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“The longer you live, the more you fail.
Failure is the mark of a life well lived.

In turn, the only way to live without failure
is to be of no use to anyone.

Trust me, I've practiced”

— Wit, in Oathbringer
by Brandon Sanderson
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SUMMARY

This dissertation addresses the emerging challenge of controlling electric power systems
on hydrogen-powered ships equipped with fuel cells and energy storage systems. As
the maritime sector faces stringent decarbonization targets, electrification, hybridization
and hydrogen as a fuel have become central concepts in future ship designs. Modern
shipboard power systems are becoming more complex in topology and componentry, with
heterogeneous power generation and storage technologies, facing high power availability
and reliability requirements. These ambitions are met with enabling technologies, most
prominently DC distribution technology and power electronics converters, that lay the
groundwork for a highly efficient and controllable power system. The key is thus not
necessarily whether we are able to control the system but in how we should control it.
Yet, existing control strategies are not designed for the real-time coordination of multiple
power system components with individual characteristics, leaving untapped potential
for leveraging the high controllability. Even less attention has been given to the specific
challenge of coordinating multiple fuel cells and batteries in DC architectures.

This topic encompasses a multitude of system-level challenges, covering aspects of power
availability, stability, safety, efficiency, resilience, and scalability. Handling these requires
specific attention when investigating the integration of fuel cells and energy storage
systems into DC shipboard power systems. Beyond the vast discrepancy in operational
characteristics between fuel cells and batteries, each component carries individual param-
eters, due to differences in design, rating and state-of-health. In addition, the trends of
containerizing components and aiming at increased resilience shift the design paradigm
from an integrated to a more modular approach. This raises the question of how modular
hardware architectures can be matched with equally modular control strategies. The main
challenge in the operation of complex hydrogen-based ship power systems lies in the coor-
dination of components with different characteristics. This motivates the central research
question on how to design real-time control and energy management strategies that ensure
power availability and efficient resource utilization in modular, hydrogen-based DC ship
power systems.

The dissertation contains contributions for a comprehensive, multi-layered control frame-
work spanning all levels of the power system hierarchy. At the lowest level, it develops
an energy-based voltage stabilization method for parallel DC-DC converters, enabling
adaptive power sharing among batteries and ensuring DC bus stability. Building on this,
it introduces a decentralized coordination strategy for fuel cell-battery hybrid systems
using virtual-impedance-based frequency decoupling, allowing components with different
dynamic capabilities to share load effectively while maintaining voltage restoration and
state-of-charge management. At the energy-management level, the work presents both
offline and real-time optimization strategies. An offline dynamic programming approach
computes globally optimal dispatch schedules that minimize hydrogen consumption and
component degradation, including integer decisions such as fuel cell on-off switching.



xii SUMMARY

For real-time operation, the dissertation proposes a predictive, degradation-aware en-
ergy management system that uses load forecasting to optimize power allocation over
medium-length horizons. The work further extends these methods to modular and dis-
tributed architectures. Through Lagrangian dual decomposition, the dissertation develops
a distributed predictive energy management strategy in which each module optimizes
its own power output while a coordinating agent enforces system-level feasibility. This
architecture enhances scalability and resilience, enabling fault-tolerant operation and
adaptation to heterogeneous component characteristics. The final contribution introduces
topology-aware distributed energy management for multi-bus DC systems, allowing the
energy management strategy to adapt to bus faults, switch states, and spatial distribution
of loads and generators.

Collectively, this dissertation delivers a modular and optimization-based control and energy
management framework. It advances the field by demonstrating that scalable, resilient,
and real-time coordination of multiple fuel cells and energy storage systems is feasible
through a combination of adaptive functionalities, predictive optimization, and distributed
architectures. Overall, the work forms a modular power system control and energy man-
agement for fuel cell-battery DC shipboard power systems. This positions the research as
a significant step toward efficient and resilient, zero-emission maritime power and energy
systems capable of meeting future operational and regulatory demands.
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SAMENVATTING

Dit proefschrift behandelt de opkomende uitdaging elektrische energiesystemen op waterstof-
aangedreven schepen die zijn uitgerust met brandstofcellen en energieopslagsystemen aan
te sturen. Aangezien de maritieme sector momenteel wordt geconfronteerd met strenge
doelstellingen voor decarbonisatie, zijn elektrificatie, hybridisatie en waterstof als brandstof
centrale concepten geworden in toekomstige scheepsontwerpen. Moderne boordsystemen
voor elektrische energie worden steeds complexer in zowel topologie als componentop-
bouw, met heterogene opwek- en opslagtechnologieén die moeten voldoen aan hoge eisen
aan de beschikbaarheid van vermogen en betrouwbaarheid. Deze ambities worden mo-
gelijk gemaakt door faciliterende technologieén, met name DC-distributietechnologie en
vermogenselektronica, die de basis leggen voor een zeer efficiént en goed regelbaar ener-
giesysteem. De kernvraag is daarom niet zozeer 6f we het systeem kunnen inregelen,
maar hoe we het zouden moeten inregelen. Bestaande regelstrategieén zijn echter niet
ontworpen voor de real-time codrdinatie van meerdere energiesysteemcomponenten met
individuele eigenschappen, waardoor potentieel onbenut blijft om de hoge regelbaarheid te
benutten. Nog minder aandacht is besteed aan de specifieke uitdaging van het codrdineren
van meerdere brandstofcellen en batterijen in DC-architecturen.

Dit onderwerp omvat een veelheid aan systeemniveau-uitdagingen, waaronder vermo-
gensbeschikbaarheid, stabiliteit, veiligheid, efficiéntie, weerbaarheid en schaalbaarheid.
Het omgaan hiermee vereist specifieke aandacht bij het onderzoeken van de integratie
van brandstofcellen en energieopslagsystemen in DC-scheepsenergiesystemen. Naast de
grote discrepantie in operationele eigenschappen tussen brandstofcellen en batterijen
heeft elke component individuele parameters, voortkomend uit verschillen in ontwerp,
nominale waarden en staat van degradatie. Daarnaast verschuiven trends zoals functionele
modularisatie van componenten en het streven naar grotere weerbaarheid het ontwerp-
paradigma van geintegreerde naar meer decentrale systemen. Dit roept de vraag op hoe
een modulaire hardwarearchitectuur kan worden gecombineerd met een even modulaire
regelstrategie. De belangrijkste uitdaging in de werking van complexe waterstofgebaseerde
scheepsenergiesystemen ligt dan ook in de codrdinatie van componenten met verschil-
lende eigenschappen. Dit motiveert de centrale onderzoeksvraag: hoe kunnen real-time
regel- en energiemanagementstrategieén worden ontworpen die zowel vermogensbeschik-
baarheid als efficiénte inzet van middelen waarborgen in modulaire, waterstofgebaseerde
DC-scheepsenergiesystemen?

Het proefschrift bevat bijdragen aan een uitgebreid, gelaagd regelraamwerk dat alle niveaus
van de energiesysteemhiérarchie omvat. Op het laagste niveau ontwikkelt het een ener-
giegebaseerde spanningsstabilisatiemethode voor parallelle DC-DC-omzetters, waarmee
adaptieve vermogensdeling tussen batterijen mogelijk wordt gemaakt en de stabiliteit van de
DC-bus wordt gewaarborgd. Hierop voortbouwend introduceert het een gedecentraliseerde
coordinatie voor hybride brandstofcel-batterijsystemen, gebaseerd op frequentieontkoppe-
ling via virtuele impedantie, waardoor componenten met verschillende dynamische eigen-



Xiv SAMENVATTING

schappen effectief vermogen kunnen delen, terwijl spanningsherstel en laadtoestandbeheer
behouden blijven. Op het niveau van energiemanagement presenteert het werk zowel offline
als real-time optimalisatiestrategieén. Een offline dynamische-programmeringsbenadering
berekent globaal optimale vermogensverdelingsschema’s die het waterstofverbruik en
de degradatie van componenten minimaliseren, inclusief discrete beslissingen zoals het
in- en uitschakelen van brandstofcellen. Voor real-time werking stelt het proefschrift
een voorspellend, degradatiebewust energiemanagementsysteem voor dat gebruikmaakt
van belastingvoorspelling om de vermogensverdeling over de middellange tijdshorizon
te optimaliseren. Het werk breidt deze methoden verder uit naar modulaire en gedistri-
bueerde architecturen. Via Lagrangiaanse duale decompositie ontwikkelt het proefschrift
een gedistribueerde voorspellende energiemanagement waarbij elke module zijn eigen
vermogensoutput optimaliseert, terwijl een coordinerend element de haalbaarheid op sys-
teemniveau afdwingt. Deze architectuur verhoogt de schaalbaarheid en weerbaarheid,
en maakt fouttolerante werking en aanpassing aan heterogene componenteigenschappen
mogelijk. De laatste bijdrage introduceert topologie-bewust gedistribueerd energiemana-
gement voor multi-bus DC-systemen, waardoor de energiemanagementstrategie zich kan
aanpassen aan busstoringen, schakeltoestanden en de ruimtelijke verdeling van belastingen
en generatoren.

Gecombineerd levert dit proefschrift een modulair en optimalisatie-gebaseerd regel- en
energiemanagementraamwerk. Het werk toont aan dat schaalbare, weerbare en real-time
codrdinatie van meerdere brandstofcellen en energieopslagsystemen haalbaar is door een
combinatie van adaptieve functionaliteiten, voorspellende optimalisatie en gedistribueerde
architecturen. Concluderend presenteert het onderzoek een modulair regel- en energiema-
nagementconcept voor brandstofcel-gebaseerde DC-scheepsenergiesystemen. Daarmee
positioneert het zich als een belangrijke stap richting efficiénte, weerbare en emissieloze
maritieme energie- en vermogenssystemen die voldoen aan toekomstige operationele eisen
en regelgeving.
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INTRODUCTION

In this dissertation, I am investigating the power system control for shipboard power systems
equipped with hydrogen fuel cells and energy storage systems. Before delving into the matter,
this introductory chapter provides context on the relevance of this topic. I am looking at the
challenges arising from integrating new technologies into increasingly complex ship power
systems. But I am also looking at the opportunities of electrified ships, DC distribution technol-
0gy, power electronics converters, and modern communication and computation capabilities.
The key is thus not necessarily whether we are able to control the system but in how we should
control the system. In my dissertation the focus lies on how to do this for ships with multiple
fuel cells and energy storage systems. The aim of this chapter is to make the reader familiar
with these challenges and opportunities, and to indicate for which specific problems our current
means are insufficient. This leads up to the formulation of my research questions, pointing at
where we lack answers. Not yet, since that is where my work comes into play; to find these
answers.

“Journey before destination.

It cannot be a journey

if it doesn’t have a beginning.”
— Dalinar, in The Way of Kings
by Brandon Sanderson




2 1 INTRODUCTION

His first chapter presents the motivation and context for conducting research on

decarbonizing the maritime sector, and specifically why the power system control
and energy management are key aspects of this endeavor. The topics of ship power
system design and control, with focus on hydrogen-based applications, are introduced in
Section 1.1. To provide background for further investigations within this dissertation, the
main challenges are described in Section 1.2. Finally, in Section 1.3 a problem statement is
formulated based on the identified short-comings of state-of-the-art approaches.

1.1 BACKGROUND

The transport and energy sectors are confronted with a series of challenges, pushing the
industries to develop innovative and sustainable alternatives. The European Commission [1]
and the United Nations [2, 3] have set ambitious goals to reduce greenhouse gas emissions,
prompting the International Maritime Organization [4, 5] to define targets for the reduction
of the carbon impact of ships. Hence, the maritime industry is under pressure to provide
solutions for lowering its dependency on fossil fuels.

Accordingly, more and more effort is put into research for emission-free ships equipped
with alternative power generation and storage technologies, e.g. fuel cells (FCs) and battery
storage systems [6, 7]. A centerpiece of this concept is the utilization of hydrogen. Green
hydrogen, produced from renewable energy sources (RESs), has the potential to serve as
the main power supply onboard a ship. Beyond the environmental aspects, the European
Commission has identified green hydrogen as a key strategic technology to be developed
as a means for the security of energy supply and for the European Union’s vision of the
future energy and transport system [8].

With the SH2IPDRIVE project, a consortium has been brought to life whose goal is to lead
the way for hydrogen in the Dutch maritime sector. A key idea here is the integration of
hydrogen FCs into ships’ power systems. To increase the efficient operation and mitigate
the slow dynamic capabilities of these FCs, they are typically deployed together with
energy storage systems (ESSs) [9]. Such hybrid shipboard power system (SPS) designs
are promising for decarbonizing maritime transport. An overarching challenge for fully
exploiting this technology is the coordination of components. This includes short-term
power sharing and long term power scheduling of FCs and ESSs, the charge management
of storage units, and further aspects such as power reserve allocation [10]. The objectives
are multi-faceted and cover aspects related to availability, stability, safety, efficiency, and
resilience. The design of high-level power system control and energy management strate-
gies (EMSs) boils down to the minimization of operational costs while still meeting all ship-
and mission-specific requirements. In essence, this is a constrained optimization problem,
interspersed with uncertainties that arise from the nature of operating a ship.

1.2 CHALLENGES FOR THE POWER SYSTEM CONTROL

Hydrogen FCs are emerging as the prominent solution in state-of-the-art applications of
emission-free power generation on board ships [11, 12]. These are usually hybridized with
ESSs since FCs have limited dynamic capabilities and are subject to specific operation
characteristics [6]. In order to mitigate the effects of high load gradients and relieve stress
on batteries, several designs additionally add a fast-response ESS, e.g. an ultra-capacitor
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(UC), to form a hybrid energy storage system (HESS) [7, 13]. Due to the nature of FCs
and ESSs, the regarded vessels feature an electric propulsion system with an integrated
power system, with all components including various loads connected to one single power
system [14, 15].

For various reasons, e.g. efficiency, size, modularity and operational flexibility, DC power
systems are deemed an appropriate alternative to the conventional AC technology in
SPSs [16, 17], especially with many DC sources on board, e.g. FCs, batteries and UCs.
Moreover, ship electrification allows the integration of RESs as zero-emission auxiliary
power supplies [12]. A further notable trend is the modularization of generation and
storage components. This facilitates an easy integration and reconfiguration of the SPS
as well as an adaptation to each component’s characteristics. A key challenge in modern
SPSs lies in the coordination of these energy resources, i.e. heterogeneous power supplies
and storage technologies. In the following, relevant criteria for the operation of the power
system are elaborated.

Power Availability: The main goal for the power system design and control strategy is
to ensure sufficient power availability for its subsystems at all times, so that their proper
functionality according to system requirements can be ensured. This encompasses both
the availability of energy for the mission duration, and sufficient dynamic capabilities to
cover peaks and high load ramps.

System Stability: The stability of the DC power system forms the foundation for an
operable and resilient electric distribution. With power generation and loads in balance,
the voltage is kept stable. However, tightly controlled and fluctuating loads as well as
generation are a challenge for the stabilization. The control strategy is tasked to keep the
DC voltage within a specified band to prevent a black-out and maintain a sufficient quality
of supply.

Safety: Both on a component- and system-level, the system operation is constrained by
certain limitations. On a component-level, source-specific limits, e.g. maximum currents,
must be respected. Additional requirements apply on the system-level in order to ensure
safe operation of the equipment.

Efficiency: A key measurement of performance for the assessment of a control strategy
is the total energy consumption. In a hydrogen-based SPS, the main contributors are the
hydrogen consumption and additionally consumed shore power. Energy consumption is a
central factor in the operation costs and a limiting factor for the reach of a vessel. Another
emphasis aspect related to the efficiency is the component wear. Specifically, FC systems
and battery systems degrade based on their operation, which should be accounted for in
the control design.

Resilience: The system’s resilience refers to the ability of the SPS to minimize the effect of
uncertainties on the performance of the power system. A key aspect here is its adaptability
to altered circumstances, e.g. faults, topology changes, parameter uncertainties, and
external influences. This specifically includes the ability to reconfigure and continue
operation after a fault.

Scalability: An important criterion for an operation strategy to be viable for a broad range
of ship types and technologies is its scalability. In this context, this refers to the integration
of additional power supplies and storage systems of both the same type as well as new
technologies. For the control strategy to be flexible in this regard, it needs to be able to
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Figure 1.1: Division of control hierarchy into local, coordinated and high-level control layers

adapt to a scaling and reconfiguration of the SPS. A specific aspect is the modularity of a
control strategy, allowing an extension of the power system in a plug-and-play fashion
with minimal required changes for the system-level control.

The control of the SPS is usually divided into different layers, forming a hierarchical control
[16, 18], as shown in Figure 1.1. In the following, a generalized overview of these layers
and their objectives is given in order to contextualize the proposed research.

On the bottom layer, control loops for the components’ current and voltage outputs are im-
plemented. In modern SPSs, this is realized via power electronics interfaces, connecting the
components to the distribution bus [10, 19]. Additionally, this layer includes control loops
for the components’ inner state variables, balance of plant, and component level protection
functions. Local control is usually encapsulated and does not require communication,
although target values are normally received from a higher control layer.

One layer above, the coordinated control is situated. It manages the interaction between
the different generation, storage and load components. An efficient power sharing strategy
is needed to mitigate imbalances between load and generation in both steady-state and
dynamic conditions. Power flows are controlled to stabilize and regulate the DC voltage,
and manage the state-of-charge (SoC) of ESSs. The coordinated control works on dynamic
processes and accordingly the differing characteristics and limitations of all components
need to be considered [16]. E.g. FCs with low dynamic capabilities can be complemented
by ESSs providing high power gradients [6, 9]. Various functionalities of the coordinated
control can be realized in a decentralized, distributed or centralized fashion and require
low- or high-bandwidth communication depending on the specific strategy.

On a higher level, the energy management is responsible for the scheduling of power
generation and storage components to meet the required load. The resources are allocated
so that each component can operate in an efficient operating range, while respecting their
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Figure 1.2: Overview of archetypal control architectures for power systems

limited generation and storage capabilities. Hence, the EMS is responsible for an optimized
use of energy resources, usually following economic objectives [16].

The cyber-physical system is equipped with local controllers for each component and one
or multiple central control units. Each power system control function can be distributed in
various ways among these controllers. Archetypal control architectures are decentralized,
centralized, and distributed approaches. A federated architecture is an additional, hybrid
type where distributed control methods are deployed, yet information sharing is handled
via a central coordinator. An overview is shown in Figure 1.2. Typically the fast, low-
level control loops are implemented in a decentralized fashion whereas long-timescale,
computation-heavy energy management is conventionally handled centrally [10]. However,
these approaches are not fixed. Especially distributed implementations have emerged as
a more resilient and scalable alternative for coordination in cyber-physical systems [20].
Accordingly, the investigation of control architectures to realize coordinated control and
energy management functionalities offers an opportunity to shape a modular power system
control onboard ships.

Currently, most applications and case studies for hydrogen-based SPSs are limited to small
passenger ships and ferries [21-24]. Those ship types have comparably low power levels
and operate over short distances. Furthermore, their power systems are usually simple due
to low redundancy requirements. The development of viable and competitive solutions
for high energy and high power applications, as well as more complex system layouts,
would mean a decisive step forward for zero-emission shipping. This furthermore includes
the necessary coordination of multiple, different parallel generation components in a
multi-bus configuration. Additionally, a modular approach for the power system design
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promises benefits regarding an easy integration, retrofit and extension with new power
system technologies, and an increased resilience towards faults, parameter changes and
operational uncertainties.

1.3 RESEARCH OPPORTUNITIES

A literature review on the design and control of zero-emission SPSs has been conducted
in order to identify current trends and research opportunities. A more detailed analysis
follows in Chapter 2. Key developments include the electrification and integration of
the power system, the use of DC technology and the introduction of ESSs. A next aim
is the decarbonization, with much attention on the FC as main power supply and the
exploitation of renewable energy resources. Moreover, a modular approach in the ship
design and control has been identified as a key trend. The main challenge in the operation
of complex hydrogen-based ship power systems lies in the coordination of components
with different characteristics. Multi aspects need to be accounted for with the key being
high power availability and efficiency providing a safe, resilient and adaptable platform.
With an increasing number of heterogeneous components with unique characteristics, the
challenge grows and begs the questions, whether a modular approach to the power system
control is viable. The proposed research focuses on real-time applicable methods covering
all required aspects to implement power system control and energy management in system-
and component-level controllers. The problem statement is formulated as follows:

How can the real-time control for the electric power system in a hydrogen-based ship with DC
distribution integrating modular generation and storage devices be designed to ensure power
availability and an efficient utilization of its resources?

The problem statement is broken down into a series of research questions, which are
being addressed over the course of this thesis.

1. What are suitable methods and architectures for the power system control in shipboard
DC distribution systems and for the energy management of fuel cell-battery ships?

2. How can a stable bus voltage, in DC shipboard power systems with parallel converter-
interfaced batteries, be ensured?

3. How can the multiple fuel cells and batteries in a hybrid ship energy system be coordi-
nated such that each component is operated based on its static and dynamic character-
istics and constraints?

4. How can the energy management in a fuel cell-battery shipboard power system be
optimized under consideration of efficiency and component degradation?

5. How can an optimized energy management strategy be implemented in a modular
DC shipboard power system considering its resilience towards parameter uncertainties,
faults, and scalability?
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1.4 THESIS OUTLINE

This thesis covers multiple aspects of the power system control and energy management
for SPSs. A common aspect among the investigations is the power system design, namely
an electrified system with DC distribution technology. FCs and batteries are connected
to the system via DC-DC converters, facilitating full control of current flows among the
system. A further aspect is the modularity of the system design, with specific interest in
methods able to handle a broad range of generation and storage modules with different
characteristics and capabilities, and to adapt to flexible system constellations. Figure 1.3
shows a graphical representation of the thesis outline and the connection between research
questions and chapters.

Chapter 2 provides an overview of the state-of-the-art when it comes to power system
control in shipboard power systems with a specific interest in hydrogen-based power
systems. This covers methods from local control of DC-DC converters, over fast timescale
coordination of parallel components for voltage stabilization, all the way up to predictive
power dispatch optimization in the top-layer. It also covers a variety of control architectures
and communication layouts with an interest in methods that meet the modularity and
adaptability aspects. This chapter culminates in the identification of research gaps, which
have served in the formulation of research questions and design of investigations presented
in further chapters.

Chapter 3 investigates the fastest power system control layer. It presents a method for
parallel control of DC-DC converters aiming at voltage stabilization and restoration. This
is intended to be used with components that support high power gradients, specifically
aimed at the batteries. In addition, this method manages the power sharing among batteries
according to their power availability, realizing the adaptability aspect.

Chapter 4 builds on the previous chapter and includes the FC in the coordinated control.
Here, a decentralized power sharing method for FCs and batteries is presented that handles
the varying dynamic capabilities by introducing virtual impedance-based droop controllers
that results in a frequency-based separation of the load into high- and low-frequency parts,
which are met by the respective components. This investigation further covers voltage
restoration and SoC management functionalities, thus providing a comprehensive power
system control method for FC-battery hybrid ships.

Chapter 5 moves the focus to long-term operation and optimization, presenting an offline-
computed global optimization of the energy management. It aims at the minimization of
operational costs, consisting of hydrogen consumption and cell degradation in a system
with multiple FCs. A specific emphasis of this study is on the on- and off switching of indi-
vidual modules, which introduces an integer-valued decision-making in the power system
operation. The study solves the formulated problem through an efficient implementation
of dynamic programming.

Opposed to the previous offline computation, Chapter 6 investigates the real-time applica-
tion of energy management methods, providing a method for the high-level control layer.
It shows an optimization-based and degradation-aware EMS for a FC-battery SPS, albeit
with a centralized architecture. In a first step, an equivalent cost minimization strategy is
formulated for instantaneous optimization of the power split. Then, leveraging data-driven
load forecasting, the instantaneous strategy is extended into a predictive EMS optimizing
over medium-length time intervals of up to an hour.
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Chapter 7 connects the findings of the predictive optimization from the previous chapter
with the modularity aspect by defining a predictive EMS with a distributed architecture.
Through Lagrangian dual decomposition, each module is enabled to optimize their own
locally-feasible power output, while a federating agent ensures power balance via a gradient-
based solver. In addition, a local decision-making heuristic is implemented for the state of
each FC module. The method is demonstrated for a modular FC-battery SPS where each
component has unique ratings and parameters, and finally the fault-tolerant operation
with this strategy underscores the resilience of distributed control approaches.

Chapter 8 extends the distributed energy management by topology-awareness, making
it applicable to multi-bus architectures. This incorporates an adaptation to the physical
topology determined by location of power loads and generation, the states of bus-ties, and
an optimization of power flows through closed switches. These aspects further enhance the
resilience of the the energy management for meshed DC systems, allowing an adaptation
to bus faults.

Chapter 9 concludes this dissertation by reviewing its investigations, highlighting the
findings, and reflecting on the progress in context of the original problem statement.
The focus lies on connecting each contribution to the research questions posed in the
introductory chapter, with the aim of providing comprehensive answers.






11
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REVIEW OF POWER SYSTEM
CONTROL IN SHIPBOARD POWER
SYSTEMS

This chapter provides context on the state-of-the-art of power system control onboard ships.
Through a literature review, I investigated what control functionalities are relevant for the
electric system, specifically for DC distribution. This gives an overview of the various layers
and objectives in a control hierarchy, and in which architectures these can be organized. For
each generic approach, 1 list a series of relevant studies that apply them for ships, ranging from
simple rule-based strategies to elaborate predictive, optimization-based strategies. My focus
lies on singling out strategies applicable to hydrogen-based power systems and promising for
the modular integration of heterogeneous components. The findings from this chapter were
the driving element in defining the direction of my research and formulating my problem
statement.

“I seek the truth.
Wherever it may be,
whoever may hold it.
That’s who I am.”

— Shallan, in Words of Radiance
by Brandon Sanderson

This chapter is published with minor modifications as Power System Control in DC Shipboard Power Systems: A
Review of Methods and Architectures, in: IEEE Access, 2025 [25]
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He design of modern shipboard power systems (SPSs) features an increasing system
T complexity due to its number of power generation, energy storage, and demanding
loads, while requirements on availability, reliability, and other factors put additional strain
on the power system. On the other side, modern equipment, especially due to power con-
verters, high computational power, and fast communication technology, yield an increasing
plethora of opportunities for the control of the SPS. This chapter is dedicated to giving an
overview of the underlying challenges and functionalities for the operation of a vessel’s
power distribution system. It presents typical control hierarchies, architectures, and meth-
ods, with a specific focus on approaches that support the operation of electrified DC SPSs
with heterogeneous power system resources. A proper coordination of the power system
components is not only required to ensure power availability and an efficient utilization of
resources, but also for the system’s reliable and fault-tolerant operation. For the control of
the SPS, many parallels can be drawn to the terrestrial power system, especially regarding
the system design and control architectures. In the same regard, mission- or trip-based
energy management strategies are pioneered in automotive systems. However, the specific
demands arising from the operation in a maritime environment lead to dedicated control
strategies. As a first step, the prevalent control architectures and archetypal communication
layouts in ships are reviewed. Moreover, the SPS control is dissected into distinct layers
whose tasks and functionalities are identified, leading to a differentiation between local
control, coordinated control and energy management. This chapter presents an overview of
methods applied on different layers and with differing communication layouts. A specific
interest in control approaches suitable for modular and zero-emission SPSs designs is
brought forward.

2.1 CoNTROL HIERARCHY

Whereas small-scale power systems can be approached with a very simple control strategy,
the control architecture in complex power systems is commonly organized in a hierarchi-
cal structure. Hierarchical control is state-of-the-art in terrestrial power grids [26], and
commonly also adopted in shipboard power grids [10]. Typically, the bandwidth of control
loops is increasing towards the lower layers, with high-speed control algorithms typically
implemented in the component level control.

The literature provides various definitions and nomenclatures for the tasks and scope of
control layers. A general description of a standardized three-level control hierarchy in
power systems is brought forward by [26], usually adopted in microgrid control [27-29],
and also in several maritime studies [18, 30]. However, other researchers prefer to separate
between low-level and high-level control [31, 32] or between local and coordinated control
[16]. The coordinated control is further divided into power and energy management in [33].
In this thesis, I will follow the nomenclature from [33, 34], differentiating between power
system control and a high-level control layer, in which the energy management functions
are located. The power system control is further divided into local and coordinated control.
The hierarchy is sketched in Fig. 2.1. The tasks, scope and functionalities of these three
layers are described as follows.
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Figure 2.1: Hierarchical Control Layers

2.1.1 LocaL CONTROL

On the component level, control-loops for the output current and voltage of power gener-
ation, storage systems and controllable loads are implemented. In modern DC SPSs, the
current and voltage control is usually realized via a power electronics interface, connecting
the component to the distribution bus [10, 19]. Additionally, this layer includes controllers
for the components’ inner state variables, balance of plant, as well as component level
protection functions. The local control is usually encapsulated and does not require com-
munication. However, information exchange with a higher-level is required for receiving
reference values and providing local states and measurements.

2.1.2 COORDINATED CONTROL

The coordinated control is mainly responsible for establishing an efficient power sharing
among the generation devices and establishing an instantaneous power balance in the
system. Moreover, this layer is responsible for operation within system-level operational
constraints, e.g. DC bus voltage regulation [10], battery state-of-charge (SoC) balancing,
and protection functions. An overview on fault detection, protection and reconfiguration
methods in SPSs is described in [35].

2.1.3 HicH-LEVEL CONTROL

On the high-level control layer, functions for the monitoring, optimization and decision-
making in the operation of the system and its interaction with other systems are imple-
mented. My dissertation focuses predominantly on the energy management, responsible
for the dispatch of power system resources in order to satisfy the system’s operational
requirements, usually involving economic or strategic objectives. Furthermore, several
works incorporate maneuvering control [36, 37] and voyage scheduling [38]. In most cases,
due to the limited size of SPSs, a central controller is preferred for the energy management
strategy (EMS). Thus, all information can be taken into account for optimal control actions.
However, depending on the size and, furthermore, redundancy requirements of a vessel, a
distributed approach for the energy management can be feasible as well [39].
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2.2 CONTROL ARCHITECTURES

The cyber-physical system includes local and centralized controllers. Control architectures
differ in how functions are allocated to the controllers and how the communication network
between the controllers is established. The distinct schemes follow either a centralized, a
decentralized or a distributed approach. A review of power system control strategies and
their categorization into these three schemes is presented in [19] where the focus is on
stabilization techniques on the coordinated control layer for DC micro-grids. The different
architectures are shown in Fig. 2.2.

2.2.1 CENTRALIZED CONTROL

An architecture employing a centralized layout is able to benefit from a central optimization
of the energy management or power system control, due to a global information awareness
in one central controller [40]. However, such a system requires an extensive communication
infrastructure enabling high-bandwidth data exchange between the central controller and
all local controllers. Especially in systems that are large in size or amount of controlled
components, this can become unfeasible [41]. Furthermore, the central controller poses a
single point of failure, leading to a low fault-tolerance of the control system.

2.2.2 DECENTRALIZED CONTROL

A decentralized architecture is characterized by a lack of dedicated communication infras-
tructure. Instead, the system elements operate based on local measurements of system
wide quantities, such as bus voltage or frequency [19]. The absence of a dedicated com-
munication network for a coordinated control of the power system makes this approach
inexpensive, simple to set up, robust and easily scalable. Especially for primary control
in systems with long distances, such as terrestrial power grids, a decentralized control
approach is preferred [41].

2.2.3 D1STRIBUTED CONTROL

In applications where coordination is required but a centralized unit is either not feasible or
not desired, distributed control offers a promising alternative [42]. In this architecture, the
main computations are implemented locally while a communication network is used for ex-
changing information. A key for the application lies in the minimization of communication
overhead and information exchange. [27] notes that distributed control for coordinated
functionalities attracts interest due to its reliability, stability, and facilitation of easy net-
work expansion (plug-and-play characteristic [15]). [43] discusses the implementation of
distributed EMSs as a candidate solution to enhance the survivability and robustness of
the power system to meet the increasing requirements in naval vessels. Architectures can
be further divided into federated and fully distributed implementations [44]. The former
features a central coordinator that aggregates and broadcasts information from distributed
units. A fully distributed setup only has communication among local controllers, typically
with a sparse network. This setup requires consensus algorithms for determining shared
control variables.
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Figure 2.2: Archetypal control architectures, from [19]

2.2.4 COMMUNICATION NETWORK

One can typically differentiate between high- and low-bandwidth communication networks
for the coordinated control in a power system. Information exchange for real-time control
of distributed components requires a high bandwidth communication, e.g. in a network
with a centralized controller computing power references for all local controllers. The
required communication would be expensive, especially with increasing system size and
the communication network posing a single point of failure [45]. Alternatively, a low-
bandwidth (LBW) communication network can be used for the exchange of information,
while considerably faster control functions are implemented locally, shaping a federated
setup. For instance, [46] uses low-bandwidth communication to realize adaptive function-
alities in a central controller, so a communication failure would only result in a loss of
adaptability. Distributed control architectures typically use low-bandwidth communication
for implementing consensus-based algorithms [20, 47, 48], completely bypassing a central
coordinator. Moreover, decentralized control can be considered to be communication-less,
using only the DC bus voltage as information carrier [49].

2.3 LocaL CONTROL

The various power system resources in a DC power system are typically interfaced by a
power converter, depending on the source type. Most relevant zero-emission technologies,
e.g. fuel cells (FCs), batteries, capacitors, provide a DC output and are therefore connected
with a DC-DC converter. This is typically a uni- (for power supplies) or bi-directional
(energy storage) boost converter. In order to regulate the output of the source, the power
electronics interface is current or voltage controlled, depending on the chosen strategy.
Furthermore, component- or converter-specific local constraints, e.g. on the current, voltage
or ramp rates are respected by the local control. A recent review on advanced control
strategies for DC-DC converters in DC systems is presented by [50].

The common approach for tracking the current reference in power electronics converters is
via proportional-integral (PI) control and pulse-width modulation (PWM) to set the voltage,
which is easy to implement and tune. However, for systems with specific requirements
for high control accuracy or robustness, more advanced methods might be required [51].
Especially non-linearities in the components lead to instabilities and performance degra-
dation with conventional methods. [52] reviews various non-linear control strategies for
DC-DC converters to stabilize the DC-grid voltage under the influence of constant power
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loads (CPLs).

A popular method for the control of DC-DC converters is sliding-mode control due to its
robustness when implemented in non-linear systems. [46] employs such a controller to
track the reference output voltage and current in a DC-DC converter interfacing an energy
storage system (ESS). However, due to its fast switching it is typically limited to low power
applications.

[51] uses distributed model predictive control (MPC) controllers for the current control
of DC-DC converters which serve as interfaces for photovoltaic (PV) and FC systems to
the DC-link. This solution is presented as an alternative to classic PI control and uses a
simplified MPC with a prediction model for the inductor current. A prediction horizon
of one switching period is implemented where the control inputs are chosen so that
the deviation from the reference current is minimized. [53] additionally presents local
MPC controllers for batteries and diesel generators (DGs). A challenge for MPC arises
from the high computational requirements in real-time control, especially with increasing
complexity and prediction horizon of the optimization problem.

The researchers in [54] investigate the accuracy of control algorithms for the DC-DC
converters in a DC power system. In a case study, the boost converter supplying a CPL is
investigated and a sliding-mode controller based fuzzy-logic approach is proposed for the
current control. A conventional PI controller and an MPC approach are used as benchmark
solutions and it was shown that the used approach yields significantly improved power
and voltage tracking and stabilization of the DC-link voltage under changing operation
conditions.

The reference values for current and voltage control of the distributed components is
dependent on the source-dependent functions. While main power supplies and ESSs are
typically involved in the coordinated control for power sharing, auxiliary power supplies,
especially renewable energy sources (RESs), are often operated with maximum power point
tracking [12, 55]. However, curtailment of RESs can be a supportive function in the system
stabilization [31].

Loads are subject to inputs from the user or a high-level control layer. The current of power
electronics interfaced loads is tightly controlled, making them appear as CPLs to the DC
system [52, 56]. Load limiting control can be utilized as a tool in power system control by
degrading the height or gradient of the power demand [36, 57, 58].

A challenge with many advanced DC-DC converter control strategies is their scalability.
Complex stabilization methods that are designed for a single power supply are not applicable
to multiple parallel supplies, and much less for a modular power system with heterogeneous
resources.

2.4 COORDINATED CONTROL

As already outlined in section 2.1, the primary objective of the power system control is
to maintain operational constraints, e.g. voltage stability and power availability, and to
achieve an accurate steady-state and dynamic power sharing [59]. With the introduction
of ESSs, the management and balancing of SoC has become an additional challenge. The
parallels between SPSs and islanded microgrids are regularly pointed out in the litera-
ture, however, the challenge of power system control in SPSs meets additional, specific
challenges [60]. E.g., high load fluctuations and environmental influences as well as short
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lines with low impedances are notable differences. Moreover, ships have to deal with
specific reliability and power quality requirements. In the following, the challenges for the
coordinated control to achieve power sharing and voltage stability in SPSs are summarized:
Fluctuating loads and intermittent generation: An essential difference between ship-
board and terrestrial power systems is the high amount of fluctuating loads in the MW-range
[60] for propulsion and service equipment. It is important to maintain sufficient quality
of power supply while ensuring power availability. While terrestrial grid applications
focus on steady-state power sharing, an efficient dynamic power sharing is a necessity in
SPSs. [61] points out that intermittent generation from renewables effectively functions as
a negative load, since these are typically current-controlled to supply maximum power.
Although rarely used in SPSs, these sources can further de-stabilize the power system.
Constant and pulsed power loads: One major challenge for the stability in DC power
systems is the presence of CPLs [37]. These are tightly regulated loads which draw a
constant power, resulting in an increasing current when the DC-link voltage falls [52].
This problem is reviewed in detail by [56] who furthermore presents strategies for the
mitigation of effects from CPLs. Another type of load, which is extensively discussed in
the literature, are pulsed power loads. Especially in the naval field, advanced weaponry
systems and sensors have a high, intermittent power draw with a detrimental effect on
power system stability [15]. Mitigation methods for these adverse effects of pulsed loads
are accordingly studied in several works [62, 63].

Lack of inertia: Systems with a high share of converter-interfaced generation and low
inertia are particularly susceptible to voltage instabilities. For this reason, suitable strategies
for stabilizing the grid are needed [64, 65].

Quality of power supply: [14] mentions frequency and voltage deviations and harmonic
distortions as main challenges for the coordinated control in ships. Power quality is in-
creasingly becoming important as a design target for ships [15]. An extensive review on
power quality and energy efficiency issues in maritime micro-grids is conducted in [66].
Fault handling: Depending on specific reliability requirements, the power system is re-
quired to ride through fault scenarios. Therefore, the coordinated control needs to mitigate
the effects from faults and re-establish stable operation [55, 57].

Heterogeneous capabilities: A decisive factor in the coordinated control is the consider-
ation of differing characteristics of power sources and storage systems [10]. Power sources,
such as conventional DGs and FCs, have low dynamic capabilities and are preferably oper-
ated in their efficient operation range. ESSs show varying power and energy characteristics,
hence both their available power, power gradients and SoC range play an important role in
their optimal utilization [7].

Component degradation: The lifetime of many components is influenced significantly
by their operating profile. Especially FCs [67, 68] and batteries [7] are expensive to replace
and susceptible to degradation. Hence, lifetime prolongation by keeping their power output
and the batteries’ SoC steady and within an efficient range, is key for the reduction of
operating costs [10].

As described in section 2.2, control approaches can be categorized into centralized, decen-
tralized and distributed methods. In the following, common approaches for coordinated
control in DC SPSs with power electronics interfaced generation, storage and load compo-
nents are reviewed. The main question here is what methods are appropriate to overcome
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the prevalent challenges for power system stability and efficient power sharing in DC
SPSs and what conclusions we can draw for coordinated control in zero emission ships
(ZESs). The focus lies on methods for (dynamic) power sharing, voltage restoration, and
SoC balancing. Overviews of their applications in SPSs are listed in Tables 2.1, 2.2, 2.3,
and 2.4.

2.4.1 DECENTRALIZED COORDINATED CONTROL

A common decentralized method for power sharing in microgrids is droop control. Various
modified droop methods are commonly used for load sharing and system stabilization
as part of primary control [41], and typically implemented as a P/V or I/V droop in DC
power systems [10, 64]. This method uses the DC bus voltage as information carrier.
However, challenging issues are unknown line impedances, inefficient dynamic power
sharing and a residual bus voltage deviation. This method is easy to set up with the droop
gain of generators normally proportional to their power rating [19]. As noted by [18],
conventional droop control for power sharing and voltage stabilization is not recommended
in diesel-dominant systems due to the efficiency drops and slow transients of the internal
combustion engine. This can be extended to ZESs with FC systems which should preferably
be operated steadily and within their optimal operation range. However, the inclusion of
ESSs presents additional opportunities for efficient power system control methods.

[69] presents a decentralized droop for power sharing between parallel DGs in an SPS,
embedded within a hierarchical control scheme. However, as noted in [18], limitations of
conventional droop arise due to efficiency drops at off-design conditions and low transients
of the DGs. In addition, droop control leads to inefficiencies in dynamic conditions and the
power sharing problem becomes more complex as soon as power generation and storage
with differing dynamic characteristics are added. To handle this, different component types
are equipped with specific local controls, depending on their characteristics. [70] and [18]
assign low or even zero gain to DGs and FCs, leaving the batteries to cover large power
mismatches. These schemes then rely on the EMS to provide an efficient references for the
main power supplies. Various methods for power sharing in DC SPSs are listed in Table 2.1.

Power System Communication Method Ref.
DG Decentralized Droop [69]
DG-Bat Decentralized Droop [70]
GT-Bat-UC Decentralized Inverse droop [18]
GT-Bat Federated Adaptive droop [71]
DG-Bat-CI Federated Adaptive droop  [60]
DG-Bat Federated Adaptive droop [72]
Bat Federated Adaptive droop  [46]
GT-FC-Bat Centralized PI [73]
DG-Bat Centralized Master-Slave [74]

Table 2.1: Power sharing approaches in DC ships

These droop control schemes with virtual resistances are primarily designed for steady-state
power sharing, which is inefficient under fluctuating loads. To mitigate this, [75, 76] propose
a virtual impedance to achieve a frequency separation, based on the dynamic characteristics
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of power system components. Accordingly, fast-response components, e.g. batteries or
ultra-capacitors (UCs) can react immediately to voltage deviations, while energy-dense
technologies, e.g. DGs or FCs, can be tuned to change their output efficiently, matching
their capabilities. [77] uses virtual capacitances for UC control in a DC microgrid for
stabilization under surge loads, showcasing the plug-and-play capability of this approach.
The remaining voltage deviation created by droop control is not necessarily critical, but can
lead to undesired side-effects. A decentralized method for voltage restoration is via local
PI controllers [18, 78]. Table 2.2 lists applications for the voltage regulation in DC ships.
However, fully decentralized control for the voltage restoration with multiple parallel units
is challenging due to stability issues and circulating currents.

Power System Communication Method Ref.
DG-Bat Decentralized Local PI loop [78]
GT-Bat-UC Decentralized Local PI loop [18]
DG Centralized Central PIloop  [69]
GT-FC-Bat Centralized Central PIloop  [73]
DG Distributed Voltage shifting  [20]
Bat-PV Distributed Voltage shifting  [48]

Table 2.2: Voltage restoration approaches in DC ships

In addition to power sharing and voltage regulation, the balancing of SoCs among parallel
ESSs is required. One option is to employ adaptive droop coefficients based on each
storage’s SoC [79, 80]. This approach is quite popular in the maritime sector for power
sharing and voltage stabilization as observed in [60, 71, 78]. The virtual impedance of
the droop controllers is adjusted based on the SoC so that batteries with a high charge
contribute more to the power sharing. In [81], this approach is extended to a DC seaport
microgrid for communication-less power sharing among multiple ships. As an alternative
to adapting droop coefficients, SoC management can be done by voltage switching [48] or
current correction [75]. However, for improved accuracy, these approaches usually include
aggregated information, e.g. average SoC, from a federating agent. The different strategies
for SoC management are summarized in Table 2.3.

Power System Communication Method Ref.
DG-Bat Decentralized Adaptive Droop [78]
GT-Bat Federated Adaptive Droop [71]
DG-Bat-CI Federated Adaptive Droop [60]
DG-Bat-UC-FW!  Federated Current Correction  [75]
Bat Centralized Voltage shifting [46]
Bat-PV Distributed Voltage shifting [48]

Table 2.3: SoC balancing approaches in DC ships

! fly-wheel
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2.4.2 CENTRALIZED COORDINATED CONTROL

The availability of information in a central controller with high-bandwidth communication
enables a more efficient coordination of all power system components. [69] implements
a central PI controller for voltage restoration by adjusting the output voltage of the syn-
chronous generators, while power sharing is still realized with droop control. Similarly, in
[73] a central PI controller determines the required total DC-link current for stabilizing
the voltage. This current is split to the power sources based on a given ratio from an EMS.
An application of power sharing with a central controller, implemented in a master-slave
configuration with the ESS controller as master controller, is shown in [74]. The power
sharing is taken over by the energy storage devices while the main supplies can operate in
their efficient operating point. Constraints on the SoC of the ESS are disregarded here, and
this approach requires a sufficiently sized storage to function efficiently.

A frequency-based separation of the load power in order to assign differing frequency
bands to generating devices with differing response times is presented in [82]. A series
of low-pass filters is employed to compute power references with differing band-widths
to DGs, batteries and UCs, according to their capabilities. A much-discussed measure for
the enhancement of dynamic capabilities is the combination of an energy-dense with a
power-dense ESS technology into a hybrid energy storage system (HESS). The coordination
of dynamic power generation and storage in both systems is a challenge for which typically
a central HESS-controller is used. Some of the proposed approaches can be extended to
include the main power supply as well. [45] uses a filter-based approach for separating high
frequency load fluctuations to be mitigated using the UC while the battery is covering low
frequency load changes. Here, the load power is directly transferred to power references.
Similarly, [61] employs a HESS with load frequency-separation in order to mitigate effects of
fluctuating PV generation. In the same fashion the frequency separation of load fluctuations
is achieved using a wavelet transform in [83] where a semi-active HESS topology is used.
In [18] the filter-based approach is combined with an underlying droop control for parallel
connected HESSs. An alternative approach aiming for voltage stability is proposed in [45]
where deviations from the DC-link reference voltage are used to generate PI-controlled
current references for the battery and UC. Table 2.4 lists the described methods for dynamic
power sharing in DC SPSs.

Power System Communication Method Ref.
DG-UC Decentralized Resistive-Capacitive Droop  [77]
Bat-UC Decentralized Resistive-Capacitive Droop  [76]
DG-Bat-UC-FW  Decentralized Resistive-Capacitive Droop  [75]
DG-Bat-UC Centralized Load-filtering [82]
Bat-UC Centralized Load-filtering [45]
DG-Bat-UC-PV  Centralized Load-filtering [61]
GT-Bat-UC Centralized Load-filtering [18]
FC-Bat-UC Centralized Adaptive load filter [84]
FC-Bat-UC-PV  Centralized Wavelet transform [61]
DG-Bat-UC Centralized PI loop [45]

Table 2.4: Dynamic power sharing approaches in DC ships
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2.4.3 PREDICTIVE COORDINATED CONTROL

Several researchers investigate the utilization of predictive control for optimal coordination
of power system resources by explicitly formulating control objectives and constraints
and leveraging predictions. MPC is able to realize multiple functions simultaneously, e.g.
dynamic power sharing and voltage regulation. In [37] the stabilization of the DC-link
voltage with MPC under the effects of CPLs and sudden changes in loading conditions
of a diesel-electric power system is demonstrated. Load forecasts are obtained from a
higher-level motion controller. An extension to a battery hybrid system is shown in [53],
implementing a multi-level MPC. Here, a system-level MPC computes current set-points
for all components, which are tracked by component-level predictive controllers. [85]
expands the problem formulation to holistically include system efficiency, component
wear, thrust production and DC voltage deviations. [86] conducts a joint optimization of
switching actions in parallel active front-end rectifiers and DC-DC converters to minimize
the deviation from power and voltage setpoints.

MPC also receives much attention for the control of HESSs. Proposed methods for HESS
control can also be expanded to systems incorporating a broader variety of technologies.
[13] coordinates the power flows with a battery and UC using an MPC with the aim of
minimizing the total losses of the HESS while keeping the system states within its defined
boundaries. [87] proposes a real-time MPC approach for addressing both fluctuating loads
as well as pulsed power loads. This work is later expanded upon by an adaptive MPC
considering uncertainties of the HESS parameters [88].

[62] uses MPC for real-time generation control of gas turbines (GTs) and voltage stability of
anaval DC power system with pulsed loads. The power system analyzed in [63] additionally
incorporates a HESS to improve voltage stabilization and load leveling for the main power
supplies. The results show that such an approach is effective in providing voltage stability
under extreme load fluctuations while keeping system variables within defined limits.
Various studies on MPC for coordinated control are summarized in Table 2.5.

2.4.4 D1STRIBUTED COORDINATED CONTROL

Whereas the previously mentioned approaches rely on a high-bandwidth communication
and computation in a centralized controller, concerns for system scalability, reliability and
survivability constitute the development of distributed approaches. In [47], power sharing
in a DC microgrid is implemented in the local controllers, enhanced by low-bandwidth
information exchange via a common bus. [92] describes how cooperative control can be
employed in DC microgrids, e.g. for voltage restoration.

[20] presents a hierarchical control scheme with distributed voltage regulation for a medium-
voltage DC power system with parallel DGs. Power sharing is decentralized via droop
control, while a consensus-based algorithm introduces corrective terms on the output
voltage reference of the rectifiers to regulate voltage and increase fuel efficiency of the
engines. An application for distributed control using a multi-agent system for power sharing
and balancing of SoC among distributed ESSs is presented in [48]. Through communication
with neighboring ESSs and a consensus algorithm, agents estimate the average SoC and
DC-link voltage in the system. An underlying droop control scheme is extended using
these system wide variables for SoC balancing and DC bus voltage regulation. Table 2.6
lists distributed approaches for coordinated control in SPSs.
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Power System  Scope Ref.
DG-FC-Bat-PV  Local current control [51]
DG-Bat DC voltage stabilization and local current control [53]
Bat-UC Voltage stability and loss minimization [13, 89]
DG DC voltage stabilization with CPL [37]
GT Non-linear MPC for stability under pulsed loads [62]
DG-Bat Non-linear MPC for power smoothing using load power [90]
spectral density
DG-Bat Adaptive MPC for stability and loss minimization [85]
GT-Bat-UC Voltage stability under pulsed loads [63]
DG-Bat-UC Adaptive MPC for prediction and mitigation of torque fluc- [85]
tuations
Bat-UC Stability, Loss Minimization, SoC tracking [87]
DG-Bat Voltage stability [86]
GT-Bat MILP-based MPC for load shedding and mode switching  [91]
Table 2.5: Predictive coordinated control in SPSs
Power System  Scope Ref.

GT-Bat
DG

ESS
ESS

ESS

GT

GT-Bat

Consensus to ensure accurate power sharing and voltage regu- [47]

lation in DC microgrids
Distrib. PSO for power reference tracking in naval ships

Consensus on voltage regulation and power sharing for parallel  [20]

DGs
Consensus on SoC balancing and voltage regulation

Consensus on unified state factor for SoC balancing, voltage [94]

regulation and current sharing in DC microgrid

SoC balancing, voltage regulation and current sharing via multi- [95]

objective fusion and dynamic diffusion

Unified power tracking and voltage control for improved tran-  [96]

sient response

Dynamic power allocation under ramp-rate and servicing con-  [97]

straints via ADMM

Table 2.6: Applications of distributed coordinated control
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2.4.5 COORDINATED CONTROL IN ZERO-EMISSION SHIPS

Among applications of power system control in ships using fuel cells, e.g. [73, 84, 98], it
can be observed that FCs are preferably not participating in voltage stabilization due to
their limited transient capabilities. Instead, it is necessary to combine fuel cells with more
dynamic technologies, typically batteries [98] or HESSs [84].

Studies considering the coordinated control with FC systems are usually focusing on the
power balance in a small-scale or simplified systems consisting of a single FC and one ESS.
For instance, [22, 99], propose a PI-based power system control for distributing the load
power to the FC and battery. Such an approach is only applicable for a small system with a
central controller. Hence, scalability to a larger system with parallel power generation is not
given. Furthermore, the FCs serve as quasi-steady current sources in these studies, while
voltage stability and fast load fluctuations are responsibility of the batteries. Methodologies
for coordinated control in diesel-electric (e.g. [69]) and diesel-hybrid systems (e.g. [18])
can potentially be adapted to FC-hybrid systems, with alterations catering for the changed
characteristics of the main power supply and accounting for the replacement of rectifiers
by DC-DC converters. Also, methodologies for the control of HESSs, such as [87], do not
consider the main power supply and are, therefore, applicable to ZESs as well.

For future research, it will be necessary to investigate the coordinated control in ships with
multiple parallel FCs as main power supplies as a prerequisite for utilizing this technology as
sole power sources in more complex ZESs. It can be expected that various ESSs and possibly
RESs and demand-side management need to be considered for an efficient coordinated
control. Hence, with SPSs incorporating a broader spectrum of power system technologies,
the approach for coordinated control should adapt to the available power system resources.
A control architecture that accounts for the modular integration of technologies with
differing characteristics facilitates the adoption of new technologies and scalability of
the system. Furthermore, it benefits the system’s reliability and adaptability for handling
uncertainties, e.g. component faults, parameter alterations, and topology changes.

2.5 ENERGY MANAGEMENT

An efficient energy management is a major challenge in maritime vessels with multiple
energy sources, especially with a heterogeneous set of components [100]. Dedicated
EMSs are typically situated on the high-level control layer. However, energy management
functionalities can also be intertwined with the coordinated control, blending the boundary
between the functional layers. In the literature, a plethora of differing approaches for
optimal and robust EMSs can be found. [101] points out the similarity of the energy
management problem for ships and hybrid-electric vehicles. The research literature on
EMSs in the automotive sector is significantly more extensive than for maritime applications.
Moreover, additional references for EMS solutions can be observed in power system,
building and microgrid applications [102-104].

Many authors attempt a classification of these methodologies [101, 105]. However, varying
definitions of the energy management functions and the broad variety of differing EMS
designs make an exhaustive classification challenging. The aim in this review is to provide
an overview of common and promising approaches for designing the EMS, with a specific
interest for solutions in all-electric ships and utilization of FCs. A generic classification
of types is portrayed in Fig. 2.3. The methods can generally be divided into optimization-
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Figure 2.3: Classification of energy management strategies
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based and rule-based or heuristic approaches [33]. Heuristic or rule-based approaches
can further be split into state-based, PI-based and fuzzy logic-based approaches [106, 107].
These approaches are usually simple, easily implemented and computationally efficient.
However, the design and consequently the performance of these approaches rely heavily on
human experience as input. Some approaches incorporate adaptive features to overcome
their shortcomings in performance [107], however, for complex and novel systems a more
elaborate EMS is required.

Among optimization-based methods, a differentiation must be made between global and
real-time optimization methods. Real-time capable solutions include instantaneous meth-
ods, such as an equivalent consumption minimization strategy (ECMS) [30] or sequential
dynamic programming (SDP) [67, 105], which do not require any knowledge about the
future mission profile. In contrast to these approaches are predictive methods which incor-
porate knowledge or predictions of future states and use results from explicit optimization
for real-time control of the system [27]. This is especially interesting for energy manage-
ment challenges with load predictions [108]. Moreover, learning-based and data-driven
control add to the possible approaches for an optimized energy management in ships [101].
Global optimization is possible for offline computation of the optimal dispatch of energy
resources. Methods include classic analytical, numerical (e.g. dynamic programming) and
meta-heuristic approaches. Even though the online application of a pure global optimization
is not possible, their outputs can be used for the design of an online EMS or these methods
can be combined with predictive and learning-based control approaches. Using knowledge
from global optimization in a real-time application is e.g. proposed for future research in
[33]. Finally, offline generated control inputs can serve as a benchmark for the performance
of real-time strategies.

2.5.1 ENERGY MANAGEMENT IN AUTOMOTIVE SECTOR

It is worthwhile to investigate which methods are applied in other fields in order to assess
what the maritime sector can learn from them. The challenge of optimizing the power
split for SPSs has similarities to the challenge in the automotive field [101]. Especially
relevant is the research on hybrid electric vehicles, incorporating combustion engines and
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batteries [107, 109], as well as FC-powered vehicles [67, 110]. In fact, many of the methods
we see in maritime applications today originate in the automotive field, such as ECMS
[111], SDP [67] and applications of predictive control [112].

Nevertheless, it must be noted that there are several distinguishing characteristics between
maritime and automotive applications. Hence, the challenge differs and methods need to
be adapted. Some of the most notable differences are listed here:

+ Larger variety and number of generation and storage devices in SPSs than in ve-
hicles [113], where one main supply and an optionally an ESS are standard [114].
The coordination of multiple parallel generators and storage systems increases the
problem complexity [33].

Different reliability requirements, standards and legislation apply [66]. Hence, there
are unique operational requirements for ships [115].

« Vastly different power ratings between vehicles (kW-level) and ships (MW-level).
Automotive systems primarily supply traction power [116], whereas ships often
feature service equipment with high and specific load profiles [11]. Consequently,
load ramp rates are significantly higher and follow different patterns [13].

« The EMS in hybrid electric vehicles relies heavily on the ability to regenerate energy
under braking, which cannot be applied to a significant effect in ships [7, 114]

+ The load requirements in ships are heavily influenced by environmental factors, e.g.
wind and waves. In addition, large drive shaft torque fluctuations occur at wave
frequency and propeller rotational frequency [13].

2.5.2 ENERGY MANAGEMENT IN MICROGRID APPLICATIONS

The topology and technology in SPSs shares some resemblances with terrestrial micro-
grids, especially islanded microgrids [14]. Hence, both coordinated control and EMSs from
such applications serve as an additional reference for control in ships. [102] provides
an overview of heuristic and optimization-based approaches for the EMS in terrestrial
micro-grids as well as a brief review of control architectures. For residential micro-grids,
in which the use of distributed energy sources and smart control systems are vital, the
energy management problem is analyzed by [104] and [103]. However, once again it is
important to point out the decisive dissimilarities in the challenge between microgrid
and maritime applications. Different standards, legislation and reliability requirements
apply [66, 115]. Furthermore, SPSs need to supply high power gradients and continually
fluctuating loads [14]. Another difference is the limited space requirement and constant
movement of the ship [117, 118]. Finally, ships follow a mission-based operation profile
with distinctive tasks and a limited duration [66], whereas microgrids need to provide
power indefinitely and usually follow a stochastic load distribution [27].

2.5.3 ENERGY MANAGEMENT FOR SHIPS

In SPSs, a broad variety of different EMSs and methods can be found, many of which are
application-specific. The following overview aims at providing an overview of general
approaches and challenges in the energy management.
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Power split between parallel main power supplies: A key challenge for the energy
management is the allocation of power generation among parallel power supplies, conven-
tionally, DGs or GTs, whereas in a hydrogen-based ship, FC systems are the predominant
technology. A conventional approach is the tuning of droop gains to ensure proper balance
of load and generation while operating generators according to their power ratings [18].
Similarly, [69] employs virtual impedance control-based on generator ratings as a method
for an efficient steady-state power split among DGs. For improved efficiency and adapt-
ability and incorporating further objectives, e.g. emissions and component wear, more
elaborate strategies are needed. Those are discussed below, among the optimization-based
techniques.

Power split between main power supply and ESS: The EMS becomes significantly
more complex by the introduction of ESSs. A large amount of studies on energy manage-
ment in all-electric ships focuses on the utilization of ESSs to assist the power generation
for minimal operation costs or fuel consumption. A common aim when managing power
flows between battery and the main power supply is to level the load profile of the main
supply so that it can operate in its efficient loading. [78] proposes to operate DGs at their
rated power and leave voltage regulation and thereby all fluctuating loads to the batteries.
In [60], the power allocation between diesel generators and batteries is using a rule-based
approach, aiming at operation of DGs with a steady profile within an efficient operation
range. Power fluctuations and deviations between DGs and loads are covered by the battery
packs. For the ESS an additional set of rules is employed to manage their SoC. [55] uses a
rule-based approach for determining the charge and discharge of the ESS. Such rule-based
approaches are often implemented as decision trees, whose output is based on net power
demand and SoC of the ESSs [51, 55]. Another possibility to leverage expert knowledge is
to employ a fuzzy logic controller in the EMS. Similar to rule-based approaches, the inputs
to the controller are usually the power demand and SoC, yielding an efficient instantaneous
power split [21]. In [119], a fuzzy logic control strategy is applied to a small diesel-battery
ship. As an alternative to expert knowledge, [83] uses an offline optimization for the fuzzy
logic design.

On-off switching of main power supplies: A key decision in the operation of each
individual component is their on- and off switching, which poses an integer-valued decision
variable. Conventionally, the state reference is determined heuristically through rules or
more recently using fuzzy control. [120] presents a methodology to determine an optimal
number of running generators so that the loading and consequently fuel consumption
of each generator is optimized. For FC systems there generally is a trade-off between
component wear and system efficiency [121].

Power split between FC and conventional power supply: A further issue arises in
SPSs where different types of power supply systems are integrated. Such is the case when
combining FC systems together with conventional power supplies. A power system design
with DG and FC is proposed in [51]. However, the FC is serving as an auxiliary power
supply in this study by providing a constant power at the system’s maximum efficiency.
Such a solution can be beneficial for retrofits so that the original EMS of the diesel-battery
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hybrid system can be kept. [122] investigates the EMS for a dredging vessel incorporating
FCs together with GTs and batteries. In this approach, power fluctuations are covered by
the ESSs, as in a normal hybrid system. The remainder, a moving average of the load power,
is split between gas turbines and solid-oxide FCs, so that the instantaneous equivalent fuel
consumption is minimized, resembling an ECMS.

Renewable Energy Integration: One special type of power system resource is given by
RESs. Their power profile is subject to environmental conditions and therefore intermittent
rather than controlled. The maximum power point tracking of RESs yields a stochastic
power output, which can be seen as a negative load. In [51], which investigates PV
integrated in the SPS, the EMS aggregates the power demand and RES generation to a net
power load. In [118], the fluctuations of PV generation are estimated and the ESS is sized
and operated to compensate for the fluctuating generation, hence explicitly anticipating
the renewable energy influx. A further means to account for the uncertainties related to
renewable energy generation is to employ a predictive energy management strategy as
shown in [123].

Voyage and Propulsion Control: One promising addition to the energy management
problem is the inclusion of voyage or propulsion control. A joint optimization of both
control levels offers the possibility to adapt the propulsive load demand in a manner
which is beneficial for the energy management. For instance, the propulsion control can
flatten load gradients or shift load peaks. [34] optimizes the propulsion shaft speed and load
demand of aship-based on a reference trajectory and predicted environmental uncertainties.
This consequently has an influence on the energy management by providing a load forecast
and smoothing the load profile. In a similar fashion, [36] proposes an MPC formulation for
maneuvering control through trajectory tracking. The work aims at optimizing the ship’s
voyage for maximum efficiency.

Power System  Method Scope Ref.
DG Virt. impedance  Steady state power sharing [69]
DG-Bat PI! loop Voltage regulation by ESS (78]
DG-Bat-CI Rule-based Power split for DG and ESS [60]
DG-FC-Bat-PV  Rule-based Power split for DG and ESS [51]
DG-Bat-RES Rule-based Charge-discharge of ESS and fault- [55]
tolerant operation
DG-Bat Fuzzy logic, PSO  Power split for DG and ESS for DG and  [119]

ESS with param. optimization
FC-Bat-PV-UC  Fuzzy logic, DP?  Power split for DG and ESS leveraging  [83]

global opt.

GT-FC-Bat Equiv. SFC® min.  Split of moving average power between [122]
GT and SOFC

DG-Bat-PV Load Leveling Mitigating PV fluctuations with ESS [118]

Table 2.7: Heuristic energy management in ship applications

3

! proportional-integral 2 dynamic programming specific fuel consumption
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2.5.4 OPTIMIZATION-BASED ENERGY MANAGEMENT

As described above, a main distinction can be made between conventional and optimization-
based energy management methods. Conventional energy management strategies, mainly
consisting of rule-based, deterministic and fuzzy logic formulations, are listed in Table 2.7.

Optimization-based control methods can be characterized on whether they are instanta-
neous or predictive. Applications of instantaneous optimization predominantly focus on
the challenges of optimal loading of parallel power supplies as well as the power split
between main power supplies and ESSs. A minimization of the instantaneous fuel con-
sumption in a diesel-electric ship is proposed in [120], where ESSs are used to shift the
total power demand for the generators for minimizing their specific fuel consumption. The
predominant optimization-based approach for instantaneous allocation in hybrid systems
is ECMS [109, 124, 125]. An application of this method to a battery-hybrid SPS is proposed
in [126] and [127]. The equivalence factor, describing the cost ratio between power from
the main supply and the ESS, can be adapted based on the SoC in order to manage the ESS’s
charge [128]. [129] expands the ECMS with an additional cost term for the degradation of
the ESS. An overview of optimization-based EMS methods for ships is provided in Table 2.8.

Power System Method Scope Ref.

DG-Bat SFC min. Optimal fuel eff. for 4 DG with ESS [120]

DG-Bat ECMS Power split for DG and ESS [126]

DG-Bat ECMS Power split for DG and ESS [127]

DG-Bat ECMS Power split for DG and ESS [130]

DG-Bat ECMS, ACO! ECMS with opt. equivalence factor [131]

GT-FC-Bat Equiv. SFC min. ~ Split of moving average power be- [122]
tween GT and SOFC?

GT MPC Fuel efficiency of parallel GT [132]

DG-Bat MPC Optimal DG dispatch and SoC manage- [133]
ment with short-term load prediction

DG-Bat MPC Fuel eff. of DG and SoC management [134]

GT-Bat-UC MPC, OPF® Generation scheduling leveraging [76]
load predictions

DG-Bat-PV Stochastic MPC  Scenario-based optimization [123]

GT-Bat 2-level MPC Set-based MPC to guarantee operation [135]
in state and input constraints

DG-Bat-UC 2-level MPC Decoupled steady-state and dynamic [136]
MPC problems

DG-FC-Bat 3-level MPC Decomposition of control problem in  [137, 138]
multiple MPC

DG-Bat-UC 2-level MPC Propulsion control + opt. power split [34]

DG-Bat MPC Maneuvering and optimal power split [36]

DG-Bat-CI 2-level MPC Mission-scale SoC trajectory [139]

DG-Bat-UC MPC, ECMS ECMS with equivalence factor based [140]

on MPC output

Table 2.8: Optimization-based energy management in ship applications
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Power System  Method  Scope Ref.

DG DP Global opex minimization with DSM! [141]

DG DP Global opex minimization with DC system [142]

DG-Bat DP Global opex minimization with ESS [143]

DG PSO Global multi-objective opt. for parallel DG [144]

DG-Bat MINLP?  Sizing and operation for min. TCO? [145]

DG-Bat-CI GA* Global joint voyage schedule and EMS opti- [146]
mization

DG-Bat-CI MILP® Global joint voyage schedule and EMS with  [147, 148]
electricity price prediction

DG-Bat-UC-CI GA Scenario-based global joint route plan, voyage [149]
schedule and EMS optimization

DG-Bat-CI-PV  PSO Large-scale global optimization [150]

DG-Bat MILP Optimal power dispatch and voyage schedul- [151]

ing incl. power reserve management

Table 2.9: Applications of mission-scale optimal ship operation

2.5.5 PREDICTIVE ENERGY MANAGEMENT

Predictive methods can be employed to leverage knowledge on future system states and dis-
turbances. MPC allows to explicitly formulate objectives and constraints while accounting
for the system’s dynamics. Various strategies are listed in Table 2.8.

A simple, conventional power system in a naval vessel with parallel GTs is controlled
using an MPC in [132]. A perfect load prediction is assumed, and the turbines are operated
so that total fuel consumption is minimized over the prediction horizon, considering the
non-linear efficiency characteristics of the turbines. [134] additionally regards batteries
next to the conventional generators in the SPS. The MPC formulation aims at operating
the internal combustion engines in their most efficient operating point while keeping a
steady battery SoC. As in [132], no prediction model is implemented. Instead, the load is
assumed to be constant over the prediction horizon, which can be feasible in ships with an
unknown operating profile.

An optimal power flow calculation, as typically conducted in terrestrial power systems,
leveraging load predictions in a medium-voltage DC SPS with GTs, batteries and UCs is
proposed in [76]. Although the solution yields minimized operation costs, the constructed
optimization problem is computationally expensive and subject to prediction and model
errors. In [136], a two-level MPC with frequency decoupling is proposed. A high-level
MPC optimizes the power system in quasi steady-state operation to match the slow load
dynamics, while a low-level MPC with higher band-width optimizes the dynamic dispatch
of generation power to meet the load requirements. A load prediction based on propulsion
torque estimation is proposed in [85]. The formulated problem involves a broad range of
objectives for voltage stability, component wear, efficiency, and propeller thrust, with the

! ant colony optimization 2 solid-oxide fuel cell 3 optimal power flow ! demand-side management
2 mixed-integer non-linear programming * total cost of ownership * genetic algorithm ° mixed-integer
linear programming
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aim of mitigating the effects of torque oscillations on the propulsion shaft. A three-level
MPC is proposed by [137] for a naval vessel with GTs, FCs and batteries. The three layers
operate with different band-widths from optimizing long-term generation scheduling,
over optimal static power split between power sources of different types, to short-term
disturbance rejection at the highest bandwidth.

In [34] and [36], the maneuvering control is included in the problem formulation. The
authors present a two-level MPC in which the top layer determines an optimized shaft
speed and torque, from which a load power prediction can be derived as input for the
bottom layer MPC. The latter optimizes the power split between a DG, battery and UC to
minimize the overall losses and the deviation from the required load power.

For ships with a known operation profile, knowledge over the entire mission duration
can be used for predictive control. [139] uses this knowledge for the control of a diesel-
hybrid ship with a charge-depleting-charge-replenishing strategy for the ESSs. A top-level
mission-scale optimization regularly updates the optimal trajectory for the battery SoC.
The authors in [140] implement an ECMS whose equivalence factor is updated based on
inputs from a predictive controller.

Although an offline optimization of the power scheduling is not real-time applicable due
to computational constraints and required a-priori knowledge, it is able to provide a
benchmark for the optimal achievable control strategy, as showcased in [83] and [139].
Generally, mission-scale optimization is relevant for predictive control, as they can be
employed within a multi-timescale MPC scheme [140]. Applications of a global optimization
commonly focus on cost optimization via quasi-static dispatch of resources, while neglecting
faster dynamics. An investigation of optimized power generation control in a conventional
cruise ferry with DC distribution is conducted in [141-143]. The authors formulate the
dispatch of energy resources as a non-linear constraint optimization problem in steady
state conditions with a known mission profile and employ dynamic programming to
solve this. The work of [145] occupies itself with the optimized operation planning of
a hybrid diesel-battery ship. The authors use mixed-integer non-linear programming to
simultaneously solve the optimal power generation scheduling and sizing of the battery
energy storage system for minimization of the total cost of ownership. Complex and large
scale optimization problems are commonly approached using meta-heuristics. In [150], the
authors optimize the energy management strategy for a diesel-battery ship with additional
RESs and cold ironing (CI) capability using particle swarm optimization (PSO). Applications
of global optimization for ship operation are listed in Table 2.9.

2.5.6 DISTRIBUTED ENERGY MANAGEMENT

The EMS methods above assume availability of all information in a central controller.
However, in more complex power system architectures, a distributed energy management
is promising to achieve a higher degree of reliability and reduction of computational load.
Generally, distributed EMSs are proposed for zonal distribution architectures, typically in
naval applications where survivability is a critical design target [115].

Specifically with the aim of creating a modular energy management solution, [152] describes
a distributed EMS for electric vehicles. Generally, power systems and especially microgrid
applications provide a range of methods for distributed optimization, with several relevant
references listed in Table 2.10. The most widespread methods for distributed optimization
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in multi-agent systems are Lagrangian dual decomposition solved via iterative gradient-
based methods [44, 153-155] and alternating direction method of multipliers (ADMM)
which uses an augmented Lagrangian formulation [155-158]. These methods allow for
local optimization and feasibility while ensuring global feasibility through consensus.
Global optimality is guaranteed for modules with convex cost functions. One prevalent
method for incorporating non-convex functions and decision-making is through market-
or auction-based algorithms [159, 160], albeit without guarantee for global optimality.
Applications for SPSs generally follow these methods, implementing dual decomposi-
tion [20, 161, 162] and ADMM [45]. EMSs that are both distributed and predictive use
the same methods, i.e. dual decomposition [163, 164] and ADMM [165-167]. Whereas
most studies focus on economic dispatch or balancing of marginal costs among paral-
lel generators, several researchers incorporate specific objectives. Especially for naval
vessels, more focus is placed on resilience and mission fulfillment. Researchers utilize
distributed optimization for reconfiguration [168, 169] and load utilization [170]. Especially
for increasing survivability and load servicing in emergency situations these aspects are
relevant [171]. A range of distributed methods for ship energy management are listed in
Table 2.11.

Power System Method Scope Ref.

Distrib. gen.+loads Auction-based Federated buying-selling for  [159]
economic dispatch

Distrib. gen.+loads Auction-based Federated buying-selling for [172]
economic dispatch

Quadratic costs Dual decomposition  Consensus on marginal cost  [153]

Convex gen. costs Dual decomposition  Consensus on marginal cost ~ [44]

Convex gen. costs Diffusion Strategy Diffusion of marginal cost [173]

Convex gen. costs Lambda iteration Federated economic dispatch ~ [154]

GT-Bat-PV-WT! Dual decomposition  Consensus on marginal cost  [155]

Convex gen. costs+ESS  ADMM Economic dispatch [155]

Convex gen. costs ADMM Economic dispatch with lim- [156]
ited communication

Convex gen. costs Relaxed ADMM Increased convergence speed  [157]
and robustness

Convex gen. costs Scenario-based MPC  Robust, ECMS-based eco- [174]
nomic dispatch

Convex gen. costs ADMM+DRA? Simult. static and dynamic [158]
dispatch

Distrib. gen.+loads Market emulation Predictive, trading-based [160]

multi-agent system

Table 2.10: Applications of distributed energy management in microgrids

! wind turbine 2 distributed resource allocation
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Power System Method Scope Ref.

- Maximum flow Automatic reconfiguration with load [171]
priorization

- Flocking Optimal load utilization in zonal SPS  [175]

Ship-Harbor Dual decomposition  Consensus on marginal cost [161]

DG Dual decomposition Consensus on marginal cost for DC  [20]
SPS

DG-ESS Dual decomposition  Marginal cost balancing and ESS mode  [162]

DG-ESS Leader-follower Min. loss and economic dispatch in  [176]
zonal SPS

DG-Bat-UC ADMM Distributed ECMS for zonal SPS [45]

GT-Bat Predictive heuristics SoC management in zonal SPS with  [177]
high ramped loads

GT-Bat Flocking, predictive  Predictive distributed crow search for  [97]
economic dispatch

DG-Bat MPC, dual decomp.  Battery degradation-aware economic  [163]
dispatch

GT-Bat MPC, dual decomp.  Fault-tolerant load and SoC manage- [164]
ment

DG-Bat MPC, ADMM Load leveling and SoC managementin  [165]
zonal system with pulsed loads

DG-Bat MPC, ADMM Economic dispatch in zonal SPS + re- [166]
serve allocation

DG-Bat-PV MPC, ADMM Static economic dispatch with load [167]
forecasting

Table 2.11: Applications of distributed energy management for ships

2.5.7 ENERGY MANAGEMENT FOR ZERO-EMISSION SHIPS

The energy management in ZESs, especially with integrated FCs, has received little attention
in the past. In this section, case studies for the energy management in ZESs are reviewed in
order to identify challenges and trends for the control of hydrogen-based power systems on
ships. Whereas the focus in conventional ships mainly on fuel efficiency and power balance,
an additional objective that is often regarded in the EMS for ZESs is the degradation of
the FCs and batteries. Table 2.12 presents an overview of studies on EMSs for ZESs in the
literature. And the following subsection provides a categorization of archetypal energy
management methods applied in FC-based SPSs.
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Power System  Method Scope Ref.
Bat-UC Constr. progr. Minimal stress on battery [23]
FC-Bat PI Peak-shaving for FC by ESS [99]
FC-Bat PI Peak-shaving for optimal fuel effi- [24, 178]
ciency and component wear

FC-Bat-UC PI Load leveling and SoC management [84]

FC-Bat PL rule-based Rule-based FC operation and PI voltage [22]
regulation

FC-Bat Rule-based Optimal fuel efficiency [98]

FC-Bat Rule-based Load-leveling for optimal fuel effi- [24, 178]
ciency and component wear

FC-Bat Rule-based Optimal fuel efficiency and component  [24, 178]
aging with CDCR strategy

FC-Bat Rule-based TCO minimization through optimal siz- [179]
ing and operation

FC-Bat-UC ECMS, SDP! Optimal fuel efficiency and component [105]
degradation

FC-Bat-CI Multi-scheme Minimized opex and component degra- [180]
dation

FC-Bat-UC Fuzzy-logic Voltage regulation and SoC manage- [21]
ment for ESS

FC-Bat-UC-PV  Fuzzy-logic Optimal fuel efficiency and SoC man- [83]
agement for ESS

FC-Bat-CI MPC Optimized power scheduling for opex [181]
minimization

FC-Bat-CI-PV  Stochastic MPC ~ Opex minimization [123]

FC-Bat-CI Stochastic MPC ~ Minimized opex and degradation of [182]
components

FC-Bat ANFIS? Optimal fuel efficiency and SoC man- [183]
agement

FC-Bat-CI Deep RL3 Optimized power scheduling for opex [184]
minimization

FC-Bat MILP Global multi-objective optimization [185]

FC-Bat-CI SCA* Global opex minimization [186]

Table 2.12: Energy management in hydrogen-based power systems

Rule-based control:

A rule-based EMS is proposed by [22]. Here, the FC system does not

follow the demanded load, but instead a PI controller tracks a power reference determined
based on load power and battery SoC. The scheme aims at operating the FC with an
optimized and smoothed reference. In a similar fashion [98] presents a rule-based EMS
for a small FC-battery passenger ferry aiming at a steady FC operation within an efficient

1
4

3

sequential dynamic programming 2 adaptive neuro fuzzy inference system

sine cosine algorithm

reinforcement learning
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operating band. A multi-scheme approach, combining of four distinct EMSs into with
heuristic rules for mode switching is proposed by [180]. Rule-based approaches generally
yield satisfactory results, but the rule definition relies on expert knowledge, and is typically
applied only to small-scale systems. Rules and heuristics appear in varying shapes and
complexities. Increased complexity, however, should be motivated and requires more
extensive input for parameter definition.

Load leveling approaches: A common goal of EMSs incorporating FCs is to level the
load for the main power supply. [23] proposes constraint programming for an optimal
power split between main power supply and auxiliary energy storage. This work points out
the trade-off between storage sizing and degree of load leveling. A FC-battery hybrid system
is regarded in [99], proposing load leveling via a central PI-controller. The power reference
follows the load demand via a PI feedback loop. Since the dynamic capabilities of the FCs are
limited, the deviation between load and FC output is compensated by the batteries. In [84]
a HESS is proposed for load leveling. The storage system absorbs power fluctuations, while
the SoC of the storage components is maintained using PI controllers, hence decoupling
the FCs from the immediate load demand. [178] and [24] implement a load-leveling, a peak-
shaving and a charge-depleting-charge-replenishing strategy, observing FC degradation,
hydrogen consumption, power balance and space requirements. Generally, the strategies
underscore the required trade-off between fuel consumption, FC aging and component
sizing.

Fuzzy-logic control: Fuzzy logic offers an alternative method for applying expert knowl-
edge into the control strategy. For a ZES with an FC-battery-UC system, a fuzzy logic
strategy is designed in [21], and with additional RESs in [83]. Generally, fuzzy logic in
FC-ESS systems derives a power reference for the FCs or power split between multiple
units based on instantaneous load and SoC. Results generally show promising performance
regarding energy consumption and FC lifetime degradation. As shown in [183]., fuzzy
logic control can be combined with adaptive elements to improve the performance over
time, which is especially beneficial with insufficient expert knowledge.

Equivalent consumption minimization: Whereas ECMS strategies are common for
hybrid SPSs with DGs, their application for hydrogen-based systems is much less developed.
An elaborate approach for a FC-battery-UC ship, inspired by an ECMS, is applied in [105].
A real-time control strategy is realized by formulating an instantaneous multi-objective
optimization problem considering hydrogen consumption of the FC and an equivalent
consumption for battery and UC utilization. Additionally, FC and battery degradation costs
are included in the problem formulation. The optimization problem is consequently solved
via SDP, a powerful tool for the energy management, which had already been applied to
FC-hybrid electric vehicles [67].

Predictive control: As for the EMS in conventional ships, MPC is promising for the
optimized control of zero-emission power systems. [181] investigates the generation
scheduling of an FC-battery hybrid passenger ferry with CI capability, focusing on the
minimization of operation costs. In [123], a PV system is additionally included in the
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power system, for which generation predictions are leveraged in the MPC formulation.
This work is later expanded upon [182] with a stochastic MPC in order to account for
environmental uncertainties represented as probabilistic scenarios. In these works, hourly
time intervals are used, while any kind of dynamics is disregarded. Hence, current literature
lacks predictive energy management solutions for ZESs that incorporate system dynamics
and handles load fluctuations.

Global optimization: Several studies investigate the global optimization of the power
dispatch in ZESs, typically in a joint effort with component sizing and overall cost min-
imization. A simultaneous component sizing and energy management for a FC-Battery
passenger ferry has been conducted by [185]. The authors take into account the total
costs based on investment and operation costs for component acquisition and fuel con-
sumption and further representing fuel cell degradation by considering replacement costs.
The large-scale problem is formulated as a mixed-integer linear program (MILP), which is
consequently solved in a multi-objective optimization. Another study for cost optimization
is conducted in [186], presenting a feasibility study of a tourist boat. Due to the problem
complexity, the authors employ a meta-heuristic sine-cosine algorithm, commonly used
for complex, large-scale optimization problems.

Learning-based control: The hourly power scheduling with the aim of minimizing
operation costs is approached using deep reinforcement learning in [184]. The authors
regard a tourist boat powered by FCs and batteries with possibility for charging the ESSs
when berthed. For this purpose, the scheduling of energy resources is modeled as a Markov
Decision Process (MDP). The resulting EMS based on reinforcement learning is applied
for real-time power scheduling on a test-bench. Currently, little attention lies on learning-
based approaches, which, given sufficient data, is a promising research avenue for the
future studies.

2.6 CONCLUSIONS FOR THE CONTROL OF SHIPBOARD POWER
SYSTEMS

The ongoing changes in the design of modern SPSs impose new challenges on the power
system control and energy management for the operation of these vessels. The research
literature provides novel methods to meet the requirements of increasingly complex power
system architectures and technologies. In this chapter, the challenges for the overall
control of SPSs have been analyzed and suitable control architectures and methods for
local, coordinated and high-level control have been reviewed. This literature research was
carried out with a specific interest in DC power systems and the modular integration of zero-
emission technologies. The main conclusions resulting from this chapter are summarized
as follows:

« SPSs are incorporating a growing variety of technologies. This necessitates control
strategies that account for the varying characteristics of these power system resources.
Generation and storage components differ in dynamic capabilities, efficiency, power
and energy density and should be operated accordingly.




36 2 REVIEW OF POWER SYSTEM CONTROL IN SHIPBOARD POWER SYSTEMS

« A trend in power system design is pointing towards modular integration of power
system components, which should be reflected in the control strategies as well. It
is key to develop methods that facilitate a simple integration of new technologies.
DC distribution is deemed to be an enabler for this plug-and-play capability in both
design and control of the SPSs.

« Studies on control for ZESs with FCs focus on small passenger ships and ferries.
There is a clear lack in research for the control of FC-based ships with a larger
number of parallel generation and storage systems. Applications with high energy
needs and significant service loads and reliability requirements need to be addressed.

« The literature on energy management for FC-hybrid vessels is focused on determin-
istic and rule-based approaches. Optimization-based EMSs, especially predictive and
learning-based methods, show high potential for improving the performance.

Distributed methods are a promising solution for tying together complex power
systems with heterogeneous resources in a modular fashion. The adaptability of this
approach is able to increase the system resilience and adaptation under faults and
uncertainties.

« With new ship designs incorporating FCs and batteries, component degradation is
becoming an increasingly important objective for the control of SPSs, next to the
minimization of fuel consumption and operating costs.

Several studies include adaptive elements in their control strategies. Adaptive control,
demand-side management and mode-based operation can play an important role in
enhancing the resilience of the ship.

« An often overlooked aspect in power system control is the consideration of faulty
and degraded sub-systems. The coordinated control and energy management should
be designed to support fault-tolerant operation while meeting load servicing require-
ments and efficient utilization of resources.

Current literature studies lack experimental validation of control strategies. Most
studies rely on numerical investigations. Especially for the real-time control of
SPSs, experimental work will create valuable insights and showcase the methods’
applicability in the field.

Future research must focus on these aspects to develop methods that meet the requirements
of modern SPSs and to take on the challenges the maritime sector is currently facing. Faced
with the challenge of integrating and coordinating vastly different novel technologies, the
power system control is subject to a series of requirements. Whereas power availability
and efficiency play an important role, resilience, safety and adaptability are gaining in
relevance. DC distribution, power electronics converters and modern computing and
communication equipment provide opportunities to handle these challenges. Reviewing
control architectures and the distribution of control functionalities is a promising ingredient
in developing suitable control methods. The research opportunities identified in this chapter
are directly linked to the formulation of the problem statement and research questions in
Section 1.3 and thereby serve as the foundation for further investigations in this thesis.
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ENERGY-BASED VOLTAGE
STABILIZATION IN DC
SHIPBOARD POWER SYSTEMS

As part of the literature review in the preceding chapter, control architectures and hierarchical
control layers were described and analyzed. As in a typical control hierarchy, I would like to
build my overarching approach from the bottom up. Before spending time on fancy energy
management and coordination algorithms, this chapter is dedicated to building a solid foun-
dation. For DC systems, this means to stabilize the voltage such that it is not overburdened by
the load demands. Before even thinking about increasing the efficiency of power generation,
I want to make sure that the loads can be serviced according to their requirements, without
the system falling apart. The voltage stabilization is also the fastest of system-level control
tasks, directly affected by the local current controllers. In a fuel cell-battery system, this is the
responsibility of the batteries due to their higher dynamics. This chapter describes a control
strategy for parallel batteries, interfaced via DC-DC converters to a DC distribution system.
Its purpose is to provide a bus voltage stabilization and simultaneously allocates power targets
among batteries according to their capabilities. The result is a stable and resilient platform, on
top of which more advanced control layers can be built.

“The winds will blow,

the storms will come.

You cannot stop them.

But you can stand.”

— Kaladin, in The Way of Kings
by Brandon Sanderson

This chapter is published with minor modifications as Energy-Based Voltage Stabilization in DC Shipboard Power
Systems With Dual Loop Control, in: IEEE Access, 2025 [187]
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3.1 INTRODUCTION

odern shipboard power systems (SPSs) are subject to a multitude of developments
M in the context of decarbonizing the maritime sector. Key changes encompass ship
electrification, DC distribution technology [17], as well as the introduction of energy
storage systems (ESSs) and zero-emission power supplies [11, 12]. Such systems can be
regarded as islanded DC microgrids [10]. Several aspects set SPSs apart from terrestrial
power systems. The number and variety of components are considerably lower, and the
network’s impedances are often negligibly small. The main loads are subject to high
fluctuations and are typically power-controlled, e.g., propulsion machinery and service
equipment. In addition, SPSs must follow special requirements for power availability,
influencing the power system architecture and its control. In an integrated DC power
system, it is key to maintain the bus voltage around its nominal value, and to prevent a loss
of load or even a blackout. Hence, fast and accurate voltage stabilization and restoration
are crucial objectives, which are further aggravated in systems with constant power loads
(CPLs), low inertia and negligibly low line impedances. This study focuses on the primary
and secondary control layers, as described in [19, 59], covering the voltage stabilization
and restoration with parallel power sources.
The conventional primary control strategy is voltage droop, a decentralized method that
does not require any communication [49]. Droop-based strategies are generally favored
since they allow a system extension and require no high-bandwidth communication,
thereby offering modular characteristics [47]. In the context of voltage stability with
CPLs, a comparative analysis of standard droop schemes in DC microgrids is conducted
in [188]. The effect of the negative incremental impedance of CPLs and the consequent
weak damping of the power system is analyzed in [189]. Several studies delve into non-
linear control approaches for the stabilization with CPLs [52]. However, these approaches
typically investigate a single converter supplying one CPL [190-194]. Several works
attempt to increase the stability of droop-controlled systems with CPLs by extending
the standard droop scheme with virtual impedances and filters [189, 195-197]. Although
these studies address stability with a CPL in droop-controlled systems, a decentralized
method for parallel control of power converters that directly addresses the non-linearity
between the voltage-based controller and the power load is lacking. Passivity-based
approaches for DC link stabilization regard the power system control from an energy-based
perspective [191-194]. Following this concept, this study proposes the adaptation of an
energy-based scheme for stabilizing low-inertia, low-impedance DC power systems. The
energy-based approach offers the scalability and modularity of conventional droop control,
due to its decentralized architecture, while improving the system stability and voltage
restoration speed by explicitly accounting for the non-linearity of CPL.
As a drawback, standard droop control yields a steady-state voltage deviation, which
requires the implementation of a secondary control layer for voltage restoration. Conven-
tionally, this function is centralized and reference changes are broadcast via communication
links [49, 59, 198]. The centralized voltage restoration is accurate [47], but slow, especially
without a high-bandwidth communication [59, 199]. To increase the control speed, this
study considers a local implementation of the voltage restoration, yielding a dual loop
controller. Several studies attempt a local implementation of PI loops, increasing the
speed of voltage restoration [46, 200], albeit at a loss of power sharing accuracy. However,
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inaccuracies in the power sharing can be compensated by additional methods utilizing
low-bandwidth information sharing, e.g., via average current sharing [47], droop coefficient
adaptation [80, 201], or voltage reference shifting [202, 203]. In this work, an adaptive
power sharing control loop supported by a low-bandwidth communication network is
proposed. This facilitates a compensation of power sharing imbalances arising from the
decentralized control architecture and ensures that the power ratio of parallel components
is accurately tracked while maintaining a fast voltage stabilization and restoration.

To summarize, the main contributions of this work are as follows. 1) An energy-based dual
loop control scheme to increase stability and damping of the bus voltage with fluctuating
loads in DC SPSs with CPLs; 2) An adaptive power sharing loop utilizing low-bandwidth
communication to ensure accurate power sharing among parallel power supplies.

This chapter first introduces the considered SPS topology and the modeling approach for the
system and its components in Section 3.2. In Sections 3.3 and 3.4, the conventional and the
proposed energy-based droop scheme are analyzed, and the controllers are tuned via pole
placement. Section 3.5 describes the adaptive power sharing for parallel control with the
energy-based approach. A HiL testbed for the validation is presented in Section 3.6, where
the performance and applicability of the proposed control strategies are demonstrated. For
this purpose, two test setups, for control of a single converter and for parallel control, are
deployed on the testbed. Finally, the results and conclusions of these contributions are
summarized in Section 3.7.

3.2 SYSTEM DESCRIPTION AND MODELING

This study considers the primary systems of a fully electrified SPS with DC distribution
and power converter-interfaced components. The load-side converters follow a power
demand, while the generation-side converters stabilize the bus voltage. Here, batteries are
implemented as ESSs and fuel cells (FCs) are incorporated as zero-emission power supplies.
Accordingly, no inertia from conventional engines remains. An exemplary topology is
shown in Fig. 3.1. This section describes the modeling approach for the power sources,
DC-DC converters, DC distribution system, and power loads.

3.2.1 POWER SOURCES

For the power sources, i.e., the ESSs and FCs, dynamic simulation models are implemented
using static current-voltage curves and first-order transfer functions. The models are
parameterized based on manufacturer data. The ESSs are represented by Li-ion batteries
using standard parameters following the approach in [204]. Hydrogen proton-exchange
membrane FCs are represented using a similar model from [205].

3.2.2 DC-DC CONVERTERS

The DC-DC converters are modeled as half-bridges, as implemented in [178]. This topology
allows bi-directional power flows, although the operation of the FCs is limited to positive
power flows into the DC bus. Since this work focuses on the coordinated control of multiple
sources, the high-frequency switching actions of the transistors are neglected. Hence, the
converters are implemented as averaged models, as in [206] and [73].

Fig. 3.2 shows the equivalent circuit of a synchronous boost converter connected to the DC
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Figure 3.1: Exemplary shipboard power system topology with FC-battery hybrid energy system with DC distribu-
tion and power electronics-interfaced subsystems
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Figure 3.2: Equivalent circuit of the modeled DC system with constant power load and multiple idealized power
supplies connected via half-bridge DC-DC converters
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bus. The dynamics of the averaged inductor current iy, in this topology can be computed as

diy

1
dt = E(Uin_(l_d)vout) (3.1)

where vi, and vout signify the source and output voltages where vy < vout, and L the
converter’s inductance. d is the duty cycle of switch S, serving as the control input in
boost mode. In buck mode, switch S; is operated with duty cycle d = 1— d. Each converter
is additionally equipped with an output capacitance Coy such that the output voltage is
given as

d 1 oy 1

Evout = a(lout —igc) = Cout
where iqy is the current flowing from the power supply to the DC bus. The local current
controller is implemented as a PI feedback controller, tracking a reference for ioy: obtained
from the primary control level. Multiple half-bridges in parallel can be used to connect
a power supply as an interleaved converter. In this case, each phase leg is controlled
individually following the method above.

(1= d)ir—iac) (3-2)

3.2.3 DC DISTRIBUTION SYSTEM AND POWER LoADs

The most significant system loads are constituted by the propulsion motors and service
equipment. These loads are typically interfaced with inverters are regulated such that
they draw a constant power. Hence, on the system level, these loads can be seen as CPLs,
which are characterized by their negative incremental resistance, i.e., a voltage drop yields
an increasing current draw at constant power. All loads are modeled as an aggregated
CPL given as an exogenous input pjoaq. Using the DC bus voltage vg. over the load’s input
capacitance Cj,, the power demand can be translated to a load current ijpad = Pload/Vdc-
The interconnection of power supplies, loads, and the DC bus is depicted in Fig. 3.2. Each
power supply is connected to the DC bus via a line impedance Zj;,, modeled as a series
RL-element. The output current of each i-th converter connected to the bus can be denoted
as Iqc;, and the time derivative of the DC-link voltage %vdc can then be computed as

d 1 I
- E Li.:—i 3.3
dtvdc Cin(izl de,i iload) (3.3)

3.3 CONVENTIONAL DrROOP CONTROL

This section introduces voltage-based droop as the conventional primary control method,
including an extension by an integral action for bus voltage restoration. Assumptions for
the local control and a simplification of the plant model for the controller synthesis are
presented. Subsequently, transfer functions for the conventional control are derived and
control parameters are determined via pole placement.

3.3.1 LocaL CONTROL

Each power converter has a local controller regulating its output current. Local PI current
controllers are implemented, which are tuned such that they meet the designed bandwidth
of the current control loop (see [46]). In the context of a modular system design, we assume
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the utilization of off-the-shelf power converters with a fixed switching frequency and
limited current control speed which, for SPSs, is typically in the range of 1000 Hz [207].
For the controller synthesis, the current control transfer function H. is simplified as a
first-order low-pass filter with unitary gain and current control bandwidth w.

3.3.2 VoLTAGE DROOP
In SPS, line impedances are typically very low. In the considered power system, the time
constants comprised of each module’s output filter and line impedance are significantly
faster than the current control speed of the power electronics converters. This means
that the voltage balances faster among the distributed capacitances than the decentralized
controllers act. This allows the simplified representation of the entire DC bus as a lumped
capacitance Cy., which is approximated as the sum of all power supplies’ output capacities
and the load’s input capacitance. This assumption requires that the electrical distance
between components is sufficiently small such that the balancing of voltages between the
distributed capacitances occurs faster than the current control dynamics. This approach is
in line with the model description for DC SPSs proposed in [10]. Hence, for the control,
the DC bus is modeled with transfer function

Vact 1

— = (3.4)
act — load sCqc

where vy is the DC bus voltage, iyt the total current from all power supplies, and ijo,q the
current drawn by the load.

The conventional droop scheme operates in voltage-mode, where each device computes a
target output voltage as

Uref = Viom — Rdiout (3-5)

where Vjon is the nominal bus voltage, Ry is a virtual resistance and ioy: is the measured
output current. Power sharing among parallel devices is realized by tuning the virtual
resistances inversely proportional to the source’s rating,.

The same scheme can be transformed such that a current reference is obtained based on
the output voltage measurement, which is more appropriate for the considered SPS with
negligibly small line impedances. This scheme’s block diagram for a single power supply
is shown in Fig. 3.3. The current reference i,f is determined as

Ipef = (Uref - vmsr)ch (3.6)

where Hi. is the transfer function of the droop controller. Furthermore, the real measured
feedback signal vy, of the bus voltage includes measurement noise dy,, and the power
load pjoaq acts as an input disturbance on the plant. Conventionally, a proportional gain
is used, such that Hy. = »-. Both the voltage- and current-mode droop schemes yield
an equivalent steady- state behav10r and similar dynamic responses. A more detailed
comparison, including stability analysis, is presented in [188]. In this work, the current-
mode droop control is considered the baseline approach.
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Figure 3.3: Block diagram of conventional voltage-based scheme in current-mode including input and measurement
disturbances

3.3.3 VOLTAGE RESTORATION

In steady state, conventional droop schemes yield a non-zero voltage error Av = vyef — Umsr-
This can be mitigated by implementing an integral gain on the voltage error, yielding a
dual loop approach with PI feedback control. The integral action is often realized in a
central, secondary control layer [59]. To achieve a fast voltage restoration, however, a local
implementation is more desirable, as in [200]. Accordingly, instead of a virtual resistor, as
in the standard voltage droop in (3.6), a PI controller with proportional gain k;, and integral
gain k; is implemented. The current reference is then generated according to

k.
iref = kpAv + ?IAU (3.7)

3.3.4 DuaL Loopr CONTROL DESIGN

To analyze the dynamic behavior and tune the control parameters, we first simplify the
system shown in Fig. 3.3. The voltage control bandwidth wy,. should be sufficiently slower
than the current control (wye. << w¢c). Hence, in the controller synthesis, we disregard the
transfer function of the current controller and assume H.. = 1, yielding iact = iref We further
disregard measurement noise in this study, such that vymsy = vact. For the performance of the
voltage stabilization, the controller’s ability to compensate for input disturbances is decisive
for minimizing the set point error, while the reference voltage typically does not change
Hence, we consider the transfer function Gy, from disturbance, i.e., the unknown CPL, to
the actual bus voltage. Due to the negative incremental resistance of power-controlled
loads, the CPL introduces a non-linear feedback loop from the DC bus voltage to the
load current. Hence, we linearize the load current around the nominal voltage Vyom as
Toad = Pload/ Vnom. The voltage dynamics can then be described as

1
Vact = (Uref — Vact) Hye —— (3.8)
sCde

The transfer function of the voltage-based dual loop control is then obtained as

Vact 1 s
G = — = — = - 3.9
do iload sCqc + Hyc $2Cqc + skp + ki (39)

By analyzing the denominator of (3.9), it can be derived that the poles of Gy, lie at

k k k;
S1,2 = -2 4 (710)2_ -

(3.10)
zcdc zcdc Cdc
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We select the PI gains to place the poles of Gy, at the desired voltage control bandwidth
wve. Eliminating the term under the square root in (3.10) ensures a fast voltage restoration
while ensuring the poles do not contain imaginary parts. This yields

kp = wwcCae and k= — (3.11)

Although popular due to its simplicity, ease of implementation, and decentralized architec-
ture, the voltage-based approach has a series of limitations. One key challenge is posed by
the operation of loads in SPSs at constant power. Fig. 3.3 outlines the dependence of the
load current on the actual DC bus voltage. The conventional scheme attempts to reject
disturbances originating from a power load via the current as an input variable. However,
the real system contains a non-linearity due to the feedback of the power load on the bus
voltage. For this reason, we introduce an energy-based droop scheme, generating a power
reference to stabilize the disturbance, in the following section.

3.4 ENERGY-BASED VOLTAGE CONTROL

This section describes the proposed energy-based droop. The concept of energy-based
control is introduced in the context of droop control, and subsequently, a dual loop controller
is designed via pole placement, analogously as in Section 3.3. The stability of the proposed
schemes are assessed, and finally the sensitivity of the proposed schemes to an inaccurate
DC bus capacitance estimate and the underlying current control speed are analyzed.

3.4.1 ENERGY-BASED DRrRoOP

The key step for setting up an energy-based droop scheme is transforming the voltage-
and current-based control into a system where the energy in the DC bus is controlled via
the input power. Using the voltage-energy relationship of capacitances and regarding the
DC bus as a single capacitance Cq., we can define a reference energy e..s, as well as an
estimate energy in the DC bus e

Cq éd
Cref = TCvfef and  eet = TCvlzmr (3.12)

Cyc is an estimate of the system’s DC bus capacitance. In the energy-based scheme, the local
controller computes a power reference, as opposed to a current reference in the conventional
scheme. Since the lower level current control loop requires a current reference, the power
reference is then transformed back. Using a proportional controller yields the energy droop
scheme

Pref = kp(eref —€est)  and iref = Pref/Vmsr (3.13)

This scheme is visualized in Fig. 3.4. Here, the linear relationship between controller output
and input disturbance, which are power quantities, can be seen, setting the energy-based
droop apart from the conventional strategy.
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Figure 3.4: Block diagram of proposed energy-based control including input and measurement disturbances

3.4.2 DuaL Loor CONTROL DESIGN

As the conventional droop, the energy-based droop yields a steady-state voltage deviation
without an integral action. As before, this is mitigated by feeding the energy error Ae =
eref — €est through a PI loop.

ki
Pref = (kp + :)Ae (314)

For the derivation of the transfer functions, no linearization of the CPL is required in the
energy-based scheme since now the disturbance and controller output are both power
quantities. In the relationship between disturbance and output Gg,, the squared bus voltage
is regarded:

Vet = A C€act =2 —— 3.15
act Cdc act stc ( )
Ca
Pref = —Hpi —2° - (3.16)
2
1) S

Gao= - =—-—— = (3.17)

Pload 25 sk + Sk

Hence, we see that the disturbance has a linear effect on the stored energy, or alternatively,
on the squared DC bus voltage. Again, the voltage controller shall be tuned to reject
disturbances according to the desired voltage control bandwidth wy.. The poles of the
transfer function Gg, in (3.17) are located at

édc édc édc
=l s (k)2 e 3.18
S1,2 2Cae P \/( 2Cae p) Cac i ( )

With an accurate DC bus capacitance estimate, i.e., édc = C4c, the poles can be placed as
desired by setting
2
kP

kp =wye and k= s (3.19)

Inserting (3.19) into (3.17) and (3.18) yields the closed-loop transfer function of the designed
controller and the location of its poles:
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N
Gio =~ - (3.20)
2 &d d d 2
ST ST Ove ROy

WveCac " Wy (Cdc 2 Cac

(3.21)
2Cq4c 2 Cac Cae

S12 = —

3.4.3 DISTURBANCE REJECTION

To analyze the stability of the proposed controller, we regard the disturbance transfer
function Gy, of voltage- and energy-based schemes, with and without voltage restoration,
to assess the deviation of the bus voltage as a function of the load. Fig. 3.5 shows the
corresponding gain for the different control schemes, over varying load frequencies. The
data in this figure is generated via numerical simulations, injecting a load power with
varying frequency and magnitude to the modeled system, and logging the bus voltage.
All controllers reject load disturbances with frequencies significantly smaller than the
voltage control bandwidth very well, whereas the DC bus capacitance filters out high-
frequency loads. The gain of energy-based scheme is only affected by the load frequency
but remains unaffected by the load magnitude. The transfer function of voltage-based
control shows an additional dependency on the load amplitude. At low magnitudes, its
gain matches those of the energy-based schemes. However, at higher load magnitudes, the
gain increases, due to the non-linear relationship to the constant power load. Beyond a
certain magnitude, the voltage-based control becomes unstable and tends towards infinity,
as indicated in Fig. 3.5. Purely proportional voltage droop becomes unstable in the low-
frequency range for load magnitudes beyond a certain threshold. With an added integral
action the controller shows instabilities around the voltage control frequency.

Generally, the results show that energy-based control rejects load disturbances of all
magnitudes with a limited gain, which can be designed such that the bus voltage constraints
are not violated under maximum load. The maximum gain can be decreased and shifted
towards higher frequencies by increasing the voltage control bandwidth.

For practical implementation, it is furthermore important to regard the effect of measure-
ment noise on the controller performance. Fig. 3.6 shows the noise-to-output gain for the
proposed controllers for noise added to the bus voltage measurement. For all schemes,
the gain is independent of the noise magnitude and no difference was observed between
voltage- and energy-based schemes. For all schemes, the gain is 0 dB in the low-frequency
region and dropping off beyond the voltage control frequency. For controllers with voltage
restoration, the gain peaks at ca. 2 dB increased gain around the voltage control frequency.
The results show that measurement noise has no additional adverse effect on the proposed
energy-based controller, compared to conventional voltage-based control, and that all
schemes are robust against measurement noise significantly faster than the voltage control
bandwidth.

3.4.4 SENSITIVITY TO BUS CAPACITANCE ESTIMATE

The actual location of the poles of the closed-loop system is dependent on the quality of
Cyc as an estimate of the DC bus capacitance. In the previous sections, it was assumed that
Cye = Cydc, which in reality is not necessarily true. Furthermore, the real DC bus is not a
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Figure 3.7: Root locations of disturbance-output transfer functions of energy-based controller for variation of the
DC bus capacitance estimate

lossless, lumped capacitance, but actually consists of multiple, distributed capacitances. To
analyze the effect of a non-ideal capacitance estimation, we consider the root locations of
the transfer functions for a variation of Cyc, as displayed in Fig. 3.7. We can observe that an
underestimation of the capacitance moves one pole close to the imaginary axis, yielding a
slower voltage control response. An overestimation, however, makes the controller overly
aggressive, introducing voltage oscillations.

3.4.5 SENSITIVITY TO CURRENT CONTROL BANDWIDTH

It has so far been assumed that the underlying inner loop for current control is sufficiently
fast (He. = 1) so that it does not interfere with the outer voltage or energy loop. In reality,
the current control bandwidth and the output current are limited so that the cascaded loops
to interfere with one another.

Including the current controller H. in the transfer function of the energy-based dual loop
scheme with PI loop, and inserting the designed values for k;, and k; from (3.19), we obtain

2
%+ WeeS
Ggo = — c c z z (3.22)
$3 78 + 57 5 Wee + ST WyeWee + 5 O Occ

We observe that the speed of the inner current control influences can interfere with the
outer energy loop, compromising its performance. In Fig. 3.8, the effect of a variation of
the current control bandwidth wc on the location of the poles for both schemes is shown.
This analysis shows that an reduced current control speed shifts the pole locii, lowering
the frequency of the slowest pole and possibly introducing imaginary pole pairs. This
highlights the importance of ensuring that the inner control loop is sufficiently fast enough.
In practice, the achievable or available speed of the the inner loop limits the realizable
voltage control speed.
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Figure 3.8: Root locations of disturbance-output transfer functions for variation of the current control bandwidth
for energy-based control with PI loop

3.5 PARALLEL CONTROL

In the previous sections, the bus stabilization with a single controlled power supply has
been investigated. The decentralized design requires applying the proposed strategy to
the parallel control of multiple power sources. This section discusses the design of a
coordinated control between multiple parallel ESS, and coordination with main power
supplies for bus stabilization and efficient dispatch of resources.

3.5.1 POWER SHARING AMONG PARALLEL ESS

We assume that multiple ESS systems are connected to the DC SPS and are responsible for
the stabilization of the bus voltage. Every system has an individual available power P,y ;.
The total available power in the system follows from the sum of all N units as

Pay ot = Z Pav,j (3.23)
jeN

The actual supplied power of each unit can be computed locally as

Pact,i = Vout,ilout,i (3.24)
and the sum of all power outputs yields the total supplied power
Pacttot = Z Pact,j (3.25)

JEN

We define the goal of the power sharing among parallel power supplies to ensure that the
ratio of power output to available power is equal for all units. For this we define the actual

power sharing gain as

Dact,i
Yacti = ——— (3.26)
Pact,tot
whereas the desired reference for the power sharing gain is
Pav,i _ Pav,i (3.27)

Yrefi = =
Pav,tot ZjeN Pav,j




50 3 ENERGY-BASED VOLTAGE STABILIZATION IN DC SHIPBOARD POWER SYSTEMS

Since the local controllers cannot measure the power output of other units, we introduce
a central control unit connected via a low-bandwidth communication network. This
controller collects the individual power outputs pact; and available power levels P,y ; from
all units and broadcasts pact tot and Pay tot. Thus, the required information is made available
for all local controllers to compute yyef; and yact;. The control architecture and signal
exchange is visualized in Fig. 3.9 To realize the power sharing according to the available
power, each local energy control loop is modified by multiplying the PI-controller output
with ye;, as can be seen in Fig. 3.9.

In a real system, multiple factors influence the accuracy of the desired power sharing. These
encompass sensor noise and bias, parallel processing on different controller hardware,
unequal line impedances, and further effects. To compensate for a mismatch between yyet;;
and yact;, we introduce an adaptive droop gain rq; which shifts the individual reference
energy eref;. Adaptive techniques with droop gain variation have been shown to be effective
in compensating imbalances [59]. Here, we initially set the droop gain to zero and only
use small values to compensate for power sharing imbalances. The gain is then controlled
using a PIloop as

ki
Fdi = (Yacti — )/ref,i)(kpy,i + %) (3.28)
with control gains kpy; and k;, ;. Following the nominal voltage Vyom, the adjusted energy
reference is obtained as A
Cd
Eref,i = TC V= TdiPouti (3.29)

3.5.2 COMMUNICATION FAILURE

A key challenge of a centralized controller, as proposed here for the power sharing control
loop, is its vulnerability towards faults in the high-level control or communication. To
mitigate this, the system can safely transition to a purely decentralized fallback mode
after a communication fault. In fallback mode, the power sharing control switches to a
droop-based approach that affects the reference voltage e;.s; with a fixed droop gain Ry ;:

Cq
€refi = TC Viom — RebiPout. (3.30)

That droop gain is set inversely proportional to the unit’s power rating. This approach
resembles a conventional droop approach in voltage mode, albeit transformed to an energy-
based framework. The approach is known to provide accurate power sharing at high
droop resistances, with the drawback of a steady-state voltage deviation from the nominal
value [208].

3.5.3 POWER SPLIT BETWEEN ESS AND MAIN POWER SUPPLIES

This study focuses on the stabilization of the DC bus using fast-responding power system
components, e.g., batteries, to compensate for imbalances between load and generation
dispatch. Considering an all-electric SPS with ESSs and FCs, as shown in Fig. 3.1 this is
required due to low transient capabilities of the FCs. The generation dispatch is an output
from the energy management layer, giving set-points to the main power supplies to meet
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Figure 3.9: Control and communication architecture for parallel control of multiple power sources

the estimated load, and to ESSs for state-of-charge (SoC) management additional support.
The energy management and SoC management are out of scope for this study, since their
time-frame is considerably slower than the voltage stabilization and restoration, and in
a hierarchical control architecture, each layer may be addressed individually. However,
important for the method presented in Section 3.5.1, is that the available power values Py,
Pavtots Pacti> and pact ot 0nly account for available and supplied power to compensate for
power imbalances. Otherwise, the energy management set-points would interfere with the
voltage stabilization and vice-versa.

3.6 REsuLTS

For validation of the proposed control methods, a hardware-in-the-loop (HiL) simulation
environment is used. This section introduces the HiL test setup, describes the deployment
of controllers and plant model and discusses the results of various test-cases for a single-
converter and parallel control setups.

3.6.1 HiL TESTBED

The HiL testbed used for the investigations is shown in Fig. 3.10. The plant model, comprised
of energy source(s), power converter(s), DC distribution system, and loads, is implemented
in a Plexim RT Box CE [209], a dedicated real-time simulation platform for power electronics
systems. The digital control is deployed on the STM32 Nucleo-G474RE I/O Board [210],
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Figure 3.10: HiL simulation test setup consisting of Plexim RT Box CE real-time target machine, STM32 Nucleo-
G474RE 1/O Board, a dedicated interface board, and PicoScope oscilloscope for measurement logging.
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Figure 3.11: Plant model and digital control implementation for HiL simulation of single power source connected
to DC grid via three-phase interleaved converter feeding resistive and constant power loads.

which is able to capture the emulated sensor signals from the RT Box and generate pulse-
width modulation (PWM) signals for the actuation of the virtual power switches in the
plant model. Both the plant model as well as the digital control are implemented in PLECS,
using available block-sets for the RT Box and STM32 Nucleo board to handle inputs and
outputs. The analog and PWM signals are measured directly on the I/O board pins via a
PicoScope oscilloscope [211].

3.6.2 SINGLE CONVERTER

In a first step, the performance of the proposed controllers is tested in a single converter
topology, as shown in Fig. 3.11. For this purpose, a power source is connected to the DC
system via a three-phase interleaved DC-DC converter, whose output current iy is to be
controlled to stabilize the DC bus voltage v4.. The power converter is connected to the
DC grid via a line impedance Zj;,.. The capacitances of the remaining grid components,
which in this case are not participating in the voltage stabilization, are modeled as an
aggregated capacitance Cgig series-connected with an equivalent impedance Zgi4. The
system loads are modeled as an aggregation of resistive loads Rjo,q and power controlled
loads CPL. These are connected to a capacitance Cq. which is the reference point for the
DC bus voltage vqc.

An output filter capacitance Coy is attached to the converter output to reduce its voltage
ripple and, similarly, an input capacitance is connected on the source-side. The voltages
Uout and vy, over the respective output and input terminals, are measured and captured
by the digital control. In addition, the total output current iy, as well as the three phase
currents are measured. The parameters for this test setup are listed in Table 3.1.

The digital control is comprised of a voltage or energy control loop and a current control
loop, which receives a current reference igytref from the former. The current control trans-
lates this into references for the inductor currents, which are realized as three individual
PI-controllers with anti-windup via back propagation. The PWM generation of the three
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phase legs is shifted symmetrically such that the current ripple at the output is minimized.

STEP RESPONSE

For the operation of the power system, it is crucial to ensure that the DC bus voltage stays
within its required limits. A critical case is the possibility of an undervoltage due to a
sudden load step or a loss of generation. Due to its limited size, compared to terrestrial
power systems, the loss of a power generation system can account for a significant share
of the total installed power. In the reference design shown in Fig. 3.1, 50 % of the FC
systems can be disconnected instantaneously due to a single fault. To test the voltage
stabilization and restoration via the proposed control scheme, we test the system response
to an application of a load step as a fraction of the total installed FC power, mimicking
the disturbance occurring due to a severe loss of generation while operating at full power.
Fig. 3.12 shows the voltage stabilization after load steps of 650 kW and 1300 kW, amounting
to half and full load power, for voltage and energy based droop control schemes without
voltage restoration. The controllers are tuned such that the voltage droop controller yields
a 10 % voltage deviation at half load, and the energy droop is tuned to match the control
bandwidth. Results show that the energy-based droop, when tuned for the same control
bandwidth, achieves a lower voltage drop due to its non-linear characteristics. The relative
difference between the two control schemes, increases progressively with the magnitude
of the load.

Fig. 3.13 shows the results for the same test case with dual loop controllers to restore the
voltage. As before, a difference of the voltage stabilization speed and voltage sag becomes
clear when we consider power loads. With an increase in load step magnitude, the voltage
sag of the conventional controller becomes progressively larger while the energy-based
scheme keeps the voltage drop roughly proportional to the load magnitude.

FREQUENCY RESPONSE

Apart from ensuring the maintenance of the bus voltage within critical limits, it is key to
evaluate the controller’s stability and its overall disturbance rejection capabilities. To this
end, we analyze the open-loop output impedance of the controller by applying a sinusoidal
voltage disturbance to the DC bus voltage vg. and measuring the output current as a
reaction to the voltage variation. Fig. 3.14 show the impedance of the four control schemes,
computed as —?:f: The region below the target control bandwidth shows an increased
impedance of the energy-based controller, compared to the conventional voltage-droop,
meaning that a lower output current is supplied by the power converter. The real part
of the impedance is positive over the tested frequency interval and voltage magnitude,
meaning that the converter is passive in this test case and no shortage of stability has been
observed for either control approach.

In addition, we test the closed-loop frequency response of the bus voltage when applying a
sinusoidal power controlled load to the system. The resulting bode plot of the disturbance
rejection is displayed in Fig. 3.15. We see that the amplification is limited for all controllers
and the dual loop schemes peak around the implemented control bandwidth. As expected,
the voltage-based controller has a slightly elevated gain in the high-amplification region,
which explains the increased voltage sag observed after a load step.
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Table 3.1: Plant model and control parameters for HiL simulation

Parameter Description Value
Viaom Nominal DC-link voltage 700V
Eoc Voltage source 400V
Lpn Phase inductance 500 pH
G; Input capacitance 10 mF
Cout Output capacitance 20 mF
Cae DC link capacitance 20 mF
Cerid Remaining grid capacitance 40 mF
Zline Line impedance single unit 63.9uQ, 3.2puH
Zine A Line impedance to unit A 63.9uQ, 3.2puH
ZlineB Line impedance to unit B 319.5uQ, 16 pH
Zorid Line impedance to remaining grid | 31.9pQ, 1.6 uH
Rpn Phase resistance 0.5 pQ
R; Power source resistance 10 mQ
Rin ESR of Ci 15 mQ
Rout ESR of Cout 15 mQ
Ryc ESR of Cy,. 15 mQ
Rgrid ESR of Cgriq 7.5mQ
Pload max Maximum CPL load 1300 kW
Rioad full Resistive load at full power 376.9 mQ
Pyva Available power unit A 650 kW
Py Available power unit B 325 kW
feim Sampling rate of RT Box 250 kHz
Sow Switching frequency 10 kHz
Wee Current control bandwidth 1000 rad/s
Wye Voltage control bandwidth 100 rad/s
kpy.i y-control proportional gain —%
kiyi y-control integral gain 23:)2_0
Ry Droop gain in fallback mode }ig?
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Figure 3.12: Voltage and energy droop with power load
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Figure 3.16: Plant model and digital control for HiL simulation of parallel power sources connected to DC grid
with differently rated converters feeding resistive and constant power loads.

3.6.3 PARALLEL CONTROL

The parallel control of multiple DC-DC converters is tested via a different plant model.
Fig. 3.16 shows the HiL simulation test setup with two differently rated sources and power
converters feeding the DC system. Power source A is interfaced via a two-phase interleaved
converter, while power source B, rated at half the power of source A, is connected via a
single-phase synchronous converter. As for the previous case, the parameters for this test
setup are listed in Table 3.1. The goal is to ensure that the overall voltage stabilization is
achieved with the same quality as with a single converter while keeping the power sharing
between the sources at the desired ratio.

Each converter has a local controller deployed on the STM32 Nucleo board, which have only
access to the measurements belonging to their respective emulated hardware. In addition,
a central control unit is implemented in the digital control, which receives information
signals from the local controllers and periodically broadcasts information accessible to all
local units.

LoAD STEP

The total system response the load is intended to be independent of the number of stabilizing
power supplies, achieved by introducing the power sharing gain into the control loop, as
shown in Fig. 3.9. To test this, the power system is subjected to a load step of 975 kW,
equaling total power rating of power supplies A and B. The resulting output currents and
DC bus voltage in this scenario are shown in Fig. 3.17. It can be seen that the voltage is
restored within the same time frame as in the single-converter scenario. This shows that
multiple parallel converters are able to stabilize and restore the voltage in the same manner
as a single converter could.
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Figure 3.17: Voltage stabilization after load step with two parallel converters

POwER SHARING

Each local controller has only its local output voltage vy, available. Furthermore, Zjine s
is set to five times Zjj,e 3. Hence, even in steady-state operation, minor differences in
measurements and voltage drops over the line will results in imbalances in power-sharing.
The accuracy of the power sharing control described in Section 3.5.1 is tested by holding
the load from the previous test case at a constant level for 30 s, and observing the ratio of
output currents from power supplies A and B. The resulting measurements of currents for
the parallel control without power sharing control and with power sharing control are
shown in Fig. 3.18. The results show that, without intervention, the output currents of
parallel converters diverge from the desired setpoint and already after less than a minute,
the power sharing ratio has changed significantly (here: ca. 1.2:1 instead of the desired
2:1 after 30 s). However, including the central controller for power sharing control, the
currents of both controllers are quickly stabilized at the desired setpoint. Here, this means
a current ratio of two-to-one between units A and B.

FaurLT CONSIDERATIONS

During the operation of the SPS, a fault can occur at any given time, affecting the ideal
power sharing among parallel power supplies. The power sharing control is intended to
adapt to such changes by modifying the local power sharing gains. To demonstrate this,
we consider a fault in power supply A that leads to a reduction of its available power by
50 %. The currents of the parallel power supplies before and after the degradation of unit A
are shown in Fig. 3.19. As intended, before the fault (+ < 0s), unit A is carrying twice the
current of unit B, matching the ratio of their available power. After the fault (¢ > 0s), the
power availability of both units is equal. Hence, the currents converge to the new, desired
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Figure 3.18: Power sharing between two parallel converters without and with adaptive power sharing loop

power sharing ratio, equally divided among both units. Following the same concept, the
power sharing control can also adapt to deliberate variations of the available power of
each units, e.g., arising from an optimized allocation of power reserve from a high-level
controller.

The transition to fallback mode, as described in Section 3.5.2, is displayed in Fig. 3.20. At
time t = 0s, a load step occurs with the original power sharing control still intact. At t =1s,
the communication fails and both units switch to fallback mode, employing a fixed droop
constant. As a result, the bus voltage is reduced, requiring both units to increase their
currents to deliver the power demand. However, due to the comparably low droop gains, as
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Figure 3.19: Adaptive power sharing between parallel converters during change of available power
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Figure 3.20: Current outputs of parallel converters before and after fallback mode due to communication failure

opposed to the adaptive control regime, the power sharing ratio is still close to the desired
value of two-to-one between units A and B.

3.7 CONCLUSIONS

The decentralized voltage control for DC systems is a specific challenge for shipboard
applications due to minimal line impedances and highly fluctuating CPLs, setting it apart
from terrestrial DC microgrids, as well as DC links in automotive applications. Voltage-
based droop as the state-of-the-art solution for decentralized power sharing is challenged
due to the negative incremental resistance of CPLs, resulting in low damping and possibly
voltage instability at high load steps. This study proposes a transformation of the voltage
droop to an energy-based control scheme, eliminating the non-linear relationship between
the power load and the controlled variable, where a power reference replaces the current
reference of the state-of-the-art approach. HiL test results highlight the energy-based
controller’s improved performance in stabilizing the bus voltage even at high load steps, and
its accurate voltage restoration according to the specified bandwidth, while conventional
voltage-based control leads to increased voltage sags due to the low damping with CPLs.
Assuming a fixed current controller of an off-the-shelf power converter, this enables fast
restoration of the DC bus voltage with minimal deviations during transients. Hence,
the proposed energy-based scheme serves as a crucial element for securing the power
availability in decentralized systems with critical loads and a network with low capacitances
and low line impedances. An adaptive power sharing loop lets parallel power supplies
accurately track their desired power sharing ratio without compromising the control speed.
This yields a stable and flexible voltage control, suitable for the implementation in modular
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power systems where number and rating of power supply units are variable.

Future work will see the proposed method embedded into complete hierarchical control
schemes to investigate its interaction with energy and power management strategies. The
flexibility of the proposed method is very suitable to interact with optimal power and
reserve power allocations from a higher-level controller. Additionally, the proposed control
design can further be fine-tuned and optimized with attention to application-specific
performance criteria. Whereas this study focuses on voltage stabilization and regulation
using an energy-based control scheme, the next step should expand the focus to include
optimized power sharing, and battery SoC management, leveraging the low-bandwidth
communication links in the system.
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COORDINATED CONTROL FOR
FueEL CELL-BATTERY POWER
SYSTEMS

The previous chapter has shown how the voltage stabilization using fast-acting sources in-
terfaced with DC-DC converters can look like. In the scope of my research, this is applicable
for the batteries. However, the ships I am investigating also feature fuel cells, which have
vastly different characteristics. In this chapter I am staying on the coordinated control layer,
looking into the interaction between these two types of components. Whereas the voltage
stabilization shown in the previous chapter lays the foundation, it is not sufficient yet to run
the power system over the course of a mission. With a fuel cell-battery system, we need to
find an efficient power sharing strategy, both under static and dynamic loads, and manage the
charge of batteries. The work I present in this chapter does exactly that, thereby providing an
applicable strategy for the power system control with multiple fuel cells and batteries in a DC
shipboard power system.

“A man’s emotions are what define him,
and control is the hallmark of true strength.
To lack feeling is to be dead,

but to act on every feeling is to be a child”

— Teft, in The Way of Kings
by Brandon Sanderson

This chapter is published with minor modifications as Virtual impedance-based frequency decoupling for modular
fuel cell-battery DC shipboard power systems, in: Journal of Marine Engineering & Technology, 2025 [212]
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4.1 INTRODUCTION

He design of modern shipboard power systems (SPSs) is driven by multiple factors,

including technological advances, new regulations, as well as economic and envi-
ronmental aspects [11]. A key development is the electrification of ships, away from
conventional diesel-mechanic propulsion and towards a utilization of novel energy sources
and energy storage systems (ESSs) [7]. The goal to decrease carbon emissions has increased
interest in alternative energy carriers and converters, among which hydrogen fuel cells
(FCs) are a promising option [12, 68].
In this context, DC distribution with power electronics interfaces is a fitting solution for
the integration of multiple different energy supply and storage technologies [17]. This
yields high controllability of power flows in the system [16]. The efficient coordination
of all devices, based on their respective characteristics is key [10]. The system control
must facilitate the balance between the fluctuating load and generation while keeping fuel
consumption and degradation on the components at a minimum [59]. Especially the FCs’
lifetime is affected by their operation, which ideally is at low current gradients within its
efficient output range [6].
DC distribution and power converters facilitate an easy expansion and reconfiguration
of the power system topology, promoting a modular design with plug-and-play charac-
teristics [213, 214]. This also requires the control system to be modular, and adapt to a
reconfiguration, e.g. during regular operation, after a fault, or system retrofit.
To implement a scalable and reconfigurable control strategy, a decentralized architecture
can be used [19, 69]. Doing so removes the need for an extensive communication archi-
tecture, enables the local implementation of main control functionalities, and reduces
vulnerability to faults. The conventional decentralized method is virtual impedance-based
droop control [59, 70], in DC systems implemented as voltage droop. Major drawbacks
of droop control are a steady-state deviation from the set-point and imbalances in power-
sharing. Further, standard voltage droop does not consider the time response of different
sources, which is an important aspect in the control design with ESS [215]. It is desirable
to decouple the main power source from the load using the ESS, so the main supply can
operate at low power gradients and in an efficient operating point [7].
The literature on coordinated control and system stabilization for FC-battery SPS is domi-
nated by centralized approaches, focusing the power split between a single FC system and
ESS. This is realized, e.g., using PI-controllers as in [24, 84, 99] or via rule-based approaches
as in [21, 24, 98, 180].
The above-mentioned load-frequency separation is also an important objective for the
power split in hybrid ESS including both batteries and ultra-capacitors, as proposed by
[45, 82, 216] which can be adapted for the control in FC-battery designs.
The proposed solutions, however, do not cover investigations of larger power systems
with multiple FCs and batteries, or even a modular topology. A centralized controller
computing all power references is not applicable here due to the overhead required for fast
communication. For this reason, this study proposes a decentralized method for dynamic
power sharing among multiple power sources with different time characteristics. The
proposed scheme can adapt to the system reconfiguration in a plug-and-play manner.
This article expands on the previous work by [200], whose contributions are summarized
as follows.
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1. A virtual impedance-based approach with both capacitive and inductive elements
to achieve a decentralized voltage stabilization with frequency decoupling in a FC-
battery DC SPS.

2. An extension of local controllers by voltage restoration and state-of-charge (SoC)
management functionalities via adaptation of the reference voltage.

3. Demonstration of the control strategy using real measurements at the example of a
virtually retrofitted short-sea cargo vessel

In addition, this article delves into the concept of modularity and proposes an extension of
the previously developed strategy by a low-bandwidth communication network to adapt
the control parameters following a topology reconfiguration. For this purpose, how the
local control parameters can be adapted after a component fault is investigated in order to
maintain the desired power system dynamics. Furthermore, this work presents additional
simulation results using high-frequency measurements from multiple operating scenarios.
This chapter is organized as follows. A virtual retrofit and the modeling of a reference
vessel with a FC-battery hybrid system is introduced in Section 4.2. Subsequently, the
proposed decentralized control strategy for coordinating FCs and batteries is laid out in
Section 4.3. Section 4.4 describes the simulation environment for numerical investigations
and discusses the obtained results. The main conclusions are presented in section 4.5.

4.2 SYSTEM DESCRIPTION

The work in this article focuses on all-electric ships with a hybrid energy system, as
defined in [30], consisting of multiple main power supplies and ESSs. The emphasis is on
FC-battery hybrid SPS, however, the method is applicable to alternative generation and
storage technologies as well. This section describes the case study used in this work and
introduces the models used for numerical investigations of the SPS.

4.2.1 REFERENCE VESSEL

The originally diesel-driven short-sea cargo vessel Ankie operating in the Baltic and North
Seas serves as the reference vessel for the case study. The main specifications of the
vessel are listed in Table 4.1. The original power system utilizes a main diesel engine,
mechanically connected to a controllable pitch propeller. Additionally, a shaft generator is
used as a power take-off to feed the bow thruster, auxiliary, and hotel loads via an electric
AC distribution network. The system is equipped with an auxiliary engine that can be used
for supplying the electric system while the main engine is turned off.

The reference vessel is equipped with measurement devices, continually logging the power
generation of main and auxiliary engines, main consumers, as well as mechanical power
working on the propulsion shaft. Figures 4.1 and 4.2 show the histograms of total power
consumption and speed over ground for one month of continuous logging. Time spent at
low power (<100 kW; 41.7 % of samples) and at low speed (<1 kn; 44.0 % of samples) are
not shown in the figures. The measurements are available with a sampling time of 200 ms,
which is considerably faster than typical ramp times of power generators and conventional
propulsion systems in ships. Power profiles for different operation scenarios can be derived
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Table 4.1: Specifications of reference vessel. Adapted from [217].

Parameter

Info

Type
Length
Width
DWT
Propulsion

General cargo ship

90.0m
12.6 m
3638t

Diesel-mechanic

Main Engine ~ Wartsila 9L20 (1.6 MW)

0.15

0.17

Probability [-]

Ll

5 10
Speed over ground [kn]

Figure 4.1: Histogram of speed over ground of refer-
ence vessel derived from continuous measurements
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Figure 4.2: Histogram of power consumption of
reference vessel derived from continuous measure-

over one month. ments over one month.

from the measurements and used as input for the re-design and simulation of a retrofitted
vessel.

4.2.2 VIRTUAL RETROFIT

Since the SPS of the original vessel does not match the scope of this work, a virtual retrofit
of the power system was conducted to make it usable as a case study. In the virtual
retrofit the vessel is fitted with an FC-battery hybrid system. Hence, all diesel-generators
are removed from the system, and an electric-driven propeller replaces the mechanic
propulsion. The resulting system, equipped with four FC and two battery systems in a
dual-bus configuration, is shown in Fig. 4.3. This constellation creates a redundancy to
compensate for a component or bus fault, and the number of FCs in the system gives
operational flexibility. All power generation devices and loads are connected to the electric
system, forming an integrated power system. DC distribution is used for the on-board grid,
as it matches the outputs of FCs and batteries, among further advantages, such as increased
efficiency [120] and operational flexibility [16]. Neglecting the enhanced operational
capabilities of electric propulsion drives, it is assumed that the load requirements of the
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Table 4.2: Parameters of retrofitted power system components.

Parameter Description Value
P e FC power rating 4x325 kW
Epat Battery energy capacity 2x225kWh
Chat,chg Battery max. charge C-rate 1.5
Chat dis Battery max. discharge C-rate 1.5
P pat Battery power rating 2x337.5kW
Pem Prop. motor rating 2x600 kW
Fuel Cell Battery
FC| |[FC| = = |FC| |FC
| C T T |
_ _ _ /|bCDC —_ — _
_= _= _= Converter _= _= _=
| |
DC Bus A Bus Tie DC Bus B
— — Switch | — —
Inverter L

Propulsion
Service Motor Hotel
Loads Loads

Figure 4.3: Topology of retrofitted hydrogen-based system with electric propulsion and DC distribution.

vessel remain the same as in the original topology.

The power and energy ratings of the components are listed in Table 4.2. The FC and battery
ratings are based on a newly developed short-sea cargo vessel fueled by liquid hydrogen
that has similar operational characteristics as the Ankie. The power rating of the batteries is
sufficient such that the ESS can compensate for the fault of FC system while having surplus
capacity for covering transient loads. Furthermore, the energy rating allows short-time
strategic charging and load leveling to reduce the power gradients of the FCs.

4.2.3 MODELING

The focus of this work is the development of control strategies. Power system and com-
ponent models are required to evaluate these strategies. Because the emphasis is on
system-level control, simple dynamic models are implemented to build a simulation envi-
ronment for the complete SPS. The following sections describe the approaches for modeling
FCs, batteries, converters, and loads and how they interact with one another via the DC
bus.

PROTON EXCHANGE-MEMBRANE FUEL CELLS
The FC models used in this work were implemented according to [205]. A beneficial feature
of this model is that it can be parameterized using manufacturer data. Hence, the real
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Figure 4.4: Polarization curve and power output of Nedstack FCS 13 XXL module, from data-sheet and simulation
in steady-state.

components can be easily represented.

The FC systems investigated in this chapter are based on the Nedstack FCS 13 XXL, a
proton-exchange membrane fuel cell (PEMFC) module with a maximum output power
of 13.6 kW [218]. Figure 4.4 shows the polarization curves and power outputs of a single
module from the manufacturer’s data-sheet against the simulation results obtained using
the described model in steady-state operation. The graph describes the relationship between
the FC current Iy jn and voltage Vi, as indicated in Fig. 4.5 a). The mean absolute percentage
error (MAPE) of the output voltage between the simulation and data-sheet is 1.6 %, which
is sufficiently accurate for the purpose of this research. To achieve the targeted 325 kW per
FC system in the SPS, 24 modules are stacked together.

The voltage efficiency and hydrogen consumption of the FC stack can be computed as
defined and described in [219]. The calculation is based on a theoretically achievable cell
potential derived from the lower heating value of hydrogen Hy,, Faraday’s constant F,
and the number of elementary charges per H2-molecule n = 2. The efficiency of a FC is
proportional to its cell potential V. ;; and consequently also to the module’s voltage V,,,4
with Nj series connected cells. Hence, the voltage efficiency is estimated as

VeennF _ VinoanF
Hipy NsHipy

Nfec = (4.1)
The hydrogen consumption per cell is proportional to its cell current I..j;. In extension, a
FC module’s hydrogen use riy; in g/s is derived from the total current I, 4:
IcelleNs LnoaNs
Titers = - 4.2

H2 F 7 (4.2)
where N, is the number of parallel connected cell stacks. Several sources compute the
voltage efficiency based on the higher heating value or Gibbs free energy instead [220].
It is important to note that the voltage efficiency is idealized and neglects crossover currents,
oxygen starvation, and auxiliary power consumption. Hence, the computed efficiency at
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Figure 4.5: Equivalent circuit models of FC (a) and battery (b) including DC-DC converter and interface to the DC
bus.

low currents is unrealistically high, whereas a real FC efficiency would drop when operated
at low power. For this reason, the FC operation shall be limited to the linear Ohmic loss
region, as suggested in [6], while operation close to zero output power is avoided.

Li-ION BATTERIES

For the batteries, a model of similarly low fidelity as that for the FCs was used, as reported
in [204], shown here in Fig. 4.5 b). It is based on single cell modeling, and in this study,
generic values for Li-ion battery cells, as reported in the source, are used. Opposed to the
FC model, the voltage source Ep; is a function of the SoC, which is obtained via Coulomb
counting. Multiple cells are connected in series and parallel to achieve the desired voltage,
power, and energy levels of the battery packs.

The terminal voltage Vi, is obtained as

Vbat = E— Rilpat (4-3)

DC-DC CONVERTERS

A dynamic model of a DC-DC converter for maritime power systems is presented in [206].

It is an averaged model that describes the current dynamics while neglecting any losses in
the system. Similarly, an averaged representation of a half-bridge is used in [73].
Conventionally, the converter is current-controlled using PI feedback control, as outlined

in [46]. For DC SPSs, the current control bandwidth is typically in the range of 1000 Hz [207].

Whereas transient analysis requires a high-fidelity model of the power converters, the
system-level simulation and investigation of voltage droop control allow the simplified
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representation of the current control using a first-order low-pass filter [202]. The converter
output current I,y qcr as a function of reference current I, ;. f and current control time
constant r.. is realized according to

Lutact = ————1 (4.4)
out,act — STec + 1 out,ref .

Consequently, the input-side current I, as a function of I, ¢+ as well as input and DC
bus voltages Viy and Vy act, as indicated in Fig. 4.5 is computed as

_ Vdc,act

I,
" Vi

Iout,act (4.5)

Loabs

All system loads are aggregated and represented as a power load Pj,,4 acting on the electric
system. The load profile obtained from the measurements represents the actual consumed
power and is modeled as an exogenous input disturbance. Assuming that all loads are
tightly power-controlled, the current drawn by the loads Ij,,q depends on the actual bus
voltage Vicact- Accordingly, the current drawn by the loads is derived as

Pload

foad = (4-6)

dc,act

DC DISTRIBUTION

The DC distribution system in a ship is characterized by short power lines with low
impedance. Following the approach described in [10], the bus in DC SPS can be simplified
as a lumped capacitor, neglecting the losses and inductances in the network. The DC-link
capacity Cyc is the sum of the output capacitors of all N adjacent DC-DC converters Coyt ;.
Accordingly, the time derivative of the DC-link voltage Vjcact can be computed as

N
. 1
Vdc,act = a(z Io ut,i — Iload) (4~7)
C =1
N
Cac =Y, Couri (4.8)
i=1

4.3 POWER SYSTEM CONTROL

The control of the power system covers multiple functionalities, of which this work focuses
on the coordinated control for stabilizing the DC bus voltage and managing the power
flows between the different components.

On the generation side, each primary system, i.e., the FC systems and batteries, is interfaced
to the bus via a DC-DC converter. Whereas the FCs can only provide positive current, the
battery converter needs to be bi-directional to enable both discharging and charging. The
converters are current-controlled, tracking a given reference value, as described in 4.2.3.
Additionally, the local controllers ensure the operation of each device within its technical
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limitations, e.g., voltage and current limits. The balance-of-plant and inner control loops
of the FC battery systems are not explicitly considered here.

This section leads through the proposed implementation of local controllers for FCs and
batteries. A more detailed elaboration can be found in [200]. This work additionally
introduces a method for parameter adaptation after a topology change.

4.3.1 COORDINATED CONTROL

The coordinated control layer covers a multitude of functionalities. This work focuses on the
voltage stabilization and restoration, battery SoC management, and power sharing among
parallel devices. Additionally, this work explores the adaptation of control parameters to a
reconfiguration of the power system topology.

For the control of the regarded SPS, FCs and batteries are required to match the power
demand in dynamic conditions, stabilizing the DC bus voltage. The FCs benefit from
operation within a specific power band and at low power gradients to limit their lifetime
degradation and operate them at a high efficiency [221]. The batteries can provide high
power gradients and thereby cover load fluctuations, but cycling at high power and high
depth-of-discharge also degrades their lifetime.

In this section, first a centralized controller is described as a benchmark strategy. Subse-
quently, a decentralized control architecture is proposed, employing virtual impedances
for frequency decoupling between FCs and batteries.

4.3.2 CENTRALIZED CONTROL

Ideally, the current references for the coordination of FCs and batteries can be generated
in a centralized controller. All required information about the system’s states is available
to the central controller so that it can compute a target for each component in real-time
while accounting for their different characteristics. As a benchmark strategy, a PI feedback
controller with a filter-based frequency decoupling is considered, similar to [82]. The PI
feedback loop with gains k;, and k; is employed for the voltage control, determining a total
required current for bus stabilization and restoration L ret as a function of the voltage
set-point error Vycnom — Vdc,act:

ka
Itot,ref = (Vdc,nom - Vdc,act)(kp + ;1) (4-9)

Low-frequency elements of this reference current are forwarded as a reference current for
the FCs I ref, while the remaining high-frequency parts of the reference Iy, et are to be
covered by the batteries. The control strategy is illustrated in Fig. 4.6. For the frequency
decoupling, the filter is tuned using the time constant z¢q.

Itot,ref

4.10
sTeg+1 ( )

Ifc,ref =

Ibat,ref = Itot,ref - Ifc,ref (4~11)
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Figure 4.6: Centralized power sharing strategy with PI controller and low-pass filter.

4.3.3 DECENTRALIZED CONTROL

Several issues make the implementation of real-time control in a centralized unit chal-
lenging. The acquisition of measurements and real-time distribution of reference signals
to local controllers requires high-bandwidth communication, which can be costly, prone
to faults, and introduce latencies. Hence, this work proposes the implementation of a
decentralized architecture. No communication between local controllers is required for
the real-time voltage stabilization and restoration. This provides a control strategy which
can be scaled to a modular reconfiguration of the power system topology. In the following,
virtual impedance-based droop is introduced as a method for voltage stabilization and
frequency decoupling between the different sources. This method is subsequently extended
by a voltage restoration and an SoC management functionality.

VIRTUAL IMPEDANCE-BASED DROOP

The state-of-the-art solution for decentralized voltage stabilization in DC power systems is
voltage droop [49]. Whereas conventional, resistive droop control is appropriate for power
sharing under steady-state conditions, additional capacitive or inductive droop elements
can be used to include an additional time-response of the controllers [75, 76]. Whereas a
capacitive droop controller serves as a high-pass filter, this work proposes an extension
of droop schemes with an inductive element to create a low-pass filter. Such a droop
controller is an appropriate tool for controlling the power output of power supplies with
slow dynamic capabilities, such as FCs. Figure 4.7 shows the equivalent circuits describing
the functioning principle of different droop schemes. The corresponding transfer functions
of the DC link voltage deviation AV = Vg ef — Vicact to the current reference are as follows:

Ty rc _ sCire (4.12)
AV SRgycCarc+1 '
g 1 (4.13)

AV Ry +sLan

where I, is the computed reference current for the droop-controlled source. R;y, Cyx,
and L4, describe the virtual resistance, capacitance and inductance, Cy. is the total dc bus
capacity; Vgrer and Vycocr are the reference and actual dc bus voltages, respectively.

VOLTAGE RESTORATION
The aforementioned droop control schemes lead to a voltage drop on the main bus pro-
portional to the delivered power [222]. To restore the voltage and maintain the modular
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Figure 4.7: Equivalent circuit representations of decentralized droop controllers with a) resistive b) resistive-
capacitive, and c) resistive-inductive virtual impedance.

power system design, the voltage reference V..t in the local droop controllers is adapted
based on an integral action on the set-point error and is computed as

Vd,ref = Vdc,nom + kv /( Vdc,nom_ Vdc,act) dt (4~ 1 4)

where ky is the integral coefficient for voltage regulation.

SoC MANAGEMENT

Due to the ESSs’ limited energy capacity, the SoC of each device needs to be maintained
within specified limits, e.g. between 20% and 80 % as in [223]. Additionally, different SoCs
in parallel devices need to be balanced. The local battery controllers are further extended
to include the SoC management in the decentralized control strategy. Each local battery
controller is enhanced by an SoC-dependent term Vsoc ref, Which manages the additional
charge and discharge of the device. The reference voltage V¢ is manipulated for this
purpose and is computed as

Vciref = Vd,ref + VSOC,ref (4.15)

VSoC,ref = ksoc /(Socref _Socact)adlL (4'16)

where SoCyef and SoCyt are the reference and actual SoC values and ksoc is the integral
coefficient of the SoC management strategy. An additional shape factor a describes the
relationship between SoC deviation and charging current. Figure 4.8 shows the imposed
discharge current for an ESS based on its SoC for different a. To ensure that the ESS
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Figure 4.8: SoC-dependent charging current for each ESS for different shape factors « to track the reference value
while avoiding over- and undercharging.

current reaches its respective maximum and minimum values when the SoC reaches its
limits ksoc is computed as following. Here, it is assumed that the reference SoC is centered
around maximum and minimum SoC and that the batteries maximum charge and discharge
currents are equal at Tpat,max:

Ibat,max
S50Cmax—50Cpi
Cd,rc( max > min )(X

ksoc = — (4.17)

IMPLEMENTATION

Figure 4.9 shows a graphical representation of the local controllers for the FCs and ESSs.
Since no real-time communication takes place between the decentralized controllers, it
is crucial to carefully tune all control parameters so that the overall system performance
meets the desired requirements. To achieve the desired frequency separation, the resistive-
inductive droop scheme from Eq. (4.13) is used to control each individual FC system’s
output current, while each ESS is controlled according to the resistive-capacitive droop
Eq. (4.12).

For the consistent behavior of the power system under dynamic operation, a series of
guidelines for tuning the control parameters are proposed. Following these guidelines
ensures a coherent design of all local controllers:

« The total droop resistance of the main power supplies should equal the total droop
resistance of the ESS and match a reference value Ry,.s so that a consistent response
of the power system in dynamic and steady-state operation is obtained.

« The total droop resistance should be selected such that the bandwidth of the DC bus
voltage regulation is at least one order of magnitude slower than the current control
of the DC-DC converters (Tye >> Tcc).

« The droop resistances of the FC controllers should be inversely proportional to their
rated power. The same approach shall be applied for the ESS.
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« In the proposed FC-hybrid system, the time constants of the RC and RL filters should
be equal and match the desired frequency decoupling time constant z¢4. This allows
a smooth transition from batteries to FC as a power source.

+ Reducing the time constant 7¢q will yield a higher dynamic capability, allowing the
generation-side to cover higher load gradients, which would otherwise be inhibited
by the limited power of the batteries. However, a higher time constant lowers the
output gradients of the FCs, reducing their degradation.

4.3.4 Low-BANDWIDTH COMMUNICATION AND RECONFIGURATION
The proposed control strategy from [200] has a series of challenges due to the lack of
information-sharing. The system’s dynamics will differ from the designed characteristics
once the topology changes, e.g., due to a component fault or an extension of the power
system. It is furthermore inflexible towards a change in the topology. To mitigate this,
this study proposes the extension of the decentralized strategy by a central controller and
low-bandwidth communication and leveraging shared information for an adaptation of
control parameters. It is important to note that the central controller is used only for slow
information sharing, whereas all essential computations for coordinated control remain in
the local controllers.

The response of each local controller is determined based on its virtual resistance and the
time constant of the low- or high-pass filter constituted by the virtual impedance. The goal
is for each local controller to adapt its parameters so that the total droop gain of the system
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matches its target value Rq et independent of the system topology. Hence, the guidelines
listed in section 4.3.3 should hold true even if the topology is reconfigured.

Each FC system and battery shares its available power rating, P s.; and Py pqt,; respectively,
via the communication network. Accordingly, the central controller can determine the
total available FC power Pttt and total available battery power P; pat tor as

Pr,fc,tot = Z Pr,fc,i (4.18)
ieN

Prpat ot = Z Py bat,j (4.19)
jeM

In case a component fails, is degraded, or the system is reconfigured, the effect of the altered
topology is visible in a change of the total available power ratings. The central controller
broadcasts P; fc tot, Prpattot and reference values for 7¢q and ky, as well as Ryf. Since a
low-bandwidth communication is assumed here, and to avoid jumps in the parameters,
the local controllers apply a low-pass filter with time constant 10 s on the received values.
Each local controller is then able to compute its local virtual impedance parameters Rq
and Cq,1, or Ryyec and Cyy.. The i-th FC computes its control parameters as

Prpattot
Rap = Rd,ref% (4.20)
r,bat,j
Ly = 7tdRax (4.21)
The j-th battery computes its control parameters as
Prpatot
Rire = Rd,ref% (4.22)
r,bat, j
Tfd
Circ=5— (4.23)
Rire

Additionally, it needs to be considered that the DC bus capacitance changes upon discon-
nection of a source, assuming that the switch is situated between the converters’ output
filter and the DC bus. As the total virtual droop Ry .t is dimensioned to reach a specific
control time constant for the voltage stabilization 7., the total droop should be adjusted
to achieve a consistent voltage control speed. Assuming that the central controller has an
estimate of the total capacity in the bus Cgc est, the total droop is adapted as

Rd,ref = Tvc Cdc,est (4.24)

The information exchange between the central and local controllers in the power system is
visualized in Fig. 4.10. Since no vital computation is being done in the central controller
and all adaptations based on information broadcast is low-bandwidth, a failure of the
communication network has no immediate effect on the voltage stability of the system.



4.4 NUMERICAL INVESTIGATIONS 77

Pr,fc,tot - Pr,bat,tot
dyref , - _ - ~ \Rdﬂ'ef
Tid ¢ - S ATfd
k., Y4 AY \kv
1
P, rbati 1

1
Ibat,ref,j * ? Vdc,act

FC| — Battery | —
Converter = Converter =
I I

I I

DC Bus

Figure 4.10: Control architecture of local FC and battery controllers and central controller communicating via
low-bandwidth interface.

4.4 NUMERICAL INVESTIGATIONS

A power system model as outlined in section 4.2.3 is implemented in Matlab/Simulink
to create a simulation environment where control strategies can be tested. This section
describes the case study and system parameterization in more detail, introduces test
scenarios for the control of the reference vessel and evaluates the numerical results obtained
through the simulations. Table 4.3 provides an overview of system level parameters used
throughout the simulations. The 700V DC bus voltage stems from a reference design
within the SH2IPDRIVE project [224] and falls within the low voltage DC range [17]. The
current control time constant of 1 ms matches typical control bandwidths of 1000 Hz as
mentioned in [207]. The voltage control bandwidth is chosen ten times slower to avoid
interferences between the cascaded control loops. The output capacitances were estimated
following the approach outlined in [225].

Table 4.3: System and control parameterization for numerical investigations.

Parameter Description Value
Vde.nom Nominal DC bus voltage 700V
Cout fc FC converter output capacity 25 mF
Cout bat Battery converter output capacity 25 mF
Tec Current control time constant 1ms
Tye Voltage control time constant 10 ms
a SoC shape factor 2.0-

Ttd Frequency decoupling time constant  variable
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Figure 4.11: Total output current of FC and battery systems after a load step using the centralized PI control with
low-pass filter (LPF) and time constants of 10 s(dashed) and 1 min(solid)

4.4.1 CENTRALIZED CONTROL WITH Low-PAss FILTER

As outlined in section 4.3.2, a centralized PI controller with low-pass filter is implemented
as a benchmark. The PI gains are tuned via pole placement to match the desired voltage
control bandwidth:

kp = Cae e (4.25)
kz
p

.= 4.26

! 4Cyc ( )

Eq. (4.25) and (4.26) show that the feedback gains are dependent on the estimate of the total
DC bus capacitance. The estimation may differ from the real value. An overestimation will
lead to a more aggressive control action, and vice versa. This fact should be accounted
for in the control design to ensure sufficient stability margins. The low-pass filter is
parameterized with the frequency decoupling time constant as rppr = 7¢q. The reference
currents are distributed among parallel components of the same type proportional to their
power rating. Initially, all FCs and batteries are rated equally and accordingly the current
is shared equally among parallel components. The figures with results show the summed
currents of all components of the same type.

In the first simulation, the step response of the power system was investigated. Measure-
ments of the propulsive power, taken during a mission of the reference cargo vessel, show
an average load of 900 kW during cruising. Taking this value as the starting point, the step
to full propulsive power of 1200 kW was investigated, matching load current increase from
1286 A to 1714 A at 700 V. Two cases with 7ty = 10s and 1 min were analyzed to compare
the effects of different time constants. The resulting trajectories are displayed in Fig. 4.11.
The FCs react to the load change according to the low-pass filter; therefore at ¢ = 7¢4 the
output current reaches 63.2 % of the step. The battery supplies the remaining difference
between load and FC power, and additionally stabilizes the DC link voltage, which remains
within 20 V of the nominal DC link voltage of 700 V.
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Figure 4.12: Load step response with decentralized strategy with 7¢q=10 s(dashed) and 1 min(solid) a) FC, battery
and load currents, b) DC bus voltage

4.4.2 DECENTRALIZED CONTROL STRATEGY

The proposed strategy aims to achieve the same performance as the central controller using
a decentralized architecture. For this purpose, the total droop resistance was chosen to
equal the inverse of the proportional factor of the PI controller in the benchmark strategy.
Furthermore, the time constant for frequency decoupling 74 is adjusted by sizing the
virtual inductances and capacitances such that 7¢q = RgqrcCdrec = Las/Rd -

In the first step, voltage regulation and SoC management are not implemented and the
power system with the virtual impedance-based droop is subjected to the same load step
as the benchmark strategy in section 4.4.1. The simulation results in Fig. 4.12 show that
frequency decoupling is achieved as accurately as with the benchmark, matching the chosen
7¢4. Since the load before the step is non-zero, the bus voltage has already decreased to
600 V due to the absence of an integral action. The steady-state deviation further increases
to 144V at full load. The reduced DC bus voltage requires higher currents and, therefore,
increases conduction losses. In this case, the voltage drop is beyond 10 %, which would
be a typical lower voltage limit. Furthermore, the power quality can be insufficient for
sensitive loads, and a sudden change in voltage is challenging for accurate current control
in DC-DC converters.

In the next step, the same step response as before was simulated with the proposed strategy,

including the voltage regulation described in section 4.3.3. The gain k in (4.14) was selected
to match the integral action of the benchmark’s PI controller:
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Note that the squared term present in the denominator in Eq. 4.26 is not present here, since
the adjusted voltage Vq s is still passing through the droop controller. The step response
obtained using this strategy is displayed in Fig. 4.13. The resulting curves of the FC and
battery currents are equal to those of the benchmark, indicating that the same behavior
of a centralized PI controller with a low-pass filter can be achieved in a decentralized
architecture. Additionally, this method achieves accurate tracking of the nominal DC bus
voltage. Initially, after the load step, an acceptable voltage drop of 20.1V can be observed,
and the steady-state deviation could be eliminated.

Furthermore, Fig. 4.13 shows the implications of changing the time constant zgq. With
1min, a total of 2.44 kWh of battery charge is required to compensate for the difference
between load and FC power, while the maximum current gradient of the FC systems is
limited to 6.6 A/s. Reducing the time constant by a factor to 10 s proportionally reduced the
required battery charge to 0.42kWh. However, the current gradient of the FCs increased
by the same factor to 40.6 A/s, leading to higher degradation. This comparison highlights
the underlying trade-off between the required battery charge and dynamic operation of
the FCs when selecting the time constant.

4.4.3 MISSION SIMULATION

The application of the proposed control strategy in an SPS is demonstrated using parts
of real mission profiles as inputs. The challenging operation periods of the vessel occur
during maneuvering, start-up and shutdown sequences, or other situations demanding
highly fluctuating loads. Three scenarios are selected for which power profiles of the
real operation are available. The first scenario represents a relatively short maneuvering
sequence of ca. 2h, which covers high power gradients. The second scenario covers the
start-up and maneuvering out of harbor sequence until cruising. The third scenario, in turn,
is the shutdown from cruising into the harbor. The latter two cover ca. 5h of operation
each. Fig.4.14 shows the power demand over time for all three scenarios.

Three mission simulations were performed for each scenario with different time constants
7¢4 of 105, 1 min, and 10 min. Because multiple control functionalities act on the power
system, it is key to ensure that they do not interfere with each other. An increased time
constant aims at smoothening the FCs’ output power while requiring the batteries to
provide more power and depth-of-discharge for achieving the load-generation-balance.
The current and voltage control bandwidths are separated by tuning the control parameters
to meet the values listed in Table 4.3. In the same manner, the slower control loops,
i.e., the frequency decoupling and the SoC management, need to be separated to avoid
them interfering with one another. The shape factor o was set to 2.0 so that the slope
of the charging current around the target SoC was flat. Doing so ensures that the SoC
management acts more slowly than the frequency decoupling.

Resulting current trajectories of total FC and battery power, as well as battery SoC over
time, are shown in Figs. 4.15, 4.16, and 4.17, for the three scenarios respectively. The plots
with the results are zoomed in on the time period where the highest load fluctuations occur.
For the simulation, running at 1 ms steps, the measured values, sampled at 200 ms, were
linearly interpolated.
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Figure 4.14: Exemplary power profiles obtained from measurements taken during the reference vessels’ operation.

Table 4.4: Key values of simulation results with different frequency decoupling time constants for short
maneuvering/start-up/shutdown profiles.

Frequency decoupling time constant 7y

Value 10s 1 min 10 min

50 Crin [%] 49.7/49.7/49.5  48.4/47.6/47.8  42.1/32.3/33.0
S0Crnax [%] 50.0/50.1/50.2  50.1/50.1/51.9  57.2/58.7/63.9
Poatmin [KW]  -255/-221/-325  -212/-256/-319  -274/-471/-435
Poatmax [KW]  232/159/252 387/287/262 320/468/409

|Prclavg [W/s] ~ 1083/1605/3148  731/1494/2929  693/1431/2841

Table 4.4 summarizes the key numbers from the simulations, including the batteries’ SoC
ranges, as well as maximum charge and discharge currents. Load cycling is reported to
be detrimental to the health of PEMFC [226, 227]. In [67], a linear degradation factor for
transient loads on the cell voltage decay was used. Hence, the average absolute value of
the FC power gradient |P.fc|an is listed as a proxy for assessing the effect of transient FC

operation on degradation. Given the FC output P, and time at the n-th simulation step
ty, it is computed as

N

~ 1 o |Pren = Pren—1]

Prelave = - 20— — (4.28)
n=1 n n—1

The results show that the FC follows the load closely, and little power and energy are
demanded from the batteries with a low time constant. However, a higher time constant
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Table 4.5: Asymmetric component ratings and control parameterization.

Parameter Description Value
Pifen Power rating FC A 325.0kW
P scB Power rating FC B 292.5 kW
Pitec Power rating FC C 260.0 kW
PifeD Power rating FC D 227.5kW
Epata Energy capacity battery A 300 kWh
Prpata Power rating battery A 450 kW
Epats Energy Capacity battery A 150 kWh
P patB Power rating battery B 225 kW
Ttd Frequency decoupling time constant 10 min

smoothens the power output of the FCs, reducing their power gradients and, consequently,
their degradation. With a higher time constant, the SoC-limits are exploited to a higher
degree, leading to a reduced transient operation of the FCs. During maneuvering (Fig. 4.15),
the average FC power gradient is reduced by 32.5 % by increasing the time constant from
10 s to 1 min and even 36.0 % at 10 min. In the start-up (Fig. 4.16) and shut-down (Fig. 4.17)
profiles, a minimum is reached when the FC power is monotonously increasing or decreas-
ing, respectively. It is to be noted that this metric does not consider the rate-of-change of
the FC but the absolute change in output power.

The increased ESS discharge depth at higher time constants negatively influences the
battery lifetime. The results underscore the importance of selecting the time constant to
trade off the discharge depth of the batteries and the transient loading of the FCs. The
simulated operation range of the batteries also shows that they may be sized significantly
smaller when a small time constant is chosen to reduce capital expenditure.

4.4.4 DROOP PARAMETER ADAPTATION

One key goal of the decentralized architecture is its adaptability to configuration changes
and in this work the low bandwidth communication is leveraged to realize said adapta-
tion. Accordingly, components with different ratings and characteristics should behave
differently. To highlight this, the characteristics of the FC systems are changed to emulate
aged components, which is done by shifting their polarization curves down. Thereby their
output voltage, and in turn their output power at a given current, is decreased. The voltage
of FCs A, B, C and D are reduced by 0%, 10 %, 20 % and 30 %, respectively. In addition,
the batteries’ capacities are changed to different ratings, and their initial SoCs are set to
40 % for battery A and 60 % for battery B. Accordingly, each component has an individual
power rating, which influences the droop parameter calculation described in Section 4.3.4.
Table 4.5 lists the parameters of the altered configuration. Non-listed parameters remain
unchanged from the previous Section.

The power system is simulated with the short maneuvering power profile in Fig. 4.14a) to
demonstrate the effectiveness of the proposed control architecture. The resulting output
currents of all components and battery SoC are shown in Fig. 4.18. Generally, the configu-
ration changes lead, as expected, to an unequal current sharing among both the FCs as well
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Figure 4.18: Power sharing and battery charge during mission simulation of short maneuvering with asymmetric
component ratings and different initial SoC

as among the batteries. For both type of components, the current sharing is proportional
to their power rating such that the FCs with higher maximum power carry higher currents.
Analogously, battery A provides twice the current as battery B for voltage stabilization,
due to its doubled capacity and power rating. Additionally, it can be observed, that the SoC
management strategy of both batteries lets both charges converge over time.

4.4.5 RECONFIGURATION AFTER FAULT

The reconfiguration of the power system control is investigated by emulating component
faults. As described in Section 4.3.4, the fault itself has three immediate effects on the
coordinated control. First, the power output of the disconnected component drops to zero,
creating a power imbalance which needs to be compensated. Second, the total DC bus
capacity is reduced by the output capacity of the disconnected converter. Third, the total
virtual resistance of the control strategy is increased since one local controller is missing.
Thus, the time-response of the voltage stabilization is slowed down.

Here, two successive faults of a battery system and a FC system are emulated. The discon-
nection of an ESS leads to an increased total virtual resistance of the high frequency power
supplies, while the low-frequency resistance is affected by the FC fault. Three adaptation
strategies are compared. First, no adaptation of parameters is done. Second, the parameters
are adapted to track a reference value Rq et With the total virtual resistance. Third, Ry ref is




88 4 COORDINATED CONTROL FOR FUEL CELL-BATTERY POWER SYSTEMS

1000 F l'r.hF}))'\-‘\--\.q.I,l,llll
Load
800 _ ttFC
- o
= ry
= 600 - No adaptation
g Constant impedance = = -
=5 400+ Constant time response= = = =+ |
@]
200 + |
T R
f e t L) . e I
0.12
.
= &,
S orp o _
%Y “,
8 A
2] "‘
.a 0.08 I \.\ .;4', |
5] N .
~ N
N
0.06 1 eesmsr™™"! S
0 10 20 30 0

Time [s]

Figure 4.19: Droop resistances and current sharing immediately after battery fault for different adaptation
scenarios

adapted according to Eq.4.24 to keep the voltage control at the desired bandwidth.

The two faults are sufficiently far apart, such that the first parameter adaptation is completed
at the time of the second fault. Fig. 4.19 shows the battery disconnection at ¢t = 0s. Since
the fault instance the battery output is close to zero, the remaining battery is only required
to compensate for a minor imbalance, yielding a voltage drop of ca. 3V. Figure 4.19
shows the low- and high frequency elements of the total virtual resistance over time. The
battery disconnection instantly doubles the high frequency element. This value remains
unchanged if no adaptation is undergone, yielding differing virtual resistances of the low-
and high frequency controllers. In the second case, the resistance converges back to its
target value by decreasing the droop parameter of the remaining battery controller. In
the third case, due to the decreased DC bus capacity, the total droop resistance is led to a
slightly higher value than originally. Here, the low frequency components also adapt their
droop parameters, reacting to the adapted DC bus capacity estimation. In the second and
third cases, the final virtual resistance of all low- and high-frequency components matches,
as intended in the implementation guidelines in section 4.3.3.

During the subsequent FC system fault, the local controllers are parameterized differently,
depending on the adaptation strategy. The results are shown in Fig. 4.20, with the fault
occurring at t = 0s. A quarter of the delivered power is suddenly cut back and is required
to be compensated by the remaining battery.

Figure 4.20 shows the voltage trajectories during the stabilization for the three described
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Figure 4.20: Voltage stabilization, droop resistances and current sharing immediately after fuel cell fault with
previous battery fault for different adaptation scenarios

strategies. With no adaptation, the total droop resistance is too high, leading to an increased
voltage dip of 24V and a subsequent overshoot after stabilization. With a constant droop
resistance in the second case, the voltage stabilization becomes more aggressive, since
the total droop resistance is lower than required to achieve the desired voltage control
bandwidth, yielding a voltage dip of 13 V. Finally, in the third case, the voltage stabilization
is achieved as designed according to the voltage control bandwidth wy., yielding a voltage
dip of 15V, 37.5 % lower than without parameter adaptation.

Figure 4.20 shows the droop parameter adaptation for the high bandwidth droop resistance
after the fault. With the adaptation enabled, low- and high-frequency resistances converge
towards the same value. The low bandwidth resistance remains constant except for the
third case, where the system reacts to the change in DC bus capacity. Accordingly, for con-
sistent behavior, regardless of the system topology, an adaptation of the droop parameters
following the desired voltage control bandwidth is recommended.
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4.5 CONCLUSIONS

Although FC-battery hybrid power systems with DC distribution are emerging as a promis-
ing solution for zero-emission shipping, the coordinated control of multiple power system
resources remains a challenge. In larger systems, a modular approach for integration and
control is a viable approach, as it can facilitate the reconfiguration and extension of the
SPS.

This work presented a decentralized coordinated control strategy using virtual impedance-
based droop achieving low DC bus voltage deviations and fast restoration as well as a load
frequency decoupling. It could be shown that the decentralized solution can achieve the
same quality in dynamic power sharing and voltage control as a centralized PI controller
with a low-pass filter. The controller tuning affects the power gradients and load changes
demanded from the FC systems, as well as the required depth-of-discharge for the ESS.
Accordingly, a trade-off must be made between FC and ESS degradation arising from their
dynamic operation. This study further presented an approach for automatic parameter
adaptation after system reconfiguration utilizing a low-bandwidth communication network.
The adaptation is proposed as a means to facilitate a modular power system control. It
could be shown the the power sharing among components is adapting to configuration
and parameters alterations and furthermore the voltage dynamics of the electric system
could be maintained after disconnection of multiple components.

Whereas a low-bandwidth communication network facilitates parameter adaptation, its full
potential has not yet been leveraged. The consideration of varying component parameters,
e.g., owing to aging effects, and the consideration of different component types remain
unaddressed topics for future research. This study considers simple component models for
FCs and batteries, which allows parameterization with limited manufacturer data. Such
models are sufficient for this work’s focus on the system dynamics of the electric distribution
system. However, models with higher fidelity will enable to generate deeper insights in the
component-level behavior. Accurate quantification of FC and battery degradation, as well
as hydrogen consumption of the proposed methodology, and a comparison to an optimized
control strategy will be valuable additions in the future.
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MisSiON-ScALE OPTIMIZATION
FOR MODULAR FUEL
CELL-BATTERY POWER SYSTEMS

The studies so far, described in the previous chapters, were dedicated to fast-timescale objectives,
namely system stabilization and dynamic power sharing, making out the lower layers of the
hierarchy. Next, I am moving on to the high-level layer. The first question to answer is how
an optimal dispatch of fuel cells and batteries looks like when considering a full mission. So
before investigating implementable energy management strategies, this chapter provides an
offline method for the cost-optimal dispatch of multiple fuel cells and batteries. The aim is
to provide a benchmark and showcase the benefits from a modular fuel cell integration and
control. This will serve as a performance comparison for real-time applicable methods and
gives incentives for including optimal on-off decision-making in the energy management.

“It is not the destination that matters,
but how one arrives there.”

— Dalinar, in The Way of Kings

by Brandon Sanderson

This chapter is published with minor modifications as Optimal Energy Management of FC- Battery Shipboard
Power System using Dynamic Programming, in: Proceedings of IEEE ESARS-ITEC, 2024 [121].
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5.1 INTRODUCTION

He targets defined for the decarbonization of the maritime sector [4] demand the

investigation of clean technologies as an alternative carbon-based power generation.
One promising energy supply technology is the hydrogen fuel cell (FC) [6]. Combined
with energy storage systems (ESSs), they are a viable solution for zero-emission shipping
in specific applications. A key challenge for these systems lies in the optimal utilization
of FCs and batteries to supply the load demand, while minimizing fuel consumption and
component degradation.

In the literature, the proposed solutions for the degradation-aware control of FC-battery
hybrid systems are mostly not based on an optimization, e.g., filter-based [200], rule-
based [22, 180] and fuzzy-logic control [21, 83]. Equivalent consumption minimization
strategies for instantaneous optimization are applied in [22, 24] and, similarly, in [228] for a
modular setup. These, however, neglect the FC degradation. In addition, predictive control
can be employed to include load predictions for the optimal power dispatch [182]. Both
instantaneous and predictive optimization-based approaches must trade-off the quality
of solutions with computational efficiency and do usually not yield the actual optimal
energy management solution. The multi-objective optimization of energy management is
generally complex, typically shaping a mixed-integer non-linear problem. Simplified, it
can be solved using conventional numerical methods [145]. Meta-heuristic methods can
be employed to provide sufficient results, however, without guarantee to find the opti-
mum [150]. Alternatively, dynamic programming is a suitable method for finding the global
optimum solution to a control problem [229, 230]. An offline multi-objective optimization
with dynamic programming of hybrid ships is proposed by [231]. An optimization-based
approach for FC-battery vehicles considering FC degradation is proposed by [110] using
stochastic dynamic programming. However, degradation-aware offline optimization of
shipboard power systems with a FC-battery hybrid energy system has not yet been investi-
gated. Furthermore, existing studies do not include the optimized on- and off-switching of
multiple FC modules.

This chapter investigates the offline computation of the optimal dispatch of multiple
FC modules and batteries for a given load profile. Dynamic programming is used to
determine the optimized power outputs of each component. This method is suitable for
handling non-linearities and mixed-integer problems. The optimization covers multiple
objectives, considering both fuel consumption and FC degradation, aiming to minimize
total operational costs. Battery degradation is neglected for this study, as its impact is
expected to be considerably smaller than FC degradation. Furthermore, the developed
method allows the selective on-off switching of FC modules as an additional degree of
freedom in the optimization.

The following Section 5.2 describes the regarded system and the models used in this
study. Section 5.3 elaborates on the problem formulation and implementation of dynamic
programming algorithm. Simulation results are presented in Section 5.4, and key takeaways
of this study are given in Section 5.5.
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ESS FC Modules

Figure 5.1: System topology with four FC modules, one ESS, and load connected to common bus

Table 5.1: Fuel Cell and Battery Parameters

Parameter Description Value
Ptc max Max. FC power 316 kW
Pte.max Max. FC power gradient | 10kW/s

N Available FC modules 4
Coat Battery Capacity 1125 Ah
Vihom Nominal voltage 440V
R; Internal resistance 6.8 mQ
Ibat max Maximum current 3.37kA

5.2 MODELING

The energy system contains multiple FC modules and one ESS, which together supply an
electric load. An exemplary power system with four FC modules is shown in 5.1. The output
power of all active FC modules plus the discharge of the ESS must match the demanded
load in each instant.

At a given time, the state of the system can be characterized by the state-of-charge (SoC)
&(t), and the number of active FC modules ng (), defining the state vector

x(0) = [£(D) nee(D)]" (5.1)

The input vector is defined as
u(t) = [Pre(2) Ange(1)]" (5.2)
containing the power output of each FC module P;.(¢) and the switching action Ang.(2),

changing the number of active FC modules.
The power load Pjy,4(t) acts as an input disturbance, yielding a disturbance vector

d(t) = [Ploaa(t)] (5.3)
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Figure 5.2: Battery polarization curve

5.2.1 SYsTem DyNaMICS
The number of active FC modules is directly influenced by the corresponding input to
switch modules on and off.

d
o Me(t) = Ange(t) (5-4)

where Ang.(t) is either zero, or a positive or negative unit impulse. The change in ESS SoC
depends on the battery current L,:(t) and the battery capacity Cpat such that

Ibat ( t)
Chat

d

—&(t) =~ 55

0 (55)
Assuming a simple quasi-static battery model with an SoC-dependent open circuit voltage
Voc(£(1)) and an internal resistance R;, the battery current is obtained as a function of
battery parameters and delivered power Py, as

( Voe(£(1))

Ibat(t) = R IR:
i i

) (5.6)

Voc(f(t))_ \/_Pbat(t)+
2R;

Specified parameters for the LiFePOy battery, obtained from a manufacturer data-sheet [232],
are listed in Table 5.1, with V,(¢) shown in 5.2. The battery power is constituted by the
system’s power balance as

Pbat(t) = Pload(t)_Pfc(t)nfc(t) (57)

5.2.2 FUEL CELL CONSUMPTION AND DEGRADATION

The hydrogen consumption of each FC module depends its power output, as shown in
Fig. 5.3, next to the module’s efficiency over its power range. Table 5.1 lists the modules’
specifications based on manufacturer data [218]. The total hydrogen consumption iy, is
computed as

rinz (1) = nge(t) f(Pec (1)) (5.8)

In addition, the FC modules’ voltage degrades based on their operation. Three degradation
modes have been identified in literature [67, 233, 234], and are modeled as contributors
to the cell voltage decrease. Cyclic degradation is modeled as a fixed voltage decrease
per activation of a FC module. Dynamic degradation is modeled as a linear function of
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Table 5.2: FC Degradation Parameters

Param. Description Value Ref.
duy; Static degradation high power 10.0 uV/h [234]
duy, Static degradation low power 8.6 uV/h [234]

dUpase Baseline static degradation 2.0uV/h [235]
Dlo Low power threshold 20 % [6]
Dhi High power threshold 80 % [67]
dvsy Cyclic degradation factor 13.79 uV [234]

dvdyn Dynamic degradation factor | 0.212 uV/cycle | [67]

the load change of each module. Static degradation is modeled as a piece-wise linear
function, depicting an hourly degradation rate depending on the operation in a low-power,
high-power, and base-power region, as depicted in Fig. 5.4. The degradation parameters,
referred to a single cell, are listed in Table 5.2.

5.3 OpTIMAL ENERGY MANAGEMENT

The energy management refers to the time-varying dispatch of power generation and
energy storage over the duration of a mission. In this study, the performance of the energy
management is assessed based on hydrogen consumption and FC degradation. Dynamic
programming is employed to find an offline-computed optimal trajectory of the control
inputs, assuming a-priori knowledge of the load profile.

5.3.1 DYNAMIC PROGRAMMING
Applying dynamic programming as a solver for this optimization problem requires quan-
tizing the time-state space.

TIME DISCRETIZATION

Inputs and states of the system must be time-discrete. The discrete system dynamics, as
applied in the dynamic programming algorithm, are described in Section 5.3.2. Furthermore,
the disturbance posed by the load profile must be transformed into a discrete time series.
The time-continuous input Pjaq(t) is obtained from measurements. The discretization with
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Figure 5.5: Time discretization of load profile

time steps of length At is done by computing the average value of the time-continuous
input over the k-th time interval as

1 kAt
Pload(k) = B ./(k A Pload(t)dt (5~9)
—1)At
vk € ]N;Nk, where
At
Ny =| | (5.10)
max

and tpmax being the total duration of the measured load profile. The discretization from a
continuous-time to a discrete-time load profile is depicted in Fig. 5.5.

STATE DISCRETIZATION

The valid SoC range of the ESS is quantized into Nso. discrete SoC levels. This yields a
set M of valid SoC states & at equidistant intervals between the minimum and maximum
allowable SoC &yin and &pax-

(fmin - gmin)(nsoc - 1)
Nsoc -1

M= {g = &min + |nsoc € ZENSOC} (5.11)

The number of active FC modules ng. is discrete, as it is an integer value of the set N
defined as

N ={nge|ntc € Z2y, } (5.12)

where N is the number of available FC modules. All possible states are spanned up in the
state space X as

X =MxN (5.13)
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The i-th element in X can be expressed as a tuple

(&, ngci) (5.14)

where i € {1,2,3,..., Ngoc (Ngc + 1)}. Accordingly, the quantized time-state space is spanned
up by state space over time & xINZ N - Each trajectory with increasing time signature from
k =1 to k + Ny that does not violate any constraint describes a possible solution candidate
for the energy management problem. It is important to note that the choice of time interval
At and number of SoC states N, poses a trade-off between accuracy of the optimization
model versus the size of the solution space and thereby computational complexity.

5.3.2 ENERGY MANAGEMENT OPTIMIZATION

To find an optimal energy management solution, a cost function J(x(k), u(k), d(k)) must
be defined. In this case it is the summation of the fuel consumption and FC degradation
over all N time steps:

Ni
JCe(k). u(k),d(k)) = Y cnarimna (k)AL + caegd Vaeg (k) (5.15)
k=1

where c,; and cgeg are cost parameters for the hydrogen consumption and FC degradation,
respectively. The states and inputs are subject to the following constraints:

&min < E(K) < &nax (5.16)

0 < Pre(k) < Premax (5.17)

|Pre (k)| < Pre max (5.18)

Pre(k = 1) = Pre(Ni) = 0kW (5.19)
nee(k) €{0,1,.... Nec} (5.20)

Further, the final SoC is required to match the initial value:
E(k=1) = E(Ni) = &init (5.21)

IMPLEMENTATION

The dynamic programming algorithm computes transition costs T;; for the transition
from node i at time k to node j at time k+ 1, as outlined in Fig. 5.6. The inputs Pt and
Ang, required for a specific transition at time k are computed using the discretized model
equations and the change of state variables x; and ng.. The battery current is obtained from
the change in SoC from ¢ to &; as

(& — &) Coar

~ (5.22)

Ibat(i’j ) =-
Accordingly, the battery power is derived following (5.6)

Pbat(i, ]) = Ibat(i’ j)Voc(gi) - Ibat(i’ j)zRi (5~23)
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The necessary FC power per module at time k for the transition, according to (5.7) is
computed as

(Pload(k) - Pbat(isj))

Pr(k.,i,j) = (5.24)
Nfci
Accordingly, the FC power gradient is
o oo PR(k+1, )= Pre(k.i, j)
Pre(k,i, j) = ¢ Y (5.25)
The input Ang, is derived as
Ang(i, j) = Nfc,i — Nfc,j (5.26)

For each transition, hydrogen consumption riy,; and FC degradation dVge, are computed.
The degradation is averaged over all cells, and is the sum of static, dynamic, and cyclic
degradation dVitat, dViyn, and d V.

mhz(k> is _]) = nfc,if(PfC(ks la])) (527)

Nens
dVaaa(k.i, ) = 7 f(PreChei ) (5.28)

fc

.. Nfc,i Pf (ksla])At
dVayn(k,i, j) = N:C’ dvayn 76Pfc,max (5.29)
doe Ane(is j
AV (i, j) = 2owAniel ) (5.30)
Mc
dVdeg(k’ la]) = sttat(k» ls]) + dden(ka l5]) + dVSW(l’ J) (531)
Finally, the transition cost is computed as

’I;j(k) = cthhZ(k> I:J)At + Cdegdvdeg(ka l:]) (532)

Dynamic programming iterates backward through all time steps and determines the mini-
mal cost and optimal trajectory for each time-state node to reach the final state. For each
node i at time step k, a value W(k,i) can be computed, defining the minimal cost to reach
the final state. This value is obtained by finding the target node j*(k,i) that minimizes

W(k,i) = miarel W(k+1,j)+ T;j(k) (5.33)
JE
At the final time step, the terminal cost of each state is pre-defined as

0 if & = Enit Ange; =0

W 1) = { 00 otherwise (5.34)

The algorithm is implemented as following:
1. initialize cost-to-end of nodes i at k = N

2. iterate through time steps from k = Ny —1to 1
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Figure 5.6: Transition from node i to j at time k in quantized time-state space

(a) iterate through all nodes i at step k

i. Determine transition cost to all valid target nodes j
ii. Determine minimal cost-to-end W(k,i)

iii. Store optimal transition j*(k,7), and inputs Pf,(k,i) and Ang, (k,i)

3. resolve optimal trajectory through quantized time-state space forwards through time
from initial node {&pnito}

4. determine total hydrogen consumption mp; o+ and fuel cell degradation d Vit for
optimal state trajectory

5.4 SIMULATION AND RESULTS

The model described in Section 5.2 and the dynamic programming algorithm from Sec-
tion 5.3 are implemented in Matlab. For the simulations, the parameters listed in Table 5.3
are applied. Three scenarios are investigated to assess the effect of an optimized on-off
switching of FC modules. In the first scenario, all modules are constantly active. The
second scenario allows the simultaneous on-off switching of all modules. Finally, in the
third scenario, a selective on-off switching of each module is possible. The load profile
shown in Fig. 5.5 is investigated for the simulations.

The power balance for the three scenarios is shown in Figs. 5.7, 5.8, and 5.9, respectively.
The resulting optimal hydrogen consumption and FC degradation, with the specified
factors ¢,z and cgeg from Table 5.3, are given in Table 5.4. In this specific investigation, the
optimal timing of switching the FC systems on and off allows a significant reduction of
their degradation by 41.8 %, whereas the effect on fuel consumption is marginal. Selective
switching additionally improves both metrics to a negligible extent.

The factor cgeg is varied between 10 % and 1000 % of its listed value to assess the sensitivity
of the results to the cost parameters. The resulting Pareto-fronts for the second and third
scenarios are displayed in Fig. 5.10. This comparison shows that the additional freedom to
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Table 5.3: Simulation Parameters

Parameter Description Value

Cha H2 cost factor 4.95 €/kg [236, 237]
Cdeg FC deg. cost factor 12.64€/uV [238]
At Time step 60s

Emin Min. SoC 25%

Emax Max. SoC 75 %

&init Initial SoC 50 %

Noc Number of SoC states 2001
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Figure 5.7: Power sharing between FCs and batteries, and battery SoC for minimized operational costs with
constantly active FCs

selectively switch modules can significantly reduce the FC degradation, which becomes
optimal when stack replacement is considerably more costly than hydrogen. Both the
second and third scenarios significantly reduce the FC degradation for all cost factor
combinations compared to the first scenario.
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Table 5.4: Simulation Results

Fuel Consumption | FC degradation
All Active 180.02 kg 40.74 pv
All On-Off 179.87kg 23.72 uv
Selective On-Off 179.58 kg 23.69 uv
255 oo -
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Figure 5.10: Sensitivity of optimal solution to a variation of the FC degradation costs between 10 % and 1000 % of
original value

5.5 CONCLUSIONS

In this work, dynamic programming has been applied for the offline computation of the
optimal trajectories of power outputs and on-off switching for multiple FC modules to
supply the load of a FC-battery zero-emission ship. Results indicate that the optimal
timing of switching the FCs on and off significantly reduces their degradation, while fuel
consumption is much less affected. Enabling selective on-off switching further reduces
the FC degradation at the cost of increased hydrogen use. The optimal trade-off between
the two values depends on the ratio of hydrogen and FC stack replacement costs, whereas
minimizing the total operational expenditure should be goal of the ship operator. In
future work, the offline optimal energy management can serve for benchmarking real-time
strategies, as well as support in the design of new control approaches. Offline optimization
can also assist in mission planning, assuming that information on the mission profile
is available beforehand. Obtained results can then be utilized to inform the real-time
controller to improve its performance. Furthermore, an efficient implementation of the
optimization can be used in a predictive controller if load predictions can be made during
ship operation.
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PREDICTIVE ENERGY
MANAGEMENT FOR FUEL
CELL-BATTERY POWER SYSTEMS

In earlier chapters, I have shown methods for the lower control layers, and presented an offline-
computed optimal power dispatch. This chapter moves on to a real-time applicable energy ﬂ
management strategy. The method and study presented in this chapter define an approach for

a centralized architecture that minimizes total operational costs. By defining cost functions

for a fuel cell and a battery, involving not only fuel costs but also cell degradation costs, an

optimal power split can be found. Initially, I describe an equivalent cost-based approach as

an instantaneous optimization, which I later on extend into a predictive energy management

strategy. Using outputs from a data-driven load forecasting model, this strategy can be applied

for optimization over a 15-minute horizon, but assuming a perfect load prediction shows high

potential over longer horizons as well.

“Strength does not make one capable of rule;
it makes one capable of service.”

— Teft, in The Way of Kings

by Brandon Sanderson

This chapter is submitted for publication with minor modifications as Degradation-aware Predictive Energy
Management for Fuel Cell-Battery Ship Power System with Data-driven Load Forecasting, preprint accessible on
arXiv [239]
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6.1 INTRODUCTION

E Lectrification and hybridization are two key enablers for increasing the operational
flexibility and capability of onboard energy systems in ships [12]. Fuel cells (FCs) are a
prominent candidate for the replacement of conventional diesel engines as main generators,
aiming at the decarbonization of maritime transport [6]. Energy storage systems (ESSs)
allow for the decoupling of the load and generation, making it possible to operate the main
supplies more steadily and efficiently, while high power gradients and power peaks can be
compensated by, e.g., batteries [7]. This can be especially beneficial in ship types whose
load profile is highly volatile, changing quickly within a short time frame, e.g. harbor tugs.
One fundamental line of research for hybrid vessels is the coordination of the generation
and storage systems, as the batteries introduce additional degrees-of-freedom for the control
system. The main challenge for the energy management strategy (EMS) is the optimal
dispatch of power sources over time, ensuring that each component- and system-level
constraints are respected [30]. Typically, the EMS aims at the minimization of the fuel
consumption, while ensuring that the load power can always be supplied by the generation
side [101]. However, with the introduction of FCs, an additional key performance criterion
is the cell degradation, which is required to be minimized such that their lifetime is extended,
keeping stack replacement costs low [6, 233]. Hence, the optimal energy management of
FC-battery shipboard power system (SPS) poses a multi-objective optimization problem.
In the literature, a multitude of approaches attempts to solve this problem. Generally,
methods can be divided into heuristic and optimization-based approaches [33]. Many
studies on the energy management for FC-battery based SPS focus on PI or filter-based
controllers [24, 178, 212] to achieve peak-shaving for steady FC operation or on efficiency
improvement via rule-based controllers [22, 98]. Similarly, fuzzy-logic controllers are
utilized to translate expert insights into rules for a functioning EMS [21, 83].

More advanced EMSs are optimization-based, which can either be instantaneous or predic-
tive, where the latter attempts to include knowledge of future system states and distur-
bances, e.g. the load power, in the solution of the energy management problem. An example
of instantaneous optimization is equivalent consumption minimization strategy (ECMS),
which conventionally is applied to hybridized diesel-based power systems [109, 126, 127],
but has also been shown to be applicable to zero-emission ships [105, 228]. [131] shows the
implementation of ECMS for multi-objective optimization. The advantage of instantaneous
optimization is that no knowledge of future system disturbances is required. However,
in case a prediction of the future mission profile is possible, it can be incorporated in the
EMS to improve the controller performance and explicitly include system limitations. An
example of this is the use of model predictive control (MPC), which can be utilized in
various functions, such as optimal control of parallel prime movers [132], and optimal
power split for hybrid systems [36, 76]. [140] and [139] formulate ECMS implementations
whose parameters are set by overarching predictive or mission-scale optimizers. MPC is
commonly implemented in multiple layers, decomposing the optimization problem into
varying timescales. [36, 136] decouple the optimal steady-state dispatch from the dynamic
power sharing in two-level MPC formulations whereas a three-level implementation is
proposed by [137]. Predictive energy management for zero-emission ships is much less
investigated. In [123, 181] an MPC is applied to determine the steady-state economic
dispatch for a zero-emission ferry. The work in [182] further incorporates FC degradation
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as an objective. However, the mentioned applications for FC-battery systems apply the
optimization for large time steps while assuming a mission-scale quantification of load
uncertainties. This disregards both the highly fluctuating load dynamics, as well as the
optimal power split in dynamic conditions and uncertainties between predicted and actual
load.

Most studies dedicated to the optimized control of hydrogen-based SPS only optimize
for fuel consumption. Besides the cost of hydrogen, the cell degradation and eventual
stack replacement of the FCs, as well as increased consumption due to degradation, are
key drivers of the overall operating costs of a hydrogen FC-based system. An explicit
quantification of the cell degradation and its minimization during dynamic operation is
done by [67]. Similarly, [180] analyzes the cell degradation for various rule-based EMS in
an SPS. However, these studies lack an attempt to quantify the costs arising from the cell
degradation and, furthermore, do not include their degradation function in a predictive
EMS.

The implementation of an MPC requires an estimate of future states, inputs and/or distur-
bances. Many sources assume perfect knowledge of future load to showcase the effective-
ness of predictive control. Typically, this approach leads to promising results. However,
in practice, knowledge of future system states and disturbances is limited. Accordingly,
real systems require designers of a predictive EMS to develop methods for predicting
the load, which can be based on heuristics, arise from the mission planning, or be based
on operational data. A promising approach is the utilization of data-driven techniques
for predicting the load profile over a certain time interval into the future, denoted as
the prediction horizon. This challenge can be characterized as a Time Series Forecasting
(TSF) problem [240-242]. Many approaches exist for solving TSF [240-242]. Classical
methods such as Autoregressive Integrated Moving Average (ARIMA) and Exponential
Smoothing often yield good results [243], but Machine Learning (ML) has become an
increasingly attractive option due to its potential to improve model accuracy and scale to
larger datasets with higher dimensionalities. ML models can be broadly categorized into
two main families. The first is Shallow ML, which can achieve reasonably good perfor-
mance with small to medium-sized datasets, provided that domain-specific features are
carefully engineered [241]. The second family, Deep ML, can automatically learn features,
i.e., representations without the need for manual feature engineering. However, leveraging
Deep ML models can be challenging due to the large number of architectural design choices
and the substantial amount of data required [242]. Recent studies have demonstrated that
ML-based approaches, particularly those using Deep ML, can outperform classical methods
on a variety of TSF tasks [244, 245].

Unfortunately, Deep ML models rely on massive labeled datasets, and constructing such
datasets is challenging due to limited data availability (i.e., data may not be available at
all) or high data annotation costs (i.e., data must be labeled by humans). To address these
challenges, Foundation Models (FMs), such as Large Language Models in Natural Language
Processing [246] and advanced models in Computer Vision [247], have emerged as powerful
paradigms capable of achieving state-of-the-art performance in their respective fields. The
success of these FMs stems from their ability to leverage vast amounts of data to learn
general-purpose representations, enabling them to be fine-tuned or even used directly
in a zero-shot manner across a diverse range of downstream tasks [248]. This approach
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not only reduces the need for task-specific model development but also encapsulates a
broad understanding of the world, endowing these models with exceptional versatility and
efficiency. Motivated by this success, researchers have started exploring the development
of Time Series Foundation Models (TSFMs) to harness the potential of the foundation
model paradigm for time series data. By capitalizing on large-scale time series datasets,
TSFMs aim to achieve superior performance across a variety of TSF tasks, offering a unified
framework that can accelerate research and application development in this field [249]. The
no-free-lunch theorem [250] asserts that identifying the optimal algorithm for a specific
application requires evaluating multiple approaches.

This work formulates an MPC that handles second-scale load fluctuations and continuously
prescribes optimized power references for FCs and batteries considering their dynamic
and steady-state constraints and operational costs.

In our work, we explored several state-of-the-art methods and, based on their performance,
proposed a novel approach that combines their strengths.

In our work, we propose the following contributions to address the gaps which have been
identified in the literature and the state-of-the art for predictive energy management of
hydrogen-based SPS:

« First, a degradation-aware optimization for a FC-battery hybrid SPS is constructed
and applied in an ECMS-based EMS in real-time. The optimization minimizes opera-
tional costs arising from hydrogen consumption and cell degradation as main cost
drivers.

« Second, several state-of-the art TSF methods are explored for the load forecasting
of a harbor tug, utilizing the system’s available real-time measurements. Based on
their performance, a novel approach that combines their strengths is proposed to
provide accurate load predictions.

« Third, the data-driven load forecasting and degradation-aware cost function are
formulated in an MPC which explicitly minimizes the operating costs over the
prediction horizon.

The remainder of this chapter is organized as follows. Section 6.2 introduces the original
layout and measurement of the harbor tug and describes the virtual retrofit for obtaining an
all-electric FC-battery hybrid vessel which serves as the case study in this work. Dynamic
component and system models as well as a derivation of a complete state-space model
are presented in Section 6.3. Further, this chapter introduces cost functions for hydrogen
consumption and cell degradation and introduces system constraints. Section 6.4 describes
the development of the data-driven load forecasting method and showcases its perfor-
mance in predicting the future load of the harbor tug. The optimization function for the
degradation-aware energy management is derived in Section 6.5. Both an ECMS-based and
a model predictive EMS as well as a filter-based benchmark controller are described here.
Numerical results of mission simulations for the display of performance using the proposed
strategies are analyzed and discussed in Section 6.6. Finally, Section 6.7 summarizes the
main conclusions of this work.
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Figure 6.1: Primary systems of original diesel-based SPS

6.2 SYSTEM DESCRIPTION

The EMS developed for this study is applicable to fully electric SPS with FCs and ESS on the
generation side. Here, a harbor tug is considered, whose operating profile is characterized
by a highly volatile load, with distinct operating modes and short mission profiles. As tugs
typically operate in fleets and stay within the harbor space, they are a viable candidate for
FC-battery systems, assuming that a hydrogen bunkering infrastructure is present. This
chapter first describes the original diesel-hybrid harbor tug and the available measured data
from its operation. In the next step, based on original design and mission requirements,
virtual retrofit of the tugboat’s power system with FCs and batteries is described, yielding
the vessel regarded in this work.

6.2.1 ORIGINAL SYSTEM

The original harbor tug is equipped with a hybrid propulsion architecture and hybrid
energy system with its specifications listed in Table 6.1. The main diesel engines are sized
to carry the bulk of the propulsive load while the shaft motors and batteries allow for
load leveling, gradient support, and full-electric operation at low load as well as a power
take-off for feeding electric consumers.

Twelve months of operational data has been analyzed to determine the required power
of the considered vessel for broad variety of actual mission profiles. Over this period, a
total number of 167 missions have been logged with a logging rate of 5s. Decisive for
the power system control, as outlined in Section 6.5, is the time-dependent total power
load. However, a broader array of real-time measurements is available and required for an
accurate data-driven load forecasting. More detailed descriptions of the available data-sets
and their utilization for the load forecasting are given in Section 6.4.
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Table 6.1: Specifications of original diesel-hybrid power system.

Parameter Info
Type Harbor tug
Length 29.0m
Width 10.5m
Displacement 575t
Max. Speed 13.5kn
Propulsion Diesel-hybrid
Main Engine 2x1840 kW
Shaft Motor 2x115kW
Auxiliary Engine 800 kW
Battery Pack 2x120kWh
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Figure 6.2: Histogram of total load measured during operation of the harbor tug
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6.2.2 SYSTEM RETROFIT

Based on the original power system and the operational requirements, a hydrogen FC-based
re-design has been conceptualized. Two interconnected DC busses, each attached to an
FC and a battery system comprises the complete energy generation system. All loads are
electrified, and fed by power converters. The resulting topology is displayed in Fig.6.4 and
the specifications listed in Table 6.2.

Regarding the sizing of components, the total FC power at end-of-life (EOL) shall be suffi-
cient for providing the maximum required power during assist. The maximum measured
power, safe for negligibly short peaks, is 3800 kW, covering both the propulsive and auxil-
iary power load. Assuming that the EOL power of the FC systems is at 90 % of the system’s
original power rating [251], two proton-exchange membrane FC (PEMFC) systems, each
with a maximum power output of 2125 kW at begin-of-life (BOL), are selected. This leaves
a total of 3825 kW available generative power before a stack replacement.

FC systems show increased degradation at high power operation beyond 80 % of their
maximum rating. Hence, it is desirable to size the energy storage such that the FCs are
rarely forced above this threshold. At EOL, this amounts to 3060 kW of total power from
the FCs. Bursts of energy that require power beyond a certain threshold Py, are shown
in Fig. 6.3. For the desired operation limit of the FCs, an additional energy of up to 761 kWh
is required to cover all observed mission profiles. With an assumed depth-of-discharge of
60 %, this requires 1268 kWh of installed energy storage capacity. For the ESS sizing, we
round this value to 1250 kWh, distributed over two units. To achieve sufficient capability
for compensating short-term power bursts, and power gradient support, a charge and
discharge rating of 1.5 C is sufficient. Here, we select lithium iron phosphate (LFP) batteries
due to their high efficiency and stable degradation behavior.
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Table 6.2: Specifications of re-designed full-electric FC-battery power system.

Parameter Info
Type Harbor tug
Propulsion Full-electric
Fuel Cells 2x2125 kW (BOL)
Battery Pack 2x625 kWh (BOL)
Propulsion Motors 2x1840 kW

6.3 POWER SYSTEM MODEL

This section describes the dynamic models used for the primary components of the SPS
which encompasses the FC, the ESS, electric load and the power distribution system. From
these models, a state-space representation of the complete system is derived, to be used
for the optimization-based formulation of the system’s energy management. In addition,
approximations of the hydrogen consumption and the cell degradation of the FCs, and a
cost model for aggregating both factors in the operating costs are described.

6.3.1 FueL CELL
In this work PEMFCs serve as main power generation devices. The equivalent circuit of
the simulation model consisting of an equivalent voltage source and internal resistance
is shown in Fig. 6.5 a), as proposed by [205] for dynamic simulation of FC-based systems.
The voltage source e is current-dependent and computed as

Ifc 1

)

. 6.1
Netelo” sTy/3+1 (6.1)

efc(ifc) = Eoc,fc _Ns,chtsln(

where stack settling time Ty, Tafel slope Ei, exchange current I, number of series-
connected cells Ns¢., and open circuit voltage E, ., as well as the internal resistance
Ri¢c, accounting for the linear voltage decrease, are extracted from the manufacturer
datasheet [218] according to the method described by [205]. With this parameterization,
the output voltage v, follows the polarization curve of the PEMFC module as described in
its datasheet. Table 6.3 lists the FC model parameters. The voltage and power curves over
output current for the system at BOL and EOL are shown in Fig. 6.6.

Table 6.3: Fuel Cell and Battery Parameters

Parameter Description Value
Pt max Max. net FC power 4150 kW
Premax Max. FC power gradient ~ 212.5kW/s
Ritc FC resistance (BOL/EOL) 23.2/28.0 mQ
Chat Battery Capacity 3125 Ah
Ripat Bat. internal resistance 2.4mQ
Ivat max Maximum current 9.4kA
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Figure 6.7: Open-circuit voltage of LFP battery system

6.3.2 ENERGY STORAGE SYSTEM

An LFP battery system is integrated into the power system as ESS. The simulation model,
proposed by [204], is similar to the FC model and is shown in Fig. 6.5 b). Here, the
equivalent voltage source ep,; is depending on the battery state-of-charge (SoC), which is
calculated via Coulomb counting. The system is parameterized based on the manufacturer
datasheet [232] and its open-circuit voltage is displayed in Fig. 6.7. The battery model
parameters are shown in Table 6.3. The LFP technology is characterized by its flat SoC-
dependency curve. This enables the approximation of the open-circuit voltage with a
constant value Eoc = epat(Epat = 50%).

6.3.3 STATE SPACE MODELING

For the energy management, the control model of the SPS is simplified as a single-node
system connected to a PEMFC, a battery, and an aggregated electric load, as shown in
Fig. 6.8. The FC model generates an estimate of hydrogen consumption iy, and cell voltage
degradation AVqeg, as described in the modeling section 6.3. Both values are taken into
account as objectives to be minimized in the energy management.

Furthermore, the PEMFC and the LiFePO battery feed power into the bus, denoted as ps.
and pp,, respectively. We define the FC power pg. and the battery SoC &, as system states.
Our control input is the FC power gradient pr.. Whereas pg. must always be > 0, pp,r may
be negative, indicating a charging of the battery. Furthermore, a limit is set on the input,
i.e., ps.. Hence, system inputs and states must adhere to the following constraints

|pfc(n)| < Pfc,max (62)
0< pfc(n) < Pfc,max (6.3)
S0Cmin <E(M) <SoCpmaxy ¥V nelk,k+N] (6.4)

The FC power dynamics are simply computed as

pfc(n + 1) = pfc(n) +pfc(n)Ts (65)

where T is the discretization interval. The power generation must always be in balance
with the load power pjoaq. The latter is modeled as an external disturbance and since px. is
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Figure 6.8: Simplified one-node control model for the EMS

defined as a system state, we can compute the battery power and current as

Ts .
Pbat(n) = Pload(n) - Pfc(n) - ?pfc(n) (6-6)
. Eoc PDbat Eoc
at(n) = -\~ + 2 6.7
b t(n) 2Ri,bat \/ Ri,bat (ZRi,bat) ( )
b+ 1) = Ea() ~ 22, (65
bat

for ipatRipat << Eoc We can observe that vpar = Eoc and simplify (6.7) with a linearized
function for the battery current

Pbat _ Pload(n) — pre(n) — %pfc(n)

6.9)
EOC EOC (

ibat(n) =

We can rewrite the complete system dynamics as

[pfc(n + 1): gbat(n + 1)]T = A[pfc(n)s gbat(n)]T + Bpfc(n) + deload(n) (6~10)

1 0 T, 0
A=| 1, 1 B= -T, B; = T, (6.11)
EocCpat 2Eoc Cpat EocChat

6.3.4 HYDROGEN CONSUMPTION

The hydrogen consumption of the stack is directly connected to the FC current k. jy,, as
laid out in [228]. In addition, hydrogen is lost due to hydrogen crossover and internal
short-circuits in the cells [252]. On a system level, the FC consumes auxiliary power for its
balance-of-plant, which depends on the operation of the system [6]. Since it is relevant for
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Figure 6.9: Hydrogen consumption and quadratic approximation for FC system at BOL and EOL

the power balance, this work regards the FC power ps. as the net delivered power, which
is the power delivered by the stack minus the auxiliary power.

For the optimization-based power system control, the hydrogen consumption can be
approximated with a second-order polynomial as a function of net delivered power ritp2(psc).
The modeled hydrogen consumption and its quadratic approximations at BOL and EOL are
shown in Fig. 6.9. The curves show the effect of degradation on the increased hydrogen
need, which becomes especially apparent in the high power region.

6.3.5 FUEL CELL DEGRADATION

Apart from the hydrogen consumption, a key performance indicator for the control is the FC
degradation, affecting the state-of-health and lifetime of the PEMFC. PEMFC degradation
is a complex combination of mechanisms, affected by several causes, which ultimately
results into a decrease of the delivered output power. In this work, degradation is evaluated
in terms of voltage decrease over time at a rated current. On an operational level, the
load is considered the main cause affecting PEMFC degradation. To distinguish its effects
on the PEMFC system, the load is typically broken down into three main categories, i.e.,
degradation arising from static operation, dynamic load changes, and system start-up
cycles. In literature, different degradation rates are reported for operation in low and high
current operation regions, and a considerably lower static degradation in between those
regions. Representative degradation values and region limits are listed in Table 6.4. The
change of degradation rate between the regions is approximated with a linear function
around the region limit. To make the static degradation function easier to handle in an
optimization, it is approximated via a second-order polynomial, enforcing its convexity
over the power range. The static degradation of the FC over its operation range and its
quadratic optimization at BOL and EOL are shown in Fig. 6.10. Since the power thresholds
are relative to the maximum power, the curve is compressed towards the origin with
increased degradation.

The dynamic degradation is a result of load changes. [253] reports an average of 19 uV
per complete power cycle from idling to full power and back. No studies were made on
the effect of the current gradient in dynamic degradation studies. However, we assume a
quadratic relationship between the gradient and the degrading effect, meaning the faster



6.3 POWER SYSTEM MODEL 115

Pio Phi

%}

o O

N B

(=]

Static Degradation Rate [ V/h]
S

1000 2000 3000 2000
FC Net Delivered Power [kW]

Figure 6.10: Cell-level static voltage degradation of FC system (solid) and approximation with second-order
polynomial (dashed) at BOL and EOL

Table 6.4: FC Degradation Parameters (per cell)

Param. Description Value Ref.
Plo Low power threshold 20% [6]
Phi High power threshold 80 % [67]
dvpi  High power deg. (>p;) 10.0pxV/h 234

[234]
dvio Low power deg. (<p,) 8.6 uV/h [234]
dvpase Base degradation 2.0uV/h [235]
dvgy,  Dynamic degradation ~ 0.5-19 uV [253]
dtgyn Reference ramp time 10s (assumed)
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Table 6.5: Cost Parameters for hydrogen consumption and cell degradation

Parameter Description Value
CH2 Hydrogen cost 8€/kg
CEc,capex FC system cost 1500 €/kW
Tfe.stack FC stack cost ratio 50 %
Teol FC power loss at EOL 10 %
Cdeg Degradation cost 50.6 €/uV

the change in output current, the higher the degrading effect of the dynamic change. For
this study, we assume a reference time of 10 s at which the reported degradation rate is
realized. Additionally, the dynamic degradation is scaled linearly for partial current cycles:

d tdyn d Udyn . R
s s . o, 612

fc,max

dden(pfc) =

Degradation due to start-up and shutdown cycles are disregarded in this study, since it
is assumed that the FC is not switched during the operation, therefore not affecting the
control scheme.

6.3.6 CosT MODEL
Hydrogen consumption and FC degradation are two objectives for the operation of the
hybrid ship. It is essential to determine a suitable trade-off between these two for the
design of the power system control. In this study, the related costs for both objectives are
estimated to enable a comparison between the two. The cost estimate for hydrogen cqeg is
straightforward since the fuel is a traded commodity.
The cost for degradation is more difficult to define. This study estimates it as the cost of
reduced lifetime due to voltage degradation. Conventionally, a power loss of 10 % at rated
current compared to a new system is proposed as the end-of-life of FC systems in heavy duty
applications with a targeted lifetime of 25000 h [251]. This is challenged by [254] as being
too restrictive and, in dynamic applications, reached considerably earlier. Due to a lack of
alternative standards, we use the limit of 10 % for this study. Accordingly, at reaching 90 %
of its original maximum power rating, the FC stack needs to be replaced. The degradation-
specific cost is estimated as the partial replacement costs due to operation-specific voltage
degradation:

Tfe,stack cfc,capefoc,mast

Cdeg = (6.13)

Teol Vfc,rnin

A comparison of hydrogen costs, static degradation costs and total costs from static opera-
tion of the FC system is displayed in Fig. 6.11. The cost parameters used in this study are
listed in Table 6.5.
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Figure 6.11: Cost curves of hydrogen consumption and static degradation. Model data (solid) and approximations
with second-order polynomials (dashed) at BOL.

Table 6.6: Definition of parameters used in the fuel-cell cost model.

Symbol Description Unit
Tfe stack Fraction of total FC system cost attributed to -
the replaceable stack

Cfe,capex Capital cost of the complete fuel-cell system N/kW
Pte max Rated maximum fuel-cell power output kw
N Number of cells per stack -
Teol Relative power loss at end-of-life (EOL) -
Ve min Minimum cell voltage at EOL A%
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6.4 LoAD FORECASTING

This section deals with the problem of predicting the load power of the vessel for the
future with a sampling frequency of 5s, matching the data-logging rate of the original
measurements. In particular, Section 6.4.1 will describe in detail the problem and the data
available to address it while Section 6.4.2 will explain the proposed methods based on
advanced ML techniques to solve the problem.

6.4.1 PROBLEM DESCRIPTION AND AVAILABLE DATA

The case study of this chapter examines a vessel featuring a hybrid propulsion system
that includes diesel and electric power. The proposed methodology utilizes operational
data logged by the vessel’s automation system. The data under consideration comprises 5
million samples with a sampling rate of 5 seconds, spanning over one year of operational
data, between 24th of April 2022 and 6th of May 2023. It consists of 18 input features, as
presented in Table 6.7, where the feature total power (pyot) is defined as the sum of power,
i.e., the total power to be forecasted is obtained as

Prot = (Vdes + Yde,p)Pde,max + YauxPauxmax + Pbat,s + Pbat,p- (6.14)

In this work, the vessel has been retrofitted as described in Section 6.2.2, and, as a result,
only the information provided in Table 6.8 is available. Specifically, we assume that the
retrofit to a fully electric configuration does not alter the vessel’s operational profile.
Consequently, parameters such as v, J, &s, and pyo are assumed to remain unchanged.
As a consequence, after the retrofitting, our scope is to predict, at time %y, the pyot for the next
A" minutes with a sampling frequency of 5 s, i.e., prot(t) with ¢ € {#o+5s, tg + 10s, -+, fo + A},
based on the information of v, Nprop,s, Nprop,ps Ips Js, and pror With t € [tg— A7, #p] and A~
(see Section 6.4.2). Table 6.9 summarizes inputs and output of our TSF problem.

6.4.2 METHODS

The problem in Section 6.4.1 can be effectively framed as a classical TSF problem [240-242].
TSF involves predicting future values of a variable of interest at time #, specifically for
t € [y, to + AT]. The forecasting approach depends on the available information at time .
Predictions can be made based solely on the past values of the target variable (i.e., without
covariates). Alternatively, forecasts can leverage both past values of the target variable
and past and/or future values of related variables (i.e., with covariates). Including relevant
covariates can improve forecast accuracy by providing context and capturing variations
not explained by the target variable alone. In some scenarios, forecasts can be generated
using only covariates if past values of the target variable are unavailable. In our specific
case, as shown in Table 6.9, we have access to both past values of the target variable and
past covariates.

As a first step, we tested a TSF method based on top-performing algorithms from different
ML paradigms: Shallow ML (i.e., XGBoost [255]), Deep ML (i.e., Temporal Convolutional
Networks - TCN [256]), and TSFMs (i.e., the TSFM proposed in [257]). The first two
approaches were implemented using the Dart library [258], while the last one was imple-
mented using the library released by [257]. Algorithms hyperparameter tuning (tougher
with A7) and performance evaluation, i.e., model selection and error estimation [259], were
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Table 6.7: Load forecasting: available data on the original vessel.

Symbol Definition Unit

v Vessel Speed [knots]

Nprops  Propeller Speed - Starboard [rpm]
Npropp Propeller Speed - Port [rpm]
Nems  Electric motor speed - Starboard [rpm]
Nemp  Electric motor speed - Port [rpm]
Pems Electric motor power - Starboard [kW]
Pemp  Electric motor power - Port (kW]
Phats  Battery power - Starboard [kW]
Pbatp  Battery power - Port (kW]

& State of charge - Starboard [%]

& State of charge - Port (%]
nges  Diesel engine speed - Starboard [rpm]
ngp Diesel engine speed - Port [rpm]
Nax  Auxiliary generator set speed [rpm]
mges Diesel fuel consumption - Starboard [kg/min]
mgep Diesel fuel consumption - Port [kg/min]
Max  Auxiliary generator set fuel consumption [kg/min]
Ydes  Diesel engine load - Starboard [%]
Ydep  Diesel engine load - Port (%]
Yaux  Auxiliary generator set load (%]

s Steering angle - Starboard ]

Sp Steering angle - Port ]
Ptot Total Power [kW]

Table 6.8: Load forecasting: available data after the vessel retrofitting.

Symbol Definition Unit

v Vessel Speed [knots]

Nprops  Propeller speed - Starboard  [rpm]
Npropp Propeller speed - Port [rpm]
s Steering angle - Starboard ]
Sp Steering angle - Port ]
Prtot Total Power [kW]
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Table 6.9: Load forecasting: input and output of the forecast problem available at time #;.

Input/Output Symbol Frequency Time Span

v

Nprop,s
Input Nprop,p 5s [to— A", 1]

Output Ptot 58 [to,to+A"]

Table 6.10: Load Forecasting: MAE, MAPE, and PPMCC for XGBoost, TCN, TSFM, and XGBoost+TSFM for
different time horizons.

Model 5s 1min 15min 30min
XGBoost 0.23+0.02 0.23+0.02 2.31+0.25 28.7443.26
MAE TCN 0.2240.02 0.25+0.03 2.35+0.14 30.744+2.76
TSFM 0.41+0.04 0.43+0.05 2.85+0.23 51.9445.01
XGBoost+TSFM 0.17+0.02 0.1840.02 1.194+0.06 21.64+2.36
XGBoost 1.240.1 1.6+0.1 4.4+0.5 58.0+£5.9
TCN 1.240.1 1.74£0.2 4.4+0.5 61.0+£7.1
MAPE
TSFM 10.1+0.6 11.0+1.4 37.04£3.2 97.0+£7.4
XGBoost+TSFM 0.440.1 0.440.1 2.840.3 51.0+£5.9
XGBoost 0.998+0.012 0.997+0.011 0.926+0.011 0.127+0.001
TCN 0.99940.008 0.998+0.009 0.92840.010 0.12940.001
PPMCC
TSFM 0.986+0.009 0.985+0.007 0.877+0.009 0.099+0.001

XGBoost+TSFM 0.997+0.009 0.998+0.013 0.938+0.008 0.13940.001
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Figure 6.13: MAPE varying the time horizon for
XGBoost+TSFM.

conducted using the standard temporal split of the train, validation, and test sets commonly
applied in TSF [240, 243, 258]. The accuracy is evaluated using a combination of quanti-
tative and qualitative metrics. The quantitative metrics include the Mean Absolute Error
(MAE), the Mean Absolute Percentage Error (MAPE), and the Pearson Product-Moment
Correlation Coefficient (PPMCC) [260]. The qualitative metrics comprise a scatter plot
comparing actual versus predicted values [261], as well as an analysis of the real-time
series behavior against the forecast generated by the best-performing model.

From the results of these models (Section 6.4.3), we observe that TSF methods based
on XGBoost and TCN outperformed the TSFM-based approach, with XGBoost slightly
surpassing TCN. Nevertheless, given the specific nature of our TSF problem, TSFM showed
impressive performance. Consequently, we propose using the TSFM-based forecast as a
future covariate for the XGBoost-based TSF method. This integration (see Section 6.4.3)
leads to a notable performance improvement in the XGBoost-based TSF, confirming the
potential of TSFM in real-world TSF applications. As a final remark, note that we set
A" = 15min as, after that, the performance started to become too low to be used in practice.

6.4.3 APPLICATION TO CASE STUDY

In this section we will present the results of applying the method presented in Section 6.4.2
to the problem and data described in Section 6.4.1. As a first step, we report in Table 6.10 the
MAE, MAPE, and PPMCC for XGBoost, TCN, TSFM, and the combination of XGBoost and
TSFM for different time horizons. It is further possible to observe that XGBoost is the best-
performing method among the base methods (XGBoost, TCN, and TSFM). Nevertheless,
XGBoost+TSFM resulted in an improvement over the base methods. From Table 6.10,
we also note that on the 30 min time horizon, the prediction starts to lose accuracy and
therefore meaning. The increase of MAE and MAPE for an increased time horizon with
XGBoost+TSFM is shown in Figs. 6.12 and 6.13, respectively.

To understand what time horizon can be considered meaningful, Figs. 6.12 and 6.13 show
the dependency of MAE and MAPE on the time horizon for XGBoost+TSFM (best model
according to Table 6.10). Figs. 6.12 and 6.13 indicate that 15 min (900 s) is the limit to have
a reasonable error (around 10kW and 5 %). For the sake of completeness we report in
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Fig. 6.17 scatter plots and Fig. 6.21 the real versus predicted load for time horizons of 5,
1min and 15 min with XGBoost+TSFM prediction (best performing model according to
Table 6.10). From Figs. 6.17 and 6.21 it is possible to observe also qualitatively the very good
agreement between the real values and the XGBoost+TSFM predictions on the considered
time horizon.
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Figure 6.17: Load Forecasting: Scatter Plot and histogram of the absolute error for time horizons of a) 5 (a), b)
1min, and ¢) 15 min for XGBoost+TSFM (best model according to Table 6.10).
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Figure 6.21: Load Forecasting: real load (blue) and predicted one (red) with XGBoost+TSFM prediction (the best
model according to Table 6.10) for time horizons of a) 5 s (a), b) 1 min, and c) 15 min at different regimes (left low
load and right medium/high load).
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6.5 POWER SYSTEM CONTROL

This chapter describes the energy management strategies which are used in this work to
minimize the operating costs accounting for hydrogen consumption and cell degradation
mechanisms. The controlled system and centralized control architecture in this study
is depicted in Fig. 6.23. First, a filter-based controller is introduced against which the
optimization-based strategies are benchmarked. Next, a minimization problem accounting
for the steady-state operating costs and the state-space model from Section 6.3 is con-
structed. Finally, ECMS-based approach is expanded to the predictive EMS which leverages
the data-driven load forecasting from Section 6.4 and explicitly considers the dynamic costs
and constraints of the system.

6.5.1 FILTER-BASED CONTROL

A virtual impedance-based controller for scalable FC-battery systems with DC distribution
was presented in [200] and [212]. These works realized a filter-based power split between
the power generation and energy storage modules, with additional control outputs for
voltage restoration and SoC management. The filter-based power split and SoC management
functionalities are implemented here as a benchmark control strategy. The FC’s output
power is determined based on the measured load power filtered through a low-pass filter

such that
T

e =
Pte S+ Tgd

Pload + f(&bat) (6.15)

where 7¢4 is the tunable frequency decoupling time constant. Superimposed on the fre-
quency decoupling is an SoC management strategy as laid out in [200].

6.5.2 ECMS

To determine an instantaneously optimal split between the FC and stored energy in the
battery, a cost function needs to be defined. Originally, the ECMS approach assigns an
equivalent fuel consumption to the energy stored in the battery [109]. Here, we instead
define an equivalent cost, which allows to incorporate both the hydrogen consumption as
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Figure 6.22: Equivalent cost of stored energy as a function of battery SoC versus marginal static cost of FC energy
at BOL.
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well as the FC degradation, thus making this approach health-aware. The power-dependent
cost of the FC was already defined in Sections 6.3.4, 6.3.5, and 6.3.6.

The energy stored in the battery is assigned the equivalent cost A. The optimal power split
at a given time instance and load power is then defined by the FC power output minimizing
the cost function

2
. b .
min ffc,stat (Pfc) +A <pbat + <P a ) Rbat,i) + ,Uszc (6-16)
Pt Eoc

accounting for the system dynamics (6.10) and constraints (6.2, 6.3, 6.4). To avoid high FC
power gradients and unstable dynamic behavior of the controller, an arbitrary dynamic
cost y is added to the optimization.

EQUivALENT CoOST OF STORED ENERGY

A further challenge for the ECMS algorithm lies in the limited energy that can be stored in
the batteries. Accordingly, an additional SoC management strategy is required to avoid the
violation of charge limits. This can be realized by adjusting the equivalent cost A based on
the SoC, such that ESS power is expensive at low and cheap at high charge.

Neglecting the dynamic cost y and battery losses, the optimal power split for (6.16) lies in

the intersection of the marginal cost of the FC Ltcstarlpre)

- with A. Via an appropriate choice
of A(&¢), we want to ensure that the FC power is maximal at the minimum allows charge
Emin, and zero at &,y Additionally, at a reference SoC-level ¢, the corresponding value
of A(¢) shall be equal to the marginal FC cost at a reference power level Py ret. The function

A(£) is therefore defined by the third-order polynomial displayed in Fig. 6.22 where

MEef) = dﬁ‘”;ﬁ foret) (6.17)
i) = s ) (619)
i) = e (6.19)
A(jr;f) =0 (6.20)

Dynamic CosTs

The dynamic cost y in (6.16) is intended to limit the magnitude of system inputs and avoid
oscillations around an equilibrium point. Further, it is an implicit means to incorporate the
cost of dynamic load changes. The formulation of the cost is similar to the dynamic cost
in 6.12. However, u must be considerably smaller than dvgyys, otherwise the full cost of the
load change would outweigh the static components in (6.16), which only consider one time
instant, yielding a sluggish controller.
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Figure 6.23: Depiction of the plant model and the control architecture for filter-based EMS, ECMS, and MPC
including load predictions

6.5.3 MPC

Whereas the previous ECMS controller implements an instantaneous optimization, an
MPC incorporates future inputs, states and disturbances as well. This section describes the
formulation of the MPC for the energy management of the FC-hybrid vessel.

OPTIMIZATION PROBLEM
Given a prediction horizon Ny, an optimization time period of Tpp, the optimal input
pr.(k) at time instance k solves the optimization problem

k+Nmpe—1

LA T 10 + V10 + e (252

Pre n= E
- A(é‘(k))ﬂk + Nmpc)Eoc Chat (6~21)

s.t. (6.2), (6.3), (6.4), and (6.10). For each time step n, the static and dynamic costs of the FC,
as well as an equivalent cost for battery losses are considered. Additionally, the equivalent
value of stored energy at time k + N is implemented as a terminal cost. To avoid complex
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non-linearities, the equivalent cost A(¢) is evaluated for the SoC at time k rather than for
each time instance, such that it is eliminated as a dependent variable. Doing so leaves only
quadratic and linear terms in the cost function and linear constraints. Accordingly, this
problem can be solved using quadratic programming. The optimization is run once per
optimization time interval Typc.

6.6 NUMERICAL INVESTIGATIONS

The described energy management strategies are implemented in a numerical simulation
environment using MATLAB/Simulink. The settings for the simulation and the controllers
are listed in Table 6.11. Several scenarios are tested to highlight the functioning principles
and the performance of the different strategies. First, a rectangular load profile is applied
to the system to highlight the working principles of the ECMS and MPC. Next, results of
an exemplary mission profile for all strategies are shown for demonstrating the behavior
of the respective approaches in real conditions and subsequently, aggregated results over
all available mission profile are described. Finally, the effect of a variation of the prediction
and control horizon on the performance of the MPC is analyzed to estimate the expected
benefit of obtaining accurate predictions over a longer horizon.

6.6.1 RECTANGULAR LOAD PROFILE

To highlight the functioning principles of the respective EMS implementations, a simple
rectangular-shaped load is fed into the system. For this, we emulate a mission sequence
from sailing to towing to sailing. From the load histogram in Fig. 6.2, we derive a power of
1300 kW during sailing and 3800 kW during towing. We consider a shortened duration of
towing of 10 min, such that it falls within the prediction horizon and we assume a perfect
power load prediction for this case.

The resulting power trajectories for the ECMS and MPC with 15 min prediction horizon
are displayed in Figs. 6.24 and 6.25, respectively. The plots show both the full EMS imple-
mentations as well as a case in which the equivalent cost is not adapted to the battery SoC.
For the MPC, an additional case is investigated in which the battery losses are ignored in
the optimization problem.

With ECMS it can clearly be seen that the controller is acting only upon a load change. At
the load step, the batteries are immediately compensating the load imbalance, while the FC

Table 6.11: Simulation Settings

Parameter Description Value
Tsim Simulation step width 1s
Teems ECMS step width 5s
Tinpe MPC step width 30s
Nmpe Control horizon 30
7] Dynamic cost in ECMS 0.0IM

fc,max

&init Initial SoC 50 %
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Figure 6.24: Power trajectories of FC and battery with ECMS for rectangular load shape with (solid) and without
(dashed) SoC adaptation of equivalent cost. Zoom-ins (yellow-backed) on details of battery and FC trajectories.
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Figure 6.25: Power trajectories of FC and battery with MPC for rectangular load shape with cost adaptation
(solid), without cost adaptation (dashed), and without cost adaptation plus disregard of battery losses (dash-dot).
Zoom-ins (yellow-backed) on details of battery and FC trajectories.

increases its power to establish a cost balance. The speed of this adaptation is subject to
the dynamic cost p. Without a cost factor adaptation, the system stays in an equilibrium
as neither the FC cost nor the battery cost change. With cost adaptation active, the FC
power is constantly increasing to compensate the increased cost of stored energy due to a
decreasing SoC. Over an increased amount of time, the FC power would be required to
match the load power, while the SoC approaches its lower limit. After the negative load
step it can be observed that the FC power is higher than initially, due to the lower SoC.
Without SoC adaptation, the trajectories are symmetrical.

Employing MPC, the controllers act already before the load step occurs, anticipating the
power imbalance. The trajectory smoothly approaches an equilibrium, limiting the power
gradients of the FC. As with the ECMS, the cost factor adaptation leads to an asymmetrical
power trajectory accounting for the decreased battery SoC. Without cost adaptation and
additionally neglecting battery losses, the FC power is completely constant, since the
prediction horizon is longer than the pulse. This showcases the fact that in the first two
scenarios, the increase in FC power output is done to avoid increased costs of battery losses.
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Figure 6.26: Power split between FC and battery, and battery SoC during high fluctuations with filter-based
control and 74 = 600s.
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Figure 6.27: Power split between FC and battery, and battery SoC during high fluctuations with ECMS.

6.6.2 MISSION SIMULATION

The application of the strategies is demonstrated with one exemplary mission profile.
Figs. 6.26, 6.27, and 6.28 show the power trajectories during a mission phase with highly
fluctuating loads. Fig. 6.29 shows the complete mission profile using MPC leveraging data-
driven load predictions. The comparison shows that both optimization-based approaches
yield a flattened FC power output, with clearly reduced fluctuations and peak value. The
MPC further minimizes fluctuations compared to the ECMS-based controller such that fast
fluctuations are almost entirely covered by the batteries.

To compare the performance of all strategies, the strategies are applied to all 167 avail-
able mission profiles, and their performance in terms of hydrogen consumption and FC
degradation are compared, for BOL and EOL conditions. In total, the missions add up to a
total operation time of 345.1 h. This time only accounts for active operation of the vessel
and covers only the available measurements during the period described in Section 6.4.1.
Fig. 6.30 shows a scatter plot indicating the results of all simulations at BOL for all de-
scribed strategies, i.e. frequency decoupling with time constans of 7¢q = 60, 7¢g = 6005,
ECMS, and MPC with perfect and with data-driven load predictions. Fig. 6.31 shows the
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Figure 6.28: Power split between FC and battery, and battery SoC during high fluctuations with MPC and data-
driven load prediction.
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Figure 6.29: Power split between FC and battery, and battery SoC during mission simulation with MPC and
data-driven load prediction.
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Figure 6.30: Hydrogen consumption rate versus fuel cell degradation rate for filter-based, ECMS, and MPC
strategies for all mission profiles at BOL.

accumulated hydrogen consumption and degradation over all missions for these strategies.
The comparison of simulation outcomes clearly shows the decrease in both cell degrada-
tion and hydrogen consumption that is achieved by the proposed strategies. At BOL, the
benchmark controller with 7¢g = 600s yields 1422 iV cell degradation and 20.67 t hydrogen
consumption, which is already a clear improvement over the faster filter-based controller
(1838 11V;20.84 t). However, the ECMS (1041 pV;20.27 t) reduces these values by 26.8 % and
1.9 %, respectively. The MPC implementations with perfect prediction (946 ;1V;20.23t) and
data-driven prediction (945 1/V;20.24 t) yield nearly identical results which are 33.5 % and
2.1% under the benchmark. At EOL, it can be seen that the hydrogen consumption is
generally higher. Whereas the filter-based approaches also show an increased degradation,
the optimization-based approaches manage to limit or even reduce the latter. The MPC,
compared to the benchmark, reduces total degradation by 36.4 %from 1460 pV to 928 uV
and hydrogen consumption by 5.8 % from 22.35t to 21.05t. The results show that the
proposed EMSs have high potential for improving the system performance, especially for
the FC durability. Furthermore, the improvements become more significant when the FC’s
degradation is already in an advanced stage.

6.6.3 VARIATION OF PREDICTION HORIZON

As evaluated in Section 6.6.2, the results of MPC with data-driven load predictions are
almost identical to those of MPC with assumed perfect predictions. This underlines the
applicability of data-driven load predictions in real-time applications. In a next step, the
effect of the prediction horizon on the control performance is analyzed. Since data-driven
predictions are currently only available over 15 min, a comparison with a horizon of up to
60 min is conducted assuming perfect predictions. The results at BOL and EOL are shown in
Fig. 6.32, indicating a significant boost in with an increased prediction horizon. At BOL with
15 min prediction horizon, a cell degradation of 945 4V and 20.24 t hydrogen consumption
can be realized. An increased prediction horizon can decrease the degradation by up to
14.4 % to 809 iV and fuel use up to 3.6 % to 19.52t with a 1 h horizon. At EOL the possible
improvements are in a similar range with 14.0 % and 3.8 %, respectively. The graph shows
that especially the degradation can be significantly lowered by including longer forecasting
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Figure 6.31: Cumulative hydrogen consumption versus fuel cell degradation for filter-based, ECMS, and MPC
strategies over all mission profiles.
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Figure 6.32: Cumulative hydrogen consumption versus fuel cell degradation for MPC with perfect prediction for
varying prediction horizon.

periods. A prediction over 15 min has already been proven to be realistic in Section 6.4,
while an increased horizon significantly increases the prediction error (Fig. 6.13). This
comparison shows the expected benefits arising from an increased accuracy over longer
horizons, e.g., due to more data or additional insights.

6.7 CONCLUSIONS

To increase the economic feasibility of FC-battery hybrid SPS, it is paramount to decrease
its operating costs. A key factor in this is the design of the EMS, in which not only the
hydrogen consumption but also the cell degradation, as a major contributor to the operating
costs, must be considered. Leveraging data-driven load forecasting, this work implemented
a degradation-aware predictive energy management that aims at minimizing the total
operating costs of a zero-emission harbor tug. Using a degradation-aware equivalent cost
approach for the instantaneous optimization of the energy management, a simultaneous
decrease of both hydrogen consumption and cell degradation could be achieved compared
to a filter-based benchmark. The data-driven load prediction, given the available data
time-series of the tugboat, showed a fairly accurate load prediction with a MAPE of
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2.8 % at 15 min. Leveraging this prediction, the degradation-aware predictive EMS yielded
additional improvements in both fuel consumption as well as cell degradation over the
ECMS-based method. It was further shown that an accurate load prediction over even
longer predictions horizons of up to an hour could yield additional, significant performance
gains. At an advanced aging state of the FC system towards its EOL, the relative difference
in performance between the tested strategies increased, underscoring the potential benefits
from the predictive strategy. By utilizing real measurement data and limiting the inputs
to those available in the virtually retrofitted zero-emission tugboat, this work proved
the real-time applicability of the predictive energy management in actual systems. This
is essential to realize the expected reductions in fuel consumption and cell degradation,
thereby lowering the operational costs and contributing to the cost-competitiveness of
zero-emission ships.

For future work it is intended to expand this approach to further ship types. Whereas
this study assumes a central control of a single FC and battery, larger system require
the coordination of multiple parallel generation and storage devices. This will require to
account for different component ratings and capabilities, potentially needing alternative
control architectures, e.g. in a distributed architecture. Furthermore, this work expanded
the equivalent cost approach of the ECMS to its MPC framework, including a terminal cost
for the battery SoC. As a next step, it will be interesting to determine whether a multi-
horizon approach with an outer mission-scale optimization will allow for an improved
performance by computing a target SoC and on-off state of FC systems for the inner MPC.
Whereas it seems that the minimization of both fuel consumption and cell degradation is
favoring similar control strategies, i.e. steady operation within an efficient operation band,
the inclusion of on-off switching of FC modules is expected to require a clearer trade-off
between objectives. Furthermore, this work did not explicitly assign costs to the efficiency
decrease due to degradation, but this warrants further exploration. In addition, the fixed
10 % performance drop for EOL definition of FCs is to be questioned for this application
and instead be replaced by an optimization variable.
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The previous chapter investigated a centralized controller for optimizing the power references
for a fuel cell and a battery. This works well in such small scale power systems with lim-
ited number of components. This approach, however, is challenged in larger systems where
communication-heavy computations come at a premium. Components do have individual
characteristics and capabilities, and to include and update all of this information in a central
controller becomes increasingly difficult. A system extension and reconfiguration after faults
further complicates the energy management. In this chapter, I propose to solve this by intro-
ducing a distributed energy management architecture with a central coordinator to realize the
same energy management strategy as before. However, the distributed architecture allows a
plug-and-play extension of the system, a simple fault handling, and a local optimization of
each module’s power setpoint.

“Do not let your assumptions about a culture
block your ability to perceive the individual,
or you will fail”

— Jasnah, in Words of Radiance
by Brandon Sanderson

This chapter is submitted for publication with minor modifications as Modular Energy Management via Distributed
and Predictive Optimization for Fuel Cell-Battery Shipboard Microgrids, in: IEEE Open Journal of the Industrial
Electronics Society, 2026 [262]
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7.1 INTRODUCTION

He design of marine vessels sees a shift towards the electrification of the shipboard
T power system (SPS). An increased amount of different technologies is integrated into
the system, such as fuel cells (FCs) [6, 68], energy storage systems (ESSs) [7], intermittent
power generation, and electric propulsion [16], with a trend towards modularization
and distribution of generation and storage units [263]. The increased system complexity
makes the coordination of all energy resources a key challenge [100]. DC distribution
technology is receiving interest as a solution to tie all different components together into a
shipboard DC microgrid [10, 17]. Equipped with power electronics interfaces, the increased
complexity of the shipboard microgrid can be met with the high controllability of power
flows. Furthermore, increasing importance is attributed to the decarbonization of SPSs,
for which hydrogen FCs offer a feasible approach [6]. Before this background, this article
deals with the minimization of operational costs of hydrogen FC-based SPSs. The main
drivers are the hydrogen cost and the effects of FC degradation [264], taking into account
the unique challenges in maritime environments [265].

Automatic control for the energy management on-board maritime vessels is increasingly
adopting optimization-based strategies[101]. The most widespread method for instan-
taneous optimization with a hybrid energy system (as described by [30]) is equivalent
consumption minimization strategy (ECMS) [109]. For a diesel-hybrid tugboat, ECMS
has been proposed in several works [127, 130]. [105] adopts this strategy for a hydrogen
FC-based power system incorporating an additional cost-term for FC degradation. An
adaptive ECMS implementation aiming for the modular integration of multiple FC and ESS
modules is brought forward by [228].

However, the inherent drawback of this strategy is the neglect of any knowledge on future
states and operation modes. An instantaneous optimization fails to properly account for
dynamic costs and excludes insights on future disturbances, for which model predictive
control (MPC) is a common solution [27]. Corresponding approaches in the literature
differ strongly in their scope and time-scale. An ECMS that utilizes information (here: a
target state-of-charge (SoC) for the ESS) from a mission-scale optimization, is developed
by [140], shaping an example of long-term, static optimization. On the other end of the
spectrum, [133] implements a predictive power management with short-term predictions
for a diesel-hybrid tugboat, focusing on dynamic objectives. A multi-level MPC for efficient
long-term power source dispatch and short-term dynamics is presented in [137], whereas
the multi-level control by [53] focuses on generator set operation in DC SPSs. Predictive
energy management, as opposed to the power management and low-level control loops, is
often realized via a static, economic dispatch of power sources. The MPC in [134] features
a static optimization for fuel consumption in a diesel-electric all-electric ship. For a similar
vessel, [136] describes a two-level MPC where slow load fluctuations are handled by a
static dispatch of generator sets and battery (dis-)charge. [239] implements a centralized,
degradation-aware MPC for a hybrid tugboat, however only considering a single FC and
battery, thus not incorporating different characteristics of parallel components. A further
research trend combines the energy management strategy (EMS) with voyage scheduling
or speed control in a hierarchical MPC [36, 38, 148].

One further aspect discussed in literature is the control architecture employed for the energy
management. Generally, the EMS can be realized as a centralized optimization, assuming
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Figure 7.1: Modular FC-Battery Shipboard DC Microgrid with four FC modules and two battery modules

full knowledge of parameters and states of all components [239]. However, such a solution
requires careful parameterization, a high computational burden, and lacks scalability [42].
An alternative lies in the shift towards a distributed architecture [45]. Distributed control
and multi-agent systems offer increased resilience and survivability [43], and automatic
reconfiguration capabilities [171]. [15] notes the plug-and-play characteristic of all-electric
ships that facilitates the scalability of the power system. To this end, distributed control
offers a suitable framework [166]. Moreover, local control algorithms for each agent
may be highly complex and tailored to the source [163], which enables an adaptation to
each component’s characteristics. Based on these attributes, multi-agent systems meet
the requirements for a modular control framework that handles a multitude of power
system components with individual parameters [121]. Further advantageous features
of the distributed architecture are the privacy-preservation [166] and the reduction of
computational requirements in a centralized unit [45].

A multi-agent distributed control for the fuel consumption minimization with multiple
diesel generators is investigated by [20]. [162] employs Lagrangian multipliers for the eco-
nomic dispatch of generator sets and ESSs in a naval, all-electric ship. The authors note that
the optimum is achieved when all units have the same marginal cost of power generation.
Capitalizing on this, [153] utilizes the marginal cost of distributed generators as a consensus
variable for distributed optimization in a microgrid, an approach which is applicable in both
a federated and fully distributed architecture [44]. Multiple researchers present lambda
iteration, a gradient-based method, to solve the Lagrangian dual decomposition. [154]
presents this in a federated architecture for economic dispatch within a microgrid, while
[155] showcases the use of lambda iteration in a fully distributed manner for managing
various power generation and storage units. [173] employs this method to manage power
exchange between microgrids, furthermore including loads and balancing the incremental
cost per utility in the multi-microgrid system. [152] showcases that an approach based on
Lagrangian decomposition is suitable for optimization in modular system topologies.
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In SPS, distributed and multi-agent-based approaches have been applied to increase the
resilience of naval ships [43] with a focus on power system reconfiguration [168], load
management [175], and reserve power allocation [166]. Further research avenues delve into
the coordinated control in DC SPS, dedicated to voltage regulation, accurate power sharing,
and SoC balancing [20, 48] and power reference tracking [96]. For long-term objectives
in ship energy systems, [20] utilizes a Lagrangian approach to balance the marginal cost
of parallel diesel generators. [161] expands this approach to a ship-harbor energy system,
leveraging the absence of a central coordinator. [176] uses a leader-follower approach
for optimal distributed converter setpoints to achieve loss minimization and economic
dispatch of parallel generators in an SPS.

In distributed optimization, the alternating direction method of multipliers (ADMM) [266]
is often proposed as an alternative to lambda iteration, e.g., for the economic dispatch in
microgrids [267]. An extension of this method to a multi-bus configuration is considered
by[156]. ADMM is combined with a distributed resource allocation algorithm by [158] to
include dynamic component characteristics in the optimization. A common prerequisite
for both dual decomposition-based and ADMM-based consensus is the convexity of all
local cost functions. As already shown in [239], the costs of FC and battery modules can be
represented aptly via convex functions over their output power.

Combining distributed and predictive energy management [268] is receiving increasing
interest for the control of SPS. For a fast-timescale subproblem, [97] implements distributed
optimization via ADMM to ensure power servicing constraints. [165] employs ADMM
for distributed MPC to manage the SoC of ESSs in a zonal SPS to minimize the load on
generators with pulsed loads. For economic dispatch, [167] presents a static distributed
optimization for an SPS using ADMM, leveraging short-term load forecasting. However,
this work is not considering dynamic limitations and load fluctuations. [163] formulates
an MPC aiming at fuel minimization while additionally including a battery degradation
cost term. Coordination is realized via Lagrange multipliers while the authors note that
local source-dependent optimization algorithms may be highly complex. An alternative
approach to exact methods is offered via market- or auction-based algorithms which are less
restrictive but compromise on the optimality of solutions [159, 160, 172]. Similarly, long-
term dispatch is often approached via meta-heuristics, some of which can be implemented
in a distributed fashion. [97] employs crow search for the distributed energy management
in a multi-timescale strategy. For the same purpose, [93] implements a particle-swarm
optimization.

For the modular integration of power generation and energy storage components in SPS,
and specifically for the adaptive integration of multiple FC and ESS components with
individual characteristics, the existing literature does not provide an EMS that matches the
modular design and desired plug-and-play capability. Accordingly, this work proposes a
distributed, model-predictive approach for the cost-optimal energy management in DC
shipboard power systems with a modular FC-battery power system topology. To this end,
we derive a distributed implementation of an optimization-based energy management
which allows the integration of multiple power system components and an adaptation
to their characteristics via local agents. In addition, the inclusion of load predictions in
a predictive energy management allows for the anticipation and avoidance of increased
operating costs due to dynamic operation, as well as an explicit formulation of operational
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constraints. Finally, we define a localized decision-making heuristic for the state switching
of FC modules, allowing a minimization of operating time and undesirable operating points.
The proposed method is compared to a centralized MPC to evaluate the effect of the altered
control architecture on the energy management performance. A demonstration at the
example of a FC-battery hybrid tugboat highlights the benefits of a predictive, distributed
and optimization-based energy management. For the use case both long-term simulation
studies and control implementation on multiple real-time target machines, are presented.
The remainder of this chapter is organized as follows. Section 7.2 briefly describes the
power system design and component models. Section 7.3 derives the proposed approach
for the distributed ECMS and MPC for the control of modular FC-battery SPS and presents
algorithms for the implementation in local and centralized controllers. In section 7.4,
the performance of centralized and distributed energy management strategies as well
as the performance of predictive control for different prediction horizons are evaluated
numerically. This section further investigates the effect of local FC state decision-making.
The deployment of the algorithms on real-time controller hardware and communication
network is presented in section 7.5. Finally, section 7.6 reviews the contributions made in
this work and gives an outlook on future research activities on this topic.

7.2 MODULAR POWER SYSTEM

We consider a shipboard DC microgrid whose primary equipment is comprised of parallel
FC and battery modules that supply various power-controlled loads. Power generation and
energy storage systems are connected to the DC bus via DC-DC converters, whereas loads
are interfaced via inverters. Fig. 7.1 shows this topology, highlighting the plug-and-play
characteristic offered by the DC distribution and power converters. The system model
follows the approach described in [239].

7.2.1 FueL CELLS

Hydrogen proton exchange membrane FCs form the main power sources for supplying the
SPS. Whereas these FCs convert hydrogen efficiently into electric energy, this efficiency
drops with an increased power output. Hence, for the energy management it is a key
challenge to keep the FCs within an efficient operating area. In addition, FC modules are
subject to operation-dependent cell degradation, which decreases the performance and
eventually requires a replacement of the affected stacks. In this work, we consider the cost
of hydrogen, consumed by the FC modules, and the cost of degradation, necessitating a
stack replacement, as the main drivers of operational costs for the vessel.

Table 7.1 lists hydrogen cost and degradation parameters used in this work, with values
given in terms of units ([u]). The construction of the FC module degradation function is
adapted from [121], and the calculation as well as the quadratic approximation of hydrogen
and degradation costs are laid out in [239].

The FC and ESS (described below) modules are modeled via equivalent circuits, depicted in
Fig. 7.2. The FC equivalent circuit consists of a current-dependent voltage source in series
with an internal resistance. A degrading FC module is modeled through an increase of
inner resistance, which leads to an additional drop of the module voltage proportional to
its output current. The state-of-health of a module (given as a relative value) is reflected in
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Figure 7.2: Equivalent circuit models including power converter for a) FC module, b) battery module, adapted

from [239]

Figure 7.3: FC voltage and net output power as functions of output current at begin- and end-of-life, adapted

from [239]
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Table 7.1: FC Degradation Parameters (per cell), adapted from [239]

Param. Description Value
Ch2 Hydrogen costs 8u/kg
Cfc,capex System cost 1500 u/kW

Tfe.stack Stack cost ratio 50 %
Teol Power loss at end-of-life 10 %
Cdeg Derived degradation cost | 50.6u/uV
Plo Low power threshold 20%
Phi High power threshold 80 %

dop; High power deg. (> pri) | 10.04V/h
doy, Low power deg. (< pio) 8.6 uV/h

dvpase Base degradation 20uV/h

dvgw Cyclic degradation 13.79 uv
dvayn Dynamic degradation 0.5-19 Vv
dtgyn Reference ramp time 10s

the corresponding decrease of the module’s output voltage at rated current relative to its
value at begin-of-life (BOL). The voltage curve of an exemplary FC module at begin- vs
end-of-life, based on manufacturer data from [218], is shown in 7.3.

7.2.2 ENERGY STORAGE SYSTEMS

Batteries are used as ESSs to complement the specific characteristics of FCs, as they are able
to alter their power output quickly to match fast load power fluctuations [7]. Furthermore,
ESS of sufficient sizing allow for load leveling and strategic charging, supporting the FC

modules to operate in a more favorable operating points rather than following the load.

However, a key challenge for ESS is the management of their SoC, as the amount of stored
energy is a limited resource for the energy management. The equivalent circuit model of a
battery, consisting of an SoC-dependent voltage source in series with an inner resistance,
is depicted in Fig. 7.2.

7.2.3 DC SYSTEM AND LoADs

The load power pjy,q is modeled as an external disturbance on the system. Its behavior
is application-specific and differs in amplitude and volatility, among others factors. The
power system components must be selected and sized appropriately for a given ship’s load
requirements. In this work, we consider a harbor tug boat, whose SPS design is detailed
in [239].

The main constraint the energy system imposes on the control, is the power balance. This

demands that the sum of all components’ power outputs must equal pjy,q at all times.

As the focus of this article is placed on the energy management, fast transients of the
distribution system and power converter controls are neglected.
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7.3 MODULAR ENERGY MANAGEMENT

This study focuses on the energy management task, responsible for determining the power
dispatch for all power system components. This section introduces a generalized approach
for the distributed optimization of the energy management in SPS with heterogeneous
generation and storage modules with convex cost functions. For this, local optimizers for
FC and battery modules, and a system-level coordinator are described. The approach is then
extended into a predictive optimization framework. Finally, a non-convex decision-making
heuristic is added to the EMS.

7.3.1 INSTANTANEOUS OPTIMIZATION

We consider a power system equipped with a set of FCs I and a set of batteries J that
make up all distributed generation modules (I U J = M). Each module’s individual cost
is a function of the system’s parameters, states, and control inputs. Additionally, every
component is subject to individual constraints, most notably on the power output, power
gradient, and battery SoC. Each unit m € M has an individual cost function f,(pm,xm)
that depends on is the unit’s power output p,, (decision variable) and a state vector xy,.
Power loads and intermittent generation pose disturbances on the power system that we
aggregate as a scalar pjoad.

DuaL DECOMPOSITION
Regarding only one time instant, the energy management’s goal is to minimize the total
cost of power generation while meeting the power balance constraints:

n;in Z fm(pm;xm) s.t. Z Pm = Dload (7-1)

™ meM meM

This optimization problem is separable via dual decomposition [152], such that each unit
solves a local optimization problem given a fixed Lagrange multiplier y. The multiplier
can be interpreted as a price for the output power. Each module maximizes its own utility,
while respecting local constraints to maintain local feasibility:

I%axﬂpm—fm(Pm,xm)st EM (7.2)

LocaL OPTIMIZATION PROBLEMS

The operating cost of a FC module i is a function of its power level and power gradient, and
incorporates both fuel costs as well as cost for the operation-dependent cell degradation.
We formulate the costs as a time discrete function with an optimization time period At.
Given the power p; 1 of module i at time k —1 as a state, the cost function for transitioning
to p;k at the next time instant is

(Pi,k - Pi,k—l) 2

o (7.3)

Fi(Piks Pik-1) = kz,iPiZ,k +kipik+ ko +ka;

where k,; are module-specific coefficients that realize a polynomial approximation of the
actual costs. Fig. 7.4 shows exemplary static cost curves and their second-order polynomial
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approximations, of a new and an aged FC module. Note that the illustrated decrease to
80 % state-of-health is beyond the conventional end-of-life (EOL) definition of 10 % power
loss [251].

Similar to a conventional ECMS-approach [109], the stored energy in an ESS is assigned
an SoC-dependent equivalent cost. Fig. 7.5 shows an exemplary case of the value of stored
energy. With this, we define the cost function of a battery as

Fi@jnsEr—1) = A& p—1)(pjxc + kz,jpjz',k) (7.4)

which considers both the cost of discharge or revenue from charging, dependent on the
sign of the power output, as well as quadratic power losses.

Using the local cost functions for FC and battery modules, a distributed ECMS can be
derived via dual decomposition. Each FC module has a locally optimal power output

;1 (pix) solving its specific optimization problem for the next time step k, and based on the
current state variable at k—1:

Igixllkpi,k ~ fi(piks Pik-1) (7.5)




146 7 DISTRIBUTED ENERGY MANAGEMENT FOR MODULAR FUEL CELL-BATTERY POWER SYSTEMS

The equivalent problem for a battery module yields p} e (1)
max Pk = fi(prkr Ek-1) (7.6)
I

It must be noted that all modules have additional local constraints on their power output
range, power gradient (FC), and SoC range (batteries), that the local optimization steps are
subject to.

GLoBAL FEASIBILITY

For global feasibility, a central coordinator is required to adjust y, functioning as a system
wide price. All modules have convex cost functions, i.e., p;; and p7,, and accordingly their
sum, are monotonously increasing over p:

dp; dp?
D p”"+z Pik o (7.7)
e dHe g dm

Accordingly, using a gradient-based method, e.g. lambda iteration, lets us find a value y*
that satisfies the power balance constraint:

> o) = Proad (7.8)

meM

7.3.2 PREDICTIVE OPTIMIZATION

Using time-series forecasting to predict the future load [108, 239], a set of predictions
Pload kVk € {1,.., Ny} with prediction horizon Nj, can be obtained. An expansion of the
problem formulation for a series of discrete time intervals allows the optimization over the
prediction horizon for the distributed system.

LocAL OPTIMIZATION PROBLEMS

The instantaneous formulations of the local objective functions are extended to capture
the costs of each module over a series of discrete time steps. Accordingly, the predictive
objective functions for FC and battery modules are formulated as:

Ny
max Y. ik — fipiks Pik-1) (7.9
Pik =1
Nh
max Z Erpik = fi(Pjk Eing) + ACE N DE ) Ny (7.10)
SE k=1

where Ej y, and ; v, are the terminal battery energy and SoC, respectively. p;o denotes
the FC power at time of optimization. Note that the battery cost function f; takes the
terminal SoC as an argument rather than the value corresponding to the respective time
step. Egs. (7.9) and (7.10), are subject to power and power gradient or SoC limits, as well as
the module’s state dynamics, as described in [239].
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adjustment

PRICE ADJUSTMENT

We can interpret the local decision p;, ; (1) as a power bid, responding to the externally set
market price p. It is the central coordinators’ task to adjust the price such that the power
balance constraint is fulfilled at each for each time step k € {1,..., Ny}.. Due to the convexity
of local functions, each p can be adjusted via a gradient descent approach until the power
balance constraint is fulfilled. Le., there is an equilibrium for a vector of optimal Lagrange
multipliers y; where the total distributed power generation ),cs pr.(f1) is equal to the
load. With an iterative approach, we are looking for a value that is sufficiently close to this
equilibrium:

€k = Ploadk— ), Pl < e VkeN; (7.11)
meM

where ¢ defines a small tolerance around the equilibrium.
The distributed MPC is solved iteratively following algorithms 1 and 2. Each py is adjusted
individually for time instant k until each module bids a discrete power trajectory such that
the power balance constraint is below the tolerance threshold ¢ for each k. Accordingly,
an individual market price is established at each time instant.
A generic FC-battery power system topology and the distribution of local and global
optimization tasks is shown in Fig. 7.6. From the system perspective, the type and state
of each unit is irrelevant as this information is included in the bids from each module.
Hence, for the system level optimization it is sufficient to iteratively update yy until either a
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convergence criterion is fulfilled or a maximum number of iterations is reached. The price
adjustment algorithm, as shown in algorithm 1, is embedded in a central controller that
broadcasts p; and sends a trigger signal to request power bids from all distributed modules.
The parameter ﬁy is a gradient estimate for the change in price over change in total power
bid, « is a factor for the price adjustment step width, ¢ is the convergence tolerance,
and it and ity.y are iteration counter and maximum number of iterations, respectively.
Upon receiving a trigger signal, each distributed unit updates its power bid according to
algorithm 2. While not satisfying Eq. (7.11), yx is updated according to:

Hkite1 = Hicie +aVy (ﬁload,k - Z p:n,k) (7.12)
meM

where it is the iteration number of the update step. For gradient-based methods to work
effectively, it is ideal to have the gradients at the current operating point available. To
avoid a large amount of transmitted data, the distributed modules only share the bid for
the currently shared price. It is then up to the central coordinator to update yi according
to Eq. (7.11) while balancing convergence speed and stability. For this, it uses the estimate
@,,, which approximates the average gradient over all k intervals:

N

B[] = — dpi

= — _— 7.13
Nn & dprotk(pr) 713)

Algorithm 1 Price adjustment by central coordinator

Input: P:n,lw ﬁload,k
. if New Optimization then
it<0
Uf < 'uz,prev > Start with Previous Equilibrium Price
Send trigger return
end if
€k < Ploadk — LomeM Pk
cif e <e || it > itmax then
Stop trigger > Converged or Max. Iterations Reached return
: end if
st it+1
TR TR oﬁyek > Adjust Price
: Send trigger return

R AR AN R o

= e =
N o= O

Output: yy, trigger

FueL CELL STATE LoGic

In [269], it was generally assumed that all FC are switched on by default during a mission. To
paint a complete picture of the power system operation, the start-up and shutdown of each
FC module needs to be included in the energy management strategy. In [121] it has been
shown that time-optimized on-off state switching of individual modules can significantly
support in the reduction of cell degradation. To preserve the modularity of the distributed
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Algorithm 2 Local bidding by distributed controllers
Input: yy, trigger

1. if trigger then
2 P < Egs.(7.9) and (7.10) ©> Optimal bid by Unit m
3: end if

Output: p, ,
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Figure 7.7: Local on-off switching logic for FC module

EMS in this work, we propose the implementation of a local state switching logic for each
agent. In the distributed predictive EMS the state command z; sf is determined based on
the bids p;’; computed by each FC agent. The state reference must be computed outside of
a regular optimization instance lest an integer-valued decision variable is introduced to
the problem. Hence, the on-off decision is made only after an optimization sequence is
complete, and is applied starting with the next optimization instance. The decision further
needs to be subject to a hysteresis to avoid on-off toggling at each optimization instance.

The system switches on if the optimal bid p;, is larger than the threshold pl on in at least
non prediction intervals. Contrary, the state reference toggles off when all p;; are below a
minimum value p; o¢f. The state machine for each FC module is visualized in Fig. 7.7. While
a FC module is off (z; et = 0), the agent is not sharing its bids with the central coordinator.
Thus, the module is not participating in the power dispatch. When the module switches
off, it ramps down its power output with a fixed gradient.

7.4 NUMERICAL INVESTIGATIONS

We investigate a tugboat whose power system design and operational data are described
in [239]. The measurements have been cleaned and parsed into distinct mission profiles. For
evaluating the performance of different strategies, we simulate the power system operation
for a total of 167 missions recorded over the course of several months. The performance of a
specific EMS implementation is evaluated based on the total accumulated cost for hydrogen
consumption and degradation, using MATLAB/Simulink simulations. This section features
a number of investigations that compare the performance of centralized and distributed
architectures, and how different parameterizations of the distributed, predictive control
can improve the performance.
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7.4.1 INMPLEMENTATION

The implementation of the proposed EMS, low-level controllers, and power system simula-
tions requires some considerations. These are described and evaluated in the following.
Time Scales: The distributed ECMS and MPC algorithms, low-level controllers, and
possibly the power system simulation, require digital implementation. The various tasks
of the simulation and control algorithms are running at different time steps, as listed
in 7.2. The fastest dynamics are present in the simulation of the physical system and the
primary control layer, running at Tgp,. Testing on physical hardware presumably requires
even faster low-level controllers, depending on switching frequency and current control
bandwidths. Each optimization instance is initiated regularly with a time period Tyt The
MPC optimizes over Ny, discrete intervals with an interval length of Tpc. Each iteration of
the distributed ECMS or MPC is completed at a rate of T,op, matching the communication
bandwidth. The maximum number of iterations itp,y is set such that an optimization
instance is finished before the next optimization is triggered. To reduce the delay caused
by a high number of iterations, all modules’ power references are updated already during
the optimization using the intermediate power bids of the ongoing optimization.
Initialization: A suitable initialization is crucial for the performance of the distributed
optimization, considering the number of required iterations. While T is significantly
smaller than Ty, as realized in this work, an initialization with the final dual variables
of the previous optimization instance is expected to minimize the number of required
iterations. If Topt approaches the value of Type, an index shift or interpolation of values
may lead to improved performance. For Topt = Tinpe, the index shift for a new optimization
would assign py = prVk €{1,..,.N—1}.

Equivalent Cost Parameterization: As described in Section 7.3.1, the stored energy
in batteries is assigned an SoC-dependent equivalent cost A(¢). In the objective function
(7.10), this term is a function of the SoC at the end of the horizon. Since the terminal SoC
depends on the control input of all optimization intervals, the optimization complexity
increases significantly. To mitigate this, A is fed as a fixed parameter to the optimization,
based on the terminal SoC of the previous optimization instance. This is viable, given
that py is updated in sufficiently small steps. Accordingly, difference of the terminal SoC
between subsequent optimization instances, is minor. To further stabilize the behavior of
the distributed optimization, A is passed through a low-pass filter with a time constant
of several seconds. Doing so avoids unstable bidding of multiple ESS. Otherwise, it is
possible that ESS will alternate between extreme charge and discharge behaviors. Instead,
the low-pass filter lets all ESSs find a consensus on an optimal terminal SoC, and thereby
on an optimal equivalent cost of energy for a given optimization horizon.

Gradient Estimation: For a proper and stable convergence behavior, the update of the
dual variables relies on the estimate of the global power bid gradient. In practice, the real
gradient is unknown, unless explicitly shared by the agents, increasing the communication
overhead and relaxing privacy conservation. In this work, the gradient is approximated
based on the values of the dual variables and total power bids recorded over an optimization
instance. Using these data-points, the gradient is approximated using linear regression
with a least square error approach. To avoid unstable behavior, the gradient estimate is
checked for feasibility and diffused with the previous gradient estimate.

The value of ¢ must be smaller than 1.0. Values between 0.5-0.7 have shown adequate
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Table 7.2: Default simulation and optimization parameters

Parameter Description Value
Tsim Simulation step size 10 ms
Teom Communication step size 100 ms
Topt Optimization step size 5s
Tinpe MPC optimization interval 30s
Ny Optimization horizon 30

£ Constraint tolerance 10 kW
itmax Maximum iterations 45
o Descent step size (decreasing) 0.7-0.07
Emin/ Emin Min./Max. battery SoC 20/80 %
Dfecmax Max. FC power gradient 0.05P;SoH;s™!

convergence behavior. To further improve the convergence behavior by enforcing large
steps in early iterations and smaller steps close around the solution, the step size is decreased
for each iteration, with up to one order of magnitude at the final iteration.

Real-time power balancing: The EMS determines optimal power references for each
module, averaged over the length of each MPC interval. In fact, the load changes continuous,
yielding an imbalance between instantaneous demand and optimized power dispatch. This
is compensated by fast-acting voltage controllers deployed in the battery modules, which
realize the current sharing according to [187]. The battery modules dynamically adjust
their available power based on their maximum rating and their power bid, and accordingly
their power sharing gain is adjusted continuously to the operating conditions. It is key to
do so for unpredicted load spikes not to lead to an overexertion of a battery system beyond
its capacity.

7.4.2 CENTRAL VS DISTRIBUTED

Initially, we consider a power system with only one FC and one battery, allowing the
implementation of the centralized approach outlined in [239]. This source describes the
power system design and a centralized ECMS and MPC for this case. The aim is to compare
the performance of the centralized ECMS and MPC from [239] with the distributed strategy
proposed in our study.

Fig. 7.8 shows the accumulated costs for hydrogen and cell degradation over all 167 sim-
ulated mission profiles. Results show nearly identical performance for centralized and
distributed implementations of the MPC.

The comparison for ECMS strategies shows close results for the hydrogen costs. Only the
degradation is higher with the distributed architecture, which can mainly be attributed to
increased dynamic degradation effects. A reason for this lies in small deviations between
consecutive optimization instances due to numerical tolerances in the convergence algo-
rithm. This can be alleviated by tightening such tolerances at the expense of convergence
behavior. However, results show that this is not present with the predictive strategy, which
is the primal subject in this investigation.
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Figure 7.8: Hydrogen and degradation costs for all mission profiles with centralized versus distributed implemen-
tations of ECMS and MPC

This comparison underscores the ability of the distributed architecture to produce the same
performance as a centralized implementation, but with the added benefits of the distributed
architecture.

7.4.3 MODULAR SYSTEM TOPOLOGY

Next, we consider a system layout that reflects the modular design of modern, zero-emission
SPS. The power system is equipped with four FC modules and two battery energy storage
systems. Each FC module has an individual power rating and aging state, influencing
its polarization curve. Each battery has an individual capacity and differs in cell-specific
internal resistance. Accordingly each unit’s cost function is unique, which should be
reflected in its operation. The parameters of the system components are listed in Table 7.3.
Conventionally, FC systems are considered to reach their end-of-life at 90 % state-of-
health [251]. However, to explore further operation of modules beyond this point and to
highlight discrepancies between local cost functions, we include FC modules who have
passed the conventional end-of-life threshold.

7.4.4 PREDICTIVE OPTIMIZATION

The results of one exemplary mission profile using the distributed MPC with a prediction
horizon of 15 min are shown in Fig. 7.9. It can be seen that the FCs operate according
to their respective marginal cost curves, whereas the power gradients are kept relatively
low (Fig. 7.9b). Among the batteries, the SoCs are kept balanced while it is evident that
battery B, which has a lower resistance relative to its capacity than battery A, is used more
dynamically (Fig. 7.9c). The evolution of the optimal price in Fig. 7.9d gives an indication
of the marginal energy cost at a given point in time. The bids for time instances over
the prediction horizon additionally give an indication of the future cost. The latter can
potentially serve as an input for the load management. Finally, Fig. 7.9e shows that the
number of iterations required for completing each optimization is low, meaning that the
needed data traffic and computational effort is within reasonable limits.

A reliable load forecast over 15min has been proven possible in [239]. To gauge the
potential benefits of an increased prediction horizon, Fig. 7.10 shows the costs with MPC
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Figure 7.9: Exemplary results for one mission profile with distributed MPC with 15min load forecasting, showing

a) the total power split, b) FC power per module, c) battery SoC per module, d) the optimal price, e) iterations
required for solving the optimization.
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Table 7.3: FC and battery parameters of modular power system

Parameter Description Value
Prca Max. power FC A at BOL 1780 kW
SoHgc State-of-health of FC A 100 %
Pren Max. power FC B at BOL 1780 kW
SoHs.p State-of-health of FC B 80 %
Prec Max. power FC C at BOL 445kW
SoHsc A State-of-health of FC A 85 %
Ptep Max. power FC D at BOL 445 kW
SoHs.p State-of-health of FC D 95 %
Epata Energy capacity battery A | 1000 kWh
Ria Inner resistance battery A | 19.2mQ
EpatB Energy capacity battery B | 250 kWh
Rip Inner resistance battery B 15.4 mQ
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Figure 7.10: Accumulated hydrogen and degradation costs with distributed ECMS, and distributed MPC with
different prediction horizons

for varying prediction horizons. The results show that the performance improves with an
increasing prediction and optimization horizon. The differences are quite small between
horizons of 5min and 15 min. However, longer horizons promise significant gains for
this specific case study. This highlights the importance of long prediction horizons for
improving the operational efficiency of modular SPS.

Fig. 7.12 compares the time-series of load power vs total FC power and battery SoC for
ECMS versus MPC with 15 and 60 min horizons. Fig. 7.12a shows how volatile the power
output of the FCs is when using an instantaneous optimization, which immediately reacts
to load changes. A predictive EMS flattens the FC power with an increasing horizon. In
addition, with 60 min of prediction and optimization, the power output stays closer to
the average required power than with a shorter horizon, which is more efficient with
a quadratic cost function. The longer the horizon, the more extensive and effective the
strategic charging of the ESSs can be realized (Fig. 7.12b).
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Figure 7.12: Time-series of simulation results for ECMS, and MPC with 15min and 60min horizon, showing a)
Total FC vs. load power, b) SoC in the ESSs
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Figure 7.13: Time-series of simulation results for MPC with 15min horizon versus MPC with 15min and 60min
horizon and individual FC state switching, showing a) Total FC vs. load power, b) SoC in the ESSs

Table 7.4: FC state switching heuristic parameterization

Parameter Description Value
Dion On switch power threshold | 0.5P;SoH;
Nion On switch sample threshold [0.2Ny]
Dioff Off switch threshold 0.2P;SoH;

7.4.5 INDIVIDUAL FC STATE SWITCHING

To assess the effect of allowing an individual on- and off switching of FC modules according
to the method described in section 7.3.2. The parameters used for implementing the state
switching heuristic are listed in table 7.4.

The graphs in Fig. 7.13 show a comparison of the distributed MPC with 15 min prediction
horizon versus the MPC with added individual state-switching for horizons of 15 and
60 min. The comparison between the strategies with 15 min prediction horizon shows an
overall more dynamic operation of the FC generation when enabling the state switching.
The difference lies therein that the state switching is used for achieving the dynamics,
whereas the strategy with all system on is required to apply higher power gradients to
achieve the dynamics. Further, the state switching allows operation at lower total loads
without running individual modules at detrimental low power outputs. The new strategy
with the 60 min prediction horizon shows a very flat FC generation, and an overall lower
average FC loading, resulting in higher efficiency. This also results in lower SoC of the
batteries due to the decreased marginal cost of power generation. At the end of the mission
profile, the switching logic allows to run FC modules longer for replenishing the battery
charge. It must be noted that the final SoC is subject to the switching heuristics and not a
result of a deterministic target value.
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Fig. 7.14 shows more detailed results for the same mission with the 15 min MPC including
state-switching. The time-series plots show clearly when each module switches on and off.
The EMS allows a late start-up, an early shut-down, as well as an intermittent off-period
for each module, as can be observed here. Further, the simulation is extended until all
modules are switched off. Additional benefits from the on-off switching are the avoidance
of very low FC loadings, as well as an improved convergence behavior in these operation
zones. The graphs lay out in detail when individual modules are switched on and off, and
what the effects are on power balance and on the equilibrium market price.

The cumulative results for all missions are shown in Fig. 7.11. This plot not only portrays
the improvement of both hydrogen consumption and degradation for all horizons due to
the added state-switching, but also the stark reduction in degradation costs with increasing
horizon length. With the modules always on, only the hydrogen consumption saw high
reductions with increasing length.
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7.5 REAL-TIME CONTROLLER DEPLOYMENT

To demonstrate the application of the distributed energy management algorithm on multiple
hardware components, we deploy the controllers on two real-time target machines (RTTMs)
from Speedgoat. A schematic of this setup is displayed in Fig. 7.15.

The functional code on one machine, the Speedgoat Performance RTTM, is split into two
parts, which run in parallel but without sharing any signals. On one part, we deploy the
central coordinator that runs Algorithm 1 together with function which supplies the load
predictions. On the second part, the power system simulation, including primary control
loops, is realized. The second machine, the Speedgoat Baseline RTTM, runs all local agents.
These run in parallel, without exchanging any signals between agents.

Communication between the machines is realized via UDP/IP over Ethernet. We connect
two distinct communication lines for system level interaction, i.e. agent to central coor-
dinator, and local interfaces, i.e. agent to component. The system level communication
transmits the signals between agents and central coordinator, which are required for the
algorithms 2 and 1. Over the local communication line, the agents send power references,
and state references for the FC to their respective local control loops. The agents receive
power, SoC and fault signals back, which they require for updating their local cost functions.

7.5.1 OpTIMAL DISPATCH

For testing the distributed optimization in real-time, we subject the power system to a load
step. At time t = 600, the power steps up from 1300 kW to 3800 kW, which corresponds
to an operational transition from transit to high assist. For the ease of demonstrating the
predictive EMS, we limit the number of MPC intervals to N, = 10 and set the interval
width Typpe = 30s, resulting in a prediction horizon of 5min. Further, the frequency of
optimization instances is reduced with T, = 10s. To showcase the convergence of the
iterative optimization algorithm, all yy are initialized with the first element y; at which
the previous optimization instance has converged. It must be noted that this initialization
method, as well as the reduced optimization frequency requires a higher number of iter-
ations, compared to the approach described in section 7.4.1. Furthermore, we trigger a
fault in FC A to capture the system response to a component fault at high, constant load.
The power sharing between accumulated FC and battery power outputs against the load is
displayed in Fig. 7.16.

The graph shows the power step occurring at 600 s. Before 300 s, the load steps enters the
load prediction horizon. Before this time, only FC A has been active and slowly approached
a quasi-static power sharing with the batteries. After, the FC power ramps up and the
other FC modules sequentially switch on to supply the anticipated power load. At the
time of the load step, only the batteries immediately adjust their power output to the new
operation point, while the FC systems continue to increase their load. At 850s, the FC
systems supply the largest share of the load when a fault in FC A is triggered. Accordingly,
the total FC power drops instantly. Immediately afterwards, the batteries compensate for
the loss of generation and over minutes afterwards, FC and batteries find a new, efficient
power dispatch. As a final note, it can be seen that the batteries’ actual output power differs
from the optimal reference values in-between optimization instances, and around high
load steps. This is due to the batteries being utilized for instantaneous load-balancing as
well as the limited optimization frequency.
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7.5 REAL-TIME CONTROLLER DEPLOYMENT 161

4000 .

Load

3500 Bat -
FC A fault

I actual
3000F T 56

AN

| load step enters
prediction horizon

\ Smin
1

Power Balance [kW
— — (e}
S [ S
(=) S (e}
(e} (=) (e}

500

-500

-1000

0 200 400 600 800 1000
Time [s]

Figure 7.16: Cumulative FC and battery power references (final bid) and actual power for rectangular load step
from 1300kW to 3800kW.



162 7 DISTRIBUTED ENERGY MANAGEMENT FOR MODULAR FUEL CELL-BATTERY POWER SYSTEMS

4000 .1_.ite.ration.—.” Xsolution
-/ N
= I N
) A A R N Y B B ]
g T R T
0 ] ]
o
= *—
m]ooo h )%T ﬁ )%T ﬁ )%T )&Tﬁ
= E e N R A R
= T e e e T B
4 R T e T T I
Q
R T Y T N N R
w)
< R T T e A O B
e e e i S o
—§ 090 T T T T T T T T T
% T e O B R
£ R T T T I
Sonl L1 1 1T
E R T T S A T H
- Lox box bax boc bx bx b b b |
Bosal L1 1 1 1 1 | | |

’ 1 2 3 4 6 7 8 9 10

5
MPC Interval

Figure 7.17: Convergence of distributed optimization during real-time simulation at t=330s, with the load step
entirely predicted in the 10th MPC interval.

7.5.2 CONVERGENCE AT LoAD STEP

The advantage of the predictive optimization is that the algorithm can anticipate load
changes before they occur. To investigate how the distributed optimization reacts to the
prediction of the load step, we investigate the optimization instance occurring at time
t = 330s, at which the load step is fully captured within the final MPC interval. The
corresponding evolution of accumulated bids from all power system components is shown
in Fig. 7.17. The horizontal offset of bids within each interval is only for visualization. In
the time domain, the dual variables and power bids are updated with the communication
period Tcom, which is 100 ms here. Showcased in this campaign via UDP/IP, this bandwidth,
or even significantly faster, can be realized via various communication technologies.

The plot shows that the algorithm requires 11 iterations to converge. For the first 9
intervals, the initial dual variables from the previous optimization yield power bids that are
sufficiently close to the power load. Only the 10th interval, for which now the stepped-up
load to 3800 kW is predicted, requires multiple iterations, until the mismatch has dropped
below the threshold. In accordance with the increased load requirement, the dual variable
in interval 10 had to be increased significantly.
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Figure 7.18: Convergence of distributed optimization during real-time simulation at time of FC fault (t=850s)
during full load.

7.5.3 CONVERGENCE AT COMPONENT FAULT

Whereas the predictive optimization is able to anticipate the load step in the previous
section, a component fault is typically an unforeseen event which requires immediate
action. We assume that a fault occurs in FC module A, which is the largest power supply in
the system, necessitating an sudden disconnect. Accordingly, the power output of the unit
is reduced to zero within a short time period, and the FC agent is bidding 0 kW. Hence,
the power bids from other components must compensate for the loss of generation. The
convergence of the optimization algorithm immediately after the fault at t = 850s is shown
in Fig. 7.18. We can observe that the algorithm requires 38 iterations until convergence.
The loss of one large power supply leaves a large gap between initial power bid and power
load. The dual variable highly increases in all intervals. The earlier intervals yield a slightly
higher marginal cost than later intervals due to the high power gradients demanded from
the FC systems.

The testing of these scenarios on multiple target machines showcases that the distributed
optimization via Lagrangian dual decomposition in real-time, as proposed in this work, is
suitable for deployment on actual control hardware. The distribution algorithm is converg-
ing in two extreme scenarios, even with non-ideal starting points. An initialization with the
dual variables of the previous optimization instance, as well as a less frequent occurrence of
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stark load changes will in practice significantly reduce the average number of iterations per
optimization, as indicated by the results in Fig. 7.14. Finally, this demonstration underscores
the adaptability of a distributed control approach for fault-tolerant system operation.

7.6 CONCLUSIONS AND DI1scUSSION

Considering the increasing focus on modularity in shipboard power systems, the architec-
ture and algorithms of the power system control and energy management must follow this
trend and in turn become modular. This facilitates the integration of novel technologies,
such as zero-emission power generation and storage systems. The way to achieve this is a
shift from a centralized towards a distributed control architecture. Dual decomposition
and predictive control allow for a flexible and and cost-optimized power dispatch, coor-
dinated via a virtual market price. The deployment of distributed controllers and central
coordinator on multiple RTTM, display the applicability of a predictive, distributed energy
management for SPS on actual control and communication hardware. A further point
is made by demonstrating the adaptation of the optimal power dispatch at the time of a
generator fault, which is met by a re-optimization of the power dispatch adapted to the
reconfigured power system.

Additional simulation results show the long-term performance of the proposed predictive
and distributed energy management approach. These not only show that the distributed
architecture is able to match the performance of a conventional, centralized approach, but
also hint at possible gains that can be achieved by extending the load prediction horizons up
to one hour. The cost-optimal power dispatch respects the parameterization and constraints
of each module, proving the adaptability to individual characteristics. The cost-optimal
results, combined with the added resilience, adaptability, and privacy-preserving aspect
gained through the distributed architecture, shows that distributed power system control is
a promising solution for the challenges in the operation of modern ships with an all-electric
and integrated power system. The adaptation to each component’s characteristics and to a
topology alteration underscores the modularity of this control architecture.

A key challenge in the optimal power dispatch, present in centralized control but even more
so in distributed architectures, is posed by discrete decision-making. In our investigations,
a crucial decision-making lies in the modular on-off switching of FC systems, which adds a
non-convex and discontinuous element to the agents’ cost functions. A local heuristic has
been applied in this work to handle this decision, generating promising results by adding
the on-off switching as an additional degree of freedom in the energy management. A
second key point in the EMS design lies in the adaptation of an equivalent cost approach for
the construction of the ESS cost, which gives the energy management with short-term load
forecasting an ECMS-like characteristic. Both mentioned aspects incentivize investigations
into optimal mission-scale planning that would allow the adaptation of optimal FC state
and ESS SoC references in favor of the employed heuristics.

An additional limitation of the proposed approach lies in the scope of the optimization
objectives. Whereas we focused on the minimization of operational costs, considering only
local constraints and global power balance, real SPS may be subject to further limitations,
such as requirements on reserve power allocation and power availability. These potentially
influence the optimal power dispatch, and are therefore worth including in detailed studies
for specific ship types and sets of requirements. A possible opportunity arising from the
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distributed approach via Lagrangian relaxation, lies in the information gained from the
computed dual variable over the optimization horizon. It corresponds to the price of power
generation at a given time. The utilization of this value in a feedback loop, e.g. for operator
feedback on the expected power system efficiency or for an optimal load side management
and voyage planning, warrants further investigations.

Further attention must be placed on the price adaptation mechanism, exploring its conver-
gence behavior. Whereas the inclusion of convex and smooth cost functions is successfully
handled with the approach presented in this study, the addition of non-convex modules
(e.g. internal combustion engines), and more complex decision-making will require more
sophisticated solutions. Alternative algorithms, such as ADMM, should be explored for
applications in which the Lagrangian dual decomposition and gradient descent fall short.
An additional consideration lies in the opportunities and challenges arising from the flexible
operation of complex and modular power system designs. More specifically, a distributed
control architecture is promising for handling more complex networks, e.g. with a zonal
or meshed layout, that allow flexible topology reconfiguration via bus-tie switches. This
warrants further studies on the design of a distributed control and energy management
architecture that incorporates topology-awareness.
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Di1STRIBUTED OPTIMIZATION IN
MuLrTIi-Bus DC SHIPBOARD
POWER SYSTEMS

The previous chapter has introduced a framework for the energy management, which can be
considered modular. It does not depend on a fixed topology and instead uses the resources which
are available. Each component is included and operated based on its individual characteristics.
The energy management adapts to parameter alterations of modules and even allows local
decision-making on the operating state. But not everything is modular yet. The power system
components are integrated in a modular fashion indeed, but what about the power system
itself? We have, so far, assumed that there is one large, reliable power system to which we can
connect, but reality is more nuanced. Power systems come in various topologies and have their
own flaws. Focusing on DC technology, shipboard power system usually consist of multiple
buses, connected and disconnected by switches. Buses and switches can fail. Depending on
which switch connects which buses and based on which switches are closed at a given moment,
the topology can change. To increase the resilience and adaptability of the distributed control
approach, the work in this chapter adds topology-awareness to the energy management. The
aim is to optimize not only the dispatch of units, but also the power flows between buses, and
to adapt to the physical system topology.

“The purpose of a storyteller

is not to tell you what to think,

but to give you questions to think upon”
— Wit, in The Way of Kings

by Brandon Sanderson

This chapter is accepted for publication with minor modifications as A Network-Coupled ADMM Framework for
Distributed Energy Management in Multi-Bus Shipboard Microgrids, in: IFAC-PapersOnLine (In press) [270]
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8.1 INTRODUCTION

Lectrified shipboard power systems (SPSs) are becoming increasingly complex, with
E a broadening variety of power system components incorporated into a single electric
power network. Aiming at decarbonizing the maritime sector, hydrogen fuel cells (FCs) [68],
energy storage systems (ESSs) [7], renewable power generation, and electric propulsion [16],
are among the novel technologies brought on board. On top, there appears a trend toward
modularization and distribution of generation and storage units [263]. Modern SPS with
high reliability requirements incorporate multi-bus architectures with various power
system modules spread over the electric network [271]. The increased system complexity
makes the coordination of all energy resources a key challenge [100].
The energy management for ships shifts toward optimization-based techniques [101]. One
overarching challenge discussed in current literature is the architecture employed for the
power system control. Generally, the energy management strategy (EMS) can be realized
as a centralized optimization, assuming full knowledge of parameters and states of all
components [239]. However, such a solution requires careful parameterization, a high
computational burden, and lacks scalability [42]. An alternative lies in shifting toward a
distributed architecture [45]. Distributed real-time optimization and multi-agent systems
offer an increased resilience and survivability [43], where the literature puts focus on power
system reconfiguration [168], load management [175], and reserve power allocation [166].
[15] further note the plug-and-play characteristic in the design of all-electric ships which
facilitates the scale-up of the SPS. Distributed EMS offer a pathway for meeting modular
system designs with corresponding control strategies.
A widespread method of distributed optimization for real-time energy management is
lambda iteration, based on Lagrangian dual decomposition. The optimal dispatch is found
when all units have the same marginal cost of power generation [162]. [153] utilize the
incremental cost of distributed generators as a consensus variable in a microgrid. For
more complex microgrids, [154] employ lambda iteration in a federated architecture for
economic dispatch. [155] showcase the application in a fully distributed architecture to
manage a broad variety of power generation and storage units. The power exchange
between microgrids lies in the focus of [173], whose method balances the incremental
cost per utility in the multi-microgrid system. In SPS, [20] utilize lambda iteration for
balancing the marginal cost of parallel diesel generators. [161] expand the application to a
ship-harbor energy system, leveraging the absence of a central coordinator.
In distributed optimization, the alternating direction method of multipliers (ADMM) has
emerged as a powerful alternative. It combines the decomposability of dual methods with
the robustness of augmented Lagrangian techniques, leading to simple update rules with
strong convergence guarantees for convex problems [266]. Like lambda iteration, ADMM
has previously been employed for the economic dispatch in microgrids [267]. [156] further
consider this method for the optimization in a multi-bus configuration. Common prerequi-
site for both dual decomposition-based and ADMM-based consensus is the convexity of all
local cost functions. As already shown by [239], the costs for FC and battery modules can
be represented via aptly convex functions over their output power.
DC distribution technology facilitates the use of meshed network topologies [271]. Their
reconfiguration capabilities yield a high system reliability [272]. Such meshed SPS can
be regarded as multi-bus microgrids connected via bus tie switches (BTSs). To achieve



8.2 DISTRIBUTED ENERGY MANAGEMENT FOR SINGLE-BUS SYSTEMS 169

both a resilient and plug-and-play integration of power generation and energy storage
components in SPS requires adaptive strategies that match the modular system design,
while accounting for the physical topology of the SPS. No existing work provides a topology-
aware, distributed energy management formulation capable of handling DC shipboard
multi-bus architectures with plug-and-play capability. To address this gap, we propose
a network-coupled ADMM framework for the real-time dispatch of power and energy
modules in multi-bus SPSs. Adapting to the physical network topology by considering BTS
states in the distributed optimization allows for an efficient and adaptive dispatch of all
power system resources. To realize this, we derive an implementation of federated bus-level
ADMM instances, which additionally are coupled through BTS agents that participate
in two optimization processes simultaneously to optimize inter-bus power flows. This
enables the modular integration of various power system components on a bus-level and
an adaptation to their characteristics via local agents. The inter-bus power flows through
BTS is adapting to the actual network topology and are optimized to reduce overall power
generation costs.

The remainder of this chapter is organized as follows. In section 8.2, we describe the energy
management problem for FC-battery hybrid SPS and the ADMM-based distributed opti-
mization on a single bus. Afterwards, in section 8.3, we extend this to our network-coupled
ADMM framework for optimization over a multi-bus SPS architecture. In section 8.4, we
showcase the application of the method in a case study, and conclude the findings in
section 8.5.

8.2 DISTRIBUTED ENERGY MANAGEMENT FOR SINGLE-BUS

SYSTEMS

As a first step, we derive an ADMM-based distributed EMS with central coordinator for an
SPS consisting of multiple different power system modules. This method is intended for
intra-bus optimization in the network-coupled distributed framework.

8.2.1 PROBLEM DESCRIPTION

We consider an SPS equipped with a number of controllable power system modules 7,
(generators, loads, storage, etc.), connected to a single bus b. Here, we limit the modules
to FCs and batteries, which both have cost functions that can be approximated by convex
functions of their output power pj;, as laid out by [239]. Fig. 8.1 shows an exemplary SPS
topology with DC distribution system. A load d}, is imposed on the bus, which we assume
to be an external disturbance on the system. The sum of each module’s output power must
match the load. The objective of the optimization is the minimization of the total cost of
generation. Accordingly, the global problem is

min Y fii(pp)) st > ppi=dp (8.1)

Pbsi i€l i€l

where f,; is the local cost of module i. In addition, each module’s power output is limited
to local constraints, such that py,; € Py, ; = [Pp i mins Pbimax]-
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Figure 8.1: Proposed network-coupled ADMM for distributed energy management for dual-bus FC-battery DC
shipboard power system

8.2.2 ADMM rOR CONSTRAINED CONVEX OPTIMIZATION

The described problem is a constrained convex optimization problem, which can be ap-
proached using ADMM by employing an indicator function on the global power balance
constraint [266]. The key idea of ADMM is to split the optimization problem into local
subproblems, each solved by an agent, and then coordinate these subproblems through a
consensus variable and a dual variable. Each iteration consists of three steps:

1. alocal update (x-update), where each agent optimizes its own cost subject to a
quadratic penalty that keeps it close to the current consensus,

2. a consensus update (z-update), where a central coordinator projects the agents’
messages onto the global feasibility set, and

3. a dual update (u-update), where accumulated mismatches are recorded and fed
back into the next iteration.

Local x-update. Each agent solves a proximal problem to obtain its decision variable
xp i, which serves as a proposed value for its output py ;:

k . k k
xp; = arg min fo (o) + 5 b= (= w DI (8.2)
S

which is equivalently written as

k+1 _ Pb,i k k
Xp; = proxfb’i‘/pb (zb,i - ”b,i) (8.3)
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where py, is the bus-specific penalty parameter originating from the augmented Lagrangian.
The agent’s proximal step ensures local feasibility and cost minimization. The agent then
forms its shifted message

~k+1 k+1

Rpit =y U (8.4)

and transmits ¥ k“ to the bus coordinator.
Coordinated z-update. The z-update forms a projection of the shlfted messages karl
onto the feasible set that fulfills the power balance constraint } 7, zb > =dy. The bus
coordinator collects all shifted messages and broadcasts a uniform shift Gk“ that realizes
this projection:

gk+1 — Yiet, ’?I];,Jirl —dy

8.5
) 3

The individual z-updates are finalized locally by each agent:
=% -0t viel, (8.6)

Dual u-update. Finally, each agent updates its own dual variable, which is consequently
required for the proximal step in the following iteration:

k+1 k k+1 k+1
uptt =y + (xpy = zhy") (8.7)
8.2.3 SToPPING CRITERIA

The ADMM algorithm is stopped as soon as convergence is observed. For this, the bus
coordinator monitors the average primal residuals

k k+1 _ _k+1
rhi =Xy —Zps (8.8)
and the dual residuals
s]ﬂl =pp (zk+1 le:,i) (8.9)

which in turn are communicated by all agents. The convergence criterion is fulfilled if
both the averaged absolute primal and scaled dual residuals, |r**!| and i |sk+1|, fall below
a prescribed tolerance ¢. Alternatively, the optimization instance may be stopped after a
maximum amount of iterations. Upon finishing of an optimization instance, we assign
the final value of the local decision variable to the power reference of the module, i.e.

k,max
Pbi= xb,i

8.3 NETWORK-COUPLED ADMM FOR OPTIMIZATION IN
MuLTI-Bus SYSTEMS

In a next step, we extend the method from section 8.2 to a multi-bus layout, coupled via
BTSs. Each BTS is controlled by its own agent. As opposed to other local agents, the BTS
agent is participating in two ADMM instances simultaneously, namely in those belonging
to the two buses the switch connects. The network-coupled ADMM for a dual bus system
is shown in Fig. 8.1.
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8.3.1 CouPLED PROBLEM DESCRIPTION

BTS ¢ transfers power p, to bus m, from bus n,, the two buses it connects. It must respect
its anti-symmetry constraint, i.e., the flow seen from my is the negative of the flow seen
from n,. In addition, the BTS agent has its own convex cost function fi(p,). As opposed
to the single bus problem, the need for bus-level power balance is relaxed. Instead, the
BTS allow inter-bus power exchange and the load power can be met by the local power
generation plus imported power from neighboring buses.

8.3.2 BTS AGENT UPDATES

As before, each bus iteratively goes through its ADMM steps to find an optimal dispatch
of all units i € . From the perspective of each bus coordinator, the BTS agent acts
equivalently to all other non-switch agents, with the exception that it communicates with
the coordinators of both connected buses at the same time. Accordingly, the coordinator
steps require no modification. However, we need to define the local ADMM updates done
by the BTS agent.

The BTS determines its optimal decision variable x; with convex cost f;(x,) on its locally
feasible set p; € Pp = [—Prmax, Prmax]- Since the BTS agent participates in two optimization
instances, we create local copies X, ¢ and x, ¢, which denote the power flow directed at
the respective buses m and n. The BTS agent further track separate consensus and dual
variables 2y, ¢, 2y ¢, Um ¢ and uy, o, and we define specific cost functions fi, ((xm,¢) and f,, ((xn.r).
Both sides simultaneously update their local decision variable as

k+1 _ P k k
Xpp = proxfb‘:{/pb’[(zb,f— ub’i) . (8.10)

for b = m, n. Before the z-update, we enforce local feasibility through a projection on the
anti-symmetry constraint (x,, , = —xn, ) via weighted averaging:

k+1 k+1
X'y = PnX,
xfrt = Pmmt —Pnint (8.11)
Pm+ Pn
The BTS forms its shifted messages to both buses using the projected x<*1:
et = xf sk, (8.12)
iept=—xft v uk, (8.13)

From the two adjacent buses, the agent receives different shift signals. Using these, the
BTS agent updates its z- and u-variables, in the same manner as conventional agents:

zlg}l = if}l — ok ulgj}l = uf o+ (£xf - zlg}l) (8.14)
and updates its residual variables accordingly. As a result, the BTS internally has two local

optimizers which are coordinated only by the anti-symmetry projection. Convergence
must hence be guaranteed by a suitable design of the two cost functions for each BTS port.
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8.3.3 BTS Cost FuncTION

The cost functions of the BTS agent need to be designed such that convergence can be
achieved while reflecting the actual costs of power transfer over the switch. We compute
the marginal cost of power, which is a bus-specific quantity at equilibrium, and utilize it as
a metric for determining the cost of transferred power. In addition, the estimated incurred
transfer losses need to be accounted for. We use the information shared via the bus and
the scaled dual variable u, computed by the agent. At equilibrium, we drop the superscript
k since all variables are constant. With x;, ; = z; ;, each agent reaches the condition

Vi i(xb,i) = —ppup, (8.15)

which constitutes the marginal cost of power generation at bus b. From the definition of
the ADMM steps in Eqgs. (8.4)-(8.7), we can derive that uy; = 0. Using this, we estimate
the marginal cost at the bus before convergence as:

Uiy =—py 0} (8.16)

The ohmic resistance of the switch R, yields losses quadratic with the power transfer, while
the total voltage drop from diodes Vg, can be modeled as linear losses. Accordingly we
model the losses as
— Re 2
Ploss(pi) = TP{ + Vd,t’pi (8~17)
Vavg

Since the power supplied to bus m is "bought" from bus n, we use the "market price", i.e.
the marginal cost, from the opposite bus to scale the power transfer and losses.

15 om) = V£ e+ Ploss(xme) (8.18)

Analogously, we switch indices m and n to obtain the cost function for the opposite port
fnk,[(xn,g). Upon convergence we assign the local consensus x; to the power flow reference

Pe

8.3.4 ADDITIONAL STOPPING CRITERION

It must be avoided that the optimization on one bus is stopped prematurely while that of a
connected bus still requires changes of the transferred power through the BTS. To achieve
this, we introduce a flag sent by the BTS which tells whether the convergence criterion of
the neighboring bus has been reached. The ADMM is then stopped only as soon as the bus
and all its neighbors signal the fulfillment of their respective stopping criteria.

8.4 CASE STUDY

For demonstration of the proposed distributed energy management, the plant models,
agent controllers, and bus coordinators are deployed in a simulation environment using
Matlab/Simulink. The modeled SPS is equipped with four FC and two batteries in a dual bus
configuration. The load power is taken from real measurements of a harbor tug, described in
more detail in [239]. All components have unique parameters, due to differences in ratings
and/or state-of-health. Parameters used for the plant models, power system simulation,
and optimization are listed in Table 8.1.
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Table 8.1: Power system, simulation, and optimization parameters

Parameter Description Value
Prea Max. power FC A at BOL 1780 kW
SoHsc A State-of-health of FC A 100 %
P Max. power FC B at BOL 1780 kW
SoHz.B State-of-health of FC B 80 %
Prec Max. power FC C at BOL 445 kW
SoHi.c State-of-health of FC A 85 %
Ptep Max. power FC D at BOL 445 kW
SoHicp State-of-health of FC D 95 %
Epata Energy capacity battery A | 1000 kWh
Ria Inner resistance battery A 6.1 mQ
Epatp Energy capacity battery B | 250 kWh
Rip Inner resistance battery B 12.2 mQ
R, BTS ohmic resistance 100 mQ
Ve BTS voltage drop ov
Imax¢ BTS Current limit 1000 A
Tsim Simulation step size 10 ms
Teom Communication step size 100 ms
Topt Optimization step size 58
£ Constraint tolerance 0.5 kW
Db Penalty term 3x10713
itmax Maximum iterations 45
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Figure 8.2: Shift message 0}, mean primal residual |r;|, and scaled dual residual

24,30

[
(=3
S

10

Primal Res. [

N
=y

(5]
(=
S
T
!

Dual Res. [kW]
s 8

— —_ = — —

---p=le-12
or ——p=3¢-131
TTellll. .. U e p:le_l?,-

0

0

SO

S
;
o
\

=
/

Ispl
Pb

load step application in single-bus topology.

oo
<
n
—
n
[\

for different pj, at time of



176 8 DISTRIBUTED OPTIMIZATION IN MULTI-BUs DC SHIPBOARD POWER SYSTEMS

8.4.1 SINGLE Bus ToPoLOGY

To demonstrate the behavior of the distributed energy management without network-
coupling, we implement the single bus ADMM for the complete SPS, i.e. all four FC and
two battery systems participate in one optimization instance, regardless of the physical
layout. We investigate the convergence of the algorithm for a large load power step (from

1300 kW to 3800 kW). The values of the correcting shift §;, the mean absolute primal
B
Pb
value of py, is varied to find a value that balances the convergence speed of the primal and

dual residuals. The graph shows that a low p, leads to a slow convergence of the primal
residual, and as a result the dual residual is asymptotically approaching a stable consensus.
A high value leads to fast convergence of the primal residual, but it takes longer to find a
stable consensus. Fig. 8.3 shows the convergence behavior for the individual components,
i.e. four FCs and two battery systems. Early in the optimization instance, each module’s
local decision xp; is at their previous operating point, while all modules equally contribute
to the consensus on power balance with the projected consensus zj;. At convergence,
predominantly the batteries have changed their power reference to compensate the load
step. The change in 0, indicates the increased marginal cost of generation at consensus.
Further, both the primal residual, equal to all units, and scaled dual residuals converge
below the threshold ¢ in less than 20 iterations.

residual |rp|, and the scaled mean absolute dual residual are shown in Fig. 8.2. The

8.4.2 DuaL Bus ToPoLOGY

In the next step, we apply the multi-bus ADMM with coupling via the BTS agent to a dual-
bus topology with two FCs and one battery per bus. As listed in Table 8.1, the components
have individual characteristics, which leads to a difference in generation costs between
the buses. This imbalance incentivizes the BTS to transfer power between the buses for
lowering the overall generation costs in the SPS. Figure 8.4 shows the convergence behavior
of the BTS agent when the dual-bus system is subjected to the same load step as before.
The load power is distributed evenly among the two buses. The plots show that all local
decision variables xb, ¢, the aggregated x¢, and the consensus variables zb, £ converge. In
equilibrium, the shift signals 6, differ, with the power transfer reference depending on
sign and magnitude on this difference.

Figs. 8.5 and 8.6 show the power balance and battery state-of-charge (SoC) during a
mission simulation side-by-side for both buses with an open and closed BTS, respectively.
Fig. 8.7 shows the bus-specific unscaled multiplier, indicating the marginal cost of power
generation, as well as power flow through the switch toward bus A for both cases. With
the switch disengaged, both buses operated autonomously and show different behaviors,
especially regarding rate of FC power change and battery depth-of-discharge. The gap
in marginal generation costs (Fig. 8.7) underscores these differences. Closing the BTS
brings the behaviors closer together, with differences in FC dynamics and battery depth-
of-discharge, decreasing. The closed BTS further pulls the marginal costs closer together,
with power flows from the low cost to high cost bus through the BTS.



8.4 CASE STUDY

177

(kW]

Decision Var

]

0 [kW

i}

Shift

Dual Res. [kW] Primal Res. [kW]

-_—X
---Z
1000K —~ — BatAB
\ /XK ———FC A/B/C/D
500h 77> 7 — —
1, N A
0 ! . ] ]
2000 ' - -

2200F

2400 !

ok P I
500 : L !
0 0.5 ! 1.5 2
Time [s]

Figure 8.3: Local decision variables x;; and zj;, broadcast shift message 0}, primal residual |r,;|, and dual

Isp.il

residuals Spat time of load step application in single-bus topology.

b




178 8 DISTRIBUTED OPTIMIZATION IN MULTI-BUs DC SHIPBOARD POWER SYSTEMS

200 1
/ A\ 72 =4

0 '\ ; K'Y - —Xp|

/\ AN —to/from bus A —x; |

-- -to/from bus B —Z

=

=}

5

>

=1

.S

@ 2200

Q

o 1 1
2-1800 T
=

=iy

s

&-

<=

wn

-200 1

2000 Ny a ]

'
(3]
(=3
S
T
L

Dual Res. [kW] Primal Res. [kW

0.5 R 1.5 2
Time [s]

Figure 8.4: Local proximal steps x}, 4, anti-symmetric aggregate x;, and consensus variables z; ¢, and shifts 0},
received from bus agents and residuals |r;, (| and ls " A shared with both buses at time of load step in dual-bus
topology.



8.4 CASE STUDY

179

2000 T
180
1500F
H70
1000F
160
500
g 150
= 0 O
A~ [‘40
-500r
Load - | %30
-1000f — " \
— ||
at
- - =SoC 120
_1500_ 1 1 1 i 1 1 1
0 1000 2000 3000 0 1000 2000 3000
Time [s]

Figure 8.5: Power balance during mission simulation in dual bus system with open BTS, showing aggregated FC

and battery power outputs, load power and battery SoC for both buses.




180 8 DISTRIBUTED OPTIMIZATION IN MULTI-Bus DC SHIPBOARD POWER SYSTEMS

2000 = — BusA , =  BusB ,
W 1 180
1500F H L
' 170
1000f :
160
500
Z S0
= 0 (@)
= I3
< 140
-500
130
-1000
120
-1500— 1 1 1 L 1 1 1
0 1000 2000 3000 _ 0 1000 2000 3000
Time [s]

Figure 8.6: Power balance during mission simulation in dual bus system with closed BTS, showing aggregated FC
and battery power outputs, load power and battery SoC for both buses.

——BTS closed =---BTS open
m : i / ] i
/

— -paba "
/ l — -pgbs // L”"

—
W

—_—
T
—

o
W

[kW] Dual Var. [€/kWh]
(=}

-200

IS
S
S

Power Transfer

N
S
S

500 1000 1500 2000 2500 3000 3500
ime [s]

Figure 8.7: Unscaled multiplier —p;, 6}, (marginal cost of energy generation) and optimized power transfer through
BTS from bus B to bus A during mission simulation for open (dashed) and closed (solid) BTS.



8.5 CoONCLUSION 181

8.5 CONCLUSION

ADMM provides a powerful framework for distributed optimization in multi-agent systems.
It converges to locally feasible and optimal decisions for all modules while maintaining
global feasibility through a coordinated consensus step. In a single-bus system, this yields
an optimal economic dispatch of power generation and storage units in a modular fashion.
Through local optimization steps, each agent can adapt to individual component parameters
and implement heterogeneous optimization algorithms. The shown ADMM algorithm
minimizes the communication overhead and requires no sharing of sensible information
through the network.

This work shows an extension to multi-bus architectures utilizing BTS agents that connect
two buses on the energy management layer, without compromising the modular aspect of
the single-bus optimization. We demonstrate the application of network-coupled ADMM
for the real-time energy management in a dual-bus SPS, which flexibly adapts to the
physical BTS switch state. This approach is also viable for more complex, meshed power
networks and natively adapts to topology alterations arising from changing switch states.
Through its high adaptability to changes in the network topology, connected modules, and
local parameter changes, this energy management framework provides a highly resilient
and optimization-based operation of complex SPS.
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SYNTHESIS AND FUTURE
DIRECTIONS

In the introduction of this thesis I mention the role of my work, namely to find answers. The
content chapters of this thesis describe methods on the voltage stabilization in DC ships and
real-time coordination between fuel cells and batteries; on the optimal and predictive energy
management; and on distributed architectures, resilience, and adaptability of these functions.
I thus touched all layers of the control hierarchy and revisited different architectures. With the
progress I have made in the past years, I can finally answer the questions I set out with. In
their entirety, my contributions form a modular approach to the optimization-based power
system control and energy management for fuel cell-battery DC shipboard power systems. In
this concluding chapter, I review the research questions one by one and connect them to the
contributions from my investigations, to bring problem and solution together. With a set of
recommendations, I then aggregate the most important insights from my work. Finally, while
addressing the initial research questions, additional challenges came up which I did not cover
yet, but that should be investigated in future work.

“The most important step a man can take.
It’s not the first one, is it?
It’s the next one”

— Kaladin, in Oathbringer
by Brandon Sanderson
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This concluding chapter connects the original problem statement to the contributions made
throughout this dissertation’s investigations. Juxtaposing question and answer reveals
the degree of success in finding a satisfactory response to each challenge. Section 9.1
provides an overview of the key findings of this work, and how they connect to the
research questions. It then follows up with recommendations on how we can make use of
these findings. Section 9.2, gives an overview of related challenges identified during the
investigations but not yet addressed, and Section 9.3 concludes this chapter with a final
reflection of this dissertation’s contributions.

9.1 CONTRIBUTIONS

Ship electrification, hybridization with energy storage systems, integration of fuel cells,
DC distribution technology and power electronics converters are trends we see to varying
degrees in modern vessels. Increasing system complexity and uncertainties meet high
controllability and computational power. The challenge lies thus not in how the system
can be controlled but in how it should be controlled. This Section summarizes the key
contributions as an answer this challenge.

9.1.1 FINDINGS

In the introductory chapter 1.3, the challenge of a modular, real-time control for hydrogen-
based shipboard power systems (SPSs) has been broken down into a series of research
questions. The following presents answers based on this dissertation’s findings.
Research Question 1:

What are suitable methods and architectures for the power system control in shipboard DC
distribution systems and for the energy management of fuel cell-battery ships?

In Chapter 2, an overview of state-of-the-art methods for coordinated control and energy
management in SPS has been created. It could be shown that current literature on the
integration of fuel cells (FCs) in electric ships is less mature than in conventional systems.
However, much can be learned from established concepts in conventional ships, but also
from other sectors, most notably the automotive and terrestrial power systems; especially
considering hybrid electric vehicles and DC microgrids, respectively.

For the power system control, established methods from DC microgrids are applicable. This
mainly revolves around droop-based methods for the parallel control of multiple power
generation and energy storage components. However, compared to terrestrial systems,
SPS need to handle additional challenges, such as pulsed and power-controlled loads, and
high reliability and availability standards. In addition, considering a modular integration
of multiple components with different characteristics, adaptive methods are promising.
This demands low-bandwidth communication among the units, but allows the power
system control to account for parameters changes and component faults, and to provide a
more accurate power sharing and voltage regulation. Furthermore, the literature clearly
indicates the need to utilize fuel cells and batteries differently. The former needs to be
operated within viable limits and with possibly low power gradients, whereas batteries and
especially ultra-capacitors (UCs) are able to supply high power gradients but introduce
state-of-charge (SoC) management and balancing as additional challenges.

Most promising for the energy management are optimization-based methods and, if applica-
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ble, predictive control. This allows both the formulation of objectives by associating inputs
and states with costs, and an explicit formulation of constraints on the system and its com-
ponents. In fuel cell-hybrid systems, the main cost drivers are the hydrogen consumption,
and to a lesser extent the operation-dependent cell degradation. The optimization-based
energy management should consider the system’s total operation cost.

Finally, a truly modular approach can be realized via distributed control architectures, either
with or without a central federating unit. In distributed methods, the main computations,
e.g. optimization, are implemented on local controllers. Parameter changes can be processed
locally, and thus the component-level problems can adapt the local algorithms, including
cost functions and limitations without the need for extensive data sharing with a central
unit. Coordination is then realized either via consensus algorithm or a federating agent. A
distributed architecture is thus beneficial for enhanced resilience, scalability, adaptability,
privacy-preservation, and vendor-agnostic integration of components.

In conclusion, the overview in Chapter 2 provides answers to research question 1, pointing
out methods for the coordinated control and energy management in FC-battery DC SPSs
that are promising for a modular power system control. Distributed architecture, adaptive
control and coordination through low-bandwidth communication are key enablers for a
modular power system control.

Research Question 2:

How can a stable bus voltage, in DC shipboard power systems with parallel converter-interfaced
batteries, be ensured?

Chapter 3 presents a voltage stabilization method which is intended to be implemented
in parallel DC-DC converters to connect fast-acting power system components, such as
batteries and UCs. The energy-based approach shows improved dynamic stabilization
speed and resilience towards power-controlled loads, compared to conventional voltage-
based droop- and PI-controllers. Beyond a voltage stabilization, the control approach is
also ensuring a restoration of the bus voltage to its nominal value.

This method is applicable for the parallel control of multiple battery DC-DC converters. It
is shown how the local controllers can be tuned to achieve a power sharing ratio based on
the available power of each unit. In addition, a low-bandwidth communication network is
utilized to adapt parameters such that power sharing and voltage restoration are accurate
and with the desired dynamics. This is key to avoid circulating currents since each unit
relies on local measurements rather than global inputs, as demonstrated via hardware-
in-the-loop (HiL) tests. The parameter adaptation also ensures that the overall system
dynamics can be maintained under component faults or topology changes. Accordingly,
the approach is modular since it adapts to the number and ratings of DC-DC-converter
interfaced units. It further must be noted that the method is compatible with different
local current controllers and with high-level energy management strategies (EMSs). Thus,
this energy-based voltage stabilization method can be implemented as part of a complete
control hierarchy with the task of providing a stable DC bus voltage and accurate power
sharing, using the system’s fast-acting power supplies and storage systems.

In summary, the method presented in Chapter 3 provides a solution for research question 2.
It’s deployment yields a stable foundation upon which higher-level control functionalities
can be built. This is essential for improving quality of supply and power availability in
electrified ships with DC distribution and power electronics-interfaced components.
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Research Question 3:

How can the multiple fuel cells and batteries in a hybrid ship energy system be coordinated
such that each component is operated based on its static and dynamic characteristics and
constraints?

Chapter 4 includes components with different dynamic capabilities inf the coordinated
control, namely batteries and FCs. The investigations focus on a decentralized approach that
incorporates this fact. The solution is found in virtual impedance-based droop controllers
that can be tuned locally based on the sources capabilities. The method implements a
voltage stabilization and restoration while achieving a frequency decoupling between fast-
and slow-responding power system resources.

In addition, the proposed method also focuses on further issues that needs to be addressed
for forming a workable coordinated control. A key aspect of this is the balancing and
management of battery SoC, whose limits are one of the main constraints on the overall
power system control. Both the balancing and management are achieved through local
sigmoid functions that account for the current SoC and its limits. It should be noted that this
method can be implemented using an energy-based rather than a voltage-based approach
and is therefore compatible with the method presented in the foregoing chapter. As before,
the method employs low-bandwidth communication to adapt for parameters alterations
and topology changes for maintaining the overall behavior of the DC distribution network.
This method allows each power system resource to be operated based on its own capabilities
and limitations while ensuring sufficient power availability for the loads. This addresses
research question 3, as the method in Chapter 4 is ready to use in complex FC-battery
hybrid systems, featuring tailored static and dynamic power sharing controllers for each
component.

Research Question 4:

How can the energy management in a fuel cell-battery shipboard power system be optimized
under consideration of efficiency and component degradation?

Whereas previous chapters investigated short-term objectives and dynamic system behavior,
the long-term optimization of a FC-battery SPS is investigated in Chapter 5. A dynamic
programming algorithm is presented for the offline computation of the FC power and
battery SoC over the course of a full mission. The algorithm minimizes the total operation
cost of the system and includes hydrogen consumption and cell degradation as the main cost
drivers. Moreover, it is designed to be computationally efficient, and is thereby applicable
in a real-time multi-timescale model predictive control (MPC).

A particular point of interest in the context of modular energy management, is the individual
on- and off-switching of multiple FC modules. It could be shown that the individual
switching of modules allows a trade-off between total system efficiency and degradation,
which in turn depend on the respective costs of these two factors.

Chapter 6 then investigates a real-time applicable optimized EMS. This includes an in-
stantaneous optimization, based on the aforementioned factors. The lack of mission-scale
foresight necessitates an equivalent cost approach for the energy storage system (ESS)
deployment. In a second step, this is extended to an MPC with load predictions of up to
one hour, still utilizing an equivalent cost for the terminal stored energy. The inclusion of
load forecasts covering significant load fluctuations allows the EMS to significantly reduce
operational cost with an increasing prediction horizon. In addition, an MPC approach
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allows to explicitly incorporate system constraints, e.g. power gradient and SoC limits.
To address research question 4, Chapters 5 and 6 show that fuel consumption and component
wear are the key indicators to minimize in order to optimize the operation cost of a FC-
battery SPS. This is essential for making hydrogen-powered vessels more competitive and
thereby driving their adoption. The developed, advanced EMSs and in particular predictive
control strategies are elemental in fully exploiting the potential of hydrogen-based system
designs.

Research Question 5:

How can an optimized energy management strategy be implemented in a modular DC ship-
board power system considering its resilience towards parameter uncertainties, faults, and
scalability?

Whereas the aforementioned studies on optimal EMSs assume a centralized control, subse-
quent investigations shifted the focus to the control architecture. In particular, distributed
optimization was found to be promising for establishing a modular and optimization-based
EMS framework. As described in Chapter 7, a distributed and predictive EMS based on
dual decomposition and utilizing a central coordinator were developed.

The optimization-based MPC as in the previous chapter could be translated into a distributed
architecture, with the same system performance regarding operational costs. However, the
distribution of controllers achieves additional benefits. The transfer of component-level
optimization to the local controller means that individual characteristics and limitations
can be represented more easily, without the need for extensive information sharing with a
central controller. An adaptation to parameter changes is implemented more easily and is
isolated to the relevant local unit. Furthermore, this architecture is inherently scalable and
can adapt to an extension and reconfiguration of the power system, and, most importantly,
adapts online to component-faults. Hence, a distributed control approach offers in improved
resilience of the power system by minimizing the effect of component-level faults and
parameter alterations. With the insights from an individual on- and off-switching from
the previous chapter, a local decision-making heuristic for the FC state was implemented.
This is fully in line with the modular architecture and yields additional improvements,
especially in terms of FC degradation, but also assists the distributed algorithm in improved
convergence behavior.

Chapter 8 provides an improved, more robust distributed optimization method by deploying
the alternating direction method of multipliers (ADMM) to the EMS formulation. In
particular, this approach yields improved and more stable convergence. The presented
study investigates an extension of the distributed optimization in a multi-bus framework
that features bus-level coordinators which are organized in a distributed fashion. A key
benefit over the previous formulation is the topology-awareness of the approach. Instead of
considering the complete power system as a single node, the physical connection between
buses, as well as the location of loads and power generation, are represented. This EMS
optimizes the dispatch of resources per bus and additionally optimizes power flows between
connected buses while taking into account the physical limitations and state of the system.
Due to the inherent reconfiguration and handling of islanded subsystems, this topology-
aware EMS provides a survivable method of power system operation.

To summarize and provide an answer to research question 5, distributed optimization,
as proposed in Chapters 7 and 8, is most promising for a modular integration of power
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system resources without compromising the performance of a centralized strategy. It
ideally facilitates a local adaptation to each module’s characteristics while ensuring system-
level constraints. An additional topology-awareness expands the modularity aspect to the
topology of meshed DC SPSs. The work presented in this dissertation presents a framework
for efficient, resilient, and scalable SPS operation.

9.1.2 RECOMMENDATIONS

Isolating the findings from this research project to a set of conclusions raises the question
what is to be done with the new knowledge. This Section breaks down the conclusions
into a more tangible set of recommendations; with the hope that someone faced with the
same challenge will make use of them.

DC Distribution and Power Converters: Chapters 3 and 4 show examples of electric
power system designs incorporating batteries and FC systems. The integration of these
technologies is eased using DC distribution and power electronics converters. The shift
from conventional AC to DC distribution in electrified ships simplifies the integration
of multiple different power system components. Moreover, the use of power electronics
for interfacing each individual component yields full controllability of the system and
standardizes the control interface of each connected module. Hence, the modularity and
thereby the flexibility and resilience of the power system control is improved.

Voltage Stabilization: As shown in Chapter 3, a fast-acting power system component
is required for stabilizing the bus voltage in a DC distribution system. To allow main
power supplies to operate efficiently, it is advisable to provide a stable bus voltage with
high quality of supply via the ESS, e.g. batteries or even ultra-capacitors. Moreover, for
improving the power availability and system resilience, power sharing among parallel
voltage stabilizing components should be allocated according to their power reserve.
Adaptive Control: The various methods presented throughout this dissertation are
geared towards the aspect of modularity by implementing the main control functions
locally. One key motivation for doing so is the increased adaptability of the local and
system level controls. The local controller can flexibly adapt its parameters based on
the current state of the component without any need for communication. Moreover, a
low-bandwidth communication network for information exchange among parallel units to
update coordinated control functionalities allows for an adaptive system control without a
heavy reliance on central computation and high-speed communication.

Modular Control: A modular system design, e.g. with containerized power system
components, mitigates uncertainties related to the adoption of novel technologies. This
modularity expresses itself through parameter changes of individual components, a flexible
number of power system components, as well as topology alterations of the distribution
network. The power system control should be conceptualized to follow the modular design
and adapt to the mentioned aspects without compromising its performance.
Optimization-based Energy Management: In chapters 5, 6, and 7, it could generally be
shown that an optimization-based energy management strategy can significantly enhance
the performance of the ship operation compared to conventional methods. If applicable, a
predictive strategy is superior to instantaneous optimization and an effort in extending the
optimization horizon promises further improvements. The optimization should be geared
towards minimizing the overall operational costs while meeting system requirements. With
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a FC-based system, the key drivers of operational costs lie in hydrogen consumption and
component degradation.

Distributed Optimization: To combine a modular control approach with optimization-
based energy management, a shift from a centralized to a distributed architecture is advis-
able. The distributed architecture handles the challenges introduced by the modular system
design, allowing a plug-and-play system extension and fault-handling. It flexibly adapts to
a multitude of power system components with individual characteristics, component faults,
retrofits, and topology alterations. Overall, the resilience of the power system is improved
compared to a centralized architecture. The key challenge for distributed optimization lies
in the minimization of the required data exchange among units.

9.2 FUTURE RESEARCH

Whereas the aim of a dissertation is to find answers to a specific challenge, it turns out
that many more questions arise during that journey. With the completion of this research
project comes a sense of what the real challenges are in this specific field. The following
comprises a non-comprehensive list of key challenges to be addressed in future research,
based on the findings of this dissertation.

Experimental Validation: The investigations in this work employ some validation equip-
ment, namely a small HiL setup in Chapter 3 and a real-time target machine in Chapter 7.
For control strategies, such validation is immensely important to optimize its parameteriza-
tion, troubleshoot deployment issues and demonstrate its performance in a realistic setting.
Offline simulations are not sufficiently realistic to uncover all possible problems whereas
deployment in the field is too costly and time-consuming. For future research it is therefore
advisable to incorporate on system and subsystem tests using appropriate laboratory and/or
real-time simulation equipment for demonstrating the proposed methods.

Extension to More Components: The presented work focuses heavily on the system
control of FC-battery systems. These are currently still considered novel technologies.
The proposed modular approach for the system control, however, is intended to include a
wider variety of system components. For this reason, an effort should be made to include
conventional power supplies, e.g. gas turbines and diesel generator sets, fast-acting energy
storage, e.g. ultra-capacitors, and renewable energy generation, e.g. photovoltaic panels,
in the modular power system control and energy management concepts. A key challenge
for the distributed optimization lies in the inclusion of non-convex cost functions and
integer-valued decision-making.

Multi-Timescale Optimization: The MPC presented in Chapter 6 makes use of short-
term load forecasting, considering dynamic limitations and costs. However, for long-term
planning, e.g. on-off decision-making and an optimal SoC reference for the ESSs, the method
relies on heuristics. For future research, a multi-timescale optimization that integrates
mission-scale ahead-planning, similar to Chapter 5, promises improved results.
Distributed Decision-Making: The costs of FCs and ESSs were approximated via convex
functions for the investigations in this thesis, specifically for the distributed methods. This
challenge becomes significantly more complex by including discrete decision-making, such
as the state switching in Chapter 5. The key will be to develop efficient distributed methods
that enable optimal decision-making for distributed architectures.
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Optimized and Distributed Coordinated Control: The application of distributed opti-
mization in the dissertation is limited to the energy management aspect of the hierarchical
control. The coordinated control and voltage stabilization methods are not optimization
based. Especially for the coordinated control to achieve an efficient current sharing, voltage
stabilization and SoC balancing, there is remaining potential to apply optimization-based
methods with a distributed architecture.

Reserve Power Allocation: The proposed methods for the energy management are
focused on creating a load balance as efficiently as possible. However, in real applica-
tions additional requirements apply. One important aspect is reserve power allocation in
the context of contingency management to prevent insurmountable faults. Future work
on the energy management and coordinated control should include application-specific
operational constraints derived from the power system’s requirements.

Load Management: The presented methods are fashioned to optimize the power output
of the power generation and energy storage modules onboard the ship. Much potential,
however, is on the load side. Depending on the specific application, the load power can
be included in the optimal dispatch problem to increase system efficiency. Further, load
management should be included in the fault-reaction, especially if the generation is unable
to fully service all loads.

Interaction with Other Systems: The power system control and energy management do
not exist in a vacuum. They interact with other automation systems and human operators.
This leaves space for joint optimization of the energy management and operation of the
ship and other equipment, whereas this work focused on the most efficient servicing of a

fixed load profile.

9.3 REFLECTION

The initial ambition of this dissertation was to study the power system control and energy
management for DC SPSs equipped with multiple FCs and battery modules. This endeavor
delved into several aspects of the control hierarchy, starting from the voltage stabilization
using battery DC-DC converters, via dynamic power sharing, up to predictive energy
management and distributed optimization. In all these investigations, the aspects of modu-
larity, adaptability, and optimization guided the approach. Across the different parts of the
control hierarchy, the work demonstrates how voltage stabilization, coordinated control,
and energy management can be realized in a way that accounts for the characteristics,
limitations, and dynamics of each component while maintaining resilient system behavior.
By combining fast-acting stabilization, capability-based power sharing, optimization of
operational costs, and distributed methods that handle parameter changes, faults, and
topology alterations, the contributions outline a modular approach that supports efficient,
resilient, and scalable shipboard power system operation. The investigations contribute
methods for control functionalities that are essential when it comes to the modular inte-
gration of FCs into electric systems onboard ships. The entirety of the contributions shall
serve as a starting point for further refinement, deeper investigations and as a blueprint
for practical applications. These efforts will ultimately lead to exploiting the full potential
of modular power system control.
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SDP
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ZES
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alternating direction method of multipliers
begin-of-life

bus tie switch

cold ironing

constant power load

diesel generator

equivalent consumption minimization strategy
energy management strategy
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energy storage system

fuel cell

gas turbine

hybrid energy storage system
hardware-in-the-loop

model predictive control
proton-exchange membrane fuel cell
proportional-integral

particle swarm optimization
photovoltaic

pulse-width modulation

renewable energy source

real-time target machine

sequential dynamic programming
state-of-charge

shipboard power system
ultra-capacitor

zero emission ship
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