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State-of-Art Energy Management Strategies 
for Hybrid Fuel Cell Applications for Ships 

Andrea Coraddu, Sara Tamburello, Charlotte Löffler, Halit Ege Ceyhun, 
Lindert van Biert, and Luca Oneto 

1 Introduction 

The global carbon dioxide (CO2) emissions of shipping alone were, in 2018, equal to 
1,056 million tonnes [1]. This represents a share of about 2.89% of the total global 
CO2 emissions. As the emissions caused by ships are expected to be 90–130% of the 
2008 greenhouse gas (GHG) emissions in 2050, the International Maritime Organi-
zation (IMO) aims to reduce this number to at least 50% [1]. Hydrogen, renewable 
energy sources like wind and solar, and carbon capture technologies are being 
extensively researched to help meet global decarbonization goals and achieve 
net-zero emissions by 2050. Hydrogen, in particular, could contribute to reducing 
20% of annual global CO2 emissions by 2050 through its applications in industries 
such as steelmaking, transportation, and power generation, complementing renew-
able energy technologies [2, 3]. The operating profiles of ships have diversified 
significantly, leading to a notable evolution in power and propulsion architectures, as 
vessels adapt to varying mission requirements and technological advancements, 
such as hybrid propulsion systems and dynamic EMS [4]. This adaptation not only 
enhances efficiency but also ensures that ships are better suited to varied operational 
demands. As outlined by [1], the development of these sophisticated architectures 
necessitates precise design and control systems. Properly implemented, these sys-
tems can result in substantial fuel savings, thereby making ships both greener and
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safer, as discussed in [5]. Moreover, recent advancements in maritime propulsion, 
particularly with the integration of electric and hybrid-electric systems, have opened 
up new possibilities for control strategies. These systems allow for more precise 
control over power distribution, enabling optimization based on operational needs, 
such as load demand and environmental factors. However, further research is 
required to fully understand and develop these strategies, especially in large-scale 
and ocean-going vessels, where system complexity and operational requirements 
pose significant challenges [6, 7]. The evolution of ship design, particularly in 
response to stricter environmental regulations like the Energy Efficiency Design 
Index and the Carbon Intensity Indicator, is driving innovation aimed at improving 
energy efficiency and reducing emissions [8, 9, 10, 11]. Advances in propulsion 
systems, hull optimization, and the incorporation of low-carbon fuels are examples 
of how ship design adapts to meet the increasing demands for sustainability and 
compliance with international maritime standards [12].
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However, many existing maritime architectures continue to rely heavily on 
classical control theories. While these systems often incorporate advanced compo-
nents and modern architectures, they frequently fail to significantly improve fuel 
efficiency and emission reductions. Proportional-Integral-Derivative (PID) control-
lers are recognized as one of the most widely used control mechanisms in industrial 
applications, including ship propulsion and power management systems. The pop-
ularity of PID controllers stems from their simplicity, robustness, and proven 
reliability in managing dynamic systems, making them particularly suited for appli-
cations where real-time stability is critical. They are frequently favored because they 
require relatively simple tuning compared to more advanced controllers and provide 
satisfactory performance for most control tasks, including in maritime environments. 
PID controllers are extensively utilized due to their ability to manage single-input, 
single-output systems, such as those found in propulsion systems, with high reli-
ability. Despite the rise of more complex, model-based controllers, the PID’s balance 
of practicality and effectiveness ensures its continued dominance in various fields, 
including marine engineering. Despite their strengths, these classical systems 
encounter limitations, particularly in dynamic and complex environments where 
advanced, data-driven control strategies—such as neural networks and fuzzy 
logic—could provide more flexibility and efficiency. The slow transition to these 
advanced technologies is exacerbated by the conservative nature of the maritime 
industry, where safety and regulatory compliance are prioritized, often at the 
expense of adopting newer control methods [13, 14]. Additionally, as highlighted 
by Nguyen et al. [15], the integration of traditional control systems into modern 
architectures increases both system complexity and costs. This mismatch between 
outdated control strategies and the growing demand for technological advancement 
creates a critical gap in achieving optimal energy efficiency and environmental 
sustainability in maritime operations. The systems discussed here are typically 
classified as hybrid powerplants or hybrid ships, emphasizing the need for better 
integration between conventional and cutting-edge technologies [6]. 

Integrating Energy Storage Systems (ESS) is a key point for hybrid ships 
[16]. From the storage point of view, lead-acid batteries have not been considered



for large-scale present and future applications due to limited power and energy 
density capacity. Lithium-ion batteries (LIBs) are widely used as ESS for hybrid 
ships due to their high energy density and efficiency. However, producing these 
batteries is highly energy-intensive, often relying on high-heat processes primarily 
using fossil fuels, such as coal. As a result, manufacturing these batteries contributes 
significantly to GHG emissions, with estimates showing that for each ton of lithium 
extracted, approximately 15 tons of CO2 are emitted. Furthermore, around 77% of 
LIBs are produced in China, where coal dominates the energy supply, exacerbating 
the carbon footprint of their production [17, 18]. 
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To put this into perspective, authors of [19] have reviewed 79 papers on the 
environmental impact of the production of LIBs, concluding that the average 
cumulative energy demand and GHG emissions for battery production are 
328 kWh and 110 kg CO2 equivalent per kWh of storage capacity, respectively. 
And with that, the impact (both environmental and social) on the areas where lithium 
is mined is not even discussed. As we all strive to solve the global crisis problems 
and not reallocate them, the lifetime of these batteries should be extended as much as 
possible. The second focus in hybrid propulsion layouts of ships is using alternative 
fuels. One of those alternative fuels is hydrogen, which can be used via fuel cells 
[20]. Integrating component health awareness into the Energy Management System 
(EMS) plays a critical role in enhancing the overall performance and lifetime of 
energy systems, particularly in hybrid propulsion systems. Neglecting health adap-
tation mechanisms can lead to significant inefficiencies. For example, hydrogen 
consumption can increase dramatically, from around 6.5% to as much as 24%, as 
demonstrated in studies focused on fuel cell-battery systems, depending on how well 
the EMS adapts to the evolving health of components during operation [21]. The 
health of key components such as fuel cells and batteries affects not only the energy 
efficiency but also the overall lifespan of the system. This is crucial because the 
limited lifetime of components, such as fuel cells, remains one of the major barriers 
to the widespread adoption of hybrid propulsion technologies. In such systems, 
taking health factors into account ensures more consistent performance and reduces 
wear, thereby extending the lifetime of the components. However, the challenge of 
effectively integrating health-aware mechanisms into EMS design remains signifi-
cant. Although research has highlighted the importance of component health mon-
itoring in prolonging system lifespan and improving efficiency, much work is still 
needed to develop comprehensive EMS models that adapt to real-time health 
indicators of the system’s components. This calls for advancements in both moni-
toring technologies and algorithmic strategies to ensure that the system can make 
informed decisions based on the current health of its components, paving the way for 
a more reliable and efficient transition to hybrid propulsion systems. However, 
integrating health awareness factors into the EMS design still has a long way to 
go [21]. 

Hybrid fuel cell applications for ships refer to integrating fuel cell technology 
with one or more other energy sources to power a vessel’s propulsion and onboard 
systems. Hybrid fuel cell systems represent a forward-looking solution for the 
maritime industry. They aim to meet stricter environmental regulations while



maintaining operational efficiency and performance, and they are increasingly 
recognized as a promising solution for reducing GHG emissions and pollutants in 
the maritime industry. These systems offer significant environmental benefits by 
generating electricity without harmful emissions, making them a cleaner alternative 
to traditional diesel-powered propulsion systems. Hybrid fuel cell systems combine 
fuel cells, typically powered by hydrogen or other alternative fuels, with energy 
storage devices like batteries and, in some cases, traditional internal combustion 
engines. These components work together to ensure optimized power delivery, 
improved fuel efficiency, and reduced emissions. The hybrid system aims to max-
imize efficiency, reduce emissions, and improve energy management onboard ships. 
Key Components of hybrid fuel cell systems for ships are
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• Fuel Cells: to convert chemical energy from fuels directly into electricity through 
an electrochemical reaction with oxygen or another oxidizing agent, favored for 
their high efficiency and low emission levels.

• Energy Storage Systems: batteries or supercapacitors that store excess energy 
generated by the fuel cells. This stored energy can be used during peak power 
demands or when the fuel cell is off.

• Power Management System: to control how power is distributed between the 
fuel cells, energy storage, and the ship’s propulsion and electrical systems, 
ensuring optimal performance and efficiency.

• Auxiliary Power Units: include traditional internal combustion engines that can 
work in conjunction with the fuel cells to provide additional power when needed. 

Recent projects demonstrate how fuel cell technology, combined with renewable 
fuels like hydrogen and methanol, can substantially decarbonize maritime opera-
tions, supporting the IMO’s goals to reduce emissions by 50% by 2050 
[22, 23]. Moreover, fuel cells have intrinsic higher efficiency compared to traditional 
internal combustion engines [24]. By combining different energy sources, hybrid 
fuel cell systems increase the ship’s energy system flexibility and adaptability to 
different operating conditions while complying with stringent regulatory frame-
works. Furthermore, the silent operation of fuel cells significantly reduces noise 
pollution, which benefits marine life and crew comfort on board vessels [23]. Among 
different fuel cell types, polymer electrolyte membrane fuel cells (PEMFCs) 
powered by hydrogen have been the most applied technologies in projects involving 
fuel cells on ships [25]. PEMFCs are usually integrated with an ESS, creating a 
hybrid PEMFC/ESS powertrains configuration that allows zero-emission 
propulsion. 

This chapter targets maritime engineers, policymakers, and researchers interested 
in the evolution and implementation of EMS within hybrid PEMFC/ESS systems. 
This chapter gathers and synthesizes the latest developments in EMS for hybrid fuel 
cell applications in ships, an area characterized by technological innovation and 
potential environmental impact. For this reason, we begin by recalling the prelim-
inaries related to the fundamentals of hybrid fuel cell systems and EMS, providing 
an overview of key international research projects that have advanced the application 
of fuel cell technologies in the maritime sector. The chapter explains the architecture



of hybrid PEMFC/ESS powertrains, examining the specific components of the 
PEMFC system, including its structure, operational principles, and factors influenc-
ing performance. Then, we further dissect the ESS, which plays a crucial role in 
complementing PEMFCs by managing the balance between power generation and 
energy demands. The combined benefits of hybrid PEMFC/ESS systems, such as 
improved efficiency, reduced emissions, and fuel flexibility, are weighed against 
their challenges, including technical complexity, costs, and durability concerns. 
Then, the focus shifts to EMS, which governs how power is distributed between 
the PEMFC and ESS. These strategies are broken down into three main approaches: 
(i) rule-based (RB), (ii) optimization-based (OB), and (iii) learning-based methods 
(LB). Each type of EMS is explained in detail, starting with RB approaches that use 
pre-defined rules for power distribution, followed by OB methods, which utilize 
algorithms to optimize fuel cell efficiency and energy use. The final approach 
discussed, LB EMS, involves using machine learning techniques to dynamically 
adapt and optimize the system based on operational data. The actual state-of-the-art 
EMS provides a more focused discussion on the most current advancements in each 
of the three EMS categories. RB strategies, though simple, are evaluated for their 
limitations in flexibility, while OB strategies are praised for their ability to achieve 
greater energy savings through more complex algorithms. LB strategies, being the 
most advanced, hold significant promise for future applications due to their adapt-
ability and ability to handle complex maritime operations. A comparative analysis of 
these strategies highlights their relative strengths and weaknesses in terms of effi-
ciency, scalability, and implementation costs. We will then detail the challenges and 
future directions. The chapter identifies major obstacles to the adoption of hybrid 
PEMFC/ESS systems, including technological, regulatory, and economic chal-
lenges. It also explores potential future developments, such as advancements in 
materials, energy management algorithms, and integration with renewable energy 
sources, which could address these challenges and improve the viability of these 
systems in maritime applications. Finally, the conclusion summarizes the findings, 
emphasizing the critical role of hybrid fuel cell systems in achieving sustainable 
shipping and the need for ongoing innovation to overcome current limitations in 
both technology and EMS. 
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This chapter is structured to provide a thorough analysis of hybrid fuel cell 
systems in maritime applications. It begins with foundational concepts in the pre-
liminaries in Sect. 2, setting the stage for state-of-the-art analysis and discussions. 
The document then covers EMS in Sect. 3, breaking them down into RB, OB, and 
LB approaches. Section 4 tackles the ongoing technical, economic, and regulatory 
challenges while outlining potential areas for future research. The chapter concludes 
with a summary of key insights and recommendations in Sect. 5.
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2 Preliminaries: Fundamentals of Hybrid Fuel Cell Systems 
for Ships and Energy Management Strategies 

In this section, we first revisit the key concepts surrounding hybrid fuel cell systems 
and EMS, beginning with a review of fundamental principles. This includes an 
overview of significant international research projects that have propelled the use of 
fuel cell technologies within the maritime industry. The discussion explores the 
architecture of hybrid PEMFC/ESS powertrains, focusing on the specific compo-
nents of the PEMFC system, including its design, operational mechanisms, and 
performance factors. Following this, we focus on the role of the ESS, which is 
integral to balancing power generation and energy demand alongside the PEMFC. 
The combined benefits of hybrid PEMFC/ESS systems, such as enhanced efficiency 
and reduced emissions, are contrasted with the challenges they face, such as hydro-
gen storage, cost, and durability issues. From there, we transition to EMS, which 
dictates how power is distributed between the PEMFC and ESS. The fundamentals 
of the three primary approaches (RB, OB, LB) are introduced in this section. 

2.1 Overview of International Research Projects for Fuel Cell 
Systems in Maritime Applications 

The application of fuel cell technologies, including PEMFCs, high-temperature 
PEMFCs, solid oxide fuel cells (SOFCs), and molten carbonate fuel cells 
(MCFCs), into ship energy systems has experienced a significant increase in recent 
years. Authors [25, 26] reported an analysis of the developed and ongoing projects 
and real-world applications for the use of fuel cells in shipping. Table 1 gives an 
overview of past and ongoing projects from 2000 to date, including the installed fuel 
cell type and power onboard, the logistic fuel, and the type of application. Figures 1 
and 2 present the distribution of fuel cell types and logistic fuel types used in 
maritime applications, respectively. Figure 1 highlights the dominance of PEMFC 
technology, which accounts for 75% of the fuel cell types used in the analyzed 
projects. This prevalence is likely due to PEMFC’s high degree of maturity, high 
efficiency, specific power and power density, and other advantageous technical 
characteristics that will be further discussed in Sect. 2.5. The remaining portion of 
the chart is shared between SOFC, which contributes 14.3%, and MCFCs, 
representing 10.7%. Both SOFC and MCFC offer advantages in terms of fuel 
flexibility and higher operating temperatures, which can improve thermal efficiency, 
but their deployment is less frequent due to their lower degree of maturity, lower 
power density, complex cooling requirements, and high costs. 

Figure 2 illustrates the distribution of logistic fuels used in these fuel cell systems, 
with hydrogen being the predominant fuel, powering 81% of the projects. This 
indicates the increasing global emphasis on zero-emission technologies and the 
role hydrogen is expected to play in decarbonizing maritime transportation.
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Methanol and diesel each account for 9.5%, showcasing their continued relevance in 
certain applications where hydrogen storage or infrastructure is limited. However, as 
hydrogen production and distribution infrastructure is expected to improve and 
higher energy density storage solutions advance, we can anticipate a further shift 
towards hydrogen as a logistic fuel to power zero-emission fuel cell systems.
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Fig. 1 Distribution of fuel cell types used in maritime applications 

As highlighted by the projects’ overview, the PEMFC is currently recognized as a 
technology with a higher potential for decarbonizing the shipping sector, especially 
in the short and medium-term scenario. The following subsections present the hybrid 
PEMFC/ESS system architecture, the fundamentals of its main components, and the 
benefits and challenges related to their applications. 

2.2 Hybrid PEMFC/ESS Powertrain Architecture 

A hybrid powertrain is generally composed of a main power generator coupled with 
an ESS. In a hybrid PEMFC/ESS system for all-electric ships, the PEMFC is the 
main power generator, while the most common ESS are batteries and 
supercapacitors. 

In the current state-of-the-art technology, alternating current (AC) grids with 
fixed frequencies are usually implemented on all-electric ships [26]. However,



when compared to traditional AC distribution systems, the advantages of direct 
current (DC) distribution have led to its increasing popularity over the past decade 
[27]. In a DC-distributed system, the voltage from AC generators is first rectified 
through an AC-to-DC converter before power is transmitted to consumers via a DC 
bus. Propulsion and thruster loads are then driven by electric motors, which are 
powered by variable frequency converters (DC to AC). Additionally, other loads, 
such as hotel services and low-voltage AC distributions, are supplied via fixed-
frequency converters and isolation transformers. A key component in this system is 
the input circuit (IC), a solid-state device used at connection points between different 
sections of the DC bus. This device isolates faults like short circuits, preventing them 
from affecting other parts of the DC grid. Power electronic converters are central to 
the operation of the entire DC-distributed network. DC distribution enables the use 
of variable-speed generators instead of fixed-speed ones, contributing to significant 
reductions in fuel consumption and emissions. Furthermore, DC systems offer 
greater simplicity compared to their AC counterparts, allowing for easier fault 
prediction and the development of effective protection measures. DC distribution 
systems present several key benefits, including significant power transmission 
advantages. For instance, distributing power at 1000 V DC instead of 690 V AC 
can reduce cable requirements by up to 40%. 
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Fig. 2 Breakdown of logistic fuel types used in marine fuel cell systems
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Additionally, issues like total harmonic distortion, common in AC systems with 
frequency converters, are no longer a concern in DC setups. Shore connections are 
also simplified on the DC side, offering more flexibility in ports as network fre-
quency mismatches are eliminated. Handling peak loads with onboard ESS enhances 
operational flexibility in ports with low-power feeders. Another significant benefit  is  
the seamless integration of variable-speed shaft generators into the system, which 
can be managed similarly to other variable-speed generators. The power take-in and 
power take-off solutions are also streamlined, especially when combined with ESS. 
Moreover, centralizing all drives in a single lineup reduces the requirements for 
ambient conditions, such as temperature, humidity, and cleanliness, particularly in 
critical locations like thruster rooms. This centralization is particularly advantageous 
during the construction and commissioning phases. The shift to DC distribution has 
resulted in a notable reduction in both space and weight, with up to a 30% decrease 
compared to AC systems .

Furthermore, there has been an improvement in electrical efficiency of approxi-
mately 0.5–1% due to this transition. Variable-speed motors for auxiliary loads like 
fans and pumps also achieve enhanced efficiency through flow regulation by 
adjusting speed rather than relying on throttling. 

One of the most significant advantages of a DC distribution system is its ability to 
seamlessly integrate with ESS-like batteries, supercapacitors, and fuel cells. This 
integration is essential for smoothing out power fluctuations and enhancing the 
overall efficiency and reliability of the power system. For instance, the DC distri-
bution system can easily accommodate these energy storage devices to handle load 
variations and optimize power flow, providing more flexibility in energy manage-
ment [28]. Additionally, this system minimizes the need for complex synchroniza-
tion and reactive power issues often encountered in traditional AC distribution 
systems [29, 30]. These ESS help stabilize load variations from thrusters and other 
major loads, leading to smoother engine operation [31]. Moreover, installing ESS 
onboard is expected to generate significant fuel savings [32]. The detailed function-
ality and integration of ESS will be discussed in the following section [33]. 

Hybrid powertrains are classified into three main architectures depending on the 
type of connection between the main power unit and the ESS: series, parallel, and 
series–parallel [6]. Hybrid PEMFC/ESS systems commonly present series architec-
tures, where all power generators and the corresponding converters are connected to 
a main electrical grid. The electric power flow generated from both the PEMFC and 
the ESS is first driven to an electric bus, which flows to the propulsion and the 
auxiliary power loads of the ship. Hybrid PEMFC-ESS systems usually have a 
bidirectional electric power flow between the electric bus and the ESS so that the 
ESS can be charged by the PEMFC when the produced power is higher than the 
power demand. A schematic example of a hybrid PEMFC/battery powertrain con-
figuration is shown in Fig. 3.



State-of-Art Energy Management Strategies for Hybrid Fuel… 131

Fig. 3 Schematic of a hybrid PEMFC/ESS powertrain system 

2.3 PEMFC System 

For hybrid PEMFC/ESS systems, the main power source is represented by the 
PEMFC. A PEMFC generates electricity through an electrochemical reaction 
between hydrogen and oxygen, producing water and heat as by-products. The core 
of the PEMFC consists of a proton-conducting electrolyte membrane sandwiched 
between two electrodes, the anode and the cathode. At the anode, hydrogen is split 
into protons (H+ ) and electrons (e-) through the following reaction: 

H2 → 2Hþ þ 2e- ð1Þ 

Protons travel through the proton-conducting membrane, while electrons flow 
through an external circuit, generating electrical power. At the cathode, protons, 
electrons, and oxygen combine to form water: 

1 
2 
O2 þ 2Hþ þ 2e- →H2O: ð2Þ 

The overall cell reaction is 

H2 þ 1 
2 
O2 →H2O: ð3Þ 

The electrolyte membrane of a low-temperature (LT) PEMFC typically consists 
of perfluorsulfonic acid (PFSA), which becomes conductive to protons when 
hydrated [65]. The need for a hydrated membrane requires the operating temperature 
to remain below the boiling point of water. LT-PEMFCs typically operate above 65 ° 
C to prevent flooding by condensed product water but below 85 °C to prevent 
dehydration and subsequent degradation of the polymer membrane [66]. Water 
management is a critical aspect of LT-PEMFC operations. Dehydration of the



membrane leads to a reduction in ionic conductivity, while flooding of the electrode 
inhibits access of the reactants to the reaction sites. The membrane hydration can be 
sustained by the water generated in the electrochemical reaction, while excess water 
must be removed [67]. 
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High-temperature (HT) PEMFCs have been developed based on stable solid 
polymer membranes that achieve high proton conductivity at temperatures above 
the dew point of water. A polybenzimidazole (PBI) polymer matrix doped with 
phosphoric acid (H3PO4) is most frequently used as the electrolyte material. This 
PEMFC type operates at temperatures between 120 °C and 180 °C  [68]. Despite 
potentially offering several advantages, such as higher kinetics of the electrochem-
ical reaction, reduced irreversibilities due to the absence of liquid water, and higher 
tolerance to fuel impurities, HT-PEMFCs are currently at a less mature state com-
pared to their Low-Temperature counterpart. At the actual state of the art, 
LT-PEMFCs have been the most applied technology in past and ongoing projects 
for applications in the maritime sector [26]. 

PEMFC electrodes are composed of carbon support filled with catalyst 
nanoparticles (typically platinum-based) in an ionomer matrix. The catalyst layer 
is critical for speeding up the electrochemical reactions, ensuring efficient electricity 
generation. The electrolyte membrane, anode, and cathode are sandwiched together 
to form the membrane electrode assembly (MEA). External to the electrodes, the gas 
diffusion layer (GDL) ensures uniform distribution of the reactant gases and removal 
of the excess water produced at the cathode. Finally, like most external components, 
the bipolar plates play a role in fuel and air distribution, water and heat management, 
separating air and fuel, and conducting electric current. Bipolar plates for PEMFCs 
can be made of graphite, (coated) metals, or composites [69]. 

A single PEMFC generates low voltages, ranging from 0.6 to 0.8 V. The actual 
power output of a single PEMFC depends on the size of the cell and its current 
density, typically measured in watts per square centimeter (W/cm2 ). Single cells can 
produce power in the range of 10 to 200 W, but this is insufficient for most real-
world applications. To achieve higher power levels, multiple fuel cells are connected 
in series to form stacks, allowing them to produce higher power outputs, from 
several up to hundreds of kilowatts. Stacks are subsequently combined in modules 
to even reach megawatts of total power. 

Auxiliary equipment is required to run the cell and allow safe operation and 
power production of a PEMFC system: the balance of plant (BoP). The BoP of a 
general PEMFC system can be divided into four subsystems: (i) fuel processing and 
supply system, (ii) air processing and supply system, (iii) cooling system, and 
(iv) power conditioning, control, and monitoring systems. The fuel processing 
system consists of all the components required to ensure that hydrogen entering 
the PEMFC stack has the proper characteristics. This includes pressure reducers and 
a humidifier to regulate the pressure and humidity, a condensate collector to remove 
liquid water, and a hydrogen recirculation pump to reuse unreacted hydrogen. The 
air supply line includes a blower to deliver atmospheric air to the stack, an air filter to 
remove contaminants that could poison the PEMFC stack, a humidifier to maintain 
optimal membrane hydration, and a condensate collector [23]. The cooling system



includes all the components required to remove the excess heat from the PEMFC, 
maintaining the stack at the selected operating temperature. While several cooling 
methods exist, liquid cooling is often preferred due to its superior heat transfer 
capacity and efficiency [70]. The main components of a liquid cooling system 
include a circulating pump to ensure adequate refrigerant flow, a refrigerant reser-
voir, a heat exchanger to dissipate heat to the environment or a recovery system, and 
a deionizer to keep refrigerant conductivity low and avoid short-circuiting. The 
power conditioning, control, and monitoring system contains all the instrumentation 
required for system control and data acquisition. This includes safety valves, the 
control system, and a power inverter/converter. Figure 4 shows a schematic example 
of a PEMFC system, including the BoP. 
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Fig. 4 Schematic example of a PEMFC/ESS system including the BoP: the fuel processing system 
for the hydrogen flow rate feeding the PEMFC anode and collecting the unreacted fuel, the air 
processing system to filter and humidify the inlet oxidant air at the cathode and remove the excess 
water, and a water-based liquid cooling system to control the stack temperature 

2.3.1 PEMFC Performance 

The PEMFC load is characterized by the electrochemical nature of its energy 
conversion process. Differently from traditional engines, fuel cells directly convert 
the chemical energy of the fuel into electricity, potentially reaching the same ideal



efficiency of an ideal heat cycle. The maximum ideal theoretical efficiency (ηrev) 
attained by the cell is determined by the Gibbs free energy (ΔG) and enthalpy (ΔH ) 
of its electrochemical reaction: 
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ηrev = 
ΔG 
ΔH : ð4Þ 

The maximum attainable voltage from an ideal isothermal PEMFC without 
losses, also known as Nernst voltage or reversible voltage (Erev), is expressed by 
the following equations [71]: 

Erev =E0 þ RT 
nF 

ln 
PH2 PO2 

p 
PH2O 

, ð5Þ 

E0 =
-ΔG0 

nF 
: ð6Þ 

Where ΔG0 is the Gibbs free energy of the electrochemical reaction at operation 
temperature and reference pressure, R is the ideal gas constant, T is the operating 
temperature (Kelvin), n is the number of electrons transferred in the electrochemical 
reaction, F is the Faraday constant, and Px is the partial pressure of the reactant 
x (bar). 

The actual operating voltage declines as the current density increases due to 
several internal losses:

• Activation losses (Vact), originating from the polarization potential needed to 
drive the electrochemical reaction, dominating the cell performance at low current 
densities.

• Ohmic losses (Vohm), due to the ionic resistance of the electrolyte and the 
electronic resistance of the electrodes, dominating the cell performance at inter-
mediate current densities.

• Concentration losses (Vconc), caused by mass transport limitation and character-
istic of high current densities. 

Therefore, the actual operating voltage of the cell is affected by losses as a 
function of the current density (i) and is described by the following equation: 

Vcell ið Þ=Erev -V act -Vohm -V conc: ð7Þ 

Once these losses are accounted for, voltage efficiency may be defined as 

ηvoltage = 
Vcell 

V rev 
: ð8Þ 

In addition, the fuel conversion or fuel utilization is usually less than 100% to 
prevent fuel starvation and purge inert components and contaminants from the anode 
compartment. The fraction of fuel that is effectively oxidized in a fuel cell is referred



to as fuel utilization (uf). The actual PEMFC stack efficiency can be subsequently 
calculated as 
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Fig. 5 Simplified example of operational characteristics of a PEMFC system. System efficiency 
peaks around 50% of the rated power 

ηstack = ηrev⋅ηvoltage⋅uf : ð9Þ 

Finally, the system efficiency is obtained by accounting for the BoP components 
consumption (PBoP), such as air compressor losses, coolant pumps, blowers, sensors, 
and control systems. The overall system efficiency, therefore, is 

ηsystem = 
Pstack -PBoP 

Pstack 
⋅ηstack: ð10Þ 

Figure 5 shows a typical PEMFC system load, power density, and efficiency 
curves as a function of the current density. PEMFC systems typically have relatively 
good efficiencies in part load since the electrochemical losses decrease when the 
operating current reduces. Consequently, the system efficiency usually increases 
with stack efficiency when the load is reduced. However, the relative contribution of 
the BoP consumption increases as the load is reduced, eventually nullifying the 
positive effect of decreasing electrochemical losses. Fuel cell manufacturers often 
specify minimum load fractions to ensure reliable operation, usually falling in the 
range from 10% to 30% of rated power [67].
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2.4 Energy Storage System 

The integration of the ESS is a key point for marine hybrid systems, as it enhances 
the operational performance of the power systems. ESS functions range from 
providing backup power and ensuring smooth power delivery to optimizing engine 
operations for reduced fuel consumption [72]. Table 2 outlines the core functions of 
the ESS and their specific purposes, highlighting how each function contributes to 
the overall efficiency of the system. 

The choice of the type of ESS is fundamental to ensure the best operating 
conditions of the hybrid system (Fig. 6). Several ESSs for ship applications are 
available on the market, with different characteristics in terms of energy and power 
density, lifetime, cost, efficiency, and safety. Today, batteries are the leading energy 
storage technology due to their higher energy density, lower cost than other tech-
nologies at the same energy level, and already acquired experiences from other

Table 2 Functions and purposes of ESS for marine applications 

Name Description Purpose 

Spinning 
reserve 

The ESS unit stays connected and opera-
tional without charging or discharging 
energy. If generating capacity is lost, it 
automatically takes over the load for a set 
period

• Backup power source
• Fewer engines needed online
• Enhanced efficiency at higher 
loads
•Decreased engine running hours 

Enhanced ride 
through 

Like spinning reserve, but localized to a 
subsystem, such as a thruster or drilling 
drive 

ESS solutions can provide 
UPS-like functionality for all or 
specific sections of the power 
system
• New method to achieve higher 
ERN numbers
• Higher power capacity 

peak shaving The unit absorbs load variations, allowing 
engines to handle only the average system 
power

• Smooth the power delivered by 
engines
• Offset the necessity to start a 
new engine
• Reduced engine running hours
• Enhanced fuel efficiency 

Strategic 
loading 

The unit charges and discharges to optimize 
engine performance, minimizing fuel con-
sumption while accounting for ESS 
efficiency

• Charging and discharging ESS 
to optimize the operating point of 
the diesel generators
• Power is assigned at the peak 
efficiency 

Enhanced 
dynamic 
performance 

The unit smooths abrupt load changes and 
gradually adjusts engine transitions, auto-
matically incorporating peak shaving when 
used

• Instant power assistance to 
support running diesel generators
• Enable use of slower power 
devices, such as LNG/dual fuel 
engines or fuel cells 

Zero-emis-
sions 
operation 

The unit powers the system so that engines 
can be turned off

• Zero emissions in the harbor
• Quiet engine room



transportation sectors. Structurally, batteries are formed from electrodes, electro-
lytes, and separators, while the performance depends on the electrode material. LIBs 
are the most common ESS in shipping applications, thanks to their high energy 
densities and durability [72]. Furthermore, significant improvements in terms of 
safety and regulatory aspects of maritime LIBs have been made in recent years, 
increasing their commercial availability for the sector. The cost of LIBs has also 
reduced in recent years [72]. The widespread use of LIBs in more recent projects 
demonstrates these recent advancements and their increase in commercial 
availability [26].
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Fig. 6 Functions and purposes of ESS for marine applications 

The operating life of a battery is mainly affected by the depth of discharge (DoD) 
of its cycles (the percentage of battery capacity that has been discharged, expressed 
as a percentage of maximum capacity) [73]. Subsequently, their application is more 
suitable for certain types of ships to increase battery lifetime. In the case of ferries 
and coastal cruise ships with short voyage times, batteries are suitable ESS because 
the DoD is relatively low, preventing battery degradation and enhancing its operat-
ing lifetime. In the case of tugs and dynamic positioning vessels that require high 
electric power for a short time, the ESD can be used for a limited time in response to 
peak operations. 

While batteries store energy through electrochemical reactions, capacitors store 
electricity in the form of electrostatic energy. Ceramic and electrolytic capacitors use 
a dielectric to store this electrostatic energy, while supercapacitors (or electric 
double-layer capacitors) are forms of capacitors which utilize a liquid electrolyte 
to create a Helmholtz layer at the interface of the solid and liquid. In this way, 
supercapacitors bridge the gap between low-energy, high-power capacitors and



high-energy, low-power LIBs, offering higher capacitance, greater power density, 
and enhanced cycling capability due to their larger electrode surface area and thinner 
dielectrics [72]. Supercapacitors are particularly suitable for certain applications due 
to their ability to charge and discharge rapidly. However, their limited energy density 
is a significant drawback, necessitating the use of additional ESS or power genera-
tion solutions for sustained long-term operation. Power density becomes crucial in 
scenarios where short bursts of power are required, making supercapacitors more 
effective solutions than batteries [74]. Moreover, supercapacitors generally have 
longer operating lifetimes than batteries [75]. Supercapacitors are increasingly 
utilized in maritime applications for peak shaving, a process where they are fre-
quently charged and discharged to manage short bursts of high power demand. This 
is particularly useful for balancing peak loads, enhancing power system efficiency, 
and reducing strain on electrical equipment. In maritime settings, supercapacitors are 
often integrated with hybrid power systems to handle peak load conditions, such as 
during high-demand operations like dynamic positioning [76]. They provide rapid 
energy release and help avoid costly grid upgrades by reducing the peak load 
demand [77]. They can, for example, be used for absorbing loads from the heave 
compensation of cranes in offshore drilling units [72]. 
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2.5 Benefits and Challenges of Hybrid PEMFC/ESS Systems 

In recent years, hybrid PEMFC/ESS systems have gained particular attention as a 
promising solution for sustainable ship energy systems. Several characteristics make 
the PEMFC a suitable technology for mobility applications. Firstly, PEMFCs have a 
quick start-up time, and fast transient response, both in the order of a few seconds 
[20]. The high degree of maturity already reached in other mobility sectors is a 
significant advantage for maritime applications, especially in the short-medium term 
scenario. PEMFCs can achieve high system efficiencies in the range of 40–60%, and 
specific powers vary from 125 to 750 W/kg, and power density from 50 to 400 W/L 
at system level [67]. Moreover, PEMFCs offer additional advantages, such as 
lightweight and more compact sizes when compared to other fuel cell technologies, 
and they operate at relatively low temperatures, making it easier to contain and 
reduce thermal losses. In addition, the number of BoP components is low compared 
to other fuel cell types. Combined with ESS, hydrogen PEMFCs provide a zero-
emission solution for ship propulsion plants, that will play a key role in the maritime 
sector to comply with the stringent upcoming regulatory framework. 

On the other side, a series of challenging technical, economic, and safety aspects 
still hinder the wide spread of marine hybrid PEMFC/ESS systems for a broader 
range of applications in the sector. First of all, PEMFCs have no fuel flexibility, and 
hydrogen storage on board is critical for both the intrinsic low energy storage density 
of the fuel and for its bunkering safety issues. The currently preferred method of 
hydrogen storage onboard is compressed hydrogen, although liquid hydrogen stor-
age is gaining traction for larger vessels [26]. To complete the same route with



hydrogen the required storage will increase by several times compared to conven-
tional fuels, which will reduce cargo space [78]. For this reason, PEMFCs have been 
mainly considered for small-sized and medium-sized vessels with short or close-to-
shore missions [26]. 
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Recently, research interest in alternative hydrogen storage solutions, such as 
hydrogen carriers and metal hydrides, is growing, and some studies have addressed 
the possibility of using them for hydrogen-fuelled ships [54, 79]. The research 
advances on high-density hydrogen storage, and the development of alternative 
physical and chemical solutions could potentially extend PEMFC use to longer-
distance shipping in the future [80]. However, technical, economic, and safety 
challenging aspects involve not only the onboard storage, but the entire hydrogen 
supply chain. A global commercially viable green hydrogen supply chain and 
bunkering infrastructure must be established to allow the widespread use of hydro-
gen as maritime logistic fuel [78]. 

Another challenging aspect of hybrid PEMFC/ESS systems is connected to their 
durability and moderate lifetime. Durability refers to the system performance drop 
and is associated with the chemical, mechanical, and thermal degradation and aging 
of its components. The limited durability of PEMFC/ESS systems impacts their 
reliability, safety, and cost-effectiveness. The degradation of a PEMFC is affected by 
several internal and external factors: stacks design and assembly, BoP components, 
operational aspects such as dynamic load demands and controlled operating condi-
tions (e.g., temperature, pressure, humidity), and external factors such as chemical 
contamination or mechanical stress [81]. PEMFC degradation is a complex and 
interconnected combination of mechanisms, and a full understanding of the aging 
process requires a deeper analysis of the application. Currently, most of the knowl-
edge on PEMFC degradation comes from applications in the automotive sector. 
Maritime applications introduce a novel set of operational and environmental con-
ditions, such as different load demands and operating conditions, influenced by the 
adopted power control and EMS for the PEMFC/ESS system, new chemical con-
taminants (e.g., NaCl contamination from marine air), mechanical stresses due to 
inclinations, ship vibrations, and rough water conditions. The impact of these factors 
on PEMFC durability remains largely unexplored to date. However, load demand 
has been identified as one of the most impacting factors on PEMFCs’ durability, 
suggesting that power and EMS could play a crucial role in enhancing the operating 
lifetime. High load demands, idling, start and stops, and transient loads are recog-
nized as critical operating conditions for PEMFC degradation [82]. 

Different from PEMFCs, batteries experience degradation both during operations 
and during resting conditions [83]. Cycle aging occurs when the battery is charged or 
discharged during operation and depends on battery power/capacity ratio, state of 
charge (SoC), temperature, number of performed equivalent cycles, and DoD. 
Calendar aging occurs when no current is flowing in the battery and depends mainly 
on the battery’s SoC and temperature. PEMFC degradation is generally measured in 
terms of voltage or power loss, while battery degradation results in voltage and 
power loss, and capacity fade [84]. Similarly to batteries, supercapacitors are also 
subjected to both cycle and calendar aging, limiting their capacitance and deliverable



power [85]. While the power management strategy controls the instantaneous 
PEMFC/ESS power output to correctly match the power demand of the vessel, the 
EMS has the additional potential of optimizing the performance and limiting critical 
operation over time, minimizing degradation, and enhancing the system’s lifetime. 
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2.6 Energy Management Strategies 

2.6.1 Intro 

As hybrid fuel cell systems are gaining popularity as a zero-emission solution for 
maritime energy systems, the need to adapt traditional control and EMS to the 
complex operation of these systems has been raised [86]. Two primary strategies 
are currently used to manage the complexity of these systems: power management 
and energy management. While these terms are often used interchangeably, they 
refer to distinct aspects of system operation. For hybrid fuel cell applications in 
ships, EMS involves mathematical models to optimize energy allocation between 
fuel cells, batteries, and other energy sources. Power management refers to the real-
time power allocation to meet immediate energy demand. It focuses on distributing 
power from different sources, such as fuel cells and batteries, at any given moment to 
meet propulsion and auxiliary loads. Power management ensures that all systems 
have sufficient power without exceeding operational limits while balancing instan-
taneous performance and cost. Energy management, on the other hand, involves a 
more strategic, long-term approach. It is concerned with optimizing the overall 
energy usage over a period of time, such as an entire voyage. Energy management 
plans when and how energy should be stored, discharged, or supplied by the fuel cell 
and auxiliary systems. It aims to minimize total fuel consumption, emissions, and 
degradation of the power sources, ensuring optimal system performance over time. 
The key difference lies in the time horizon. Power management operates over short 
timescales to meet immediate demand, while energy management spans longer 
periods, focusing on overall efficiency and sustainability. The goal is often to 
minimize fuel consumption or emissions, subject to operational constraints. 

The control hierarchy for vessels using fully electric batteries and fuel cells is 
structured around three levels: primary, secondary, and tertiary control, each oper-
ating at different time granularities and addressing different aspects of the system’s 
operation. These control layers work together to ensure smooth, efficient, and safe 
operation of the vessel’s powertrain. At the heart of the system lies the primary 
control, which functions at the component level. This layer operates in real-time, 
reacting within milliseconds to ensure the stability of individual components, such as 
batteries, fuel cells, inverters, and motors. It is primarily concerned with maintaining 
the correct voltage, current, and frequency within these systems to ensure that each 
component performs optimally and safely. For example, it might monitor and adjust 
the voltage levels within the battery cells or regulate the output of the inverter to keep 
the electric propulsion running smoothly. The immediacy of primary control makes



it the foundation for the vessel’s performance, responding in milliseconds (mHz 
level) to prevent fluctuations that could lead to inefficiencies or component damage. 
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Building on this is the secondary control, which deals with power management 
across the entire vessel. This level is responsible for managing the real-time power 
distribution between the various energy sources—such as batteries and fuel cells— 
and the electric propulsion system. Power management ensures that the vessel has 
the right amount of power to meet the propulsion and auxiliary loads at any given 
time, balancing between energy sources in response to changing operational condi-
tions. Operating on a time scale of seconds to minutes, secondary control is crucial 
during transitions, such as when the vessel shifts between electric and hybrid modes. 
By distributing power efficiently, this layer prevents overloads and optimizes the use 
of available energy, ensuring the vessel runs smoothly even during rapid changes in 
propulsion demand. 

Finally, tertiary control oversees the vessel’s EMS. This layer functions over 
longer timeframes, typically minutes to hours, and optimizes energy use in align-
ment with the vessel’s operational goals. At this level, the focus shifts from moment-
to-moment power distribution to a broader, strategic view of energy consumption. 
The aim here is to make high-level decisions that maximize the overall efficiency of 
the vessel, considering factors such as fuel economy, battery life, and energy 
replenishment. For instance, tertiary control might determine when to prioritize 
using the fuel cells over the batteries to conserve fuel or decide when it’s best to 
charge the batteries when the vessel is docked. The decisions made at this level 
contribute to long-term sustainability, ensuring that the vessel’s energy sources are 
used in the most efficient manner possible throughout the journey. 

Together, these three layers of control create a robust system that balances the 
immediate demands of component regulation, the dynamic needs of power manage-
ment, and the long-term energy optimization strategy. The primary, secondary, and 
tertiary controls, each operating within its own time granularity, ensure that the 
vessel performs efficiently, safely, and sustainably, regardless of the operational 
scenario. 

A control hierarchy schematic is reported in Fig. 7. At the top, the component-
level (primary) control addresses the real-time regulation of individual systems. In 
the middle, power management (secondary control) deals with power distribution 
between energy sources and propulsion. At the base of the hierarchy, energy 
management (tertiary control) focuses on the vessel’s long-term operational effi-
ciency. Each level is interconnected, with decisions flowing from fast, momentary 
adjustments at the component level to slower, strategic decisions about energy use. 
In the context of EMS for hybrid systems, particularly in fuel cell-battery configu-
rations, there are three main approaches: RB, OB, and LB strategies, as reported in 
Fig. 8. Each strategy offers unique methods of managing the energy flow within the 
system, balancing the goals of efficiency, fuel consumption, emissions reduction, 
and system longevity. In an RB approach, the control of power distribution between 
components such as fuel cells and batteries is governed by predefined rules that 
dictate the conditions under which each component operates. These rules often rely 
on specific thresholds or conditions, such as turning on the battery when power
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Fig. 7 Control hierarchy for marine energy systems system illustrating the three layers of control: 
Primary (component-level), secondary (power management), and tertiary (energy management) 

Fig. 8 Overview of EMS categorized into three main approaches: RB (deterministic and fuzzy 
control), OB (online and offline optimization techniques), and LB (reinforcement, deep learning, 
and supervised learning methods)



demand exceeds a certain value or activating the fuel cell when the battery’s charge 
drops below a certain level. This kind of approach is relatively straightforward to 
implement because it follows clear, deterministic logic: if one condition is met, a 
particular action is triggered. For instance, in a simple system, a rule might state that 
if power demand goes beyond 100 kW, the battery should kick in to supplement the 
fuel cell. Or, if the battery’s SoC falls below 20%, the fuel cell should become the 
primary power source. These predefined thresholds create a predictable and reliable 
system. However, the problem with this deterministic RB approach is its inflexibil-
ity. The system operates based on fixed rules, so it cannot adapt dynamically to 
changing conditions, such as fluctuations in power demand or fuel efficiency. As a 
result, while easy to understand and implement, it can lead to suboptimal perfor-
mance because it does not account for real-time changes or optimize energy use 
effectively over time.
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On the other hand, a fuzzy RB approach introduces greater flexibility and 
adaptability. Unlike deterministic systems, fuzzy logic does not rely on rigid thresh-
olds. Instead, it works with ranges and degrees of truth. For example, rather than 
having a hard rule that activates the battery only when demand exceeds a specific 
value, the fuzzy approach might use categories such as low, medium, or high power 
demand. These categories are not strictly defined by exact numbers but by 
overlapping ranges. The system then interprets these ranges dynamically, adjusting 
how much power comes from the fuel cell or battery depending on the situation. In 
this setup, the battery might gradually start to supplement the fuel cell when power 
demand is medium, not waiting until it reaches a high, fixed threshold. Fuzzy logic 
handles this uncertainty and variability much better, allowing smoother transitions 
between power sources and more efficient management of energy flows. This 
adaptability is particularly useful in systems where power demand and other factors 
fluctuate unpredictably. The fuzzy RB approach, therefore, offers better performance 
by responding in a more nuanced way to the system’s real-time needs. 

Despite its advantages, the fuzzy RB approach is more complex to design and 
implement than its deterministic counterpart. The system must evaluate multiple 
inputs, handle degrees of truth, and continuously adjust decisions based on changing 
conditions. This requires a more sophisticated control mechanism and a deeper 
understanding of the system’s dynamics. However, the increased flexibility it pro-
vides can lead to significant improvements in efficiency, making it a valuable 
approach for managing energy systems that operate in complex and variable 
environments. 

Although the deterministic RB approach offers simplicity and predictability, it 
falls short in dynamic settings. With its ability to handle uncertainty and adjust to 
changing conditions, the fuzzy RB approach can optimize performance much more 
effectively, though at the cost of increased complexity [87]. The choice between 
these approaches depends largely on the complexity of the system and the level of 
adaptability required to meet performance goals. 

In contrast to RB strategies, OB energy management techniques approach the 
control problem with a more sophisticated framework, treating it as a mathematical 
optimization problem. The goal here is not to rely on predefined rules or thresholds



but to dynamically minimize a cost function, including objectives like fuel con-
sumption, emissions, system degradation, or operational costs. By formulating the 
problem in this way, these techniques can account for various variables and con-
straints, enabling a more holistic and efficient approach to managing energy flows in 
complex systems. OB techniques can be implemented in two primary ways: offline 
and online optimization. 
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In offline optimization, the control strategy is developed beforehand, using 
historical data or known conditions to simulate various scenarios and find an optimal 
solution. This precomputed solution is then implemented during system operation. 
For instance, before deploying a hybrid power system, the optimization model may 
be run using expected load profiles, environmental conditions, and system perfor-
mance data to find the best EMS for a given set of conditions. 

Offline optimization has the advantage of being computationally efficient during 
real-time operation, as the heavy computational work is done in advance. Once the 
optimal control laws or trajectories are determined, they can be directly applied 
without requiring intensive calculations. This makes offline optimization particularly 
suitable for systems where real-time computational power is limited or where 
conditions are relatively stable and predictable. 

However, one major disadvantage is its lack of adaptability. Since offline opti-
mization relies on predefined conditions, it may not perform well if the actual 
operating conditions deviate significantly from those assumed during the optimiza-
tion process. In dynamic environments where load demands, fuel costs, or opera-
tional constraints can change rapidly, offline optimization may become suboptimal, 
much like a deterministic RB system. Online optimization, in contrast, involves 
continuously solving the optimization problem in real-time based on the system’s 
current state and changing conditions. Instead of relying on precomputed solutions, 
the system dynamically adjusts its control strategy as it operates. This is particularly 
beneficial in environments where conditions are unpredictable or rapidly changing, 
as the system can continuously update its strategy to reflect real-time data. 

The primary advantage of online optimization is its ability to adapt to real-world 
fluctuations. For instance, if fuel prices spike, the system can immediately adjust its 
strategy to prioritize energy sources that minimize costs. Similarly, in a maritime 
energy system, if the load demand changes unexpectedly or a component experi-
ences degradation, the system can optimize power distribution in real time to 
maintain performance and efficiency. However, online optimization comes with 
challenges, most notably computational complexity. Since the optimization problem 
must be solved continuously, the system requires significant computational 
resources and must be capable of responding quickly to new inputs. This can be a 
limiting factor, especially for systems that require fast response times or operate with 
limited processing power. Additionally, depending on the complexity of the opti-
mization problem and the number of variables involved, solving the problem in real-
time can introduce delays, potentially reducing the system’s responsiveness. Both 
offline and online optimization approaches offer clear advantages over traditional 
RB strategies. While RB methods are straightforward and computationally simple,



they lack the ability to adapt to changing conditions or optimize performance across 
multiple objectives. 
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Fig. 9 The reference trajectory (red line) represents the desired system behavior, while the 
predicted output (tan line) shows the system’s future performance based on current control inputs. 
The predicted control input (green) is optimized over the prediction horizon, balancing power 
demands and system constraints, with the past control input (blue) indicating previously applied 
actions. The prediction horizon spans multiple time steps from the current time k to k + p allowing 
MPC to dynamically adapt to changes in real-time energy demand 

In contrast, OB techniques offer a more flexible and effective way to manage 
energy flows, especially in complex systems with multiple competing goals, such as 
reducing emissions, minimizing fuel consumption, and limiting component degra-
dation. One of the most widely adopted methods is model predictive control (MPC), 
which leverages real-time data and system models to dynamically predict future 
system behavior and optimize energy and power flow accordingly. At the core of 
MPC is the concept of optimizing a cost function (as shown in Fig. 9) that typically 
includes objectives such as minimizing fuel consumption, reducing emissions, and 
limiting system degradation. In doing so, MPC ensures that operational efficiency is 
maximized while constraints like power demand, battery SoC, and the longevity of 
fuel cells and batteries are respected. Figure 9 showcases how MPC uses a reference 
trajectory (red line) that represents the desired behavior of the system. The predicted 
output (tan line) shows how the system is expected to behave based on current 
control inputs. The green line represents the predicted control inputs optimized over 
a prediction horizon, while the blue line depicts the past control inputs. The core 
strength of MPC lies in its predictive capability, enabling it to make proactive 
decisions rather than merely reacting to immediate conditions. For example, if an 
upcoming surge in power demand is anticipated, the MPC framework can adjust



power generation or battery charging behavior in advance to meet the load while 
maintaining system stability. 
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Fig. 10 MPC framework for marine energy systems. The reference input r(k) drives the optimi-
zation process, which uses a prediction horizon to balance power distribution and system con-
straints. The plant model (right) receives the control input u(k), responding to disturbances d(k) and 
v(k). The state estimation block corrects and predicts future states x  kð  Þ, ensuring accurate system 
feedback through real-time measured outputs y(k). The closed-loop system dynamically adjusts 
control actions to optimize performance and energy efficiency while respecting system constraints 
and disturbances

As illustrated in Fig. 10 the MPC framework consists of three primary compo-
nents: the optimization block, the plant model, and the state estimation block. The 
optimization block receives the reference input r(k) and calculates the optimal 
control actions u(k) based on predicted future states and constraints. The plant 
model represents the system dynamics, including disturbances d(k) and v(k). At 
the same time, the state estimation block updates and predicts future states x  kð  Þ, 
ensuring that the control actions are continuously refined based on real-time mea-
sured outputs y( k).

The core principle of MPC revolves around using a dynamic model of the 
system—such as those involving fuel cells and batteries—to predict future behavior 
and make optimal control decisions over a moving time horizon. This allows the 
controller to not only react to immediate conditions but also to anticipate future 
changes, leading to more efficient energy management. In practice, MPC solves an 
optimization problem at each time step. The challenge is that all of these must be 
achieved while respecting stringent system constraints, such as power demand, 
battery SoC, and the longevity of system components. To begin, the system model 
is used to forecast how the system will behave under different control actions. This 
model considers real-time data inputs, such as current power demand and the SoC of 
the battery, which ensures the predictions are as accurate as possible.
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Based on these predictions, the MPC framework minimizes the cost function by 
choosing the control inputs that will yield the best performance over the time 
horizon. For instance, if a surge in power demand is predicted, the MPC can adjust 
power generation and battery usage in advance to ensure a smooth response. Another 
key advantage of MPC is its ability to handle constraints naturally. These might 
include limits on power generation, restrictions on how low the SoC of the battery 
can fall, or operational boundaries for fuel cells to avoid excessive wear and tear. By 
considering these constraints directly within the optimization process, MPC can 
ensure that the system operates within safe limits while still pursuing optimal 
performance. Once the optimal control strategy is computed, only the first step is 
implemented in real-time, and the process repeats as new data becomes available. 
This feedback loop ensures that the system continually adapts to changing condi-
tions, making MPC highly suitable for environments where energy supply and 
demand can fluctuate unpredictably. MPC’s flexibility makes it an ideal choice for 
multi-objective optimization problems in energy management. It excels at balancing 
trade-offs, such as minimizing fuel consumption while ensuring the battery remains 
within its operational limits or optimizing for both short-term efficiency and long-
term component health. More advanced optimization techniques, such as Dynamic 
Programming or Stochastic optimisation optimization [88], can handle more com-
plex systems but often come with increased computational demands. These methods 
are highly effective for systems requiring real-time adaptability and efficiency. 

Finally, LB approaches leverage machine learning algorithms to improve EMSs 
continuously. Reinforcement Learning, for example, enables the system to learn 
optimal energy management policies through trial and error by maximizing long-
term rewards, making it well-suited for dynamic environments like hybrid power 
systems. Reinforcement LB models can adaptively control the distribution of energy 
between components such as batteries and fuel cells, improving operational effi-
ciency over time [89]. 

Both shallow and deep learning models can be used to predict future power 
demands or battery states, enabling the system to make more informed decisions 
[90]. LB methods are particularly powerful in complex, dynamic environments 
where traditional strategies may fall short, as they adapt based on past performance 
and new data, offering a robust solution for managing uncertainty [90, 91, 92]. 

2.6.2 Rule-Based Approaches 

A basic strategy is an RB approach in which predefined control rules determine the 
power distribution between the fuel cell and other energy sources. For example, 
when the power demand exceeds a certain threshold, the battery might be used to 
supplement the fuel cell output. While this approach is straightforward to implement, 
it may not always be optimal. 

For example, when focusing on fuel cells, RB strategies can be mathematically 
formulated using a series of conditional statements
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Pfc tð Þ= 
Pmax,fc if Pdemand tð  Þ>Pfc,thresh 

Pdemand tð  Þ  otherwise
ð 11Þ

where Pfc(t) is the power supplied by the fuel cell at a time t,  and  Pdemand(t) is the 
total power demand. The system switches between using full fuel cell power and 
supplementing with auxiliary sources based on predefined thresholds .

Table 3 provides a structured strategy for energy management in a hybrid fuel 
cell-battery system for ships, considering both the SoC of the battery and the power 
demand. The table separates the power demand scenarios into three categories. The 
fuel cell’s primary role is highlighted, particularly for providing base power, while 
the battery compensates for variable or excess demand. In high-demand situations, 
the system leverages the combined output of both the fuel cell and the battery to meet 
total power requirements. The table also reports the system’s behavior under three 
conditions of demand power. When the power demand is equal to zeroPdemand(t)= 0, 
we are in idle or zero-load conditions. When the battery’s SoC is low SoC 
(t) < SoCmin, the fuel cell charges the battery until the SoC reaches a safe level. In 
cases where the battery is sufficiently charged, both the fuel cell and battery are 
turned off to avoid unnecessary energy consumption. When the battery was previ-
ously discharged, but the SoC is still within acceptable limits, the system shuts off to 
preserve energy. A power demand where 0 < Pdemand(t) ≤ Popt represents a moderate 
load where the system can rely primarily on the fuel cell and battery working 
together. When the SoC is low, the fuel cell works to both meet demand and charge

Table 3 RB EMS for hybrid fuel cell and battery systems 

Pdemand(t) = 0  < Pdemand(t) ≤ Popt Pdemand(t) > Popt 

SoC(t) < SoCmin Fuel-cell: ON 
Battery: Charging 
(until SoC reaches 
SoCmin) 
Pfc = - Pbat = Popt 

Fuel-cell: ON 
Battery: Charging 
(until SoC reaches 
SoCmin) 
Pfc = Popt 

Pbat = Pdem - Pfc 

Fuel-cell: ON 
Battery: OFF 
Pfc = Pdem 

Previous 
battery mode: 
Charging 
SoCmin ≤ SoC 
(t) < SoCmax 

Fuel-cell: ON 
Battery: Charging 
(until SoC reaches 
SoCmin) 
Pfc = Popt 

Fuel-cell: ON 
Battery: Charging 
(until SoC reaches 
SoCmin) 
Pfc = Popt 

Pbat = Pdem - Pfc 

Fuel-cell: ON 
Battery: Discharging 
Pfc = Popt 

Pbat = Pdem - Pfc 

Previous 
battery mode: 
Discharging 
SoCmin ≤ SoC 
(t) < SoCmax 

Fuel-cell: OFF Battery: 
OFF 

Fuel-cell: OFF Battery: 
Discharging 
Pbat = Pdem 

Fuel-cell: ON Battery: 
DischargingPfc = Popt 

Pbat = Pdem - Pfc 

SoC(t) ≥ SoCmax Fuel-cell: OFF Battery: 
OFF 

Fuel-cell: OFF Battery: 
Discharging 
Pbat = Pdem 

Fuel-cell: ON Battery: 
Discharging 
Pfc = Popt 

Pbat = Pdem - Pfc



the battery. When the battery is in its optimal SoC range, the fuel cell continues to 
charge the battery if needed or meets the demand and discharges the battery if the 
SoC is stable. If the battery was discharging in the previous step and the SoC remains 
within bounds, the battery continues to discharge to meet demand. In high power 
demand conditions, Pdemand(t) > Popt, the fuel cell operates at maximum efficiency, 
providing Popt while the battery discharges to meet the excess demand. If the SoC is 
low, the battery is not used, and the fuel cell alone powers the system. For batteries 
within their operational range, the system effectively balances the power supply by 
using both the fuel cell and battery, keeping the system running efficiently. Finally, 
when the battery is full SoC(t) ≥ SoCmax, the battery discharges to meet excess 
power demand, ensuring that the fuel cell is used optimally without overcharging the 
battery.
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The battery’s SoC is critical for determining whether the fuel cell should operate 
alone or in conjunction with the battery. When the battery’s SoC is below a 
minimum threshold, the system prioritizes recharging the battery to avoid depleting 
it further. When the SoC is high (SoC(t) ≥ SoCmax), the battery is used for 
discharging rather than charging, ensuring efficient power use. 

This exemplificatory strategy ensures that the fuel cell is optimally used by 
charging the battery when the power demand is low or moderate, and the battery 
is used primarily to meet excess demand and discharge more when power require-
ments exceed the fuel cell’s optimal output. 

2.6.3 Optimization-Based Energy Management 

A more sophisticated approach is OB energy management, where the objective is to 
minimize a comprehensive cost function that accounts for fuel consumption, emis-
sions, system degradation (including both fuel cells and batteries), and operational 
efficiency, all while respecting system constraints such as power demand, SoC, and 
component longevity. The most commonly used optimization technique is MPC, 
which uses real-time data and system models to forecast future energy demand and 
dynamically optimize power flow over a moving time horizon. MPC has been 
widely applied due to its adaptability to real-time conditions and ability to handle 
system constraints such as power limits and SoC for batteries. 

However, there are several other optimization strategies that can be applied 
depending on the objectives and complexity of the system. Dynamic Programming 
is another well-known technique that solves problems by breaking them into simpler 
subproblems. Dynamic Programming can find the globally optimal solution over a 
defined time horizon, making it suitable for systems with multi-stage decision 
processes, such as energy management in hybrid systems. However, Dynamic 
Programming suffers from the curse of dimensionality, making it computationally 
expensive for large-scale systems [93]. To overcome the computational complexity 
of Dynamic Programming, Approximate Dynamic Programming uses approxima-
tion methods to estimate the cost-to-go function, making it feasible for large-scale 
energy management problems. Approximate Dynamic Programming is an attractive



option for complex systems with high-dimensional state spaces where traditional 
Dynamic Programming is not computationally feasible [94]. Stochastic optimization 
techniques explicitly account for uncertainties in the system, such as varying weather 
conditions or uncertain power demand. These techniques, including stochastic 
Dynamic Programming and stochastic MPC, optimize energy management by 
modeling probabilistic scenarios and determining the best strategy under these 
uncertainties. Stochastic optimization is particularly useful when dealing with 
unpredictable renewable energy sources [95]. Heuristic and metaheuristic algo-
rithms, such as Genetic Algorithms and Particle Swarm optimization, provide a 
non-deterministic approach to optimization. These methods can quickly find near-
optimal solutions for complex, non-linear problems. Genetic Algorithms evolve 
potential solutions over generations by mimicking natural selection [96, 97], while 
Particle Swarm optimization simulates the social behavior of animals to find optimal 
solutions [98]. These methods are computationally efficient and can be applied to 
large-scale problems, though they do not guarantee finding the global optimum. 
Mixed-Integer Linear Programming is an optimization technique used when the 
problem involves both continuous and discrete variables, such as the on/off states of 
fuel cells or batteries. Mixed-Integer Linear Programming solves problems where 
relationships between variables are linear, making it ideal for hybrid systems with 
discrete switching controls. However, Mixed-Integer Linear Programming is limited 
to linear problems and may not handle non-linear system behaviors efficiently 
[99]. In cases where the relationships between system variables are non-linear, 
Nonlinear Programming can be applied. Nonlinear Programming optimizes the 
cost function and system constraints for systems where efficiency, degradation, 
and power output are non-linear, such as in hybrid fuel cell systems. Though more 
computationally intensive, Nonlinear Programming offers better modeling of real-
world systems where non-linearities are prevalent [100]. Bi-level optimization is a 
hierarchical approach where one optimization problem is nested within another. This 
is suitable for EMS, where high-level decisions, such as overall power distribution, 
depend on lower-level decisions, such as device-level operational efficiency. 
Bi-level optimization is often used in large-scale systems like smart grids [101]. In 
hybrid energy systems, there are typically competing objectives, such as minimizing 
fuel consumption, emissions, and system degradation. Multi-Objective optimization 
allows for the simultaneous optimization of these competing objectives, resulting in 
a set of Pareto-optimal solutions that offer trade-offs between the different 
objectives. 
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Multi-Objective optimization is particularly useful for balancing the conflicting 
goals of efficiency and environmental sustainability [102, 103]. Receding Horizon 
Control is similar to MPC but is more flexible in handling real-time changes in 
system constraints and objectives. Receding Horizon Control continually adjusts the 
optimization horizon, effectively managing systems where demand and operational 
constraints frequently change. Receding Horizon Control is particularly suitable for 
hybrid systems that must adapt to fluctuating power demands [104]. In addition to 
these standalone methods, hybrid approaches that combine different optimization 
techniques are often used to leverage the advantages of multiple methods. For



example, combining MPC with metaheuristic algorithms like Genetic Algorithm or 
Particle Swarm optimization can improve performance by speeding up the search for 
optimal solutions while retaining real-time adaptability [103]. 
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In a hybrid fuel cell system, the energy management problem can be modeled as a 
multi-objective optimization problem. The goal is to minimize several competing 
objectives, such as fuel consumption, emissions, and system degradation, and 
maximize operational efficiency. We seek to minimize the following set of objec-
tives over time t ∈ [0, T] 

min Pfc tð  Þ, Pbatt tð  Þ  

f fuel Pfc tð Þð  Þ, Fuel consumption 

f degr,fc Pfc tð  Þð  Þ, Degradation of the fuel cell 

f degr,batt Pbatt tð  Þð Þ, Degradation of the battery

- f eff Pfc tð  Þ,Pbatt tð  Þ  ð Þ, System efficiency

ð12Þ

where Pfc(t) and Pbatt(t) are the power supplied by the fuel cell and battery, 
respectively, at the time t, ffuel(Pfc(t)) is the fuel consumption cost of the fuel cell, 
fdegr, fc(Pfc(t)) is the degradation cost of the fuel cell as a function of its power output 
over time, fdegr, batt(Pbatt(t)) is the degradation cost of the battery, typically modeled 
based on charge/discharge cycles or usage patterns, feff(Pfc(t),Pbatt(t)) is a term 
representing the system’s operational efficiency. The optimization is subject to 
constraints 

Pfc tð Þ þ Pbatt tð Þ= Pload tð Þ  Power Balance 

Pmin 
fc ≤Pfc tð Þ≤Pmax 

fc Fuel Cell Power Limits 

Pmin 
batt ≤Pbatt tð Þ≤ Pmax 

batt Battery Power Limits 

SoCmin ≤ SoC tð Þ≤SoCmax Battery SoC Limits 

Dmin 
fc ≤Dfc tð Þ≤Dmax 

fc Fuel Cell Degradation Limits 

Dmin 
batt ≤Dbatt tð Þ≤Dmax 

batt Battery Degradation Limits 

SoHfc tð Þ≥ SoHmin 
fc Fuel Cell SoH Limits 

SoHbatt tð Þ≥SoHmin 
batt Battery SoH Limits 

ð13Þ 

Where Pload(t) represents the load power requested by the system at a time t, 
which should be provided by the fuel cell and the battery. Pfc(t) is constrained by 
minimum Pmin 

fc ) and maximum (Pmax 
fc ) limits, which could be based on the operating 

characteristics of the fuel cell to prevent overloading or operating below an ineffi-
cient threshold. Pbatt(t) is limited by the minimum (Pmin 

batt ) and maximum (Pmax 
batt ) 

values to ensure the battery operates within safe limits, considering charge/discharge 
rates. SoC(t) represents the battery’s SoC at a time t, indicating how much charge is 
left in the battery as a percentage of its total capacity. It is constrained between 
minimum (SoCmin ) and maximum (SoCmax ) values to prevent overcharging or deep 
discharging, which could harm the battery’s lifespan. Dfc(t) represents the degrada-
tion level of the fuel cell at a time t, capturing the performance loss due to aging,



operational stress, or wear. The degradation is kept within limits, Dmin 
fc and Dmax 

fc ,  to  
ensure the fuel cell operates reliably and predictably without excessive wear. Dbatt(t) 
refers to the degradation of the battery at a time t, which reflects the reduction in 
battery performance or capacity due to cycles of charging and discharging. The 
degradation is constrained between Dmin 

batt and D
max 
batt , ensuring the battery remains 

operational within a desired degradation range. SoHfc(t) is the state of health of the 
fuel cell and is a measure of the remaining useful life or efficiency of the fuel cell, 
where 100% (or 1) represents optimal health and 0% represents complete failure. 
This value is constrained to ensure that the fuel cell does not drop below a minimum 
acceptable health level (SoHmin 

fc ) to maintain functionality. SoHbatt(t) indicates the 
health of the battery, reflecting the remaining capacity relative to its original state. 
The constraint SoHbatt tð  Þ≥ SoHmin 

batt ensures that the battery’s state of health remains 
above a critical level to prevent failure or un derperformance.
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In order to solve this multi-objective problem, we can combine the objectives into 
a single scalar function using the weighted sum approach 

min Pfc tð  Þ,Pbatt tð  Þ  
T 

0 
λ1f fuel Pfc tð  Þð  Þ þ  λ2f emissions Pfc tð  Þð  Þ þ  λ3f degr; fc Pfc tð  Þð  Þ  

þ λ4f degr; batt Pbatt tð  Þð Þ- λ5f eff Pfc tð  Þ  ,Pbatt tð Þð Þ dt

ð14Þ

where λ1, λ2, λ3, λ4, λ5 are weights representing the relative importance of each 
objective in the system. This leads to a set of trade-off solutions known as the Pareto 
front, where improvements in one objective (e.g., minimizing fuel consumption) can 
only be achieved by worsening another (e.g., increasing degradation). 

2.7 Learning-Based Energy Management 

LB approaches have emerged as powerful tools to enhance the EMS by enabling 
accurate prediction of various system states and environmental conditions. These 
predictions are subsequently used in OB EMS, which plays a key role in minimizing 
fuel consumption, maximizing efficiency, and reducing emissions. This section 
discusses how LB methods contribute to energy management in hybrid fuel cell 
applications and the differences between shallow and deep learning approaches in 
this domain. 

In hybrid fuel cell applications, the role of energy management is to balance the 
power demands between different energy sources, such as batteries, fuel cells, and 
auxiliary systems, while ensuring efficient energy use and extending the lifetime of 
key components. LB methods facilitate this task by accurately predicting power 
demand, fuel cell behavior, battery SoC, and environmental variables like weather 
and sea conditions. These predictions feed into the OB EMS, which continuously



adjusts energy distribution to meet operational requirements while adhering to 
performance and sustainability goals. 
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LB prediction models have proven particularly effective in hybrid fuel cell 
systems due to their ability to process large amounts of data and recognize complex 
patterns over time. The models take historical data and system measurements as 
input and learn to predict future states or energy demand, which are subsequently 
optimized using mathematical techniques such as linear programming, dynamic 
programming, or MPC. The success of these predictions directly impacts overall 
energy efficiency; choosing a learning approach is critical for achieving optimal 
energy management. 

In the context of LB energy management for ships, two main categories of 
machine learning approaches are widely used for making predictions: shallow and 
deep learning [105, 106, 107, 108]. Each has its strengths and appropriate applica-
tion scenarios, depending on the nature of the data and the complexity of the 
prediction task. 

Shallow learning methods [108] include kernel methods (e.g., support vector 
machines [108]), ensemble methods (e.g., random forests [109], gradient boosting 
machines [110]), and Gaussian processes [111]. These models are typically charac-
terized by their relatively simple architectures and a limited number of layers. Their 
primary advantage lies in their ability to handle smaller datasets and structured 
tabular data effectively, which makes them particularly suitable for certain applica-
tions in energy management. Kernel-based methods [108], such as Support Vector 
Machines, map data into higher-dimensional spaces where linear separations can be 
applied. They are effective when dealing with non-linear relationships in the data 
and can produce high-quality predictions with small datasets. Ensemble Methods 
[109, 110] combine multiple weak learners (such as decision trees) to form a strong 
predictor. Random Forests and Gradient Boosting Machines are examples of ensem-
ble methods widely used in energy prediction tasks, as they excel at capturing 
variance and avoiding overfitting, especially in tabular data. Gaussian Processes 
[111] are a non-parametric approach that provides probabilistic predictions with 
uncertainty quantification. This characteristic is useful in energy management appli-
cations, where uncertainty plays a key role in decision-making under variable 
environmental conditions. Shallow learning methods are generally well-suited for 
tabular data, where each input variable is explicitly defined, and relationships 
between variables can be modeled with relatively simple algorithms. For example, 
shallow models can efficiently handle historical fuel consumption, power load, or 
sea state data stored in tabular form due to their ability to deal with structured input. 

Deep learning [105, 106, 107], on the other hand, is better suited for more 
complex and unstructured data types, such as time series data, where sequential 
dependencies must be captured. Deep learning methods include Long Short-Term 
Memory networks [112], Temporal Convolutional Networks [113], and Trans-
formers [114], all of which are designed to model long-range dependencies in data 
and capture dynamic relationships that evolve over time. Long Short-Term Memory 
Networks [112] are a type of recurrent neural network designed to handle time series 
data with long-term dependencies. They maintain memory over extended periods,



allowing them to predict energy demand or fuel cell behavior based on previous time 
steps in the data. This makes Long Short-Term Memory Networks particularly 
useful for managing power flows in hybrid systems, where temporal patterns, such 
as fuel cell degradation over time, play a crucial role. Temporal Convolutional 
Networks [113] use convolutional layers to model temporal data, offering a more 
efficient way to capture dependencies than traditional Recurrent Neural Networks 
like Long Short-Term Memory Networks. They allow for parallelization during 
training and are often better at handling longer sequences, making them well-suited 
for complex, time-dependent energy management tasks in ships, such as forecasting 
power demands or weather conditions over extended periods. Transformers [114], 
originally developed for natural language processing, transformers have proven to be 
highly effective in handling sequential data by using self-attention mechanisms that 
capture relationships between different time steps without relying on traditional 
recurrence. Transformers are particularly powerful when dealing with long 
sequences, where attention to both local and global time steps is critical, such as in 
predicting fuel consumption over long voyages. 
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The choice between shallow and deep learning methods depends on the type of 
data being used for prediction in the EMS. Shallow learning methods typically 
outperform deep learning approaches when dealing with structured tabular data, as 
they can efficiently capture relationships between features with relatively low 
computational cost. For example, predicting short-term energy demands based on 
current operational conditions (e.g., fuel cell and battery temperature, fuel flow rates, 
battery SoC) can be effectively handled by ensemble methods or Gaussian pro-
cesses. However, when the data is more complex and unstructured, such as time 
series data that includes temporal patterns (e.g., power demand forecasts over time or 
environmental conditions during voyages), deep learning methods like Long Short-
Term Memory networks, Temporal Convolutional Networks, or transformers 
become more advantageous. These models can learn from past time steps and 
make predictions that account for long-range dependencies, which is crucial in 
dynamic systems like ships. 

LB energy management for hybrid fuel cell applications in ships benefits from the 
strengths of both shallow and deep learning methods, with the choice of approach 
depending on the type and complexity of the data. Shallow learning models are 
optimal for structured data and straightforward relationships, while deep learning 
models excel in capturing temporal dependencies and handling unstructured, time-
series data in maritime energy management applications. 

Both shallow and deep learning approaches have been successfully applied in the 
context of hybrid fuel cell systems. Tang et al. [115] demonstrated the potential of 
deep reinforcement learning in optimizing EMS for hybrid fuel cell systems, signif-
icantly improving fuel efficiency and reducing emissions in varying operational 
conditions. On the other hand, shallow models, while simpler, can be used for 
more basic tasks like short-term power demand forecasting or as components of 
larger, more complex systems. 

Recent advancements in LB EMS also highlight the importance of deep learning 
in handling real-time optimization and prediction tasks. Hu et al. [116] applied a



deep learning framework to predict energy demand and optimize performance in 
hybrid fuel cell systems, leading to improved system efficiency and lower emissions. 
Such applications underscore the versatility and power of deep learning in dealing 
with the complexities of modern energy systems. 
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Shallow and deep learning offer distinct advantages for EMSs, depending on the 
complexity of the system and the desired outcomes. Shallow learning models are 
computationally efficient and suitable for simpler systems or when immediate, 
straightforward predictions are needed. Deep learning, however, excels in capturing 
complex interactions and adapting to changing conditions, making it a superior 
choice for large-scale hybrid fuel cell systems where optimizing energy efficiency, 
sustainability, and operational reliability is critical. Both shallow and deep learning 
approaches are essential tools in the evolving landscape of LB energy management, 
enabling EMS strategies that continuously improve and adapt to meet the challenges 
of dynamic energy environments. 

Reinforcement Learning [117] is a powerful machine learning technique partic-
ularly well-suited for EMS due to its ability to learn optimal control strategies 
through interaction with dynamic environments. In Reinforcement Learning, an 
agent (in this case, the EMS) makes decisions sequentially, taking actions that 
influence the system’s state, intending to maximize long-term rewards. This 
approach is highly effective for managing hybrid energy systems, where the optimal 
strategy may change based on varying operational conditions such as fluctuating 
energy demands, fuel availability, or battery SoC. 

The Reinforcement Learning framework can be mathematically modeled as a 
Markov Decision Process, where the system is described by a tuple (S, A, P ,ℛ, γ), 
consisting of:

• S: the set of possible states the system can be in. For an EMS, states might include 
the current load demand, SoC of the battery, fuel consumption rate, or energy 
production capacity.

• A : the set of actions the agent can take. Actions in an EMS could include 
decisions like adjusting the fuel cell output, charging or discharging the battery, 
or selecting which energy source to use at a given moment.

• P : the state transition probability function P stþ1jst, atð Þ, which defines the 
probability of transitioning from one state st to the next state st +  1  after taking 
action at.

• ℛ: the reward function r(st, at), which gives a numerical reward for the agent’s 
action at in state st. In EMS, this reward can represent objectives such as 
minimizing fuel consumption, reducing emissions, or optimizing battery usage.

• γ: the discount factorγ ∈ [0, 1], which determines the importance of future 
rewards compared to immediate rewards. 

The objective of the RL agent is to learn an optimal policy π� that maps states to 
actions, i.e., π� : S →A, in a way that maximizes the expected cumulative reward 
over time. This can be formalized as



156 A. Coraddu et al.

max π π 

T 

t = 0 

γt r  st, atð  Þ ð 15Þ

where π(a| s) is the policy that defines the probability of taking action a in state s, and 
the expectation is taken over the stochastic process governing the state transitions 
and actions. 

In hybrid EMS, the reward function can be designed to capture various system 
performance metrics, such as minimizing fuel consumption, reducing wear on 
system components, maintaining an optimal SoC for the battery, or minimizing 
GHG emissions. This multi-objective nature of the reward function allows the RL 
framework to balance competing objectives dynamically, enabling the system to 
operate optimally under varying and uncertain conditions. 

A central concept in RL is the exploration-exploitation dilemma. The agent must 
balance exploration, where it tries new actions to discover potentially better strate-
gies, and exploitation, where it applies the best-known strategy based on past 
experience to maximize immediate reward. 

In the context of an EMS, exploration could involve trying different energy 
distribution strategies (e.g., prioritizing battery over fuel cell or vice versa) to 
discover more efficient management policies. However, too much exploration may 
result in suboptimal decisions in the short term, such as unnecessary battery degra-
dation or excessive fuel consumption. On the other hand, excessive exploitation 
might cause the agent to miss out on discovering better strategies for energy 
management in the long run. 

To manage this trade-off, RL algorithms typically employ techniques such as 
ϵ-greedy policies, where the agent selects a random action with probability ϵ 
(exploration) and the best-known action with probability 1 - ϵ (exploitation). 

More advanced strategies, such as Upper Confidence Bound [118] or Boltzmann 
exploration [119], adjust the exploration rate dynamically based on the uncertainty 
of the agent’s knowledge about certain actions. 

RL algorithms rely on estimating value functions to guide decision-making: 
The state - value function Vπ (s) represents the expected cumulative reward 

starting from the state s and the following policy π 

Vπ sð  Þ=π 

T 

t = 0 

γt r  st, atð  Þjs0 = s : ð16Þ

The action- value function or Q-learning Qπ (s, a) gives the expected cumulative 
reward after taking action a in state s, and then the following policy π



ð
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Qπ s, að  Þ=π 

T 

t = 0 

γt r  st, atð  Þjs0 = s, a0 = a : ð17Þ

The agent’s goal is to learn the optimal Q-function Q�(s, a) that maximizes the 
expected cumulative reward. Once the optimal Q-function is learned, the optimal 
policy π� is simply to choose the action that maximizes the Q-value for any given 
state 

π� sð  Þ= argmax aQ
� s, að  Þ, ð 18Þ

Q-learning is one of the most widely used RL algorithms for learning the optimal 
Q-function through interaction with the environment [120]. It updates the Q-function 
using the Bellman equation [121]. 

Q  st, atð  Þ←Q  st, atð  Þ þ  α r  st, atð  Þ þ  γ max a0Q  stþ1ð , a0Þ-Q  st, atÞð �,½ 19Þ

where α is the learning rate that controls how much new information is incorporated 
into the Q-value estimate. 

Traditional Q-learning methods may struggle with complex systems like hybrid 
energy management, where the state and action spaces are large or continuous. This 
is where Deep Reinforcement Learning comes in, which combines RL with deep 
neural networks to approximate the value function, policy, or both. Deep Reinforce-
ment Learning is particularly effective in energy management, as it can handle large-
scale and highly non-linear systems [122]. 

In Deep Q-Networks, a neural network is used to approximate the Q-function 

Q  st, at; θð Þ≈Q� st, atð  Þ, ð 20Þ

where θ represents the network parameters (weights and biases). The Deep 
Q-Networks algorithm uses experience replay to store past transitions (st, at, rt, 
st +  1) in a replay buffer and sample mini-batches to update the Q-network, reducing 
the correlation between consecutive updates and improving the stability of training.

Deep Reinforcement Learning techniques, such as Deep Q-Networks [123] and 
Policy Gradient methods [124], have been successfully applied to hybrid fuel cell 
EMS to optimize long-term energy efficiency while balancing multiple objectives, 
such as fuel consumption, emissions, and system longevity. For instance, in a recent 
study, Tang et al. [115] used Deep Reinforcement Learning to manage the energy 
flow in a hybrid fuel cell-battery system, achieving significant improvements in both 
energy efficiency and emission reduction compared to traditional methods. One of 
the key advantages of RL, especially in energy management systems, is the ability to 
learn without a detailed model of the environment. Model-free RL methods, such as 
Q-learning and Policy Gradient, learn the optimal policy directly from interactions 
with the environment, bypassing the need for explicit modeling of the system



dynamics. This is particularly useful in hybrid fuel cell systems where the dynamics 
can be highly complex and difficult to model accurately. 
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3 State-of-the-Art on Energy Management Strategies 

This section provides an overview of various EMS (RB, OB, LB) in marine energy 
systems, highlighting their advantages and disadvantages. EMS play a crucial role in 
distributing power among the different power-generating components of hybrid 
marine power plants. This task becomes increasingly complex when the EMS 
must satisfy multiple, often conflicting objectives, including i) ensuring the vessel 
can complete its mission, ii) minimizing energy consumption, and iii) reducing 
component degradation [6]. 

While this chapter reviews these three EMS strategies, it is important to acknowl-
edge that several comprehensive reviews on energy management systems have been 
published in the literature. These reviews provide valuable insights into the evolu-
tion of EMS methodologies and their specific applications. Readers are encouraged 
to consult these existing reviews to gain a holistic understanding of EMS strategies 
in maritime applications. 

The growing interest in EMS approaches within the literature reflects a dynamic 
and evolving landscape for review papers. This development aligns with the themes 
explored in various book chapters [125, 126, 127]. Initial discussions in these 
reviews focus on the motivations driving the energy transition and zero-emission 
goals [23, 125, 128]. They briefly address the economic and environmental imper-
atives behind the necessity for innovative EMS designs in the maritime sector. 

It is also essential to highlight the applicable fuel cell technologies and their 
configurations in maritime applications. The authors of [23] provide a clear narrative 
regarding the working principles of various fuel cell types, including PEMFC, 
SOFCs, and MCFCs. The type of fuel utilized is often influenced by the topology 
and design of the EMS, with a significant focus on their environmental impacts. 
PEMFCs are the predominant contributors in this sector; however, HT-PEMFCs, 
SOFCs, and MCFCs are also gaining attention for their promising capabilities 
[20, 126]. 

Additionally, the literature covers other critical system components, such as 
batteries, DC-DC converters, inverters, and motors [23, 129]. Control approaches 
are discussed in detail [125, 126, 130, 131] and categorized under RB, OB, and LB 
methods. RB approaches stand out for their simplicity and ease of implementation, 
often relying on straightforward engineering operation schemes for decision-making 
and power allocation [125]. In contrast, OB control strategies are extensively 
examined, typically divided into online and offline methods. Offline methods are 
further categorized into classical optimization approaches and heuristic methods. 
Notable strategies include Dynamic Programming, Linear Programming, Nonlinear 
Programming, Pontryagin’s Minimum Principle, Mixed Integer Linear Program-
ming, and Mixed Integer Nonlinear Programming [125, 126]. Heuristic algorithms,



often referred to as intelligent algorithms, include Particle Swarm optimization, 
Genetic Algorithms, Grey Wolf optimizer, and Ant Colony optimization. 
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While offline optimization methods can be powerful, they require prior knowl-
edge of load profiles. In contrast, online or real-time optimization strategies focus on 
smaller segments of the optimization problem, allowing for more efficient compu-
tations. Common approaches include the Equivalent Consumption Minimization 
Strategy (ECMS) and MPC. The selection of the optimization objective function 
and the application of desired costs in each scenario are crucial components of this 
approach. 

LB strategies, increasingly present in the literature, utilize artificial intelligence 
methods to explore system dynamics, providing advantages at various stages of 
control. For instance, regression models can play a significant role in parametric 
identification within power plant models. The combination of MPC with artificial 
intelligence forecasting models presents a viable option for enhancing EMS 
effectiveness [125]. 

3.1 Rule-Based Energy Management Strategies 

RB control systems have long been favored in EMS due to their simplicity, robust-
ness, and real-time performance capabilities [16]. These systems rely on predefined 
sets of rules to manage the distribution of power between components, allowing for 
immediate responses to changes in system conditions. However, despite their 
strengths, RB strategies also present several limitations [132]. Their responses are 
often suboptimal when compared to more sophisticated OB strategies, as the rules 
may not align with the broader vehicle design or control objectives [133]. Addition-
ally, these systems tend to have weaker dynamic responses to rapid changes in 
operating conditions [16], and they require significant expert knowledge during the 
design phase to ensure the system functions optimally [134]. RB control systems can 
be categorized into two primary strategies: fuzzy RB and deterministic RB 
approaches. 

Deterministic RB strategies follow predefined rules based on tables or flow charts 
to determine which power source will be used and to what extent. These determin-
istic strategies can be further subdivided into several methods. The thermostat 
control approach is characterized by a simple on/off control method that turns system 
components on or off based on the current state of the power plant. For example, the 
system may turn on a diesel generator when the battery’s SoC falls below a certain 
threshold. Xie et al. [135] present a two-layer thermostat-based energy management 
system where the outer layer controls the activation of the diesel engine based on the 
SoC and load. However, while thermostat control is common in the automotive 
industry, it is less suitable for maritime applications, where starting and stopping 
large engines, such as diesel generators, requires significant energy and increases 
emissions due to start-up inefficiencies.
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The power follower method approach ensures that the power distribution between 
components follows the highest efficiency levels for each given moment, as identi-
fied in pre-established efficiency maps. Trovao et al. [136] applied the power 
follower method to a hybrid electric vehicle EMS. While this method ensures 
optimal efficiency at any particular time, it does not guarantee the highest efficiency 
for the entire operational cycle, making it less effective over extended periods. 

Bassam et al. [137] developed an RB PI-control-based EMS for a hybrid fuel cell/ 
battery passenger vessel, which uses predefined rules to determine the power 
distribution between the fuel cell and the battery system based on various operational 
states such as battery SoC, required power, and other operational limits. 

Finally, the gliding average control approach, also known as the moving average 
method, smooths the load demand on power sources by calculating the load’s 
moving average over time. Tritschler et al. [138] applied this method to a fuel cell-
based system, finding that it successfully reduced load fluctuations. However, while 
this method can help extend component lifespan by reducing strain, it can also result 
in delayed system responses, affecting real-time performance. This trade-off 
between dynamic response and system longevity is a key consideration for applying 
gliding average control in hybrid energy systems. 

Fuzzy RB strategies utilize fuzzy logic to imitate human reasoning and handle 
uncertainty in decision-making [134]. Fuzzy logic translates non-binary inputs into 
outputs that a binary system can process, creating a black-box model that mimics 
human logic. One of this method’s main advantages is its adaptability; the fuzzy 
rules can be optimized for different drive cycles without requiring deep expertise in 
the design phase. Studies such as [139] demonstrate fuzzy rule strategies’ robustness 
and anti-disturbance capabilities, showing improved energy efficiency compared to 
conventional RB approaches. Fuzzy rules’ adaptability also allows them to handle a 
wide range of operating conditions, making them particularly suitable for hybrid 
energy systems with fluctuating loads. 

As research progresses, the limitations of traditional RB strategies are becoming 
more evident, particularly in the context of complex energy systems [140], partic-
ularly in dynamic environments, necessitating continued innovation. Recent trends 
indicate a shift toward machine LB optimization of RB strategies, reducing depen-
dence on human expertise and allowing for real-time adaptation to changing system 
conditions [141]. 

The increasing reliance on machine learning techniques to optimize RB strategies 
holds promise for the future of energy management in hybrid systems. Several 
studies that demonstrate improved efficiency and adaptability of RB systems 
through automated rule optimization [142, 143] highlight this growing integration 
of machine learning. This approach offers a blend of simplicity, robustness, and 
adaptability that could redefine the role of RB strategies in complex energy systems. 

Machine learning algorithms, such as RL and genetic algorithms, are increasingly 
being used to optimize rule sets based on large datasets. These approaches enhance 
the efficiency of EMS by improving adaptability, reducing energy consumption, and 
increasing system reliability while maintaining the simplicity and responsiveness of 
RB strategies. Research indicates that RL’s ability to optimize EMS in dynamic and



unpredictable environments, such as grids with renewable energy sources, is highly 
promising. Meanwhile, genetic algorithms are leveraged for their capacity to handle 
non-convex optimization problems within EMS frameworks and refine rule sets for 
better performance in real-world applications [144, 145]. 
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Table 4 Summary of RB EMS in literature 

Ref. Approach Objective 

[16] RB Simplicity, real-time performance 

[132] RB Limitations in dynamic response, suboptimal control 

[133] RB Suboptimal when compared to OB strategies 

[134] Fuzzy RB Adaptability, robustness, anti-disturbance capabilities 

[135] Thermostat SoC-based control, startup inefficiencies 

[136] Power follower Component efficiency optimization 

[137] RB PI-control Fuel Consumption optimization 

[138] Gliding average Load smoothing, reduced strain at delayed response 

[139] Fuzzy RB Energy efficiency, adaptability for fluctuating loads 

[140] RB Highlighted limitations in complex systems 

[141] ML-enhanced RB Real-time adaptation, reduced expert dependence 

[142] RB+GA Optimization of rule sets for enhanced performance 

[143] RB+GA Optimization of rule sets for enhanced performance 

[144] RB+RL&GA Non-convex problems, improved efficiency, and reliability 

[145] RB+RL&GA Non-convex problems, improved efficiency, and reliability 

The summary of the referenced works is reported in Table 4. 

3.2 Optimization-Based Energy Management Strategies 

OB energy management differs inherently from RB energy management. While the 
decision of RB control systems is, to an extent, predefined by an applied set of rules 
that aim to describe the system’s behavior, OB energy management bases its control 
decision on the minimization of an objective function. The objective function serves 
as a mathematical representation of the system’s behavior with respect to one or 
more performance criteria that are deemed significant for the control application. The 
solution to the resulting optimization problem is contingent upon the selected 
algorithm. Importantly, the choice of algorithm is not arbitrary; its performance 
cannot be universally guaranteed to be optimal for all problems, as stated by the no-
free-lunch theorem [146]. For energy management, OB strategies can be split up into 
two different categories: offline methods and online methods, as reported in Fig. 8. 

Offline methods solve the problem globally by considering the full operational 
profile, which allows for an optimization of the complete operation beforehand. 
However, this includes extensive knowledge of the system and the planned opera-
tion, such as route, vessel speed, weather conditions, and power profile. Considering 
all that information, the optimal control sequence for the operation can be



determined using a minimization of the objective function. A variety of different 
global optimization algorithms can be used, whereby Dynamic Programming [93]  is  
worthy of mentioning in specific. In reality, this method is hard to apply, as much of 
the required information cannot be accurately determined pre-operation. This limits 
the applicability of such methods to short time horizons or commonly known load 
profiles, such as a passenger ferry with a repeating route and power profile. An 
example of an offline EMS is shown by Xie et al. [147, 148], with a focus on 
improving fuel efficiency. For this, the EMS is split into two layers, whereby the first 
is an offline optimization to decide on the power generation plan for the next day, 
while the second layer allocates the power generation strategy between the fuel cell 
modules. 
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Han et al. [149] present a hybrid fuel cell and battery system for a low-power 
boat, where the EMS aims to optimize system efficiency by managing power flow 
between the fuel cell and battery. The EMS determines the operating point of each 
component based on the system’s operational states, which maximizes efficiency 
under various load conditions. The proposed EMS utilizes predefined operating 
states that consider the battery’s SoC, load demands, and fuel cell efficiency. The 
system dynamically adjusts the power output from the fuel cell and battery based on 
these states. For example, when the battery’s SoC is high, the EMS prioritizes 
discharging the battery, while at lower SoC levels, it prioritizes recharging the 
battery using the fuel cell. 

Online methods include all approaches to optimize the cost function in real-time. 
To achieve this, the continuous operation is broken down into singular discrete time 
steps. With an appropriate sampling rate between the time steps, the system behavior 
between the time steps can be safely ignored [150]. The operation can be optimized, 
minimizing the cost function repeatedly for each time step of the operation, and 
implemented in the system in real-time. The major advantage of those methods 
compared to the offline methods is the reduced requirements of system and opera-
tional knowledge, as well as a reduction of computational time due to the reduction 
of the problem size to singular time steps rather than a complete operation. On the 
other hand, online methods are limited by the hardware available on board the 
vessel, as well as the chosen sampling rate, to ensure the accuracy of the real-time 
optimization. The latter is of interest as it is a hard limit requirement for the solution 
time of the chosen algorithm, which generally increases with the system’s complex-
ity. However, as energy management is situated on the tertial control layer (see 
Fig. 7), the time step size is large enough for OB control methods. 

The spectrum of online methods can be divided into instantaneous and predictive 
optimization approaches. Instantaneous optimization approaches address only one of 
the discrete time steps of the problem and solve the objective function for this 
respective time step without any knowledge about the future operation. The control 
problem is set up with an objective function for each time step and solved using an 
adequate optimization algorithm. The setup of the control problem itself can vary 
and incorporate various control approaches, such as reference tracking or the 
introduction of additional Key Performance Indicators to help determine the optimal 
control sequence. A notable concept for hybrid fuel cell/battery systems is ECMS.



ECMS introduces an equivalent factor to quantify the usage of battery power in 
comparison to fuel usage from the fuel cell. This approach allows the connection of 
two inherently different energy sources to the same factor, for example, the financial 
cost of a kWh, and therefore single out the global minimum for the power split. 
Further, it is also possible to solve the optimization problem using a variety of 
algorithms. One example is Particle Swarm optimization. This is demonstrated by 
Peng et al. [151], who use Particle Swarm optimization to improve the power 
quality, as well as the battery lifetime. 
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Predictive optimization approaches combine multiple control steps to solve the 
control problem. This is also commonly referred to as MPC (see Sect. 2.6.3)  or  
receding horizon control. In this setup of the optimization problem, the optimal 
control sequence is based on the expected behavior of the system, taking into 
account a prediction for the future. This allows for the optimization to consider 
upcoming system changes beforehand, such as upcoming power fluctuations of 
significant scale. Commonly, only the first step of the optimal control sequence 
found as a solution to the optimization problem is implemented in the system. 
Afterward, the control horizon is moved one step forward and optimized again. 
While this method promises an accurate, optimal control solution because it can 
adjust to upcoming changes early, it also has some requirements. The first one is a 
model of the controlled system, which allows for an accurate prediction of the 
system behavior under the upcoming system conditions. The second one is an 
accurate forecast of the external conditions, such as the load profile and weather 
conditions. Both the model of the system and the external prediction model need to 
fulfill requirements on the accuracy of their forecast, as otherwise, the added 
uncertainty invalidates the control performance. In addition, predictive OB 
approaches also increase the size of the control problem as they add multiple steps 
together, which leads to an increase in computational requirements and solution 
time. A first example of predictive control of hybrid fuel cell/battery systems is 
shown by Banaei et al. [152]. The authors propose a stochastic MPC for the control 
of a fuel cell/battery/cold-ironing vessel for the optimization of operational cost, as 
well as considering aging factors for the fuel cell to account for component degra-
dation. The summary of the referenced works is reported in Table 5. 

Table 5 Summary of OB EMS 

Ref. Approach Objective 

[93] Dynamic programming—Offline Global optimization 

[147] Two layer—Offline Fuel efficiency 

[148] Two layer—Offline Fuel efficiency 

[149] PSO—Offline Power quality, battery lifetime 

[150] Two layer—Offline Fuel efficiency, power quality, system efficiency 

[151] MPC—Online Real-time optimization 

[152] Stochastic MPC—Online Cost, aging
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3.3 Learning-Based Energy Management Strategies 

LB EMS are becoming increasingly essential for optimizing energy distribution and 
minimizing operational costs in hybrid fuel cell and battery systems within maritime 
applications. These strategies leverage operational data from the ship’s energy 
systems to inform control decisions, dynamically adapting to real-time conditions. 
Compared to traditional RB methods, LB approaches often outperform by learning 
from data and utilizing predictive capabilities that are not restricted by predefined 
rules [153]. Furthermore, they avoid the extensive computational demands and 
modeling complexities associated with offline OB strategies. 

In the context of hybrid fuel cell systems for ships, operational data such as power 
demand, load profiles, fuel consumption, and battery states can be harnessed to train 
machine learning models that predict energy requirements over short time horizons. 
This predictive capability enables LB strategies to effectively manage the dynamic 
and variable nature of ship energy management. However, challenges persist regard-
ing data availability, as hybrid fuel cell/ESS systems are not yet widely adopted in 
the maritime industry, which limits access to large, high-quality datasets. 

LB EMS is becoming increasingly critical for optimizing energy distribution and 
reducing operational costs in hybrid fuel cell and battery systems used in maritime 
applications. These strategies leverage real-time operational data from the ship’s 
energy systems to inform dynamic control decisions, adapting continuously to 
changing conditions. Compared to traditional RB methods, LB approaches often 
demonstrate superior performance by learning from historical data and utilizing 
predictive capabilities, which are not limited by predefined rules [153]. Additionally, 
they avoid the significant computational demands and modeling complexities inher-
ent in offline OB strategies. In the context of hybrid fuel cell systems for ships, 
operational data—including power demand, load profiles, fuel consumption, and 
battery states—can be used to train machine learning models that predict energy 
requirements over short timeframes. This predictive capability enables LB strategies 
to manage the dynamic and variable nature of shipboard energy systems more 
effectively. However, challenges remain, particularly in terms of data availability, 
as hybrid fuel cell/ESS systems are not yet widely deployed in the maritime industry, 
limiting access to large, high-quality datasets. 

Among the promising approaches within LB energy management is reinforce-
ment RL, which has demonstrated the ability to optimize energy consumption, 
reduce fuel usage, and enhance overall system efficiency. RL frameworks, particu-
larly deep RL, have shown success in real-time decision-making for hybrid fuel cell 
systems. For example, Jung and Chang [154] applied Deep RL to manage the energy 
flow in a hybrid fuel cell/battery-powered ship, achieving significant reductions in 
fuel consumption and operational expenditures. 

In another noteworthy application, Jung et al. [154] propose a Deep RL-based 
EMS tailored for hybrid electric ship propulsion systems powered by liquid hydro-
gen. This system integrates PEMFCs, a fuel gas supply system, and lithium-ion 
battery systems. The Deep RL EMS was evaluated against benchmark algorithms



such as dynamic programming and sequential quadratic programming, demonstrat-
ing superior real-time optimization capabilities across various operational scenarios. 
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Moreover, Wu et al. [155] present a Double Q-learning-based RL EMS for plug-
in PEMFC and battery-powered ships. Their method optimizes cost-effectiveness in 
operating these hybrid ships without requiring prior knowledge of future power 
demands. The study focuses on a coastal ferry, utilizing continuous monitoring data 
from real-world voyages to train and validate the RL agent. The energy management 
system is designed to efficiently allocate power among the fuel cell, battery, and 
shore power, taking into account factors like fuel cell degradation and battery 
charging/discharging dynamics. 

Gan et al. [156] provide a comprehensive examination of machine learning 
algorithms to approximate MPC for real-time energy management in hybrid energy 
ships. Their research introduces an approximate MPC strategy aimed at minimizing 
operating costs and deviations from the reference SoC of a ship’s battery. Various 
machine learning algorithms, including Random Forest, Gradient Boosting Decision 
Trees, and Support Vector Machines, were evaluated for their performance in real-
time energy management tasks on a ferry equipped with photovoltaic systems. The 
results indicate that the Random Forest algorithm strikes the best balance between 
training accuracy and computational efficiency, making it well-suited for real-time 
applications in hybrid energy ship systems. 

Neural networks are also a powerful tool in LB EMS due to their capability to 
model complex, nonlinear relationships within data, making them particularly suit-
able for the intricate dynamics of hybrid fuel cell/battery systems. Geng et al. [157] 
demonstrate an accurate method for estimating the SoC of batteries for all-electric 
ships, employing a Long Short Term Memory recurrent neural network. This 
approach improves estimation accuracy by considering nonlinear dependencies in 
input variables like voltage, current, and battery temperature, achieving a maximum 
absolute SoC estimation error of 2.0%. 

Walker et al. [92] explore the application of shallow and deep machine learning 
models for power demand forecasting in a hybrid marine energy system. The study 
focuses on predicting the total power demand of a vessel that operates using electric 
motors, batteries, and diesel engines, which is increasingly relevant in optimizing 
energy efficiency and reducing emissions in maritime transport. By comparing 
shallow learning models (such as kernel methods and ensemble techniques) with a 
deep learning model (Temporal Convolutional Network), the paper highlights both 
the potential and challenges of applying machine learning techniques in energy and 
power management systems. 

In addition, Zhou et al. [158] introduce a Soft Actor-Critic RL framework aimed 
at optimal energy management in electric vehicles equipped with hybrid ESS, 
including batteries and supercapacitors. The proposed energy management system 
overcomes the limitations faced by traditional RB and OB control strategies, 
improving energy efficiency, battery longevity, and overall performance by dynam-
ically allocating power between the battery and supercapacitor during peak power 
demands. This approach has been validated through extensive experiments,



demonstrating superior performance compared to other control strategies, including 
deep deterministic policy gradient and RB methods. 
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Kernel methods, such as Support Vector Machines and Kernel Ridge Regression, 
are increasingly applied in maritime energy management tasks due to their effec-
tiveness in modeling nonlinear relationships, even with small datasets. This charac-
teristic is particularly beneficial in the maritime domain, where operational data for 
hybrid fuel cell systems may often be sparse. Kernel methods can predict energy 
usage and optimize system control by transforming the input space into a higher-
dimensional feature space using the kernel trick, thus enabling the algorithm to 
manage complex relationships among operational parameters without requiring 
extensive data or computational resources [91]. 

For example, Valchev et al. [91] employed kernel-based learning methods to 
optimize energy flow in hybrid propulsion systems, finding that Kernel Ridge 
Regression effectively predicted power demand for controlling and allocating 
energy between fuel cells and batteries. This demonstrates the potential of kernel 
methods in scenarios with limited data, which are common during the early stages of 
hybrid fuel cell technology deployment in maritime applications. 

Ensemble methods, such as Random Forests and Gradient Boosting Machines, 
are also powerful in maritime energy management because they combine multiple 
models to enhance predictive accuracy and robustness. These ensemble methods 
have been utilized to predict energy consumption, optimize fuel usage, and manage 
power distribution in hybrid fuel cell systems. For instance, Wen et al. [159] 
implemented a hybrid ensemble model designed for interval prediction of solar 
power output in shipboard power systems. Their model integrates various machine 
learning techniques—including neural networks, Radial Basis Function Neural 
Networks, Extreme Learning Machines, and Elman Neural Networks—with Particle 
Swarm optimization to address the stochastic nature of solar power generation on 
moving ships. This hybrid approach was validated using real-world data from a large 
oil tanker operating along a route from China to Yemen, demonstrating improved 
prediction accuracy compared to conventional methods. 

LB EMS present significant potential to enhance energy efficiency and reduce 
operational costs in hybrid fuel cell/battery systems for maritime applications. 
Approaches such as reinforcement learning, neural networks, and ensemble methods 
are particularly well-suited for managing maritime energy systems’ dynamic and 
complex nature. Nevertheless, the success of these methods hinges on the availabil-
ity of quality operational data, careful model tuning, and effective management of 
computational constraints aboard ships. As the adoption of hybrid fuel cell systems 
in maritime applications continues to grow, the integration of advanced LB methods 
will likely play a pivotal role in optimizing EMS. Despite their advantages, machine 
LB methods face challenges related to the quantity and quality of training data 
required and the substantial computational power needed to train these models 
effectively. The summary of the referenced works is reported in Table 6.
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Table 6 Summary of research on LB EMS 

Ref. Approach Application 

[154] DRL Hybrid fuel cell/battery-powered ships 

[154] DRL Hybrid electric propulsion systems powered by liquid hydrogen 

[155] Double Q-learning EMS for PEMFC and battery-powered ships 

[156] Approximate MPC Real-time energy management in hybrid energy ships 

[157] LSTM SoC estimation for all-electric ships 

[92] TCN Power demand forecasting in hybrid marine energy systems 

[158] SAC-RL EMS in electric vehicles with hybrid ESS 

[91] KRR Energy flow optimization in hybrid propulsion systems 

[159] Hybrid Solar power output prediction in shipboard power systems 

3.4 Comparative Analysis of Energy Management Strategies 

In their comparative study, the authors of [153] between Dynamic Programming and 
ECMS indicate that both the Partially Observable Markov Decision Process and 
Dynamic Programming deliver equivalent optimal solutions. This study underscores 
the critical relationship between the performance of ECMS and the Partially Observ-
able Markov Decision Process, highlighting their dependence on the precise defini-
tions of co-states used in their calculations. 

A key distinction exists between EMS in the automotive and maritime sectors, 
particularly regarding the utilization of regenerative braking and the steady load 
demands of marine power plants. As observed by [160], the energy savings realized 
through ECMS in shipping are less significant than those documented in the 
automotive industry, largely due to the limitations of ship propellers in capturing 
energy via regenerative braking. The literature indicates that RB systems often incur 
higher costs compared to OB strategies [160, 161, 162]. Historically reliant on the 
expertise of engineers, there is a discernible shift toward offline-optimized RB 
strategies in recent research [161]. Notably, the Partially Observable Markov Deci-
sion Process strategy consistently yields optimal solutions while maintaining lower 
computational complexity compared to other methods [163]. Furthermore, the cost 
differential between RB and OB strategies tends to vary with the load profile; more 
variable loads typically benefit more from non-RB strategies than constant loads. 
While OB strategies often provide superior fuel efficiency relative to RB methods, 
they frequently present complexities that hinder real-time application or are overly 
reliant on precise tuning of co-states in online methods. Literature commonly notes 
that strategies such as ECMS and Partially Observable Markov Decision Process are 
optimized for specific drive cycles but are rarely tested under unpredictable, random 
cycles, which is a crucial factor for both shipping and automotive applications. This 
observation raises questions regarding their effectiveness in random operational 
scenarios and whether certain shipping operations—such as ferry routes along the 
Norwegian coast, as studied by [164] might experience more consistent load cycles. 
Additionally, while numerous studies acknowledge that hybrid propulsion systems 
could contribute to addressing global GHG challenges, most tend to concentrate



primarily on optimizing fuel consumption. Surprisingly, only a limited number of 
studies explicitly integrate GHG considerations into their findings, indicating a gap 
in the comprehensive evaluation of EMS effectiveness in relation to environmental 
impacts. 
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4 Challenges and Future Directions 

The integration of state-of-the-art EMS for hybrid PEMFC/ESS applications in ships 
faces a variety of technical, economic, and regulatory challenges. Technical chal-
lenges include the complexity of optimizing power flow in real-time, especially with 
fluctuating energy demands and the integration of renewable energy sources like 
solar. Critical obstacles remain to achieve seamless transitions between energy 
sources and maintain system stability while respecting operational constraints such 
as fuel cell efficiency, battery SoC, and thermal management. 

The performance degradation of PEMFC over time, as well as the ESS aging, 
adds to the complexity of designing predictive models that accurately capture the 
system dynamics. Currently, most of the existing health-conscious EMS set upper or 
lower boundaries to the fuel cell and ESS operating ranges, or battery’ SoC. 
Developing models able to quantify the degradation or the lifetime of these energy 
sources and integrating them into EMS remains an open challenge. 

On the economic front, the high capital cost of fuel cell technologies and 
advanced EMS is a significant barrier to widespread adoption. Regulatory challenges 
also hinder adoption, as international maritime regulations are still evolving to 
include standards for the safe and efficient operation of hydrogen-based systems. 
Compliance with environmental regulations, such as the IMO’s goals for carbon 
reduction, requires further harmonization of policies and incentives to facilitate 
green shipping technologies. 

Looking ahead, future research directions should focus on improving the longev-
ity and efficiency of fuel cells through advances in material science. Developing 
practical models to estimate fuel cells and batteries degradation, and their interaction 
and combined effect on the hybrid systems’ lifetime is crucial for the integration of 
health-conscious approaches into EMS. Enhanced optimization algorithms, such as 
machine learning-driven predictive control, could offer more robust energy man-
agement solutions that can adapt to the variability in marine operational profiles. 
Furthermore, research into integrated systems that combine hydrogen fuel cells with 
renewable energy sources will be key to reducing dependency on fossil fuels. 
Addressing economic challenges will require continued efforts to scale up hydrogen 
production and infrastructure and improve energy storage density through alterna-
tive storage solutions, as well as innovations in reducing the cost of fuel cells. On the 
regulatory side, establishing clear, global guidelines for hydrogen safety, handling, 
and emissions reporting will be critical to accelerating the adoption of hybrid fuel 
cell systems in the maritime sector.
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5 Conclusion 

The adoption of state-of-the-art EMS for hybrid PEMFC/ESS applications in ships 
represents a critical step toward reducing emissions and enhancing energy efficiency 
in the maritime sector. Among these strategies, RB, OB, and LB approaches each 
offer unique benefits and face specific limitations. RB methods, while straightfor-
ward and reliable, lack the flexibility needed for dynamic marine environments 
where operational conditions fluctuate. In contrast, OB techniques, particularly 
MPC, provide advanced real-time adaptability, making them well-suited for opti-
mizing energy distribution in complex scenarios. While LB strategies that leverage 
machine learning hold the promise of continuous system improvement through 
adaptation to new data, they require further development to be widely adopted in 
practical marine applications. Despite the clear advantages of these approaches, 
several challenges impede widespread adoption. Technical challenges persist, 
including modeling the degradation of fuel cells and batteries over time, the com-
plexity of real-time optimization, and the need for more accurate predictive models 
capable of handling diverse operational conditions. Additionally, the high capital 
costs associated with hybrid PEMFC/ESS systems and the evolving nature of 
regulatory frameworks in the maritime industry present substantial economic and 
regulatory hurdles. These challenges must be addressed to utilize and exploit the full 
potential of these technologies. 

Looking to the future, research must prioritize efforts to improve the durability 
and performance of fuel cells and batteries and focus on their degradation modeling. 
The development of more computationally efficient optimization algorithms will 
also be essential, particularly as MPC, though powerful, remains computationally 
intensive for practical real-time applications in the marine sector. Exploring more 
scalable algorithms, especially those driven by machine learning, could offer more 
effective solutions for managing multiple competing objectives, such as balancing 
power demand and preserving system longevity. 

Another crucial area for future development is the integration of renewable 
energy sources, such as wind-assisted propulsion and solar power, into hybrid fuel 
cell systems. This will reduce reliance on hydrogen and improve the sustainability of 
marine energy systems. Hybrid configurations that blend renewable energy with 
hydrogen-based systems will be vital for optimizing fuel efficiency, thus aligning 
with the broader goals of maritime decarbonization. However, the integration of 
other renewable sources into marine hybrid systems will increase the complexity of 
their operation, control, and EMS. 

Addressing the economic challenges will require targeted financial strategies to 
lower the barriers to adoption. Governments and industry stakeholders should 
collaborate to create economic incentives that support the transition to hybrid 
systems. Subsidies for hydrogen production, grants for infrastructure development, 
and tax incentives for retrofitting ships with hybrid systems can help mitigate the 
high upfront costs. Additionally, scaling up production and standardizing fuel cell 
components will be key to driving down costs and making hybrid systems more



financially viable. With the potential to optimize operational efficiency, minimize 
fuel consumption, and increase components’ operational lifetime, EMS can signif-
icantly contribute to enhancing the cost-effectiveness of marine hybrid fuel cell 
systems. 
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From a regulatory perspective, the maritime industry will need clear, consistent 
guidelines to facilitate the adoption of hybrid fuel cell technologies. Regulatory 
bodies should continue to lead the effort in establishing global standards for 
hydrogen-based systems, addressing critical issues such as safety protocols, emis-
sions reporting, and operational guidelines. A harmonized regulatory framework 
will reduce uncertainty for shipping companies and incentivize investment in clean 
technologies. 

Finally, to support the successful deployment of these advanced systems, spe-
cialized training programs are essential. These programs should equip ship operators 
and engineers with the necessary skills to safely operate and maintain hybrid fuel cell 
systems, as well as provide training on the use of advanced energy management 
tools. As these technologies become more complex, building a skilled workforce 
will be critical to ensuring their effective use and long-term success. 
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