in outputs for a specific set of inputs, which
represent discrete points in the multidimensional parameter space. In
order to be able to optimize continuously over these discrete points,
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Fig. 4. Comparison of required time for classical and metamodel-based simulation optimization. Calculations assume parallel processing on 8 cores and a DoE with 256 samples

for each of 9 representative days.

a metamodel is employed, which approximates outputs outside the
original simulation results. The metamodel is used to approximate the
component’s energy balance and SOCs of one day, which is in turn used
as a starting point for the next day. This approach is used to estimate
the behavior of the system for a whole year for the given sizing. It can
then be used to find a Pareto front for the desired optimization criteria
(see Figure Al). The trade-off of such a metamodel is lower accuracy
with drastically increased speed.

Radial basis function. For the metamodel, radial basis functions (RBF)
are used due to their ability to reproduce nonlinear behavior and their
relatively low computational complexity [33]. The multiquadric kernel
function is selected for the RBF, which has a parameter ¢ that is
recommended to be set between 0.1 and 0.5. However, this parameter
can be optimized to tune how well the RBF reproduces the underlying
data structure. For this, the MatLas function fminsearch is used to
minimize the deviation between the metamodel outputs and simulation
outputs that are not included in the constructing dataset.

Design of experiments. With the power or capacity of every component
being an independent input parameter, it results in a multidimensional
input space, which needs to be traversed in a systematic way. Here, the
8 input parameters are the capacity and initial state of charge (iSOC)
of the battery and MHS, the maximum power of the electrolyzer and
fuel cell, and scalars for the load and PV profiles. Design of Experiments
(DoE) is used to create a space-filling sampling plan, which is then used
to vary the power and size of the components and run simulations for a
given scenario. In [33] it is shown that for a lower number of samples
(up to 2000) RBF metamodels created from Sobol samples perform
better than those from Latin hypercube samples (LHS). An additional
advantage of Sobol samples is their extensibility, which is why they are
chosen in this application.

3. Results and discussion

In the following, results obtained with the novel parameter calibra-
tion processes, the overall simulation model for the hydrogen lab and
its metamodel are discussed.

3.1. Parameter calibration for the electrolyzer and metal hydride storage

Measured temperatures, pressures and flow values can be found in
Figs. 5 and 7, showing the typical pressure-temperature correlations
with a clear dependence on the starting temperature of the conducted
experiment. The cool-down phase is between ca. 12:00 and 13:00.
Note that the NEL’s nominal maximum flow rate of 1.2 Nl/min is not
reached. Between 1.10 and 1.15 Nl/min are realistic.

As can be seen from the exemplary two runs of the electrolyzer
shown in Fig. 7, the pressure-temperature dependence exhibits an
expected behavior, cf. [38]: A steep increase, followed by a nonlinear
increase with a moderately increasing derivative for a while, and a
steeper ascend finally. The increase in temperature is substantial and
cannot be neglected for an optimal energy management. It is, however,
strongly dependent on the starting pressure as well as the temperature
of the MHS, the electrolyzer and the surroundings, as can be seen from
Fig. 5. Pressure and temperature are decreasing during the cool-down
phase (the pressure in the pipe will see the decreased pressure in the
tanks after reopening the valves), but the temperature more than the
pressure. Hence, the shift of the pressure-temperature curve is to be
expected. Therefore, simulations need to compute a starting point for
both temperature and pressure if waste heat and/or heat management
shall be considered.

Results for the reachable maximum power and corresponding ef-
ficiency 5y of the NEL electrolyzer are shown in Figs. 6 and 8. The
nominal maximum power of 560 W is hardly reached. The typical range
is between 500 and 530 W with experimental history-dependent centers
at around 500 W and 520 W. The efficiency is around the calculated
nominal value (see Section 2.3.2), but varies substantially.

The range of efficiency values 7y obtained from the experimental
results, see Fig. 8, is around 0.38 and as expected a bit lower than
the nominal value. The value 0.38 is used for the first simulation
model of the HESS at H-BRS. However, Fig. 8 demonstrates a moderate
dependency of 7, from temperatures and pressures of the MHS and
electrolyzer and the surroundings as well. Hence, a limitation of the
current workflow is that a corresponding mathematical model reflect-
ing this dependency could be set up, but is not used yet. By means
of this model, a heat management could be introduced in order to
keep temperature effects and waste heat as small as possible. Such
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Fig. 5. Exemplary experimental results for hydrogen generation and absorption with a cool-down phase (zero flow) in between (one working day).
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Fig. 6. 3D histogram of efficiency #,; vs. power for the relevant part of Fig. 8(b).

a heat management will be necessary for the purposes of optimizing
the general sizing and performance of HESS systems (cf. Section 3.3)
further.

3.2. Parameter calibration for the fuel cell stack

Exemplary results of the experiments conducted are shown in
Fig. 2(a) and, in more detail, in Fig. 3 for the calibration of the
polarization curve. Experimental results showing the dynamic response
to jumps of 10 A each are shown in Fig. 2(b). These data are used for the
multidimensional Newton method described in Section 2.3.4, followed
by the estimation of stack current and power correction, as described
in Section 2.3.5.

As can be seen from Figs. 9(a) and 9(b), both cases for calibrating
the polarization curve result in small errors of around 0.004 for Case
1, with a Tovgs and 0.003 for Case 2, with an approximation of the
temperature curve. Resulting values for K are close, but for I, and R;
not. Such situations have been reported in [23], for instance. From the
mathematical calibration process, this has to be expected — even if
these parameters have a physical meaning, a calibration process might
end in parameter sets representing nonphysical optima. Note that more
than one global optimum can exist for the optimization problem posed
here, and the calibration might end in a (good) local optimum as well.
This is a general problem found in calibration processes for fuel cells
as well as electrolyzers [21].

Table 1
Statistics on correction factors for optimized dynamic behavior of step-up and
step-down load profiles.

Average corr. factor Average deviation

I 1 1

stack lsml‘k,esl stack

0.0023
0.0027

stack.est

1.0131
1.0365

1.0109
1.0365

0.0019
0.0021

Step-up
Step-down

As can be seen from Table 1 and Figs. 10(a) and 10(b), the power
correction gives an improvement and is moderate. For the step-up
part of the 10 A-jump experiments, the accumulated consumed power
needs a correction of 1.31%, for the step-down part a correction
of 3.65% on average. The standard deviation is small. Since overall
power consumption is usually an important criterion, the correction is
suggested.

As an alternative to U,,, the GSSEM model with U, gssgpy can
be tried. Instead of three parameters, the four & values have to be
optimized. As can be expected, the Newton method works, but results
are not better in terms of residuals.

Working in the regime of U,,,. = 0 is beneficial for the calibration
process since the additional parameter B can be left out of the optimiza-
tion process. It could be fit afterwards if respective experimental results
were available which is, however, not possible with the NEL system so
far.

Since the undershooting and overshooting representing the CDL
is small due to the resolution of the experimental data that can be
obtained from the NEL, explicit fitting of C is not performed. If more
accurate data are available, C.p; can be also fit afterwards with all
parameter values obtained so far acting as initial solutions to the
optimization process.

3.3. Simulation model of the hydrogen lab

Fig. 11 shows electrical load and PV production profiles as well as
exemplary results of a simulation run for a first model of the PtGtX
system of the H-BRS hydrogen lab. Parameters of the electrolyzer
(530 W max., 1y = 0.38) and fuel cell (temperature-dependent po-
larization curve with the parameters of Fig. 9(b)) as calibrated above
are implemented. Synthetic, but typical PV and load profiles are used.
They are part of a collection of simulation scenarios representing a full
year for optimizing sizing of components. Here, only time series of the
power of the components as well the state-of-charge of the battery and
MHS tank are shown.
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Fig. 12. Comparison of 250 (a) and 2000 (b) Sobol sample RBF metamodel output slices for fuel cell energy balance.

The design of the control algorithm is crucial for an efficient HESS,
but is beyond the scope of this study and deserves future work. The
rudimentary control algorithm implemented here works by prioritizing
the battery first, MHS second and grid last in order to direct power to or
from, depending on the difference of generated and consumed power.
Due to the sizing and range of each component, in most simulation
cases the battery is smaller than the MHS. In combination with the
prioritization of the battery, this aids the role distribution of short-term
and long-term storage. As can be seen from the power and SOC time
series, even the rudimentary control algorithm used here supports this.

3.4. Metamodel of the hydrogen lab model

In order to create the RBF metamodel, a DoE is used to run simula-
tions for 2000 Sobol samples. While 2000 simulations would take about
16.6 h for an average time of 30 s per simulation, the computation

11

time is drastically reduced to 2.1 h with parallel computing on 8 cores
(AMD Ryzen 7 3700X). Table 2 shows the required time to create a
metamodel, to compute 4% = 65536 output values and the accuracy
of those values for the 8 input parameters. The accuracy is computed
by comparing the metamodel output values against simulation results
of a 48 full factorial DoE, taking the median of the absolute deviation
(M AD.,,,4;.,) of all values for one output, for example the energy bal-
ance of the fuel cell. The M AD,,,;;., of all outputs, i.e. electrolyzer, fuel
cell, battery, MHS and grid is used to compute a mean (M M AD
that indicates the accuracy of the metamodel.

median)

Fig. 12 visualizes the output of the metamodel for the energy
produced by the fuel cell (in 24 h) depending on the value of the input
parameters. The 8-dimensional parameter space is shown in slices of all
combinations of two input parameters each and their influence on the
output. For every slice, the other 6 input parameters are set to 50%
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Table 2

Statistics on computational time for creating RBF metamodels, computing 65536
values and their accuracy for different sample numbers, and optimization of ¢ in RBF
multiquadric with total optimization time, iterations per optimization, time per iteration
for different sample numbers, with initial value of ¢ = 0.05. Computed on an Intel Core
i5-1135G7.

t

optim

Samples  Comp. time for MMAD,.ciian  toptim Miger opt. ¢
Riter
Creation 4% evals

250 3 ms 0.6 s 4.9% 42s 38 11s 0.47

500 11 ms 09 s 4.2% 52s 38 1.3s 0.47
1000 46 ms 15s 3.6% 68 s 36 19s 0.38
1500 115 ms 25s 3.4% 97s 36 2.7 s 0.34
2000 220 ms 4.2's 3.3% 161s 34 4.7 s 0.32

of the interval in which they are varied with the DoE. The outputs
of the 250 and 2000 samples metamodel are similar, but still show
differences, which can be seen especially well for regions of high or
low power.

When creating and using the metamodel consisting of N samples, an
N x N matrix is created for the RBF. This means that the time required
for computations increases by the square. In Table 2 can be seen that
although the time required to create an RBF metamodel follows the
quadratic trend, for the case of up to 2000 samples the time is negligible
(<220 ms). The computation time for 65536 metamodel output value
calculations increases with the number of used samples (42 s for 250
samples, 161 s for 2000 samples), however the quadratic trend is also
quite small on these scales. For the optimization of the parameter o
(multiquadric kernel of RBF), Table 2 shows that depending on the
number of samples a different optimal ¢ is found. The time required for
the optimization increases with the number of samples, while the time
for every iteration of the optimization agrees with the evaluation time.
The metamodels with more samples presumably require less iterations,
because the found optimum is closer to the initial value of .

In Fig. 12 the 250-sample metamodel output slices look “smoothed”
compared to the 2000-sample slices, which is certainly the effect of
using less samples. Considering the results in Table 2, the accuracy
is comparable and sufficient for the intended use case of finding re-
gions of interest with efficient global optimization (EGO methods) and
improving local approximations by running new simulations. To be
more specific, the 250-sample metamodel speeds up evaluation of the
simulation model by a factor of more than 262.1 at 4.9% accuracy,
the 2000-sample one by a factor of more than 32.7 at 3.3% accuracy.
Note that the computing time for constructing the simulation samples is
included and the by far dominant part since optimization of ¢ and the
65 536 model evaluations performed sum up to less than 170 s, 65536
simulation runs on 8 cores to 68 h.

4. Conclusion

The focus of the present paper is on a real HESS system at the H-
BRS using a PEM electrolyzer, PEM fuel cell, metal hydride storage
and buffer battery. Parameter identification is discussed for the com-
bined electrolyzer and MHS subsystem, and for the fuel cell a novel
multistage parameter calibration process based on a multi-dimensional
Newton method is introduced. An analysis of the experimental results
of the electrolyzer reveals strong pressure-temperature dependencies
and also a certain effect on the efficiency of the cell. The temperature
increase of the MHS is significant and cannot be neglected for optimal
energy management. It is highly dependent on the starting pressure
and temperature of the MHS, the electrolyzer and the environment.
Calibrating the fuel cell stack parameters with 10 A-jump experiments,
the step-up part of the accumulated consumed power requires an
average correction of 1.31%, the step-down part 3.65%.

A new multiphysical energy system simulation tool, MEgy, has been
introduced to address the lack of fast, deeply linked multiphysical
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modeling in existing simulators that include electrical and fluid trans-
port, and electrochemical subnets together with their thermodynamics.
MEgy can resolve, in particular, electrolyzer plants and fuel cell plants
in more detail compared to MYNTS and can itself provide characteristic
maps or profiles for a usage in MYNTS and similar simulators. A first,
rudimentary control strategy is implemented which fulfills a main goal
in most simulation cases of HESS systems for the battery to act as short-
term and the MHS as long-term storage. A successful MEgy simulation
model of the PtGtX HESS at H-BRS is established.

In order to find the optimal sizing of the components for given
scenarios, metamodel-based simulation optimization is used. The sim-
ulations required for classical optimization iterations are replaced by
significantly faster evaluations of an RBF metamodel constructed from
simulation results, enabling considerably faster optimization over one
year. Five metamodels are constructed for the PtGtX HESS considered
here: The smallest one speeds up evaluation of the simulation model by
a factor of more than 262.1 at 4.9% accuracy, the largest by a factor
of more than 32.7 at 3.3% accuracy.

The main focus of future work is to improve energy and thermal
management of components in HESS systems. A mathematical model
of the electrolyzer shall be developed to keep temperature effects and
waste heat as small as possible. Such a thermal management shall
then be integrated into optimizing sizing and performance of HESS
systems further. The results of the optimization process for parameters
of the fuel cell show that the model can accurately approximate hydro-
gen consumption scenarios under temperature changes and large load
jumps, paving the way for further energy management development.
In order to increase accuracy further, a model for approximating time
steps and influences of the fuel cell purging shall be implemented
based on related technical specifications in [39]. While the mathemat-
ical optimization process constructs parameter sets which accurately
reproduce measurement data, the actual parameter values cannot be
interpreted physically yet. This is a typical, yet seldom discussed open
issue in literature. A first way to arrive at physically meaningful values
is discussed in [21] for PEM electrolyzers and shall be adapted to fuel
cells in future work.

The metamodel shall be used for sizing and control optimization
of the HESS in future work, as the accuracy is sufficient for purposes
such as performing an efficient global parameter optimization. Local
improvement of the optimization can be performed by setting up local
metamodels and iterating this process if necessary. To be more specific,
the metamodel-based optimization workflow shall form a basis for MHS
storage planning, continuing the work conducted in [41], as well as for
comparing retrofitted combined heat and power plants with fuel cell
plants in [42].

In order to increase performance of simulation even further, MEgy
is currently being implemented in the JuLia programming language in
addition to the Marras version. The recent [43], supervised by the
authors, shows that the first Julia package developed is 3.75 times
faster than the Matlab version for the district heating networks tested
there.
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