energies

Article

A Multi-Agent Approach for the Optimized Operation of
Modular Electrolysis Plants

Vincent Henkel *(0, Lukas Peter Wagner !, Maximilian Kilthau 17, Felix Gehlhoff !

check for
updates

Citation: Henkel, V.; Wagner, L.P;
Kilthau, M.; Gehlhoff, F.; Fay, A. A
Multi-Agent Approach for the
Optimized Operation of Modular
Electrolysis Plants. Energies 2024, 17,
3370. https://doi.org/10.3390/
en17143370

Academic Editor: Luca Gonsalvi

Received: 5 June 2024
Revised: 4 July 2024
Accepted: 5 July 2024
Published: 9 July 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

and Alexander Fay 2

Institute of Automation Technology, Helmut-Schmidt-University, 22043 Hamburg, Germany;
lukas.wagner@hsu-hh.de (L.P.W.); maximilian kilthau@hsu-hh.de (M.K.); felix.gehlhoff@hsu-hh.de (EG.)
Chair of Automation, Ruhr University, 44801 Bochum, Germany; alexander.fay@rub.de
Correspondence: vincent.henkel@hsu-hh.de

Abstract: In response to the energy transition to renewable resources, green hydrogen production
via electrolysis is gaining momentum. Modular electrolysis plants provide a flexible and scalable
solution to meet rising hydrogen demand and adapt to renewable energy fluctuations. However,
optimizing their operation poses challenges, especially when dealing with heterogeneous electrolyzer
modules. In this work, a combination of decentralized Multi-Agent Systems and the Module Type
Package concept is presented that enhances the cost-optimized operation of modular electrolysis
plants. This approach synergizes the individual strengths of Multi-Agent Systems in handling
complex operational dynamics with the efficiency of the Module Type Package for integration and
control capabilities. By integrating these technologies, the approach addresses the heterogeneity
of electrolyzer modules and increases the adaptability, scalability, and operational flexibility of
electrolysis plants. The approach was validated through a case study, demonstrating its effectiveness
in achieving cost-optimized load scheduling, dynamic response to demand—supply fluctuations, and
resilience against electrolyzer module malfunctions. In summary, the presented approach offers a
comprehensive solution for the effective coordination and optimization of modular electrolysis plants.

Keywords: modular electrolysis plants; module type package; multi agent system; scheduling;
hydrogen

1. Introduction and Motivation

One of the major challenges of our time is decarbonization to combat climate change
and ensure a sustainable future. Accelerating the decarbonization process relies signifi-
cantly on hydrogen technologies. Specifically, green hydrogen generated from renewable
energy sources offers a promising solution to support this goal. Hydrogen acts as a high-
density energy source for production facilities and provides solutions for transportation
and storage. Nonetheless, taking advantage of the full potential of green hydrogen produc-
tion via electrolysis exhibits challenges due to the volatility and intermittency of renewable
energy sources. Moreover, the effective scaling of hydrogen production in order to meet
demand and production capacity remains a significant obstacle [1].

In this context, modular electrolysis plants offer an opportunity for enhanced adapt-
ability to volatile renewable electricity generation and rising hydrogen demand [2]. They
enable the desired process to be easily configured by combining individual modules
known as Process Equipment Assemblies (PEAs) [3]. Such a modular structure leads to
an increased flexibility in the design of electrolysis plants, allowing a seamless addition,
removal, or replacement of electrolyzers. However, this increased physical flexibility must
be accompanied by the flexibility of plant automation software [4].

The Module Type Package (MTP) [5] is a well-established modular automation concept
in the process industry, known for its standardized and low-effort integration and control of
PEAs within flexible modular plants [3]. Each PEA is controlled by its own controller, which
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provides a standardized interface in accordance with the MTP guidelines. This facilitates
the coordination of distributed modules within a modular plant by integrating all PEAs into
a higher level control system known as the Process Orchestration Layer (POL) [3]. As out-
lined in [4], the MTP concept proves to be a promising approach for a seamless integration
of electrolysis-PEAs into an electrolysis plant and, therefore, represents a possible solution
for realizing the required scalability and adaptability of hydrogen production capacities.
However, the inherent capacity limitations of electrolysis-PEAs necessitate the assembly
of a considerable number of units for realizing large-scale electrolysis plants [2]. Conse-
quently, optimizing the operation and ensuring effective coordination become challenging
tasks, particularly facing fluctuating operating conditions resulting from renewable energy
sources and the heterogeneity of electrolysis-PEAs, each exhibiting unique operational
characteristics [6].

In prior publications, some of the authors of this work (Scholz et al. [7]) introduced
a decentralized Multi-Agent System (MAS) as an approach to address the complexities
associated with the optimization and control of electrolysis-PEAs. MASs, originating
from distributed artificial intelligence, emerge as key enablers for the implementation
of flexible, adaptive, scalable, and responsive production systems [8]. These attributes
are of significant importance, especially in the context of modular electrolysis plants.
MASs not only ensure adaptability, scalability, and robustness for modular electrolysis
plants, but they also leverage their potential for the seamless integration of modules
into a modular production system, as emphasized in [9]. Furthermore, an analysis of
MAS applications reveals their deployment in control and scheduling tasks [10]. This
underlines the versatility and effectiveness of MASs, making them a valuable technology
for addressing the challenges posed by the coordination and optimization of electrolysis-
PEAs within modular electrolysis plants.

Despite the acknowledged suitability of MASs for modular production [9], the wide-
spread adoption of this paradigm faces obstacles that are primarily due to the manual
creation of the knowledge base of the agents, which is cumbersome, error-prone, and
non-standardized [11]. An initial solution was introduced by Vogel-Heuser et al. [11], who
proposed the use of Digital Twins (DTs) to implement MASs in a production context. In this
method, individual agents within the MAS are initialized by a parser that automatically
extracts pertinent information from DTs. Nonetheless, this contribution emphasizes that
the creation of DTs is associated with a high effort, limiting their acceptance [11].

Moreover, the insufficient standardization and heterogeneity of DTs [12] can poten-
tially lead to errors and manual configuration effort. This contradicts low-effort scalability
in modular electrolysis plants automated with the MTP. This heterogeneity becomes criti-
cal when DTs are employed for the initialization and parameterization of MASs. In this
context, DTs must precisely represent the resources that the agents are monitoring and
controlling [11].

Furthermore, a significant challenge of an MAS is realizing the interface between
agents and the equipment implementing low-level automation functions. Given the het-
erogeneity of counterparts, the interface can be realized in multiple ways without a uni-
form standard, allowing for simple, fast, and transparent integration [8]. Consequently,
Leitdo et al. [8] endorse the harmonization of MASs with existing standards. This step is
crucial to facilitate seamless integration, enhance system performance, ensure interoperabil-
ity, and streamline maintenance processes, aligning with the overarching goals of modern
production systems [8].

In addition to these challenges, operational optimization, e.g., scheduling, still encoun-
ters the task of selecting realistic parameters for each resource, a process that has proven to
be time-consuming and error-prone [13].

This work addresses these challenges by building on and extending the concept intro-
duced by Vogel-Heuser et al. [11]. It demonstrates how MASs and the MTP, an established
standard in the process industry [3], and an implementation of the DT of a module, can be
unified. Based on this, the work presented here illustrates the standardized and low-effort
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initialization of agents using MTP information, which, in turn, can leverage this informa-
tion for scheduling and control in modular electrolysis plants. This approach not only
addresses the complexities associated with MAS deployment in a production context, but
also streamlines the integration process, contributing to the alignment of the MAS with
industry standards. Ultimately, the presented solution aims to offer a practical and efficient
framework for optimizing the operation of modular electrolysis plants, paving the way for
increased scalability and interoperability.
In summary, the contributions of this work are the following:

* A systematic development of an MAS architecture for modular electrolysis plants;

* A concept for merging the MTP concept and MASs to facilitate standardized, low-
effort, and automated instantiation of agents and their knowledge bases;

* A scalable and robust optimization algorithm designed to dynamically adapt to the
varying number of electrolysis-PEAs while effectively addressing real operational
complexities, including electrolyzer malfunctions;

*  Animplementation of this algorithm within an MAS for the decentralized monitoring
and optimized control of electrolysis-PEAs in a modular electrolysis plant.

The remainder of this work is structured as followed: In Section 2, the technical back-
ground of this work is presented, including the project and prior works that have addressed
the challenges outlined earlier. Additionally, an overview of related research is provided,
highlighting the existing related work and identifying the research gap. The systematic
development of the MAS for modular electrolysis plants is detailed in Section 3. The imple-
mentation of the proposed concept, along with its validation via a case study, is discussed
in Section 4. The work concludes with a summary and outlook in Section 5.

2. State of the Art Analysis

In this section, the technical background of this work is elucidated in Section 2.1,
including the research project and previous works. Requirements for the concept to be
developed are presented in Section 2.2, and Section 2.3 reviews the related research and
outlines the existing research gap.

2.1. Technical Background

Water electrolysis is a key technology for producing green hydrogen from renewable
energy sources, aiding in decarbonization and energy storage for transportation and produc-
tion facilities [1]. Various electrolysis technologies, including Alkaline Electrolysis (AEL),
Proton Exchange Membrane Electrolysis (PEM), High-Temperature Electrolysis (HTEL),
and Anion Exchange Membrane Electrolysis (AEM), offer distinct benefits and limitations
for green hydrogen production [2].

AEL is widely used in large-scale industrial applications like green ammonia produc-
tion and biogas plants due to its reliability and low cost [14,15]. PEM is suitable for dynamic
operations and integrates well with renewable energy sources, making it ideal for small to
medium-scale hydrogen production facilities [16]. HTEL, operating at high temperatures,
is well suited for industrial processes with high-temperature waste heat, such as green
steel production [2]. AEM combines the benefits of AEL and PEM for decentralized and
small-scale production, making it ideal for portable applications [17].

The eModule Project was launched as part of the H2Giga hydrogen lead project
with the aim of achieving a cost-effective, standardized integration of diverse electrol-
ysis technologies within a single electrolysis plant. It aims to develop a manufacturer-
and process-independent, as well as largely technology-independent modular automa-
tion concept by establishing a Standard Integration Profile (SIP) specifically designed for
water electrolyzers [18]. As emphasized in [4], the MTP concept emerges as a promising
approach for the seamless integration of electrolyzers into an electrolysis plant, forming
the foundational framework for the proposed SIP. The idea includes not only providing
the essential information required for the automated integration of electrolyzers into a
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POL, classified by the automation interface defined through the MTP, but also delivering
additional information crucial for optimized plant operation.

The SIP addresses the technological differences between the various electrolysis tech-
nologies by providing parameters that characterize each technology, such as specific pro-
duction curves, start-up times, and other operational characteristics [18]. This ensures that
the unique properties of each electrolysis technology are taken into account, facilitating
more efficient and accurate integration and operation within the modular electrolysis plant.
These parameters are elaborated in the scheduling model described in Section 4.1.

The operation of modular process plants, where the MTP concept is already applied,
typically occurs under steady-state conditions [7]. However, the optimization of modular
electrolysis plants requires the consideration of dynamic variables such as fluctuating
electricity prices and hydrogen demand. To address these challenges, an initial approach
for refining POLs has been presented by the authors [7]. This approach integrates a Demand-
Side Management (DSM) component that determines the operating point of the plant (e.g.,
hydrogen production per 15 min) and a PEA-Scheduling (PEA-S) component that schedules
the load distribution of the electrolysis PEAs to achieve cost-optimal operation while
incorporating control and monitoring functions. To implement this, the PEA-S aggregates
the capacity of the currently available electrolysis-PEAs and reports this information to the
DSM [7].

Given the potential of the SIP to seamlessly integrate diverse electrolysis PEAs, in-
cluding different technologies, manufacturers, and capacities, it is essential to implement
a mathematical model within the MAS that accounts for the heterogeneity in the hydro-
gen production costs [6]. The MAS, serving as the PEA-S component, coordinates the
distributed electrolysis-PEAs through decentralized control and optimization. It integrates
with the DSM to adjust load scheduling dynamically based on electricity supply and
hydrogen demand [7]. By optimizing the performance of individual electrolysis-PEAs,
the MAS ensures cost-efficient operation, considering the specific operational constraints
and capabilities of each electrolyzer unit.

A key aspect of this optimization is accurately assessing hydrogen production costs
using the Levelized Cost of Hydrogen (LCOH) metric. The LCOH provides a standard-
ized basis for comparing cost effectiveness across different electrolysis technologies and
plant configurations [19]. It considers factors like the Capital Expenditure (CapEx), Op-
erational Expenditure (OpEx), Operation and Maintenance (OM), and efficiency over an
electrolyzer’s utilization time, offering insights into the cost structure of green hydrogen
production [20].

While the LCOH is primarily used for assessing and selecting electrolysis technolo-
gies [19], recent studies have explored its application for operational optimization [21].
Ginsberg et al. [21] introduced the Marginal Levelized Cost of Hydrogen (mLCOH), cal-
culated periodically based on electrolyzer utilization, allowing for detailed analysis con-
sidering factors like electricity prices and degradation. This enables frequent operational
adjustments [21]. Figure 1 illustrates this concept, although the specific mLCOH curve can
vary depending on the technology, capacity, and configuration used [20]. Changes in the
operating point can be estimated for their impact on mLCOH by determining the gradient
at the current operating point [6]. The calculation of the mLCOH is detailed in Section 4.

The operating point, measured as a percentage, describes the current output power of
the electrolyzer relative to its maximum rated power. For example, an operating point of
50% indicates that the electrolyzer is producing hydrogen at half of its nominal capacity [2].
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Figure 1. The contributions of the OpEx and CapEx to the mLCOH, as well as the mLCOH gradient
for a 1I0MW PEM electrolyzer at varying operating points with an electricity cost of 0.06 EUR/kWh
(Adapted from [21]).

2.2. Requirements

The operation of modular electrolysis plants has specific requirements (REQs), consid-
ering uncertainties like fluctuating energy supply and technical aspects of the electrolyzers.
By an analysis of the literature and practical workshops within the eModule project, a set
of essential requirements has been derived [22]. Although this source also formulates
requirements for the DSM, the following discussion will focus solely on the requirements
for the PEA-S, as this is the primary focus of our contribution:

(REQ 1) Cost-optimized scheduling: The approach must implement cost-optimized
scheduling for all electrolyzers, taking into account the variable hydrogen demand that
needs to be fulfilled. To achieve this, the operating states of an electrolyzer (e.g., idling,
production, or standby) must be planned, considering technical limitations such as start-up
times [23]. The non-linear efficiency curve of an electrolyzer [24] must also be taken into
account. Since the SIP enables the low-effort integration of heterogeneous electrolysis-PEAs,
the individual efficiencies and cost factors must be considered so that the electrolysis-PEAs
are operated in a cost-optimized and resource-efficient manner.

(REQ 2) Adaptability and scalability through decentralization: Given that the ca-
pacity of the electrolysis plant is often tailored to the requirements of the process being
supplied with hydrogen (e.g., in the case of a hydrogen refueling station) [22], the approach
must adopt a decentralized approach to exhibit high adaptability and scalability [25-27].
This ensures that the approach can easily accommodate various configurations of modular
electrolysis plants, which can consist of different types of electrolyzers, and seamlessly
integrate or remove electrolyzers as the plant evolves over time, for example by adding
electrolyzers (numbering-up) to meet increased hydrogen demand [25].

(REQ 3) Resource monitoring and control: The approach must monitor the current
state of resources, such as electrolyzers, and convert the optimized operating points derived
from cost-optimized scheduling (REQ1) into actionable control commands [28].

(REQ 4) Resilience to resource failures: The approach must demonstrate robustness
by responding to resource failures or malfunctions, such as those occurring in electrolyz-
ers [29]. In these scenarios, the approach must initiate a load redistribution process to
ensure uninterrupted hydrogen production and compensation for the failed resource.

(REQ 5) Adaptation to demand and supply fluctuations: The approach must adapt to
short-term fluctuations in hydrogen demand and electrical supply by dynamically adjusting
the load distribution among operational electrolyzers to ensure uninterrupted hydrogen
production and demand satisfaction even during periods of fluctuating demand or varying
energy availability [30].

(REQ 6) Automated system configuration from plant configuration: Since the capacity
of electrolyzers is limited due to technical and physical constraints, the realization of large
electrolysis plants requires the integration of numerous electrolyzers [25]. Consequently,
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the manual configuration of the scheduling model would be cumbersome. Therefore,
the scheduling model must have the capability to utilize the plant configuration data for
automatic configuration. Given that electrolyzers are the core components of electrolysis
plants and play a central role in operational optimization [7], it is necessary to focus on them
separately from peripheral modules, such as water treatment or gas purification systems.
This approach ensures efficiency and automation in adapting to different configurations of
electrolyzers within the plant.

(REQ 7) Automated model parameterization: Given the inherent challenge of realisti-
cally parameterizing scheduling problems [13], the approach must automate this process
using standardized information models. This automation is particularly crucial, as the
potential combination of heterogeneous electrolyzers within a modular electrolysis plant
can pose challenges in parameterization. By employing standardized information models,
the approach ensures a systematic and efficient approach to the configuration of scheduling
parameters that takes into account the different characteristics of the electrolyzers within
the plant.

In summary, these requirements can be categorized into two classes:

The first class, comprising REQ1 to REQS5, concentrates on the scheduling model’s
adaptability and scalability within modular electrolysis plants. This class also emphasizes
the operational perspective. It focuses on the resilience of the approach under dynamic
operating conditions and its ability to withstand resource malfunctions or failures. The
second class, enclosing REQ6 and REQ?7, is dedicated to the automated configuration
of the system, specifically focusing on the automated setup and parameterization of the
scheduling model.

2.3. Related Work

In this section, an analysis of the related work is carried out for the two REQs classes.
The first class focuses on research related to the cost-optimized scheduling and operation
of electrolysis plants, especially in the context of fluctuating operating conditions (see
Section 2.3.1). This research directly addresses requirements REQ1 to REQ5. In Section 2.3.2,
research contributing to the automatic generation and parameterization of models for the
representation of systems is included, which are considered in REQ6 and REQ?.

The degree of fulfillment for each REQ is indicated as @ for complete fulfillment, ®
for partial fulfillment, and O for no fulfillment. The results are summarized in separate
tables for each research area.

Section 2.3.3 subsequently outlines the identified research gaps based on the analysis
of the related works.

2.3.1. Electrolysis Scheduling and Operational Adaptability

This section reviews related work regarding the scheduling of electrolysis plants and the
corresponding fulfillment of requirements REQ1-REQ5. Various optimization approaches are
considered, and the research can be categorized as follows: Varela et al. [23], Vincenti et al. [31],
and Raheli et al. [24] have focused on optimization based on Mixed-integer linear program-
ming (MILP). Flamm et al. [28] and Al-Sagheer and Steinberger-Wilckens [30] explore Model
Predictive Control (MPC)-based approaches. The studies of Lorenz et al. [25,32], and Fang
and Liang [33] focus on rule-based approaches, and Khaligh et al. [34] and Barakat et al. [35]
investigate agent-based methods for optimization in this context.

MILP Optimization Approaches

Varela et al. [23] devise a MILP-based centralized scheduling model for AEL elec-
trolyzers. The model uses decision variables to represent operating states and transitions
and integrates operating characteristics, such as the lower operating limit, as constraints. It
accounts for three operational states (idle, standby, production) and transitions (shutdown,
cold/full start) to provide an accurate representation of electrolyzer operations. The model
facilitates optimal electrolyzer sizing and the generation of production schedules based
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on datasets of intermittent energy generation and electricity prices. However, the work of
Varela et al. [23] does not address error states, focusing solely on target behavior (REQ4).
It also lacks monitoring capabilities and mechanisms for translating optimized schedules
to control commands (REQ3). Furthermore, the centralized approach presents a limita-
tion (REQ2) [26], preventing adaptability to the decentralized and distributed structure of
modular electrolysis plants.

The optimization study presented by Vincenti et al. [31] concentrates on sizing and
scheduling a power-to-hydrogen system linked to a hydrogen refueling station. The aims
include identifying optimal system dimensions and scheduling hydrogen production,
considering various electricity supply scenarios (solar, hydro, and grid). The findings
provide insight into the design and operating parameters, with an emphasis on minimizing
the LCOH. Similar to the study by Varela et al. [23], Vincenti et al. [31] do not consider error
states (REQ4) and lack integration for monitoring and translation into control commands
(REQ3). Additionally, the centrality of their model poses limitations on its adaptability to
modular electrolysis plants (REQ?2).

The study by Raheli et al. [24] presents two models to accurately represent the non-
linear hydrogen production curve of an electrolyzer in long-term operation planning.
The conventional piecewise linear approximation becomes impractical for large-scale ap-
plications due to the increased computational effort. For this reason, a linearized model
and a relaxation of a quadratic approximation are proposed. However, the contribution fo-
cuses on long-term operational planning, hence monitoring and control (REQ3) or resource
malfunction considerations (REQ4) are not addressed. Moreover, the centrality of the
scheduling model poses a challenge to adaptability to modular electrolysis plants (REQ?2).
Nevertheless, the importance of an accurate representation of the hydrogen production
curve of the electrolyzer, as emphasized by Raheli et al. [24], remains an essential aspect
that this work takes into account.

MPC Optimization Approaches

Flamm et al. [28] introduce a real-time optimization MPC system designed for a PEM
electrolyzer. Utilizing a MILP model that accounts for the nonlinear characteristics of the
electrolyzer, the optimization is executed every minute, striving to fulfill hydrogen demand
at a lower cost compared to achievable results using a linearized model. The supervisory
controller calculates the power value for the electrolyzer and sends it to an intermediary
controller. This intermediary controller then relays the command to the electrolyzer’s lower
level controller. However, this study omits the consideration of error states (REQ4) and
restricts the optimization scope to a single PEM electrolyzer (REQ1), although a modular
electrolysis system is usually made up of a large number of electrolyzers [25].

The study by Al-Sagheer and Steinberger-Wilckens [30] introduces an MPC algorithm
for water electrolyzers integrated with renewable energy sources, addressing the challenge
of power volatility. Three existing control approaches are compared, highlighting their
limitations in handling fluctuating conditions. The proposed approach employs simplified
prediction models for power generation and demand. It incorporates a compensator,
utilizing a battery as both a means to address model uncertainty and a sensor for detecting
energy imbalances. The results demonstrate the feasibility of fully automated energy
balancing, enabling improved efficiency, hydrogen yield, and cost-effectiveness in grid-
connected and stand-alone systems. The analysis of extreme power fluctuations by Al-
Sagheer and Steinberger-Wilckens [30] partially highlights the robustness of the approach,
which could potentially also be transferred to electrolyzer failures (REQ4). However,
the applicability of the approach is restricted to a single PEM electrolyzer (REQ1), and its
centralized nature hinders its adaptability to modular electrolysis plants (REQ?2).

Rule-Based Optimization Approaches

The approach outlined by Fang and Liang [33] introduces an adaptive control strategy
with the aim of optimizing the operation of AEL electrolyzers. This strategy integrates
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three control approaches: Slow Start, simple start-stop, and segmented start. The study
emphasizes the effectiveness of the segmented start strategy in reducing the number of
start-up and shutdown cycles. However, the research of Fang and Liang [33] does not
consider cost aspects (REQ1), and the centrality of the approach limits its adaptability to
modular electrolysis plants (REQ2). In addition, the implementation lacks monitoring or
control functions (REQ3), which means that the response to resource malfunctions is not
taken into account (REQ4).

Building upon the concepts introduced by Fang and Liang [33], the methodologies
presented by Lorenz et al. [25,32] propose adaptive process control strategies, employing
a rule-based distribution method. The load is effectively distributed among stack units
in modular electrolysis plants using these strategies. Nevertheless, the study does not
address cost minimization (REQ1) and lacks control and monitoring functions (REQ3).
Additionally, suitable responses or the resilience in the context of resource malfunctions are
not considered (REQ4).

The optimization model presented by Zhao et al. [36] centers on the production of
hydrogen from off-grid wind power sources by integrating electrolyzer power allocation
with wind power prediction. To ensure consistent operation, specific operation modes
are allocated to the electrolyzers by the control strategy. Nevertheless, the study does
not account for costs (REQ1) and malfunctions (REQ4) and lacks clarity on control and
monitoring functionalities (REQ3).

Agent-Based Optimization Approaches

The study conducted by Khaligh et al. [34] introduces a stochastic, agent-based model
designed for planning a multi-energy microgrid. This microgrid includes the electricity, gas
energy, and hydrogen sectors. The primary objective is to optimize collaboration among
these sectors, taking into account uncertainties in storage, energy generation, and demand.
The model utilizes the Alternating Direction Method of Multipliers (ADMM) to articulate
interactions involving shared variables and coupling constraints. The optimization pro-
cess involves solving individual problems for each sector—electricity, hydrogen, and gas.
The study examines the potential for finding a consensus that addresses the challenges
across all three sectors. Nevertheless, an inaccurate, linear production behavior is assumed
by Khaligh et al. [34] (REQ1), and while the approach partly addresses robustness through
stochastic influencing factors, it ignores the malfunctions of resources (REQ4). Furthermore,
the study by Khaligh et al. [34] lacks resource monitoring or control functions (REQ3).
However, according to Khaligh et al. [34], the ADMM is a suitable method for achieving
consensus in systems with heterogeneous characteristics. This also applies to modular,
heterogeneous electrolysis plants.

The work of Barakat et al. [35] introduces a decentralized multi agent energy manage-
ment system designed for a marine hydrogen energy system. Among various components
such as a fuel cell, an electrolyzer, and hydrogen storage, this system optimizes energy
distribution. Specific agents, such as the electrolyzer agent and DSM agent, manage and
optimize the corresponding operations. However, the consideration of resource states
is limited (REQ1), as it does not account for any resource states, and the study predomi-
nantly focuses on regular operation without explicitly addressing potential resource failures
(REQ4), even though monitoring is provided (REQ3). Additionally, the absence of cost
considerations represents a limitation (REQ1). However, it is noteworthy that the incor-
poration of a DSM agent as a means of communication between an MAS and a DSM is a
promising and valid approach.

As shown in Table 1, related research shows a heterogeneous landscape in addressing
optimized scheduling in electrolysis plants. Some studies focus on strategic, long-term
operational scheduling [23,24,31], neglecting the aspects of monitoring, control, and ap-
propriate responses to deviations that may occur during the extended planning horizon.
Moreover, the centrality of these optimization approaches is an obstacle to the adaptability
of decentralized, modular electrolysis plants [26]. MPC-based approaches [28,30], however,
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focus on realizing optimized operating points, but largely limit their scope to nominal
behavior (excluding resource failures) and consider only a single electrolyzer. Since modu-
lar electrolysis plants are basically composed of a number of electrolysis-PEAs [25], this
represents a limitation.

Table 1. Fulfillment of requirements REQ1-5.

Requirement REQ1 REQ2 REQ3 REQ4 REQ5 REQ6and REQ7
MILP Optimization Approaches
Varela et al. [23] ) O O O J u
Vincenti et al. [31] ® @) O O [ n
Raheli et al. [24] ) O @) O J u
MPC Optimization Approaches
Flamm et al. [28] < O [ ) O ® u
Al-Sagheer and Steinberger- ) O ] ) [ ) |

Wilckens [30]

Rule-Based Optimization Approaches

Fang and Liang [33] < O O O (] u

Lorenz et al. [25,32] > O O O ® u

Zhao et al. [36] o O @) O ® u
Agent-Based Optimization Approaches

Khaligh et al. [34] o o O o o u

Barakat et al. [35] » ® () O ® u

Fulfillment: @—full; @—partially; O—none; B—n/a.

Agent-based approaches [34,35] are known for their potential adaptability [26]. How-
ever, they fall short in accurately representing the behavior of electrolyzers due to the
absence of operational states or the precise depiction of the electrolyzer’s hydrogen pro-
duction curve (REQ1). Despite being inherently robust [10], there is insufficient discussion
on their robustness regarding resource malfunctions.

2.3.2. Automated System Configuration and Parameterization

This section covers related work describing the automatic creation and parameteriza-
tion of computational frameworks, including optimization models, simulation models, and
the MAS. The discussion is focused on the fulfillment of REQ6 and 7.

Vogel-Heuser et al. [11] propose the utilization of DTs, with a specific focus on the
role of Asset Administration Shells (AAS), for automating the instantiation of the MAS in
production environments. The objective is to reduce efforts regarding the manual knowl-
edge base creation for agents. The study suggests the extraction of information from DTs to
initialize MAS agents, highlighting potential improvements in the implementation of the
MAS within adaptable production systems. Additionally, the paper discusses challenges,
such as the configuration complexity of DTs, and emphasizes the critical requirement for
accurately representing assets in DTs, particularly when used as the input for constructing
agents’ knowledge bases. While Vogel-Heuser et al. [11] propose the extraction of informa-
tion from DTs for the initialization of MAS agents, the plant configuration is not taken into
account during agent creation (REQ6). Furthermore, optimization-relevant resources are
not explicitly separated, and the acknowledged complexity of DTs creation raises concerns
about practicability and scalability.

Kocher et al. [37] present an approach for integrating new equipment into existing
manufacturing plants. It highlights the contrast between the prevalent MTP in the process
industry and the skill-based approaches in discrete manufacturing, emphasizing their
current incompatibility due to model and technology differences. A comparison between
the MTP and skill-based methods is made, introducing an automated mapping to transfer
MTP contents into a skill ontology. This aims to facilitate the integration of machines
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described in previously incompatible models into a unified production process, with an
emphasis on the advantages of formal modeling without replacing the MTPs. The study of
Kocher et al. [37] primarily addresses the automated invocation of functions and does not
consider for the automated parameterization of systems (REQ?7).

Kasper et al. [38] present an approach for automated adaptive modeling and op-
erational optimization in renewable-dominated power grids, with a focus on energy-
intensive industries, such as steel and iron production. Acknowledging the challenges
associated with deteriorating system components, they propose a methodology based on a
five-dimensional DT platform. The methodology integrates DT microservices, including
automated simulation model adaptation, data augmentation, piecewise linearization of
non-linear behavior, and MILP-based operational optimization. The experimental valida-
tion aims to demonstrate the effectiveness of maintaining high-fidelity simulation models
and minimizing prediction errors despite continuous power degradation. However, the ab-
sence of standardized information models does not align with the applicability to other use
cases (REQ7). The automated generation of the optimization model based on information
from the DT platform is not explicitly discussed (REQ6).

Siatras et al. [39] introduce an AAS-based information model for scheduling agents
that facilitates the incorporation of various artificial intelligence methods, including heuris-
tics, deep reinforcement learning, and mathematical programming, within a single agent
to account for different production scenarios. However, the approach lacks a detailed
description of the specific implementation of the parameterization. Consequently, it re-
mains unclear how the AAS-based information model is intended to represent scheduling
information for various use cases (REQ6). Although the study suggests the instantiation of
automated scheduling agents, there is insufficient explanation regarding the informational
model for this step (REQ?).

Hoernicke et al. [40] present an automated approach for generating simulation models
designed for brown-field plants. This method utilizes human machine interface screens
to reconstruct plant configuration and create a reference model. Additional information,
including control codes and object attributes, is integrated to facilitate the automatic
generation of a low-fidelity plant simulation model. However, the model relies on on
assumed parameters, resulting in low-fidelity models, and lacks standardized information
models for the parametrization of the simulation models (REQ7).

Martinez et al. [41] present an approach for the automated generation of simulation-
based DTs customized for industrial process plants. Their method involves the usage
of an automatic model-generation technique, utilizing data from a 3D plant model to
automatically generate a first-principles simulation model of the simulation-based DT.
However, the parameterization relies on proprietary data, such as data sheets, and lacks
standardized information models (REQ7).

While the study includes plant configuration data for generating the optimization
model (REQ6), it falls short in utilizing standardized information models for its parameteri-
zation (REQ?7).

The analysis of the related work in Section 2.3.2, summarized in Table 2, reveals that
various works have explored the concept of “automation of automation” [42]. However,
a common drawback is the use of non-standardized information models or monolithic
approaches (such as a single DT representing the entire plant), limiting the broader ap-
plicability and scalability of these automation strategies. The challenges identified in
publications such as [11,40], in which the lack of precise information hinders the creation of
high-fidelity models or the accurate initialization of knowledge bases, can be effectively
addressed through the usage of the SIP. The SIP for electrolysis-PEAs, as detailed in [18], is
well suited to fulfill these requirements, making it a promising approach for this purpose.
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Table 2. Fulfillment of requirements REQ6-7.

Requirement REQ1-REQ5 REQ6 REQ7
Vogel-Heuser et al. [11] | O
Kocher et al. [37]
Kasper et al. [38]
Siatras et al. [39]
Hoernicke et al. [40]

Martinez et al. [41]
Fulfillment: @ —full; @—partially; B—mn/a.

EEEEE
L NERENN AN
oo @ @@

2.3.3. Research Gap

The analysis of related works in Sections 2.3.1 and 2.3.2 has revealed that no exist-
ing approach fully fulfills the requirements within the respective requirements classes of
electrolysis scheduling and operational adaptability or automated system configuration and param-
eterization. Notably, there is an absence of an approach that comprehensively addresses
the requirements across these thematic boundaries. Consequently, the following sections
introduce an MAS specifically designed to meet all the distinct requirements of modular
electrolysis plants.

3. Multi-Agent System for Optimized Operation of Modular Electrolysis Plants

This section outlines the methodology used to develop the MAS architecture for the
PEA-S and explains the Goal and Capability Models. Subsequently, the Agent Model
and the scheduling procedure are described, highlighting agent interactions to achieve
cost-optimized, flexible, and adaptive modular electrolysis plant operation.

3.1. Methodology

To ensure a structured MAS development process, an established engineering methodol-
ogy, referred to as Development Approach for DEcentralised Control Systems (2DECS) [43],
designed for agent-based energy systems, is used.

Central steps (Goal, Capability, and Agent Model) will be presented below. The Goal
Model establishes a foundational framework defining overarching goals for the MAS.
Specific capabilities are derived from these goals and compiled into the Capability Model.

The Agent Model marks the point in the development process where the roles and the
associated capabilities are aggregated. Agents are defined based on the roles they assume
and their interactions with other roles, i.e., other agents [43].

For a detailed description of the 2DECS framework, refer to [43].

3.2. Goal and Capability Model

In Section 2.2, requirements for the optimized operation of modular electrolysis plants
were specified, resulting both from the uncertain environment (e.g., fluctuating energy
supply) and technical considerations in relation to electrolysis-PEAs within a modular
electrolysis plant. To consider these requirements as part of the 2DECS development
process, they are mapped directly onto the goals that the MAS must achieve, corresponding
to the goals in the Goal Model according to the 2DECS framework.

In order to achieve the goals presented in Figure 2, the agents within the MAS must
have specific capabilities. The capabilities that are suggested for this purpose are listed in
Table 3.

In Figure 2, the capabilities required to accomplish the stated goals are illustrated,
with each capability linked to its corresponding goal by a connecting line (capability link).
Building on this representation, agents possess core capabilities (C7, C8) that are provided
by default in agent frameworks. As these capabilities are fundamental and necessary to
fulfill multiple goals, the connection is depicted in light gray.
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Figure 2. Mapping of the Goal and Capability Models according to the 2DECS framework.

Table 3. Capability Model according to the 2DECS framework.

# Capability Description

c1 Capturing H2 production goals: This capability involves querying the production targets
to be fulfilled from the DSM.

I Aggregation and transmission of plant capacity: This capability involves aggregating the
capacity of the currently operational electrolysis-PEAs and transmitting it to the DSM.

c3 Cooperative scheduling: This capability involves agents exchanging information to collab-
oratively minimize the mLCOH while meeting hydrogen demand.

c4 Integration of short-term power supply data: This capability involves incorporating short-
term information from the power supply source.

c5 Integration of short-term hydrogen demand data: This capability focuses on integrating
short-term information regarding the current demand for hydrogen.

Cé Operational state monitoring: This capability involves continuously monitoring and
assessing the operational state of electrolyzers within the electrolysis plant.

7 Agent surveillance: This capability includes identifying other agents within the system
and continuously monitoring changes occurring within the MAS.

c8 Information exchange: This capability involves the exchange of information between
agents within the MAS, requiring agents to accurately interpret the messages they receive.

9 SIP-parsing: This capability denotes that an agent has the capability to read information
from the SIP and accurately interpret the extracted data.

c10 Scheduling reallocation: This capability entails initiating a redistribution of the scheduling

in response to electrolyzer malfunctions to ensure continuous hydrogen production.
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Table 3. Cont.

# Capability Description

Electrolysis-PEA control: This capability includes control of an electrolysis-PEA via the

ci standardized SIP-interface.

Automated production curve approximation: This capability involves the automatic gener-
C12  ation of an approximation formula from the electrolyzer’s production curve. The production
curve is provided via data points.

Automated agent instantiation: This capability involves automatically utilizing the plant
C13 configuration, identifying electrolysis-PEAs within it, and instantiating dedicated agents
for each electrolysis-PEA.

In order to effectively achieve the defined goals, a combination of various capabilities
is required. This emphasizes a cooperation of the agents within the MAS in order to achieve
the complete set of goals. For example, the following capabilities are required to achieve
the goal of “cost-optimized scheduling” (G1): In order to optimize the operation of an
electrolysis-PEA and to participate in scheduling, optimization-relevant data about the PEA
is required. This can be, for example, the lower and upper operating limits, the capacity
of the electrolysis-PEA, or cost factors for the operation. These data should be obtained
automatically from the SIP, for which the agent must read and parse the information (C9).
The total capacity of the plant must then be transmitted to the DSM (C2) to define the
production targets. Once this step is successfully conducted, the production targets can be
queried (C1). Based on this information, cooperative scheduling can then be performed
within the MAS (C3), which aims to meet the production targets at optimal costs.

3.3. Agent Model

Established architectural design patterns are available for the implementation of the
MAS in production contexts [44,45]. The MAS is developed based on these patterns to
ensure a high level of re-usability and the incorporation of established best practices.
The following set of agents is proposed:

¢  H2-Production-Coordination (H2PC) agent (single instance): This agent, instanti-
ated once in the MAS, serves as a coordinator [45], aiming to achieve the goals G2
(adaptability and scalability through decentralization) and G6 (automated system
configuration from plant configuration). It is responsible for orchestrating the MAS
and, therefore, has the capability to automatically instantiate the PEA agents required
for scheduling, adapting to the number of electrolysis-PEAs in the plant configuration
(C13). To accurately identify the types of PEAs present in the plant configuration,
this agent possesses the capability to read and accurately interpret the information
provided in the SIP (C9). Based on the approach described in [35], this agent facilitates
communication with the DSM. It can aggregate the capacities of the electrolysis-PEAs
and forward this information to the DSM (C2). It also has the capability to query
production targets from the DSM (C1).

¢  Power agent (single instance): This agent, functioning as a system-state-monitoring
agent and instantiated once in the MAS, can provide information about the current
state of resources [45]. It pursues the goal G5 (adaptation to demand and supply
fluctuations), and consequently, it is capable of transmitting information about short-
term fluctuations in the power supply (C4).

*  H2 agent (single instance): Similarly to the power agent, this agent, functioning as a
system-state-monitoring agent, is instantiated once in the MAS and pursues the goal
G5 (adaptation to demand and supply fluctuations). It provides short-term updates
on hydrogen demand (C5).

¢  PEA agent (multiple instances): This agent, commonly referred to as the “resource
agent” [9,44,45], serves as the interface between electrolysis-PEAs and the MAS and is
coupled to a specific electrolysis-PEA. It is instantiated multiple times in the MAS by



Energies 2024, 17, 3370

14 of 32

the H2PC agent according to the number of electrolysis-PEAs in the plant configura-
tion. The primary objectives of this agent include operating the assigned electrolysis-
PEA in a cost-optimized manner (G1) and automatically parameterizing the system
(G7). Moreover, it aims to achieve resilient operation of the modular electrolysis, mon-
itoring and controlling its assigned electrolysis-PEA (G3), and responding effectively
to resource malfunctions (G4).

To fulfill these objectives, the agent has the capability to extract and interpret infor-
mation from the SIP (C9,C12). Additionally, it can interact with the electrolysis-PEA to
monitor (C6) and control (C11) its operating status. In pursuit of the production targets set
by the DSM, this agent communicates with other PEA agents and engages in cooperative
scheduling (C3).

As depicted in Figure 3, this MAS architecture follows a semi-hierarchical approach
known for its scalability and communication load reduction [44]. This design ensures
efficient communication and coordination among the different agents. The H2PC agent
serves as the coordinator, orchestrating the instantiation of PEA agents based on the
configuration of the plant. Implementing redundant backup instances effectively mitigates
the risk of a single point of failure. Moreover, the role of the agent, primarily focused
on communication with the DSM and not engaged in the scheduling process, eliminates
the potential for information bottlenecks, contributing to a decentralized system. The
system-state-monitoring agents, power agent, and H2 agent provide short-term updates on
energy supply fluctuations and hydrogen demand, respectively. These updates enable the
MAS to adapt and make informed decisions in response to dynamic conditions.

POL
| Demand Side Management |
Plant 4 Plant
operating points operating window
PEA-Scheduling v

Power-agent H2PC-agent
Cap: C4 [ *|Cap: C1-2,C9,C13

A

Hj-agent
Cap: C5

A4
PEA-agent n
Cap: C3,C6,C9-12

Process Control
values commands

A 4
Distributed Control System

@ - Module Type Package (MTP) < : Interaction

Figure 3. Architecture of the MAS for optimized operation of modular electrolysis plants [5].

Additionally, the MAS architecture introduces the PEA agents, functioning at the in-
terface between the MAS and individual electrolysis-PEAs. Their multiple instances, each
linked to a specific electrolysis-PEA, facilitate the decentralized and cost-optimized opera-
tion of these units. The capability of the PEA agents to communicate, monitor, and control
the electrolysis-PEA aligns with the collaborative, cost-optimized scheduling goal (G4),
enhancing the overall efficiency and responsiveness of the modular electrolysis plant.
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3.4. Information access in the SIP

As outlined in Section 3.3, it is necessary for both the H2PC agent and the PEA agent
to access, read, and interpret information from the SIP. The MTP forms the foundation
for the SIP, as described in [4]. However, it is essential to note that these agents have
specific requirements for accessing distinct sets of information within the MTP. Detailed
information about the SIP can be found in [18]. These differences are visualized in Figure 4.
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Figure 4. Simplified representation of the MTP information accessed by the H2PC agent and a PEA
agent for optimization, control, and monitoring purposes.
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The primary focus of the H2PC agent is on identifying PEA types, enabling the auto-
mated instantiation of PEA agents based on the prevailing plant configuration. However,
the PEA agent prioritizes aspects related to operational optimization, control, and monitor-
ing. The following section explains the specific aspects of the MTP [5] within the SIP that
each agent must access in order to perform the functions assigned to it.

The H2PC agent requires access to the PEA-Information label, as outlined in guide-
line 2658-Sheet 1 [46]. The PEA-Information label contains meta-information about a PEA,
serving the dual purpose of identifying both the PEA type and the specific PEA instance.
Consequently, the H2PC agent can utilize the DeviceClass parameter to classify the PEA,
enabling it to distinguish electrolysis-PEAs from other PEA types, such as upstream ones
(e.g., water treatment) [4].

However, a PEA agent must utilize two different sets of information from the MTP.
Firstly, it requires information for initializing its knowledge base and for the automated
parameterization of the scheduling, which is described in more detail in Section 4. These
parameters are considered static, as they define the foundational configuration of the
electrolysis-PEA and do not change during regular operation. This information is repre-
sented in the MTP through an attachment, which includes additional details [46].

With the SIP, a machine-readable file, such as a. json file, is appended as an attachment
to the MTP. This file contains additional parameters necessary for the PEA agent to
optimize the operation of its associated electrolysis-PEA. A description of the parameters
used is provided in Section 4.

Secondly, the PEA agent requires runtime information for monitoring and controlling
the electrolysis-PEA, as these parameters undergo changes during operation. For this
purpose, the Service-Control interface, specified in the guideline 2658-Sheet 4 [47], is utilized.
Through this interface, the PEA agent can determine which service and procedure is
currently active in the electrolysis-PEA and in which state (idle, execute, Abort, etc.) the
electrolysis-PEA is situated. Here, the state is represented by the parameter StateCur. In this
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context, the MTP provides a standardized state machine that can be traversed. The state
machine is controlled by so-called commands, which a PEA agent can execute, e.g., to switch
from idle to execute. Similarly, the PEA agent can parameterize a procedure using Procedure
Parameters, e.g., to set a new operating point for the electrolysis-PEA. So-called Report
values can be used to represent values subject to proof or documentation obligations [46].
For production tracking, for example, this could include the amount of hydrogen produced
that the PEA agent can store. Process values can facilitate the interconnection of PEA-wide
functions as they allow for the continuous provision of values. In the context of modular
electrolysis plants, for instance, the volumetric flow rate of deionized water from the water
supply could be interconnected with the electrolysis-PEA. This ensures a constant supply
of water, guaranteeing that there is always an adequate amount available.

For a comprehensive understanding of the MTP and its diverse parameters and
mechanisms, please refer to the detailed documentation provided in the guideline sheets [5].
The presented selection in this context represents a subset of key parameters crucial for
the MAS in controlling and monitoring modular electrolysis plants. For a more exhaustive
exploration, the cited sources offer a more in-depth exploration of the MTP structure and
its functionalities.

3.5. Workflow for the Engineering and Optimized Operation of Modular Electrolysis Plants Using
an MAS

This section provides an overview of how the MAS illustrated in Figure 3 is used
to achieve optimized operation in a modular electrolysis plant. Given the potential com-
plexity of large-scale electrolysis plants consisting of numerous electrolysis-PEAs [25] and
corresponding PEA agents, the automated instantiation of PEA agents based on the plant
configuration is explained. In addition, it is shown how these agents automatically derive
their knowledge base for optimized operation from the SIP. Finally, the implementation
of cost-optimized scheduling is discussed, and the strategy for dealing with short-term
deviations is detailed.

3.5.1. System initialization and PEA Agent Instantiation

The process depicted in Figure 5 illustrates the process steps and the associated
computer systems that are required for the automatic instantiation of PEA agents for the
optimized operation of a modular electrolysis plant.

The process for configuring and orchestrating a modular plant has been detailed in
previous publications, such as [48]. However, for better comprehension, a brief outline
of this process is provided. At the beginning of the sequence, the MTP files are imported
into a tool for modular plant orchestration (1), which is a component of the POLs for the
orchestration of modular plants [48]. Alternatively, existing MTP files located in a database
can also be accessed. In accordance with the production requirements, the assembly of
the modular electrolysis plant is conducted, specifying the PEA types and, ultimately,
the PEA instances to be employed (2) [48]. This process encompasses specifying details
such as the PEA name or endpoint URL [48]. Following this configuration, the plant
configuration is exported (3). The description of the plant configuration can be provided
using Computer-Aided Engineering Exchange (CAEX) [49], which represents an Extensible
Markup Language (XML) schema standardized in IEC 62424 [50].

The H2PC agent then reads and parses the XML file (4), allowing identification and
extraction of PEA instances (5). In consideration of the importance of the electrolysis-
PEAs for the operational optimization and scheduling of modular electrolysis plants [7],
a separation is made that isolates electrolysis-PEAs instances from other PEAs (6) based on
the DeviceClass parameter (according to C9). The latter may include water treatment PEAs
or similar instances necessary for processes upstream and downstream of the electrolysis [4].
The electrolysis-PEAs and their endpoint URL, as well as the name of the MTP file used are
stored (7).
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Figure 5. Diagram illustrating the automated instantiation process of PEA agents based on the
plant configuration.

Following this, a PEA agent is instantiated for each electrolysis-PEA (according to
C13). During instantiation, the PEA agent is provided with the respective endpoint URL
and MTP name of the electrolysis-PEA it is tasked with optimizing and monitoring (8).

Based on the MTP reference, the PEA agent can now access an MTP database and
read the optimization-relevant parameters from the attachment of the corresponding MTP
file (C9, C12) and store these static parameters in its internal database (9). The specific
parameters and their values are described below in Section 4.

Using the endpoint URL, the PEA agent connects to the electrolysis-PEA for monitor-
ing and control purposes (10).

The production capacity is then communicated to the H2PC agent (11). This agent
waits until it receives the production capacity from all PEA agents in the MAS (12). If no
capacity is reported within a defined time frame, an error is assumed, and the capacity is
considered as 0. The H2PC agent aggregates the transmitted capacities of the electrolysis-
PEAs. It then forwards this information to the DSM and provides a snapshot of the total
capacity of the plant (13), referred to as the plant operating window [7].

3.5.2. Scheduling and Optimization Phase

Based on the transmitted plant operating window (see Figure 3), the DSM defines
production targets for the entire scheduling horizon, specifying the desired production
quantity in kg/h for each period. The resolution of the horizon itself can vary, depending
on factors such as the type of power supply (e.g., grid or island operation) or hydrogen
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consumption (e.g., continuous, discontinuous). The resolution in this context is set to
periods in 15 min intervals, with a defined production target for each period. Electricity
prices are obtained from the European Power Exchange Intraday market [51] if they need
to be considered when determining the plant operating point [7].

The process undertaken by each PEA agent to achieve cost-optimized scheduling in
modular electrolysis plants is explained below. This procedure is based on the ADMM and
has already been detailed in prior work conducted by the authors of this publication [6].

The H2PC agent retrieves the production targets from the DSM, and the PEA agents
request these production targets from the H2PC agent (1). Each PEA agent, in turn, initially
identifies the production target corresponding to the first scheduling period from the set of
these production targets (2). Subsequently, each PEA agent determines the initial operating
point of its assigned electrolysis-PEA that minimizes the mLCOH (3). The calculated
hydrogen production quantity at this initial operating point is then shared in the first
iteration with the other PEA agents within the MAS (4). A waiting period ensues until all
PEA agents have received the production quantities from each other (5). The PEA agents
can access information about the total number of PEA agents in the MAS (see capability
C7). If no production quantity is received from a PEA agent within a specified time frame, it
is assumed that an error has occurred, and the production quantity of this non-responding
PEA agent is set to 0.

A check is conducted by each PEA agent to determine if the current allocation of all
PEA agents’ operating points can fulfill the production target. If the production target is not
met, each PEA agent identifies its own operating point that minimizes the deviation from
the production target (6). The gradient of the mLCOH at the present operating point is also
determined by each PEA agent (7). Considering both the deviation from the production
target and the mLCOH gradient, each PEA agent adjusts its operating point accordingly
(7). The inclusion of the cost gradient aims to ensure that PEA agents adjust their operating
point proportionally to their change in the mLCOH. This ensures that PEA agents for
which a change in the operating point would result in cost reduction or only a small cost
increase adjust their operating point accordingly. The convergence rate within the MAS
is dynamic and depends on the deviation from the production target. A large deviation
requires a larger adjustment of the operating points, while a small deviation requires only
a small adjustment of the operating points. For the mathematical implementation using the
ADMM, please refer to [6].

If the production target, within a specified tolerance, is achieved with the current
schedule among the PEA agents, each PEA agent saves its mLCOH and operating point in
its internal knowledge base (9). A subsequent check by each PEA agent determines if all
DSM production targets have been scheduled. If so, the process concludes. If not, the next
production target is determined from the list of production targets (10) and scheduled
analogously according to the process described. To ensure a smooth transition and avoid
significant load changes between periods, the operating points from the previous period
are used as starting values for the subsequent period. This approach maintains a more
consistent and stable operation across consecutive intervals, reducing the likelihood of
large operational adjustments and ensuring a more balanced load distribution.

Each PEA agent monitors and controls its assigned electrolysis-PEA in accordance
with the predefined schedule. The control and monitoring processes are facilitated through
the standardized MTP-interface [6].

3.5.3. Deviation Handling

During the deviation-handling process, variations within a 15 min interval are ad-
dressed. These variations may arise either internally, within the modular electrolysis plant
(e.g., due to electrolysis-PEA malfunctions or if a electrolysis-PEA cannot attain the sched-
uled operating point), or externally, influenced by factors such as hydrogen demand or
power supply fluctuations.
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Internal deviations, such as electrolysis-PEA malfunction, become apparent during
decentralized scheduling when the respective PEA agent reports an insufficient production
quantity (e.g., 0 in the case of electrolysis-PEA malfunction). For external deviations, the H2-
or power agent notifies the H2PC agent, which subsequently forwards this information to
the PEA agents. A new scheduling process is then initiated, analogous to the one depicted

in Figure 6.
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Figure 6. Activity diagram for decentralized cost-optimized scheduling in modular electrolysis plants,
executed by each PEA agent (adopted from [6]).

4. Concept Implementation and Evaluation

To illustrate the functionality of the presented MAS, it was implemented in Java
using the Java Agent Development Framework (the implementation is available at: https:
/ /github.com/ATHenkel/electrolyzerSchedulingMAS (accessed on 5 July 2024)). The
mathematical formulation of the scheduling model executed by the PEA agents is explained
in Section 4.1. The evaluation of the concept, based on a case study, is conducted in
Section 4.2. Subsequently, a critical examination of the results is carried out in Section 4.3.

4.1. Decentralized ADMM Scheduling Model

The ADMM is an optimization algorithm designed for solving distributed optimiza-
tion problems with a shared objective. Previous studies [34,52,53] have highlighted the
efficacy of the ADMM in solving cooperative planning problems within the energy domain.
Its key characteristics, such as robustness, scalability, rapid convergence, and adaptability,
make it particularly well suited for energy management applications [34,53]. The applica-
bility of the ADMM to modular electrolysis plants and the corresponding equation system
for cost-optimal scheduling based on the mLCOH have been detailed in [6] and are briefly
summarized below.

The ADMM utilizes the Lagrangian function £, (refer to Equation (1)). This function
comprises an objective function, denoted as f(x), a set of constraint functions g(z), and a
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coupling term represented by y” (Ax + Bz — c), where A and B are matrices related to
specific system parameters, while c is a constant vector. Additionally, there is an optional
penalty term £ - | Ax — b|? [54].

L,(x,2,y) =f(x) + g(z) + yT(Ax + Bz — c) + g | Ax — b|? (1)

Each PEA agent representing an electrolysis-PEA strives to optimize its operation by
minimizing its mLCOH, which is expressed in the objective function f(x) in Equation (2).
To prevent division by zero when the electrolysis-PEA is idle, a small value J is inserted.

CapEx; + OpEx; (x) + CY - v;
mHZt(x) +9

f(x) = O&M; + (2)

The fixed operating and maintenance costs per period, referred to as O&M;, are
calculated in Equation (3) [20]. They are directly proportional to the initial CapExg, with a
scaling factor referred to as OMF. This factor is dependent on both the production rate at
nominal capacity (mH2,om) and the load factor (LF), indicating the percentage of full load
hours per year [20].

CapEx, - OMF
LF - 8760 (hrs/year) - mH2pom

O&M; = 3)

CapEx; represents the annuity in EUR in the period ¢, which is calculated in Equa-
tion (4) as described in [55], where UT is the time of utilization of the electrolysis-PEA in
years, and 7 is the discount rate in %.

CapEx, -7+ (1+1r)UT

(14r)Ur -1 @)

CapEx, =

The operating costs OpEx; (x) in Equation (5) result from the operating point Op;(x)
of the electrolysis-PEA in period t in %, multiplied by the power P in kW, the schedule
interval Ajn¢ in h, and the electricity costs Cg; in EUR/kWh.

OpEXt(x) = (Opt(x) “Pe - Ajnt - CE,t) * Xoperation, t (5)

OpEx are only taken into account if the electrolysis-PEA is in operation [56], which is
indicated by the binary variable Xqperation,+ having a value of 1, as specified in Equation (6).
Equation (6) further ensures that the electrolysis-PEA can only assume one state s per
period (production or idle). Here, v;; is a binary variable for the respective state: operation
(1 operation, otherwise 0) and idle (1 idle, otherwise 0) [13]. In order to record the transition
from the idle state to operation, a holding time t; is implemented, which specifies the
duration that an electrolysis-PEA requires to switch from being in the idle state in the
period t to being in the operation state in the period t + t;, [23].

Z Ust = 1 (6)

seS

To mitigate the negative effects of frequent start-ups and shutdowns, which can cause
accelerated degradation of an electrolysis-PEA, the start-up costs C°U are included in
Equation (2) [23]. The binary variable Y; is multiplied by the start-up cost, which is set to 1
during the start-up of the electrolysis-PEA according to Equation (7).

Yt > Z)operation,t‘ + vidle,tfl -1 (7)



Energies 2024, 17, 3370

21 of 32

The variable mH2;(v) denotes the hydrogen production rate in kg/h and is specified
by Equation (8), and it applies to both variables v = x and v = z. A quadratic approximation
with the production parameters «, 8, and vy is used here.

mHZt(U) = (D‘ : Opf(v) + .B : Opt(v) + 'Y) * Uoperation, t (8)

Multiplication by vgperation,+ €nsures that the electrolysis-PEA can produce hydrogen
only in the operating state.

The constraint g(z) in Equation (9) ensures that the specified demand Dy is met per
period and determines the operating point Op,(z) of an electrolysis-PEA to meet the
demand. Each PEA agent n aggregates the production quantities of all PEA agents j € N
of the MAS and computes its production quantity mH2, ;(z) to minimize the demand
deviation Ds.

g(z) = Z mH2;; + mH2,,+(z) — Dy )
JEN\n

For both Equations (5) and (8), Equation (10) ensures that the operating point of an
electrolysis-PEA Op,(v) complies with the lower (Opmin) and upper (Opmax) operating
limits, expressed as a percentage.

Opmin < Opt(v) < Opmax (10)

The coupling of state variables with the upper or lower operating limit per state is
realized by Equations (11) and (12) [13].

Opt (U) < Z Opmax,s " Us,t (11)
seS

Opt (U) > Z Opmin,s st (12)
seS

With Equation (13), it is expressed that v is equal to the variables x or z.
vEX,Z (13)

Equation (14) is used to link the local decision variables x and z across different PEA
agents. This coupling is realized by the Lagrange multiplier A; [54].

yT(Ax +Bz—c¢) = A(x—2) (14)

By iterating through k cycles, the ADMM algorithm aims to converge to a solution
that minimizes mLCOH while satisfying demand D; in period ¢:

¥ = argmin £, (x, 25, y¥) (15)
X

1 = argmin £,(x*1,2,5) (16)
z

yk+l _ yk + p(Axk“ + BzkH c) (17)

It minimizes one variable at a time holding the others constant and gradually leads the
to a solution where the objective function and constraints are minimized simultaneously,
thereby yielding in an optimal solution to the problem. First, Equation (15) minimizes the
Lagrangian function with regard to x while holding z and y constant, using the values of
the previous iteration [54]. In terms of the scheduling model, each PEA agent calculates the
operating point with the minimum mLCOH of the associated electrolysis-PEA, regardless
of other constraints, such as the demand to be achieved.
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Then, Equation (16) minimizes the Lagrangian function with regard to z while keeping
x and y constant, taking into account the updated value of x from the current iteration.
Here, a PEA agent based on Equation (9) calculates the operating point that minimizes the
deviation from the desired demand.

The following step comprises the dual update, as described in Equation (17), in which
the Lagrange multiplier A; (Equation (14)) is adjusted. Two factors in particular are taken
into account in the dual update. Firstly, the current deviation from demand is taken
into account in order to control the convergence rate. A higher deviation leads to an
increase in A; and, thus, accelerates the convergence process. Conversely, a lower deviation
demands a smaller adjustment of A;. Also, the current gradient of the mLCOH function
(see Figure 1) is taken into account. This step ensures that the PEA agents adjust their
operating points in such a way that cost increases are minimized or costs are effectively
reduced. Equations (15)—(17) are iteratively executed until the criterion in Equation (18)
is satisfied, where a tolerable deviation ¢ from the demand Dy, expressed by x and z,
is reached.

‘xk+1_xk’+‘zk+1_zk‘+’yk+1_yk‘ < (18)

4.2. Case Study

The presented MAS is evaluated with simulation models of the electrolysis-PEAs from
the Process2Order (P20) laboratory using AEM type 4.0 electrolyzers from Enapter [57].
The simulation models for these electrolysis-PEAs were first utilized in [58], and the
financial parameters of Enapter were published in [59]. It should be noted that, in the
simulation, the assumption was made that the AEM electrolyzer cannot operate beyond a
100% operating point. This decision was based on the limitations observed in the actual
electrolyzer used, which does not support overloading capabilities. (According to the
data sheet from Enapter, the maximum power output of the AEM electrolyzer is specified
as 2.4 kW, representing its 100% operating point. See: https://handbook.enapter.com/
electrolyser/el41/downloads/Enapter_Datasheet_EL41_EN.pdf (accessed on 5 July 2024)).

These parameters are used in the following case studies and are listed in Table 4.
The resulting mLCOH curves for the CapEx values for the years 2022 and 2025 are depicted
in Section 4.2.2. Electricity prices, including data from the European Power Exchange
market, particularly from the Intraday market [51], were sourced for this analysis. Based
on [23], the start-up costs were estimated to be EUR 0.12 per start-up.

Table 4. Financial parameters (adopted from [59]).

Parameter Symbol Value Unit
CapExq 2022 - 8000 EUR
CapEx( 2025 - 2500 EUR

O&M cost OMF 1.5 % of CapExq/year
Utilization time ur 20 years

Load factor LF 98 %
Discount rate r 9.73 Y

In the case study, it was assumed that the purity of gases (hydrogen and oxygen)
would be maintained within the specified 15-min resolution. This interval was consid-
ered sufficient for the system to stabilize and regulate itself, ensuring compliance with
purity requirements.

Two different case studies were conducted to evaluate the MAS. To validate the
functionality of the presented concept, the workflow for the automatic instantiation of
PEA agents was applied. This instantiation was based on the plant configuration data,
and the knowledge base of the PEA agents was automatically initialized from the data of
the SIP as described in Section 3.5. Furthermore, the adaptability and scalability of the
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MAS are demonstrated by seamlessly integrating additional electrolysis-PEAs, considering
the aspect of heterogeneity arising from the use of different financial parameters.

4.2.1. Workflow Validation and Automated Instantiation

The software prototype ABB Orchestration Designer (OD) served as an orchestration
tool in this study (a detailed description of the software can be found in https://new.
abb.com/control-systems/modular-automation/process-orchestration (accessed on 4 July
2024)). Further details on the application of the OD can be found in [60]. The SIP for
electrolysis-PEAs has been provided (the SIP is available at the following GitHub repository:
https:/ / github.com/p20-lab/H2Giga-eModule-standard-integration-profile (accessed on
4 July 2024)) and is detailed in [18].

As part of the workflow, several PEAs were instantiated based on existing MTPs,
including a water treatment PEA and five electrolysis-PEAs (see Figure 7). The need for
a function to export the plant configuration from the orchestration tools is emphasized
in [48], and this capability is also provided by the OD [60].

/ ElectrolysisPlant” |

9 6 EL-PEA1

43 Material Boundaries. \
S Module Pool

0l water
D EnaptessingleCore2022
D EnsptessingleCore2025

EL-PEA2

WaterSupply

EL-PEA4

EL-PEA3

Figure 7. Plant configuration of the modular electrolysis plant using the OD.

The plant configuration data have been transferred to the MAS in an XML format,
resulting in a seamless integration between the orchestration tools and MAS.

Subsequently, PEA agents were instantiated by the H2PC agent, with each electrolysis-
PEA receiving its dedicated PEA agent, based on the number of electrolysis-PEAs from the
plant configuration. The PEA agents utilize the SIP for the initialization of their knowledge
bases. Here, the OD provides a project-specific database (folder) with all relevant MTP files
that are used in the project.

The PEA agents access the database and automatically parse the SIP file to initialize
their knowledge base with pertinent information. By utilizing the name of the SIP provided
by the H2PC agent, the PEA agents can identify and locate the correct file. In this evaluation
phase, it was assumed that all electrolysis-PEAs have a CapEx value of EUR 8000 (based on
the CapEx( value for 2022), as listed in Table 4. Similarly, this is reflected in Figure 7, where
the electrolysis-PEAs are labeled EnapterSingleCore2022 , indicating they have a CapEx
value of EUR 8000, as specified in Table 4.

In addition to the financial parameters listed in Table 4, the SIP also stores the data
points of the hydrogen production curve. Both the original data points and the automati-
cally generated quadratic approximation by the PEA agents are shown in Figure 8.

This demonstrates that the PEA agents are capable of automatically generating a
suitable approximation. According to [61], a regression with an R? value of over 0.9285 in
the energy domain is considered sufficiently accurate. The approximation achieved an R?
value of 0.9964 (see Figure 8), indicating a high degree of accuracy.
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Figure 8. Simulated and automatically generated approximated production curve of an AEM EL4
electrolyzer at different operating points.

The connection between the PEA agent and the respective electrolysis-PEA was au-
tomated using the endpoint URL provided by the H2PC agent. Via the standardized
interface of the SIP, the PEA agent is able to establish a connection with the electrolysis-
PEA, which enables control and monitoring functionalities. To demonstrate the robustness
of the approach, production targets were randomized based on plant capacity, considering
a 15 min interval.

In Figure 9a, the diagram illustrates the aggregated optimized schedule by sending
control commands to the electrolysis-PEAs simulation and displays the corresponding
aggregated simulation results.

020 ool “= Lambdan, |10
£ c ——Demand Deviation 8
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Figure 9. (a) Simulation data and optimized aggregated schedule for 5 electrolysis-PEAs over
8 periods. (b) Deviation in demand and lambda for PEA Agent 1 in period f = 1, plotted per
iteration k.

The aggregated curves are shown here, as the identical properties of the electrolysis-
PEAs, particularly the same CapEx( values, result in a uniform distribution of utilization
across the electrolysis-PEAs. In addition, the target demand is shown in the same diagram.

The outcomes indicate that the schedule generated by the MAS aligns with the produc-
tion targets, exhibiting only minor deviations, particularly in areas where the approximation
is less precise, typically occurring within the range of approximately 8-50% utilization (see
Figure 8). However, it is important to note that the economic operation of the electrolysis-
PEAs predominantly occurs at high utilization rates above 50%. Therefore, the inaccuracies
in the lower utilization range have a minor impact on the overall performance and economic
viability of the case study.

In Figure 9b, the demand deviation and lambda are exemplarily plotted for PEA Agent
1 in period t = 1 across the iterations k according to the ADMM optimization. As can be
seen, there is a significant initial demand deviation (63%) since the PEA agents start at their
mLCOH optimum in the distributed optimization.
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As described in Section 3.5, during the dual update (see Equation (17)), the current
demand deviation is taken into account when updating the Lagrange multiplier A; to
ensure a stable convergence process. Accordingly, the early iterations show a sharp increase
in A¢ until around iteration 10. The demand deviation decreases inversely during these
iterations. From this point, where only a minor demand deviation remains, A; is adjusted
more gradually until the demand is met.

By considering the current demand deviation in each update, a stable convergence
process is achieved, avoiding oscillations or other instability issues.

In conclusion, the concept presented in Section 3.5 has been effectively realized by
the MAS. It seamlessly automates the processes of initialization and parameterization
of the MAS, as well as the optimization of the operation of a modular electrolysis plant,
successfully meeting the predetermined demand targets.

4.2.2. Adaptability and Heterogeneity Considerations

In this phase of the evaluation, the stepwise expansion of the electrolysis plant’s
capacity is considered, leveraging the flexibility inherent in modular electrolysis plants.
The scalability of these plants allows for an increase in capacity through the addition of
electrolysis-PEAs, an approach known as numbering-up [2].

This approach is particularly advantageous for applications like hydrogen refueling
stations, where the infrastructure can be dynamically adjusted to accommodate the grow-
ing number of buses in a fleet. This adaptability is crucial due to the significant costs
associated with acquisition and operation. The strategy often involves synchronized bus
procurement with the modular expansion of the hydrogen refueling station [62]. As pointed
out in [22], modular electrolysis plants are well suited for the application of hydrogen
refueling stations.

The existing configuration of the modular electrolysis plant illustrated in Figure 7
undergoes expansion by incorporating five additional AEM electrolysis-PEAs, maintaining
identical technical specifications. Notably, these new units differ in their CapExg values,
utilizing figures for the year 2025 as per Table 4. This choice reflects the realistic scenario
where the expansion of electrolysis capacity in modular plants for a hydrogen refueling
station might occur after several years, introducing an element of heterogeneity into the
system [22].

The process for the automated instantiation of agents remains analogous to the pre-
viously described method and is not elaborated on further. For this evaluation stage,
randomized production targets are generated, considering the expanded capacity, to under-
score the robustness of the approach.

The results of the schedule are depicted in Figure 10. In essence, it is apparent that the
MAS is adaptable enough to change easily while remaining functional. Also, no manual
reconfiguration is required. Two particular aspects stand out in the course of the schedule.
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Figure 10. Simulation data and optimized aggregated schedule for 10 electrolysis-PEAs over 8 periods.
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In Period 6 (starting at 1.25 h), a simulated malfunction occurred in an electrolysis-
PEA during its operation. Upon the detection of this malfunction by the corresponding
PEA agent, the issue was reported to all other PEA agents within the MAS, triggering the
regeneration of the schedule from that period throughout the entire scheduling horizon.

Overall, the MAS required 2 s to generate the new schedule for the entire scheduling
horizon. Notably, after those 2 s, the updated operating points of the new schedule were
communicated to the simulation, evidenced by the sharp increase in the production rate.
In contrast, the electrolysis system took 34 s to compensate for the failure. This delay was
attributed to the inherent inertia of the system, reflecting the time it takes for the electrolysis
system to adjust and stabilize in response to the updated operating points.

This highlights the robustness of the MAS in identifying and responding appropri-
ately to such malfunctions (see REQ 4). Nevertheless, it becomes apparent that, starting
from Period 8 (1.75 h), the MAS can no longer achieve the production targets due to the
inability to fully compensate for the failed electrolysis-PEA. As illustrated in Figure 11,
all electrolysis-PEAs operated at 100% utilization during this period. Despite the failure,
the resilience of the MAS is noteworthy, as the agents attempted to compensate for the
failure to the best of their ability.

In Figure 11, a more detailed examination of the utilization of electrolysis-PEAs is
presented. The electrolysis-PEAs were segmented based on the CapEx( values (EUR 8000,
EUR 2500). Generally, over the periods, it is observed that electrolysis-PEAs with a CapExg
of EUR 8000 are operated at a higher utilization compared to those with a CapEx( of
EUR 2500.
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Figure 11. Variation of electrolysis-PEA operating points throughout scheduling periods, segmented
by CapExq values (EUR 8000, EUR 2500).

This deviation can be attributed to the critical role of CapEx/kW in determining the
operational flexibility of an electrolyzer, as emphasized in [20]. A lower CapEx/kW value
allows electrolyzers to be economically viable even at low utilization. This relationship is
illustrated in Figure 12. The mLCOH curve also visualizes the range within a 0.1 EUR/kg
price range. The electrolysis-PEAs with a CapExy of EUR 8000 exhibit a relatively small
range within this price range, achieving their lowest mLCOH at high operating points
(90%+). In contrast, the electrolysis-PEAs with a EUR 2500 CapExg span a wide range of
possible operating points, where the 0.1 EUR/kg price range is maintained. Consequently,
they can be operated in the range of approximately 40% to 80% with minimal impact on
hydrogen production costs.

The increase in OpEx as its operating point approaches 100% is primarily due to
the higher energy consumption at increased performance levels. As the utilization of
the electrolyzer rises, the amount of energy required also increases, directly influencing
the operational costs. Essentially, the electricity price is multiplied by the amount of
energy consumed by the electrolyzer. Therefore, higher utilization leads to higher energy
consumption and, consequently, increased OpEx.
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Figure 12. OpEx and CapEx contributions to the mLCOH within a 0.1 EUR/kg cost range for an
AEM ELA4 electrolyzer at different operating points. The electricity cost is fixed at 0.05 EUR/kWh.
The scenarios include (a) CapExg of EUR 8000 (as of 2022) and (b) CapEx( of EUR 2500 (as of 2025).

In summary, these results demonstrate that the MAS can accommodate heterogeneous
configurations of modular electrolysis plants. By considering fundamental economic
relationships, the MAS strives to operate each electrolysis-PEA individually in a cost-
optimal manner, allowing the plant operation to meet demand with the lowest hydrogen
production costs.

4.3. Discussion

The results of the case study are discussed regarding their interpretations, implications,
and limitations.

This work presents the development of an MAS designed to optimize the operation of
modular, heterogeneous electrolysis plants based on predefined production targets. First,
a cost-optimal schedule is determined on the basis of the mLCOH that meets the specified
production targets (REQ1). Each PEA agent then controls and monitors the operation of its
associated electrolysis-PEA (REQ3). The MAS configures itself fully automatically and uses
the plant configuration data to identify the required PEA agents (REQ6). The PEA agents,
in turn, use a standardized information source, the SIP, to parameterize their knowledge
bases (REQ7). The connection of a PEA agent to the low-level automation functions of the
electrolysis-PEA is implemented via a standardized interface, namely the MTP interface,
as required by Leitado et al. [8], and enables fast and low-effort integration. It becomes
clear that the SIP in combination with the plant configuration data provides a solid basis
for the automated and, thus, low-effort configuration of the MAS (REQ2). In addition,
the standardized MTP interface enables a simple and fast connection of an agent to the
low-level automation functions of a resource. The MAS exhibits a high level of resilience
to malfunctions, such as those that can occur in an electrolysis-PEA, and thus, enables
resilient operation that reflects the complexity of the real operation of an electrolysis plant
(REQ4-5). In summary, it can be affirmed that all the requirements outlined in Section 2.2
were successfully addressed.

In conclusion, the study demonstrates the suitability of an MAS for application
in modular electrolysis plants. This affirmation aligns with the findings presented by
Reinpold et al. [10], underscoring that MASs are apt at the control and monitoring of
resources, and in accordance with [9], which highlights the high feasibility of MASs
in modular production scenarios. In contrast to existing centralized optimization ap-
proaches [23,24,31], decentralized, agent-based methods prove to be effective and harmo-
nize well with the characteristics of modular electrolysis plants. In decentralized approaches
such as ADMM, local sensor data of the resource can be directly evaluated and considered
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by the corresponding agent for optimization purposes [63]. Regarding the cost-optimal
utilization of an electrolyzer, the results of Badgett et al. [20] are confirmed, stating that
the CapEx/kW ratio is crucial for operational flexibility. It was demonstrated that the
electrolyzer with a CapExg value from 2025 can be operated much more flexibly with
minor impacts on the mLCOH, as depicted in Figure 12. This aspect has been taken into
account by the MAS presented and enables cost-efficient operation, even in heterogeneous
electrolysis-PEAs configurations. These implications further suggest that, whenever possi-
ble, all electrolysis-PEAs in a modular electrolysis plant should be operated. Unlike the
segment principle proposed by Lorenz et al. [25,32], where electrolysis-PEAs are gradually
added at an 80% utilization, this results in a non-cost-efficient load distribution. This is
particularly significant considering that higher utilization of an electrolyzer is associated
with lower efficiency [21], and it is considerably reduced at 80% utilization. These findings
align with Badgett et al. [56], emphasizing that the lower limit for the turndown of the
electrolyzer is a crucial cost driver. The lower the system can scale down hydrogen pro-
duction, the lower the impact of standby mode operation on overall hydrogen production
costs. Consequently, electrolysis-PEAs should be operated from the lower limit. However,
caution must be exercised to avoid frequent startups and shutdowns, a concern that can be
addressed through the use of forecasts.

Additionally, beyond operational optimization, the implementation of new promis-
ing electrode materials, membranes, and electrolyzers is crucial for advancing hydrogen
production technology. Efforts focus on reducing the high costs of essential materials
like platinum, iridium, and titanium in PEM electrolysis, aiming to maintain efficiency
and durability while lowering manufacturing costs [20]. The economic feasibility of these
innovations is key to lowering the LCOH. Research into less expensive, more durable ma-
terials and advanced manufacturing methods is essential [2]. Integrating electrolyzers with
low-cost renewable electricity is also critical, as it reduces operational costs and directly
impacts the LCOH [20].

While Klose et al. [48] outline the information that should generally be encompassed
in the configuration data of modular plants and commercial software products, like the OD,
facilitate the export of such information, there currently exists no standardized framework
for describing this configuration data. Due to this proprietary nature, slight adaptations
may be required for different orchestration tools in modular plant settings to utilize the
configuration data for configuring the MAS.

Although the ADMM generally exhibits characteristics such as superior and rapid
convergence for convex optimization problems [63,64], this alone does not ensure the
optimality of the solution. However, comparable studies, for instance [65], demonstrate
that the solution’s optimality is only marginally compromised with reduced computation
time for handling large instances [25], as may be encountered in modular electrolysis plants.

5. Conclusion and Future Work

In this study, a decentralized Multi-Agent System (MAS) is presented for optimizing
the operation of modular, heterogeneous electrolysis plants. This MAS enables automated
initialization and parameterization tailored to the configuration of the modular electrolysis
plant, integrating seamlessly with the Standard Integration Profile (SIP) for electrolyzers.
This integration, which is based on the Module Type Package (MTP) concept, enables a
standardized and low-effort connection between agents and lower-level automation functions.

The MAS proves to be capable of generating efficient operational schedules for mod-
ular electrolysis plants, aligning with production targets while adapting to operational
deviations, such as electrolyzer malfunctions. It also demonstrates the capability to manage
heterogeneous electrolyzers, focusing on cost-efficient hydrogen production and accommo-
dating individual electrolyzer characteristics.

Future research could explore strategies for compensating periods in which demand is
not met, potentially redistributing production targets in subsequent periods. Additionally,
conducting tests on a real laboratory setup in the Process2Order (P20) laboratory [57]
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would provide valuable insights and validation for the developed approach. In this
context, it would be particularly interesting to investigate the dynamics of the overall
electrolysis system, taking into account factors such as inertia. Moreover, determining the
optimal frequency for transmitting new operating points would be crucial to ensure that
the electrolysis system can effectively respond to these changes.

Moreover, future studies could investigate the overloading capabilities of electrolyzers
and explore critical operational states, such as gas purity, with finer resolution intervals than
the current 15 min. These investigations will provide deeper insights into the operational
flexibilities and safety measures required for large-scale modular electrolysis plants.

Additionally, studies could delve deeper into the heterogeneity of electrolysis tech-
nologies and their interaction with the proposed MAS. For instance, as suggested in [2],
an High-Temperature Electrolysis (HTEL) unit could be utilized for base load operations
due to its higher efficiency, while a Proton Exchange Membrane Electrolysis (PEM) elec-
trolyzer, known for its dynamic response capabilities, could handle peak loads. This
nuanced approach would provide a more detailed understanding of how different electrol-
ysis technologies can be optimally integrated and managed within the MAS framework.
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The following abbreviations are used in this manuscript.

AAS Asset Administration Shell

ADMM Alternating Direction Method of Multipliers
AEL Alkaline Electrolysis

AEM Anion Exchange Membrane Electrolysis
CAEX Computer-Aided Engineering Exchange
CapEx Capital Expenditure

2DECS Development Approach for DEcentralised Control Systems
DSM Demand-Side Management

DT Digital Twin

XML Extensible Markup Language

HTEL High-Temperature Electrolysis

H2PC H2-Production-Coordination

LCOH Levelized Cost of Hydrogen

MAS Multi-Agent System

MILP Mixed-integer linear programming
mLCOH  Marginal Levelized Cost of Hydrogen

MPC Model Predictive Control

MTP Module Type Package

oD Orchestration Designer

oM Operation and Maintenance
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OpEx Operational Expenditure

PEA Process Equipment Assembly

PEA-S PEA-Scheduling

PEM Proton Exchange Membrane Electrolysis
POL Process Orchestration Layer

P20 Process2Order

REQ requirement

SIP Standard Integration Profile
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