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ABSTRACT

A key technology for integrating fluctuating renewable energy into the process industry is the
production of green hydrogen through water electrolysis plants. Scaling up electrolysis plant ca-
pacity remains a significant challenge for the renewable energy transition. System simulation of
large-scale electrolysis plants can support process design, monitoring, optimization, and mainte-
nance scheduling. Hybrid modeling methods are promising for improving simulation reliability by
combining process knowledge with process data, addressing gaps in understanding of the under-
lying processes. These hybrid, semi-parametric models have shown improved accuracy than
purely mechanistic models. This study develops a hybrid, semi-parametric model for an anion ex-
change membrane electrolysis (AEMEL) stack unit. Parameters such as heat loss and heat transfer,
which cannot be directly measured, are estimated using real process data. Sensors provide data
on lye tank temperature, outlet temperature, and flow rate, enabling estimation of heat transfer
coefficients and losses. The hybrid model is validated against operational data from different load
settings of the AEMEL stack unit. To test its scalability, a large-scale electrolysis plant configura-
tion is simulated, comprising multiple AEMEL stack units, a water supply module. Performance
accuracy and efficiency of the hybrid model are compared with the mechanistic model. This hybrid
model lays the foundation for future use in efficient system simulations with surrogate models,
potentially enhancing large-scale electrolysis plant performance and renewable energy integra-
tion.
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INTRODUCTION & BACKGROUND

A crucial technology for integrating variable renew-
able energy into the process industry is the production of
green hydrogen through water electrolysis. Scaling-up
electrolysis plant capacity remains a significant challenge
in facilitating a successful transition to renewable energy.
One potential pathway to successfully scale-up the hy-
drogen production is the numbering-up of electrolyzer
systems using modular plant concepts, according to VDI
2776 [1]. This approach allows for the combination of dif-
ferent electrolysis technologies and electrolyzer scales
within one process plant a so-called modular, heteroge-
neous electrolysis to achieve higher flexibility of start-up,
https://doi.org/10.69997/sct.129325

shut-down and operation [2].

With this, the system simulation of these large-scale
electrolysis plants can be utilized for process design but
also for process monitoring and optimization, and
maintenance scheduling [3]. Since the underlying pro-
cesses for the simulation models are often not com-
pletely understood, hybrid modeling methods are a
promising approach to combine process knowledge with
process data for more reliable and precise simulation
models [4]. These hybrid, semi-parametric models
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Figure 1. Taxonomy of hybrid, semi-parametric models.

achieved better accuracy and prediction quality than
knowledge-driven mechanistic models.

In this work a hybrid, semi-parametric model for an
anion exchange membrane electrolysis (AEMEL) stack
unitis developed. The basis of this model is a mechanistic
model of the AEMEL stack unit [5]. To evaluate the ap-
plicability of the hybrid, semi-parametric AEMEL model
within a large-scale system simulation context, an elec-
trolysis plant configuration is designed including multiple
AEMEL stack modules, a water supply module and post-
processing steps for the produced hydrogen. This plant
configuration is then simulated using both the hybrid,
semi-parametric and mechanistic AEMEL models to com-
pare performance accuracy and simulation efficiency of
both model types. In future work, this hybrid, semi-para-
metric model could be the basis for creating more effi-
cient system simulations utilizing surrogate models.

METHODOLOGY

Modeling for flexible, heterogenous water
electrolysis plants

Simulation models of entire process chains can be
used to evaluate plant structures and provide virtual test-
ing capabilities of developed automation and control
concepts [6,7]. With the scale-up of water electrolysis
plants following modular standards [2], the modeling ap-
proach must also follow this approach [3,8].

In the research project eModule this modular, flexi-
ble modeling approach is followed to investigate the ap-
plicability and operability of these modular heterogenous
water electrolysis plants. The project aims to develop
open-source model repositories. Dynamic stack unit
models were designed for low-temperature electrolysis
technologies, namely alkaline electrolysis (AEL), proton
exchange membrane electrolysis (PEMEL), as well as an-
ion exchange membrane electrolysis (AEMEL) [5]. Fur-
ther dynamic models for the balance of plant (BoP) com-
ponents like e.g., lye circulation and water supply were
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designed [3,8]. Additionally, a dynamic partial model for
solid-oxide high-temperature electrolysis (SOEL/HTEL)
was developed as a black-box model [9]. Details on the
developed models can be found in [5] and the linked
Github repository in the supplementary material.

To ensure accurate estimation and system simula-
tion, process data is used to refine and validate the sim-
ulation models resulting in more accurate hybrid, semi-
parametric simulation models as compared to the cur-
rently existing mechanistic models.

Hybrid, semi-parametric modeling

Mechanistic models form a broad and transparent
class, typically based on fundamental principles such as
conservation laws [4]. In contrast, data-driven models
rely solely on process data, offering a less transparent
modeling approach [10].

Hybrid semi-parametric models, also known as
gray-box models, integrate parametric and non-para-
metric sub-models derived from different knowledge
sources. These models offer several advantages over
traditional mechanistic or purely data-driven approaches
[11]. An overview of hybrid semi-parametric simulation
models is presented in Figure 1. Key benefits include a
broader knowledge base, greater transparency in model-
ing, and cost-effective development [10]. In complex
process simulations, hybrid approaches provide more ac-
curate and robust estimations [11,12]. Gray-box models
leverage existing process data through machine learning
(ML) or artificial intelligence (Al) algorithms, effectively
bridging gaps in mechanistic modeling [10].

CASE STUDY

The presented case study covers the applicability
and performance evaluation of gray-box models e.g., hy-
brid, semi-parametric simulations models, within system
simulations of large-scale, modular water electrolysis
plants.
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Anion Exchange Membrane Electrolysis

The Anion Exchange Membrane Electrolysis
(AEMEL) is a low-temperature technology that combines
advantages of PEMEL and AEL: operational flexibility
(PEMEL) and low investment and operational costs (AEL)
[13]. Currently, three AEMEL stack units, combined into
one AEMEL module, exist as a demonstrator within the
module pool of the Process-to-Order (P20) Lab Learning
Factory at TU Dresden.

The base level model for the hybrid, semi-paramet-
ric AEMEL stack model is a mechanistic AEMEL stack
model developed in MATLAB/Simulink, modeled accord-
ing to generic modular modeling principles [5]. Dimen-
sionality is neglected for the base model since high com-
putational power is required for 1D — 3D models and does
not align with the goal of modular system design and au-
tomation. Therefore, the model is constructed as a
lumped parameter (0D) model. To develop a lumped sim-
ulation model of the electrolyzer stacks, each cell side—
anode and cathode—is represented as an ideal continu-
ously stirred tank reactor (CSTR), with the separator or
membrane serving as a shared interface.

To ensure a generic stack-unit model, first-princi-
ples models are prioritized, with the option to extend
them using customizable empirical equations [5]. Several
submodels, namely the mass accumulation/transfer,
thermal, fluidic, electrochemical, and electric models, are
each considered. Equations (1) — (6) show the generic
mass accumulation/transfer submodel and the generic
energy accumulation and thermal submodel as they are
the most relevant for the hybrid, semi-parametric model-
ing part in the next section. Further model equations and
assumptions can be found in [5].

The mass accumulation is modeled as dynamic
component mass balances for each component i in each
cell side j, according to (1):

dm{

) . J J . J ;
7t = Min@ini = My @) + Mgy £ Meross,i M

with m/, as the inlet mass flow in each cell side, w;,;

as the inlet mass fraction of each component, m,, out as

the outlet mass flow in each cell side, w/ as the mass
fraction of each component in each cell side, m{;,i as the
reaction rate (cf. equation 2) of each component in each
cell side and my,,ss; as the crossover flow through the
common interface.

The thermal model determines the temperature
within the stack unit, which is crucial for calculating
thermo-physical substance properties and cell voltage.
Cell temperatures are computed using dynamic energy
balances for each cell side, as described in equation (2):
L

=m
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(2)
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with Q,,ss as the heat generated due to current losses in
the reaction, Q,m, as the heat exchanged with the sur-
rounding environment and Q,, as heat exchanged be-
tween the cell sides due to temperature difference.

Qloss =1 AgctUcenn — Upn) (3)

U, is the voltage of the electrolytic cell and Uy, the
thermoneutral voltage of the water electrolysis reaction
described by equation (4) with AH as the reaction en-
thalpy at operating conditions.

== (4)

tn nF

The heat exchange @, with the environment is
calculated for both cell sides according to (5) [14]:

Qamb = KambAamp (Tj — Tamb) (5)

with k., as the heat transfer coefficient from the
stack unit to the environment, A4,,,;, as half the surface
area of the stack, due to the heat loss occurring in both
cell sides, and T,,;, as the assumed constant ambient
temperature. Similarly, the internal heat exchange be-
tween the cell sides is modeled according to (6):

th = kthhx(Tan - Tcat) (6)

with k;, as the heat transfer coefficient between the
cell sides, A, as the heat exchange area inside the stack
unit and T%/<at as the respective temperatures inside the
anode and cathode channel. The coefficients for kqpm,
and ky, can be determined based on the prevailing flow
regime and cell structure, derived empirically for specific
stack units, or assumed constant [15]. In case of this ge-
neric modeling approach, constant values are assumed.

To enhance flexibility and reusability, the model in-
terfaces are designed to be compatible with advanced
mass and energy balance frameworks commonly used in
flowsheeting tools. Additionally, the developed models
are exported as Functional Mock-Up Units (FMUs), allow-
ing for platform-independent model exchange [5].

Hybrid AEM Model

The model parameters for the current mechanistic
AEMEL model are based on literature estimations [16-18]
and do not fully represent the existing lab setup (cf. [5]).
The AEMEL was purchased as a pre-configured stack
unit by Enapter. It offers a limited number of sensors for
process data collection and cannot be retrofitted.

The heat loss within stack, pump, heat exchanger
and piping cannot directly be measured and therefore
must be approximated through non-parametric estima-
tion from process data. In addition to hydrogen output
My, oue, @vailable sensors collect data for the temperature
in the lye storage tank Ty, the outlet temperature of the
stack-unit T, ; and the flow rate into the stack myye oy
Using the available data and the mechanistic stack
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Figure 2. Structure overview of the hybrid, semi-
parametric AEMEL stack unit model.

The hybrid, semi-parametric model was developed
in MATLAB/Simulink as a light gray-box model. The
model structure is shown in Figure 2. Currently, the data
utilized for the non-parametric estimation within the hy-
brid model is synthetic process data. The load setpoint of
the stack unit and the inlet water temperature TH,p 50,in
were identified as the control parameters for the AEMEL.
To emulate the behavior or real process data collected
from the plant, random noise was added to the generated
synthetic data from the simulation. The random noise is
related to the maximum value of each batch run and sim-
ulation output. The Design of Experiments for the data
generation is shown in Table 1.

Table 1: Design of Experiments (DoE) for the control pa-
rameters for synthetic data generation.

Control Load Ty,0,50,in [°C]
Parameter Setpoint [%]
Value 33 66 100 5 25 45

Setup of the System Simulation

The goal of the generic modeling approach for flex-
ible, heterogenous water electrolysis plants is to aid
scale-up design and the optimization of plant operation
to accommodate price-driven hydrogen production uti-
lizing fluctuating, renewable energy [3]. Therefore, the
developed simulation models are tested for their applica-
bility and performance in medium- and large-scale sys-
tem simulations. The performance of the hybrid, semi-
parametric model within the system simulation is com-
pared to the performance of the mechanistic model.
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The configuration of the evaluated system simula-
tionis shown in Figure 3. The simulation represents a me-
dium-scale, homogenous electrolysis system which in-
cludes 18 AEMEL Stack Units, one Water Supply Unit and
Distribution and Mixing Units for the material streams. For
the AEMEL, three stack units are aggregated into one
module unit, which reflects the laboratory setup for the
M16 module in the P20 Lab Learning Factory. The nomi-
nal system size is 43.2 kW.

Figure 3. Modular plant layout for the presented system
simulation with AEMEL.

The system simulation is set up in MATLAB/Simulink
as a co-simulation environment shown in Figure 3. To
evaluate the applicability of the hybrid, semi-parametric
AEMEL model, a load input scenario into the system cov-
ering one day of solar power production was selected.
The simulation scenario represents the load input for one
day of solar power into the electrolysis plant with the in-
put in 5-minute time-steps. The specifications for the
simulation scenario can be found in [19]. The simulated
system follows the requested load changes of the solar
power input profile to emulate real price-driven plant op-
eration.

Performance Evaluation & Discussion

The performance of the hybrid, semi-parametric
AEMEL stack unit model was compared to the previously
developed mechanistic AEMEL stack unit model within a
system simulation. A comparison of the simulation results
for the solar power scenario is shown in Figure 4.

The results show that both the mechanistic and the
gray-box system simulation are able to follow the flexible
solar power profile with the hydrogen production rate
My, 0 plane- AS Shown in Figure 4 (right), the behavior of
the hybrid model differs significantly in the temperature
profile. The non-parametrically estimated value for kg,
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Figure 4. Comparison of simulation results for the system simulation: overall hydrogen production rate (left) and
stack outlet temperature (right).

is lower than the originally defined value within the mech-
anistic model. Therefore, the overall heat loss from the
system to the environment was overestimated and model
reaches a higher temperature in the stack.

Due to the utilization of the synthetic process data
for model development, the behavior of the hybrid, semi-
parametric AEMEL model resembles the very detailed
mechanistic model closely. This problem be amended
once real process data can be collected from the demon-
strator plant. One approach to leveraging this would be
the utilization of more complex physics-informed neural
networks (PINNs) [20].

Conceptually, gray-box models, not just hybrid,
semi-parametric models, can be utilized in different real-
time plant operation scenarios. Especially, in flexible,
modular electrolysis plants, which are designed to follow
fluctuating power input profiles [7,21], hybrid model
structures that utilize online process data allow faster
adaption to partial load production and more accurate
forecasting of ramp-up and ramp-down cycles.

CONCLUSION AND OUTLOOK

The presented case study verified the applicability
of hybrid models within system simulation of modular wa-
ter electrolysis systems. Currently, the significance and
impact value of the developed hybrid, semi-parametric
AEMEL model is limited as the model was developed us-
ing only synthetic process data. This represents the first
step in the refinement of the generic simulation models
for the modular water electrolysis concept. This paper
builds the foundation for the concept development of a
hybrid, semi-parametric simulation model pool as an ad-
dition to the already existing model pool.

A next step in the system simulation for electrolysis
scale-up could be the development of faster and less
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computationally intensive surrogate models from the
more accurate hybrid, semi-parametric simulation mod-
els. The surrogate models can further be utilized to setup
more sophisticated Digital Twins to be used for real-time
monitoring and optimization during plant operation.

DIGITAL SUPPLEMENTARY MATERIAL

The P20-Lab Learning Factory provides a Github
group repository which contains the individual model re-
positories of the developed simulation models for the ge-
neric modular electrolysis plant. It is currently only avail-
able upon individual request at
https://github.com/orgs/p20-lab/teams/ap2_external/re-
positories. The repository includes the mechanistic and
hybrid AEMEL stack unit models which are evaluated in
this paper. It also provides the models for the balance of
plant components and the other electrolysis technolo-
gies. The repositories will be openly accessible starting
from October 2025.
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