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Abhijeet M. Giri

Energy Harvester Based on a Rotational Pendulum Supported with FEM
Reprinted from: Appl. Sci. 2024, 14, 3265, https://doi.org/10.3390/app14083265 . . . . . . . . . 200

v



Antonio del Bosque, Diego Vergara, Georgios Lampropoulos and Pablo Fernández-Arias

Energy Storage in Carbon Fiber-Based Batteries: Trends and Future Perspectives
Reprinted from: Appl. Sci. 2024, 14, 10034, https://doi.org/10.3390/app142110034 . . . . . . . . 215

vi



About the Editors

George Caralis

George Caralis is a Mechanical Engineer with a PhD and Postdoctoral research experience at

the National Technical University of Athens (NTUA), where he serves as Laboratory Teaching and

Research Staff in the School of Mechanical Engineering. With more than 25 years of experience

in wind energy and renewable energy systems, his research focuses on renewable energy sources,

particularly wind energy, hydro-pumped storage, hybrid systems, and grid integration, as well as the

techno-economic and socio-economic aspects of energy deployment. His doctoral work addressed

wind energy integration with hydro-pumped storage in autonomous island systems, while his

postdoctoral research at the Institute of Atmospheric Physics of the Chinese Academy of Sciences

(IAP-CAS) focused on wind energy planning using mesoscale atmospheric modeling. His extensive

academic contributions include more than 60 publications in scientific journals and international

conferences. He is a frequent lecturer for prestigious academic programs, including the EUREC

European Master in Renewable Energy since 2002 and the China-EU Institute for Clean and Renewable

Energy (ICARE) since 2011. In addition to his academic roles, he has served as a consultant for the

Greek Ministry of Environment, Energy and Climate Change, contributing to national renewable

energy action plans and legislative frameworks. He has also been a lead technical researcher on

numerous European Commission projects involving offshore grids, energy storage, and 100% RES

supply for islands.

Konstantinos Braimakis

Konstantinos Braimakis is an Assistant Professor at the Laboratory of Refrigeration, Air

Conditioning and Solar Energy of the School of Mechanical Engineering at the National Technical

University of Athens (NTUA). He is also a Visiting Professor at the China-EU Institute for Clean and

Renewable Energy (ICARE) at Huazhong University of Science and Technology, China.

He received his Diploma in Mechanical Engineering in 2013 and his PhD in 2018 from NTUA,

with a dissertation focused on the thermodynamic and economic optimization of advanced Organic

Rankine Cycle configurations. In 2014, he was awarded a KCORC Fellowship to conduct part of

his doctoral research at the University of Bayreuth, in collaboration with the Technical University of

Munich. His work has been recognized with several distinctions, including the Thomais Prize for

peer-reviewed scientific publications (2014–2018) and the Dimitris Horafas Foundation Prize in Physics

(2018) for his doctoral research.

He is currently Principal Investigator in two ongoing European projects and has previously

coordinated four completed projects, while also participating in more than ten European and national

research initiatives. He has authored over 40 articles in peer-reviewed international journals and

more than 30 publications in international conference proceedings. His research interests include

techno-economic assessment of energy storage systems, decentralized energy conversion systems, solar

thermal energy utilization, heat pumps and advanced heating and cooling technologies, industrial

refrigeration, waste heat recovery, multi-generation systems, and zero-energy buildings.

vii





Preface

The transition toward a decarbonized energy future is one of the most significant challenges

of our time. As nations strive to meet ambitious carbon neutrality targets, the rapid expansion of

variable renewable energy has necessitated a fundamental shift in how we design and operate electric

power systems. This Reprint, “Energy Storage and Electric Power Systems: Theory, Methods, and

Applications”, was conceived to address the critical need for flexibility and reliability in modern grids

through the lens of advanced energy storage technologies.

Our primary motivation in compiling this work was to bridge the gap between emerging storage

research—such as hydro-pumped storage, hydrogen fuel cells, and next-generation batteries - and their

effective integration into the power system architecture. The scope of this collection encompasses a

broad range of scientific inquiries, from fundamental theory to the practical implementation of hybrid

solutions in both isolated and grid-connected environments.

As Guest Editors, we aimed to provide a holistic perspective on how diverse storage applications

can mitigate the intermittency of renewables while ensuring power quality. This Reprint is addressed to

researchers, energy engineers, and graduate students seeking to understand the symbiotic relationship

between renewable generation and storage. We hope that this collection serves as a valuable foundation

for those working to build a more resilient and sustainable global energy landscape.

George Caralis and Konstantinos Braimakis

Guest Editors
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Editorial

Energy Storage and Electric Power Systems: Theory, Methods,
and Applications

George Caralis 1,* and Konstantinos Braimakis 2

1 Fluids Section, School of Mechanical Engineering, National Technical University of Athens, 9 Heroon
Polytechniou Street, 15780 Zografou, Athens, Greece

2 Laboratory of Refrigeration, Air-Conditioning and Solar Energy, School of Mechanical Engineering, National
Technical University of Athens, 9 Heroon Polytechniou Street, 15780 Zografou, Athens, Greece;
mpraim@central.ntua.gr

* Correspondence: gcaralis@mail.ntua.gr

1. Introduction

The global energy landscape is undergoing a profound transformation driven by the
urgent need to mitigate climate change and the ambitious targets set by nations worldwide
to achieve carbon neutrality. Europe, in particular, is spearheading efforts to decarbonize
its economy, aiming for a future dominated by renewable energy sources (RESs). The
rapid proliferation of variable renewable energy technologies, especially wind and solar
photovoltaics (PVs), has brought forth new design and operational challenges for electric
power systems. As the use of these intermittent energy sources continues to grow, there is
increasing concern regarding the stability, reliability, and flexibility of the grid.

In this context, energy storage systems (ESSs) have emerged as a cornerstone of the
energy transition. They offer the necessary flexibility to balance supply and demand,
manage congestion, and ensure power quality. From large-scale solutions like pumped
hydro and compressed air energy storage to distributed technologies such as batteries and
hydrogen fuel cells, the role of storage is expanding beyond merely being a back-up: it is
becoming an integral component of modern power systems.

This Special Issue, “Energy Storage and Electric Power Systems: Theory, Methods,
and Applications”, was created to address these challenges. It aims to gather high-quality
research exploring the symbiotic relationship between renewable energy generation and
storage technologies. The articles collected herein cover a broad range of topics, including
the optimization of hybrid systems, techno-economic assessment of novel storage solutions,
and integration of storage in off-grid and grid-connected applications.

2. Overview of Published Articles

The contributions to this Special Issue provide valuable insights into the theoretical
and practical aspects of energy storage integration. The articles published reflect the diverse
methodologies and applications currently being explored in the field of energy engineering.
They can be broadly categorized into four main areas reflecting the diversity of current
research efforts: off-grid and hybrid system optimization, grid stability and protection,
transportation and components, and energy harvesting and cogeneration.

2.1. Optimization of Hybrid and Off-Grid Systems

A significant portion of the research focuses on the optimization of hybrid systems
for isolated or off-grid applications. Robert et al. [1] investigated the feasibility of inte-
grating a redox flow battery (RFB) storage system to optimize wind energy utilization
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at a remote mining site. Their study developed a simulation model to evaluate diesel
savings and CO2 reduction, highlighting the potential of RFBs to enhance energy security
in harsh environments. Similarly, Karapidakis et al. [2] examined the ambitious goal of
achieving zero carbon emissions in interconnected islands, using the case of Crete as an
example. Their work evaluated the potential of ultra-high RES penetration combined with
hydrogen storage to achieve a carbon-neutral electricity system. Furthermore, Ma et al. [3]
proposed a bi-objective optimization strategy for distribution networks incorporating dis-
tributed energy systems, utilizing a stepper search algorithm to balance economic and
operational goals.

2.2. Grid Stability, Protection, and Power Quality

Ensuring the reliability of power systems with high RES penetration is a recurring
theme. Blanco et al. [4] presented a power smoothing strategy for wave energy converters
using energy storage systems. By employing forecasting-enhanced filtering algorithms,
they demonstrated how storage requirements can be reduced while maintaining grid
stability. Regarding protection, Grcić and Pandžić [5] addressed the challenge of detecting
high-impedance faults in DC microgrids. They introduced a novel method based on
open-set recognition that significantly improves fault detection accuracy in systems where
conventional protection schemes often fail.

2.3. Transportation and Advanced Components

The electrification of the transportation sector and the development of advanced
storage materials are also critical. Wang et al. [6] focused on the durability of fuel cells
in commercial vehicles, proposing an improved multiple gray prediction method to esti-
mate power demand and extend the service life of proton exchange membrane fuel cells
(PEMFCs). Complementing the research on hydrogen technologies, Luo et al. [7] evalu-
ated the accuracy of various gas equations of state (EOSs) for modeling thermodynamic
conditions during hydrogen tank refueling. Their comparative analysis demonstrated
that a polynomial EOS significantly outperforms traditional models like van der Waals,
providing a critical theoretical basis for ensuring safety and precision in refueling protocols.
In the field of materials, Del Bosque et al. [8] provided a comprehensive review of carbon
fiber-based batteries. Their work discusses the trends and future perspectives of integrating
energy storage functionalities into structural materials, a key innovation for lightweight
electric mobility.

2.4. Energy Harvesting and Cogeneration

Finally, the Special Issue encompasses broader efficiency and harvesting technologies.
Golonis et al. [9] performed a Life Cycle Cost Analysis (LCCA) of a biomass-driven Organic
Rankine Cycle (ORC) cogeneration system, underscoring the importance of economic
feasibility in sustainable agricultural applications. Additionally, Litak et al. [10] explored
energy harvesting at a smaller scale, analyzing a rotational pendulum device with sup-
port from Finite Element Method (FEM) simulations to optimize power generation from
ambient vibrations.

3. Conclusions

The research presented in this Special Issue confirms that energy storage is not a
monolithic solution but a diverse field of technologies and applications that must be
tailored to the needs of specific systems. The transition to a future of 100% renewable
energy requires a holistic approach that brings together theory, advanced methods, and
practical applications. From advanced prediction algorithms for fuel cells to the techno-
economic optimization of large-scale storage in remote grids, the findings in this collection
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highlight the fact that there is no “one-size-fits-all” solution. Instead, a combination
of appropriate storage technologies, optimized control strategies, and robust economic
planning is essential for the future of electric power systems.

The Guest Editors would like to thank all the authors for their innovative contributions
and the reviewers for the time dedicated to this collection and their constructive feedback,
which ensured the high quality of this Special Issue. We hope that this collection will
serve as a useful reference for researchers, engineers, and policymakers working towards a
sustainable and resilient energy future.

Conflicts of Interest: The authors declare no conflicts of interest.
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Life Cycle Cost Analysis of a Biomass-Driven ORC Cogeneration
System for Medical Cannabis Greenhouse Cultivation
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and Dimitris Manolakos 1,*

1 Department of Natural Resources Development and Agricultural Engineering, Agricultural University of
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* Correspondence: dman@aua.gr

Abstract

Medical cannabis cultivation requires substantial energy for heating, lighting, and cli-
mate control. This study evaluates the economic feasibility of an innovative biomass-
fired micro-CHP system in a greenhouse facility for medicinal cannabis cultivation. The
system comprises an 80 kWth boiler retrofitted for biomass and a 7 kWel ORC engine
and is assessed against a diesel-boiler Business-As-Usual (BAU) benchmark. Thermal
load simulations for two growing periods (1 March–30 June and 1 September–30 Decem-
ber) estimate an annual heating demand of 91,065.20 kWhth. The micro-CHP system
delivers 8195.87 kWhel per year, exceeding the greenhouse’s 7839.90 kWhel consumption.
Over a 30-year lifespan at a 7% discount rate, Life Cycle Costing yields EUR 196,421.33
for micro-CHP versus EUR 229,468.46 for BAU, a 14.4% reduction. Under all-equity
financing, the project achieves an NPV of EUR 59,591.88, IRR of 27.32%, and a DPBP
of 12.1 years; with 70% debt financing, NPV rises to EUR 61,211.39 and DPBP shortens
to 10.5 years. Levelized Cost of Energy (LCOE) and Heat (LCOH) are EUR 0.122 per
kWhel and EUR 0.062 per kWhth, respectively. While the LCOE is below the Greek and
EU non-household averages (EUR 0.1578 and EUR 0.1515 per kWhel), the LCOH exceeds
the corresponding heat price benchmarks (EUR 0.0401 and EUR 0.0535 per kWhth). These
results indicate that, in the modeled context, biomass-ORC cogeneration can be a financially
attractive and lower-carbon option for medicinal cannabis greenhouse operations.

Keywords: organic rankine cycle (ORC); micro-combined heat and power (CHP); medical
cannabis cultivation; greenhouse heating; sustainable agriculture

1. Introduction

1.1. Medical Cannabis Cultivation

Cannabis (Cannabis sativa L.) is a plant primarily known for its psychoactive proper-
ties, which are caused by tetrahydrocannabinol (THC). THC is the primary psychoactive
compound and the most recognizable, but beyond this well-known facet, the therapeu-
tic potential of cannabis has emerged as a global focus, placing the species among the
most discussed in botanical and medical sciences [1]. In recent years, cannabis has raised
public awareness in many countries worldwide about its medical uses, as an expanding
body of research and regulatory shifts has underscored the plant’s value for therapeutic
purposes. This has subsequently led to a number of jurisdictions either decriminalizing

Appl. Sci. 2025, 15, 12085 https://doi.org/10.3390/app152212085
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cannabis or legalizing it for medical use, with some moving toward full legalization [2,3].
As societal and legislative landscapes continue to evolve and public acceptance grows, a
dedicated cannabis industry has emerged to meet consumer demand and preferences, such
as demand for cannabis-based medicines [4].

In March of 2018, Greece introduced Law 4523/2018, which regulates the production
and processing of medical cannabis. This law was applied due to the desire to revitalize
the crop industry and to trade in cannabis products [5]. For the granting of approval for
installation and authorization, the applicant must submit documents for all stages (from
cultivation to processing and production of final medical cannabis products). On the basis
of legislation, the cultivation will take place under greenhouse or indoor conditions [6].
This legal requirement aligns with a broader modernization trend in agriculture toward
controlled-environment agriculture (CEA). In practice, high-value cannabis is primarily
grown in controlled settings using year-round production schedules, soilless systems,
and data-driven climate control [7]. Recent analyses identify greenhouses as a means
for continuous production, precise environmental management, and improved resource
efficiency [8,9]. At the same time, greenhouse and high-tunnel studies on cannabis/hemp
demonstrate that protected cultivation can improve crop uniformity and influence cannabi-
noid and aromatic profiles compared with open-field systems, which helps explain why
medicinal cannabis projects gravitate to greenhouses even when costs are higher [10,11].
In this sense, the legal framework does not create an isolated practice but rather situates
medicinal cannabis production within the ongoing move toward greenhouse-based CEA.

1.2. Energy Use in Medicinal Cannabis Greenhouses

Greenhouses, particularly in Mediterranean climates, are widely used for crop cultiva-
tion due to their ability to regulate environmental conditions and enhance productivity [12].
They are, however, energy-intensive systems, especially when used for high-demand crops
like cannabis. Heating in conventional greenhouses is typically achieved through hot air or
hot water systems, and energy use has become a growing concern due to rising costs and
environmental impacts. This has driven increased interest in renewable energy sources
(RES) integration to reduce reliance on non-renewable sources [13].

Legalized cannabis cultivation in various regions is a particularly energy-intensive
greenhouse application. Basic energy consumption includes lighting, dehumidification,
heating, and cooling; yet recent reviews and program reports highlight a persistent lack
of standardized, publicly available energy-use data for cannabis cultivation, particularly
outside North America, underscoring the need for benchmarking and comparable metrics
to support robust techno-economic and environmental analyses [14–17].

For illustration, cannabis cultivation accounted for 45.5% of Denver’s 1.2% year-
over-year increase in electricity demand in 2014 [18], and in California, indoor cannabis
uses about 3% of the state’s and 1% of the nation’s electricity [19]. Reported elec-
tricity intensity spans ~21.7 kWhel·m−2 for outdoor production to ~2820 kWhel·m−2

for indoor facilities, whereas greenhouse vegetables and flowers typically consume
~167–785 kWhth·m−2·yr−1 [20]. In indoor cannabis operations, HVAC and lighting com-
monly account for ~51% and ~38% of electricity use, respectively [19], while electricity
represents only ~10–15% of total energy in conventional greenhouses [21]. Complementing
these benchmarks, modeled U.S. indoor scenarios estimate total site energy at approxi-
mately 2.3–6.0 MWh·kg−1 (1.8–4.6 MWh·kg−1 of electricity, plus space-heating fuels of
0.47–1.47 MWh·kg−1) [22]. Greenhouse compilations [23] report electricity productiv-
ity of approximately 0.68 g·kWh−1 (i.e., 1.47 MWh of electricity per kg of dried flower)
and heating fuel use around 552 kWh·m−2·yr−1, noting that system boundaries vary
across studies. European figures, though sparse, align with high energy demand under
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protected cultivation. A Portuguese medical cannabis greenhouse (15,000 m2) was esti-
mated at ~2209 MWh·yr−1 (~147 kWh·m−2·yr−1), with HVAC and pumping totaling to
~87.5 kWh m−2·yr−1 [24]. Moreover, a Dutch desk study calculates a direct energy require-
ment of ~2.12 kWh·g−1 (~6366 kWh·m−2·yr−1 under a stylized high-intensity regime),
highlighting both the potential magnitude of loads and the current reliance on modeled
estimates in Europe [25].

Cannabis cultivation progresses through three main stages—propagation (or seedling),
vegetative, and flowering—each stage has distinct requirements for light, temperature,
and humidity, which result in varying energy demands (Table 1). The propagation
stage typically lasts 1 to 2 weeks and involves low-intensity lighting (54–431 W·m−2)
for 18 to 24 h per day. This stage accounts for less than 5% of total electricity consump-
tion [26]. Optimal environmental conditions require a temperature range between 24 and
26 ◦C and relative humidity (RH) of 70–75%, which can be maintained using split air condi-
tioning units [27]. The vegetative stage lasts 2–3 weeks in indoor setups (or 4 to 6 weeks
in greenhouses), using medium-intensity lighting (161–753 W·m−2) for 18 h daily. This
phase consumes approximately 30–40% of total electricity [26]. While metal halide (MH)
and high-pressure sodium (HPS) lamps have been traditionally used, modern operations
increasingly adopt LED or ceramic metal halide (CMH) lighting. Climate conditions during
this stage are typically regulated with rooftop HVAC units. The flowering stage is the most
energy-intensive, accounting for 50–65% of total electricity use. It lasts 7–11 weeks and
requires 12 h of lighting per day, at an intensity of 40–70 W m−2. Environmental control is
maintained using rooftop HVAC systems and dehumidifiers to ensure proper temperature
and humidity levels [26].

Table 1. Requirements for different stages of cannabis cultivation.

Cultivation Stage Duration
Cultivation Stages’ Needs

Lighting Dehumidification Cooling

Propagation 1–2 weeks 54–431 W·m−2, 18–24 h Low Low
Vegetative 2–6 weeks 161–753 W·m−2, 18 h Medium High
Flowering 6–11 weeks 40–70 W·m−2, 12 h High Very high

Facility type, of course, strongly influences energy use. As of 2017, 60% of U.S. le-
gal cannabis electricity demand was from indoor operations and 37% from greenhouses.
Energy costs in indoor cultivation can reach 20–50% of operating expenses, equating to
roughly 1614 kWh·m−2 per year. Despite the lower energy intensity of outdoor culti-
vation, indoor and greenhouse methods are favored for yield control and consistency.
Consequently, utilities and planners must understand this load’s profile [28].

Incentivizing best practices, such as LED adoption, off-peak scheduling, and cogen-
eration solutions such as biomass-fired ORC systems, can reduce the energy footprint of
cannabis greenhouses. Emerging regulations that mandate energy plans, monitoring, and
reporting, alongside local policies, can foster efficiency, build consumption databases, and
help set realistic energy use targets.

1.3. Micro-CHP (Combined Heat and Power) in Greenhouse Applications

Combined Heat and Power (CHP), or cogeneration, holds significant potential across
a range of industries. Among them are greenhouses, one of the most energy-intensive
segments of modern agriculture. CHP systems are already in use across several greenhouse
complexes, particularly in the Netherlands, where they have shown high efficiency and
flexibility. As Canova et al. [29] point out, cogeneration is widely recognized for its superior
fuel efficiency compared to the separate production of heat and electricity.

6
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Greenhouses, as a form of CEA, offer a way to optimize growing conditions year-
round, providing high productivity while improving resource efficiency. They can achieve
high yields while substantially reducing water consumption, land use, and chemical
inputs. However, these benefits come with significant energy demands, particularly for
heating, lighting, and ventilation, making energy efficiency a critical concern for long-
term sustainability. In this context, CHP systems can generate electricity on-site while
utilizing the resulting heat for immediate use, efficiently meeting the diverse energy needs
of greenhouse operations. Compared to traditional setups that rely on grid electricity and
separate boilers, CHP systems reduce energy losses and environmental impact [30]. They
can also be paired with complementary technologies like absorption cooling or carbon
capture and utilization (CCU), expanding their benefits even further.

In practice, CHP is already being used successfully in greenhouse cultivation, particu-
larly in Northern European countries. These systems often supply electricity to the grid
while using the heat and CO2 byproducts to enhance the indoor environment [31]. When
the on-site electricity demand is lower than the system’s output, excess power can be sold
back to the grid, providing an additional income stream.

Beyond their operational benefits, CHP systems are increasingly seen as a strategic
tool for reducing the carbon footprint of energy-intensive agricultural practices [32]. Their
ability to improve efficiency, lower emissions, and integrate with existing greenhouse infras-
tructure makes them especially well-suited for sustainable greenhouse cultivation. A key
challenge, however, lies in developing advanced CHP systems that can effectively integrate
renewable energy sources and adapt to variable weather patterns, while maintaining a
reliable balance between energy supply and demand [33].

The integration potential of micro-CHP systems with other RES-assisted and energy-
efficient solutions has been shown to further enhance energy autonomy and sustainability.
Moreover, continuous progress in fuel cell technology has motivated researchers and in-
dustry to consider adopting fuel cell-based micro-CHP systems as promising candidates
for future sustainable energy solutions [34]. Hybrid micro-CHP systems that combine pho-
tovoltaic (PV) systems, battery storage, and predictive control algorithms can dynamically
balance supply and demand, achieving near-zero grid dependency [35]. The coupling of
photovoltaic–thermal (PVT) collectors with Stirling- and ORC-based micro-CHP units has
also emerged as a promising configuration for residential and agricultural buildings, stably
delivering power and heat even under variable solar conditions [36]. These configurations
can anticipate energy fluctuations and ensure that the micro-CHP unit operates only when
required, minimizing both operational costs and carbon emissions.

From a broader perspective, international experiences reflect the growing attention that
micro-CHP technologies receive due to policy incentives and technological advances, which
provide higher electrical efficiencies and lower CO2 emissions compared to conventional
boilers [37]. Studies on distributed renewable-based CHP systems have further shown that
hybridizing with solar and wind power can meet up to 79% of community-level energy
demand while reducing over 4000 tCO2 annually [38]. The inclusion of biofuels such as
biogas or biodiesel in CHP operation has also proven effective for reducing fossil fuel
dependence and enhancing combustion performance [39].

The Organic Rankine Cycle (ORC) Technology

The organic Rankine cycle (ORC) is a closed thermodynamic process used for power
generation. Although it follows the same basic principles as the Clausius–Rankine cycle,
it uses organic working fluids instead of water or steam. The ORC exploits heat from
a high-temperature source into mechanical work, while releasing excess heat to a cold
sink, typically the environment. It is commonly applied for recovering energy from low-
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grade heat sources such as waste heat, solar power, geothermal energy, biomass, and
hybrid systems [40]. The main components of a basic ORC system, namely the feed pump,
evaporator, expander (or turbine), and condenser, are illustrated in Figure 1 [41]. The
corresponding thermodynamic cycle comprises liquid compression (1–2), phase change in
the evaporator (2–3), expansion in the expander or turbine (3–4), and condensation (4–1).
The heat source and heat sink are finite thermal reservoirs, indicated by lines (5–6) and
(7–8), respectively.

Figure 1. Schematic representation of a simple ORC layout. (1–2): Compression, (2–3): Evaporation,
(3–4): Expansion, (4–1): Condensation, (5–6): Heat source, (7–8): Heat sink.

In commercial applications, for small-scale (up to a few tens of kW) and relatively
small-scale (up to a few tens of kW) at low temperature (below 100–120 ◦C), the basic ORC
setup (Figure 1) is almost exclusively used. With proper selection of working fluids for
each application, the ORC can outperform the conventional water/steam Rankine cycle for
waste heat recovery at temperatures up to 300 ◦C. This is mainly due to the lower critical
temperatures of organic fluids, which allow for more efficient heat transfer and optimized
system design [42]. The sustainability of the ORC technology is clearly demonstrated by
the growing number of installations. Over the past decade, 759 installations have been
completed, with an additional 63 currently under construction [43]. Nearly one-third of
these installed systems (31.5%) are biomass-based.

1.4. Research Objectives and Scope

This study will investigate the economic feasibility of an innovative micro-CHP system,
incorporating a biomass boiler and an ORC engine for a greenhouse facility intended
for cultivating medicinal cannabis. Techno-economic metrics, such as Life Cycle Cost
(LCC), Net Present Value (NPV), Discounted Payback Period (DPBP), and Internal Rate
of Return (IRR), will be evaluated to determine the economic viability for a medicinal
cannabis cultivator to invest in replacing the conventional system with the innovative
micro-CHP configuration.

To this end, two main scenarios are analyzed. The first is the Business-As-Usual
(BAU) scenario, in which the greenhouse relies exclusively on a diesel-fired boiler for
heating and draws electricity from the grid. The second is the innovative micro-CHP
(m-CHP) scenario, which features a boiler retrofitted for biomass combustion, integrated
with an ORC engine for on-site power generation. In this setup, the ORC engine operates
in parallel with the boiler, producing electricity whenever the boiler is active. In both
scenarios, electricity consumption is supplied by the grid; however, in the m-CHP scenario,
the electricity generated on-site is fed into the grid under a net metering arrangement.
Following the simulation of the greenhouse’s thermal load profile, the corresponding
thermal and electrical energy outputs of the m-CHP system are estimated.
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2. Materials and Methods

2.1. Description of the Micro-CHP and Greenhouse Setup

The study is based on the performance of an existing micro-CHP system installed at
the Agricultural University of Athens (AUA). The system comprises (i) a fire-tube biomass
boiler with modular, water-jacketed sections and (ii) an ORC unit for power generation,
sized to meet the thermal requirements of a small greenhouse. As illustrated in Figure 2,
the biomass boiler heats a glycol-based working fluid to 130 ◦C, providing up to 200 kWth

of thermal capacity. The heated working fluid then flows into the hot side of the ORC
evaporator, where heat is transferred to the R1233zd(E) refrigerant. A single cooling loop
condenses the refrigerant in the ORC condenser, and the rejected heat from this condenser
is used to warm the greenhouse air.

Figure 2. Flow diagram of the micro-CHP experimental setup.

Figure 3 presents photographs of the biomass system components, including the
storage hoppers, comprising the main silo and the smaller open tank, boiler, and the control
panel, installed in a dedicated enclosure adjacent to the greenhouse. The biomass feedstock
used consists of wood pellets that are commercially available in Greece, typically produced
from debarked coniferous residues sourced domestically or from neighboring Balkan
regions. These pellets are delivered in bulk over transport distances of approximately
100–150 km. From the open tank, pellets are moved to the feeder and then to the boiler’s
combustion chamber by screw conveyors with stainless-steel blades, controlled by level-
sensor readings. As a standardized market product, no on-site drying or special storage
procedures are applied, apart from standard covered storage at the boiler facility to protect
the pellets from moisture and weather exposure. The main technical specifications of the
biomass boiler and fuel storage system are summarized in Table 2.

Table 2. Main technical specifications of the biomass boiler and fuel storage system.

Specification Value

Boiler efficiency 85%
Hopper volume (silo and open tank) [L] 5210.00
Boiler operating autonomy [h] a ~34

a Considering biomass LHV and density of 5.2 kWh·kg−1 and 0.6 kg·L−1, respectively.
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 3. The biomass boiler system component. (a) Open tank; (b) main silo (feeder); (c) boiler;
(d) control panel.

The ORC engine operates at fixed frequencies for both the pump (Freqpu) and the
expander (Freqexp). The system achieves a maximum net electrical output (Pnet,ORC) of
20.39 kW when the pump operates at 42.70 Hz and the expander at 60.00 Hz. Addi-
tional test data across various frequency settings for both components are presented in
Table A1 (Appendix A). The recorded parameters include the condenser inlet temperature
(Tcon,in in ◦C), the expander’s electrical power output (Pel,exp in kW), and the pump’s
electrical power consumption (Pel,pu in kW). Figure 4 illustrates 3D models of the ORC
unit designed to produce 20 kWel, showing its primary cycle components—namely the
condenser, compressor, evaporator, and expander.

 
(a) (b) 

Figure 4. 3D models of the ORC engine (key components labeled). (a) Front view; (b) back view.

An experimental greenhouse facility located adjacent to the micro-CHP system served
as the reference case for the simulations conducted in this study. The structure is an even-
span greenhouse constructed with polycarbonate panels, featuring a length of 30 m (L), a
width of 13.5 m (W), an eave height of 3.15 m (H1), and a ridge height of 5.00 m (H2), as
illustrated in Figure 5a. The total surface area is 405 m2, while its volume totals 1648.50 m3.
Climate control within the greenhouse is achieved through forced ventilation via top
windows oriented to the north and south, and space heating provided by fan coil-type air
heaters (Figure 5b).
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(a) (b) 

Figure 5. (a) Dimension of the AUA greenhouse; (b) inside view of the greenhouse.

2.2. Thermal and Electrical Energy Requirements Modeling

Calculating the greenhouse energy balance requires quantifying thermal interactions
between exterior and interior environments, as well as moisture exchanges. Figure 6
illustrates the primary heat transfer mechanisms. Because these heat and mass fluxes vary
continuously, dynamic calculations are needed to determine both thermal behavior and
heating or cooling requirements.

Figure 6. Heat transfer mechanisms in a greenhouse. Reproduced from [44].

Solar radiation reaching a greenhouse is partially absorbed or scattered by the atmo-
sphere before striking the glazing. A portion is reflected, a small fraction absorbed by the
glazing, and the remainder transmitted indoors. Heat exchange occurs via convection
between the glazing and air, conduction through framing and insulation, and radiation
between the glazing and internal surfaces. Transmitted solar energy is absorbed by plant
canopies, soil, and internal structures, with retention aided by internal reflections and the
greenhouse effect. Inside, plants exchange sensible heat with air and surfaces via convec-
tion and radiation, while evapotranspiration cools the leaf boundary through latent heat
consumption. Similarly, the soil transfers heat by conduction, convection, and radiation,
and loses latent heat through evaporation. Supplemental heating adds sensible heat to the
air, while natural or forced ventilation removes both sensible and latent heat. Irrigation and
fertigation influence soil moisture and humidity, affecting the greenhouse’s energy balance.

This work focuses on the economic feasibility of a CHP system, and for this reason,
only the sensible heat loads are estimated. Accordingly, a simplified energy balance
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approach is adopted (as described in [45]). Outdoor temperature and solar radiation data
from a typical meteorological year were used to calculate the heating load per unit of
greenhouse surface area, as shown in Equation (1). The total required heating load (

.
Qh) is

then calculated based on Equation (2).

H =

[
U · Ac

A f
· (Ti,s − To)

]
− (1− f ) · τ · (1− ρ) · Gh (1)

.
Qh = H · A f (2)

where

• H is the greenhouse heating load per sq. meter (W·m−2);
• U is the overall thermal transmittance (W·m−2·◦C−1);
• Ac is the cover and wall area (m2);
• Af is floor area (m2);
• Ti,s is the indoor air temperature (setpoint) (◦C);
• To is the outdoor air temperature (◦C);
• f is the radiation to latent heat conversion factor inside the greenhouse (between

0.5 and 0.7);
• τ is the permeability to solar radiation factor (indicative value: 0.5);
• ρ is the reflectance coefficient of the interior (indicative value: 0.5);
• Gh is the solar radiation per sq. meter (W·m−2).

The parameters used in this simplified model are listed in Table 3.

Table 3. The constant parameters in the model.

Coefficients Symbol Value Unit

Overall thermal transmittance U 4.20 W·m−2·◦C−1

Cover area Ac 783.13 m2

Floor area Af 405.00 m2

Covers-to-Floor ratio Ac/Af 1.93 [-]
Indoor air temperature (setpoint) Ti,s 23.00 [◦C]
Radiation to latent heat conversion
factor inside the greenhouse f 0.60 [-]

Permeability to solar radiation factor τ 0.50 [-]
Reflectance coefficient of the interior ρ 0.20 [-]

Electricity consumption has to be included in the calculations as well. This was
performed by considering each electrically powered subsystem’s nominal power rating
(e.g., lighting, irrigation pumps, shading system, dehumidifiers) and its daily operating
hours throughout each cultivation stage. Section 3.2 elaborates on the electrical energy
needs calculations for each growing stage.

2.3. Life Cycle Cost Analysis and Economic Indicators

Life Cycle Costing (LCC) is a method for estimating the total economic cost of a project
by accounting for all resources consumed over its lifetime [46]. The cost categories and
parameters required for the LCC calculation are [47,48] as follows:

• Initial capital cost (i.e., equipment purchase and installation);
• Operating cost (i.e., energy and fuel consumption);
• Maintenance and repair (OM&R) costs, including both annual and non-annual expenses;
• End-of-life cost (i.e., disposal or decommissioning).
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In addition to these cost items, the analysis includes the equipment’s service life, the
inflation rate, which is used to project future nominal costs, and the discount rate, which
converts future expenditures to present value. The LCC is calculated using Equation (3),
where CINV denotes the initial investment costs, t the year in which a cost occurs, T is the
system’s lifetime in years, Ctot is the cost, i.e., cash outflow, incurred in year t, and r is the
discount rate [49].

LCC = CINV +
T

∑
t=0

Cout,tot

(1 + r)t (3)

The total annual costs are the sum of the operating costs (CO), maintenance (CM), and
end-of-life costs (CE)—Equation (4). An inflation rate is applied to all cost parameters to
project their future nominal values over the equipment’s lifetime.

Cout,tot = CO(t) + CM(t) + CE(t) (4)

Additionally, to provide a comprehensive assessment of economic viability, future
costs are evaluated using three primary indicators, Net Present Value (NPV), Internal Rate
of Return (IRR), and Discounted Payback Period (DPBP) [50], while applying a discount
rate to convert future expenditures into present value.

In general, NPV is calculated by discounting all expected cash inflows (Cin) and
outflows (Cout) over the project’s lifetime to their present values and then summing them.
A positive NPV indicates that the present value of benefits exceeds that of costs, signaling
a financially viable investment at the given discount rate. In the present study, NPV is
applied to quantify the savings between the m-CHP and BAU scenarios (Equation (5),
adapted from [51]), calculated by subtracting the sum of net cash flows (NCF) of the BAU
scenario NCFBAU from that of the m-CHP scenario NCFm-CHP.

NPV =
T

∑
t=0

(NCFm−CHP,t − NCFBAU,t)

(1 + r)t (5)

The Internal Rate of Return (IRR) is defined as the discount rate that makes the NPV
of all project cash flows equal to zero, or, in other words, the IRR is the break-even discount
rate where discounted inflows exactly offset discounted outflows. If the IRR exceeds the
project’s required rate of return, the investment is considered acceptable; if it falls below,
the project is not justified.

The Discounted Payback Period (DPBP) measures the length of time required for the
discounted cumulative cash flows to recover the initial investment Equation (6). Unlike the
simple payback period, DPBP thus accounts for the time value of money.

T

∑
t=0

(NCFm−CHP,t − NCFBAU,t)

(1 + r)t ≥ 0 (6)

Finally, the Levelized Cost of Energy (LCOE, Equation (7)) and Levelized Cost of
Heat (LCOH, Equation (8)) are calculated. The equations are adapted from [52,53] and
represent the lifetime cost per unit of energy output, defined as the system’s total LCC
divided by its lifetime electrical energy generation (Etot) and heat (Qtot), respectively. Thus,
LCOE is the cost per kilowatt-hour of electricity (EUR per kWhel), and LCOH is the cost
per kilowatt-hour of heat (EUR per kWhth). The symbol ael represents the cost allocation
factor for the electricity generated from the micro-CHP unit, while ahe stands for the cost
allocation factor for the heat generated by the cogeneration unit.

LCOE = ael
LCC

∑T
t=0 Etot

(7)

13



Appl. Sci. 2025, 15, 12085

LCOH = ahe
LCC

∑T
t=0 QCHP

(8)

The values of ael and ahe are determined in this work by applying the alterna-
tive generation method [52,53]. By following this approach, ael and ahe are given by
Equations (9) and (10), where nel,ref (0.425) is the reference efficiency for electricity gen-
eration in Greece, and nhe,ref (0.85) is the efficiency of a typical natural gas boiler for
heat generation [54].

ael =
Etot/nel,re f

Etot/nel,re f + QCHP/nhe,re f
(9)

ahe =
QCHP/nhe,re f

Etot/nel,re f + QCHP/nhe,re f
(10)

2.4. Life Cycle Inventory
2.4.1. Initial Investment Costs

Initial investment costs are incurred only in the m-CHP scenario and cover one-time
expenses at project inception. These include the ORC unit purchase (EUR 23,179.70),
transportation of materials and installation of the biomass boiler, which replaces the
conventional unit from the BAU scenario (EUR 1300.00), and a biomass storage tank
for the boiler (EUR 500.00). The existing greenhouse heating distribution network requires
no replacement or expansion; only minor modifications, which are already included in the
retrofit and installation costs, are needed to connect the biomass boiler. The total initial
investment of EUR 24,979.70 is summarized in Table 4, with a detailed breakdown of ORC
engine component costs provided in Table A3 of Appendix A.

Table 4. Initial investment cost breakdown.

Cost Type Cost (EUR)

ORC engine purchase costs 23,179.70
Transportation of equipment and materials 200.00
Boiler retrofitting and installation costs 1100.00
Biomass tank purchase costs 500.00
Total 24,979.70

2.4.2. Operation and Maintenance Phase

During operation in both BAU and m-CHP scenarios, the unit costs for fuel
(i.e., diesel and biomass) and electricity from the national grid are taken into account
(Table 5), determining the ongoing expenses to meet the greenhouse’s energy demand.
Finally, annual maintenance is estimated at EUR 200.00 for the BAU scenario, while for the
m-CHP scenario, it amounts to EUR 270.00, including boiler cleaning (EUR 50.00), noz-
zle replacement (EUR 70.00), chimney cleaning (EUR 100.00), and working fluid refilling
(EUR 50.00), summarized in Table 5 as well.

Table 5. Operation and maintenance costs under the BAU and m-CHP scenarios.

Operating Costs Unit Cost

Diesel fuel (BAU) EUR 1.12·L−1

Biomass fuel (BAU) EUR 0.40·kg−1

Grid electricity (BAU and m-CHP) EUR 0.1826·kWhel
−1

Maintenance Costs Cost (EUR)
BAU scenario 200.00
m-CHP scenario 270.00
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2.4.3. End-of-Life Stage

After 30 years of operation, the micro-CHP system is decommissioned, dismantled,
and recycled. Modernization costs are prohibitively high, and when combined with its
performance, continued operation is deemed uneconomical. The dismantling process
itself incurs no significant costs. To enhance sustainability and generate profit, easily
collectible and classifiable waste materials, specifically aluminum alloy, steel, plastic, and
glass components, are recovered. Recovery rates for these materials are sourced from the
literature [55], and their recycling values are based on average EU market prices shown in
Table 6. At its end-of-life, the system yields 3000.00 kg of steel and 900.00 kg of aluminum
solid waste. Recycling this equipment generates approximately EUR 4038.00 in revenue.

Table 6. Materials recovered at the end-of-life of the micro-CHP system.

Material Recovery Yields Recovery Price (EUR·ton−1)

Plastic 90% 244.70
Aluminum 86% 2820.00
Steel 90% 500.00
Glass 9% 55.10

2.4.4. Economic Parameters

To estimate the annual cash flows and evaluate the economic performance of both
scenarios over the system’s lifetime, several assumptions were made regarding key financial
parameters. Fuel and energy prices are projected to rise annually, reflecting market forecasts,
rather than remaining constant over the 30-year lifetime of the system. An inflation rate
was set at 2.5%, in line with the Bank of Greece’s projection for the next years. Additionally,
a 7% discount rate was applied to account for the time value of money, within the typical
range of 6–8% for investments of this nature.

Although renewable energy projects in Greece are often eligible for EU and national
subsidies, this study assumes project financing is provided either solely from own funds or
through a combination of own funds and bank debt. In the debt-financed scenario, bank
borrowing constitutes 70% of the initial investment. The interest rate for the loan was set
at 5.5%, based on current interbank lending rates for a 15-year repayment period. The
complete set of financial input data is summarized in Table 7.

Table 7. Financial analysis input data.

Description Value

Inflation 2.5%
Discount rate (r) 7%
Lifespan (years) 30
Loan-to-Cost Ratio (LTC) 0% or 70%
Loan interest rate 5.5%
Repayment term (years) 15

3. Results and Discussion

3.1. Greenhouse Heating Requirements and ORC Power Generation

For the simulations, two standard growing periods (GPs) within the year, i.e., 1st
March to 30th June (GP1), and 1st September to 30th December (GP2), were considered.
It should be noted that the greenhouse remains non-operational during July and August.
Optimal indoor air temperature for cannabis growth typically ranges between 22 ◦C and
30 ◦C, while relative humidity is maintained between 65% and 70% [27]. Additionally, the
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ideal soil temperature ranges from 12 ◦C to 14 ◦C and should not fall below 6–8 ◦C. For the
purposes of this study, the heating system setpoint temperature was fixed at 23 ◦C.

Based on Equation (2), the estimated thermal load profiles required for greenhouse
heating throughout the two GPs over a full year are shown in Figure 7. Heating is required
for a total of 3733 h annually, during which 91,065.20 kWhth (224.58 kWhth·m−2) of thermal
energy is supplied. The most energy-intensive months in GP1 are March (20,841.91 kWhth)
and April (13,914.90 kWhth), while in GP2, the highest demand occurs in November
(20,005.57 kWhth) and December (22,628.34 kWhth).

Figure 7. Monthly thermal energy demand of the greenhouse over the year.

After estimating the total required heating load, the boiler’s fuel consumption was
calculated (expressed as L·h−1 for diesel and kg·h−1 for biomass) using the assumed boiler
efficiency, lower heating values (LHV), and densities listed in Table 8.

Table 8. Fuel consumption-related assumptions of micro-CHP and BAU scenarios.

Coefficients Value Unit

Boiler Efficiency (diesel) 90% [-]
Diesel LHV 11.62 kWh·kg−1

Diesel density 0.835 kg·L−1

Boiler Efficiency (biomass) 85% [-]
Biomass LHV a 5.20 kWh·kg−1

Biomass pellet density 0.600 kg·L−1

a Considering ENplus A1 class wood pellets, with a moisture content below 10% (wet basis, determined according
to ISO 18134-1 [56] and compliant with ISO 17225-2 [57]).

In the BAU scenario, the boiler requires an annual diesel supply of 10,428.39 L, whereas
in the m-CHP scenario, the biomass boiler requires 20,602.99 kg to deliver the same ther-
mal energy. The estimated monthly fuel supply profiles for each scenario are illustrated
in Figure 8.

Based on the calculations performed, an 80 kWth boiler is deemed sufficient for the
specific application. To model the micro-CHP system’s hourly power generation and
resulting electrical output, an average thermal efficiency of 9% was applied for a 7 kWel

ORC engine, considered reasonable based on available experimental data. Operating the
proposed micro-CHP system with priority on covering the greenhouse heating is consistent
with achieving high overall energy utilization while accepting the typical conversion
efficiency at this scale. Specifically, lab-scale tests of a biomass-fired micro-ORC report net
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conversion efficiency up to 8.55% [58], whereas a hybrid solar–biomass micro-CHP achieved
total energy efficiency up to 90.74% (exergy 15.05%) in a residential application [52]. The
estimated monthly power generation output for the m-CHP scenario is illustrated in
Figure 9, along with the corresponding monthly operating hours. On an annual basis, this
corresponds to an estimated electrical energy production of 8195.87 kWhel.
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Figure 8. Monthly fuel supply to cover thermal energy demands.
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Figure 9. Operating hours and corresponding electricity production from March to December.

It should be noted that the system’s operating hours are influenced by the climatic
conditions of the region where the greenhouse and the micro-CHP system are located.
In colder regions, the system is expected to operate for more hours, as heating demand
increases. Since power generation is directly linked to the operation of the heating system,
this could potentially result in higher electricity output.
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3.2. Greenhouse Electrical Energy Needs

The electrical energy requirements for the vegetative and flowering stages are pre-
sented in detail in Tables 9–12. During the September to December cultivation period, elec-
tricity consumption was 1933.40 kWhel for the vegetative stage (Table 9) and 2506.00 kWhel

for the flowering stage (Table 10). In the March to June period, the vegetative stage required
1253.00 kWhel (Table 11), while the flowering stage consumed 1825.60 kWhel (Table 12).

Table 9. Electrical energy needs for the vegetative stage from September to December (28 days).

System
Power
(kW)

Operating
Hours (h/day)

Daily Energy Consumption (kWhel)
Total Consumption

(kWhel)

Lighting System 6.08 8.00 48.60 1360.80
Water pump 1.50 0.30 0.45 12.60
Shading system 5.00 2.00 10.00 280.00
Dehumidifiers 5.00 2.00 10.00 280.00
Total - - - 1933.40

Table 10. Electrical energy needs for the flowering stage from September to December (56 days).

System
Power
(kW)

Operating
Hours (h/day)

Daily Energy Consumption (kWhel)
Total Consumption

(kWhel)

Lighting System 6.08 4.00 24.30 1360.80
Water pump 1.50 0.30 0.45 25.20
Shading system 5.00 2.00 10.00 560.00
Dehumidifiers 5.00 2.00 10.00 560.00
Total - - - 2506.00

Table 11. Electrical energy needs for the vegetative stage from March to June (28 days).

System
Power
(kW)

Operating
Hours (h/day)

Daily Energy Consumption (kWhel)
Total Consumption

(kWhel)

Lighting System 6.08 4.00 24.30 680.40
Water pump 1.50 0.30 0.45 12.60
Shading system 5.00 2.00 10.00 280.00
Dehumidifiers 5.00 2.00 10.00 280.00
Total - - - 1253.00

Table 12. Electrical energy needs for the flowering stage from March to June (56 days).

System
Power
(kW)

Operating
Hours (h/day)

Daily Energy Consumption (kWhel)
Total Consumption

(kWhel)

Lighting System 6.075 2.00 12.15 680.40
Water pump 1.50 0.30 0.45 25.20
Shading system 5.00 2.00 10.00 560.00
Dehumidifiers 5.00 2.00 10.00 560.00
Total - - - 1825.60

Although the propagation stage involves significantly lower energy demands, it is
not entirely negligible. To ensure a more accurate estimate of total annual energy use,
an additional 5% has been added to account for the electrical energy consumed during
propagation [26], resulting in a total annual electricity demand for operating environmental
control systems and irrigation equipment estimated at 7893.90 kWhel (19.36 kWhel·m−2).
The annual thermal energy and fuel consumption figures for the micro-CHP and BAU
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scenarios are summarized in Table 13. For a more detailed presentation of monthly electrical
energy needs in each GP, refer to Table A2 of Appendix A.

Table 13. Annual thermal energy and fuel consumption for the micro-CHP and BAU scenarios.

Parameter Value Unit

Thermal energy needs 91,065.20 kWhth
Boiler capacity 80.00 kWth
Diesel supply 10,428.39 L
Biomass supply 20,602.99 kg
Electrical energy needs 7893.90 kWhel
ORC unit capacity 7.00 kWel
ORC unit efficiency 9% [-]
Power generation 8195.87 kWhel

3.3. Operating Costs Under the BAU and m-CHP Scenarios

In the BAU scenario, meeting the greenhouse’s annual heating demand of 91,065.20 kWhth

requires diesel consumption that results in an annual fuel cost of EUR 11,679.80, based on
an average diesel price of EUR 1.12·L−1. Additionally, the total electricity consumption
(7893.90 kWhel), at an average price of EUR 0.1826·kWhel

−1 [59], leads to an additional cost of
EUR 1441.43. This brings the total annual operational expense to EUR 12,921.22. These figures
are summarized in Table 14.

Table 14. Annual operating costs under the BAU scenario.

Category Quantity Unit Cost Total Cost (EUR)

Operating Costs
Diesel fuel consumption 10,428.39 L EUR 1.12·L−1 11,679.80
Grid electricity consumption 7893.90 kWhel EUR 0.1826·kWhel

−1 1441.43
Total annual operating cost — — 12,921.22

Under the m-CHP scenario (see Table 15), the greenhouse requires 20,602.99 kg of
biomass annually to meet its heating demand. At a retail price of EUR 0.40 per kg for
biomass pellets, this results in a fuel cost of EUR 8241.19. Electricity consumption from the
grid incurs the same cost as in the BAU scenario (EUR 1441.43), yielding a total annual ex-
pense of EUR 10,920.66. However, the ORC engine generates 8195.87 kWhel of electricity an-
nually, which, when sold to the local grid at a rate of EUR 0.1840 per kWhel [59], applicable
to non-household consumers, yields an additional gross revenue of EUR 1508.04 (Table 15).

Table 15. Annual operating costs and revenues under the m-CHP scenario.

Category Quantity Unit Cost (EUR) Total Cost or Revenue (EUR)

Operating Costs
Biomass fuel consumption 20,602.99 kg EUR 0.40·kg−1 8241.19
Grid electricity consumption 7893.90 kWhel EUR 0.1826·kWhel

−1 1441.43
Total annual operating cost — — 10,920.66
Generated Revenue
Electricity fed into the grid 8195.87 kWhel EUR 0.1840·kWhel

−1 —
Total annual generated revenue — — 1508.04

3.4. Life Cycle Cost (LCC), Levelized Cost of Energy (LCOE), and Levelized Cost of Heat (LCOH)

Using Equations (3) and (4), the LCC for the m-CHP scenario is calculated at
EUR 196,421.33 over the system’s lifetime, representing a 14.4% reduction compared to
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the BAU scenario (EUR 229,468.46). Based on the undiscounted annual net cash flows,
electricity revenues from the m-CHP system, and lower fuel costs yield cumulative savings
of EUR 193,156.15. As shown in Figure 10, fuel and energy costs increase steadily on an
annual basis due to the projected escalation of prices. In the BAU case, costs are largely
driven by diesel purchases, whereas in the m-CHP case, the annual expenditure on fuel
(biomass pellets) is ~29% lower. The two net savings curves reflect different financing
structures: in the own-funds case, after the higher upfront investment in year 0, savings
begin immediately and grow gradually, while in the loan-financed case, early-year savings
are smaller due to debt service but converge after the loan is repaid (year 15). The steeper
change in slope between year 0 and year 1 is driven by the difference in initial investment
between the two cases, which affects annual net cash flows. Under 70% debt CAPEX
financing (see Table 7), cumulative undiscounted savings decreased by EUR 8644.7, to
EUR 184,511.45, reflecting the total principal and interest repayments.

Figure 10. Fuel and energy costs under m-CHP and BAU scenarios and the resulting net savings.

The resulting LCOE and LCOH, EUR 0.122 per kWhel and EUR 0.062 per kWhth,
respectively (Table 16), are highly competitive against current retail electricity and
natural-gas prices for Greek non-household consumers (EUR 0.1578 per kWhel and
EUR 0.0401 per kWhth), as well as against the EU averages (EUR 0.1515 per kWhel and
EUR 0.0535 per kWhth) [60,61]. The cost allocation factors for electricity (ael) and heat (ahe)
are derived from Equations (9) and (10) based on the estimated total electricity (Etot) and
heat (QCHP) generated over the 30-year analysis period. If the loan on the initial invest-
ment is considered, both LCOE and LCOH are not significantly affected, showing only a
reduction of 0.82% and 1.64%, respectively.
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Table 16. Levelized Costs of Electricity (LCOE) and Heat (LCOH) in the micro-CHP scenario,
alongside the key input parameters used for their calculation.

Parameter Symbol Value Unit

Levelized Cost of Energy LCOE 0.122 EUR·kWhel
−1

Levelized Cost of Heat LCOH 0.062 EUR·kWhth
−1

Total electricity generated Etot 245,876.04 kWhel
Total heat generated QCHP 2,731,956.03 kWhth
Reference efficiency for electricity generation nel,ref 0.425 -
Reference efficiency for heat generation nhe,ref 0.850 -
Cost allocation factor for electricity ael 0.150 -
Cost allocation factor for heat ahe 0.850 -

3.5. Net Present Value (NPV), Internal Rate of Return (IRR), and Discounted Payback
Period (DPBP)

Under an all-equity financing structure, the m-CHP scenario delivers an NPV of
EUR 59,591.88 and an un-levered IRR of 27.32%, indicating a highly attractive investment.
When 70% of the capital expenditure is financed at 5.5% over 15 years (see Table 17),
the NPV increases by EUR 1619.51 to EUR 61,211.39. Thus, although servicing the debt
reduces gross cash flows, it amplifies the project’s risk-adjusted returns. Finally, the DPBP
is 12.1 years under the equity-financed scenario and 10.5 years under the debt-financed
scenario, indicating a shorter capital repayment horizon under the leveraged structure.
Table 15 presents a summary of the key financial performance indicators used to evaluate
the m-CHP investment scenarios in comparison to the BAU case.

Table 17. Summary of key financial performance indicators for the m-CHP investment scenario
compared to the BAU scenario.

Indicator Scenario

BAU m-CHP (Own-Funds) m-CHP (Loan)

LCC EUR 229,468.46 EUR 196,421.33 EUR 194,801.82
NPV - EUR 59,591.88 EUR 61,211.39
DPBP - 12.1 years 10.5 years

3.6. Sensitivity Analysis

While baseline projections assumed prices rising with inflation, a sensitivity analysis
investigating plausible variations in key cost drivers (i.e., diesel, grid electricity, biomass
costs, and RES electricity revenue) was also deemed necessary to provide additional insight
into their effect on the financial performance of the innovative micro-CHP system. Table 18
summarizes the sensitivity analysis scenarios and resulting key indicators (i.e., LCOE,
LCOH, LCC, NPV, and DPBP). Using the m-CHP system (own-funds case) as the base-
line, the main cost parameters were first varied individually within defined ranges to
evaluate their impact on overall system performance. Subsequently, two scenarios were
developed: one representing a condition more favorable to the m-CHP configuration and
another favoring the BAU setup. In these, the most influential parameters were adjusted by
approximately ±10% to reflect realistic shifts that would, respectively, benefit or challenge
each configuration.
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Table 18. Sensitivity analysis scenarios and resulting key indicators.

Sensitivity Analysis Scenario
LCOE

(EUR·kWhel
−1)

LCOH
(EUR·kWhhe

−1)
LCC (EUR) NPV (EUR)

DPBP
(Years)

Baseline

Diesel cost (EUR·L−1) 1.12

0.122 0.062 196,421.33 59,591.88 12.13Grid electricity cost (EUR·kWh−1) 0.1826
Biomass cost (EUR·kg−1) 0.40
RES electricity revenue (EUR·kWh−1) 0.1840

Varying
costs

Diesel cost (EUR·L−1) 0.90–1.15 0.122 0.062 196,421.33 20,071.70 to
127,854.00 >30 to 5.32

Grid electricity cost (EUR·kWh−1) 0.15–0.25 0.119 to 0.128 0.060 to 0.64 191,988.43 to
205,586.29 59,591.88 12.13

Biomass cost (EUR·kg−1) 0.30–0.50 0.100 to 0.144 0.050 to 0.072 160,931.09 to
231,911.58

95,082.12 to
24,101.63 7.41 to >30

RES electricity revenue (EUR·kWh−1) 0.15–0.25 0.122 0.061 196,421.33 54,791.75 to
68,909.77

13.22 to
10.43

m-CHP
favorable

Diesel cost (EUR·L−1) 1.232

0.112 0.056 179,736.83 96,505.05 7.06Grid electricity cost (EUR·kWh−1) 0.1643
Biomass cost (EUR·kg−1) 0.36
RES electricity revenue (EUR·kWh−1) 0.2024

BAU
favorable

Diesel cost (EUR·L−1) 1.008

0.132 0.066 213,105.84 14,292.6 >>30Grid electricity cost (EUR·kWh−1) 0.2009
Biomass cost (EUR·kg−1) 0.44
RES electricity revenue (EUR·kWh−1) 0.1062

Although some indicators, such as LCOE, LCOH, and LCC, remained nearly con-
stant in certain cases due to their definition and the system’s configuration, the sensitivity
analysis highlights that fuel-related parameters exert a stronger influence on the project’s
financial viability. Variations in diesel cost notably altered the DPBP from over 30 years
to as low as 5.3 years, revealing how changes in fuel price can strongly affect investment
attractiveness. Similarly, changes in biomass price significantly impacted both the levelized
costs and the NPV, demonstrating that the system’s profitability is highly dependent on
feedstock economics. In contrast, variations in grid electricity price and RES electricity
revenue had comparatively modest effects on overall performance, as their relative contri-
bution to total costs and revenues was smaller due to the energy exchange arrangement
with the grid.

In the m-CHP favorable scenario, the combination of a higher diesel price, slightly
lower grid cost, lower biomass price, and higher RES electricity revenue represents con-
ditions that favor the micro-CHP system. Under these assumptions, both the LCOE
and LCOH decrease, while the NPV rises substantially and the DPBP shortens to just
over 7 years. This demonstrates a strong improvement in system profitability and cost-
effectiveness, confirming that when RES and electricity revenues align favorably, the
micro-CHP configuration becomes highly competitive and financially robust. On the other
hand, the scenario representing conditions more advantageous to the conventional sys-
tem (BAU approach) results in poorer economic performance. This case yields higher
LCOE and LCOH values, a higher LCC, a substantially lower NPV, and an exceedingly
long payback period exceeding 30 years. These results clearly indicate that, under these
assumptions, the conventional configuration is less economically attractive compared to
the m-CHP alternative.

3.7. Environmental Aspects

Along with the generally positive assessment of the economic feasibility of the inno-
vative biomass-fired micro-CHP system for medicinal cannabis cultivation, the environ-
mental performance of the greenhouse facility also shows a significant improvement. The
transition from diesel to sustainably sourced biomass substantially reduces GHG emis-
sions. As presented in Table 19, replacing diesel with ENplus A1 wood pellets effectively
eliminates net fossil CO2 emissions (26.97 tCO2), resulting in an estimated reduction of
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approximately 26.33 tCO2-eq (97.3%) in reported GHG emissions, assuming the biomass is
sustainably sourced.

Table 19. Fuel characteristics, emission factors, and calculated greenhouse gas emissions for diesel
and wood pellet combustion.

Parameter Unit Diesel Fuel Wood Pellet Biomass

Fuel consumption kg 8707.71 20,602.99

Energy content kWh·kg−1 11.62 5.2
TJ·kg−1 4.18 × 10−5 1.87 × 10−5

Total energy used TJ 0.36 0.39
CO2 GWP a kg·TJ−1 74,100.00 112,000.00
NH4 GWP a kg·TJ−1 3.00 30.00
N2O GWP a kg·TJ−1 0.60 4.00
Emitted CO2 kg 26,972.40 0.00 b

Emitted CH4 kg 1.09 11.58
Emitted N2O kg 0.22 1.54
CO2 × GWP kg CO2-equivalent 26,972.40 0
CH4 × GWP c kg CO2-equivalent 30.58 324.24
N2O × GWP c kg CO2-equivalent 57.88 409.16
Total GHG
emissions kg CO2-equivalent 27,060.85 733.40

a IPCC 2006 defaults for stationary combustion on a net calorific basis [62]. b The biogenic CO2 emissions
from pellet combustion (≈43.2 tCO2) are not included in the net fossil totals, consistent with IPCC reporting
practice that considers CO2 from sustainably sourced biomass as biogenic and carbon-neutral, while exclud-
ing upstream supply-chain emissions from the combustion inventory. c GWP values are from the IPCC AR5
(CH4 = 28, N2O = 265).

Additional CO2 emission reductions can be attributed to RES electricity generation,
which is treated as avoided grid electricity production. Specifically, assuming an average
national grid carbon intensity of 269 gCO2·kWh−1 for 2024 [63], the avoided generation of
301.97 kWhel (Table 12) corresponds to approximately 81.23 kg of avoided CO2 emission,
resulting in a total of 27.01 tCO2.

3.8. Comparative Analysis of Alternative Energy Technologies for Greenhouse Applications

While not strictly comparable, the studied biomass-fired micro-CHP system appears
to occupy a middle ground in techno-economic performance relative to both innovative
and conventional technologies used in greenhouse settings. Although it offers a slower
payback than biomass systems providing only heating, the on-site electricity generation
could offset most purchased electricity and reduce exposure to grid price fluctuations.
Compared with heat pump (HP) options, it is more resilient in contexts where power tariffs
are high or drilling is costly. Unlike natural gas (NG) CHP, it avoids exposure to fossil fuel
price volatility and potential carbon-pricing schemes, while remaining financially attractive
in the modeled context.

More specifically, biomass heating-only options that use flue gases for soil or air
heating in greenhouses in China have demonstrated payback periods (DPBPs) of less
than three years when biomass is inexpensive [64]. Similar findings were reported for a
1000 m2 greenhouse in Crete, Greece, where a solid biomass boiler achieved a payback of
2.95 years [65]. An earlier Canadian study [66] also showed that installing a biomass boiler
to meet 40% of annual heating demand was more economical than using a natural gas
boiler to supply the full load. However, these systems do not produce electricity.

The economics of gas-engine CHP systems are primarily governed by the spark ratio
(i.e., the ratio of electricity price to natural gas price) and the potential to monetize CO2 for
enrichment. A pan-European analysis found that when the spark ratio exceeds 4, negative
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net heat costs can be achieved (i.e., the combined electricity and CO2 value exceeds the
fuel cost) [67]. Depending on operational strategy, daily dynamic optimization in Dutch
greenhouses equipped with CHP, boilers, HPs, thermal buffers, and aquifer storage reduced
energy costs by up to 29% compared to baseline grower dispatch [68].

For air-source heat pumps (ASHPs), measured Seasonal Coefficients of Performance
(SCOPs) between 1.5 and 3.0 can yield relatively short payback periods (around 5.5 years).
Ground-source heat pumps (GSHPs), while offering lower operating costs, typically have
paybacks of around 18 years unless cheap electricity or favorable geothermal condi-
tions are available [69,70]. Hybrid systems combining photovoltaic–thermal (PVT) pan-
els with GSHPs have achieved COPs of 3.38 and 78% heating cost savings relative to
kerosene, although their electricity generation offsets only 36.72% of HP electricity con-
sumption, and performance strongly depends on hydrogeological conditions and local
fuel benchmarks [71].

Finally, a recent feasibility study on greenhouse–fuel cell convergence systems reported
benefit–cost ratios of 0.62–0.65 for farmer-led models and 1.19–1.86 for utility-led mod-
els [72]. In that study, the fuel-cell CHP was benchmarked against geothermal HP green-
house systems, highlighting capital expenditure and policy support as decisive factors.

Beyond the reference case, biomass-ORC micro-CHP could be most advantageous in
colder climates or in places with long, steady heating seasons, where higher run hours
would increase annual electricity yield and shorten the payback period. In warmer climates,
PV/PVT-assisted, high-SCOP heat-pump architectures may outperform, particularly where
electricity tariffs are low. The micro-CHP configuration could also suit grid-constrained or
outage-prone locations, utilizing on-site generation, electricity storage, and modest thermal
buffering. A detailed, case-specific techno-economic assessment should be conducted
beforehand to assess performance, as investment costs can be substantial.

If biomass-ORC micro-CHP were widely adopted, potential benefits could arise at mul-
tiple levels. By substituting biomass, substantial fossil CO2 abatement could be achieved.
Moreover, where biomass residues are abundant, local bioenergy value chains and re-
gional circularity could be strengthened. However, using residual biomass rather than
certified pellets introduces quality risks (e.g., lower energy content, ash) and necessitates
the use of emission-certified boilers. This may also increase O&M needs (ash handling,
fouling control, periodic cleaning) and entail local air-quality compliance obligations.
Moreover, renewable-electricity production, paired with storage or a favorable intercon-
nection/metering arrangement, could considerably reduce exposure to electricity-price
volatility and improve the greenhouse sector’s resilience.

4. Conclusions

The techno-economic assessment of a biomass-fired micro-CHP system integrated with
an ORC unit for a medicinal cannabis greenhouse demonstrates clear financial advantages
over the conventional diesel-boiler configuration. For the greenhouse studied, the estimated
annual energy intensities are consistent with the recent literature on protected cannabis
cultivation once differences in operational practices and local climate are considered,
with an estimated annual heating demand of 224.58 kWhth·m−2 (91,065.20 kWhth), and
electricity use of 19.36 kWhel·m−2 (7839.90 kWhel). Over a thirty-year lifetime, the micro-
CHP scenario (80 kWth boiler retrofitted for biomass and a 7 kWel ORC engine) reduces the
life-cycle cost from EUR 229,468.46 to EUR 196,421.33 when fully equity-financed, and to
EUR 194,801.82 with 70% debt financing, representing savings up to approximately 14.4%.
These savings translate into a positive net present value of EUR 59,591.88 (own-funds) and
EUR 61,211.39 (leveraged), while the discounted payback period shortens from 12.1 years
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to 10.5 years under the debt-financed case. The internal rate of return of 27.32% under
all-equity financing further confirms the project’s attractiveness.

In addition to cost reductions, the micro-CHP configuration yields highly competitive
levelized costs of electricity (EUR 0.122·kWhel) and heat (EUR 0.062·kWhth). These figures
undercut typical retail electricity and natural-gas prices in Greece and compare favorably
to EU averages. Though the on-site generation of 8195.87 kWhel per year exceeds just by 4%
the greenhouse’s electricity requirements, it generates additional revenues for the producer.
From an environmental standpoint, switching from diesel to biomass, ideally sourced from
cannabis residue or local agricultural waste, reduces reliance on fossil fuels and lowers
CO2 emissions (27.01 tCO2 reduction) and total GHG emissions. When combined with
other best practices such as LED lighting, off-peak scheduling, and CO2 enrichment via
waste-heat recovery, the micro-CHP system advances the greenhouse toward a circular and
sustainable operation.

The study evaluates an innovative micro-CHP system in a high-value greenhouse
operation, providing insights into techno-economic performance, system optimization, and
environmental impact. Socially, it highlights tangible benefits in operational cost reduction,
energy autonomy, emission mitigation, and circular resource utilization, contributing to
more sustainable, resilient, and economically viable practices in the agricultural sector.
Biomass-ORC micro-CHP systems are well-suited to colder or grid-constrained sites with
long heating seasons and reliable biomass supply. At scale, they cut GHG emissions and
moderate power-price volatility, but require attention to feedstock quality, O&M practices,
air-quality compliance, and storage/safety requirements. Future research should focus
on dynamic control strategies and energy storage, both electrical and thermal, options
that optimize ORC operation under real-time thermal loads, undertake detailed life-cycle
carbon-footprint analysis, and evaluate at the techno-economic level the combined heat,
power, and CO2 utilization schemes in cannabis greenhouses.
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Abbreviations and Symbols

The following abbreviations and symbols are used in this manuscript:

Abbreviations
ASHP Air-Source Heat Pump
BAU Business-As-Usual
CCU Carbon Capture and Utilization
CEA Controlled Environment Agriculture
CHP Combined Heat and Power
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CMH Ceramic Metal Halide
COP Coefficient of Performance
DPBP Discounted Payback Period
EU European Union
GHG Greenhouse Gas
GSHP Ground-Source Heat Pump
GWP Global Warming Potential
HP Heat Pump
HPS High Pressure Sodium
HVAC Heating, Ventilation, and Air Conditioning

IPCC (AR5)
United Nations Intergovernmental Panel on Climate Change (5th
Assessment Report)

IRR Internal Rate of Return
ISO International Organization for Standardization
LCC Life Cycle Cost
LCOE Levelized Cost of Electricity
LCOH Levelized Cost of Heat
LED Light Emitting Diode
LHV Lower Heating Value
m-CHP Micro Combined Heat and Power
NCF Net Cash Flow
NG Natural Gas
MH Metal Halide
NPV Net Present Value
OM&R Operation, Maintenance, and Repair
ORC Organic Rankine Cycle
PLC Programmable Logic Controller
PV Photovoltaic
PVT Photovoltaic-Thermal
RES Renewable Energy Sources
RH Relative Humidity
SCOP Seasonal Coefficient of Performance
Symbols
Ac Cover and wall area
ael Cost allocation factor for electricity
Af Floor area
ahe Cost allocation factor for heat
CINV Initial investment cost
Cout,tot Total annual cost
CO Operating costs
CM Maintenance costs
CE End-of-life costs
Etot Total electricity generated over lifetime
Freqpu Pump operating frequency
Freqexp Expander operating frequency
f Radiation to latent heat conversion factor
Gh Solar radiation per square meter
H Greenhouse heating load per square meter
NCFBAU Net cash flow for BAU scenario
NCFm-CHP Net cash flow for m-CHP scenario
nel,ref Reference efficiency for electricity generation
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nhe,ref Reference efficiency for heat generation
Pel,pu Pump’s electrical power consumption
Pel,exp Expander’s electrical power output
Pnet,ORC Net electrical output of ORC
QCHP Total heat generated over system’s lifetime
.

Qh Total required heating load
r Discount rate
t Year index
Tcon,in Condenser inlet temperature
Ti,s Indoor air temperature (setpoint)
To Outdoor air temperature
U Overall thermal transmittance
� Reflectance coefficient of the interior
τ Permeability to solar radiation factor

Appendix A

Table A1. Experimental data on power generation of the ORC system at AUA.

Freqpu (Hz) Freqexp (Hz) Tcon,in (◦C) Pel,exp (kWel) Pel,pu (kWel)
Pnet,ORC

(kWel)

15 25 47.50 1.91 0.29 1.62
15 30 45.70 2.99 0.35 2.64
20 35 50.60 3.04 0.48 2.56
25 25 54.00 1.45 0.57 0.88
25 30 54.20 2.25 0.84 1.41
25 35 54.30 2.30 0.85 1.45
30 30 46.50 5.16 1.40 3.76
30 50 64.90 6.28 1.40 4.88
35 40 64.30 7.82 1.68 6.14
35 45 54.20 11.86 2.23 9.63
35 50 64.30 9.92 1.84 8.08
35 55 66.10 11.57 2.03 9.54
40 50 64.40 14.46 2.60 11.86
40 60 64.30 15.60 2.85 12.75
45 60 64.20 24.82 3.89 20.93

Table A2. Monthly estimations of thermal energy needs, operating hours, fuel supply, and electrical
energy generation for the micro-CHP and BAU scenarios.

Month
[Growing Period]

Thermal Energy
Demand (kWhth)

Micro-CHP
Operating
Hours (h)

Diesel
Supply (L)

Biomass
Supply (kg)

ORC Electrical Energy
Generation (kWhel)

March [GP1] 20,841.91 621.00 2386.73 4715.37 1875.77
April [GP1] 13,914.90 527.00 1593.47 3148.17 1252.34
May [GP1] 5205.69 421.00 596.13 1177.76 468.51
June [GP1] 871.84 206.00 99.84 197.25 78.47
September [GP2] 848.89 136.00 97.21 192.06 76.40
October [GP2] 6748.07 497.00 772.76 1526.71 607.33
November [GP2] 20,005.57 633.00 2290.95 4526.15 1800.50
December [GP2] 22,628.34 692.00 2591.30 5119.53 2036.55
TOTAL 91,065.20 3733.00 10,428.39 20,602.99 8195.87
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Table A3. Micro-CHP bill of materials and purchase costs.

Component Model Qty.
Unit Cost

(EUR)
Cost (EUR)

Refrigerant pump EDURAGGR LBM 406
A120 L/5.5 KW 1 pc. 6060.00 6060.00

Expander Hanbell ER-230 1 pc. 5488.00 5488.00
Evaporator SWEP V250ASHx120/1P 1 pc. 1550.00 1550.00
Condenser SWEP B250ASHx96/1P 1 pc. 1150.00 1150.00
Ball valve GMC 1.3/8′′ 1 pc. 46.80 46.80
Oil ball valve GMC 5/8′′ 1 pc. 19.94 19.94
Oil solenoid GMC 5/8′′ 1 pc. 46.80 46.80
Filter drier oil GMC 5/8′′ 1 pc. 9.66 9.66
Oil receiver Vertical 10Lt 1 pc. 130.00 130.00
Liquid receiver Horizontal 50Lt 1 pc. 260.00 260.00
Filter drier GMC 1.3/8′′ with cartridge 1 pc. 47.97 47.97
PHE water connections Victaulic 3′′ silicone gasket 4 pcs. 11.93 47.74
Safety valve GMC SV1/34 1 pc. 17.55 17.55
Suction line Copper tube 2.5/8′′ 2.10 m 47.97 100.74
Discharge line Copper tube 2.1/8′′ 1.32 m 37.44 49.42
Liquid line Copper tube 1.3/8′′ 3.17 m 18.34 58.15
Oil line Copper tube 5/8′′ 3.00 m 11.05 33.15
Pipe insulation Armaflex 9 mm Φ54 1.32 m 1.30 1.72
Rotalolock valve 1.3/8′′ (tube) in 1.3/4′′ (flare) 2 pcs. 14.82 29.64
Frame 1.90 × 0.80 × 0.81 m 1 pc. 2000.00 2000.00
Pump connections Flange JIS 1.1/2′′ 2 pcs. 7.44 14.87
Liquid indicator GMC 1.3/8′′ 1 pc. 17.55 17.55
Electric panel with PLC 0.6 × 0.6 × 0.25 m 1 pc. 6000.00 6000.00
TOTAL 23,179.70
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69. Nemś, A.; Nemś, M.; Świder, K. Analysis of the Possibilities of Using a Heat Pump for Greenhouse Heating in Polish Climatic
Conditions—A Case Study. Sustainability 2018, 10, 3483. [CrossRef]

70. Harjunowibowo, D.; Omer, S.A.; Riffat, S.B. Experimental Investigation of a Ground-Source Heat Pump System for Greenhouse
Heating–Cooling. Int. J. Low-Carbon Technol. 2021, 16, 1529–1541. [CrossRef]

71. Lee, C.G.; Kang, G.C.; Jang, J.K.; Yun, S.-W.; Moon, J.P.; Mun, H.-S.; Lagua, E.B. Efficacy of Hybrid Photovoltaic–Thermal and
Geothermal Heat Pump System for Greenhouse Climate Control. Energies 2025, 18, 5386. [CrossRef]

72. Lee, C.-S.; Shin, H.; Park, C.; Park, M.-L.; Choi, Y. Economic Feasibility Analysis of Greenhouse–Fuel Cell Convergence Systems.
Sustainability 2024, 16, 74. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

31



Article

Effect of Real Gas Equations on Calculation Accuracy of
Thermodynamic State in Hydrogen Storage Tank

Hao Luo 1,2,3,†, Qianqian Xin 4,†, Cenling Yao 1, Chenglong Li 1, Tianqi Yang 2,*, Xianhuan Wu 1,*,

Richard Chahine 3 and Jinsheng Xiao 2,3

1 School of Mechanical and Electrical Engineering, Wuhan Business University, Wuhan 430070, China;
hao.luo@whut.edu.cn (H.L.); wuhanycl@163.com (C.Y.); lichenglong@whut.edu.cn (C.L.)

2 School of Automotive Engineering, Wuhan University of Technology, Wuhan 430070, China;
jinsheng.xiao@uqtr.ca

3 Hydrogen Research Institute, Université du Québec à Trois-Rivières, Quebec, QC G8Z 4M3, Canada;
richard.chahine@uqtr.ca

4 School of Mechanical Engineering, Wuhan Vocational College of Software and Engineering (Wuhan Open
University), Wuhan 430070, China; xin11280429@whut.edu.cn

* Correspondence: tqyang@whut.edu.cn (T.Y.); wuxianhuan510@126.com (X.W.)
† These authors contributed equally to this work.

Abstract

The gas equation of state (EOS) serves as a critical tool for analyzing the thermal effects
within the hydrogen storage tank during refueling processes. It quantifies the dynamic
relationships among pressure, temperature and volume, playing a vital role in numerical
simulations of hydrogen refueling, the development of refueling protocols, and ensuring
refueling safety. This study first establishes a lumped-parameter thermodynamic model
for the hydrogen refueling process, which combines a zero-dimensional gas model with
a one-dimensional tank wall model (0D1D). The model’s accuracy was validated against
experimental data and will be used in combination with different EOSs to simulate hydro-
gen temperature and pressure. Subsequently, parameter values are derived for the van
der Waals EOS and its modified forms—Redlich–Kwong, Soave, and Peng–Robinson. The
accuracy of the modified forms is evaluated using the Joule–Thomson inversion curve. A
polynomial EOS is formulated, and its parameters are numerically determined. Finally, the
hydrogen temperatures and pressures calculated using the van der Waals EOS, Redlich–
Kwong EOS, polynomial EOS, and the National Institute of Standards and Technology
(NIST) database are compared. Within the initial and boundary conditions set in this study,
the results indicate that among the modified forms for van der Waals EOS, the Redlich–
Kwong EOS exhibits higher accuracy than the Soave and Peng–Robinson EOSs. Using
the NIST-calculated hydrogen pressure as a benchmark, the relative error is 0.30% for the
polynomial EOS, 1.83% for the Redlich–Kwong EOS, and 17.90% for the van der Waals
EOS. Thus, the polynomial EOS exhibits higher accuracy, followed by the Redlich–Kwong
EOS, while the van der Waals EOS demonstrates lower accuracy. This research provides a
theoretical basis for selecting an appropriate EOS in numerical simulations of hydrogen
refueling processes.

Keywords: hydrogen refueling; equation of state; Redlich-Kwong; van der Waals; high-
pressure hydrogen storage
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1. Introduction

Against the backdrop of the global energy sector’s accelerated transition towards
low-carbon and clean energy, hydrogen energy has emerged as a highly promising key
component of the future energy system. Its significant advantages, including diverse
sources, clean and pollution-free combustion products, and high energy density, have
led to broad application prospects in transportation, power generation, industrial pro-
cesses, and other fields, offering a new direction for addressing energy and environmental
challenges [1].

Hydrogen storage technology is a core segment of the hydrogen industry chain, and its
development level directly impacts the large-scale application and promotion of hydrogen
energy. Current mainstream hydrogen storage methods include high-pressure gas storage,
cryogenic liquid storage, and metal hydride storage. Among these, high-pressure gaseous
hydrogen storage has become the most widely adopted mainstream method due to its
simple structure, operational convenience, and relatively low energy consumption [2].
During high-pressure gaseous hydrogen refueling processes, the accurate determination
of state parameters such as temperature and pressure within the storage tank is crucial.
These parameters are key indicators for assessing the operational status of the hydrogen
storage tank and are core elements for ensuring the safety and stability of the refueling
process. However, under high-pressure conditions, the physical and chemical properties of
hydrogen deviate significantly from those of an ideal gas. Factors such as intermolecular
interactions and the volume of the molecules themselves exert a non-negligible influence on
the gas state. The traditional ideal gas equation of state (EOS) cannot accurately describe the
actual state of high-pressure hydrogen and is, therefore, unsuitable for directly calculating
parameters such as temperature and pressure within the storage tank [3].

The gas EOS serves as a critical tool for analyzing the thermal effects inside hydrogen
storage tanks during refueling. It quantifies the dynamic relationships between pressure,
temperature, and volume, and is indispensable for the numerical simulation of hydrogen
refueling, the development of refueling protocols, and safety assessments. Since van der
Waals proposed the first EOS accounting for intermolecular forces (VDW EOS) in 1873,
numerous researchers have conducted in-depth studies on gas EOS. The evolution of
EOS has moved from general-purpose to specialized, high-precision models. It begins
with concise but limited cubic equations (e.g., Van der Waals and the more advanced
Peng–Robinson), progresses to more complex multiparameter formulations (e.g., Benedict–
Webb–Rubin) for better accuracy, and culminates in modern Helmholtz free energy-based
equations (e.g., NIST Leachman). These state-of-the-art models, offering great accuracy
over wide ranges, are embedded in software like NIST REFPROP, signifying a shift from
hand calculations to digital tools [4]. Chen et al. [3] proposed a simplified real gas EOS for
hydrogen; compared against the National Institute of Standards and Technology (NIST)
reference data, it showed maximum errors of 1.1% and 3.8% within the temperature ranges
of 253 K to 393 K and 173 K to 393 K, respectively. Nasrifar et al. [5] employed eleven
different EOSs to predict various properties of standard hydrogen and identified the most
suitable models through comparison with experimental data. Bai-gang et al. [6] proposed a
high-precision EOS where the error in hydrogen consumption remained within 0.5% under
specific pressure and temperature ranges. Kontogeorgis et al. [4] discussed the capabilities,
limitations, current status, and future challenges of EOS, including those with general
applicability. Peng et al. [7] proposed a new simplified virial-type EOS—the Virial–Peng–
Long (VPL) EOS—where the third to fifth virial coefficients are expressed using empirically
fitted formulas. Bilgili et al. [8], through simulation analysis of different real gas and ideal
gas EOSs, found that different EOSs significantly impact the calculated tank temperature
and pressure, and the refueling time also varies slightly depending on the EOS used.
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As the technical requirements for hydrogen storage continue to increase, selecting an
appropriate gas EOS to calculate the thermodynamic state within hydrogen storage tanks
accurately has become a pressing issue in the field of hydrogen energy. This paper aims to
investigate the application of different gas EOSs in calculating the thermodynamic state
of high-pressure hydrogen storage tanks. Through a comparative analysis of results from
various EOSs, this study aims to provide a scientific basis for selecting the appropriate EOS
for practical engineering applications.

2. Development and Validation of a Hydrogen Storage Tank Model

2.1. Development of a Hydrogen Storage Tank Model

To investigate the effect of different gas EOSs on the calculation accuracy of tempera-
ture and pressure inside the storage tank, this study first establishes a zero-dimensional
gas and one-dimensional tank wall model (0D1D) for the hydrogen storage tank, as shown
in Figure 1. Experimental research in Ref. [9] indicates that the temperature distribution
within the tank is relatively uniform during the hydrogen refueling process. Therefore, it is
reasonable to treat the hydrogen gas zone as a zero-dimensional lumped-parameter model
during refueling. The tank wall is considered a multi-layer structure, with heat conduction
occurring sequentially through each radial layer. The temperature distribution within each
cylindrical layer is assumed to be uniform.

Figure 1. Zero-dimensional gas and one-dimensional tank wall model for the hydrogen storage tank.

During refueling process, the mass conservation of hydrogen can be expressed as [10]

dm
dt

=
.

min (1)

where m represents the mass of hydrogen in the storage tank (kg);
.

min represents the mass
flow rate of hydrogen (kg/s).

Heat exchange occurs between the hydrogen and the inner wall of the storage tank.
The energy conservation of hydrogen can be expressed as [11]

d(mu)
dt

=
.

minhin − αin Ain(T − Tw|x=0) (2)

where u represents the specific internal energy of hydrogen; hin represents the specific
enthalpy of the inflow hydrogen (J/kg); T and Tw|x=0 represent the temperature of the
hydrogen and the temperature of the inner wall of the tank (K), respectively; Ain represents
the surface area of the inner wall of the tank (m2); αin represents the heat transfer coefficient
between the hydrogen and the inner wall of the tank (W/m2/K); αin = 0.14λRedin

0.67/Din,
Redin is the Reynolds number; Redin = 4

.
min/(πμdin). λ and μ are the thermal conductivity

and dynamic viscosity of the hydrogen; Din and din are the inner diameter of the tank and
the inlet injector.
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Meanwhile, heat exchange occurs between the outer wall of the tank and the sur-
rounding ambient air. The energy conservation of the tank wall can be expressed as [11]

d(mwcwTw)

dt
= αin Ain(T − Tw|x=0)− αout Aout(Tw|x=L − Ta) (3)

where Tw represents the average temperature of the tank wall (K); cw represents the specific
heat capacity of the tank wall (J/kg/K); mw represents the mass of the tank wall (kg);
Tw|x=L and Ta represent the temperature of the outer wall of the tank and the ambient tem-
perature (K), respectively; αout represents the heat transfer coefficient between the outer wall
of the tank and the ambient (W/m2/K); aout = λair

(
0.4Re0.5

Dout
+ 0.06Re2/3

Dout

)
Pr0.4

air /Dout,
Prair = μaircpair /λair, ReDout = ρairvairDout/μair. Prair is the Prandtl number of the air; λair,
μair, cpair , ρair and vair are the thermal conductivity, dynamic viscosity, specific heat capacity
at constant pressure, density and velocity of the air, respectively; Dout is the outer diameter
of the tank; Aout represents the surface area of the outer wall of the tank (m2).

Heat exchange occurs internally inside the tank wall via thermal conduction. As
shown in Figure 1, the middle part of the elliptical hydrogen storage vessel is a hollow
cylinder, and both ends are hollow hemispheres. The wall thickness of the tank is much
smaller than its inner diameter, so that the curvature effect can be neglected. Therefore, the
one-dimensional radial problem in cylindrical or spherical coordinates can be simplified
to a flat-plate model in Cartesian coordinates. After discretizing the tank wall into 15
concentric layers, each thin layer can be treated as a planar unit. This approach is the same
as that used in Ref. [12]. The thermal conduction equations and the boundary conditions of
the tank wall can be expressed as [12]

k
∂2Tw

∂x2 = ρwcw
∂Tw

∂t
(4)

−k
∂Tw

∂x
|x=0 = αin(T − Tw|x=0) (5)

−k
∂Tw

∂x
|x=L = αout(Tw|x=L − Ta) (6)

where L represents the thickness of the tank wall (m); ρw represents the density of the tank
wall (kg/m3); k represents the thermal conductivity of the tank wall material (W/m/K).

Once the hydrogen temperature inside the tank is calculated, the hydrogen pressure
can be determined using real gas EOS. There are many types of real gas EOS, such as the
Abel-Nobel EOS, the van der Waals EOS, and its modified forms like Redlich–Kwong,
Soave, and Peng–Robinson. Another method is based on the database of the NIST, which
can be expressed as

p =
ZmRT
VMH2

(7)

where R represents the universal gas constant, with a value of 8.314 J/mol/K. MH2 rep-
resents the molar mass of hydrogen, with a value of 2.0159 × 10−3 kg/mol. p represents
the hydrogen pressure inside the tank (Pa). V represents the volume of the tank (m3). Z
represents the compressibility factor. λ, μ, λair, μair, cpair , ρair and Z can be obtained from
the database of the NIST.

2.2. Validation of the Hydrogen Storage Tank Model

Based on the MATLAB/Simulink (Version: 9.4.0.813654 (R2018a)) software platform,
the 0D1D numerical model of a storage tank for the hydrogen refueling process was
established. To verify the accuracy of the 0D1D numerical model of the hydrogen storage
tank, the physical parameters and experimental data of a 90.5 L hydrogen storage tank with
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a nominal working pressure (NWP) of 70 MPa from Ref. [13] were used for comparative
validation. The physical parameters of the tank are shown in Table 1, and the initial and
boundary conditions are presented in Table 2.

Table 1. Physical parameters of the hydrogen storage tank from the Ref. [13].

Parameter Physical Definition Value

L Length of the horizontal section of the tank (m) 0.58
Din Inner diameter of the tank (m) 0.434
Dout Outer diameter of the tank (m) 0.484
kwl Thermal conductivity of the tank wall liner (W/m/K) 0.4
kws Thermal conductivity of the tank wall shell (W/m/K) 0.53
cwl Specific heat capacity of the tank wall liner (J/kg/K) 1917
cws Specific heat capacity of the tank wall shell (J/kg/K) 942
ρwl Density of the tank wall liner (kg/m3) 954
ρws Density of the tank wall shell (kg/m3) 1442
din Diameter of the inlet injector in the tank (m) 0.006

Table 2. Initial and boundary conditions from the Ref. [13].

Parameter Physical Definition Value

T0 Initial hydrogen temperature (◦C) 1.9
Tw0 Initial tank wall temperature (◦C) 1.9
Ta Ambient temperature (◦C) 1.9
Tin Inlet temperature (◦C) 7.9
p0 Initial hydrogen pressure (MPa) 3

APRR Average pressure ramp rate (refueling rate) (MPa/s) 0.07

In our previous work [14], this 0D1D model underwent extensive validation. The
simulation results agree well with the experimental data, as illustrated in Figure 3 of
Ref. [14], further substantiating the validity of the one-dimensional thermal conductivity
model for the elliptical hydrogen storage vessel.

3. Thermodynamic States in Storage Tank Calculated by Different EOSs

During the hydrogen refueling process, the pressure of hydrogen inside the tank is
high. Under these conditions, using the ideal gas EOS will lead to significant errors, and
a real gas EOS should be employed instead. Many types of real gas EOS can be used for
hydrogen. A detailed review of the main has been conducted, and the limitations and
advantages of each EOS have been identified, as shown in Table 3. Moreover, we conducted
further analysis on several representative EOSs among them.

Table 3. The main real gas EOSs used for hydrogen and their limitations and advantages.

Equation Name Mathematical Expression Advantages Limitations

Van der Waals EOS (1873)
[15] p = RT

v−b − a
v2

First real gas EOS; simple
form; qualitatively explains
deviations from ideal gas

Low accuracy; large errors
for hydrogen

Redlich–Kwong EOS (1949)
[16] p = RT

v−b − a√
Tv(v+b)

Improved applicability at
high temperatures;
relatively simple

Large deviations at high
pressure and low
temperature; poor accuracy
for hydrogen
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Table 3. Cont.

Equation Name Mathematical Expression Advantages Limitations

Soave–Redlich–Kwong
EOS (1972) [17] p = RT

v−b − aα
v(v+b)

Introduces
α = 1.202e(−0.30288Tr),
improves vapor–liquid
equilibrium calculations;
widely used in engineering

Limited accuracy; not ideal
for hydrogen under high
pressure

Peng–Robinson EOS (1976)
[18] p = RT

v−b − a
v2+2bv−b2

Relatively accurate at
medium and high
pressures; widely used in
gas storage and
transportation

Deviations near the critical
point; insufficient for light
molecules like hydrogen

Benedict–Webb–Rubin
EOS (BWR, 1940s) [19]

P = RTρ

+
(

B0RT − A0 − C0
T2

)
ρ2

+ . . .

High accuracy over wide
ranges; applicable for
hydrogen experimental
data fitting

Complex form with many
parameters; inconvenient
in engineering applications

Virial EOS [7] Z = 1 + B(T)
v + C(T)

v2 + . . .

Extremely accurate at low
pressures; coefficients
directly determined by
experiments

Invalid at high pressures;
cannot describe phase
transitions

Lee–Kesler EOS (1975) [20] Z = Z(0) +ω
(

Z(1) − Z(0)
) Widely used in

engineering; simple and
practical; suitable for light
gases approximate
calculation

Corresponding states
approximation; limited
accuracy for hydrogen
under extreme conditions

NIST Leachman EOS (2009)
[21]

Multiparameter form
based on Helmholtz free
energy

Developed specifically for
hydrogen; very high
accuracy; valid for
14–1000 K, P ≤ 2000 MPa

Complex expression;
requires software support

GERG-2008 EOS (Kunz &
Wagner, 2008) [22]

Multiparameter Helmholtz
energy form, developed for
natural gas and mixtures

Applicable to hydrogen
and hydrogen mixtures;
high accuracy; widely used
in transport engineering

Slightly less specialized for
pure hydrogen compared
to Leachman EOS

IAPWS Hydrogen EOS
(2002) [23]

Multiparameter form
based on Helmholtz free
energy

International standard
EOS; wide T–P coverage

Complex formulas;
inconvenient for direct
engineering use

NIST REFPROP Database
[24]

Integrated multiparameter
EOS (e.g., Leachman EOS
for hydrogen)

Most widely used in
research and engineering;
supports pure hydrogen
and mixtures; directly
computes thermodynamic
properties

Commercial software
requiring license; no
simple closed-form
expressions

3.1. van der Waals Equation of State

A famous and influential real gas EOS is the van der Waals EOS:

p =
RT

v− b
− a

v2 (8)

where a and b are the parameters, v is the molar volume of hydrogen (m3/mol). At the
critical point of the substance, where T = Tc, p = pc and v = vc (Tc, pc, and vc represent
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the critical temperature, critical pressure, and critical molar volume of the substance), the
following conditions hold: (∂p/∂v)T = 0 and

(
∂2 p/∂v2)

T = 0. Thus, we can obtain

2a
v3 −

RT

(v− b)2 = 0 (9)

2RT

(v− b)3 −
6a
v4 = 0 (10)

Then, at the critical point, solving Equations (8)–(10), it can be calculated that
pc = a/27b2, vc = 3b, Tc = 8a/27Rb. Combining critical thermodynamic param-
eters of hydrogen obtained experimentally, namely Tc = 33.3 K, pc = 1.28 × 106 Pa,
vc = 6.5 × 10−5 m3/mole [25], it can be calculated that a = 25.2 J·m3/kilomole2,
b = 0.027 m3/kilomole.

3.2. Modified Forms for van der Waals Equation of State

To further improve the accuracy of the gas EOS, many modified forms for van der
Waals EOSs have been proposed. Among them, the modifications of Redlich–Kwong,
Soave, and Peng–Robinson are widely used.

The modified form of Redlich–Kwong can be expressed as [8]

p =
RT

v− b
− a√

Tv(v + b)
(11)

The modified form of Soave can be expressed as [8]

p =
RT

v− b
− aα

v(v + b)
(12)

where α = 1.202e(−0.30288Tr).
The modified form of Peng–Robinson can be expressed as [8]

p =
RT

v− b
− a

v2 + 2bv− b2 (13)

Referring to the method adopted for Equation (8), the expressions for parameters a
and b in the Redlich–Kwong, Soave, and Peng–Robinson EOSs were solved. The results
are shown in Table 4. By substituting the experimentally obtained critical temperature
Tc = 33.3 K, critical pressure pc = 1.28 × 106 Pa, and critical molar volume
vc = 6.5 × 10−5 m3/mole of hydrogen into the expressions for parameters a and b in
Table 4, the experimental values of a and b can be calculated.

Table 4. Parameter values in different modified forms for van der Waals equation of state.

Type
Parameter a Parameter b

R2

Expression Exp-Value Fitted Value Expression Exp-Value Fitted Value

R-K 0.42748R2T2.5
c /pc 1.477 × 10−1 1.690 × 10−1 0.08662RTc/pc 1.874 × 10−5 1.874 × 10−5 0.99

Soave 0.427487T2
c /pc 3.703 × 10−4 3.239 × 10−2 0.08664RTc/pc 1.874 × 10−5 1.874 × 10−5 0.99

P-R 0.45724R2T2
c /pc 2.738 × 10−2 2.249 × 10−2 0.07780RTc/pc 1.683 × 10−5 1.683 × 10−5 0.99

The Joule–Thomson inversion curve is a highly sensitive test for EOS, particularly
near the critical point. It can therefore be used to evaluate the parameters in different forms
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of the EOS. The Joule–Thomson inversion curve data for hydrogen are from the National
Aeronautics and Space Administration (NASA) Technical Note D-6807 (1972) [26]:

pr =
6

∑
i=0

AiTi
r (14)

where Tr, pr, and vr are the dimensionless form of reduced temperature, reduced pressure,
and reduced molar specific volume (Tr = T/Tc, pr = p/pc, vr = v/vc). A0 = −15.5988252,
A1 = 26.0321395, A2 = −9.7459013, A3 = 2.4207304, A4 = −0.49105816, A5 = 0.05932495, and
A6 = −0.002913248.

Set the range of Tr from 0.9 to 6.28 with a step size of 0.01. This range ensures that both
the temperature and pressure of hydrogen calculated by Equation (14) are positive. The
Joule–Thomson inversion curve can be calculated using Equation (14). By combining the
experimentally obtained critical temperature, critical pressure, and critical molar volume
of hydrogen, the corresponding value of vr for the Joule–Thomson inversion curve can
be calculated. Furthermore, since T = TrTc, p = pr pc, and v = vrvc, a three-dimensional
spatial curve of (p, v, T) can ultimately be plotted, as shown by the black curve in Figure 2a,
which can be regarded as standard data for the real gas EOS.

Figure 2. Fitting results for modified van der Waals EOSs using the Joule–Thomson inversion curve.
(a) Fitted curve in three-dimensional space. (b) Projection of the three-dimensional fitted curve onto
the p–T plane.
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The Redlich–Kwong EOS, Soave EOS, and Peng–Robinson EOS were used to fit the
black curve in Figure 2a. During the fitting process, the value of parameter b was fixed to
the experimental value listed in Table 4 to facilitate comparison between the fitted value
and the experimental value of parameter a. The parameter values determined by the fitting
are shown as the fitted values in Table 4.

Table 4 shows that the R2 obtained from fitting the three EOS are all greater than or
equal to 0.99, indicating that the fitting process is accurate and reliable. The comparison
between the fitted and experimental values of parameter a in Table 4 reveals that the
relative error of parameter a in the Redlich–Kwong EOS is smaller. Figure 2b visually
demonstrates that the fitted curve of the Redlich–Kwong EOS is closer to the standard
Joule–Thomson inversion curve. Therefore, this study selects the Redlich–Kwong EOS for
further research. Using the experimental values of parameters a and b, the specific form of
the Redlich–Kwong EOS is determined as

p =
RT

v− 1.874× 10−5 −
1.477× 10−1

√
Tv(v + 1.874× 10−5)

(15)

where p is the pressure of hydrogen (Pa), T is the temperature of hydrogen (K), v is the
molar volume of hydrogen (m3/mol), and R is the universal gas constant, with a value of
8.314 J/mole/K.

3.3. Polynomial Equation of State

Bourgeois and his collaborators argued that employing calculations based on the
NIST database appears more suitable for simulating high-pressure hydrogen refueling
processes than any other types of EOS [27]. However, data acquisition from the NIST
database requires real-time table lookup operations, and the data are not presented in
an explicit analytical form. In view of this, to enhance the convenience and efficiency of
data usage, it is necessary to explore and develop a reliable equation that can directly
represent NIST data in an explicit analytical form. This equation can be expressed as
a polynomial, utilizing different parameter values to represent various thermophysical
properties of hydrogen. The parameter values can be determined by fitting against data
generated from the NIST database. This polynomial EOS will be a high-performance
computational model specifically designed for hydrogen. Its customized architecture
enables it to reproduce reference data within the target range accurately. Compared to
the complex reference equations used in NIST REFPROP, its explicit polynomial structure
offers a significant computational efficiency advantage, making it particularly suitable for
numerical simulation scenarios that require high-frequency, high-precision thermodynamic
calculations. First, the polynomial form of the EOS can be defined as

p =
N

∑
i=0

N−i

∑
j=0

aijTiρj + d (16)

where ρ represents the density of hydrogen (mol/L), T represents the temperature of
hydrogen (K), and p represents the pressure of hydrogen (MPa). aij and d are the parameters.
When N = 5, the specific form of the polynomial EOS (Equation (16)) is given by

p = a00T0ρ0 + a01T0ρ1 + a02T0ρ2 + a03T0ρ3 + a04T0ρ4+

a05T0ρ5 + a10T1ρ0 + a11T1ρ1 + a12T1ρ2 + a13T1ρ3+

a14T1ρ4 + a20T2ρ0 + a21T2ρ1 + a22T2ρ2 + a23T2ρ3+

a30T3ρ0 + a31T3ρ1 + a32T3ρ2 + a40T4ρ0 + a41T4ρ1 + a50T5ρ0 + d

(17)
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The hydrogen temperature varied from 223.15 K to 373.15 K in increments of 2 K, while
the hydrogen pressure varied from 0.1 MPa to 100.1 MPa in increments of 2 MPa. Different
combinations of temperature and pressure were employed, resulting in 3876 distinct
hydrogen temperature–pressure data pairs. Calculations based on the NIST database were
performed to obtain 3876 corresponding sets of (p, T, ρ) data. These data were used to fit
the polynomial EOS (Equation (17)), and the parameter values are presented in Table 5.

Table 5. Parameter values in the polynomial equation of state.

Parameter Values (R2 = 0.998)

a00: 0 a01: −1.185 × 102 a02: 3.744 a03: −8.399 × 10−2 a04: 1.157 × 10−3

a05: −6.779 × 10−6 a10: −3.512 × 10 a11: 1.325 a12: −2.807 × 10−2 a13: 3.811 × 10−4

a14: −2.353 × 10−6 a20: 2.094 × 10−1 a21: −5.506 × 10−3 a22: 7.174 × 10−5 a23: −4.348 × 10−7

a30: −6.217 × 10−4 a31: 1.026 × 10−5 a32: −6.150 × 10−8 a40: 9.188 × 10−7 a41: −7.177 × 10−9

a50: −5.408 × 10−10 d: 2.346 × 103

3.4. Pressure in Hydrogen Storage Tank Calculated by Different Equations of State

Based on the validated 0D1D model described above, simulation studies were con-
ducted using the van der Waals EOS, Redlich–Kwong EOS, the polynomial EOS, and the
NIST database-based method. For all cases, the refueling time was set to 3 min, which
is the recommended refueling time for light-duty fuel cell vehicles according to the SAE
J2601 hydrogen refueling protocol. The calculation results indicate that the choice of EOS
has a minor impact on the computed hydrogen temperature but a significant effect on the
computed hydrogen pressure.

Figure 3 compares the hydrogen pressure calculated using different forms of the EOS.
Figure 3a shows that when using the final hydrogen pressure calculated based on the NIST
database as the benchmark, the relative error of the final hydrogen pressure calculated by
the polynomial EOS is 0.30%, while it is 1.83% for the Redlich–Kwong EOS, and 17.90% for
the van der Waals EOS. This indicates that the polynomial EOS aligns most closely with
the NIST-based calculations, whereas the van der Waals EOS exhibits lower accuracy. The
Redlich–Kwong EOS, a modified form of the van der Waals EOS, demonstrates higher
accuracy than the van der Waals EOS, suggesting that the modifications have improved
upon the original van der Waals EOS to some extent.

Figure 3b shows a similar trend to Figure 3a, but the final hydrogen pressure in
Figure 3b is higher. The relative error between the van der Waals EOS and the NIST data
is 34.57%, which is greater than the error observed in Figure 3a. This indicates that as
the hydrogen pressure inside the tank increases, the deviation in the pressure calculated
using the van der Waals EOS becomes more significant. In summary, due to the high
hydrogen pressures encountered during the refueling process, using the NIST database-
based calculations or the polynomial EOS can help reduce computational errors. Although
the polynomial EOS offers high accuracy, it involves more coefficients and a relatively
complex form. The Redlich–Kwong EOS provides relatively high accuracy with fewer
parameters and a simpler form.
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Figure 3. Hydrogen pressure calculated using different EOSs under varying inlet temperatures and
mass flow rates. (a) Inlet temperature of −10 ◦C, mass flow rate of 10 g/s. (b) Inlet temperature of
20 ◦C, mass flow rate of 16 g/s.

4. Conclusions

This study established and validated a zero-dimensional gas and one-dimensional
tank wall model (0D1D) for a hydrogen storage tank. The parameter values in the van der
Waals equation of state (EOS) and its modified forms (Redlich–Kwong, Soave, and Peng–
Robinson) were calculated using mathematical methods. The accuracy of the modified
forms for van der Waals EOS was examined using the Joule–Thomson inversion curve. A
polynomial EOS was constructed, and the values of its parameters were determined. The
hydrogen temperature and pressure calculated by the van der Waals EOS, the Redlich–
Kwong EOS, and the polynomial EOS were compared against those calculated based on
the NIST database. Within the scope of the initial conditions and boundary conditions set
in this study, the results are as follows:

(1) A lumped-parameter thermodynamic model integrating a zero-dimensional gas
model and a one-dimensional tank wall model (0D1D) was developed for simu-
lating the hydrogen refueling process. The model demonstrates high accuracy, as
validated through comparative analysis with experimental data.

(2) Among the modified forms for van der Waals EOS (Redlich–Kwong, Soave, and Peng–
Robinson), the fitting curve of the Redlich–Kwong EOS more closely approximates
the Joule–Thomson inversion curve, implying that the Redlich–Kwong EOS exhibits
higher accuracy than the Soave and Peng–Robinson EOSs.
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(3) Using the final hydrogen pressure calculated by the NIST database as the benchmark,
the relative error of the polynomial EOS is 0.30%, followed by 1.83% for the Redlich–
Kwong EOS, and 17.90% for the van der Waals EOS. This indicates that the polynomial
EOS exhibits higher accuracy, followed by the Redlich–Kwong EOS, while the van
der Waals EOS demonstrates lower accuracy.

This research provides a theoretical basis for selecting an appropriate EOS in the
numerical simulation of the hydrogen refueling process. Moreover, the van der Waals
EOS and its modified forms (Redlich–Kwong, Soave, Peng–Robinson) in this article are all
mean-field EOSs. However, hydrogen in practical settings may operate near metastable
or near-spinodal conditions, where mean-field EOS become unreliable and fluctuations
materially affect dynamics and control phase behavior [28]. Future work will incorporate
intermolecular interactions details and thermal hydrodynamic fluctuations to extend the
applicability of the current model.
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Featured Application: This work focuses on the integration of wave energy convert-

ers (WECs) with energy storage systems (ESS) for grid-connected renewable energy

applications. By leveraging ESS, the approach reduces the impact of power fluctuations

inherent to ocean waves, enhancing the reliability of energy delivery. The proposed

forecasting-enhanced filtering strategies can be applied to WEC farms with ESS and

allow for optimized (reduced) ESS sizing while maintaining equivalent levels of power

smoothing. It is worth mentioning that this approach is inherently scalable and its

effectiveness is not limited by the size of the farm. In fact, as the number of WEC

units increases, the natural cancellation of power fluctuations between units can further

reduce storage requirements, even without enhanced forecasting strategies, making the

method applicable to larger-scale deployments.

Abstract

This paper presents a power smoothing strategy for wave energy converters (WECs) by means
of energy storage systems (ESS) with integrated forecasting filtering algorithms applied to their
control. The oscillatory nature of wave energy leads to high variability in power output, posing
significant challenges for grid integration. A case study in Tenerife, Spain, was modeled in
MATLAB-Simulink (release r2020b) to evaluate the impact of prediction-enhanced smoothing
filters on ESS sizing. Various forecasting algorithms were assessed, including Bayesian Neural
Networks, ARMA models, and persistence models. The simulation results demonstrate that
the use of forecasting algorithms substantially reduces energy storage requirements while
maintaining grid stability. Specifically, the application of Bayesian Neural Networks reduced
the required ESS energy by up to 36.52% compared to traditional filters. In a perfect prediction
scenario, reductions of up to 53.91% were achieved. These results highlight the importance of
combining appropriate filtering strategies with advanced forecasting techniques to improve
the technical and economic viability of wave energy projects. The paper concludes with a
parametric analysis of moving average filter windows and prediction horizons, identifying the
optimal combinations for different sea conditions. In summary, this study provides practical
information into reducing the storage capacity required for power smoothing in wave energy
systems, thereby contributing to the mitigation of grid integration challenges that may arise
with the large-scale deployment of marine renewable energy.

Keywords: wave energy; energy storage systems; forecasting filtering; Bayesian neural
networks; grid integration
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1. Introduction

The global potential of wave energy remains highly significant and largely untapped,
with an estimated 2.1 TWh available in open waters [1]. This is one of the main reasons
for the growing interest in the field, both at academic and industrial levels. In fact, wave
energy represents a key component in strategies for the energy transition and sustainable
development, as highlighted in the EU Blue Economy Report 2025 [2]. Several studies have
examined the influence of technical, economic, and political aspects [3,4] in enabling wave
energy to become a feasible option within the global energy generation mix in the near
future. Such interest has led to substantial funding efforts; for instance, European R&D
programs in ocean energy were estimated to have reached €0.85 billion by 2018 [5]. By 2050,
ocean energy is projected to contribute up to 100 GW of installed capacity, equivalent to
approximately 10% of the European electricity consumption in 2019 [6]. Beyond electricity,
it is also worth mentioning that the combination of water resources and wave energy is a
practical reality. The proximity between these resources has prompted studies on seawater
desalination processes powered directly by wave energy, demonstrating the potential for
integrating marine renewable energy into water management applications [7–9]. These
potentials is particularly relevant within the European decarbonization framework, as
achieving the 2050 climate targets will require zero-emission electricity generation.

To reach this objective, demand management, energy storage, and the deployment of
all flexible renewable energy sources—among them ocean energy—will be necessary [10].
In this context, the Strategic Research and Innovation Agenda (SRIA) on ocean energy [11]
has identified several priority topics and associated actions, such as “Demonstrate delivery
of grid-compliant power including short-term energy storage solutions to smooth power
output when needed.” This priority is directly linked to the grid integration challenges
arising from the fluctuating power output of Wave Energy Converters (WECs). Due to
the oscillatory nature of ocean waves, the power generated typically exhibits high peak-to-
average ratios, with oscillation periods on the order of several seconds, and may include
zero crossings during each cycle [12–14]. Although a proper spatial distribution of WECs
in a wave farm can reduce power oscillations, this measure alone is insufficient to fully
overcome grid integration issues [15–17]. Such issues stem from the fact that oscillations in
power generation lead to transient imbalances between supply and demand in the electrical
grid, which then trigger corrective mechanisms [18–20]. On the one hand, these oscillations
cause deviations in grid frequency due to the instantaneous mismatch between generated
and consumed power. These deviations must remain within the limits defined by each
grid code. Moreover, for a given power imbalance, frequency oscillations tend to be more
severe in weaker electrical grids with lower system inertia [21]. Island systems appear to be
particularly suitable for wave energy deployment, given their proximity to the resource and
the typically higher electricity prices compared to continental systems [22]. However, these
island grids are often electrically weak due to their smaller scale, which exacerbates the
impact of power oscillations [23]. On the other hand, the activation of frequency regulation
mechanisms enhances conventional generators (e.g., thermal or hydroelectric plants) to
operate more frequently, increasing mechanical fatigue and component wear [19,24]. In
such contexts, rapid-response energy storage solutions can play a crucial role by absorbing
short-term imbalances, thereby supporting grid stability and reducing mechanical stress
on conventional generators. Therefore, to address these issues, the integration of energy
storage systems—either standalone or hybrid configurations—into wave energy generation
systems has been proposed [25]. Beyond the technical role of the energy storage systems,
these systems are increasingly recognized as key enablers of the global energy transition,
with non-negligible implications for sustainability and environmental performance. The de-
ployment of these technologies must therefore be assessed not only in terms of operational
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efficiency, but also with respect to their lifecycle impacts, including resource extraction,
manufacturing, and recycling [26,27].

These storage systems can mitigate grid integration challenges by implementing
power smoothing strategies, typically based on filtering algorithms [28,29]. Preliminary
studies have shown that using forecasting filtering algorithms can reduce the required
storage capacity, and that fast-response storage technologies such as supercapacitors [30,31]
or flywheels (possibly complemented by battery systems to handle intra-day variations
in hybrid storage systems) are particularly well-suited for this purpose [32]. Additionally,
fast-response storage can alleviate battery aging and reduce the wear of conventional power
plants involved in frequency regulation [33]. While several studies have addressed the
development of forecasting algorithms for conventional renewables [34,35], similar efforts
exist for wave energy systems as well. However, in this domain, forecasting strategies
typically aim at enhancing energy-extraction control algorithms by forecasting force-related
variables [36–38] over short time horizons (few seconds). Some studies have addressed
wave resource forecasting using Long Short-Term Memory (LSTM) neural networks com-
bined with modal decomposition techniques [39], have focused on predicting power output
through adjusted power matrices and Bi-directional LSTM (BiLSTM) architectures com-
bined with Convolutional Neural Networks (CNNs) [40] or focused on predicting sea
conditions in order to plan actions on offshore systems [41].

The algorithm proposed in this work, however, is based on Bayesian Neural Networks
and focuses on forecasting the power output, with time horizons ranging from a few
seconds up to the typical wave period (8–14 s). Regarding the application of forecasting
algorithms in renewable energies such as solar and wind, although primarily aimed at
improving grid integration, the focus is typically on longer time horizons, centered on
resource forecasting for participation in electricity markets, plant planning, and operation,
where “short-term” horizons are generally defined as periods below 4 h [42,43]. On the
other hand, while there are also applications of long-term resource forecasting in wave
energy [44], the main focus has been on maximizing the energy extracted from waves,
given the non-causal nature of these systems, which operate over very short horizons of
only a few seconds (i.e., below 4 s) [45–47]. Additionally, some studies have explored
power smoothing in wave energy systems; however, these are mainly preliminary works
addressing different storage technologies and proof-of-concept analyses of the capability
of ESS to smooth power output, considering batteries [48], supercapacitors [31], or hybrid
systems combining both [49]. It is worth noting that a few studies [50] have applied
forecasting algorithms to wave energy power smoothing, although in those cases the
objective was mainly to limit the generated power to reduce oscillations while controlling
the ESS state of charge. In contrast, the present work specifically develops a forecasting-
based algorithm for power smoothing and investigates the ability of forecasting strategies
to reduce ESS sizing requirements within this control framework, thereby justifying the
integration of forecasting and demonstrating its practical design advantages.

The methodology builds on previous work conducted to (1) design a suitable WEC
for a specific location (northern coast of Tenerife, Canary Islands, Spain) [51]; (2) opti-
mize the spatial layout of WECs within a wave farm to minimize power oscillations [52];
and (3) evaluate the grid impact of the wave farm’s integration, including an assess-
ment of the maximum admissible power oscillations for the electrical system [23]. Based
on these foundations and using the same case study, a power prediction algorithm is
developed and integrated into a power smoothing strategy. A comparative analysis is
carried out involving simpler computational approaches—such as persistence and ARMA
models—in order to justify the use of neural networks. Finally, results are presented com-
paring scenarios with and without forecasting algorithms, showing the corresponding
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power and energy requirements for the storage systems as well as the achieved power
smoothing performance.

2. Methodology

The mathematical model used to analyze the case study has been developed using MATLAB-
Simulink software (release r2020b). The model consists of the following components:

• A WEC model (prime mover + PTO), which allows for the evaluation of the electrical
power output profile of a single WEC under a given sea state. This model accounts for
the relative position of the WEC with respect to other devices and for the directional
characteristics of the incident waves. This enables the aggregation of individual power
profiles to determine the total output of a wave energy farm (see Section 2.1).

• An energy storage system model, coupled with a power smoothing control algorithm.
In this case study, the storage system is modeled as an “agnostic” energy storage unit,
and a moving average filter is used as the smoothing algorithm (see Section 2.2).

• A forecasting algorithm, which complements the power smoothing control algorithm
of the storage system by enabling the estimation of the real-time moving average filter
(MAF) using past power output samples and predicted values as future samples (see
Section 2.3).

2.1. Description of the WEC and Wave Farm Model

This work is framed within a case study focused on the integration of a wave energy
farm (WF) into the electrical grid of an island power system. The wave energy installation
is assumed to be located on the northern coast of Tenerife and is electrically connected to
the island’s grid. Several projects have been developed in this region [53–55] due to its
significant wave energy potential [56], estimated within the range of 20–70 kW/m. The
main characteristics of the WF are summarized as follows:

• Ocean wave data are obtained as described in Section 2.1.1, considering the WF
location at latitude 28.4◦ N and longitude 17◦ W.

• The primary WEC device is a point absorber with a peak power output of 160 kW. The
Power Take-Off (PTO) system consists of a direct-drive linear electric generator rated
at 160 kW.

• The WF is composed of 15 groups of WEC units arranged in 9 rows following a
triangular layout.

The complete mathematical model of the wave farm (denoted as WFM) is parame-
terized according to the characteristics of the WEC device (Section 2.1.2) and the spatial
layout of the WF (Section 2.1.3). The model outputs the electric power profile based on the
ocean resource conditions provided as input (Section 2.1.1).

2.1.1. Wave Resource Conditions

As previously mentioned, this case study is based on Tenerife Island, one of the seven
main islands of the Canary Islands (Spain). The metocean data used are derived from the
numerical dataset corresponding to the so-called SIMAR points [57]—specifically point
1012013 (see location in Figure 1a and wave contingency diagram in Figure 1b).
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(a) (b)

Figure 1. (a) Location of the WF (source: http://www.puertos.es/es-es/oceanografia/Paginas/
portus.aspx—accessed in 1 September 2025); (b) wave contingency diagram showing the annual
occurrence of various sea states, characterized by peak period (Tp) and significant wave height (Hs).
The four sea states selected and detailed in Table 1 are highlighted with magenta cross markers, and
the corresponding wave power per unit of wave front (Pj [14]) is indicated by contour lines in white.

Table 1. Wave conditions considered in this study.

No. Case Hs [m] Tp [s] αW [◦] Pj [kW/m]

CASE 1 1.5000 8.0000 0 7.63
CASE 2 1.5000 10.5000 0 10.02
CASE 3 2.0000 8.0000 0 13.57
CASE 4 2.0000 10.5000 0 17.81
CASE 5 1.5000 8.0000 15 7.63
CASE 6 1.5000 10.5000 15 10.02
CASE 7 2.0000 8.0000 15 13.57
CASE 8 2.0000 10.5000 15 17.81
CASE 9 1.5000 8.0000 30 7.63
CASE 10 1.5000 10.5000 30 10.02
CASE 11 2.0000 8.0000 30 13.57
CASE 12 2.0000 10.5000 30 17.81
CASE 13 1.5000 8.0000 45 7.63
CASE 14 1.5000 10.5000 45 10.02
CASE 15 2.0000 8.0000 45 13.57
CASE 16 2.0000 10.5000 45 17.81

The relevant information available includes the significant wave height (Hs [14]),
the peak period of the wave energy spectrum (Tp [14]), and the main wave propagation
direction (αW). Figure 1b presents the annual occurrence of various sea states, charac-
terized by their peak period (Tp) and significant wave height (Hs). The four sea states
selected—based on Tp and Hs—in Table 1, correspond to those most significant in terms
of occurrence, wave energy, and suitability with the WEC device (which is detailed in the
following subsection), providing a representative basis for the analysis of wave energy
potential and storage requirements. Based on several years of data, 16 representative
sea states for the present analysis are selected, and a synthetic wave elevation profile is
generated across the spatial domain of the WEC farm. This profile accounts for Hs, Tp, and
αW, as well as the frequency spectrum and directional spreading of the wave energy [14].
The 16 selected cases correspond to the permutations of two values for Hs, two for Tp,
and four for αW, as summarized in Table 1. Additionally, to provide context and facilitate
interpretation, Table 1 presents the wave energy per unit wave front (Pj [14]).
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2.1.2. WEC Model

The WEC model corresponds to a two-body point absorber whose dimensions result
from an optimization procedure aimed at maximizing the extracted energy for the selected
location, following the methodology described in [51]. The dimensions of the device are
shown in Figure 2. In [51], a differential evolution optimization algorithm was employed to
determine the dimensions that maximize the energy captured by the WEC’s prime mover
(i.e., the components interacting directly with the waves, in this case, the two bodies of
the point absorber). The optimization considered the site-specific wave conditions and
the design constraints of the power take-off system—PTO—(i.e., the device converting
mechanical energy from the prime mover into electrical energy, here a linear generator),
including limits on speed, stroke, force, and nominal power. This process resulted in a
WEC configuration with a peak power of 160 kW, corresponding to the rated power of the
selected PTO.

Dimension Value [m]
2·R1 7.4
2·R2 16.76
2·R3 1.5
d1 2.03
d2 31.2
d3 0.1

Figure 2. Diagram of the modeled point absorber.

The dynamic model is parameterized using the hydrodynamic coefficients associated
with these dimensions, obtained through the NEMOH software (v3.0.0) [58]. The simulation
is performed in MATLAB-Simulink (release r2020b) using the WECSIM library (v7.0.0) [59],
which is based on a state-space realization of the hydrodynamic parameters in the frequency
domain, as described in [60], and the implementation of a dynamic model similar to that
in [61,62].

The model includes a loss model for the linear generator [63], and the energy ex-
traction control algorithm is implemented in the time domain using a Gain Scheduling
approach [64]. This approach involves determining, through simulations, the optimal
damping factor that the linear generator must apply to maximize energy extraction under
different sea states. A lookup table is then used in the time-domain simulation to apply the
appropriate damping factor based on the current sea state.

2.1.3. Wave Farm Model

The wave farm model builds upon the results from the WEC model described in
Section 2.1.2. A spacing between WEC units is assumed to be sufficient to neglect hydro-
dynamic interaction among them, while considering the position of each device and the
spatial variability of the wave resource.

The layout of each device has been defined to minimize the power oscillations of
the total farm output, resulting in a farm composed of 50 units arranged in a triangular
(staggered) pattern according to the results presented in [52] (see Figure 3).
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Figure 3. Spatial layout scheme of the WEC devices.

2.2. Description of the Energy Storage System Model

The wave farm (WF) is assumed to include an energy storage system (ESS) designed
to smooth the oscillating power output generated by the WF. Both the connection layout
and control scheme of the ESS are shown in Figure 4.

Figure 4. Connection and control scheme of the energy storage system (ESS).

The ESS is connected at the point of common coupling (PCC) of the WF and it is
assumed to be installed onshore to reduce maintenance requirements. The ESS control ref-
erence is generated according to the scheme presented in Figure 4. In this scheme, the target
power to be injected into the grid (PGRID∗) is obtained by filtering the power generated
by the WF (PWF), while the ESS target power (PESS∗) is defined as the difference between
the generated power and the filtered power to be injected into the grid, as expressed in
Equation (1). The moving average filter (MAF) operates within a fixed time window of a
number of samples of Ns_MAF, incorporating both measured (real) samples (number of
real samples: Ns_MAF− Ns_PRED) and predicted samples (number of predicted sam-
ples: nPRED) provided by different forecasting algorithms (described in Section 2.3), as
formulated in Equation (2). MAF evaluates the average value of a certain variable in a
Ns_MAF number of samples.

PESS = PGRID − PWF (1)

PESS = PESS∗ = PGRID ∗ −PWF = MAF(PWF)− PWF;
PGRID ∗ (t0) = MAF(PWF) =

∑ past samples+∑ predicted samples
total no. samples

=
∑i=Ns_MAF−Ns_PRED

i=0 PWF(to−i·Δt)+∑i=Ns_PRED
i=1 PWF(to+i·Δt)

Ns_MAF

(2)

where PESS is the power exchanged by the storage system, PGRID* is the smoothed power
delivered to the grid, PWF is the instantaneous wave farm power, Ns_MAF is the total
number of samples in the moving average filter window, and Ns_PRED is the number of
forecasted samples included in the filter (i.e., the number of real or non-predicted samples is
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Ns_MAF − Ns_PRED). In addition, MAF(x) denotes the application of the moving average
filter to the variable x, x(ti) represents the value of the variable x at time instant ti (e.g.,
PWF(t0 + i·Δt) corresponds to the value of the wave farm power at t0 + i·Δt), Δt is the
sampling time, t0 is the evaluation instant, and i is the sample index

In order to define window sizes, the variables nMAF and NPred are introduced too,
which correspond to window sizes expressed in seconds for the filter and prediction,
respectively, i.e., nMAF = Ns_MAF*Δt and nPred = Ns_Pred*Δt.

The target grid-injected power is filtered using a moving average filter (MAF) with
a window size (nMAF) of 30 s and a sampling period ( Δt) of 0.1 s (i.e., a nMAF of 30 s
correspond, in number of samples, with a Ns_MAF of 300 samples), in accordance with the
parameters defined in the previous study presented in [23]. In that study, the impact of
injecting oscillating power into the island grid was analyzed, a MAF-based solution was
proposed, and its performance was evaluated using the aforementioned parameters.

From the ESS power demand profiles (PESS), the required power and energy capacities
of the ESS (Prated and Erated, respectively) can be calculated for each specific case, according
to Equations (3) and (4), evaluated in each simulation period.

Prated = max(abs(PESS(t))); ∀ t of a complete simulation (3)

EESS(t) =
∫ t

0 PESS(t) dt;
Erated = max(EESS(t))−min(EESS(t)); ∀ t of a complete simulation

(4)

In this study, the ESS is considered fully agnostic, with sufficient capacity such that its
state of charge (SoC) does not affect its behavior. The calculations of Prated and Erated based
on Equations (3) and (4) were performed assuming an ideal, technology-agnostic energy
storage system (ESS) in order to compare the different filtering and forecasting strategies.
This approach isolates the effects of short-horizon forecasts on the required storage capacity
for a given level of power smoothing. However, it should be noted that differences may
arise when applying the methodology to real-world systems or more detailed ESS models,
but these are not expected to alter the main qualitative conclusions of the manuscript.

The analysis of storage technologies and SoC control algorithms is beyond the scope
of this work, which is instead focused on implementing a forecasting algorithm aimed at
reducing the capacity requirements of the ESS.

2.3. Forecasting Algorithms

This section will describe the forecasting models used in this article to evaluate the
predicted samples of the power generated by the WF (PWF), highlighting their application
in system energy management. Storage models will draw on these predictions to enhance
energy management. A range of statistical forecasting models will be used to identify the
most appropriate model for each case study. The development of any sophisticated method-
ology is useless if certain naïve or reference models demonstrate superior performance to
that proposed. The objective is to compare two naïve models with increasingly complex
prediction models. Therefore, in this study, it is proposed to work with two ARMA-based
models and one NN-based model. The more complex models should offer, a priori, better
accuracy (as Figure 8 shown in Section 4.2). The general forecasting function that will be
used to relate the input variables to the expected results is as shown in Equation (5).

ŷ(t + h) = F[y(t), . . . , y(t− i)] (5)

where ŷ(t + h) is the PWF calculated for time horizon h, in our case h = 0.1, 1, . . ., 8 s, y(t− i)
is PWF from dataset of each case of study for ‘i’ past values.
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2.3.1. Naïve Models

In this study, two elementary models were examined for their forecasting capabilities
across a range of time horizons. It was observed that both models utilised past values data,
employing normalized data series for analysis. The first is the simple persistence (Pers)
model [65] defined by Equation (6).

ŷ(t + h) = F[y(t), . . . , y(t− i)] (6)

This model is based on the assumption that the forecasted data for each time horizon
‘h’ is solely dependent on the previous value, implying that conditions remain unchanged
between time ‘t’ and time ‘t + h’. The next approach, known as the Smart-Persistence
(Pers Smart) model, offers a simple enhancement to the persistence model. It predicts
wave performance for each time horizon ‘h’ by averaging the ‘h’ preceding values [66] The
Smart-Persistence model is mathematically defined in Equation (7).

ŷ(t + h) = mean(y(t), . . . , y(t− h)) (7)

2.3.2. Linear Models

For time series estimation, statistical linear models have been extensively developed.
This study follows the approach outlined in [67,68] for climatic variables, utilizing a method-
ology based on linear regression models. Linear models operate using a combination of
past values and errors. The autoregressive moving average (ARMA) time series model is
based on two fundamental components: the autoregressive (AR) model and the moving
average (MA) model. These models represent a linear combination of a specific number of
past series values and errors, as defined by Equation (8).

ˆy(t + h) =
p−1

∑
i=0

[Φi+1y(t− 1)] + ∑q−1
j=0

[
Θj+1εt−j

]
(8)

The forecasted variable for horizon ‘h’ is represented by ŷ(t + h). The values of y(t− i)
correspond to past data points from the time series, selected to establish a linear relationship
with the forecasted value, while εt represents the error term. The set of autoregressive
parameters, {Φi}i=1,2,...,p, is derived from the sample data during training for the AR
regression using past values. Meanwhile, the parameters {Θi}i=1,2,...,q correspond to the
series of errors εt in the MA regression. The parameter ‘p’ defines the order of the AR
model, indicating the number of past values used for solar radiation forecasting. Similarly,
‘q’ represents the order of the MA model. Both model parameters are determined through
least squares regression, which compares past data used as input with the future data to
be predicted.

One of the most critical decisions during the training process is determining the
model’s complexity. For an ARMA model, the optimal values of p and q must be established
during the training process, with the model being represented as ARMApq. In this case,
the optimal order p is obtained by calculating the Partial Autocorrelation Function (PACF)
and the Bayesian Information Criterion (BIC). Similarly, the optimal order q for the MA
model is determined by calculating the Autocorrelation Function (ACF) and defining the
number of error terms used in the prediction. In many cases, ARMA models with low-order
parameters have been shown to produce very good results [69]. For example, in this study,
an ARMA with optimal p and q values are considered (ARMApq), and also considers an
ARMA model with p = 1 and q = 2 (ARMA12) for sake of comparison.
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2.3.3. Artificial Neural Networks

Artificial neural networks (NN) [70] consist of interconnected units called neurons
that receive inputs either from other neurons or directly from an external data source.
These networks are designed to learn the relationship between input data and corre-
sponding outputs. Each connection between neurons has an associated weight, which is
adjusted during the training process. The optimal weights are determined by optimising a
cost function.

The NN structure used in this article consists of an input layer, at least one hidden
layer and an output layer, with no feedback or lateral connections between them. The
hidden layer consists of several non-linear neurons. Each neuron processes input variables,
weighted accordingly, and sums them to produce an output. This sum is then passed
through a non-linear activation function or transfer function to control the output amplitude.
The activation function used is the hyperbolic tangent function, Equation (9), while the
output layer uses a linear activation function.

f (x) = tanh(x) =
ex − e−x

ex + e−x (9)

The relation between input variables and forecasted data is established by Equation (10).
The weights of the network are initially set by random initialization and then optimized
during the training phase. This optimization is achieved by minimizing an error function
(cost function) using the back-propagation algorithm. The most used error function is the
mean squared error, which measures the difference between the network’s output ŷ(t + h)
and the desired target output, Equation (11).

ŷ(t + h) = α0 +
h

∑
j=1

αj· f
[

β0,j +
p

∑
i=1

βi,j· y(t− i)

]
(10)

E(w) =
1
2

N

∑
i=1

(ŷ(t + h)− yi)
2 (11)

The accuracy of artificial neural networks (NN) in approximating continuous functions
is influenced by the structure of the network. If the network fits the noise in the function, it
may perform well during training but poorly on new data, a problem known as overfitting.
To avoid this, regularization techniques are used to control model complexity [70–72]. In
this study, Bayesian regularization was used to control the complexity of the model. The
Bayesian approach involves a probability density function over the weight space, where
the optimal neural network parameters correspond to the maximum of this density. This
framework introduces two new hyperparameters, α and β, which regulate the complexity
of the model. Consequently, the cost function is defined as in Equation (12).

S(w) =
β

2

N

∑
i=1

(ŷ(t + h)− ti)
2 +

α

2

m

∑
i=1

wi
2 (12)

To determine the optimal values of the hyperparameters α and β, as well as the optimal
weight vector wMP, an iterative procedure is required [72,73]. Initially, the hyperparameters
are obtained through the numerical implementation of the Bayesian framework using the
computed values from the first iteration. These values are then used to compute the first
group of optimal weights using the standard training algorithm, specifically the scaled
conjugate gradient method, which minimizes S(w).

The Bayesian framework offers several approaches to assess model complexity. One of
these techniques, known as Automatic Relevance Determination (ARD), allocates a distinct
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regularization coefficient to each input, facilitating the identification of the most significant
inputs during training. Furthermore, it calculates the model’s probability (model evidence),
which serves as a criterion for model selection [73,74]. In this study, we trained various NN
with different numbers of hidden units, and the network with the highest model evidence
was chosen as the best-performing one.

3. Case Study

As previously commented, power oscillation injected in the grid would have a direct
impact in electric grid due to power oscillations cause frequency oscillations and the electric
frequency cannot have variations beyond a narrow margin (a few hundreds of millihertz).
And among other options of reducing the power oscillation in WEC farms [75], electric
energy storage (ESS) is one of the better options.

To better contextualize the scope of the work, a representative case study has been
selected and introduced at this section based on a previous studies [23,51,52], describing
the new analysis to be carried out over it. The Tenerife Island grid was chosen due to
its weak grid characteristics, which makes it particularly sensitive to power oscillations
from renewable generation. In this context, the study illustrates the motivation for smooth-
ing wave power generation and remarks on the role of ESS-based smoothing strategies.
Specifically, the case study focuses on two main aspects: (1) power smoothing capacity in
order to reduce the electric frequency oscillations in weak grids, (2) and rated power and
energy requirements of the ESS depending on the adopted control algorithm. This provides
a practical framework for comparing filtering and forecasting strategies and defines the
parametric analysis whose results are shown in Section 4.

3.1. Application Example: Forecasting in Moving Average Filtering

By way of example, some results derived from the study case presented in [23] are
shown in Figure 5. This study case framed on Tenerife Island (SPAIN) is considering the
connection of a wave power generation farm of 120 MW (the modal value of the minimum
power generation in Tenerife Island is 452.5 MW, which implies a maximum penetration
of 25%). Figure 5a shows an example of the oscillatory electric power generated with a
WEC farm in a particular sea state; and Figure 5b shows the electric frequency oscillations
produced as a consequence.

Figure 5. (a) electric frequency oscillations in the electric grid. These results correspond with an
example of the complete study case presented in [23]—the frequency limits of ±150 mHz and
±205 mHz are highlighted in light blue and dark blue, respectively. (b) Electric power generated by
the WEC farm.

As previously commented in Section 2.2, the power oscillations can be smoothed by
means of ESS installed in the Point of Common Coupling (PCC). The power smoothing
grade should reduce/avoid the number of events where the frequency oscillations are
out of bounds (±150 mHz according to Spanish grid code [76]). The ESS smooths the
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power generation oscillations, so that the power injected into the network is a certain
reference value (see Figure 4). The reference value is defined in order to reduce the
frequency oscillations, and it can be calculated in different ways, resulting in different
control algorithms. In this example, two control algorithms are proposed:

1. Moving average filter.
2. Moving average filter considering future (predicted/forecasted) values. In this exam-

ple (Section 3.1), it is considered perfect prediction.

Figure 6 shows a comparison of the two ways to calculate reference values compared
to the original wave power generation level. The area between these two curves (marked
with a coloured area) represents the energy storage capacity required to transform the
original generated power into the smoothed one proposed by the control algorithm. The
figure clearly shows that the control algorithm selected has a great impact in the energy
storage requirements due to the delay introduced by the MAF—of 30 s of window size and
without prediction (nMAF = 30; nPred = 0)—increase the area between these two curves.

Figure 6. Example of the EES reference values calculated with the four described control algorithms.

Table 2 shows the results of the two control algorithm options in this example, including
the ESS energy and power requirements evaluated by means of Equations (3) and (4), the
number of over-frequency and under-frequency events, and the variance of the wave power
generations and the electric frequency time profiles evaluated by means of Equation (5).

Table 2. Summary of the comparison between the four control algorithm options.

Control
Algorithm

σ (PWEC) σ (fgrid)

No. Alert
Events

[Δ(fgrid) >
150 mHz]

No. Emerg.
Events

[Δ(fgrid) >
250 mHz]

ESS Rated
Power [KW]

(PESS)

ESS Rated
Energy [kW·h]

(EESS)

base case
(no ESS)

4854.688 0.05011 340 14 0 0

MAF 3117.836 0.03170 7 0 2647 2.257
MAF with

Pred.
3116.857 0.03169 7 0 2239.80 0.900

In Table 2, the frequency evaluation is derived from the case study presented in [23].
In this study, the considered frequency limits are ±150 mHz around the nominal 50 Hz
for alert events, and ±250 mHz for emergency events [76]. The frequency evaluation
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was performed using a dynamic single-bus inertial model of the Tenerife island grid
(Spain), which accounts for both the generation profiles and the system dynamics, including
frequency restoration mechanisms, as described in the referenced study [23].

The table shows that the control algorithms that use predicted values require ESS
with less energy and power rated values. However, the smoothing levels are similar for
the version with and without prediction. For example, the control algorithm that uses
moving average filter needs 250% more of ESS rated energy than a control algorithm using
prediction to achieve the same levels of power smoothing.

In summary, the electric frequency oscillations caused by the oscillating wave power
generations can be smoothed by energy storage systems till the required level by the
electric grid. However, the smoothing control algorithm of the ESS has a great impact on
the utilization of its rated characteristics; the same smoothing effect requires different levels
of rated ESS power and energy, depending on the control algorithm.

It should be noted that in this example, no forecasting algorithm is used, and the
prediction is considered perfect by using a future measured value of the complete profile.
The results with the different proposed forecasting algorithms (Section 2.3) are shown in
the next Section 4.2, with more modest reductions in ESS capacity requirements.

3.2. Description of the Case Study

Section 4 presents the results for 16 representative sea states selected for the location
introduced in Section 2.1.1 (see Table 1). The corresponding one-hour power generation
profiles are displayed in Figure 7.

Figure 7. Hourly power generation profiles for the 16 sea state scenarios considered for the wave
farm (WF) power generation.
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The analysis compares results obtained using the forecasting algorithms described in
Section 2.3 and listed in Table 3. Forecasted values are used in MAF to define the ESS power
command of the power smoothing control. As in [23], the main objective is to minimize the
impact of the WF on the grid by reducing power oscillations. A key performance metric is
the variance of the power delivered to the grid, PGRID, by the combined ESS + WF system.
This variance is calculated using Equation (13) and the standard deviation is calculated
according Equation (14).

σ2
P =

1
N

N

∑
i=1

(PESS(ti)−mean(PESS(t))); ∀ t of a complete simulation (13)

σP =
√

σ2P; (14)

Table 3. Forecasting algorithms considered in the study.

Type Acronym Prediction Values Acronym Description/Complete Name

Base Case noPred noPred No forecasting algorithm in MAF (extra case)
Naïve models
(Section 2.3.1)

Pers PresPredict Simple persistence
PersSmart PersSmartPredict Smart persistence

Linear models
(Section 2.3.2)

ARMApq ARMAPQpredict ARMA with optimal p and q values
ARMA12 ARMA12predict Simple ARMA modelo (p = 1; q = 2)

Artificial
Neural

Networks
(Section 2.3.3)

NN NNpredict Artifical Neural Network (Bayesian
Framework)

Limit Case PredPerf PredPerf Prefect prediction values in MAF (extra case)

In addition, the study also evaluates the ESS energy and power requirements based
on Equations (3) and (4).

A comparison is carried out between the proposed Bayesian neural network-based
forecasting method and classical approaches (see Section 2.3), which are summarized in
Table 3. For benchmarking purposes, two additional scenarios, one assuming perfect
prediction (Perf ) as a limit case and another with no prediction (noPred) as base case, are
included. This serves to establish an upper performance bound for the forecasting-based
control strategies.

The control strategies are parametrized using two values: the moving average window
size—expressed in number of samples (Ns_MAF) or in seconds (nMAF)—and the forecast
window size (Ns_Pred expressed in number of predicted samples, or nPred expressed in
seconds), as defined in Equation (2). For clarity, all parameter values are expressed both in
number of samples and in equivalent seconds, considering the sampling time Δt = 0, which
remains constant throughout this work. For instance, a total moving average window of
Ns_MAF = 300 corresponds to nMAF = 30 s, and a forecasting horizon of Ns_PRED = 80
corresponds to nPRED = 8 s. This notation has been applied consistently throughout the
manuscript, including the captions of figures and tables. The combinations analysed are
derived from the following vectors:

• Total window size: Ns_MAF: [0, 10, 20, . . ., 320] samples; nMAF: [0, 1, 2, . . ., 32] seconds;
• Forecast window size: Ns_Pred: [0, 10, . . ., 80] samples; nPred: [0, 1, . . ., 8] seconds.

The configuration includes, on one hand, a no-storage scenario (nMAF = 0) as a
baseline for evaluating the effectiveness of ESS integration. On the other hand, all scenarios
with nPred = 0 represent filtering strategies without forecasting and serve to establish a
lower bound for forecasting improvement.
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Based on the example shown in Section 3.1, the expected results (detailed in Section 4)
can be summarized as follows:

• The reduction in power variance is primarily driven by the total filtering window size
nMAF, with limited influence from the forecasting window.

• The decrease in ESS capacity requirements, particularly energy, is strongly influenced
by the forecast window size nPred.

4. Results

4.1. Training of Neural Networks and Tuning of Forecasting Models

In this article, we have used historical data from the power series to train the forecast-
ing models, both linear and neural networks. One of the most important steps to achieve
good forecasting and avoid overfitting is to study the complexity of the models. In this
case, the steps described in [77] ere followed. The data set is divided into a training set and
a test set. The training set is used to train the forecasting model, and the test set allows us
to study the accuracy of the model when presented different data from the training data,
thus avoiding overfitting.

In the case of the linear models (Section 2.3.2), the complexity of the model consists of
the number of inputs for the AR model ‘p’ and the number of error terms for the MA model
‘q’. The partial autocorrelation function sample (PACF), the autocorrelation function sample
(ACF) and the Bayesian information criterion (BIC) are used to study the complexity of
the model.

PACF establishes a correlation between two values of a series with a time difference
between them, so it is used to find the relevant past values. The maximum order value of p
is set within the 95% range of the PACF sample. Similarly, an ACF sample is used to set
the maximum order of q in the MA model. Once the maximum order of p and q has been
determined, training is performed with all possible combinations of p and q from 1 to the
maximum. Finally, the complexity of the model is decided among all these simulations
by calculating the BIC and the model error %rRMSE (Root Mean Square Error) with the
test data set. For each case study and each prediction horizon, the optimal p and q were
calculated according to this procedure. The prediction error with a simple ARMA(2,1)
model was also calculated for comparison.

In the case of neural networks, the complexity of the model is studied by choosing the
number of inputs (past data of the series) and the number of hidden units. The Bayesian
framework allows us to study the number of inputs with the ARD technique and the
number of hidden units with the log of the evidence [73,74]. Both techniques control the
overfitting of the model. ARD assigns a different hyperparameter to each set of weights
associated with an input. At the end of training, weights whose hyperparameter has a high
value are close to zero and the input is considered irrelevant to the model. After training
with different numbers of inputs and hidden units, these techniques made it possible to
choose the number of model parameters. The past values used in the prediction are those
corresponding to all the steps within the previous one second (steps of 0.1 s) and the values
of the previous 9 s (steps of 1 s).

Figure 8 shows the errors of the different forecasting models. The figure shows a
comparison of the accuracy of all models for each case study and for all forecasting time
horizons. As expected, it can be seen that the prediction error increases as the time horizon
increases. In general, in all cases and for all prediction horizons, the neural networks
proposed in this study provide more suitable forecasting and present the lower errors. The
linear models do not provide a very significant improvement over the use of a naive model.
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Figure 8. Forecasting model results for different time horizons (nPred in seconds with a sample time
Δt = 0.1 s) in all study cases (rRMSE).

4.2. Results of Applying the Forecast-Enhanced Filtering Strategy to the Case Study

Following the training (in the case of the Bayesian network -NN-) or parameter fitting
(for the ARMA-based models), a set of valid forecasting systems was obtained for analysing
all the scenarios described in Section 3. In total, the evaluation covers 16 representative sea
states, 6 forecasting algorithms (including perfect forecasting), 31 total MAF window sizes
(including the case without MAF), and 9 forecasting window lengths (including the case
without forecasted values), resulting in a total of 26,784 configurations.

The evaluation is based on three key performance metrics—Prated, Erated, and the
standard deviation of the grid-injected power, σP—along with their respective normalized
ratios compared to the no-forecasting case:

1. Required rated power for the ESS (Prated)—Equation (3).
2. Required rated energy for the ESS (Erated)—Equation (4).
3. Standard deviation of grid-injected power after filtering via MAF and ESS (σP)

—Equation (14).
4. Ratio of Prated compared to the no-forecasting case.
5. Ratio of Erated compared to the no-forecasting case.
6. Ratio of σP compared to the no-forecasting case.

To illustrate the methodology, results for Case 1 are presented in detail in Figure 9,
showing the six performance metrics across the five forecasting algorithms and the perfect
forecasting scenario (PredPerf ). Each set of plots presents the metrics versus the MAF
window size (nMAF), grouped by forecasting window length (nPRED). Additionally, the
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optimal (nMAF, nPRED) pair that minimizes energy storage requirements is highlighted.
Figures for all 16 sea states are provided in Appendix A.

Figure 9. Results for Case 1 across different MAF sizes and forecasting algorithms.

These plots show that, regardless of the forecasting algorithm, incorporating forecasted
values consistently reduces energy storage requirements compared to no forecasting (see
the E/Enopred plots, always below 1). The rated power requirement Prated remains similar
to the no-forecasting case (see P/Pnopred), except for the NN model, where deviations are
observed. Regarding σP, the standard deviation tends to remain close to, or slightly above,
the values of the no-forecasting case for ARMA and NN algorithms (see σ/σnopred, with
values close to or below 1, except for low nMAF values). This behaviour suggests that MAF
design can be oriented toward σP limitation, largely independent of forecasting window
and algorithm, which can then be optimized for energy savings.

Figure 10 shows an aggregated analysis across the 16 sea states, focusing on the
proposed Bayesian network forecasting model (NN). Each subplot displays the Pareto
front (in red) for σP versus Erated, along with the optimal (nMAF, nPRED) combinations.
In Figure 11, results are grouped by wave incidence angle (in sets of four cases), and the
number of times each (nMAF, nPRED) pair appears in the Pareto fronts is counted. The
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bottom plot of Figure 11 summarizes the most frequently optimal parameter combinations.
Figure 12 extends this analysis by presenting the same summary for all six forecasting
algorithms, including perfect forecasting.

Figure 10. Summary of results for the 16 sea states using the NN model. Pareto fronts and optimal
(nMAF, nPRED) combinations are highlighted.

Figure 11. Grouped analysis of Pareto-optimal parameter combinations (nMAF, nPRED) across the
16 sea states using NN.
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Figure 12. Pareto-optimal parameter combinations (nMAF, nPRED) across all forecasting algorithms
and the perfect forecasting case.

From Figure 10, we observe that larger forecasting windows (nPRED) yield better
results for sea states 1–4 and 13–16, which are characterized by higher σP. For the remaining
cases (5–12), which benefit from spatial smoothing due to WEC positioning (see Figure 7),
prediction remains beneficial, though maximum nPRED values are not necessarily op-
timal. When considering all 16 sea states (Figure 11), maximum values for both nMAF
and nPRED tend to appear frequently in the Pareto-optimal combinations. Figure 12 con-
firms that forecast-enhanced filtering outperforms filtering without forecasting across all
algorithms—forecasted values consistently contribute to reductions in both σP and Erated.
In the perfect forecasting scenario, the maximum nPRED value is always selected.

Figure 13 compares Pareto fronts across the six forecasting algorithms, again high-
lighting improvements relative to filtering without forecasting. In Figure 13, we observe
consistent performance gains from all forecasting algorithms over the no-forecasting base-
line (black line). Improvements are especially pronounced for sea states with high σP

(cases 1–4 and 13–16). NN often outperforms simpler models, although ARMApq may
yield better results in high-Erated scenarios where filtering smoothness takes precedence
over fidelity. Perfect forecasting results are also shown (in magenta), representing the
theoretical upper bound for performance improvement.

Although the primary objective of this work is to demonstrate the advantages of
incorporating forecasting algorithms into the smoothing of power output generated by a
wave farm (WF), and to present the implementation and results of applying real forecasting
algorithms in moving average filters, rather than to provide a detailed sizing methodology
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for prediction and filtering systems, it is still possible to report the performance of the
objective variable Erated with respect to the parametrization values of the forecasting and fil-
tering algorithms (i.e., optimal combinations of nMAF and nPRED). Furthermore, one may
assess which of these combinations meet the minimum requirements in terms of reducing
the standard deviation of power (σP), with the aim of selecting the design parameters for a
specific filter configuration.

Figure 13. Pareto fronts of σP and Erated for all forecasting algorithms across the 16 sea states.

Based on the reference study in [23], a σP threshold of 5.12 × 106 W was established
to ensure grid frequency stability when integrating the studied WF (see Section 2.1) into
the isolated electrical system of Tenerife. This threshold is used to identify configurations
nMAF-nPRED capable of limiting grid disturbances.

Results are shown in Figure 14. Heatmap graphs of Erated and σP as functions of
(nMAF, nPRED) for all forecasting algorithms, including the perfect forecasting scenario.
They indicate that higher nPRED values systematically reduce Erated, regardless of fore-
casting algorithm. For NN, optimal performance is achieved with nPRED = 8 s and
nMAF = 16 s, yielding acceptable energy requirements while satisfying the σP constraint.
This configuration also outperforms all other algorithms except perfect forecasting.
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Figure 14. Heatmap graphs of Erated and σP as functions of (nMAF, nPRED) for all forecasting
algorithms, including the perfect forecasting scenario.

Focusing on the results obtained for the NN algorithm (see Figure 15 for details of sea
state CASE 1) it can be observed that, in general, improvements are achieved in reducing
the energy storage system requirements (Erated) and even the power capacity (Prated), albeit
at the expense of a slight degradation in the standard deviation of the injected power (σP),
which worsens by less than 7% compared to the cases without forecasting.

Figure 15. Summary of σP and Erated results for different (nMAF, nPRED) values using the NN
forecasting model.
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If we select the filter values of 8 s for nPRED and 16 s for nMAF, the results for σp and
Erated can be shown for each of the 16 cases (compared against perfect forecasting and the
no-forecasting scenario), as well as a time-domain example of the filtering using the chosen
filter with NN and without forecasting (see Figure 16).

Figure 16. Summary of results obtained for σP and Erated for the filter configuration combination of
nMAF and nPRED at 16 and 8 s, respectively, and for the NN forecasting algorithm.

In Figure 16, it can be observed that Erated achieves better values compared to the
no-forecasting case, while the improvement in σP is less pronounced. Regarding the
time-domain profiles shown, the results are very similar to those already presented in the
example of Figure 6; the reduction in the phase lag between the generated power (PWF)
and the filtered power (PGRID) obtained by using forecasting algorithms leads to a smaller
area enclosed between the PWF and PGRID profiles when forecasting is applied.

In summary, it can be observed that the power used and the smoothing capacity
achieved are not strongly influenced by forecasting (the size of the prediction window
nPRED), but there is an improvement in the required energy (Erated). Moreover, in the case
of using NN, it can be seen that the best combination of total window size and predicted
window size is 16 and 8 s, respectively.

With this combination, we obtain results demonstrating that including forecasting
leads to an improvement in the required storage size (compared to the case with the same
total window size but without forecasting), reducing the storage requirements to achieve
the same smoothing results of power oscillations (reaching reductions of up to 36.52%).
Additionally, the results with NN outperform those obtained with simplified forecasting
algorithms such as Pers.

On the other hand, it is also demonstrated that within the forecasting algorithms’
capabilities, there is room for improvement, since results achieved with perfect forecasting
could further reduce storage requirements (achieving reductions of up to 53.91%).
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Finally, it is worth mentioning the limitations of the study. One of the main limitations
is that the assessment of the power and energy requirements were carried out assuming an
ideal, technology-agnostic energy storage system (ESS), as described in Section 2. While
this assumption allows for a clear comparison of filtering and short-horizon forecasting
strategies, it does not capture several engineering constraints that would be present in real-
world deployments. In practice, the dynamic behavior of the state of charge (SoC), ramp-
rate limits, round-trip efficiency, charge/discharge asymmetry, and potential ageing of
storage devices could influence both the sizing requirements and the achievable smoothing
performance. These factors would generally tend to reduce the numerical gains reported
here and/or could lead to modifications in the control algorithms to take them into account.
Nevertheless, even when considering these limitations, the main qualitative conclusion
remains valid: short-horizon forecasts consistently reduce the energy required to achieve
a given level of power smoothing. By presenting the results under an idealized ESS
framework, the study provides a general benchmark that can be adapted to specific storage
technologies in future applications. Other limitations to consider are that it focuses on the
power smoothing capacity of the ESS rather than on the effects of power oscillations on
the electrical grid; that the prediction algorithms are executed in simulation, with their
real-time execution to be purchased in the future; and that the high-frequency effects
introduced by power electronics have not been considered. All these limitations open the
door to further development in future work.

5. Conclusions

The use of energy storage systems (ESS) in wave energy generation is key to reducing
power oscillations and improving the stability of the electric grid. In particular, in low-
inertia electric systems, such as islanded grids, the introduction of power smoothing
mechanisms is essential to avoid frequency oscillations. The combination of moving
average filtering techniques with advanced forecasting algorithms, based on Bayesian
Neural Networks, allows for significant optimization of energy storage requirements,
reducing the need for power and energy without compromising the grid stability.

The results obtained in the case study have shown that using prediction in ESS
control algorithms reduces the energy storage system required by 36.52% compared to a
configuration without prediction. In the case of a perfect prediction scenario, the maximum
reduction achieved is 53.9%. This improvement is very relevant because it has led to lower
storage implementation costs, making wave energy projects more economically viable.

Another key aspect identified in this paper is the importance of selecting properly
the parameters of the moving average filter and the prediction window. It has been
demonstrated that using a prediction window of 8 s and a total filter window of 16 s
optimizes the balance between reducing power oscillations and minimizing the ESS energy
requirements. This result highlights the need to adjust these parameters according to the
specific characteristics of the wave conditions and the electrical grid where the solution
is implemented.

Furthermore, the comparison between different forecasting algorithms has confirmed
that Bayesian Neural Networks present a better performance than simpler methods, such
as persistence models and ARMA. However, the results indicate that there is still room
for improvement in the predictive capacity of these algorithms since their optimal per-
formance remains below the perfect prediction scenarios. This suggests that future re-
search should focus on improving the accuracy of forecasting models, exploring hybrid ap-
proaches that combine different machine learning techniques to achieve more precise power
generation estimations.
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Therefore, smoothing the oscillating power generated by wave energy farms (given
the oscillating nature of the energy source: waves) reduces the impact of these types of
systems on the electric grid. This ultimately improves grid stability and can increase the
penetration limits of this renewable energy in electric grids. Furthermore, given the need
for these storage systems for large-scale deployment of wave energy, optimizing the sizing
of storage systems using control algorithms can be very useful. It should be noted that this
approach is inherently scalable and is not limited by the size of the farm. As the number
of WEC units increases, the natural cancellation of power oscillations between units can
further reduce storage requirements, even without improved forecasting strategies, making
the method applicable to larger-scale deployments.

The implementation of these strategies represents an important step towards greater
and more efficient grid integration of renewable energies, contributing to the energy
transition and the achievement of decarbonization goals.
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Appendix A

Results for the 16 representative wave cases (see Table 1), 6 forecasting algorithms
(including perfect forecasting), 31 total window sizes of the MAF filter (including the case
without MAF), and 9 window sizes with predicted values (including the case without
predicted values), resulting in a total of 26,784 cases to analyze.

The variables used for the analysis are as follows:

• Required power in the ESS (Prated)—Equation (3).
• Required energy in the ESS (Erated)—Equation (4).
• Standard deviation of the power injected into the electrical grid after filtering through

MAF and ESS (σp)—Equation (14).
• Ratio of required power in the ESS relative to the case without forecasting.
• Ratio of required energy in the ESS is relative to the case without forecasting.
• Ratio of the standard deviation of injected power relative to the case without forecasting.

The results of each of the 16 cases are presented in a set of different graphs. Each set of
graphs shows each of the 6 variables to be analyzed. These figures also display the best
combination between predicted values and window size, aiming to minimize the amount
of storage.
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Figure A1. Results for CASE 1 with different MAFs and forecast algorithms.

Figure A2. Results for CASE 2 with different MAFs and forecast algorithms.
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Figure A3. Results for CASE 3 with different MAFs and forecast algorithms.

Figure A4. Results for CASE 4 with different MAFs and forecast algorithms.
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Figure A5. Results for CASE 5 with different MAFs and forecast algorithms.

Figure A6. Results for CASE 6 with different MAFs and forecast algorithms.
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Figure A7. Results for CASE 7 with different MAFs and forecast algorithms.

Figure A8. Results for CASE 8 with different MAFs and forecast algorithms.
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Figure A9. Results for CASE 9 with different MAFs and forecast algorithms.

Figure A10. Results for CASE 10 with different MAFs and forecast algorithms.
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Figure A11. Results for CASE 11 with different MAFs and forecast algorithms.

Figure A12. Results for CASE 12 with different MAFs and forecast algorithms.
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Figure A13. Results for CASE 13 with different MAFs and forecast algorithms.

Figure A14. Results for CASE 14 with different MAFs and forecast algorithms.
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Figure A15. Results for CASE 15 with different MAFs and forecast algorithms.

Figure A16. Results for CASE 16 with different MAFs and forecast algorithms.
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Abstract

Transitioning to sustainable energy systems is crucial for reducing greenhouse gas (GHG)
emissions, especially in remote industrial operations where diesel generators remain the
dominant power source. This study examines the feasibility of integrating a redox flow
battery (RFB) storage system to optimize wind energy utilization at the Raglan mining
site in northern Canada, with the goal of reducing diesel dependency, enhancing grid
stability, and improving energy security. To evaluate the effectiveness of this hybrid system,
a MATLAB R2024b-based simulation model was developed, incorporating wind energy
forecasting, load demand analysis, and economic feasibility assessments across multiple
storage and wind penetration scenarios. Results indicate that deploying 12 additional
E-115 wind turbines combined with a 20 MW/160 MWh redox flow battery system could
lead to diesel savings of up to 63.98%, reducing CO2 emissions by 68,000 tonnes annually.
However, the study also highlights a key economic challenge: the high Levelized Cost
of Storage (LCOS) of CAD (Canadian dollars) 7831/MWh, which remains a barrier to
large-scale implementation. For the scenario with high diesel economy, the LCOS was
found to be CAD 6110/MWh, and the corresponding LCOE was CAD 590/MWh. While
RFB integration improves system reliability, its economic viability depends on key factors,
including reductions in electrolyte costs, advancements in operational efficiency, and
supportive policy frameworks. This study presents a comprehensive methodology for
evaluating energy storage in off-grid industrial sites and identifies key challenges in scaling
up renewable energy adoption for remote mining operations.

Keywords: decarbonization; renewable energies; energy storage; redox flow batteries;
wind energy; economic analysis

1. Introduction

In the past two decades, dependence on fossil fuels has steadily decreased due to
resource depletion and growing concerns over greenhouse gas (GHG) emissions from their
combustion. These challenges have prompted governments worldwide to implement strict
energy policies to regulate and manage the utilization of both fossil and renewable energy
sources. To mitigate GHG emissions, countries that have ratified the Paris Agreement
have established regulatory frameworks that set maximum allowable emission thresholds
for industries, with penalties for non-compliance. As a signatory to the Paris Agreement,
Canada, which accounted for 0.72 Gt CO2-equivalent emissions in 2013 (1.95% of global
emissions at the time) [1], has committed to reducing national GHG emissions by 40–45% by
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2030 and achieving net-zero emissions by 2050 [2–5]. In 2021, the Raglan mine’s production
process consumed 58.9 million liters of diesel, with electricity generation alone accounting
for 73% of this consumption, resulting in 119,440 tons of CO2-equivalent emissions. Self-
propelled mining equipment accounted for the remaining 27%, emitting 44,400 tons of CO2

equivalent. To meet these ambitious targets and minimize the environmental and economic
risks associated with climate change, transitioning toward decarbonization through the
adoption of renewable energy technologies and sustainable energy practices has become
imperative [6].

According to Da Silva et al. [7], decarbonization is characterized by three fundamental
challenges: (i) replacing fossil fuels with renewable energy sources, (ii) developing alterna-
tive solutions for sectors where reducing fossil fuel consumption is particularly difficult,
and (iii) eliminating carbon dioxide emissions through advanced mitigation strategies.
Du et al. [8] highlight the necessity of a comprehensive transformation in the global elec-
tricity sector to achieve effective decarbonization. Similarly, Balaban et al. [9] argue that
decarbonizing an energy system requires significant structural changes across the electric-
ity production chain, including generation, transmission, and consumption, as this sector
alone accounts for nearly two-thirds of total GHG emissions. Dongsheng et al. [10] further
emphasize that ensuring a resilient and sustainable energy future by 2050 is only feasible if
power generation integrates cost-effective and scalable renewable solutions. Meanwhile,
Obiora et al. [11] and Roshan Kumar et al. [12] stress that a transition to low-carbon energy
infrastructures must precede decarbonization efforts, as this remains the most effective
approach to reducing the severe environmental impacts of climate change.

Amid the ongoing energy transition, many industrial facilities are actively investing
in renewable energy systems to reduce carbon emissions and enhance energy sustainability.
In this context, the Raglan mining company in Nunavik, northern Quebec, has committed
to decarbonizing its electricity generation network by expanding its wind farm. As a major
producer of raw nickel, the site’s operations encompass ore exploration, underground
excavation, and rock processing, all of which require a reliable and continuous energy
supply. Among the most widely adopted renewable alternatives, solar and wind energy
are increasingly integrated into off-grid and industrial energy systems. However, due to
their intermittent nature and weather dependence, these energy sources require advanced
energy storage solutions to ensure grid stability and operational reliability. This study
investigates the feasibility of storing surplus wind energy using redox flow batteries (RFBs)
to regulate and optimize local electricity production.

For Asri et al. [13], it is, therefore, crucial to critically analyze the fundamental char-
acteristics of energy storage systems (ESSs) in order to establish benchmarks for selecting
the most suitable technology. Mahadevan et al. [14] claim that each ESS technology has
unique strengths and limitations, influencing its applicability and suitability for specific
applications. The choice of an ESS is influenced by factors such as energy density, cost,
scalability, and the intended use case, whether for short-term grid balancing or long-term
energy storage. It is crucial to consider the climatic conditions of a region before imple-
menting any energy storage system [15]. Table 1 focuses on ESSs currently proficient in
providing critical storage capacities of at least 20 MW.

Redox flow battery technology has gained significant attention as a viable solution
for large-scale energy storage due to its high efficiency, long cycle life, and independent
scalability of power and capacity [16–21]. These batteries are considered one of the most
promising technologies for integrating renewable energy into electricity grids [22–24],
offering low-cost and long-duration storage capabilities [25]. The large-scale deployment
of variable renewable energy resources is heavily influenced by the availability of cost-
effective, long-duration storage solutions [26]. Despite their advantages, flow batteries
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accounted for only 5% of the 16 GWh installed energy storage capacity worldwide in 2021,
highlighting the need for further technological advancements and economic optimizations
to expand their adoption.

Table 1. Comparison and characteristics of energy storage systems [13].

Storage System
Type

Max Power Rating
[MW]

Discharge Time Max Cycles or Lifetime
Energy Density
[Wh/L]

Efficiency

Pumped hydro ~3000+ 4 h–16 h 30–60 years 0.2–2 70–85%

Compressed air ~1000 2 h–30 h 20–40 years 2–6 40–70%

Molten salt 100–150 Several hours ~30 years 70–210 80–90%

Li-ion battery 1–100+ 1 min–8 h 1000–10,000 cycles 200–400 85–95%

Lead–acid 1–100 1 min–8 h 6–40 years 50–80 80–90%

Flow battery 10–100+ Several hours 12,000–14,000 cycles 20–70 60–85%

Hydrogen ~100+ Minutes–weeks 5–30 years ~600 (at 700 bar) 25–45%

Flywheel 1–20 Seconds–minutes 20,000–100,000+
cycles 20–80 70–95%

A flow battery is a reversible and rechargeable electrochemical system that stores
energy in chemical form and converts it back into electrical energy when needed. The
fundamental operating principle of these batteries involves the circulation of an electrolytic
solution (electrolyte) from one or more storage reservoirs into electrochemical cells facil-
itated by pumps [16,27]. These cells, consisting of two half-cells (positive and negative),
serve as the site for redox reactions, enabling the storage and release of energy. Flow batter-
ies can be configured in series and/or parallel to achieve the desired voltage and current
characteristics. They are often considered a hybrid technology between fuel cells and con-
ventional batteries, where hydrogen (H2) and oxygen (O2) gases in fuel cells are replaced
by electrolytes capable of storing electrical charges [28]. The schematic representation of a
flow battery system is illustrated in Figure 1.

Figure 1. Schematics and working principle of redox flow batteries [16].
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Several studies have explored the application of flow batteries for energy storage
in different renewable energy systems. Ouyang et al. [25] investigated the performance
of a vanadium redox flow battery (VRFB) within a microgrid integrating a biomass gasi-
fier and a solid oxide fuel cell designed for electricity generation in rural environments
(Figure 2). Their findings indicate that the electrolyte flow rate plays a crucial role in battery
performance, with an efficiency of 84% achieved during peak shaving operations.

Figure 2. Flow battery in a renewable energy microgrid [25].

Zheng et al. [29] examined the integration of a flow battery system to address the
intermittency of renewable energy sources while managing fluctuating energy demand. The
proposed energy system featured a hybrid setup comprising a partially covered parabolic
mirror thermal photovoltaic collector, a vanadium redox flow battery, thermal energy
storage, and an absorption chiller/heat pump. Their comparative analysis between a
VRFB-based system and a Power-to-Hydrogen-to-Power (P2H2P) system revealed that the
VRFB system achieved an exergy efficiency of 78.52%, outperforming the P2H2P system,
which had an efficiency of 41.73%.

Yesilyurt et al. [30] explored the feasibility of powering an air-source hybrid heat
pump using a vanadium redox flow battery-based energy storage system. Their study
selected two key performance indicators: exergy destruction and exergy efficiency. Using a
MATLAB Simulink model, they analyzed a system where solar photovoltaic panels and
wind turbines charged the VRFB. The results showed that integrating wind turbines with
the VRFB was more effective, as the photovoltaic-based system exhibited significant exergy
destruction and lower exergy efficiency.

In a different study, Oshnoei et al. [31] presented a load frequency control model for
a wind power system and redox flow battery storage. Their findings demonstrated that
frequency-based VRFB modeling yielded superior performance compared to conventional
VRFB modeling techniques, highlighting the potential of flow batteries in enhancing
grid stability.

Among the different types of flow batteries, all-vanadium redox flow batteries (VRFBs)
stand out due to their flexibility, adaptability, and scalability. Reynard and Girault [32]
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investigated redox flow battery technology for energy storage and clean hydrogen pro-
duction, integrating VRFBs with catalytic reactors to enhance efficiency. Huang et al. [33]
estimated the overall efficiency of such systems to range between 70% and 85%, while
Ulaganathan et al. [34] reported efficiencies exceeding 83%, a value often used as a bench-
mark for sizing battery systems.

One key advantage of all-vanadium flow batteries is their ability to indepen-
dently scale storage capacity and power output. Hosseiny and Wessling [35] and
Skyllas-Kazacos et al. [36] emphasize that increasing storage capacity is directly propor-
tional to the electrolyte volume, necessitating larger electrolyte reservoirs for extended
operation. Zhang et al. [36] further highlight that increasing the battery’s storage capacity
and cycle duration can effectively reduce capital expenditure (CAPEX) per kilowatt-hour,
improving the economic feasibility of large-scale deployments.

The economic viability and resilience of hybrid energy system solutions depend
on a comprehensive evaluation of economic and reliability factors during the design
phase [37]. In the literature, numerous studies have investigated the investment costs
and financial feasibility of redox flow battery (RFB) storage systems for large-scale energy
applications. Cremoncini et al. [38] classify two primary approaches to the techno-economic
analysis of RFBs: The first focuses on material and investment costs. In contrast, the
second incorporates Levelized Cost of Storage (LCOS) models to assess long-term financial
sustainability. Darling [26] conducted a detailed techno-economic study on redox flow
batteries, demonstrating that capital and operational costs, combined with projected energy
throughput, are key determinants of LCOS.

According to IRENA [39], the costs of vanadium and zinc/bromine flow batteries
could decline by more than 60% over the next two decades, driven by technological ad-
vancements and growing market interest. Similarly, Schmidt et al. [40] predict a steady
reduction in redox flow battery costs due to economies of scale and material innovations.
Minke and Turek [41] emphasize that assessing the techno-economic feasibility of RFBs re-
mains a significant challenge for large-scale projects, where system costs must be evaluated
based on material composition, system design, and modeling methodologies.

Zheng et al. [42] emphasize the need for a deeper understanding of the technical and
economic performance parameters of flow battery technologies to enhance their commercial
viability. Zhang et al. [43] further highlight that cost challenges remain a significant barrier
to the widespread adoption of RFBs. Noack et al. [44] advocate for optimization strategies
in vanadium redox flow battery systems, particularly in reducing material costs, optimizing
bipolar plate resistances, and improving energy storage media efficiency.

To support cost reductions, Viswanathan et al. [45] developed a cost model for re-
dox flow batteries, revealing that the energy-to-power ratio of the storage system is a
crucial factor in minimizing costs across various battery chemistries. Additionally, LCOE
reductions are influenced by integrating advanced materials (e.g., novel alloys), improved
manufacturing processes, and higher nominal power capacities [46]. Currently, the lev-
elized cost of energy (LCOE) for redox flow batteries is estimated at CAD 0.0503/kWh [29].
Ouyang et al. [25] report a payback period of 7.33 years for a microgrid equipped with a
vanadium redox flow battery, further reinforcing the economic feasibility of this technol-
ogy. In the literature, LCOS models for redox flow batteries have been widely utilized to
evaluate cost-effectiveness across different storage applications [38,40].

This study evaluates the feasibility of integrating a redox flow battery storage system
with an expanded wind farm at the Raglan mining site. This research utilizes a MATLAB
R2024b-based simulation model to evaluate the technical, economic, and environmental
impacts, with a focus on diesel savings, CO2 emissions reduction, and system reliability.
Unlike previous studies focusing on standalone storage systems, this research integrates
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a comprehensive techno-economic analysis, comparing multiple wind–battery hybrid
scenarios. Specifically, it examines how different battery capacities (80 MWh, 120 MWh,
160 MWh) and wind penetration levels (45–75%) affect the Levelized Cost of Energy (LCOE)
and Levelized Cost of Storage (LCOS), key determinants of project feasibility [26,44].

The key research questions guiding this study are as follows:

1. What is the optimal configuration of wind energy and redox flow storage to maximize
diesel savings at the Raglan mining site?

2. What are the economic implications of integrating large-scale redox flow batteries,
particularly in Arctic conditions?

3. How does energy storage improve grid stability, and what policy incentives could
enhance financial feasibility?

This article is part of a broader research initiative exploring various energy storage
technologies to support the decarbonization of remote mining operations in northern
Quebec. In addition to the redox flow battery system analyzed in this study, parallel
investigations are underway on battery energy storage systems (BESS), hydrogen storage,
and PHSP systems [47,48]. These complementary studies evaluate each option based on
technical performance, economic viability, and environmental compatibility within off-grid
Arctic contexts. However, due to the ongoing comparative analysis, this paper focuses
solely on the techno-economic feasibility of implementing a redox flow battery system in
the Raglan hybrid electricity network.

Building on this context, the present work investigates the potential for significantly
reducing or even eliminating diesel dependency at the Raglan mine by integrating a
wind farm coupled with a redox flow battery storage system. Specifically, it examines
how this hybrid “Diesel Thermal Power Plants–Wind Farm–redox battery” configura-
tion can address the intermittency of wind energy and maintain a stable electricity sup-
ply across the mine’s 25 kV-G network. The study involves the overall dimensioning
of the wind–redox battery system, assessing its ability to meet electricity and heating
demands, and techno-economic feasibility analysis to support future investment and
implementation decisions.

The findings of this study offer valuable insights for industrial energy planners,
policymakers, and renewable energy developers, providing a scalable model for integrating
storage systems in off-grid mining operations.

Given that this work focuses on decarbonizing the Raglan mine through the sizing
and optimization of a hybrid energy system based on redox flow battery storage, the
model aims to minimize the levelized cost of electricity (LCOE) while maximizing system
performance. Accordingly, the outputs of the optimization process include

• Economic indicators: capital and operating expenditures, energy price, payback period,
and net present value (NPV);

• Technical indicators: installed capacity and power, number of wind turbines, wind
penetration rate, number of generators in operation or removed, redox battery capacity,
and greenhouse gas (GHG) emission reduction.

The specific objective of this work is to study the feasibility of integrating a redox
flow battery (RFB) storage system into the Raglan mine site’s hybrid grid to reduce diesel
dependence, improve grid stability, and enhance energy security (optimizing wind farm
energy production and addressing wind farm intermittency).

Table 2 summarizes relevant work on RFB applications.
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Table 2. Summary of works applying RFB technology.

References Context-Application Storage System Results

Zheng et al. [29]

To address the intermittency of
renewable energy sources
To manage fluctuating
energy demand

VRFB system Exergy efficiency of 78.52%

Yesilyurt et al. [30] Powering a hybrid air-source
heat pump VRFB system Efficiency of wind turbine

integration with VRFB

Oshnoei et al. [31] Load frequency control model
for a wind power system VRFB system

Higher performance due to
the use of frequency-based
VRFB

Reynard and Girault [32]

Energy storage
Clean hydrogen production,
integrating VRFBs with catalytic
reactors to enhance efficiency

VRFB system Improving the efficiency of
catalytic reactors

Ouyang et al. [25]

Performance of a VRFB within a
microgrid integrating a biomass
gasifier and a solid oxide fuel
cell designed for electricity
generation in
rural environments

VRFB system

Battery performance is
highly dependent on the
flow of the electrolyte.
An efficiency of 84% was
achieved during peak
shaving operations.

The rest of this paper is organized as follows: Section 2 briefly describes the energy
system; Sections 3 and 4 detail the methodology, including the design and sizing of the wind
energy storage system, as well as the assumptions and modeling framework used to assess
the technical, economic, and environmental feasibility of integrating redox flow batteries
(RFBs); Section 5 presents the validation of the model with global data at Raglan mine;
Section 6 discusses the results, including economic feasibility and grid performance; and
Section 7 outlines the conclusions and recommendations for future energy storage projects.

2. System Description

The Raglan mining site, located in northern Quebec, Canada, operates a localized
energy network known as “Network 25 kV-G,” which supplies both electricity and heat
to the site. This network comprises twenty diesel generators and a wind farm with two
operational wind turbines. Among these twenty generators, six EMD models (see Figure 3)
are equipped with heat recovery loops, forming a cogeneration system that meets the site’s
thermal energy demands.

As part of its decarbonization strategy, the Raglan mining company is committed
to reducing diesel consumption, a major contributor to the site’s greenhouse gas (GHG)
emissions. Given the high wind energy potential in the region, the company plans to
expand the existing wind farm by adding additional wind turbines to replace the diesel
generators scheduled for decommissioning. However, due to the intermittent nature of
wind energy, integrating an energy storage solution is essential to ensure grid stability,
reliability, and continuous energy supply. To address these challenges, the company
is considering a redox flow battery (RFB) storage system to help mitigate wind energy
fluctuations and regulate the 25 kV-G network during peak and low-demand periods.
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Figure 3. Scheme of the electrical and heating networks.

The VRB ENERGY all-vanadium redox flow battery, manufactured by a Vancouver-
based Canadian company, has been selected for this application (see Figure 4). This battery
technology offers high efficiency, long cycle life, and independent scalability of power and
capacity, making it well-suited for large-scale renewable energy storage at the Raglan site.

Figure 4. VRB ENERGY all-vanadium flow battery: battery model VRB-ESS, 1 MW, 500 MWh of
energy storage capacity installed or in development [49].

The project’s first phase focuses on optimizing wind farm production, ensuring a
complete transition from diesel generators, meeting electrical and thermal energy demands,
and appropriately sizing the redox flow battery required for the site’s operations. The
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successful implementation of this hybrid wind–storage system plays a critical role in
achieving the site’s long-term energy transition and sustainability goals.

3. Methodology

This study aims to design and optimize a wind energy storage system utilizing redox
flow batteries (RFBs) at the Raglan mining site, thereby reducing diesel consumption and
decarbonizing electricity production. The MATLAB-based simulation model developed
for this study integrates wind power generation, battery storage dynamics, load demand,
and economic feasibility analysis. The main equations used in the model are presented in
Appendix A.

3.1. Assumptions

The simulation is based on the 2020 operational data from the Raglan site, considering
the following key assumptions:

• Energy demand: The mine’s annual electricity consumption is 145,195 MWh, requiring
34.2 million liters of diesel. The daily average electricity consumption of the site is
shown in Figure 5.

Figure 5. Daily electricity consumption of the 25 kV network in 2020.

• Wind resource: Wind speed data from 2020 indicates monthly average speeds between
6 and 9 m/s (see Figure 6) with an annual average of 8.5 m/s at the wind turbine hub
height (92 m).

• Ambient temperature: The average temperature on site is −15 ◦C, which affects air
density (1.367 kg/m3 instead of the standard 1.225 kg/m3).

• Wind farm expansion: The existing two wind turbines (Enercon E-82) are expected
to be supplemented with newer E-115 EP3 E4 turbines, each with a rated power of
4260 kW (92 m hub height) and a power curve illustrated in Figure 7.

• Battery storage: The selected VRB ENERGY all-vanadium flow battery is installed in a
heated facility to mitigate cold-related efficiency losses.
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Figure 6. Wind speed in 2020 in Raglan.

Figure 7. The power curve of the E-115 EP3 E4 wind turbine.

3.2. Wind Energy Production in Mining Sites: Forecasting, Optimization, and Utilization

Given that wind production is highly dependent on wind speed, this study used
wind speed data from several years (2017–2018–2019–2020–2021). The year 2020 was
chosen as it was the most representative compared with the other years. An average
speed of approximately 8.5 m/s was therefore established over the year. This is homoge-
neous. Figure 8 shows the occurrence of wind speeds at quarter-hourly intervals over the
year 2020.
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Figure 8. Frequency of occurrence of different wind speeds in 2020.

The distribution of Figure 8 is made possible using Equation (A5) in Appendix A.
From the wind data (wind potential of the site) of the Raglan mining site, the power

available for each of the wind turbines is deduced using the information provided by the
manufacturer. For example, the E-115 EP3 E4 wind turbine (Enercon, Aurich, Germany)
produces 3472 MW, while the E-82 E4 wind turbine (Enercon, Aurich, Germany) produces
1880 MW when the wind speed reaches 11 m/s. As wind speeds are dependent on the
seasons and the weather, energy production from wind turbines is also dependent on them.
Except for violent winds (storms, etc.) with speeds of up to 26.5 m/s, wind production is
higher when the wind is stronger. Thus, the wind distribution at the Raglan site follows a
Weibull distribution, and its shape is characteristic of it (see Figure 8).

Considering that wind energy production is intermittent, the project plans to couple
the wind farm with a redox flow battery storage system.

To study the periods without wind at Raglan, an assumption is made that considers
a wind speed of less than 3 m/s to be a period without wind. This assumption is based
on the fact that the E-115 wind turbine does not produce even 80 kW below 3 m/s, which
is required for de-icing. In 2020, there was 643 h without wind over the whole year. The
longest period without wind was 28 consecutive hours. During this 643 h, almost 100% of
electricity production would have to rely on diesel generators (see Figure 9).

The periods without wind, representing more than 61% of cases, are shorter than eight
hours. This indicator can be used to determine the battery size and its storage life.

3.3. Sizing of the Energy System

Raglan mine is set to expand its renewable energy capacity by 2030, with wind energy
selected as the primary source due to the region’s abundant wind resources and the
success of its initial wind turbine project, which currently operates two turbines. The
additional wind energy generated should be integrated into the 25 kV-G network, marking
a significant milestone in the site’s decarbonization efforts. This transition reduces reliance

90



Appl. Sci. 2025, 15, 7147

on diesel generators, enhances energy sustainability, and aligns with broader carbon
reduction targets.

Figure 9. Number of occurrences of windless periods.

3.3.1. Sizing, Installation, and Cost of the Wind Farm

Proper sizing and installation of the wind farm are critical, as site-specific characteris-
tics directly influence turbine performance. The Raglan mining site in northern Canada
experiences extreme cold temperatures throughout the year, making wind energy more
suitable than solar power due to limited sunlight availability. Among the various renew-
able energy sources, wind power is particularly well-adapted to the climatic conditions of
northern Canada [48].

As mentioned, the Raglan site currently operates two Enercon E-82 E4 wind turbines,
each with a nominal power output of 3 MW, integrated into the 25 kV grid network. To
expand the site’s renewable energy capacity and advance its decarbonization objectives,
the current project proposes deploying additional wind turbines of the latest ENERCON
model, the E-115 EP3 E4. This upgraded model, featuring a 92 m mast and a nominal
power rating of 4.260 MW, represents a 42% increase in capacity compared to the existing
turbines. Table 3 summarizes the key characteristics of the wind turbines at the Raglan
mine site.

Table 3. Characteristics of the wind turbines at the Raglan mine site.

Types of Wind
Turbine

Minimum Wind
Speed for a Wind

Turbine
Operation

Wind Speed to
Reach Maximum

Power

Maximum
Operating Wind

Speed of the Wind
Turbine

E-82 3 m/s 17 m/s 26 m/s

E-115 2 m/s 14.5 m/s 34 m/s

The E-115 wind turbine is significantly larger than its predecessor, featuring a rotor
diameter of 115.7 m and a sweep area of approximately 10,516 m2. One of its key advantages
is the ability to generate higher energy output while reducing the number of turbines
required, thereby minimizing land use and environmental impact. Additionally, this model

91



Appl. Sci. 2025, 15, 7147

is specifically designed to withstand Arctic conditions, including frost, extreme cold, and
severe storms. Given the site’s environmental challenges, the estimated operational lifespan
of the wind turbines is conservatively set at 15 years for design purposes. However, the
manufacturer specifies a lifespan of 25 years under standard operating conditions.

Due to the extensive size of the Raglan mining site, careful selection of the wind
farm’s location is essential to ensure optimal connectivity to the 25 kV-G electrical network
while facilitating access for maintenance teams. The area surrounding Katinniq has been
identified as the most suitable location for the additional wind turbines. LiDAR (Light
Detection and Ranging) studies are planned to further refine site selection and optimize
turbine placement, enabling the accurate assessment of wind characteristics, including
speed, intensity, and directional patterns.

A thorough analysis of investment costs is crucial in large-scale projects, as it informs
key decisions regarding equipment selection, financial feasibility, and trade-offs between
technical performance and site-specific constraints. Understanding these costs is essential
for optimizing project design while balancing economic and environmental considerations.

In recent years, the cost of wind energy projects has significantly declined and
is expected to continue decreasing in the coming decades. According to Stehly and
Duffy [50], this trend is driven by improvements in turbine performance, reduced energy
losses and operational risks, enhanced cost management, and advances in materials and
construction techniques.

To evaluate the financial feasibility of the wind energy expansion at Raglan, this
study employs the Levelized Cost of Energy (LCOE) metric. LCOE is a key economic
indicator that provides a comparative assessment of different energy technologies. It
consists of two main components: capital expenditure (CAPEX), which represents upfront
investment costs, and operating expenditure (OPEX), which includes maintenance and
operational expenses. LCOE is typically expressed in CAD/kWh or CAD/MWh and is
influenced by five primary factors: initial capital investment, ongoing operational costs,
system performance, financial and tax assumptions, and project lifespan.

The study also incorporates data from the IRENA report [46], which provides relevant
insights specific to Canada, including the Raglan mining site. Based on these indicators
and the referenced report, the cost analysis yielded the results in Table 4.

Table 4. Wind CAPEX, OPEX, and LCOE in Canada and Raglan.

Localization
OPEX

(CAD/kW·yr)
OPEX

(CAD/MWh)
CAPEX

(CAD/kW)
CAPEX

(CAD/MWh)
LCOE

(CAD/MWh)

Canada 46.9 11.84 1833 23.15 35.0

Raglan 117.6 30.76 4857 84.69 115.5

The results indicate a substantial increase in both OPEX (150.8%) and CAPEX (164.9%)
for the Raglan site compared to the national average, primarily due to the site’s extreme
environmental conditions, including harsh winters and remote location.

The price of an ENERCON E-115 EP3 E4 wind turbine (4.260 MW) for the Raglan site
is calculated at approximately CAD 20,690,000 using the cost estimates from Table 4. A
simplifying assumption was adopted to determine the total wind farm investment cost,
wherein the cost of a single wind turbine is multiplied by the total number of turbines
planned for deployment.

3.3.2. Sizing, Implementation, and Cost of the Storage System

Despite the abundant wind energy potential at the Raglan site, an energy storage
solution is essential to mitigate wind power’s intermittency and ensure grid stability.
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This study assesses the feasibility of integrating redox flow batteries (RFBs) as the pri-
mary storage technology, given their proven advantages, pre-installation readiness, and
technological maturity.

To accurately size the storage system for the Raglan mining site, this study relies
on agency reports, laboratory data, and direct manufacturer specifications. Given the
region’s extreme climatic conditions, a critical design consideration is protecting batteries
from subzero temperatures. While redox flow battery systems are typically delivered
in insulated containers, prolonged exposure to temperatures below −5 ◦C can cause
performance degradation. Specifically, low temperatures can impair electrolyte flow, reduce
electrochemical efficiency, and shorten system lifespan. To mitigate these risks, the storage
units are housed in a heated shed, ensuring protection against snow, wind, and frost while
maintaining optimal operating conditions.

Two key parameters determine the size of the shed:

• The footprint of the redox battery system;
• The required storage capacity.

This study directly consulted battery manufacturers since literature sources do not
provide standard values for redox battery footprints. The responses varied between
30 m2/MWh and 80 m2/MWh, with an average value of 50 m2/MWh selected for this
project. Given the large footprint of the mining site, the battery storage facility is strate-
gically located near the main complex in Katinniq, ensuring efficient integration into the
mine’s energy circuit.

As with the wind farm investment analysis, the cost estimation for redox batteries is a
critical aspect of the feasibility assessment. Due to the harsh environmental conditions at
Raglan, cost adaptations are necessary to account for additional infrastructure requirements.
This study uses the Levelized Cost of Storage (LCOS) metric to quantify the financial
viability of storage deployment.

LCOS represents the cost per kWh of stored electricity over the system’s lifetime,
incorporating capital (CAPEX) and operational (OPEX) expenses. This metric provides a
long-term perspective on the economic feasibility of storage solutions, where a lower LCOS
indicates greater profitability [51]. Table 5 presents the estimated LCOS for the Raglan site
based on different storage durations.

Table 5. LCOS of redox systems at Raglan (CAD/MWh).

10 MW, Raglan
Parameters 4 h 6 h 8 h

Storage system

Storage unit and electrolyte 118.1 105.2 98.3

Storage balance 23.6 21.0 19.8

Energy system

Power supply equipment 14.3 9.5 7.1

Control and communication 0.9 0.6 0.4

System Integration 21.9 19.3 18.0

System balance

Engineering, transportation, and construction 83.0 73.0 68.7

Project development 41.8 37.2 34.9
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Table 5. Cont.

10 MW, Raglan
Parameters 4 h 6 h 8 h

Network Integration 9.0 6.0 4.5

Total CAPEX 312.5 271.8 251.8

Total OPEX 35.3 33.9 33.3

Total LCOS 347.8 305.8 285.0

The estimated LCOS values of 347.8, 305.8, and 285.0 CAD/MWh correspond to 4 h,
6 h, and 8 h storage durations, respectively. These values align with literature estimates and
manufacturer-provided data, confirming their validity as benchmarks for cost assessment.
Note here that LCOS also represents the total lifetime cost of the storage system (including
operating and maintenance costs), divided by the total amount of electricity that the
system is expected to store during its lifetime [51]. Based on the above cost assessments,
Table 6 presents the final investment costs for the redox battery system and associated
infrastructure, specifically for a 20 MW system at Raglan.

Table 6. Final costs of redox batteries.

20 MW, Raglan
Parameters 4 h 6 h 8 h

Electrochemical system (M CAD) 117.0 152.7 188.6

Area required (m2) 4000 6000 8000

Shed price (M CAD) 32.5 48.8 65.0

Total cost (M CAD) 149.5 201.4 253.6

With the energy system components and financial parameters established, we develop
a simulation model that integrates these factors into a comprehensive analysis. This model
enables scenario testing and the evaluation of different configurations of wind–storage
integration, optimizing the economic and technical feasibility of the renewable energy
transition at Raglan.

4. Design, Sizing, and Modeling of the Wind Energy and Storage System

A MATLAB-based simulation model was developed to evaluate the performance of
the Raglan mine energy network following the integration of additional wind turbines
and energy storage. This model enables the simulation of various operational scenarios by
incorporating multiple input parameters, including

• Wind energy production;
• Electricity and heat generation based on generator operation;
• Diesel fuel consumption;
• Energy storage dynamics (charging and discharging cycles).

The model operates on an hourly time scale over an entire year, allowing for a detailed
analysis of key performance indicators such as

• Renewable energy penetration rate;
• Wind energy curtailment losses;
• Diesel fuel savings;
• Greenhouse gas (GHG) emissions reduction;
• Economic performance metrics (including financial feasibility analysis).
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The MATLAB-based dynamic model provides a crucial tool for predicting system
behavior under various configurations, eliminating the need for physical testing. It enables
the identification of optimal energy management strategies while ensuring grid stability
and cost-effectiveness.

The simulation framework is structured into four interdependent sub-models, which
operate in an iterative process to capture the complex interactions between energy produc-
tion, storage, and demand, as shown in the flowchart in Figure 10.

 

Figure 10. Modeling framework flowchart.

4.1. Model Input Data

The MATLAB-based simulation program developed for this study is fully configurable,
enabling flexible parameter adjustments tailored to specific simulation objectives. The
operating parameters are structured within a “structure array” to enhance readability
and clarity, facilitating efficient data organization and processing within the MATLAB
workspace (see Figure 11). Key configurable parameters include

Figure 11. Structure array of model input parameters.
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• Number of wind turbines;
• Number of diesel generators in operation;
• Maximum battery power (maximum_battery_power);
• Battery storage duration (battery_storage_time);
• Total battery storage capacity (max_battery_capacity).

The structure array is linked to an internal MATLAB folder containing the essen-
tial datasets from the Raglan mining site, which are required for accurate simulation.
These include

• Hourly heat demand data (2021);
• Wind speed data at 15 min intervals (2020);
• Electricity consumption data from the 25 kV network (hourly, 2020);
• The power curve of the ENERCON E-115 wind turbine.

By integrating these site-specific datasets, the MATLAB model enables a realistic and
data-driven simulation, allowing for accurate assessments of wind energy integration,
energy storage performance, and diesel displacement strategies at the Raglan mining site.

4.2. Sub-Model 1: Wind Speed Model

This sub-model utilizes the “2020 Wind Data, 15 Minutes” dataset to simulate vari-
ations in wind speed under different conditions. For simulation purposes, three distinct
wind scenarios were defined:

• Unfavorable: Wind speed decreases between −10% and −5%;
• Random: Wind speed fluctuates within a range of −5% to +5%;
• Favorable: Wind speed increases between +5% and +10%.

These conditions enhance the model’s flexibility, reflecting the natural variability of
wind speeds, which fluctuate continuously. The simulation of wind speed variations is
controlled by the following formula (Equation (1) and Equation (A4) in Appendix A):

r = a + (b− a) ∗ rand(N, 1) (1)

where

• a and b are the lower and upper bounds of the wind speed variation interval;
• N represents the random numbers within the interval (a,b);
• rand(N,1) is the MATLAB random function that generates values within the

specified range.

A 15 min time step is used in the model, ensuring high-resolution variability in
wind speed. Equation (1) serves as the MATLAB function for wind speed randomization,
allowing for dynamic simulation of the 25 kV grid response, particularly regarding

• Wind turbine performance fluctuations;
• Energy storage system behavior under variable wind conditions;
• Grid stability under different wind penetration scenarios.

Additionally, this sub-model enables further analysis of critical wind conditions,
such as

• The number of hours per year with no wind;
• Consecutive hours with zero wind generation;
• Consecutive hours without peak wind speeds.

By incorporating these stochastic wind variations, the model ensures a realistic as-
sessment of wind energy intermittency and its impact on grid stability and energy storage
requirements at the Raglan mining site.
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4.3. Sub-Model 2: Wind Power Generation Model

The wind power generation model is based on Sub-Model 1, utilizing the same 15 min
time step for consistency. This sub-model incorporates the wind turbine’s power curve (see
Figure 7) and simulates energy production under varying wind conditions.

The model utilizes a MATLAB function, such as the ‘SEARCHV’ function in Microsoft
Office, to accurately map wind speed values to corresponding power outputs, ensuring
precise alignment between input wind speeds and turbine-generated power.

Given the harsh environmental conditions at Raglan (including cold temperatures,
frost, and storms), a correction factor is applied to account for production inefficiencies.
This factor was determined using real-world production data from the existing E-82 wind
turbines, reflecting the actual site conditions. The correction factor is calculated as follows
(Equation (2) and Equation (A8) in Appendix A):

Corrective f actor =
Real production o f the E− 82 wind turbines

Production obtained using its power curve f rom the supplier
(2)

Data analysis from 2019 to 2021 revealed that the E-82 wind turbines at Raglan pro-
duced only 86.8% of their theoretical capacity due to site-specific constraints. The same cor-
rection factor (0.868) was applied to the E-115 wind turbines to ensure
realistic projections.

The time step is increased from 15 min to 1 h to facilitate further analysis, allowing for
the following:

• Estimation of the wind farm’s load factor;
• Calculation of total wind energy production (based on the number of new

turbines installed);
• Computation of average hourly energy output per turbine.

Following multiple simulation iterations, the average load factor of the E-115 wind
turbines was determined to be 43.6%. Subsequent calculations use this value to refine
energy output estimations and assess the wind farm’s overall performance under Raglan’s
environmental conditions.

4.4. Sub-Model 3: Model of the Response to Electrical Demand

The electrical demand response model simulates the behavior of the 25 kV network
under different load conditions. This sub-model is essential for monitoring and controlling:

• Battery management (state of charged and discharged energy);
• Unused surplus energy;
• Generator consumption.

To introduce flexibility, a randomization factor is applied to simulate variations in
electrical demand. The model uses Equation (1) (previously introduced) with a random
fluctuation range of −5% to +10%, ensuring a realistic simulation of demand changes.

A key objective of this sub-model is to ensure that the 25 kV network maintains a
surplus of energy, enabling efficient battery storage and load management. Additionally,
it anticipates future increases in electrical demand, given that the Raglan mine plans to
expand nickel production.

Complete decarbonization is not immediately feasible since the ore-drying process
relies entirely on diesel generators. Thus, the model accounts for the continued op-
eration of some generators to meet heat demand, ensuring a pragmatic transition to
renewable energy.

Two scenarios were tested to analyze the behavior of the 25 kV network under different
supply and demand conditions:
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1. Electricity demand is satisfied:

• The energy supply exceeds demand, generating excess power.
• The surplus is directed toward charging storage batteries.
• If batteries are fully charged, the excess energy is curtailed (rejected).
• This is the ideal case for the Raglan mine, as it maximizes the utilization of

renewable energy.

2. Electricity demand is not satisfied:

• The 25 kV network draws from battery storage to cover the deficit.
• If battery reserves are insufficient, additional power must be generated.
• In this case, an emergency recourse to diesel generators is triggered.
• Each generator has an estimated power output of 2.88 MW.

Figure 12 illustrates Sub-Model 3’s operating structure and details how energy de-
mand, supply, and storage interact within the MATLAB simulation framework.

Figure 12. Management of the electrical part of the MATLAB model.

4.5. Sub-Model 4: Thermal Demand Response Model

At the Raglan mine site, heat is generated through two primary sources:

• Heat recovery from EMD engine blocks;
• Diesel-fired boilers.

The thermal energy sub-model is based on operational data from 2021, during which
87% of the energy produced by diesel generators was recovered and utilized for heating
through the cooling circuit—a particularly critical process during the cold months at Raglan.

The model integrates specific heat recovery values from two key sources:

• Exhaust gas recovery: 5.12 MWh;
• 31-HX-02 heat exchanger recovery: 12.35 MWh.

Additionally, the model predicts the contribution of wind energy to the heating
circuit. When the diesel generator output is insufficient, surplus wind energy is directed to
compensate for the heat demand.

Figure 13 illustrates a simplified schematic of the thermal management sub-model,
depicting how different energy sources interact to maintain the site’s heating requirements.
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Figure 13. Thermal part management.

5. Validation of the Global Model

The global model integrates the four sub-models presented earlier, providing a com-
prehensive simulation of the Raglan energy system. This model accounts for both existing
infrastructure and newly proposed installations, ensuring a realistic representation of
energy production, storage, and consumption at the site.

To guarantee accuracy and computational efficiency, the MATLAB-based program has
been thoroughly tested for

• Error-free execution;
• Optimized calculation times;
• Seamless operation with a single command.

The MATLAB simulation results are automatically exported to an Excel file using the
“writetable” function to facilitate further analysis and generate structured data tables.

Its predictions were compared against actual operating data from the Raglan mining
site to validate the model’s accuracy. The results are presented in Table 7.

Table 7. Comparison between actual plant data and the present work.

Characteristics Modeled Value Real Value Relative Error (%)

Diesel consumed
by generators (L) 37,979,558 37,141,356 2.26

Diesel consumed
by boilers (L) 111,815 111,182 0.57

Total diesel
consumed by the
25 kV network (L)

38,091,374 37,252,539 2.25

Wind power
production (MWh) 16,286 16,871 3.59
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The low relative errors observed in all key parameters confirm the accuracy and
reliability of the simulation. The results demonstrate that the model provides a realistic
approximation of the Raglan mine’s energy system, making it a valuable tool for assessing
new renewable energy integration and optimizing system performance.

6. Results and Discussion

6.1. Data

Table 8 presents the data and operating parameters used for modeling and simulation.
These values are essential for sizing the wind farm’s energy storage system and estimating
the electricity and heat demand at the Raglan site.

Table 8. Model input and output data.

Data at the Entrance Value

Exchange rate as of 21 September 2022 1.34 CAD/USD

Load factor (%) 32%

Lifetime of project (yr) 15.00

IRENA Canada Wind OPEX (CAD/kW.yr) 35.00

IRENA Canada Wind CAPEX (CAD/kW.yr) 1368

Exits Value

CAPEX (CAD/MWh) 49.24

OPEX (CAD/MWh) 24.15

LCOE (CAD/MWh) 73.40

Several additional site-specific parameters were used in the modeling process:

• Wind speed at Raglan: Monthly average wind speed is typically between 6 and 9 m/s.
• The overall efficiency of electricity production by generators is 3.78 kWh/L, corre-

sponding to an electricity generation efficiency of 35.5%.
• Air density: Approximately 1.37 kg/m3, based on an average atmospheric temperature

of −15 ◦C, a common condition at Raglan.

The following assumptions were made regarding energy production and
consumption data:

• Wind energy production data from 2020 was used as the baseline for modeling wind
power generation.

• Electricity consumption data from 2020 was used to model the electrical demand of
the mine.

• Thermal energy consumption data from 2021 was used to represent the mine’s
heating requirements.

By integrating these parameters and historical datasets, the model accurately repre-
sents the energy dynamics at the Raglan site, supporting the optimization of wind energy
integration, energy storage, and system performance.

6.2. Model Results

This section presents the simulation results of the proposed model, which aims to
decarbonize the Raglan mining site by integrating a vanadium flow battery storage system
coupled with a wind farm.

The primary objective of this study is to develop optimized solutions that

• Reduce diesel consumption, lowering operational costs and reliance on fossil fuels;
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• Decrease greenhouse gas (GHG) emissions, mitigating the environmental impact of
mining activities.

The following subsections provide an in-depth analysis of the model’s performance,
including energy production, storage efficiency, and the potential for diesel displacement
through the integration of renewable energy.

6.2.1. General Trend Results

To significantly reduce diesel consumption, a large penetration of wind energy in the
energy mix is necessary, which implies the installation of additional wind turbines. This is
the only way to reduce diesel consumption and the number of installed generators. The
different simulations focus on three main variables: the number of generators to be left
running permanently throughout the year, which varies from zero to three; the battery
capacity, which can take values of 0 MWh, 80 MWh, 120 MWh, and 160 MWh; and the
additional number of E-115 wind turbines to be installed, which varies from 0 to 12.

Tables 9 and 10 provide a visual representation of the different configurations, enabling
easy identification of diesel savings. It presents the diesel consumption reduction (as a
percentage of diesel saved compared to the status quo) for the different configurations,
considering all combinations of the number of new wind turbines, the battery capacity, and
the number of generators to be kept running. Table 9 shows that significant diesel savings
of up to 63.98% can be achieved. This is only possible by stopping all generators while
increasing the number of wind turbines and the storage capacity of the flow battery.

Table 9. Amount of diesel saved, in the cases of 120 MWh and 160 MWh redox battery.

Number of Wind
Turbines

160 MWh Redox Battery 120 MWh Redox Battery
0 gen 1 gen 2 gen 3 gen 0 gen 1 gen 2 gen 3 gen

12 −63.98% −58.66% −51.98% −41.84% −62.72% −57.43% −50.82% −40.88%
11 −62.83% −57.69% −51.27% −41.28% −61.56% −56.44% −50.08% −40.37%
10 −61.45% −56.59% −50.35% −40.79% −60.20% −55.34% −49.12% −39.76%
9 −59.82% −55.34% −49.33% −40.13% −58.63% −54.10% −48.15% −39.08%
8 −57.85% −53.71% −48.14% −39.32% −56.71% −52.58% −46.95% −38.23%
7 −55.19% −51.75% −46.75% −38.29% −54.20% −50.68% −45.61% −37.17%
6 −51.24% −49.12% −44.79% −37.13% −50.51% −47.99% −43.78% −36.02%
5 −45.15% −44.70% −42.17% −35.43% −44.82% −44.12% −41.11% −34.44%
4 −37.87% −37.96% −37.46% −32.95% −37.79% −37.70% −36.86% −32.18%
3 −30.06% −29.83% −29.52% −27.95% −29.96% −29.86% −29.46% −27.49%
2 −20.62% −20.62% −20.34% −19.21% −20.65% −20.59% −20.29% −19.20%
1 −10.14% −10.20% −10.07% −9.23% −10.19% −10.17% −10.17% −9.21%
0 0.73% 0.74% 0.61% 0.96% 0.71% 0.66% 0.68% 1.09%

Legend: Dark green = very good economy; Light green = good economy; Yellow = fairly good economy;
Red = bad economy; gen = generator.

The reduction in diesel consumption is directly linked to the penetration of wind
energy into the Raglan mine’s energy mix; logically, the greater the number of wind
turbines built, the more significant the proportion of wind energy in Raglan’s energy mix.
As a result, diesel consumption and the number of operating generators decrease. As such,
the diesel savings increase by reducing the number of generators in operation, as well
as by increasing battery capacity and wind turbine capacity. By leaving three generators
in operation, we can achieve diesel savings of 35.44%, 39.66%, 40.88%, and 41.84% for
the 0 MWh (without battery), 80 MWh, 120 MWh, and 160 MWh battery sizes. Besides
this, the best diesel savings options, in the case of removing all generators and integrating
12 additional wind turbines into the grid, amount to 56.68%, 61.27%, 62.72%, and 63.98%,
respectively, for the 0 MWh (without battery), 80 MWh (see Table 10), 120 MWh, and
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160 MWh batteries (see Table 9). In contrast, with four wind turbines added to the grid and
one generator in continuous operation, the configuration with the largest storage capacity
(160 MWh battery) remains the best option, with an estimated diesel savings rate of 37.96%.

Table 10. Amount of diesel saved, in the cases of without redox battery and 80 MWh redox battery.

Number of Wind
Turbines

80 MWh Redox Battery Without Redox Battery
0 gen 1 gen 2 gen 3 gen 0 gen 1 gen 2 gen 3 gen

12 −61.27% −56.06% −49.49% −39.66% −56.68% −51.31% −44.79% −35.44%
11 −60.10% −55.05% −48.74% −39.16% −55.43% −50.34% −43.93% −34.76%
10 −58.79% −53.93% −47.82% −38.49% −54.17% −49.16% −43.00% −34.10%
9 −57.22% −52.62% −46.75% −37.79% −52.51% −47.80% −41.88% −33.29%
8 −55.29% −51.14% −45.56% −36.92% −50.60% −46.15% −40.63% −32.23%
7 −52.92% −49.33% −44.11% −35.91% −48.45% −44.40% −39.07% −31.19%
6 −49.56% −46.73% −42.33% −34.69% −45.82% −42.09% −37.31% −29.84%
5 −44.39% −43.23% −39.96% −33.20% −42.28% −39.37% −35.05% −28.21%
4 −37.69% −37.37% −36.13% −30.95% −37.01% −35.46% −32.12% −26.10%
3 −29.94% −29.72% −29.21% −26.90% −29.62% −29.14% −27.56% −23.15%
2 −20.61% −20.52% −20.23% −19.08% −20.51% −20.27% −19.61% −17.86%
1 −10.14% −10.08% −10.09% −9.19% −10.14% −10.04% −9.71% −8.76%
0 0.71% 0.63% 0.51% 1.11% 0.64% 0.66% 0.72% 1.32%

Legend: Dark green = very good economy; Light green = good economy; Yellow = fairly good economy;
Red = bad economy; gen = generator.

Scenario of Two Generators in Operation and 120 MWh Battery: Impact of Adding Wind
Turbines to the 25 kV-G Network

This scenario evaluates the performance of a hybrid system with two continuously
operating diesel generators and a 120 MWh redox flow battery. The number of additional
E-115 wind turbines varies from 0 to 12 to assess their impact on system costs and operation.
The results are shown in Figure 14:

Figure 14. Performance indicator variation with the number of wind turbines (WTs) for a system
with 120 MWh battery and two generators running continuously: (a) LCOE vs. number of WTs;
(b) LCOS vs. number of WTs; (c) diesel savings vs. number of WTs; (d) energy discharged from
batteries vs. number of WTs.
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(a) Levelized Cost of Energy (LCOE): The LCOE initially decreases as wind turbines
are added, reaching a minimum of around four turbines, beyond which further additions
lead to a gradual increase. This reflects that the optimal integration point of wind energy
before overcapacity leads to diminishing returns (see Equation (A1) in Appendix A).

(b) Levelized Cost of Storage (LCOS): LCOS sharply decreases with the addition
of wind turbines and approaches zero after four turbines, indicating maximal economic
utilization of the battery system beyond that point (see Equation (A2) in Appendix A).

(c) Diesel Savings: Increasing wind capacity consistently reduces diesel usage. How-
ever, the rate of diesel savings declines with each additional turbine, illustrating a
saturation effect.

(d) Battery Discharge Energy: The energy discharged from the battery increases with
added wind power, peaking at around six turbines. Beyond this point, battery usage
stabilizes or slightly declines, suggesting that excess wind generation reduces reliance
on storage.

This analysis highlights the trade-offs between wind capacity, storage utilization, and
diesel consumption. An optimal configuration emerges with four to six additional turbines,
effectively balancing cost and performance.

In addition to the analysis of the number of installed wind turbines, we explore the
variation in the previous parameters with the wind penetration rate related to both installed
capacity and the specific site operating conditions:

Wind Penetration(%) = WP(%) =
Ewind
Eload

× 100 (3)

As such, in Figure 15, we account for the actual wind energy contribution over a year,
not just the installed capacity. Although the overall trends in Figure 15 resemble those in
Figure 14, key distinctions emerge in subfigures (b) and (c):

Figure 15. Performance indicator variation with the wind power penetration rate (WPP, %) for
a system with 120 MWh battery and two generators running continuously: (a) LCOE vs. WPP;
(b) LCOS vs. WPP; (c) diesel savings vs. WPP; (d) energy discharged from batteries vs. WPP.
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(a) The Levelized Cost of Energy (LCOE) steadily decreases as wind penetration
increases from 10% to 50%, reaching a minimum of approximately CAD 490/MWh at 50%.
Beyond this point, the LCOE rises, indicating an optimal penetration level of around 50%.

(b) The Levelized Cost of Storage (LCOS) experiences a sharp decline between 10%
and 20% wind penetration, after which the reduction becomes more gradual. LCOS
reaches zero at 50% penetration, confirming this as the most economically efficient point for
storage operation.

(c) Diesel consumption shows an almost linear decrease throughout the entire range
of wind penetration, reinforcing a strong negative correlation between wind contribution
and fossil fuel reliance.

(d) Battery discharge increases with wind penetration, peaking around 55% and then
slightly decreasing. This suggests a saturation point in the contribution of storage to
system balancing.

Together, these results confirm that a wind penetration rate of around 50% of-
fers the best trade-off between cost reduction, storage utilization, and diesel offset in
this configuration.

Impact of the Number of Operating Generators and Additional Wind Turbines on the
Diesel Savings

For a system with a 120 MWh battery, Figure 16 illustrates the impact of wind turbine
additions on diesel savings under different generator operation scenarios (0 to 3 genera-
tors running). The most significant diesel reduction occurs when no generators operate
permanently, resulting in over 150% savings compared to the baseline. The >100% diesel
savings reflect not only avoided electricity production from diesel but also the replacement
of diesel used for thermal needs (e.g., building or process heating) through excess wind
energy and heat recovery. This indicates net-negative diesel consumption relative to the
baseline for electricity generation only when combined power and heat offset benefits
are considered.

Figure 16. Share of diesel saved for different numbers of continuously running generators, depending
on the number of wind turbines, with 160 MWh redox battery storage.
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The relative diesel savings decrease as more generators remain permanently online
(Figure 16b–d). This demonstrates that continuously operating diesel generation limits the
economic and environmental benefits of wind integration.

6.2.2. Results for the Most Economical Scenario

Economic performance is a primary driver for technology adoption in any industrial
context, especially for mining operations. This section presents the results for the most
cost-effective scenario over a 15-year project horizon.

As it is currently not feasible to fully disconnect all diesel generators due to ore pro-
cessing and operational constraints, the most economical scenario involves maintaining
two generators running continuously, integrating five E-115 wind turbines, and including
a redox flow battery system rated at 20 MW/80 MWh. Under these conditions, the con-
figuration with continuous operation of two generators outperforms the three-generator
alternative in terms of both cost and environmental performance.

Table 11 presents the main characteristics of the most economical scenario. This
scenario reduces 42,429.6 tCO2 emissions, equivalent to 39.96% of the diesel consumed in
Raglan annually. It also allows for savings of CAD 155.8 million. The return on investment
is estimated at ten years.

Table 11. Results of the most economical scenario.

Data Type Value Unit

Wind CAPEX (5 wind turbines) 103.4 M CAD

CAPEX redox (battery and hangar) 149.5 M CAD

TOTAL CAPEX 253.0 M CAD

CAPEX additional cost 236.3 M CAD

TOTAL Economy 155.8 M CAD

LCOE complete system 460 CAD/MWh

LCOS complete system 7830 CAD/MWh

Wind integration 80.48 %

Wind penetration 48.71 %

Diesel saved 39.96 %

Quantity of GHG avoided 42,429 tCO2 eq.

“CAPEX Additional Cost” refers to the incremental investment required to deploy
the hybrid system—batteries, wind turbines, and supporting infrastructure—compared
to a business-as-usual scenario (diesel-only operation). CAPEX is calculated using
Equation (A7) in Appendix A. Equation (A6) allows for the estimation of OPEX.

The high LCOS (CAD 7831/MWh) results from including building infrastructure costs
(~25% of total) and the high capital intensity of redox flow storage, especially in remote,
harsh-climate environments like Raglan.

6.2.3. Scenarios with the Highest Diesel Savings

As observed in Tables 9 and 10, the scenario with the highest diesel savings involves a
large-scale hybrid configuration comprising a wind farm of 14 turbines, of which 12 are
additional E-115 units, coupled with a 160 MWh redox flow battery. In its initial form, no
diesel generators are running continuously. Under these conditions, the system achieves
substantial environmental benefits, with an estimated reduction of 68,000 tCO2 equivalent,
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corresponding to a diesel savings rate of 63.98%. However, this scenario is infeasible at
Raglan, primarily due to operational constraints related to ore drying.

Considering the actual operation conditions, the ore drying process at Raglan relies
entirely on heat recovered from the exhaust gases of diesel engine blocks. Since the process
requires continuous thermal input, a realistic scenario requires keeping two generators run-
ning in the implemented scenario. Thus, the finalized configuration includes 12 additional
E-115 wind turbines, a 160 MWh redox flow battery system, and two diesel generators
operating continuously. The technical and economic results for this high diesel-reduction
scenario are summarized in Table 12. It is noted that the LCOE in the case of the most
economical scenario is lower (Table 11), compared to that of the scenario with high diesel
savings. This is explained by the fact that the total cost of energy production with high
diesel savings uses a large share of energy from wind turbines, the production cost of
which, at the Raglan site, is high, associated with this, the limited lifespan (15 years for
wind turbines at Raglan, while the LCOE is often calculated for lifespans of 20 or 25 years)
of renewable energy equipment (due to the cold climate, difficult maintenance). In the
case of LCOS, the scenario with the greatest diesel savings presents a low value, i.e., CAD
6110/MWh (see Table 12).

Table 12. Results of the scenario with high diesel economy.

Data Type Value Unit

Wind CAPEX (12 wind turbines) 248.3 M CAD

CAPEX redox (battery and hangar) 253.6 M CAD

TOTAL CAPEX 501.9 M CAD

CAPEX additional cost 485.2 M CAD

TOTAL Economy −16.3 M CAD

LCOE complete system 590 CAD/MWh

LCOS complete system 6110 CAD/MWh

Wind integration 45.81 %

Wind penetration 60.09 %

Diesel saved 51.98 %

Quantity of GHG avoided 55,203 tCO2 eq.

6.3. Discussion

The results presented in this study are based on a model built with several conserva-
tive assumptions. Consequently, real-world outcomes may be even more favorable. For
instance, actual wind power generation could exceed projections, battery utilization might
be higher, diesel prices could rise, and the cost of redox flow technology may decrease over
time.

One of the most significant cost drivers in the current analysis is the purchase and
installation of redox flow batteries. As this technology has not yet reached full industrial
maturity, large-scale systems like those required at Raglan remain rare and costly. Addi-
tionally, the need to construct a dedicated facility to house the tanks and electrochemical
stacks adds substantial capital costs, unlike storage systems that do not require such infras-
tructure. Despite these limitations, most configurations analyzed yield a positive return
on investment.

Soon, Raglan may be eligible for government subsidies to support decarbonization
projects. If such funding is secured, it would reduce total project costs and significantly

106



Appl. Sci. 2025, 15, 7147

improve profitability. However, since the amount and timeline of potential subsidies
remain uncertain, they have not been included in the current financial assessment.

Another potential but unquantified benefit is the commercial value of decarbonized
or “green” nickel. Once Raglan completes its decarbonization process, it could position
its nickel as a low-carbon product, an attractive feature for the growing electric vehicle
(EV) industry. This could give Raglan a strategic commercial advantage in emerging clean
technology markets.

The study also highlights that removing diesel generators from the 25 kV-G network
is more effective in reducing emissions than simply increasing storage capacity. This aligns
with Raglan’s plans for the second phase of its decarbonization strategy, which involves
retiring the remaining EMD diesel generators. To enable this, an alternative ore-drying
process must be identified that does not rely on engine exhaust heat.

Once diesel generators are fully phased out, wind energy penetration is expected to
increase significantly. At that point, a new challenge will emerge: ensuring the quality
and stability of electricity integrated into the network. This will likely require careful
management of power electronics, grid-forming inverters, and control systems to maintain
voltage and frequency standards in a diesel-free environment.

7. Conclusions and Perspectives

This study explores the decarbonization of the Raglan mining site by expanding its
wind farm and integrating a redox flow battery energy storage system. To set the record
straight, a brief comparison of different energy storage technologies is also presented
and discussed.

In the first phase, we analyzed wind potential data at the Raglan site to assess the
feasibility of installing additional wind turbines that could replace the site’s diesel genera-
tors, which currently meet its electrical needs. The second phase focused on identifying
the technical requirements for sizing and implementing the storage system, particularly by
analyzing the site’s electrical and thermal demand. These factors are essential to ensure
optimal operation of the combined wind–battery system.

A hybrid simulation model, consisting of four sub-models, was developed using
MATLAB and Excel. The model evaluated various scenarios, including

* Full or partial decommissioning of diesel generators;
* The number of additional E-115 wind turbines to be added;
* The ideal energy storage capacity of the redox flow battery.

Each scenario was assessed using two key economic indicators: the levelized cost
of Energy (LCOE) and the Levelized Cost of Storage (LCOS). The results indicate that
completely removing diesel generators is currently not feasible, primarily because some
processes, such as ore drying, depend on the residual heat from diesel engines. Conse-
quently, maintaining at least two generators in continuous operation is necessary.

The study also highlights the significant cost of implementing redox flow batteries
under current market conditions. The LCOS, estimated at 7831 CAD/MWh, is high due
to the price and infrastructure requirements of the storage system. As a result, battery
utilization remains low, making the widespread integration of redox storage at Raglan
technically possible but economically challenging under current conditions.

While this work demonstrates the techno-economic feasibility of integrating wind
energy and redox storage for decarbonization, it does not address the grid stability or
power quality issues, such as voltage fluctuations, frequency regulation, grid inertia,
and stability during high renewable penetration. These aspects are crucial for ensuring
reliable and safe operation, particularly in remote and weather-exposed environments
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such as Raglan. They will be investigated in future work using dynamic power system
simulation tools.

Additionally, model results were compared with literature benchmarks for validation.
While the current model is robust, further work is needed to refine the operating parameters
and reduce reliance on assumptions. This will ensure more accurate and scalable projections
for wind integration.

Future studies will focus on the following aspects:

• Detailed sensitivity and uncertainty analysis of key parameters (wind variability,
energy demand, climate trends);

• Probabilistic modeling to assess long-term performance and reliability under varying
environmental and operational conditions;

• Power system simulations to evaluate voltage and frequency stability under high-
renewable-integration scenarios.

These next steps will provide a more comprehensive understanding of the technical
and economic dynamics of large-scale decarbonization of remote industrial sites.
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Appendix A

Table A1 gives a summary of the main equations used in this model.
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Abstract: A frequently large variation in load conditions is of great impact on the service life
of fuel cells during the operation of fuel cell vehicles and further increases the maintenance
cost of the system. This study proposed a method of power demand prediction of the
proton exchange membrane fuel cell (PEMFC) on vehicles in the actual traffic environment.
The hybrid power system topology of fuel cells and power battery on commercial vehicles
is selected to build a fuel cell model, and the accuracy of the fuel cell model is verified. An
improved multiple grey prediction method is then proposed to predict the power demand
during the sampling period of the fuel cell while considering a dynamic time window in
the prediction period. Comparisons were made between this proposed model and the
other two prediction models as a single-step prediction and multi-step prediction. Data of
CHTC-HT and field testing working conditions were used to evaluate these three prediction
models in fuel cell power demand. Results showed that the multiple grey method showed
a better prediction performance than the other models, indicated by the lowest error value
of 16.944% under the CHTC-HT condition, the lowest error value of 2.169% under stable
conditions with less variable load and 1.930% under dynamic conditions with frequent
load changes in field testing. This study of the demand power prediction can be devoted to
pre-tuning the fuel cell system to avoid performance degradation caused by unanticipated
power fluctuation.

Keywords: variable load condition; proton exchange membrane fuel cell; power demand
prediction; grey prediction

1. Introduction

A fuel cell is an electrochemical power generation device that converts chemical energy
directly into electrical energy [1]. As the main application scenario of hydrogen energy, the
emergence of fuel cell technology provides a powerful solution for energy consumption and
environmental degradation [2]. The research and commercialization of hydrogen energy
and fuel cells are developing rapidly in China, the United States, Japan, and Europe [3].
Proton exchange membrane (PEM) fuel cell vehicles have thus become a major interest
in academia and the automotive industry [4]. Presently, the main factors restricting the
commercialization of fuel cells include durability and cost [5]. The durability problem of
fuel cells is mainly reflected in its components, especially the proton exchange membrane
and catalyst, which are easy to age and degrade during long-term operation. This directly
affects the service life and maintenance frequency of the battery, increasing the cost of use.
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Thus, it is necessary to enhance the durability of fuel cells through technological innovation
to promote the commercialization of fuel cells.

The degradation of fuel cell performance is a complex problem with multiple cou-
pling, and the harsh working conditions will lead to changes in its electrochemical active
area and catalyst structural layer, which will further cause the degradation of fuel cell
performance [6]. Conditions that affect the durability of fuel cells mainly include variable
load, idle speed, high load, start-stop and other conditions [7]. Among them, variable load
conditions are the most serious conditions that affect the durability of fuel cells and account
for the highest proportion of performance degradation factors [8]. Therefore, predicting
the fuel cell demand power in the next period and then adjusting the fuel cell system in
advance when the vehicle demand power changes rapidly can avoid the melting of the
catalyst and the polymerization of the catalyst particles caused by an excessive power
adjustment rate, thus decreasing the fuel cell performance attenuation.

Accurate parameter prediction plays an important role in the lifetime of the PEMFC.
Prediction methods used in the study of PEMFC performance can be divided into three
categories: model-driven, data-driven and hybrid methods [9]. Model-driven methods
usually use empirical or semi-empirical degradation models, combined with methods
such as the extended Kalman filter (EKF) or particle filter to describe the behaviour of
the system [10,11]. These methods use a small amount of data, but no accurate model
has been established because of an extremely complex system structure of the PEMFC
with an indistinct degradation mechanism [12]. Data-driven approaches such as machine
learning [13] and data packet processing [14] analyze the currently recorded data to explore
the declining trend in PEMFC performance. Based on the short-term change trend of
time series data, researchers [15] use the linear regression relationship to extract input and
output variables and establish a regression prediction model based on a machine learning
algorithm. The hybrid method combines the advantages of model-driven and data-driven
methods and makes use of the theoretical basis provided by the model-driven method and
the prediction ability of the data-driven method to improve the accuracy and reliability
of prediction. This approach is achieved by combining physical models with data-driven
models or by integrating different predictive models, but the approach is complex and
requires more time and resources to build and debug the model.

Due to its strong ability to deal with complex and nonlinear problems, data-driven
methods especially perform well in the face of high-dimensional data and large amounts of
historical data. Compared to model-driven approaches, data-driven approaches do not rely
on deep understanding and assumptions about the internal mechanisms of the system and
are therefore more flexible and adaptable when dealing with unknown or complex systems.
At the same time, compared with the hybrid method, the data-driven method is more
concise, avoiding the complexity of model combination and high computation. It is more
suitable for vehicle application scenarios with high dynamic conditions. Therefore, grey
system theory is used for data-driven prediction with the advantages of no requirements
of large amounts of data. As a new interdisciplinary research field, grey system theory
has achieved remarkable developments [16]. The GM(1,1) model is an important model in
grey system theory and is a specific form of grey prediction model. It is an Accumulated
Generating Operation (AGO), which can build an approximate linear difference equation
to predict data trends. The GM can provide an effective prediction with a small amount of
data and can adapt to different operating conditions, so the model can be applied to the
research of power prediction. An improved GM (1,1) model has been proposed, which uses
cubic spline interpolation to optimize background values and has better prediction accuracy
in power investment prediction [17]. Based on the improved failure mode recognition
algorithm and GM (1,1) model, a fatigue life prediction method for hyperstatic truss
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structures was established in one previous study, which proved the effectiveness of the
fatigue life prediction method [18]. Researchers also used GM (1,1) to establish a prediction
model to predict the future PM2.5 content in Changchun and found that it can be used as
an effective method to predict the fog and haze weather [19]. Additionally, the GM (1,1)
model has been proven in others’ research to effectively predict the number of regional
tourists [20] and predict the freight volume and freight turnover of Luoyang City to provide
references for the decision making of logistic industry schemes [21].

A novel grey prediction model, which predicted four typical interval grey sequences,
respectively, has effectively extended function transformation technology to the field
of interval grey numbers for grey prediction [22]. Based on the Grey Verhulst model,
an algorithm was proposed for predicting Internet topic trends with high accuracy [23].
Studies in vehicles found a new and effective method to analyze and predict the sound
quality of vehicle internal noise by using grey system theory, and the method can be a
useful tool for analyzing and predicting vehicle internal noise quality [24]. An enhanced
grey predictive fuzzy controller (EGPFC) was also developed, which has better control
performance in enhancing vehicle grip [25]. Especially in the field of fuel cell research, the
grey model has been applied. Researchers propose a Grey–Markov chain power prediction
energy management strategy for the fuel cell power generation system, which reduces
hydrogen consumption in fuel cell power generation systems [26]. Additionally, a GM (1,
N) power prediction strategy is proposed and compared with other strategies as a switch
control strategy and logical threshold strategy and found that the power prediction strategy
based on GM (1, N) is superior to the other two strategies in terms of output efficiency
and fuel economy [27]. Thus, the grey system model has the advantages of providing an
effective prediction with only a small amount of data and adapting to different operating
conditions and environmental changes to be suitable for the study of power prediction.

Given the above, the real-time prediction method of fuel cell demand power is estab-
lished based on the GM model in this study. With different sampling periods and prediction
times, fuel cell power demand on commercial vehicles is estimated with three prediction
strategies: single-step prediction, multi-step prediction and multiple prediction. Efficiency
of these three strategies is compared under various working conditions, so as to achieve
the high-precision prediction of power demand in dynamic changing environment.

2. Methodology

2.1. Fuel Cell Vehicle Power System Modelling
2.1.1. Fuel Cell Power System Topology

Fuel cell commercial vehicles were selected in this study with the lithium electronic
battery as an auxiliary power source, forming an electric–electric hybrid power system
with the fuel cell. This addition of power sources extends the working range of the
power system and gives it more opportunities to work in the efficient area. As shown
in Figure 1, the power of the vehicle is provided by the fuel cell and the power battery
together, avoiding large fluctuations in the fuel cell load. The power battery can be used
when additional power output is needed or when acceleration performance is temporarily
improved. Additionally, the power battery can be used to recover the braking energy. By
converting the braking energy into electric energy and storing it in the power battery, the
energy utilization efficiency can be improved, and the life of the fuel cell can be extended.
The main configuration information of the vehicle is shown in Table 1.
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Figure 1. Structure of fuel cell and power battery.

Table 1. Power configuration of fuel cell vehicle.

Vehicle Type 49 Ton Fuel Cell Semi-Tractor

Rated power of drive motor (kW) 236

Peak power of drive motor (kW) 360

Fuel cell power rating (kW) 125

Power battery total energy (kWh) 141.312

Power battery nominal voltage (V) 614.4

Power battery nominal capacity (Ah) 230

Power battery pulse discharge ratio (C) 2

Power battery pulse discharge time (s) 30

2.1.2. Fuel Cell Variable Load Cycle

To optimize fuel cell and power battery collaboration, three key factors were consid-
ered as follows:

(i) Fuel cell durability: The durability of a fuel cell is affected by the frequency and
magnitude of load changes. Frequent and large load changes will accelerate the accumu-
lation of mechanical and chemical stresses inside the fuel cell, affecting its life. The high
variable load speed of the fuel cell will cause the membrane electrode assembly (MEA)
to undergo greater mechanical stress and a greater chemical degradation rate, especially
when the load changes frequently and greatly. By setting the appropriate variable load
period Tload, the frequency and amplitude of load change can be controlled. The variable
load rate vload is calculated as follows:

vload =
ΔP

Tload
(1)

where ΔP is the variable load amplitude. Long Tload can reduce the rate of reducing each
variable load, thereby reducing the impact on the fuel cell membrane electrode assembly
and improving its durability.

(ii) Output characteristics of fuel cells: The output characteristics of fuel cells are soft
and slow in response. In order to ensure that the fuel cell can supply the current steadily
and avoid output instability or reduced efficiency due to frequent or drastic load changes,
it is necessary to give the fuel cell sufficient time to adjust the output. The variable load
cycle of the fuel cell should be long enough to ensure that its output can gradually adapt to
new requirements when the load changes, avoiding the impact on system stability.
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(iii) Pulse discharge time of the power battery: The power battery provides peak
power when the car encounters high power demand (such as acceleration or climbing), and
the pulse discharge time it can provide is usually 30–60 s. As an auxiliary energy source,
the power battery can provide high currents in a short period of time, thereby reducing the
instantaneous load demand of the fuel cell and extending the variable load cycle of the fuel
cell to a certain extent. Therefore, in fuel cell commercial vehicles, during the peak power
provided by the power cell, the fuel cell can gradually adjust the output to avoid drastic
load changes affecting the durability of the fuel cell. For example, within 30 s of a power
battery discharging, a fuel cell can gradually increase its output power without having to
immediately reach maximum output in a short period of time.

Based on the above three considerations, the variable load period of the fuel cell can
be set to 15 s on the fuel cell commercial vehicle. In this cycle, only the variable load rate of
the fuel cell is greater than 10 kW/s, that is, only a lower variable load rate can meet the
power needs of the vehicle. This cycle length is combined with the 30–60 s pulse discharge
time of the power battery to ensure that the fuel cell can change load in time during each
cycle and effectively match the pulse discharge time of the power battery. Specifically, the
15 s variable load cycle is moderate, neither too frequent to cause fuel cell life attenuation,
nor too slow to affect the vehicle power performance, to ensure the stable output of the
fuel cell at the same time, to avoid damage caused by large variable load.

2.1.3. Equivalent Circuit Model

In this study, an equivalent circuit model was constructed to simulate the internal
polarization characteristics of the fuel cell by using circuit elements, including activation
polarization, ohmic polarization, concentration polarization and a double-layer charge
effect, to output the actual voltage and power of the fuel cell (shown in Figure 2).

Figure 2. Fuel cell model structure.

The fuel cell polarization curve is a key index to evaluate the output performance
of the fuel cell. In this study, the reliability and accuracy of the model were verified by

117



Appl. Sci. 2025, 15, 1213

comparing the polarization curves obtained under simulation and experimental conditions,
in which the experimental conditions were run and tested on the fuel cell test bench.

In this study, the accuracy of the model was assessed by calculating the Mean Absolute
Percentage Error (MAPE), a commonly used method to measure the accuracy of a predictive
model, especially in the fields of statistics and machine learning. The advantage of this
approach is that it generates a dimensionless metric that allows fair comparisons between
the data of different sizes or units. In addition, the average relative error provides a
visual percentage of error that helps us better understand how far the model is biased in
its predictions.

2.2. Grey Prediction Modelling

The GM(1,1) model can convert non-stable data series into stable data series by
the Accumulated Generating Operation, which can reveal the inherent regularity and
development trend of data. The modelling steps were described in one of our previous
papers [27]. GM(1,N) represents a first-order grey model with one dependent variable and
N − 1 independent variables. It is assumed that there are N sets of sequences composed of
non-negative variables xi(i = 1, 2, . . . N), and each set of sequences has m initial values:

x(0)i =
{

x(0)i (1), x(0)i (2), . . . x(0)i (m)
}

(2)

A new first-order cumulative sequence x(1)i is calculated when each value of the initial
sequence accumulates all the values as follows:

x(1)i =
{

x(1)i (1), x(1)i (2), . . . x(1)i (m)
}

(3)

where

x(1)i (t) =
t

∑
j=1

x(0)i (j) t = 1, 2 . . . m (4)

The grey differential equation of GM(1,N) is defined as follows:

dx(1)1 (k)
dt

+ ax(1)1 (k) =
n

∑
i=2

bix
(1)
i (k) (5)

where a is the system development parameter, and bi is the driving parameter, representing
the influence degree and polarity of the independent variable on the dependent variable.
The dependent variable increases as the independent variable increases and vice versa. The
grey differential equation can be defined as follows:

x(1)1 (k) + az(1)1 (k) =
n

∑
i=2

bix
(1)
i (k) (6)

where z(1)1 (k) is defined as

z(1)1 (k) =
x(1)1 (k) + x(1)1 (k− 1)

2
(7)

The grey parameters of the grey model PN represent the vector set of system develop-
ment parameters and driving parameters, which can be calculated as follows:

PN = (a, b2, . . . bn)
T = B−1Yn (m = N + 1) (8)

PN =
(

BT B
)−1BTYn (M > N + 1) (9)
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PN = BT(BT B
)−1Yn (M > N + 1) (10)

where

B =

⎡
⎢⎢⎢⎢⎢⎣
−z(1)1 (2) −x(1)2 (2) · · · −x(1)i (2)

−z(1)1 (3) −x(1)2 (3) · · · −x(1)i (3)
...

...
...

...

−z(1)1 (m) −x(1)2 (m) · · · −x(1)i (m)

⎤
⎥⎥⎥⎥⎥⎦ (11)

Yn =

⎡
⎢⎢⎢⎢⎢⎣

x(0)1 (2)

x(0)1 (3)
...

x(0)1 (m)

⎤
⎥⎥⎥⎥⎥⎦ (12)

Then, the solution of Equation (5) can be obtained:

x̂(1)1 (k + 1) =

(
x(0)1 (1)−

n−1

∑
i=2

bix
(1)
i (k + 1)

a

)
e−at +

n−1

∑
i=2

bix
(1)
i (k + 1)

a
(13)

Finally, the predicted value of the initial sequence can be obtained:

x̂(0)1 (k + 1) = x̂(1)1 (k + 1)− x̂(1)1 (k) (14)

In this study, the GM (1,1) model is applied to predict the power demand at the future
time (that is, after 15 s). At the same time, in order to explore the influence of different pre-
diction steps and prediction times on the prediction accuracy, three predicting strategies are
proposed, which are single-step prediction, multi-step prediction and multiple prediction.

2.2.1. Single-Step Grey Prediction

The process of the single-step grey prediction strategy is shown in Figure 3. The
sample period of the power was set as 15 s. The whole power series obtained by sampling
cover data of the current moment tm and the three previous moments (tm−1, tm−2, tm−3).
Based on a prediction step size of 1, which is called single-step prediction, the prediction of
the power demand at a tm+1 moment can be obtained.

Figure 3. Process of single-step grey prediction.

2.2.2. Multi-Step Grey Prediction

According to the multi-step grey prediction strategy shown in Figure 4, compared
with the single-step prediction, the GM (1,1) model samples the power on a 5 s cycle, but
the sequence of the input model also contains the power demand at four time points. Based
on a prediction step size of 3 (i.e., multi-step prediction), the model predicts the power
demand at time tm+3.
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Figure 4. Process of multi-step grey prediction.

2.2.3. Multiple Grey Prediction

For the multiple prediction strategy shown in Figure 5, the sampling period is the same
as that of multi-step prediction, which is set at 5 s. Compared with the first two predicting
strategies, the remarkable feature of this strategy is that the input model sequence of this
strategy covers the power demand data of 6 time points and expands the prediction number
to 3 times; that is, the power demands of tm+1, tm+2 and tm+3 are predicted. Specifically, the
prediction of tm+1 is calculated based on a series of power demands at six time points from
tm−5 to tm. The power demand at 6 time points is selected for each step to ensure that the
method is consistent with the above two strategies when predicting the power demand at
tm+3 time and that there are definite data for 4 known moments.

Figure 5. Process of multiple grey prediction.

3. Method Preprocessing

3.1. Fuel Cell Model Equivalent Circuit Model Evaluation

Figure 6 and Table 2 show the accuracy of the model evaluation in terms of fuel cell
monolithic voltage and fuel cell stack power, respectively.

 

Figure 6. Comparison of fuel cell monolithic voltage.
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Table 2. Comparison of fuel cell stack power at different currents.

Current (A)

Fuel Cell Stack Power (W)
Absolute Ratio

Error (%)Experimental
Value

Simulation Value

50 13.9 13.8 0.72

88 23.5 23.3 0.85

146 37.8 37.4 1.06

234 57.7 57.6 0.17

292 70.2 70.1 0.14

438 101.1 101.9 0.79

497 112.8 113.9 0.98

585 129.7 131.1 1.08

664 143.4 144.6 0.84

697 148.5 149.2 0.47

730 152.7 152.3 0.26

Mean relative percentage error: 0.67%

In the comparative analysis, the voltage and power performance of a single fuel cell
under different current loads is investigated in detail. Figure 6 shows the downward
trend of the monolithic voltage as the current increases over the range from 50 A to 730 A.
The very low error range between the experimental and simulation data (the average
error of 0.69%) indicates that the simulation model has a high accuracy in capturing the
dynamic process of voltage changes with the current. Table 2 shows the stack output power
performance of the fuel cell in the same current range. The simulation values showed
a very low error (0.67%) in this section. In summary, these analysis results confirm the
accuracy of the fuel cell model and can meet the needs of this study.

3.2. Model Input Condition

CHTC-HT is one of China’s commercial vehicle-driving-condition standards, which
plays an important role in vehicle performance evaluations for commercial vehicle manu-
facturing and supervision [28]. The working condition input process is shown in Figure 7.
In this study, the vehicle dynamic model was used to obtain the vehicle power demand by
setting the second-by-second speed data under the CHTC-HT working condition as input.
Then, the vehicle power demand was set as the input variable of the fuel cell model, and
the fuel cell power demand can be calculated as the output of the model.

Figure 7. Process of model input condition.
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Figure 8 shows the velocity and acceleration curves under the CHTC-HT condition.
This working condition can be divided into three stages in chronological order. The first
stage lasted 342 s as a low-speed operation. The second stage lasted 988 s as a medium-
speed operation. The third stage lasted 470 s as a high-speed operation.

Figure 8. CHTC-HT working condition.

The obtained fuel–electric demand power curve is shown in Figure 9. It can be seen
that, under the current working condition, the fuel–electric power demand has significant
load changes or frequent load fluctuations. Therefore, in order to avoid the fuel cell
performance attenuation caused by large load changes or frequent load changes, the power
of the fuel cell would be estimated based on the grey GM(1,1) model.

 
Figure 9. Fuel cell power demand under CHTC-HT condition.

4. Results

4.1. Under CHTC-HT Working Condition

Since the prediction of the GM(1,1) model requires a certain amount of historical
data, in this study, the prediction started from the 500th second of the working condition.
Then, the prediction of fuel cell power demand under the CHTC-HT working condition
was carried out through the above three prediction strategies (i.e., single-step prediction,
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multi-step prediction and multiple prediction). Results of the simulation are shown in
Figure 10.

 

Figure 10. Prediction curves of fuel cell power demand with three strategies under CHTC-HT.

In this study, the average relative error is also used to evaluate the advantages and
disadvantages of the predicting strategy. Table 3 listed the prediction errors of the three
prediction strategies under the CHTC-HT condition. The errors of single-step prediction,
multi-step prediction and multiple prediction are 22.957%, 23.366% and 16.944%, respec-
tively. Under this condition, the prediction accuracy of the grey multiple prediction strategy
is significantly higher than that of the other two prediction strategies.

Table 3. Average relative prediction errors of the three prediction strategies under CHTC-HT.

Grey Prediction Strategies Average Relative Prediction Error (%)

Single-step prediction 22.957
Multi-step prediction 23.366
Multiple prediction 16.944

As can be seen from Figure 10 and Table 3, single-step prediction can track the ex-
perimental value change well at each step, but the performance in the area with large
fluctuations may not be ideal, resulting in lag or an inaccurate prediction. When predicting
multiple time steps, the accuracy may gradually decrease due to the accumulation of errors,
especially in complex and frequently changing periods of time. For example, between
800 and 1400 s under the working condition, the power fluctuation is between 0 and 120 kW.
Multiple prediction can smooth short-term fluctuations to a large extent and improve the
stability of prediction results. For example, multiple predictions show better stability in
regions with large power fluctuations, such as 600 s to 800 s and 1000 s to 1200 s.

4.2. Under Field-Testing Working Condition

In order to verify the applicability of the above three predicting strategies in real
operating conditions, these three strategies were evaluated with the fuel cell operation
data of fuel cell vehicles under actual driving conditions. The data used in this study
were collected from the operation data of a 49-ton fuel cell heavy truck operating in Hebei
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Province in China on March 3 in 2024 (shown in Figure 11), providing the power request
sent by the vehicle to the fuel cell in real time.

 

Figure 11. Truck route map in field testing.

The vehicle power system parameters are mainly used for logistic transportation. The
performance and applicability of the proposed strategy under different environmental
conditions can be evaluated by selecting the working conditions with different load vari-
ation degrees to verify the strategy. Thus, the stability and reliability of the strategy can
be evaluated in practical application; further, the robustness can be verified by testing the
performance of the strategy under different working conditions.

Two typical working conditions with different power request intensities covering a
time span of 900 s in the running process of the vehicle are selected and marked as Working
Condition A and Working Condition B, respectively. Under Working Condition A, the
number of large load changes or frequent load changes is less, while the frequency of load
changes is more frequent under Working Condition B. Figures 12 and 13 separately show
the prediction curves of three strategies (single-step prediction, multi-step prediction, and
multiple prediction) in field-testing Working Condition A and Working Condition B. And
Tables 4 and 5 list the prediction errors of each strategy in detail.

Table 4. Average relative prediction errors of the three prediction strategies under Working Condition
A in field testing.

Grey Prediction Strategies Average Relative Prediction Error (%)

Single-step prediction 2.262
Multi-step prediction 2.502
Multiple prediction 2.169
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Figure 12. Prediction curves of fuel cell power demand with three strategies under Working Condition
A in field testing.

Figure 13. Prediction curves of fuel cell power demand with three strategies under Working Condition
B in field testing.

Table 5. Average relative prediction errors of the three prediction strategies under Working Condition
B in field testing.

Grey Prediction Strategies Average Relative Prediction Error (%)

Single-step prediction 2.719
Multi-step prediction 3.151
Multiple prediction 1.930

The analysis results show that, both in Working Condition A with gentle fluctuation
and Working Condition B with large fluctuation, the three predicting strategies all have
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large errors in the first 150 s of the working condition. Due to insufficient historical data
at the beginning of the working condition, the three strategies all showed large errors of
prediction. But after 150 s, the three strategies all showed better predicting performance.

In the prediction of Working Condition A, the average relative error of the multiple
grey predicting strategy is 2.169%, which is the highest accuracy among the three strategies,
followed by the single-step predicting strategy with 2.262% and the multi-step strategy
with 2.502%. In the prediction of Working Condition B, the prediction error results of the
three strategies showed similarly to Working Condition A. The prediction accuracy of the
multiple grey predicting strategy was the highest with an average relative error of 1.930%,
followed by the average relative error of the single-step strategy with an average relative
error of 2.719% and the prediction effect of the multi-step strategy with an average relative
error of 3.151%.

Combined with two conditions in field testing above, it can be concluded that, both
under the working conditions with less load variation (Working Condition A) and frequent
load variation (Working Condition B), the multiple grey strategy performed best in the fuel
cell power demand prediction.

5. Conclusions

In this study, a fuel cell model was firstly constructed for commercial fuel cell vehicles,
with the lithium electronic battery as an auxiliary power source and forming an electric–
electric hybrid power system with the fuel cell. Power of the vehicle is provided by the fuel
cell and the power battery. Fuel cell durability, output characteristics of fuel cells and pulse
discharge time of the power battery were considered to determine the variable load period
of the fuel cell (i.e., 15 s in this study) to optimize fuel cell and power battery collaboration
on the fuel cell commercial vehicles.

In order to obtain the power demand of fuel cell, the GM (1,1) model was used
based on the grey system method, which is an effective predicting tool to deal with small
samples and uncertain information and is suitable for fuel cell systems with incomplete
data information. Three different grey predicting strategies were proposed and tested in
this study: single-step prediction, multi-step prediction and multiple prediction. In the
single-step grey prediction strategy, the whole power series was obtained by sampling
cover data of the current moment and previous moments and then was used to predict
the power demand based on a step size of one. In multi-step grey prediction, the GM
(1,1) model samples the power on a 5 s cycle and predicts the power demand based on a
prediction step size of three. In the multiple grey prediction, the input model sequence of
this strategy covers the power demand data of six time points and expands the prediction
number to three times with a step-moved prediction time window.

Each strategy was simulated under CHTC-HT conditions to evaluate its effectiveness.
The simulation results show that the grey multiple prediction strategy has the highest pre-
diction accuracy when dealing with continuously changing dynamic conditions, indicated
by the lowest error value of 16.944% when compared to the single-step prediction of 31.14%
and multi-step prediction of 35.36%. In order to further verify the adaptability of the grey
multiple prediction strategy in field testing, two different working conditions of fuel cell
vehicles with more and less variable load conditions were selected (Working Condition
A and Working Condition B). Results show that the multiple strategy showed the best
prediction performance under stable conditions with less variable load (with the lowest
error value of 2.169% compared to the single-step prediction of 2.262% and multi-step
prediction of 2.502%) and dynamic conditions with frequent load changes (with the lowest
error value of 1.930% compared to the single-step prediction of 2.719% and multi-step
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prediction of 3.151%), which can adjust the predicting model according to the real-time
data and respond to the changes in external conditions in time.

In summary, the grey prediction model is an effective predicting tool in the power
management of a fuel cell system, which enhances the adaptability and durability of the
system. The power demand and supply of the fuel cell can be effectively predicted and
managed based on the proposed multiple grey prediction model considering a dynamic
time window. The system performance can further be optimized to improve the fuel
efficiency and reliability of the overall operation of the vehicle.
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Abstract: Detection of high-impedance faults in direct current microgrid lines presents a challenge

for most conventional protection schemes because the magnitude of the fault current is similar to

other transients that occur during normal operation. However, the waveform of high-impedance

faults differs from that of other transients as it is characterized by a repetitive and nonlinear pattern

caused by current reignition. Various methods have been proposed to exploit fault response wave-

forms for detecting high-impedance faults, including those based on deep discriminative intelligent

classification. Different from previous works that focus on closed-set classification, this study frames

fault detection as an open-set recognition problem, employing a neural network as the classifier.

The resulting approach enables the detection of high-impedance faults as outliers from the normal

operating states of microgrid lines with passive constant impedance loads and requires only the

Fourier transform of the current signal as input to the neural network. Remarkably, the proposed

solution eliminates the need for hard-to-model high-impedance faults in the training dataset and

hence is more generally applicable. The proposed method consistently outperforms commercially

available high-impedance fault detection systems, achieving high accuracy in fault detection.

Keywords: fault detection; fault protection; Fourier transform; machine learning; microgrids; neural

networks

1. Introduction

The increasing integration of distributed energy resources (DERs) in the utility grid
offers a higher reliability of power supply and lower energy costs for consumers [1]. DERs
have different power ratings and, under certain conditions, can supply local consumers.
This has led to the formation of local entities, called microgrids, which can operate inde-
pendently of the utility grid [2].

Most renewable energy sources (RESs), battery energy storage and various loads use
or produce direct current (DC) power. Coupling DC devices under the same microgrid
avoids the need for alternating current (AC) to DC transformation. DC microgrids offer
higher efficiency and simpler control as compared to their AC counterparts [3,4]. How-
ever, the protection of DC systems is complex, as faults cause fast-rising, high-magnitude
currents. Although conventional protection methods are commonly used, various new
approaches have been proposed to improve or solve problems associated to the protection
of DC systems, such as signal-processing-based methods [5,6] and intelligent classification-
based methods [7,8]. Similarly, this study focuses on faults that are not easily detected by
conventional protection methods, requiring advanced techniques for their detection.
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High-impedance faults (HIFs) present such a problem, as they cannot be detected by
conventional system protection methods. However, the importance of HIF detection in DC
systems is continuously stressed, as these systems are now prevalent in electric vehicles,
photovoltaic plants, data centers, high-voltage DC transmission, and DC microgrids [9]. The
only conventional system protection able to detect HIFs is differential protection, which has
already been used for fault detection in cables in DC microgrids [10]. The method proved
to be very effective; however, the differential protection is too expensive to implement
on each microgrid line. In addition, the communication link is critical, as its failure will
cause the protection not to work. It is also worth noting that other commercially available
solutions developed specifically for HIF detection exhibit a relatively low successful action
rate, with only 61.67% of the faults detected [11].

Various approaches have been adopted to solve HIF detection in DC microgrids. The
authors in [12] observed incremental resistance as seen from the converter to detect an HIF.
The method is simple, but how it behaves with different fault resistances is not investigated.
The same problem arises with the method proposed in [13], where the impedance is
predicted using an autoregressive model. In [14], the ground current is measured and
when it reaches a certain threshold the operator is warned or, in case of a severe fault, the
circuit breaker is tripped. In [15], the fault detection procedure is started when the current
derivative exceeds a predefined value. In the next step, the resistance at both ends of the
line segment is estimated using the least squares method. The sign of the resistances is
then used to detect a fault and determine whether it is an external fault. An interesting
approach for detecting partial discharge based on methods such as compressive sensing and
phase diagrams is also presented [16,17]. These papers focus on two recent advancements
in partial discharge detection: compressive sensing and phase-diagram-based analysis.
These techniques are compared using real signals from an experimental setup designed
to simulate realistic conditions, including load signals, reflections and propagation effects.
The performance is evaluated based on the probability of detection and the false alarm
ratio, providing insights into the effectiveness of these novel methods; however, they have
yet to be applied to DC systems. In [18], the HIF detection is performed by injecting
high-frequency oscillation at fault inception. However, the latter methods do not take
into account the arcing nature of the HIF. In [19], the authors modeled the arcing nature
of HIFs and used power spectral characteristic along with the current sag to detect them.
They argued that a precise HIF model is crucial for the development of fault detection
methods. Additionally, they noted that modeling is difficult due to the dependence of
fault responses on operating conditions. The same is confirmed in [20], where it is noted
that HIFs typically occur when a line comes into contact with a high-impedance surface,
resulting in low-current arcs. These arcs occur intermittently and at random intervals
because the contact area is not constant, posing a significant challenge for HIF modeling.

Although an HIF model cannot be asserted owing to its random properties, certain
insights can be derived from the differences in data recorded during these failures and data
recorded during normal operation. This can be achieved by applying machine learning
models to find patterns or clusters or classify the data [21]. Several works have used
machine learning models to distinguish an HIF from normal operation. In [22], the authors
implemented an accurate HIF model with arcing, created a dataset and trained a k-nearest
neighbors (kNN) classifier to detect HIFs. The dataset contains the difference in coefficient
energy between the normal and faulty states obtained by the discrete wavelet transform
(DWT) of the current signal and non-faulty samples. However, kNN is sensitive to noisy
data, as is the case with HIF, and when the dimensionality of the data increases, its
performance decreases. In [23], DWT was also used to pre-process the current measurement,
but the support vector machine (SVM) classifier is used to detect HIFs. However, the arcing
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phenomenon is not considered when modeling HIFs and SVM is prone to problems similar
to those of kNN.

Neural networks (NNs) offer certain advantages over classical machine learning algo-
rithms such as kNN and SVM in terms of susceptibility to noise and the ability to work with
high-dimensional data [24]. This is particularly advantageous for high-impedance fault
(HIF) recognition because NNs can effectively process and classify the varying waveforms
and patterns in power signals that traditional algorithms may struggle with. Furthermore,
NN models are more adaptable, making them capable of handling data with complex,
nonlinear relationships, which is a common characteristic in real-world fault detection
scenarios. In [25], an NN is used in the process of HIF detection to predict the behavior
of the power signal, but it is not used directly for classification. While this approach can
successfully predict trends in the data, it lacks the ability to make definitive classification
decisions, thus limiting its practical application in real-time fault detection. The method’s
reliance on predicting signal behavior highlights the importance of accurately modeling
fault dynamics for future improvements. On the other hand, in [26], a recurrent neural
network (RNN) was used to detect HIFs. The method uses a current measurement to detect
HIFs in a radial DC microgrid. The RNN is used because its ability to work with time
series has several advantages, such as taking into account previously seen samples without
the need for fixed time windows. This temporal context enables the model to capture
long-term dependencies and variations in the data, which is especially useful for dynamic
fault detection in real-time environments. Furthermore, the RNN’s structure is well suited
to model the evolving nature of fault signals over time. HIFs are modeled as a nonlinear
resistances that resemble fault current reignition. This approach, which models HIFs as
dynamic systems, allows for a more realistic representation of fault behavior, contributing
to more accurate detection when compared to static models. The modeling technique helps
in distinguishing HIFs from other types of faults by focusing on their unique electrical
characteristics. In [27], a pre-trained convolutional neural network (CNN) was fine-tuned
to detect various types of faults in photovoltaic (PV) arrays, including arcing faults. The
HIF is modeled as a time-varying resistance and is included in the dataset along with the
responses of other faults. This method leverages the CNNs’ ability to automatically extract
features from raw data, significantly improving detection accuracy compared to manually
engineered features. Similarly, a CNN was used for HIF detection in [28]. However, a
complex multistep training procedure involves training a generative adversarial network
(GAN) before training the CNN. This procedure also requires a substantial dataset, which in
this case is obtained from a PV emulator. While this method can enhance model robustness,
the reliance on GANs and large datasets introduces additional complexity and may limit
its applicability in resource-constrained environments. A similar approach is taken in [29],
where the wavelet transform of current during different events is used as input to the RNN.
The accuracy achieved is higher than that of the previous method. However, the dataset
used for training is significantly larger, comprising almost one thousand HIF samples. This
increase in dataset size contributes to improved performance but also presents challenges
in terms of data acquisition and storage, which may not be feasible for all applications.
In [30], the NN is used to detect arcing faults in PV systems. The accuracy of the method
is significant; however, the dataset size is tens of thousands of samples, and obtaining
such a dataset requires significant effort. This emphasizes the trade-off between model
performance and the practical challenges associated with collecting large datasets, which is
a common limitation in many machine learning applications. The need for a huge dataset
size and HIF modeling also persists in [31], where the authors used different HIF models to
create the dataset for training CNN-based fault detection. While this approach improves
the model’s ability to generalize, it underscores the importance of having a comprehensive
and diverse dataset to achieve reliable results. This can be particularly challenging in fields
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like power grid monitoring, where fault events may be rare or difficult to simulate. The
same principle is used in [32], where the authors employed different HIF models to create
a dataset for fault detection in DC microgrids. The use of various fault models provides
a more robust foundation for training the system, but it also increases the complexity of
dataset generation and may introduce biases if not carefully controlled. Such approaches
highlight the ongoing challenge of balancing model robustness with dataset representa-
tiveness in fault detection tasks. In [33], the authors went a step further by generating arc
faults on a real DC system to create a dataset for their intelligent classification method.
This real-world dataset helps bridge the gap between theoretical models and practical
applications, ensuring that the system can handle real fault events effectively. However, the
effort involved in generating real-world data is resource-intensive and may not be feasible
in all cases, especially for large-scale systems.

It is evident that intelligent fault detection methods heavily rely on HIF models in
their datasets, requiring significant effort from the authors to accurately model HIFs in
both simulations and real-world environments [34,35]. Hence, it is desirable to reduce
or even completely eliminate the classifier’s dependence on HIF modeling. One way to
achieve this is by training the classifier to learn patterns that occur during normal operating
conditions. Then, any deviation from these patterns is marked as an anomaly, or in this
case, a fault. This approach is especially convenient for parts of the microgrid where
the patterns of normal operating states are not diverse, as microgrid can have different
topologies and operate in various states. However, the conventional training procedure
for NNs does not enable this. Fortunately, there are specific methods for training NNs
that allow them to detect outliers or anomalies. The problem of detecting outliers using
machine learning models is called the open-set recognition (OSR) problem, formalized
in [36], where the authors discussed how far the sample should be from the decision
boundary to be considered an outlier. The same principle applies when employing NNs
for classification [37]. Accordingly, various approaches have been proposed to enhance
the OSR capabilities of NNs. These include methods that introduce different algorithms,
metrics, outlier rejection rules, and modifications to the training procedure [38]. This work
focuses on the latter, as it provides a straightforward and explainable procedure, which is
introduced in Section 3.

Lines connecting the passive loads to the microgrid buses are typically unaffected
by the microgrid’s operating states, as their current is determined by the load impedance.
Additionally, the number of events is minimal, only consisting of stationary states and
load change events, simplifying the task of capturing all normal states. Given that there
are methods allowing NNs to detect outliers, this paper proposes using that capability
to identify HIFs in microgrid lines with passive loads as outliers from normal operating
conditions. In this approach, the dataset contains only normal operating states, such as a
stationary states or load changes. Since HIFs can be detected as outliers, there is no need
to include them in the dataset, and more significantly, to model them. The benefits of this
approach are manifold: (i) it eliminates the need of HIF modeling; (ii) the fault detection
method is not entirely reliant on the selected HIF model; and (iii) detection is agnostic of
the operating conditions under which an HIF occurs.

The contribution of this paper is summarized as follows:

• Modeling high-impedance fault detection as an open-set recognition problem;
• Development of a novel high-impedance fault detection method in DC microgrids

based on neural network with open-set recognition capabilities;
• Simulation and detailed analysis of high-impedance faults in DC microgrid lines

connecting passive loads.
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The remainder of this paper is organized as follows. Section 2 provides a description
of common types of faults that occur in microgrids, specifically low-impedance and high-
impedance faults. Section 3 discusses the application of neural networks for classification,
along with the OSR problem and its impact on classification performance. Furthermore,
the proposed fault detection method is presented, emphasizing the utilization of the OSR
framework for neural networks in fault detection. In Section 4, a case study demonstrating
the effectiveness of the proposed method is presented. The DC microgrid model and dataset
used in the study are described, and the parameters of the neural networks employed for
detection are provided together with the results. Additionally, the algorithm used for the
fault detection is outlined. Finally, Section 5 concludes the paper and summarizes the key
findings and contributions of this research.

2. Faults in DC Microgrids

Protection of converter-based DC microgrids is an evolving topic that has been rela-
tively poorly researched. The variety of power sources, possible operating points, converter
types and control modes result in challenging protection system set ups. This section
presents the two most common types of faults that the protection system deals with—low-
impedance faults (LIF) and high-impedance faults (HIF), each with a different response.

2.1. Low-Impedance Faults

Low-impedance faults or short-circuit faults occur when a pole comes in contact with
another pole or ground trough with low resistance, resulting in a significant voltage drop
and high-magnitude current. In the case of an LIF, the contribution of the individual current
sources to the fault depends mainly on the converter topology. Since DC microgrids are
connected to the utility grid through a voltage source converter (VSC) and the largest
contribution to the fault comes from the grid, its fault response is briefly described.

The VSC fault response is divided into three stages: capacitor discharge, diode free-
wheeling and grid-side current feeding [39]. During the capacitor discharge stage, its
voltage drops from the nominal value to zero. Since the cable and fault resistances are low,
the capacitor current reaches magnitudes that are about a hundred times higher than the
rated current. When the capacitor is discharged, the diodes begin to conduct, marking
the beginning of the diode freewheeling stage. The current remains high and the diodes
are in danger of destruction. In the last stage, the grid starts feeding the fault, as the VSC
behaves like a full-bridge rectifier. It is desirable to detect this fault before the fault current
reaches its peak, and this can be achieved as its magnitude strongly deviates from that in
normal operation.

2.2. High-Impedance Faults

High-impedance faults are difficult to detect because of their low current, which is
similar in magnitude to that of the normal operating current. An additional problem is
the arcing phenomenon caused by random reignition of the fault current. The random-
ness of the response makes the modeling of HIFs difficult, which is a prerequisite for
the development of detection methods, especially those based on signal processing and
intelligent classification. However, the HIF pattern can be well approximated with a model
that includes a fault buildup, a shoulder, and a nonlinearity stage [40]. Such a model was
proposed in [41]:

ij+1 = ij −
R · ij + k/i1.2

j + 35−VDC sin(ωt)

R− 1.2k/i2.2
j

, (1)

2nπ + π/3 < ωt < 2nπ + 2π/3, n ∈ N0, (2)
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where k is the arc constant, i the HIF fault current, VDC the nominal voltage, and R the
equivalent fault resistance. The resulting HIF current is shown in Figure 1.

This model was used in [42] to develop an HIF detection method for DC aircraft
systems based on the second derivative of the voltage and a comb filter. It is also used for
HIF detection in DC distribution networks, where a mathematical-morphology-based fault
detection method is proposed [43].

To implement HIF in Matlab/Simulink, the electrical model from [44] is used. The
model consists of impedance that is used to simulate the buildup stage and diodes with
sources connected in series to create repetitive nonlinear behaviour.

Figure 1. Fault current of the HIF model. The fault buildup starts at t = 0.3 s and lasts until the
current reaches its maximum magnitude and is followed by the shoulder. The nonlinear stage lasts
until the fault is cleared at t = 0.8 s.

3. Fault Detection

Protection system is essential for the safe and effective operation of electrical systems.
Its task is to eliminate faults in the shortest possible time to avoid danger to people and
damage to equipment. At the core of any protection system is a fault detection system
that determines whether there is a fault in the system. However, as described in Section 2,
not all fault types are easy to detect, nor do they cause the same damage. LIFs, which are
characterized by high currents and significant voltage drops, are easily detected by the
protection system. Conventional protection schemes such as overcurrent are effective, but
new methods such as those presented in [45] are often proposed to further increase the
level of safety.

As far as HIFs are concerned, there is no fully effective system of fault detection other
than differential protection. However, the cost of differential protection is high and depends
heavily on the communication link, so it is not an option for microgrid protection. However,
various HIF detection methods have been proposed, many of which are based on intelligent
classification, since fault detection is essentially a classification task. As mentioned in the
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introduction, this work focuses on HIF detection with NNs trained in a way that considers
an open-set recognition problem. Therefore, this section describes classification with NNs,
the OSR problem and how the NNs are adapted to solve this problem.

3.1. Classification with Neural Networks

The aim of the classification is to assign an input sample to one of the predefined
classes based on its features. The importance of the features is determined during the
training phase of the classifier, where the most salient features will have a greater impact
on the classification decision. In supervised learning, the dataset contains samples with
corresponding class labels. The training procedure minimizes the loss between the output
of the classifier and label by shifting the parameters of the classifier. In the case of neural
networks, these are the weights and biases of individual layers. The basic feed-forward
neural network (FFNN) defines a mapping z = g(x; θ), where x is an input, zk, k ∈ K is
a predicted score (logit) for each of K classes, and θ are parameters learned during the
training. The logits vector z is normalized by the softmax function to obtain the probabilities
for each class:

ŷk =
exp(zk)

∑K
j exp(zj)

. (3)

Each element ŷk is greater than 0, and the sum of elements of vector ŷ is equal to 1.
The training procedure minimizes the loss function L(ŷ, y; θ), which measures the

loss between the output ŷ and the ground truth labels y. To find the optimal parameters,
the following optimization problem is solved:

argmin
θ

L(ŷ, y; θ) = argmin
θ

n

∑
i
�(ŷ,yi; θ), (4)

where n is the number of samples. This optimization problem is nonlinear, so its solution
requires the use of a gradient descent optimizer. The optimizer searches for the minimum
of the loss function and the performance of the classifier is tested on the test dataset. If
it appears that the classifier is starting to overfit, the process is stopped to preserve the
generalization ability [46]. A standard choice for classification tasks is the cross-entropy loss:

�(ŷ, y) = −
K

∑
i=1

ŷi log yi (5)

The function is constructed to significantly increase the loss value when the predicted value
is far from the ground truth.

The NN’s performance depends on its architecture, as the capability of a model
increases with the number of layers and neurons per layer. However, there are NN
architectures that are adapted to the data type.

Convolutional NNs are commonly used for image classification and signal processing.
The convolutional layers of a CNN act as filters to extract features from the input, with
each layer consisting of multiple kernels representing different feature maps. The second
type of layer in CNNs is the pooling layer, which is usually placed between adjacent
convolutional layers to reduce their output size. Finally, the fully connected layer produces
the output [47].

On the other hand, RNNs are used for sequential data because they have an additional
recurrent layer that has a memory effect. That is, the hidden state h of the previous
step(s) of the RNN is taken into account when generating the output. Formally, the output
ŷ = g(x, ht−1; θ) depends not only on the current input but also on the previously seen
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inputs. Therefore, RNN models are best suited for working with time series, either for
prediction or classification tasks [48].

3.2. Open-Set Recognition
3.2.1. Open-Set Recognition Problem

The open-set recognition problem might be difficult to comprehend when described
directly for NNs, so a simple example showing binary classification in Figure 2 is provided.
The decision boundary separating the positive (“+”) and negative (“o”) samples lays in the
margin plane A, which is maximized during the training of the classifier. Although this is an
efficient approach to distinguish between these two classes, it leads to an overgeneralization
for the OSR problem. In this setting, the unknowns (“?”) and samples from unknown
classes (“�”) would be labeled as positive samples. The reason for this is that these samples
are not considered when creating the boundary—it is only determined by the positive and
negative samples, so there is nothing to limit the propagation of the positive label [36].
The suggested approach is to introduce the plane Ω that bounds the space of positive
samples. Now, the samples that are far away in the positive half-space can be rejected by
the classifier.

Figure 2. Illustration of the open-set recognition problem. Plane A separates the sample space into
two half-spaces, so that unknowns (“?”) and samples from unknown classes (“�”) are part of the
positive sample space. The second plane Ω is added to limit the open space risk by restricting the
positive sample space. In case of fault detection, negative samples are steady states and positive
samples are load changes. The unknowns and unknown classes are HIFs and other disturbances that
occur in the microgrid.

The formal definition of the OSR problem is given in [36] and presented here in a short
form. First, the measurable recognition function f : IRd �→ IN0 is defined, which maps the
d-dimensional input x to the label y. Next, So is defined as a ball containing the positively
labeled open space O and all positive training samples. The open space risk RO( f ) is now
defined as:

RO( f ) =

∫
O f (x) dx∫
So

f (x) dx
, (6)

measuring the ratio of positively labeled open space and the overall measure of positively
labeled space. Before defining the OSR problem, some instances have to be introduced.
Positive training data are defined as V̂ = {v1, . . . , vm} from P , and samples from other

136



Appl. Sci. 2025, 15, 193

known classes K negative training data K̂ = {k1, . . . , kn}. U is the set of all other unknown
classes seen only in testing, hence the test set is defined as T = {t1, . . . , tz}, where ti ∈
P ∪K ∪ U . The goal is to find function f ∈ H (H is a class of functions that separate the
hyperplanes), trained on training data V̂ ∪ K̂ with given open space risk function RO( f )
and empirical risk function Rε, such that it minimizes the open set risk:

argmin
f∈H

{RO( f ) + λrRε( f (V̂ ∪ K̂))}, (7)

where λr is the regularization constant. Now, not only is the empirical risk of the training
dataset reduced, but also the open space risk associated with unknown classes U .

3.2.2. Open-Set Recognition Using NNs

The same problem persists in classification with neural networks, as samples from
unknown classes are often classified with high confidence [37]. The reason for this behavior
is due to the closed-set nature of NNs, i.e., the input sample is always assigned to one of
the known classes. Since the final layer of the NN is softmax, the probability of the input
belonging to each class is determined and the one with the highest probability is selected.
However, it has been shown that there are “fooling” inputs that can lead to a high score in
the classification even though they are significantly different from the rest of the samples
belonging to that class [49]. Much worse, adversarial samples can also be created. These
samples visually resemble those in the training dataset but result in high confidence output
that is incorrect.

To address this issue, several approaches have been proposed [37]. However, one
of the recent approaches that became very popular shows that if a stronger classifier is
used, its open-set performance is on par with other OSR approaches. The authors of [50]
concluded that a classifier’s open-set performance correlates positively with its closed-set
performance across different datasets, model architectures, and objectives. However, there
are certain additions to the classifier’s training procedure that allow for such performance
improvement. The first is to augment the dataset with more data, as this increases the
accuracy. The same effect is achieved by warming up the learning rate and smoothing the
labels. The former helps with numerical instabilities at the beginning of the training, since
the parameters (weights and biases) are random values that can be far from their optimal
values. Hence, the learning process is started with a learning rate lower than the initial
one (η) and gradually increased until it equals the initial rate [51]. In this work, a linear
increase is used.

Since the one-hot encoded representation of the label vector y is equal to 1 at the
location i = y and 0 otherwise, label smoothing affects the labels by decreasing the value of
the true label for a small constant ε and increasing the other element values to ε/(K− 1),
where K is the number of classes:

ŷi =

{
1− ε, if i = y,

ε/(K− 1), otherwise.
(8)

This leads to a change in the optimal solution of the loss function:

z∗i =

{
log((K− 1)(1− ε)/ε) + α, if i = y,

α, otherwise,
(9)

where α is any real number. Constant ε affects the solution by making it finite, which is
shown to increase the generalization capability [52].
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It is also beneficial to train the model longer as compared to the normal setting by
using the cosine learning rate decay. This decay reduces the learning rate from the initial
value to zero according to the cosine law, which benefits the training progress [52]. The
expression for the decay is as follows:

ηt =
1
2

(
1 + cos

(
tπ
T

))
η, (10)

where ηt is the learning rate at epoch t, T is the total number of epochs, and η is the initial
learning rate.

Finally, the maximum logit score (MLS) is used as an open-set indicator instead of the
normalized softmax score (note that MLS is used as an indicator, but softmax is used during
the training and testing phase of the classifier). Logits are outputs of the penultimate layer
of the NN that are given as inputs to the softmax layer. When they are normalized, the
information about their magnitude, which proves to be a good indicator, is lost. Therefore,
open-set detection is performed directly on logits, and in this case specifically on the logit
with the highest value. Formally, MLS is defined as:

MLS(z) = max
1≤i≤K

zi, (11)

where z is a vector with prediction scores (logits) and K the number of classes.

3.3. Proposed Fault Detection Method

Considering NN classification and the problem of open-set recognition and its impact
on neural networks, the proposed method uses the OSR paradigm to detect a worst-case
disturbance in microgrids that cannot be detected by most conventional protection systems—a
high-impedance fault. In this work, the focus is on lines connecting constant current passive
loads, as this load type represents the majority in practical scenarios. The idea behind the
method is to identify normal operating states of a microgrid line that connects passive load:
its steady states and transients, which denote the change between the steady states, i.e.,
load changes. Other disturbances, in this case destructive HIFs, which should be removed
from the system in the shortest time possible, are detected using an NN. However, the
OSR paradigm allows these to be detected as outliers without having to model them and
include them in the training dataset. Since HIFs behave differently depending on the
different conditions (surface material and humidity, voltage levels, etc.), this method helps
significantly in their detection [53].

The proposed HIF detection method is examined for the simplest form of NNs, the
FFNN. The classifier is first trained using a standard hyperparameter tuning procedure,
where the architecture of the FFNN is varied until satisfactory results are achieved and the
optimizer parameters are adjusted for an efficient learning procedure. Then, the classifier is
trained using the same architecture but with additional steps, as proposed in [50]. Finally,
the OSR performance of the method is investigated.

The current is used as the input as transients can be detected from its waveform. It
should be noted that the predominant component of DC current is the 0 Hz component,
which is not useful indicator since it changes in case of both load change and HIF events.
However, the difference becomes apparent when the signal is decomposed in the frequency
domain using the fast Fourier transform (FFT) algorithm. The FFT algorithm is used as it is
a fast solution for obtaining harmonic decomposition, especially when computation time
is a crucial aspect [54]. The HIF event contains many more high-frequency components
than the load change event. Hence, frequencies higher than 0 Hz are used as indicators to
distinguish between the events [5]. The method should ideally distinguish between a static
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operating point (no transients) and load changes, flagging HIFs as outliers. The diagram of
the method is provided in Figure 3.

Figure 3. Overview of the proposed fault detection method, where, based on the FFT of the current,
an intelligent classifier decides whether the event is known (and to which class it belongs) or not.

4. Case Study

4.1. System Description

The DC microgrid system considered in this study is a renewable energy-based mi-
crogrid that includes inverter-interfaced power sources and energy storage, inspired by
the DC microgrid testbed developed at the City College of New York [55]. The microgrid
considered has a radial topology (a common bus) to which a photovoltaic system, battery
energy storage system (BESS) and a constant current passive load are connected, as shown
in Figure 4.

Figure 4. Simulation model of a DC microgrid. Model includes battery energy storage system, PV
module, passive load, and utility grid connection. The fault location is on the line that connects load
to the bus.

The PV system generates a maximum power of 6 kWp at a temperature of 25 ◦C. It is
connected to the bus via a DC-DC boost converter with maximum power point tracking
(MPPT) control, ensuring the maximum electricity output. The 12 kWh capacity BESS
ensures that the excess power is stored and used when needed. The bidirectional DC-DC
converter is in current control mode, enabling an effective bidirectional operation. The
passive load is rated at 5 kW. The VSC connects the DC microgrid to the AC utility grid
and regulates the voltage at the bus. All parameters of the microgrid are summarized in
Table 1.

The current measurement for fault detection is taken at the line’s inception, denoted
by the ammeter symbol, with the fault location represented by the red arrow sign. The
fault location is varied along the line, ranging from 10% to 90% of the line length.
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Table 1. Parameters and rated values of bus, battery energy storage system, voltage-source converter,
PV system, load and microgrid lines.

Parameter Rated Value

Bus voltage 500 V
VSC rated power 15 kW
BESS capacity 12 kWh
PV peak power 6 kW @ 25 ◦C
Load 5 kW
Line parameters 20 mΩ, 62 μH

4.2. Dataset

The dataset includes various types of events, each represented by time series of
current measurements, with a length of 1000 samples. These measurements are taken at
the beginning of the line connecting passive load to the bus. Since the sampling frequency
used is 10 kHz, the time duration of each time series is 100 ms, which is sufficient to
capture the transients of interest. The elementary state of the microgrid is a steady state
in which the current is flat with ripples originating from converter operations, and this
state is included in the dataset. Load changes, such as the increase/decrease in generation
or load, are also included. Finally, the responses of the microgrid to HIFs with different
parameters are collected for testing of the method. The first two classes are used for training
the classifier. The unknown class, in this case the HIF, is also included to test the OSR
performance of the classifiers, but they are not seen by the classifier during the training
procedure. Gaussian noise with zero mean and standard deviation of 0.01, is added to
better approximate the real-world response. The entire dataset, without noise, can be found
in the online repository [56]. The dataset contains 200 waveforms of normal operation and
21 HIF responses. A representative of each event is depicted in Figure 5. If the load is in its
stationary state, the current remains flat throughout the entire window. Non-stationary
events occur at t = 0. After the load change, the current reaches a new steady state. However,
during HIF, even though a new steady state is achieved, the arcing phenomenon is clearly
visible in time and frequency domains (Figure 6). The amplitudes that HIF achieves at
high frequencies surpass those of stationary state and load change, thereby revealing a
distinct difference.

It is worth noting that standards for arc fault protection in PV systems exist, each
defining the arc type, conductor size, fault location, and other requirements [57]. Even
though subject of this research is a line that connects a passive load, the authors created
dataset according to the IEC 63027 standard while also incorporating additional fault
locations and current levels, as suggested in [58]. However, this aspect will be emphasized
in future work, where the method will undergo experimental testing.

During data preprocessing, each event occurrence is shifted in time to better represent
the different times the event could appear and to augment the training data. Subsequently,
each sequence is transformed from the time domain to the frequency domain using the fast
Fourier transform (FFT), and the absolute value is taken. To simplify, the values at negative
frequencies are added to their positive counterparts, and the dominant zero-frequency
component is removed by zero multiplication. This reduces the input dimensionality
to 500. Finally, the dataset is standardized. The two classes representing the stationary
state and load change are encoded with numbers 0 and 1, respectively. The dataset is
designed to serve as an example of the OSR problem but can also be used to test any HIF
detection method.
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Figure 5. Representatives of dataset classes (steady state, load change) and HIF in the time domain.
The stationary current is flat with ripples, while the load change current transitions to another steady
state after a transient period. Notably, the arcing phenomenon is clearly visible during the HIF.

Figure 6. Representatives of dataset classes (steady state, load change) and HIF in the frequency
domain. Amplitudes of high-frequency components of the current signal are relatively low during
the stationary state and load changes. However, during the HIF event, these amplitudes significantly
increase, indicating a distinct pattern.

4.3. Results

The FFNN is used because its architecture is simple and the training procedure is
relatively straightforward. The FFNN is first trained to achieve the best possible accuracy
(defined as ratio of correctly classified samples and total number of samples) on the test
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dataset. The second FFNN, with the same architecture, is trained but with improvements
that aim to increase its open-set performance. The FFNN is set to take 500 points as inputs,
as this is the size of the transform of the time sequence that describes an event, as explained
before. The input layer is followed by three linear layers with sizes 2000, 2000, and 400, each
of which has a Rectified Linear Unit (ReLU) nonlinearity at its output. The number of nodes
in the first hidden layer is selected to increase the dimensionality of the input. The second
hidden layer retains the same number of nodes, as iterative parameter selection indicated
that further increases in dimensionality did not enhance the neural network’s performance.
The third hidden layer reduces dimensionality before the final reduction in the output layer.
The number of nodes in this layer is reduced by a factor of five compared to the previous
hidden layer, as the iterative parameter selection process demonstrated that this achieves
an optimal balance between the neural network’s complexity and accuracy. The final linear
layer reduces the size from 400 to a vector of size 2, with each element representing a
class. The ReLU nonlinear function is applied at the output of each hidden layer, as it is
computationally efficient and avoids the vanishing gradient problem encountered with
other nonlinear functions, such as the sigmoid function. A batch size of 32 samples is
used, as it provides a good balance between convergence speed and the neural network’s
generalization ability. This same rationale guided the selection of the learning rate and
number of epochs. Additionally, RMSprop is employed as the optimizer due to its ability
to ensure stable convergence, even in cases with sparse gradients. Both the learning rate
warmup and label smoothing were determined iteratively in alignment with the OSR
framework. The architectures for both classifiers, as well as other parameters and the
optimizer used, can be found in Table 2.

Table 2. FFNN parameters. The neural networks used share the same architecture; however, one is
trained using the standard procedure, while the other follows the OSR framework (incorporating
cosine learning rate, learning rate warmup and label smoothing).

FFNN FFNN + OSR

No. hidden layers 3 3
Nodes per layer [500, 2000, 2000, 400, 2] [500, 2000, 2000, 400, 2]
Nonlinearity ReLU ReLU
Batch size 32 32
Optimizer RMSprop RMSprop
Learning rate 1 × 10−4 Cosine (1 × 10−3 to 1 × 10−4)
Learning rate warmup - 10% of epochs (init. 1 × 10−4)
Epochs 50 50
Label smoothing - 0.1
Accuracy 99.99% 99.99%

As can be seen from the table, the only difference between the classifiers is in the
improvements related to the OSR performance. Instead of a fixed value, the cosine learning
rate with warmup was used, which means that the learning rate is increased from 1 × 10−4

to 1× 10−3 during the first 10% of the total number of epochs. After it reaches its maximum,
it is reduced for the remaining number of epochs according to the cosine law. The accuracy
of the classifier is not reduced after applying all OSR rules, and the learning process
converges as shown in Figure 7.

The reason for using MLS becomes clearer when dealing with unknown samples that
are not part of the dataset, in this case HIFs. The standard approach is that for each input
sample, the classifier produces a vector of size equal to the number of classes. The vector
elements are normalized using the softmax function to obtain probabilities of the input
belonging to each class; i.e., each vector element is in the range [0, 1] and their sum is equal
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to 1. However, this approach does not take into account the vector amplitude information,
which is extremely useful when working with unknowns. Therefore, the MLS approach
is used to detect HIFs. The output of the classifier is not softmaxed, but the maximum
element of this vector is used to represent the class.

Figure 7. Loss and accuracy plots for FFNN with OSR improvements. Training and test loss converge,
indicating a stable and successful training procedure. Accuracy rises rapidly and approaches near-
perfect score.

The FFNN and the FFNN with OSR enhancements are fed the same test and HIF
samples. Figures 8 and 9 show the maximum logits of the test samples and the HIFs. (blue
dots and orange triangles, respectively).

The MLSs of the steady-state class (0) for FFNN without improvements are closely
spaced, but for the load change class (1) they are widely scattered (Figure 8). The latter
discrepancy arises from differences in the directions in which load changes occur, as well as
variations in the magnitudes of load changes. The features characterizing steady states are
similar, with the only difference being the 0 Hz component (representing different loading
levels), which is removed during preprocessing. As expected, HIFs are misclassified
because the NN always assigns a class to the inputs. Furthermore, the NN assigns HIFs to
both classes, even though the HIF response is more similar to that of load change. Moreover,
the MLSs of known classes and the HIF overlap, indicating that the classifier struggles to
handle unknowns effectively.

On the other hand, the results for the FFNN trained according to the OSR suggestions
are shown in Figure 9. The scale of the logits shrank on the y-axis, but now the samples
of both classes are grouped. The NN decided correctly that these samples are closer to
the load change event than to the steady state, assigning all the HIFs to the class 1. More
importantly, the MLSs of the HIFs are far from the rest of the MLSs, indicating that the
input is from the unknown class. Thus, the HIF can be identified as an outlier and rejected
by the classifier in a trivial manner.

The OSR approach proves valuable in detecting outliers. The neural network, with
these additions to the training procedure, demnostrates an enhanced ability to detect
outliers in a straightforward manner.
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Figure 8. Maximum logit score values of FFNN fed with normal test samples (steady state and load
change) and HIF samples indicate that the FFNN assigns HIF samples to both classes, making them
indistinguishable from other normal samples.

Figure 9. Maximum logit score values of FFNN with OSR improvements, when fed with normal test
samples and HIF samples, reveal that the FFNN assigns HIF samples exclusively to class 1 (the class
with transients). More importantly, it clusters HIFs separately from other normal samples.

4.4. Comparison with Existing NN-Based Methods

This section compares the proposed method with other neural network-based ap-
proaches, evaluating their performance in terms of complexity, computational efficiency,
and detection accuracy. The comparison is limited to NN-based methods, as they closely
align with the framework of the proposed approach. This focused evaluation enables a
meaningful assessment of the relative strengths and limitations. Furthermore, it highlights
the advancements and contributions of the proposed method within this specific context.

Table 3 presents several approaches based on different types of neural networks,
all tested on the same dataset used to evaluate the proposed method. The proposed
method achieves the highest detection accuracy (99.99) among all methods, demonstrating
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its performance while maintaining low complexity. Both the proposed method and the
approach in [32] exhibit high computational efficiency; however, the proposed method
significantly outperforms [32] in terms of the detection accuracy (99.99% vs. 70.09%). In
terms of complexity, while the CNN-based method in [31] achieves high detection accuracy
(96.79%), it suffers from high complexity, making it less suitable for resource-constrained
or real-time applications. The back-propagation neural network (BPNN)-based method
in [30] offers a balance between medium complexity and high efficiency but falls short in
accuracy (95.31%) compared to the proposed method. Finally, unlike all other methods, the
proposed method supports OSR, making it robust and adaptable to scenarios involving
unknown or unexpected faults. This capability provides a significant advantage over other
approaches.

Table 3. Comparison of the proposed method with existing methods.

Method Type of NN Complexity
Detection
Accuracy

OSR
Capability

[30] BPNN Medium 95.31% No
[31] CNN High 96.79% No
[32] FFNN Low 70.09% No

Proposed FFNN Low 99.99% Yes

4.5. Fault Detection Algorithm

The OSR improved performance of the NN, allowing it to be used not only as a
classifier but also as an outlier detector (HIFs in this case). Algorithm 1 summarizes the
fault detection method. The offline part of the algorithm consists of the dataset creation,
the classifier training, and determining the bounds of the samples per class. The bounds
can be chosen in any manner that separates outliers. In this work, a fixed bound for both
classes is proposed, but other methods can be used instead. The goal of the bounds is to
capture the range in which the normal samples for that class occur. In the case shown in
Figure 9, the bound for both classes could be any number below the lowest scoring sample
of each class. Anything under this limit is considered an outlier.

Algorithm 1 High-impedance fault detection

OFFLINE
1. Obtain dataset with normal operating conditions

(steady state, load changes)
2. Transform data from time to frequency domain

using FFT algorithm
3. Train NN-based classifier C with OSR suggestions
4. Obtain responses to HIFs
5. Find MLS for normal samples (test set) and HIFs
6. Determine boundaries that enclose normal samples

of each class

ONLINE
1. Take N consecutive samples of current

measurement and create vector X
2. Find MLS and assigned class k from C(X)
3. if MLS outside boundaries for class k:

HIF detected.
else return to step 1.
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The online part describes how fault detection works. The method requires passing a
vector of length N, in this case 500, to the pre-trained classifier. The output of the classifier
contains logits from which the maximum (MLS) is determined, along with the class that
the classifier assigned to the input. The assigned class specifies the bounds against which
the MLS is to be compared. If the MLS is outside the bounds, it is declared an outlier, in
this case an HIF. If it is not, X is updated.

4.6. Discussion

The goal of this study is to develop an HIF detection method that is based on an NN
trained according to the OSR suggestions. These suggestions allow unknowns (inputs that
are not seen by the classifier during its training—in this case HIFs) to be treated as outliers.
The first advantage of this approach is that the HIF responses do not need to be included
in the dataset, which relieves the user of the need to model HIFs and reduces complexity
of the classifier (NN). This is achieved because both the FFNN and the CNN classifiers
have simple architectures but can still properly handle unknowns, making it possible to
set bounds around the correctly classified samples. Consequently, the detection of outliers
(HIFs) is simple—it is enough to check whether the MLS of an input is outside the bounds
of the class assigned by the classifier. It should be noted that it cannot be known a priori
which class an input will be assigned to, so the MLS is compared to the bounds of the class
into which the classifier has placed it. This is the general case, but it may happen that the
same bounds can be applied to both classes, so it is not necessary to know which class the
classifier has assigned to the input. The bounds do not have to be fixed, as any strategy can
be used to detect outliers. In this work, the fixed bound is used for simplicity.

Speaking of disturbances other than HIFs, some characteristics could be included
in the dataset, but it is difficult to know and model all the disturbances that occur in a
microgrid. It is assumed here that the HIF response is specific and different from that
of other disturbances. Moreover, 100 ms is long enough that temporary disturbances do
not trigger the trip signal, while HIFs, on the other hand, persist. At the time of writing,
the authors are not aware that a dataset for HIF detection exists. Since the dataset is
publicly available, it can be used as a basis for further research. Any improvements to
the dataset and method are encouraged. Future work can be based on any of the above:
enhancing the dataset by including more normal operating points or adding real-world
HIF responses, improving the classifiers or the training procedure, or treating outliers
differently. Testing the method on real-world data would increase pressure on classifier’s
discriminative capabilities, potentially raising the need for input filtering, using different
signal decomposition methods (e.g., wavelet transform), or incorporation of additional
input features. One of the research directions could cover adaptation of the proposed
method for lines that connect power sources, energy storage systems or active loads,
as it is currently limited to lines connecting passive loads. Another research direction
could investigate applying the method to long DC lines, such as those used in HVDC
transmission systems.

It is also worth noting that hardware could be a limiting factor, as the method requires
implementation of the neural network on the processor. This involves handling fast
matrix multiplication and implementation of nonlinear functions, which must be carefully
managed to minimize computational overhead and ensure fast execution. Both factors
impact the neural network’s classification performance, which, in turn, directly affects the
fault detection performance [59,60].

5. Conclusions

Detecting high-impedance faults is a challenging task for conventional protection
systems due to their low current magnitude. However, advanced intelligent classifiers
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are capable of detecting repetitive patterns that characterize such faults. In this work, we
present an HIF detection method based on intelligent classification, using a feed-forward
neural network as the classifier. The FFNN is trained to distinguish normal operating
points (knowns) from unknowns, which in this case are identified as HIFs and treated
as outliers. The key conclusions drawn from this study are as follows: (i) the number of
classes in the dataset can be reduced by focusing on normal operating states; (ii) HIFs can
be detected as outliers using a neural network trained according to open-set recognition
principles; (iii) the architecture of the neural network does not need modification, only the
training procedure; (iv) FFNNs are highly effective for HIF detection, with an accuracy of
99.99%. Additionally, the dataset used in this study is made publicly available, as no similar
datasets exist in the literature. This method offers a promising approach for improving
fault detection in power grids, especially in microgrids and other low-current scenarios.
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Abbreviations

The following abbreviations are used in this manuscript:

AC Alternating current
BESS Battery energy storage system
BPNN Back-propagation neural network
CNN Convolutional neural network
DC Direct current
DER Distributed energy sources
DWT Discrete wavelet transform
FFNN Feed-forward neural network
FFT Fast Fourier transform
GAN Generative adversarial network
HIF High-impedance fault
kNN k-Nearest neighbors
LIF Low-impedance fault
MLS Maximum logit score
MPPT Maximum power point tracking
NN Neural network
OSR Open-set recognition
PV Photo-voltaic
ReLU Rectified linear unit
RNN Recurrent neural network
RES Renewable energy sources
SVM Support vector machine
VSC Voltage source converter
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Abstract: The optimal scheduling of DES is to solve a multi-objective optimization problem (MOP)
with complex constraints. However, the potential contradiction between multiple optimization
objectives leads to the diversity of feasible solutions, which has a serious impact on the selection
of optimal scheduling strategies. Therefore, a stepper search optimization (SSO) method has been
proposed for a bi-objective optimization problem (BiOP). Firstly, a constrained single-objective
optimization problem (CSiOP) has been established to transform a BiOP and describe an accurate
pareto front curve. Then, based on the characteristics of pareto front, the rate of the pareto front is
analyzed by the SSO, and the best recommended solution of the BiOP is obtained. Finally, in the
IEEE 33 with a DES simulation, by comparing other methods, the SSO method can better control
the bi-objective optimization results to be 1–2.5 times as much as the optimal result under each
single optimization objective and avoid the imbalance between the two optimization objectives.
Additionally, the optimization speed of the SSO method is more than 10 times faster than that of the
non-dominated sorting genetic algorithm (NSGA). Further, the SSO method will provide a novel idea
for solving MOP.

Keywords: multi-energy system; bi-objective optimization problem (BiOP); stepper search optimization
(SSO); pareto front; tolerance control

1. Introduction

In modern power systems, power generation systems and power consumption units
with different characteristics have entered the power grid on a large scale, which puts
forward higher requirements for the power balance and stable operation of the power
grid [1]. In addition, under the premise of ensuring the stable operation of power supply,
transmission and consumption, the optimal scheduling of a distributed energy system
(DES) needs to take into account multiple objectives such as its economy and application
performance [2,3], but there are often contradictions between these objectives, which results
in a complex and difficult optimization process of scheduling strategies [4]. Therefore, how
to balance the conflicts between multiple optimization objectives and form a reasonable
optimal scheduling strategy is a key issue that restricts the further application of the
distributed energy system.

1.1. Literature Review

The optimal scheduling problem of a DES is a typical multi-objective optimization
problem (MOP) with constraints, characterized by the optimal control of various operating
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indexes under the constraints of the actual operating boundary of the system. Regarding the
solution of the MOP, some experts from various countries have carried out a large number
of studies [5–7]. In [8], a non-dominated sorting genetic algorithm (NSGA) is proposed to
achieve the optimization of operating costs, labor efficiency and the penalty cost of pollutant
gas emission in an integrated park scenario, obtaining an effective non-dominated solution
set. Reference [9], after applying an NSGA to obtain the set of non-dominated solutions,
proposes to utilize an approximate ideal solution sorting method to obtain scheduling
instructions including wind farm (WF), photovoltaic station (PV), battery energy storage
system (BESS) and load. Similarly, reference [10] evaluates the optimal capacity allocation
scheme of an energy storage system (ESS) from two aspects of balancing the reliability and
economy of the power grid by using the method of approximate ideal solution sorting.
Reference [11] combines the improved artificial bee colony (ABC) algorithm with the
entropy weight method to recommend an optimal allocation scheme for the energy storage
system. Reference [12] uses the genetic algorithm (GA) for a multi-objective optimization of
the three parameters in combined cycle power plants to determine and recommend optimal
values. The characteristic of these methods is to leverage the global optimization ability of
swarm intelligence optimization algorithms and, after obtaining numerous non-dominated
solutions, use evaluation methods to recommend the final result. The disadvantage of this
approach is that non-dominated solutions tend to be limited and few in number, while
recommended solutions are directly affected by different evaluation methods.

Another way to solve an MOP is to combine multiple optimization objectives into a
joint optimization objective, transforming it into a single-objective optimization problem
(SiOP), of which one of the most common ways is to combine multiple optimization ob-
jective functions using summation [13,14]. For example, in the economic optimization of
electric power, reference [15] equates the power loss to an operating cost and then sums it
with the economy of other operating units in the system to form an SiOP. Reference [16]
transforms the aging damage of the charging and discharging power process of the BESS
into the operating cost of the BESS, accomplishing the union of multiple optimization
objectives. References [17,18] equate the amount of discarded new energy as an economic
loss for electricity applications, transforming the problem of new energy consumption
into an optimization problem for economic objectives. Similarly, in references [19,20], an
economic benefit of the reserve power from the power generation unit has been established
to decide the operation status of the power grid and achieve the optimization of schedul-
ing strategies for multiple types of energy. Other than converting various optimization
objectives into the economic indicators mentioned above, some studies have achieved
the reasonable addition of multiple optimization objectives by eliminating the physical
meaning of each optimization objective function or allocating weights [21,22]. For example,
references [23,24] combine multiple optimization objective functions through a weight allo-
cation method, but the subjective weight values defined by users are easy to cause a lack of
objectivity. By analyzing the indicators from the application scenarios, references [25,26]
have assigned the objective function weight and completed the MOP transformation based
on the analytic hierarchy process and fuzzy theory, respectively. Although the above
method can simply and effectively transform the MOP into a constrained single-objective
optimization problem (CSiOP), there is a certain deviation in the economic equivalent
accuracy of the optimization objective. Additionally, the way of the weight allocation has
a great influence on the optimization results, and the current objective weight allocation
method is not perfect enough.

A summary of the above studies is listed in Table 1. Several comments are concerned.
(1) In a MOP, a solution set for multi-objective optimization problems can be obtained by
non-dominated swarm intelligence optimization, but selecting a recommended solution is
difficult. There are few studies exploring the pareto frontier morphology. (2) Few studies
implement or explore the pareto frontier morphology. (3) The method of transforming a
MOP into a CSiOP has been extensively studied, but there is often a lack of discussion on
the effectiveness of the transformation approach.
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Table 1. Relevant research review.

Reference
System Components

Grid Number of Objective Functions Methodology
DG WF PV BESS Other

[5] 2 PSO-TLBO
[6] 2 ECA + TOPSIS
[8] 3 MO-NSGA-II

[10] 3 MC + TOPSIS
[11] 3 EW + ABC
[13] 11 Weighted summation
[14] 3 MPC + adaptive weight
[16] 2 Weighted summation
[17] 2 B-L optimization model
[19] 3 TSDRO
[21] 3 Multi-OPF model
[26] 3 MOMUS

1.2. Contributions and Paper Organization

Therefore, in the MOP exhibited by the optimal scheduling of a distributed energy
system, there are two key issues that need to be solved urgently. One is how to effectively
obtain a pareto front or a non-dominated solution set for multiple optimization objectives,
and the other is how to obtain a reasonable and unique recommended solution in the non-
dominated solution set. To solve the above problems, a bi-objective optimization method is
proposed based on stepper search optimization (SSO) from the perspective of pareto front
form and the changing rate. This has provided an effective and recommended solution
based on the transformation and the search of the bi-objective optimization problem (BiOP).
The main contributions of this paper are summarized as follows.

(1) The SSO method has transformed a BiOP into a CSiOP by changing the boundary
conditions. It can effectively describe the pareto front of the BiOP, which helps to
solve the problem of how to choose the recommended solution on the pareto front.

(2) For the first time, the SSO method adopts stepper search on the pareto front to
form the best-recommended solution of a BiOP based on the change rate of each
non-dominated solution, with a novel approach being provided for selecting the
recommended solution of a BiOP.

The organization of the manuscript is as follows. In the first section, the mathematical
model of a DES is established, including the constraints of the operation process and
two optimization objective functions. Then, the problems in the process of bi-objective
optimization are analyzed, and the analysis process and implementation flow of the SSO
method are shown. In the third section, based on the simulation example of IEEE 33 defined
by the Institute of Electrical and Electronics Engineers (IEEE), the SSO method is compared
and discussed with other methods. Finally, in the fourth section, the relevant conclusions
and future research directions of this paper are given.

2. Mathematical Model of Distribution Network

2.1. The Operation Constraints of Distribution Network

Figure 1 shows a DES under an IEEE 33 distribution network including two pho-
tovoltaic power stations, two wind power generation stations, distributed generation
(DG) and a BESS. It can be seen that there are multiple energy units scattered through-
out the IEEE 33 distribution network. The distributed photovoltaic and wind-power
generation stations provide green energy for the DES, while DG and ESS are used to
ensure the energy balance and economic of the DES. In the application of the DES, cer-
tain operation constraints should be guaranteed, including the interactions of power,
current and voltage among power nodes in the system, which conform to some basic
physical laws such as energy conservation and node voltage equations [27]. These con-
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straints for operation can be roughly divided into two categories, equality constraints and
inequality constraints.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

19 20 21

23 24 25

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

18
19 20 21

22 23 24

DG

Distributed generator

22

26 27 28 29 30 31 32 33

25 26 27 28 29 30 31 32

Photovoltaic power station Wind power station Battery energy storage system

Figure 1. The DES under the IEEE 33 distribution network.

Firstly, in the operation process of the DES mentioned above, the equation constraints
satisfied are the power-balance equation as shown in Equation (1). At time t, PDG,i(t),
PESS,i(t) and PNew,i(t) respectively represent the active power of the DG, ESS and new
energy station on the i-th power node. Additionally, QDG,i(t) and QESS,i(t) are the reactive
power of the DG and ESS. Similarly, the branch current and active and reactive power have
been described as Ii,j(t), Pi,j(t) and Qi,j(t), respectively.

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

PDG,i(t) + PESS,i(t) + PNew,i(t)− PLOAD,i(t) =
Nb
∑

j=1
Pi,j(t)−

Nb
∑

j=1
Ii,j(t)Ri,j

QDG,i(t) + QESS,i(t)−QLOAD,i(t) =
Nb
∑

j=1
Qi,j(t)−

Nb
∑

j=1
Ii,j(t)Xi,j

(1)

where PLOAD,i(t) and QLOAD,i(t) are the active and reactive power of the load. Ri,j and Xi,j
are the resistance and reactance between the j-th and the i-th power node. The number of
power nodes is Nb.

Then, Ohm’s law equation for each node in the power grid is considered as shown in
Equation (2). Ui(t) is the voltage of the i-th power node.

Ui(t) = Uj(t) + Ii,j(t)×
(

R2
i,j + X2

i,j

)
− 2×

(
Pi,j(t)× Ri,j −Qi,j(t)× Xi,j

)
(2)

Meanwhile, to balance the energy of the ESS during each typical day, Equation (3)
represents the relationship between the energy state of the ESS and the charging and
discharging power. At time t, the state of energy (SOE), the charge and discharge active
power of the ESS on the i-th power node are CSOE,i(t), PESS_c,i(t) and PESS_d,i(t). In a typical
day, the starting and ending SOEs of the ESS are CSOE,i(0) and CSOE,i(T).

CSOE,i(t + Δt) = CSOE,i(t)− (PESS_d,i(t)/ηd,i + PESS_c,i(t)× ηc,i)× Δt× 100/SN
ESS,i (3)

where, on the i-th power node, the initial SOE, rated power, rated capacity and charg-
ing and discharging efficiency of the ESS have been described as Cinit

SOE,iP
N
ESS,i, SN

ESS,i, ηc,i
and ηd,i.

Equation (4) shows the energy balance relationship and initial state of charge in each
typical day. The starting and ending SOEs of the ESS are CSOE,i(0) and CSOE,i(T).

CSOE,i(0) = CSOE,i(T) = Cinit
SOE,i (4)

The energy storage output power has been defined by Expression (5).

PESS,i(t) = PESS_d,i(t) + PESS_c,i(t) (5)

154



Appl. Sci. 2024, 14, 9480

In addition to meeting the above equation constraints, the actual operation of the
distributed energy system needs to meet some inequality constraints [28,29]. Firstly, the
actual power must be less than or equal to its rated power for DG as shown in Inequality (6).
The maximum and minimum active power of the i-th DG are Pmin

DG,i and Pmax
DG,i, respectively.

Then, Qmin
DG,i and Qmax

DG,i are the maximum and minimum active power.

{
Pmin

DG,i ≤ PDG,i(t) ≤ Pmax
DG,i

Qmin
DG,i ≤ QDG,i(t) ≤ Qmax

DG,i
(6)

Similarly, the Inequality (7) represents that the actual power is less than or equal to
its rated power for ESS, and the SOE range of the i-th ESS is [CL

SOE,i, CD
SOE,i]. At time t, the

binary variables indicating the charging and discharging statuses of the i-th ESS have been
defined by uc

i (t) and ud
i (t). They have limited the ability of the ESS to charge and discharge

energy at the same time.⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

0 ≤ PESS_d,i(t) ≤ ud
i (t)× PN

ESS,i
−uc

i (t)× PN
ESS,i(t) ≤ PESS_c,i(t) ≤ 0

uc
i (t) + ud

i (t) ≤ 1 uc
i (t) = 0or1 ud

i (t) = 0or1

CL
SOE,i ≤ CSOE,i(t) ≤ CU

SOE,i

(7)

In terms of new energy generation station, the output power must be less than or
equal to the maximum power that can be output from the new energy field station at the
current moment as shown in Inequality (8). The maximum active power of the i-th new
energy generation station has been described as Pref

New,i(t).

0 ≤ PNew,i(t) ≤ Pref
New,i(t) (8)

Meanwhile, considering the requirements of power grid operation, it is necessary to
limit the voltage of power grid nodes and branch currents, as shown in Inequality (9) where
the maximum value of the node voltage and the branch current have been defined as Umax
and Imax, respectively. The minimum value of the node voltage is Umin.

{
Umin ≤ Ui(t) ≤ Umax

0 ≤ Ii,j(t) ≤ Imax
(9)

In addition to the above common inequality constraints, the distributed power supply
and energy storage system can output both active and reactive power, and the actual output
of active and reactive power shows a quadratic inequality relationship with the rated power
of DG and ESS, as shown in Inequality (10) where the rated power of the DG and ESS
on the i-th power node are SN

DG,i and PN
ESS,i, respectively. ||·||2 represents the 2-norm of

the vector. {∥∥PDG,i(t) QDG,i(t)
∥∥

2 ≤ SN
DG,i∥∥PESS,i(t) QESS,i(t)

∥∥
2 ≤ PN

ESS,i
(10)

The last class of inequality constraints derives from a relaxation process for nonlinear equal-
ity constraints, such as the i-th node power balance equation P2

i,j(t) + Q2
i,j(t) = Ii,j(t)× Ui(t).

This type of constraint exhibits the nonlinearity of the multiplication between the variables
Ii,j(t) and Ui(t), and this equation will be relaxed as a quadratic inequality form shown in
Inequality (11). ∥∥∥∥∥∥

2× Pi,j(t)
2×Qi,j(t)

Ii,j(t)−Ui(t)

∥∥∥∥∥∥
2

≤
(

Ii,j(t) + Ui(t)
)

(11)

The following can be seen from the above constraints: (1) The coupling relationship
between the components of a DES is significant, and the output of each subsystem will
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have a direct impact on the operating range of other subsystems. (2) The actual operation
of a DES contains a large number of equations, inequalities and quadratic constraints, and
the actual operating boundaries of the system are relatively complex. (3) There are many
discrete variables of type 0–1, such as uc

i and ud
i , and continuous variables in the constraints

forming a mixed variable optimization problem. The continuous variables have included
PDG,i, PESS,i, PNew,i, QDG,i, QESS,i, Ii,j, Pi,j, Qi,j, Ui, CSOE,i, PESS_c,i and PESS_d,i.

2.2. The Objective Function of Distribution Network

Section 2.1 shows the operational constraints of the DES, and this section will establish
the optimization objective function of the DES. There are many elements in a DES, and a
variety of different optimization objectives are established from the perspectives of grid
performance and economy, such as grid loss, node voltage deviation, new energy utilization
rate, system operating cost and so on. However, the SSO method in this paper is more
friendly for the BiOP. Therefore, this paper takes the two optimization objectives of grid
loss and system operating cost as examples to carry out the subsequent analysis. It should
be noted that these two objective functions are only listed for the purpose of illustrating
the methodology of this paper, which does not mean that the SSO method is limited to
optimizing the following functions.

(1) To reduce the power line loss of the DES, the first optimization objective function
J1 is established, as shown in Expression (12), and is a key index that effects the
transmission efficiency of the power grid.

min J1 = 1
2

T
∑

t=1

Nb
∑

i=1

Nb
∑

j=1

(
i2i,j(t)×

√
R2

i,j + X2
i,j

)
(12)

(2) To reduce the operating costs of the DES, the second optimization objective function
J2 is established including the cost of DG, ESS and the new energy generation station,
as shown in Expression (13), where SDG,i, SESS,i and SNew,i respectively represent the
electricity consumption of the i-th DG, ESS and new energy during time period Δt.
SDG,i = PDG,I × Δt, SESS,i = PESS,I × Δt and SNew,i = PNew,I × Δt. In this paper, Δt = 1 h.
Then, where k1,I, k2,I and k3,i respectively represent the cost coefficient of DG [30,31],
¥/kWh2, ¥/kWh, ¥. Significantly, k1,i represents the cost coefficient of the square of
the active power of DG. Therefore, the unit of coefficient k1,i is ¥/kWh2. The levelized
cost coefficient of the ESS and the new energy generation station have been defined as
k4,i and k5,i, ¥/kWh.

min J2 =
T

∑
t=1

Nb

∑
i=1

(
k1,iS2

DG,i(t) + k2,iSDG,i(t) + k3,i + k4,iSESS,i(t) + k5,iSNew,i(t)
)

(13)

The following can be seen from the above optimization objectives: (1) The physical
dimensions of the two optimization objectives are different, so it is difficult to directly
compare and analyze the importance between them, and it is not convenient to transform
them into a single optimization objective by adding weights. (2) The two optimization
objectives are used to evaluate the two aspects of the operation of the DES and do not
have dominance, which means that the two optimization objective functions are equivalent
in the distributed energy system. (3) Both objective functions exhibit quadratic form,
which implies that the optimization and control of the DES is a multi-objective quadratic
planning problem.

3. The Problem and Solution of the BiOP

3.1. The Problem of the BiOP

The first section shows that the optimal control problem of the DES can be described as
a bi-objective quadratic programming problem with a large number of complex constraints.
This mathematical optimization problem can be described as Expressions (14) and (15),
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where X = [x1, x2, . . ., xm] is a vector composed of optimization variables xi, i = 1, 2, . . ., m,
while f 1(X) and f 2(X) respectively represent two optimization objective functions, gk(X)
represents the k-th inequality constraint, hl(X) represents the l-th equality constraint
and xlb

i and xub
i respectively represent the lower and upper bounds of the optimization

variable xi.
minimize

X
F(X) = [ f1(X), f2(X)] (14)

Subject to

⎧⎨
⎩

gk(X) ≤ 0, k = 1, 2, . . . , K
hl(X) ≤ 0, l = 1, 2, . . . , L

xlb
i ≤ xi ≤ xub

i , i = 1, 2, . . . , m
(15)

In a MOP, there is generally no solution to ensure that both optimization objectives
are the most global optimal. The way to solve such optimization problems is to use the
pareto optimization method to obtain a series of non-dominated solutions, and there is
no definite dominance relationship between different optimization solutions rather than a
global optimal solution. Figure 2 shows the results of analyzing pareto optimality using
two optimization objectives as examples.

Figure 2. Block diagram for describing a bi-objective optimization problem.

From Figure 2, it can be observed that if each objective is independently optimized,
a global optimum can be obtained. The points marked by these global optimum values
are defined as the optimal points in the multi-objective function space, such as point A in
the figure. However, this optimal point is not achievable in multi-objective optimization
problems. Pareto optimization is used to obtain a series of non-dominated solutions that
form a convex surface in the space of multi-objective functions, which is the pareto front.
Obviously, it is difficult to choose the most reasonable solution among many non-dominated
solutions on the pareto front. However, it is worth thinking about in this paper that non-
dominated solutions on the pareto front, such as points B and C, show great differences
in their slopes df 1(X)/df 1(X)|X = XB or XC. In the neighborhood of point B, when f 1(X)
changes slightly, f 2(X) will change dramatically. In the neighborhood of point C, on the
contrary, when f 1(X) changes greatly, f 2(X) hardly changes. It is from this phenomenon
that this paper carries out a study from the perspective of the degree of the change of the
two optimization objective functions and proposes a bi-objective optimization method
based on stepper search to complete the problem of selecting the non-dominated solutions
on the pareto front.
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Based on the above analysis, it can be seen that the method proposed in this paper
needs to address the following two issues. (1) How to define the change in the slope of the
pareto front. (2) How to find the point with the largest slope change. It is very unfortunate
that pareto front parsing expressions cannot be built in the currently available methods,
and the above problems can only be solved by means of numerical analysis. Therefore, in
the SSO method, the most crucial part is to transform the description form of the BiOP, and
the transformed optimization problem is described as shown in Expression (16).

minimize J(X) = r2|r1 = c

Subject to

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

gk(X) ≤ 0, k = 1, 2, . . . , K
hl(X) ≤ 0, l = 1, 2, . . . , L
xlb

i ≤ xi ≤ xub
i , i = 1, 2, . . . , m

f1(X) ≤|min( f1(X))|r1 + min( f1(X))
f2(X) ≤|min( f2(X))|r2 + min( f2(X))

(16)

Expression (16) has introduced two optimization variables r1 and r2, which respec-
tively represent the deviation margins between the two optimization objectives and their
respective optimal values, and transforms the optimization problem described in Expres-
sion (14) into a constraint inequality. The optimization goal J(X) = r2|r1 = c means that the
problem of minimum optimization deviation margin r2 is solved under the condition of
r1 = c, where c represents a constant value that can be changed. Obviously, the optimization
result of Expression (16) will converge to min(J1(X)) when the parameter c→0, while the
optimization result of Expression (16) will converge to min(J2(X)) when the parameter
c→∞. According to the optimization model described in Expression (16), when the param-
eter c changes from 0 to ∞, the pareto front of the dual optimization objectives described in
Expressions (14) and (15) can be formed.

3.2. A Bi-Objective Optimization Method Based on SSO

According to the mathematical model described in Expression (14), this paper has
proposed a SSO method for solving the BiOP. Figure 3 shows the stepper search process of
the SSO method. Suppose the current search point is a, whose coordinates are obtained
by using the single-objective optimization model described in the interior-point method
optimization Expression (14) under the condition r1 = c, that is, point a = min(r2|r1 = c).

Figure 3. Schematic diagram of the SSO method.
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Modifying the value of r1 in the direction of the objective function f 1(X) with a step
size Δc, r1= r1 + Δc, it can be seen that the point a will move to the point c,
min(r2|r1 = c + Δc). At this point, if the absolute value of the change in the direction
of the objective function f 2(X) is greater than or equal to min(f 2(X)) × Δc, which means
that the change in the optimization objective function f 2(X) is greater under the change in
the objective function f 1(X), then the point c will be the starting point of the next search. If
the absolute value of the change in the direction of the objective function f 2(X) is less than
min(f 2(X)) × Δc, then this means that the change in the optimization objective function
f 2(X) is less than the change in the objective function f 1(X), and the search step should be
narrowed down (the dichotomy can be utilized to change Δc), that is, r1 = r1 + 0.5 × Δc.
Additionally, the SiOP described in Expression (14) is optimized once again by using
the interior point method, and point a will move to min(r2|r1 = c + 0.5 × Δc) at point
b. Again, compare the amount of change in the optimization objective functions f 1(X)
and f 2(X). By continuously completing the above process, when the deviation value of
the variation of the optimization objective functions f 1(X) and f 2(X) is small or reaches
the set maximum number of iterative searches, the search process will be stopped, and
the result of the last search will be the final optimization result. Based on the stepper
search approach depicted in Figure 3, the pseudo-code of the SSO algorithm has been listed
in Algorithm 1.

Algorithm 1 Pseudo code of the SSO method.

Input: In the DES described in this article, the BiOP has been shown in mathematical relation
(1)~(13), and the mathematical model for transforming the BiOP of the DES is shown in
Expression (16). The initial step parameter Δc and the deadline of stepper search are defined. The
deadline of the stepper search is the maximum number of iterations Nmax and stop threshold λ.
Assuming that the iteration N is 0,

1. Optimize two single optimization objective functions independently. The minimum value of
each optimization objective is min(J1(X)) and min(J2(X)), respectively;

2. rN
1 ←Δc optimize Expression (16), and min(rN

2 |rN
1 ) is obtained.

3. Calculate JN
1 (X) and JN

2 (X) under the above rN
1 and rN

2 condition,
4. While N < Nmax

5. rN+1
1 ←rN

1 + Δc optimize Expression (16), and min(rN+1
2 |rN+1

1 ) is obtained.
6. Calculate JN+1

1 (X) and JN+1
2 (X) under the above rN+1

1 and rN+1
2 condition;

7. if abs(|JN+1
1 (X) − JN

1 (X)|/|min(J1(X))| − |JN+1
2 (X) − JN

2 (X)|/|min(J2(X))|) ≤ λ or
N > Nmax

8. break;
9. else
10. if |JN+1

1 (X) − JN
1 (X)|/|min(J1(X))| ≤ |JN+1

2 (X) − JN
2 (X)|/|min(J2(X))|

11. Δc← Δc;
12. N ← N + 1;
13. else
14. N←N;
15. Δc←Δc/2;
16. end
17. end
18. end
19. Output: (JN

1 (X), JN
2 (X)) and X under the rN

1 and rN
2 condition.

4. Case and Discussion

4.1. Case Condition

To analyze and validate the SSO methodology, this paper has carried out the analysis
based on the DES in the IEEE 33 distribution network as shown in Figure 1. And the lithium-
ion battery energy storage system has been adopted as the BESS in this paper. Table 2 has
represented the case parameters and condition of the power grid, DG, photovoltaic power
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station, wind power station and BESS. The computational environment of this example is
Matlab 2020a under Win10 system, the computer memory is 32 G, the CPU is Intel Core i7,
the main frequency is 2.3 GHz and the number of cores is 16. Figure 4 shows the power
curves of the power load and photovoltaic and wind power stations in a typical day system.
The time interval Δt = 1 h, and the typical day T = 24 h.

Table 2. Parameters and conditions.

Case Parameter Numerical Value Case Parameter Numerical Value

Capacity of power grid 10 MVA Rated power of DG 10 MVA
Nominal voltage 12.66 kV Cost coefficient k1 of DG 40,000 ¥/kWh2

The voltage range ±10% Cost coefficient k2 of DG 650 ¥/kWh
The maximum branch current 456 A Cost coefficient k3 of DG 8 ¥

Charge/discharge efficiency of BESS 95%, 92% Rated power of photovoltaic at #6 node 4 MW
SOE range of BESS 90%, 10% Rated power of photovoltaic at #13 node 2 MW
Initial SOE of BESS 50% Levelized cost of photovoltaic 0.293 ¥/kWh

Rated power of BESS 3.3 MW Rated power of wind farm at #22 node 3 MW
Rated capacity of BESS 13.2 MWh Rated power of wind farm at #22 node 2 MW
Levelized cost of BESS 0.574 ¥/kWh Levelized cost of wind farm 0.3 ¥/kWh

Initial stepper parameter Δc 0.1 The stop threshold λ 1 × 10−4

Po
w
er
(M
VA
)

Figure 4. Electricity generation and consumption curve from new energy stations and load under
typical day.

In Table 2 and Figure 4, it can be seen that the apparent power of the load is less
than 10 MVA, and the total rated power of new energy stations is greater than 10 MVA.
Additionally, the apparent power of the load is much greater than the actual maximum
output power of the new energy stations at 5–11 h and 16–24 h, respectively. It means that
there is an imbalance between power supply and consumption in the distribution network
system and a reasonable control of BESS and DG is necessary.

Meanwhile, this paper compares the SSO method with other common multi-objective
optimization methods. Method 1 is an equal-weight summation method, method 2 is
a Euclidean distance minimization method, and the optimization objective functions
are shown in Expressions (17) and (18), respectively. In addition, the constraint con-
ditions for method 1 are shown in Expression (15), and the constraint conditions for
method 2 are shown in Expression (16). Further, as the method 3, the traditional NSGA
method combined with TOPSIS [9] has been used for a comparison of the proposed
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methods. The maximum iterative number is 30, and the number of individuals is 20 in
the population.

minimize J(X) =
J1(X)

|min(J1(X))| +
J2(X)

|min(J2(X))| (17)

minimize J(X) = r2
1 + r2

2 (18)

4.2. Result Analysis

With the above simulation parameters, a single objective optimization is performed
based on the two objective functions of the DES mathematical model described in
Section 1 to obtain the minimum values min(J1) = 0.0294 and min(J2) = 11,584.32. Table 3
demonstrates the comparison of the two objective function values under optimization
with a single objective, method 1, method 2, and the SSO method. Figure 5 shows the
optimization results under three different methods and the stepper search process of the
SSO method. Figure 6 shows the differences of the optimization scheduling results between
three different methods from four perspectives: distributed power, new energy generation
power stations, energy storage system and grid node voltage.

Figure 5. The distribution of optimization results (J1/|min(J1)|, J2/|min(J2)|) from the different
methods at the pareto front.

Table 3. J1 and J2 values under different methods.

min J1 min J2 Method 1 Method 2 Method 3 SSO Method

J1/|min(J1)| 1 140.7114 114.7497 1.5586 81.4999 1.5141
J2/|min(J2)| 7.7836 1 1.0248 2.3756 1.0637 2.4047

Computing time 18.44 s 18.67 s 21.94 s 26.22 s 3907.16 s 280.44 s

Table 3 presents the following: (1) Optimizing with a single objective guarantees
that the results obtained will be optimal for that metric, but the other metric will be so
far from the optimal position that it will not be possible to balance the two optimization
objectives, and the results obtained will be very poor. (2) Compared to single-objective
optimization, the optimization result obtained by using method 1 and 3 increases only
by 0.0248 and 0.0637 in the J2/min(J2) direction but decreases by 25.9617 and 59.2115 in
the J1/min(J1) direction, respectively. It means that the optimization result is better than
the single-objective optimization approach in terms of the whole system but still exhibits
poorer performance in the J1/min(J1) direction. (3) Compared to method 1, although
method 2 and the SSO method decrease by 1.3508 and 1.3799, respectively, in the J2/min(J2)
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direction, they increase by 113.1911 and 113.2356, respectively, in the J1/min(J1) direction,
improving approximately 80 times. It means that the scheduling strategies based on
these two methods will be more conducive to the overall performance of the system. (4)
Compared to method 2, the SSO method decreases by 0.0291 in the J2/min(J2) direction
and increases by 0.0445 in the J1/min(J1) direction. Although this numerical change is
small, it achieves approximately 1.5 times the benefit, which means that the SSO method is
slightly better than method 2. (5) In terms of solving time, the proposed method is superior
to method 3 and reduces the solution time by more than 10 times, but it is inferior to other
methods. The reason for the above results is that the proposed method and method 3 have
iterative processes, and there are more iterations required in method 3.

(a) The operating curve of the DG.

(b) The operating curve of the new energy power stations.

Figure 6. Cont.
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(c) The operating curve of the BESS.  

(d) The operating curve of the grid voltage. 

Figure 6. Comparison results of operational performance of different distribution network methods.

Figure 5 shows the distribution characteristics of different methods on the pareto front
and the stepper search process of the SSO method in the coordinate system composed of
(J1/|min(J1)|, J2/|min(J2)|). From the figure, it can be observed that (1) the two opti-
mization objectives show significant contradiction, that is, as the value of one optimization
objective decreases, the value of the other optimization objective increases. (2) In the
coordinate system composed of (J1/|min(J1)|, J2/|min(J2)|), the pareto front shows two
parts with significant slope differences, namely, the AB section and BC section. In the AB
section, as J1 slowly increases, J2 rapidly decreases, which means that by alleviating the
requirements for target J1, greater benefits can be obtained on target J2. On the other hand,
in the BC section, as J1 increases significantly, J2 slowly decreases, which means that the
substantial reduction of the requirements for the target J1 has limited improvement in the
direction of the target J2. Therefore, the optimization results of method 1 and 3 are located
in the BC section and are far from point B, which is bad for the whole system. Meanwhile,
the search results of both method 2 and the SSO method are close to point B, the point of
the slope mutation of the pareto front, which means that the results of these two methods
are better for the overall system. (3) The search process of the SSO method takes Δc = 0.1
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as the step, and, after updating five times, it gradually decreases for three times, resulting
in Δc = 0.0125, and then abs(J1/|min(J1)| − J2/|min(J2)|) < λ is searched. This implies
that the stepper search method proposed in this paper is effective and can search for the
recommended solution quickly.

From the operating curves of the DG presented in Figure 6a, the curves of method 2
and the SSO method are basically the same, and the trend of the output power during a
typical day is basically consistent with the load power demand, whereas in method 1, in
order to significantly reduce power loss (optimization objective J1), the distributed power
supply continuously outputs a large amount of reactive power and reduces the active
power output. From the comparison of the operating curves from PV and wind power
generation system shown in Figure 6b, the actual power of wind power generation has
been well consumed based on the three scheduling strategies, but there is a phenomenon of
photovoltaic power abandonment in the application of method 1, which is concentrated in
the peak of PV power generation and the low valley of load power consumption between
12~15 h. Additionally, it can be seen that method 2 and the SSO method are better than
method 1. Figure 6c shows the output active power curve and energy state of the BESS.
Between 0:00 and 6:00, the BESS takes the initiative to charge and dissipate the wind
power generation that is larger than the load demand. Between 6:00 and 11:00, the load
active power is greater than the maximum output power of the new energy, and the
BESS discharges to support the load power demand. Between 11:00 and 16:00, due to
more photovoltaic power generation, the new energy generation is greater than the load
demand, and the BESS is reasonably charged again, ready to cope with the next decline in
photovoltaic power generation caused by the difference between the load power and the
new energy power supply. The BESS has solved the power balance problem and ensured
the economic operation of the DES. Figure 6d shows the voltage curves of each node from
the power grid at different times under different optimization methods. It can be seen that
compared with method 1, the voltage of each node from the power grid is close to 1.21 (the
square of 110% of the reference voltage) in the whole time period under method 2 and the
SSO method, thus reducing the line current and power loss.

4.3. Discussion

Firstly, this section discusses the influence of the step parameter Δc of the SSO method
on the search stability and speed. Table 4 shows the calculation time and optimization
target value of the SSO method under the step parameter Δc, and Figure 7 shows the
change process of the corresponding curve.

Table 4. Optimization results under different parameters Δc using the SSO method.

Δc 0.02 0.03 0.05 0.08 0.1 0.15 0.18 0.2 0.25

Search time 688.67 442.67 358.85 325.88 280.44 309.58 316.85 330.09 263.99
J1/|min(J1)| 1.52 1.51 1.51 1.52 1.51 1.53 1.54 1.60 1.52
J2/|min(J2)| 2.40 2.40 2.40 2.40 2.40 2.40 2.38 2.37 2.40

Table 4 and Figure 7 show that (1) with the decrease in step parameter Δc, the solution
time of the SSO method increases; especially when Δc ≤ 0.03, the solution time almost
doubles. However, when the step parameter Δc is large, Δc ∈ [0.08,2.5], the solution time
of the SSO method fluctuates in a small range between 250~350 s. (2) With the decrease in
step parameter Δc, the fluctuation ranges of J1/min(J1) and J2/min(J2) are 1.51~1.60 and
2.37~2.40, respectively. This means that the accuracy of the SSO method is insensitive to
the step parameter Δc. Therefore, in the SSO method, a larger step size can be selected for
calculation by selecting the step parameter Δc.
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Figure 7. Search time and optimization results under different parameter Δc using the SSO method.

Then, to verify the applicability of the SSO method, this section establishes two
optimization objectives J3 and J4 from the aspects of node voltage and new energy station
in the DES, which are defined as shown in Expressions (19) and (20). At time t, the i-th
node voltage and the power have been defined as Vi(t) and PNew,i(t), respectively. The
duration of the typical day and the number of grid nodes have been set to T and Nb. The
voltage reference value is Vbase.

min J3 =
T

max
t=1

(
Nbmax
i=1

(
abs

(
V2

i (t)/V2
base − 1

)))
(19)

min J4 = −
T
∑

t=1

Nb
∑

i=1
(PNew,i(t)) (20)

Table 5 represents the comparison results under the dual objectives of (J1, J3) with
single-objective optimization, methods 1, 2 and 3 and the SSO method, respectively. Figure 8
shows the optimization results under four different methods and the stepper search process
of the SSO method.

Table 5. J1 and J3 values under different methods.

min J1 min J3 Method 1 Method 2 Method 3 SSO Method

J1/|(min(J1)| 1 65.9354 1.4879 1.5170 1.0161 1.5031
J3/|min(J3)| 78.7690 1 1.5731 1.5448 71.4381 1.5581

Computing time 18.44 s 18.61 s 17.34 s 21.42 s 7715.89 s 263.52 s

In Table 5, comparing the results of single-objective optimization, methods 1 and 2
and the SSO method can effectively balance the contradiction between the two objectives,
but method 3 is not. Method 3 focuses more on the objective function J1, resulting in an
excessive loss of J3. Obviously, it is not good. Compared to the other methods, using the
best results of each objective function as a baseline, methods 1 and 2 decrease by 0.4879 and
0.5170 in the J1/|min(J1)| direction and improve by 0.5731 and 0.5448 in the J3/|min(J3)|
direction. Then, the SSO method reduces 0.5031 in the J1/min(J1) direction and enhances
0.5581 in the J3/|min(J3)| direction. Apparently, the SSO method is more balanced. In
addition, the solving time of the proposed method is superior to method 3 and reduces the
solution time by about 30 times, but it is inferior to the other methods. This phenomenon
and its causes are consistent with Table 3.
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Figure 8. The distribution of optimization results (J1/|min(J1)|, J3/|min(J3)|) at the pareto front.

Figure 8 has represented the distribution characteristics of the different methods on the
pareto front and the stepper search process of the SSO method under the coordinate system
consisting of (J1/|min(J1)|, J3/|min(J3)|) and (J1/|min(J1)|, J4/|min(J4)|), respectively.
With the first optimization objective value decreasing, the second optimization objective
value rises. Further, the pareto front exhibits two components with significant differences
in the slope. However, the slope changes exhibited by the pareto front are different, which
means that if the above multiple objectives are comprehensively considered to form a
multi-objective optimization problem, the slope changes in different objective function
directions will be different.

Table 6 and Figure 9 exhibit the comparison results under the dual objectives of (J1, J4)
with single-objective optimization, methods 1, 2 and 3 and the SSO method, respectively.

Table 6. J1 and J4 values under different methods.

min J1 min J4 Method 1 Method 2 Method 3 SSO Method

J1/|(min(J1)| 1 49.5009 1.0906 1.1398 1.5947 1.1016
J4/|min(J4))| −0.5872 −1 −0.7795 −0.8228 −1.0000 −0.7900

Computing time 18.44 s 14.03 s 11.96 s 13.15 s 2251.62 s 109.45 s

Figure 9. The distribution of optimization results (J1/|min(J1)|, J4/|min(J4)|) at the pareto front.

In Table 6, the optimization results from methods 1, 2 and 3 and the SSO method
have achieved effective balance in two objective function directions. It is different from
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Table 6. However, the results of the solving time are the same. Methods 1, 2 and 3
decrease by 0.0906, 0.13982 and 0.5947 in the J1/|min(J1)| direction and improve by 0.2205,
0.1772 and 0 in the J4/min(J4) direction. Then, the SSO method reduces 0.1016 in the
J1/|min(J1)| direction and enhances 0.21 in the J4/|min(J4)| direction. The above results
show that the SSO method can find equitable recommended solutions more consistently
than other methods.

Compared to Figures 5 and 8, the pareto front curve in Figure 9 has more stages
of slope variation. The optimization results of method 3 differ significantly from other
methods and is almost equivalent to the results of the single optimization objective J4. It
has caused an imbalance between the two optimization objectives’ functions. Then, the
result of method 1 is at the intersection of two slopes. It means that the changes in the two
optimization objective functions will vary. Combining the values of Table 6, it can be seen
that the optimization effect of the SSO method is better. Additionally, based on the results
in Figures 5, 8 and 9, it can be seen that the SSO method can be applied to different forms
of pareto front format. The adaptability of the method is good.

5. Conclusions

In the optimization scheduling of the DES, the SSO method has been proposed. By
transforming a BiOP into a CSiOP, the pareto front of the BiOP is accurately depicted, and,
according to the changing characteristics of the pareto front, the stepper search method is
introduced to solve the problem of the difficulty of choosing among many feasible solutions
in the MOP, obtaining a more reasonable and unique recommended solution and effectively
balancing the contradiction between two optimization objectives. Furthermore, the SSO
method has fewer parameters, and the parameters have less impact on the accuracy of the
optimization results. The method is also highly stable. Additionally, when facing different
bi-objective optimization problems, the SSO method can search for excellent recommended
solutions and show good adaptability to bi-objective optimization problems.

At present, the limitation of this study is that the proposed method can only be
applied to bi-objective optimization problems. Therefore, expanding the application of
the SSO method to more optimization objective problems is the focus of future research.
In addition, the diversity of pareto frontier morphology changes will be the core link of
subsequent research.
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Featured Application: The described methodology can be utilized to simulate and optimize

microgrids with similar or desired designs, with the objective of assessing the logistical and

environmental performance indicators of their operations.

Abstract: European islands have been leading the charge in renewable energy innovation. Yet,
the intermittent nature of sources like solar and wind poses challenges such as grid saturation
and frequency variations. Limited interconnection with mainland grids exacerbates these issues,
necessitating backup from conventional power sources during low-production periods. Until 2021,
Crete operated independently, but new infrastructure now integrates it with the Greek mainland grid,
facilitating swift energy transfers. This integration enables surplus power from Crete’s solar and
wind systems to be transmitted to the mainland and vice versa. However, reliance on remote power
production exposes the island to market fluctuations and distant disruptions, impacting electricity
production. Storage technologies offer a solution, enhancing renewable energy penetration while
reducing carbon emissions. Green hydrogen, a rising storage method, shows promise in offsetting
carbon emissions. Its clean-burning nature minimizes environmental impact and reduces reliance
on costly and harmful conventional sources. This study aims to evaluate the feasibility of achieving
carbon-neutral electricity production in Crete, Greece, using hydrogen storage to offset annual carbon
emissions in a financially viable and sustainable manner. Hydrogen’s clean-burning properties
reduce environmental impact and lessen dependence on expensive and environmentally harmful
conventional sources. The methodology prioritizes the independence of the Cretan electricity system,
utilizing electrolysis to produce green hydrogen and proton-exchange membrane (PEM) fuel cells
for energy generation. It investigates the optimal expansion of renewable energy systems, including
photovoltaic (PV) and wind turbine (WT) parks, alongside the installation of hydrogen storage,
under specific assumptions. This proposed installation aims to achieve both island independence
and profitability, requiring an additional expansion in PV capacity of 2.13 GW, WT capacity of
3.55 GW, and a hydrogen system with electrolyzer and fuel cell capacities totaling 278.83 MW each,
along with a hydrogen tank capacity of 69.20 MWh. The investment entails a capital expenditure
(CAPEX) of 6,516,043,003.31 EUR for a nearly zero net present value (NPV) over 20 years. However,
carbon neutrality cannot be attained through this optimal solution alone, as relying solely on carbon
sequestration from olive groves, the primary crop cultivated on the island, is insufficient as a
carbon sink method. The annual net carbon emissions from electricity production, island transport,
residential heating, and carbon sequestration are estimated at 94,772.22 tCO2.

Keywords: renewable energy sources; zero carbon emissions; electricity storage; Cretan energy
system; green hydrogen; interconnected islands
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1. Introduction

The increasingly evident climatic shifts present a formidable challenge for the global
scientific community. With every facet of existence affected, from weather patterns to
ecosystem dynamics, thorough study and analysis are imperative for a transition toward
sustainable and environmentally secure living conditions. Scientists worldwide are dili-
gently investigating these changes, striving to comprehend their complexities and devise
innovative solutions. Through collaborative efforts and interdisciplinary approaches, they
aim to pave the way for a future where humanity coexists harmoniously with the planet,
fostering habitats that prioritize ecological integrity and resilience.

At present, considerable attention is being directed towards exploring the vast poten-
tial of renewable energy sources (RES) across the globe. Various alternative methods of
energy acquisition are being meticulously evaluated, with a focus on deploying cutting-
edge technologies to maximize efficiency while minimizing environmental impact. From
solar and wind to hydroelectric and geothermal power, the spectrum of renewable energy
options offers a promising avenue for reducing reliance on fossil fuels and mitigating
the adverse effects of climate change. Research and development efforts are increasingly
geared towards refining existing technologies and pioneering new approaches to harness-
ing renewable energy on a large scale. By embracing these advancements and fostering a
global culture of innovation, societies can aspire towards a future powered by sustainable,
clean energy solutions that benefit both people and the planet.

The traditional electrical grid is experiencing substantial augmentation to ensure
system dependability and enhance both energy efficacy and ecological sustainability. A
conventional grid is transforming into a smart grid (SG) that includes a diversified, het-
erogeneous mix of operational measures such as smart appliances, meters, and renewable
energy resources. The SG is a new design for the electric power grid since it produces more
efficient outcomes and is more reliable. The SG is one of the most promising innovations
as a solution to the energy dilemma. A major advancement involves the developments in
power electronics technologies that have contributed to the development of power conver-
sion systems used in RES and other energy applications. The benefits include an increase in
reliability, resilience of power sources, and electromagnetic compatibility between different
power sources applied to microgrids [1]. Nonetheless, it is intricate, and decentralizing it
might be of immense advantage [2].

From the beginning of the Industrial Revolution, the amount of carbon dioxide (CO2)
equivalent in the atmosphere has approximately doubled, according to various reports [3].
As a result, this has led to a rise in world average temperature, which is having an adverse
effect on the climate on a global scale [4]. Recent advancements in a variety of renewable
energy technologies have improved their reliability while simultaneously minimizing their
cost, making them suitable for usage in a wider variety of scenarios. Significant improve-
ments have been achieved in both renewable energy systems and hydrogen technologies,
resulting in increased efficiency and productivity [5,6]. The Mediterranean area is distin-
guished by its abundance of indigenous solar and wind energy resources, which have the
potential to be used in the creation of power, heat, and cooling [7].

1.1. Islands Pioneers in RES Integration

In the context of European legislation and the shift to green energy technologies [8], the
extensive literature has been established regarding the application of ecologically friendly
technologies to island power systems. Juswanto and Ali [9] conducted a thorough analysis
of recent advancements in the field of renewable energy in the Pacific islands. According to
the authors, the present contribution of renewable energies such as solar and wind power
to their overall energy balance is between 20 and 40 percent.

Meschede et al. [10] composed an overview of the 100% usage of renewable energy
on islands. A total of 97 papers were analyzed on islands, with a focus on various regions
like the Atlantic Ocean, Mediterranean islands, North and Baltic Sea, Caribbean Sea,
Pacific Ocean, and Indian Ocean. The majority of papers in their study aimed to assess

171



Appl. Sci. 2024, 14, 4668

renewable energy systems, with a distinction between studies focusing on achieving
100% renewable energy supply and those analyzing different renewable energy systems
on islands. According to the authors, Solar PV and wind technologies are the primary
technologies for achieving 100% renewable energy systems on islands. On the other hand,
there is a need to seriously consider area limitations on islands for all renewable energy
sources based on full energy system studies and area demand. The International Renewable
Energy Agency (IRENA) [11] has reported on international uses of RES in island settings.
The paper included a number of case studies dealing with the use of renewable energy
sources for the production of electricity on a variety of islands located all over the globe.
There have been reports of the use of RES on European islands [12]. The possibility of
islands fulfilling all their energy needs with renewable energy sources was discussed in
the study, with specific reference to the island of Samso. It focuses on organizational and
technological challenges as well as on local considerations affecting the availability and
usage of RES. It offers a variety of case studies about the exploitation of RES in EU islands.

Marczinkowski et al. [13] conducted research on the topic of converting an island’s
energy systems to be 100% reliant on RES by the year 2030. The authors investigated how
three different islands in Europe—Samso, Orkney, and Madeira—made the transition to the
total use of renewable energy sources in order to achieve energy independence. Regarding
the transition of the island to 100% renewable energy sources, they said that there are
a number of different energy systems and solutions that may be implemented based on
the local circumstances, development stages, and local availability of different RES. In
addition, the author performed research [14] on the process of converting the energy grid
on Madeira Island to one that is powered entirely by renewable resources. The authors
used the EnergyPLAN modeling program in order to investigate and compare two distinct
energy strategies. They noted that due to the absence of international trade, the island must
implement a sophisticated energy system and make use of innovative technology in order
to increase its level of energy self-sufficiency.

Chatziargiriou and colleagues [15] conducted research on the development of renew-
able energy sources on the Greek islands. According to the authors, Greece is made up of
124 inhabited islands, any number of which might serve as a prototype for the use of RES
in the country’s efforts to advance its economy. They also said that the implementation
of RES on these islands might provide local inhabitants an extra source of income while
offering the chance for the development of novel RES systems that include power storage.

A group of islands in the Nordic region has been formed, and one of its goals is to
achieve carbon neutrality [16]. More than sixty (60) different technologies that are based
on RES have been identified as having the potential to be implemented on these islands in
order to reduce their carbon footprint or bring it down to zero.

Breyer et al. [17] explored the possibility of reaching net-zero CO2 emissions in Europe
by 2050. Building on existing 100% renewable energy models, the authors developed scenar-
ios for achieving carbon neutrality by 2040 and 2050, using a high-resolution, multi-region
energy system model covering all energy sectors. The results reveal a cost-neutral pathway
toward net zero emissions by 2050, reducing electricity costs. An accelerated transition by
2040 would see a 9% increase in energy costs but a 17% improvement in CO2 emissions
reduction. Solar photovoltaics would dominate the total electricity production, becoming
61–63% of total generation in 2050. The authors suggested a ‘power-to-X’ economy as a key
feature of Europe’s energy future by transforming most chemical products into electricity
so that solar power can be converted to methanol, kerosene, and hydrogen in order to be
stored for seasonal inequality.

1.2. Zero Carbon Crete

The pursuit of a carbon-neutral Crete has been investigated extensively. Vourdoubas [7]
has examined the prospect of constructing residential structures on the Greek island of
Crete that produce zero net carbon emissions. According to the author, it is possible
to meet all of the energy needs of residential structures in Crete using locally sourced
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renewable energy sources, which would result in such buildings having no net carbon
footprint as a result of their usage of energy. Moreover, he claimed that it is possible to
reach carbon neutrality with the use of solar thermal energy, solar photovoltaic energy, and
high-efficiency heat pumps. Also, he investigated the use of RES in the more rural parts of
the island of Crete [18]. According to the author, Crete already makes use of many different
types of renewable energy, including solar energy, wind energy, hydro energy, biomass,
and low enthalpy geothermal energy. Furthermore, it was noted that renewable energy
sources currently contribute over 20% to the island’s overall power consumption, with the
anticipation of this proportion to increase in the foreseeable future.

1.3. Interconnections of Islands in Greece

Before its completion, Biza et al. [19] conducted research on the subject of the inter-
connection between Peloponnese and Crete. Per the authors, the connectivity would be
completed in two stages. The electric grid of Crete would be coupled with the system of
Peloponnese in phase 1 of the project, with a capacity for transmitting power ranging from
150 MW to 180 MW. During phase 2, the electric grid of Crete is expected to be integrated
with the system of Attica, and the capacity for transmitting power will be 1000 MW [20].

Tzanes et al. [21] conducted research on the current production of power on the non-
interconnected islands in the Aegean Sea, with the exception of the islands of Crete and
Rhodos. According to the authors, the yearly contribution of renewable energies in the
overall energy mix has remained relatively constant at roughly 15% to 18% due to the
current technological limits. They also claimed that the cost of generating energy on tiny is-
lands using thermal power plants is significant, coming in at roughly 600 EUR/MWh. They
suggested the creation of electricity storage devices as a means of increasing the proportion
of renewable energies that are included in the overall energy mix on these islands.

Tsekeris [22] has focused on the process of energy transition in the islands of Greece
that are not connected with each other. According to what was stated in the article,
customized transitional policies need to be devised. He also noted that the national
objectives for the year 2030 include a decrease in CO2 emissions of forty (40) percent and a
penetration of renewable energy sources of thirty-two (32) percent in the overall energy
mix. Regarding the transportation industry, it is anticipated that there will be a complete
shift in the kind of fuels that are used, in addition to an increase in the number of electric
cars and trains.

1.4. Islandic Electricity Storage

Bertsiou and Baltas [23] conducted research on the topic of combining renewable
energy sources with the generation of hydrogen and its usage using fuel cells on a Greek
island. The paper discusses the comparison between a single storage system (PHS) and
a hybrid storage system (HPHS) for fulfilling energy requirements on islands, with the
HPHS showing lower loss of load probability values despite higher cost, conducted on the
island of Fournoi Korseon in Greece. The study emphasizes the importance of utilizing
wind potential and coupling with storage systems for energy security.

Rodrigues et al. [24] conducted research on the possibility of installing energy storage
systems on the island of Terceira, which is located in the Azores and belongs to Portugal.
The authors claimed that the installed power on the island in 2012 was 75.1 MW, while the
greatest energy demand in 2018 would be approximately 30 MW to 35 MW. This difference
was due to the fact that the maximum electricity demand in 2018 would be much lower.
They determined that the optimal size of an energy storage system for 2018 would be
8.1 MW, which would be produced by water turbines working in a static waterfall at 340 m
with a water flow rate of 3 m3/s. They also investigated the similarities and differences
between electric batteries and hydro pump storage. The cost of a hydro pump storage
system with 8.1 MW was predicted to be 15.56 million EUR, whereas the cost of batteries
was 28.27 million EUR.
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Nikolaou et al. [25] conducted research on the topic of the storage of surplus power
generated by wind farms on the Greek island of Crete by using hydro pump storage devices.
The writers discussed the “Potamon” dam, which is situated in the prefecture of Rethymno
and has the potential to be utilized for the storage of extra power. They indicated that the
optimal capacity of power-producing turbines should be 31 MW, and it is projected that the
yearly produced energy would account for 2.0–2.2% of the island’s annual consumption of
electricity.

The introduction of storage methods can also assist in issues arising from RES’s
increased penetration levels to a microgrid. Evangelos Pompodakis et al. [26] optimized
the installation of hybrid power plants through the development of the energy system of
the island of Rhodes. The stochastic production of the WT installed on the island presented
significant frequency fluctuations, resulting in enforced RES curtailment. The methodology
proposed a WT-battery storage coupling, estimating a reduction in frequency fluctuations
and a yearly cost reduction above 7.9 million EUR.

1.5. Cretan Power Grid

Electricity generation and fossil fuel consumption in Crete in 2022 has been reported by
the Hellenic Electricity Distribution Network Operator (HEDNO) SA [27]. Total electricity
generation in Crete during 2022 was 20,784.7 MWh, while most of it was generated in
thermal power stations fueled by heating oil and diesel oil. The share of RES in electricity
generation was slightly higher than 23%. According to HEnEx data [28], in 2023, the
island’s annual energy demand was 3.14 TWh, 1.48 TWh of which were produced using the
island’s conventional power plants, 701.7 GWh from RES production, while the rest were
imported through the interconnection. The proposed methodology receives as input the
load and means of energy demand hourly values of Crete for 2023. An alternative priority
chain of load satisfaction and RES production is proposed, based on which the optimal
RES expansion and hydrogen system introduction is determined for an independent,
sustainable, and carbon-neutral energy system. The potential of storing power on the
island is discussed, and the CO2 emissions that are caused by the usage of fossil fuels in
the production of electricity are estimated. In the following section, the requirements for
net zero CO2 emissions due to electricity use in Crete are stated.

The current operational scheme is dictated by the participation of the island’s elec-
tricity producers (both RES and power plants) and providers in the HEnEx, with the
interconnection facilitating the transmission of purchased quantities. This research explores
an alternative model of an independent grid, demonstrating a method to increase the use
of RES in energy production. This approach aims to reduce carbon emissions and fossil
fuel consumption in Crete, offering a replicable model for other islands. This paper’s
methodology presents a comprehensive analysis of the economic and environmental as-
pects of an innovative project design using the most recent data from 2023. The analysis
employs a methodological model that utilizes techniques to analyze and simulate large-
scale real-world data, including hourly values for an entire year. This approach provides
targeted insights into the real-time energy management of a microgrid, capturing the actual
dynamics of both energy consumption and production throughout the year. This holistic
understanding of microgrid performance allows us to coherently assess its economic and
environmental dimensions, paving the way for more informed decision-making.

2. Materials and Methods

2.1. Electricity Generation of Crete

Crete is the fifth biggest island in the Mediterranean and the largest in Greece, with a
population of around 620,000 people living on an area of 8303 km2. During the tourist season,
which lasts from May to October, Crete’s population and demand for electricity increase. Since
November 2021, Crete’s energy suppliers and providers have participated in the Hellenic
Energy Exchange (HEnEx). The HEnEx’s platform provides the island’s hourly electricity
demand [28]. In Figure 1, the monthly electricity consumption for 2023 is illustrated:
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Figure 1. Crete’s electricity consumption in 2023.

July and August, characterized by the peak of the tourist season, are the months with
the highest energy demand. The significant fluctuations between peak and off-peak energy
demand, closely tied to seasonal variations, underscore the necessity for adaptability and
highlight the challenge of managing operational costs.

Crete’s power system was the biggest independent electrical system in Greece until the
first connectivity with the mainland grid happened in 2021, while the second is scheduled
to become operational in 2024 [29].

2.2. Conventional Generation of Crete

The majority of Island’s energy is generated by three (3) oil-fired thermal power
plants, as seen in Figure 2. Three power plants with varied technology, fuels, and response
characteristics have a combined capacity of 607 MW.

Figure 2. Conventional power plant locations in Crete.

There are, specifically, steam turbines, internal combustion engines, open-cycle gas
turbines, and one combined cycle (CC) unit. The fuel analysis for each thermal oil plant is
presented in Table 1. The base-load demand is primarily supplied by steam and diesel units.
Gas turbines typically provide the daily peak load or the load that cannot be provided by
the other units during outages [29].

Table 1. Conventional power plants.

S.L. Power Plant Installed Power (MW) Fuel

1 Power Plant 1 (STs) 105 Diesel
2 Power Plant 2 (ICEs) 47.2 Diesel
3 Power Plant 3 (OCGTs) 118.5 Mazut
4 Power Plant 4 (CC) 132 Mazut
5 Power Plant 5 (STs) 100 Diesel
6 Power Plant 6 (ICEs) 100 Diesel

TOTAL 606.7
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In Figure 3, the monthly conventional production is depicted, displaying a similar
trend to that of Figure 1:

Figure 3. Total conventional production in Crete during 2023.

2.3. Productivity of Existing RES in Crete

Solar and wind speed potential of Cretan Island is one of the greatest in EU, reaching
up to 2100 kWh/m2/year solar radiation and above 8.5 m/s average wind speed in various
spots on the island. The percentage of total output from RES contribution was increased for
the year 2020 to reach 23.5%. The island is a single administrative region of Greece, which
is divided into 4 individual prefectures, which in the context of this study are called areas
1, 2, 3, 4. As can be seen in Table 2, there are a total of 47 wind farms erected around the
island, with a combined nominal power output of 215.12 MW [18].

Table 2. Wind power plant allocation.

S.L. Prefecture of Wind Parks Plants Installed Power (MW)

1 Area 1 25 107.12
2 Area 2 8 45.40
3 Area 3 5 24.30
4 Area 4 9 38.30

TOTAL 47 215.12

In addition, as indicated in Table 3, there are now 1204 small PV plants erected around
the island, each with a nominal power output of 80 kW. The majority of these plants are
attached to substations with voltages ranging from 0.4 kV to 20 kV, which is the standard
practice worldwide [30].

Table 3. Photovoltaic power plant allocation.

S.L. Prefecture of PV Parks Plants Installed Power (MW)

1 Area 1 262 19.90
2 Area 2 501 35.91
3 Area 3 241 18.26
4 Area 4 200 14.75

TOTAL 1204 88.82

In Figure 4, the Cretan RES production for each month of 2023 is depicted as follows:
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Figure 4. Total RES production in Crete during 2023.

The highest production was noted in July when the PV parks reached their peak due
to prolonged sun exposure, accompanied by the production of WT parks. In addition to
energy from the sun and the wind, the enormous olive tree farming that takes place on the
island of Crete provides the island with a significant amount of solid biomass resources.
In Crete, there are insufficient supplies of hydro energy and geothermal energy with a
high enthalpy. It is anticipated that in the not-too-distant future, Crete will be host to not
just one but many wind farms located offshore in addition to a solar thermal power plant.
With the interconnection of Crete’s electric grid, it is anticipated that the island would
produce more environmentally friendly power that is derived from renewable energy
sources. Tables 4 and 5 exhibit Crete’s electricity production and carbon emissions from
the island’s different fossil fuels and energy sources, while Table 4 presents the island’s
installed capacities for those fuels and sources [31].

Table 4. Crete’s carbon emissions and electricity production from various fossil fuel and power
sources.

Fuel
Annual Fuel

Consumption (Tons)
Annual Electricity
Generation (MWh)

%
Annual CO2

Emissions (Tons)
%

Fuel oil 429,565.50 1,571,182.50 56.52% 1,363,870.46 75.72%
Diesel oil 139,187.10 487,730.20 17.54% 437,325.87 24.28%

Solar Energy - 164,647.70 5.92% -
Wind Energy - 556,189.50 20.01% -

Hydroelectric Energy - 257.00 0.01% -
Fossil Fuels Total 568,752.60 2,058,912.70 74.06% 1,801,196.33

RES Total 721,094.20 25.94% -

TOTAL 568,752.60 2,780,006.90 100% 1,801,196,33 100%

Table 5. Crete’s installed power plant capacity and the efficiency of its solar photovoltaic and wind
power plants.

Energy Source
Technology

Installed
Capacity

Annual Electricity
Generation (MWh)

Annual Productivity/Capacitor Factor

Solar Photovolatic 88.82 MWp 164,647.70 Annual productivity = 1853 MWh/MWp
Wind plants 215.12 MWel 556,189.50 Capacity factor = 0.291
Hydro plants 0.6 MWel 257.00

RES Total 304.54 MWel 721,094.20
Thermo-electric power 606.7 MWel 2,058,912.70

TOTAL 1121.1 MWel 2,780,006.90
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Based on the information that is now available on the installed power and the output
of energy for 2018, which is provided in Table 2, an estimate was made regarding the
productivity of the solar-PV systems and the wind parks that are currently operating
in Crete. Comparatively, the capacity factor of wind farms is 0.291, whereas the yearly
productivity of solar photovoltaic systems is 1412 MWh/MWp.

2.4. Cretan Electric Grid Interconnection

The Greek government’s priority is focused on connecting the unconnected islands in
order to reduce energy production costs. Notwithstanding the project’s technical problems,
it was intended, in earlier years, to link the island’s electric grid to the mainland’s electric
grid via two underwater cables. One cable can carry 150–180 MW, while the other can
transport 350 MW. The installation of the smaller cable was completed by the end of 2020,
whilst the second was anticipated to be completed by 2023. The net position of 2023
imports–exports is shown in Figure 5:

Figure 5. Imports–exports net position in Crete during 2023.

The interconnection is utilized most extensively during the summer season, as de-
mand surges due to sudden increases in population and commercial traffic. In the past,
when Crete’s electric grid operated on its own, there were restrictions placed on the max-
imum installed power of intermittent renewable energy systems such as solar-PV and
wind-generated electricity. These restrictions were implemented for reasons related to
maintaining the stability of the grid. Despite the fact that previous research has shown
both their technical and economic viability, hydro pump storage systems for the purpose of
power storage have not yet been developed on the island of Crete. With the aforementioned
limitations, the contribution of renewable energies to the total mix of local energy sources is
now slightly greater than 23%. Due to the operation of undersized and inefficient thermal
power facilities, the price of energy in Crete is at present costly, accompanied by high green-
house emissions. Crete has an abundance of sun and wind, and the technology to turn
those resources into power is established and cost-effective. Despite investor enthusiasm
for implementing these projects, the island has attracted energy investment in solar-PV
systems and wind farms that are much lower than its capacity. Wind farms and solar
energy production systems are anticipated to replace the polluting and inefficient thermal
power facilities in Crete.

2.5. Crete’s Electricity Storage

There are various electrical energy storage technologies, including electrochemical
batteries, hydrogen-based storage, and hydropower-pumped storage (HPS) systems. While
current developments in their technology allow for the use of huge capacity batteries capa-
ble of storing several MWh, electric batteries only have the ability to store relatively tiny
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amounts of power. It is anticipated that in the not-too-distant future, power will be stored
in massive batteries once their prices become competitive. In addition, energy has the
capability of being stored in the batteries of electric cars, which is a feature that promotes
V2G solutions. Pumped hydro storage systems are more advantageous for the scale of
the electric grid that serves Crete, a result of the geomorphology of the island, meaning
that various locations may be identified and utilized for the building of energy storage
systems. By taking into consideration both technical and economic factors, pumped hydro
storage systems are now the greatest alternative for power storage in Crete. Moreover,
the deployment of these systems would strengthen the energy security of the island [32].
Because of both economic and technological considerations, the use of H2 for the stor-
age of power is not yet advised. Yet, it continues to be an appealing choice for Crete’s
economic future, particularly in light of the impending requirement of the switch to a
hydrogen-based economy.

2.6. Crete’s Carbon Emissions via Electricity Generation

It is anticipated that fossil fuel power plants will release 1,801,196 metric tons of carbon
dioxide into the atmosphere in 2021 (Table 4). Taking into consideration the fact that there
are a total of 620,000 permanent residents on the island, the amount of CO2 emissions
that are caused by the production of electricity has been determined to be 2.9 tn CO2 per
capita. According to research conducted by the World Bank [31], Greece’s CO2 emissions
in 2019 were 5.6 tn CO2 per capita. As a result, the CO2 emissions that are caused by the
production of electricity in Crete account for more than 50% of the total CO2 emissions that
are produced on the island.

2.7. Crete’s Carbon Emissions Due to Electricity Generation

The interconnection of the electric networks of Crete and mainland Greece enables
power to be transferred through the two underwater cables. Since low-cost energy can be
transmitted to the island, the electricity generation cost in Crete using the existing thermal
power plants is significantly reduced. The electric lines enable power production from the
plentiful RES in Crete, ideally solar and wind energy, contributing to the decarbonization
of power generation. When there is a surplus of environmentally friendly power produced
in Crete, it will be sent to the Greek mainland. Conversely, in scenarios where electricity
generation on Crete falls short of demand, electrical power will be transferred via the
subsea cables. As a result, the interconnection of the island’s several electrical grids makes
the decarbonization of the island a lot easier. To achieve net zero carbon emissions from
power production in Crete, the following requirements must be met:

Limiting the reliance on fossil fuels in the island’s electricity production is crucial,
with a simultaneous push for the promotion of renewable energy sources. While fossil
fuel-generated electricity from mainland Greece will be transmitted to Crete through the
subsea interconnector, an annual equivalent of “green electricity” generated by Crete’s
renewable sources should be transmitted back. Any excess carbon emissions that are the
result of the use of fossil fuels for the production of electricity in Crete must be offset yearly
by the carbon sequestration that ought to come from tree plantations that are required to
be grown in Crete.

Renewable energy technologies that are currently used or could be used in the future
for electricity generation in Crete are presented in Table 6, including utilization of solar
energy, wind energy, hydroelectric energy, and biomass.
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Table 6. Sustainable Energy Technologies can be applied in Crete for electricity generation.

Energy Source Technology Current Use in Crete

Solar energy Photovoltaic cells Yes
Solar energy Solar thermal power Planned

Wind power (on-shore) Wind turbines Yes
Wind power (off-shore) Wind turbines Planned

Biogas Burning Yes
Solid Biomass Burning No
Hydro energy Hydro turbines Yes

Electrolytic hydrogen Fuel cells No

2.8. Hydrogen Production

The overall energy efficiency of a hydrogen production system, whether connected or
not, is closely linked to the performance of its key components, namely the electrolyzers
and hydrogen storage tanks, which fundamentally impact the final quantity of produced
hydrogen as well as the production cost [33]. Su et al. demonstrate the close relationship
between electrolyzer performance and the energy efficiency of the hydrogen production
process [34]. Improving electrolyzer efficiency leads to a reduction in energy losses and an
increase in the final hydrogen output, offering significant energy savings.

On the other hand, Sharma et al.’s study [35] emphasizes the importance of enhancing
hydrogen storage tanks in reducing production costs. Enhancing the efficiency of these
tanks can minimize energy losses and improve the economic efficiency of the hydrogen pro-
duction process. Hence, the combined improvement of electrolyzers and hydrogen storage
tanks holds paramount importance for the integrated energy and economic performance of
the hydrogen production system.

The typical performance in hydrogen production and storage varies depending on
the technologies used and operational conditions. Electrolyzers, the primary subsystems
for hydrogen production, often exhibit efficiencies ranging between 60% and 80% [36].
This percentage is a crucial parameter for process efficiency, as higher efficiencies lead to
reduced energy losses and increased hydrogen output.

However, hydrogen storage tanks also impact the overall system efficiency. Typically,
the performance of these tanks hovers around 60%, resulting in losses during hydrogen
storage [37]. Nevertheless, technological advancements in recent years have allowed
improvements in these figures, potentially increasing the efficiency of the storage tanks.

2.9. Methodology

Minimizing CO2 emissions on an electrically interconnected island represents an
integral and challenging campaign to enhance the sustainability and efficiency of the
energy system. With the coexistence of conventional power plants and renewable energy
sources on the island, flexibility and optimal use of the energy produced is vital. An
innovative approach involves the use of a hydrogen tank to store excess energy produced
from RES sources. Additionally, the sustainability and independence of the island’s grid
are also pursued, utilizing the interconnection only for power export to the mainland for
financial gain. Therefore, the methodology’s pursuits are the achievement of the following
grid properties:

• Independence;
• Sustainability;
• Carbon neutrality.

Hydrogen storage is a central element in the mechanism for storing the energy pro-
duced, allowing it to be converted into electricity during periods of peak demand. This
enhances the reliability of the energy grid, allowing excess energy to be sold either as
electricity to other regions through the interconnection or as compressed hydrogen gas for
industrial use.
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The combination of conventional and renewable energy sources with the use of hy-
drogen storage allows for flexible and more efficient management of energy demand and
supply. With the help of algorithms and computing systems solutions, it is feasible to
determine the optimal combination of RES, conventional production units, and intercon-
nection usage in collaboration with hydrogen production and storage in order to achieve a
minimum environmental impact from CO2 emissions.

• Creating a precise mathematical model to compute the parameters outlined in this
study is intricate and heavily reliant on the unique conditions and attributes of the
energy grid of the specific island under consideration. Based on aforementioned
data, a simplified model has been devised to estimate the optimal performance of a
hydrogen energy storage system, which follows these steps:

• Simulation of Crete’s network as proposed.
• Calculation of annual values based on key parameters.
• Estimation of environmental and financial metrics based on real data.
• Development of an optimization model to reach the desired goals under certain

constraints.

The power dispatch strategy prioritizes grid stability and minimizes reliance on
conventional fuels by employing a tiered approach. The priority chain commences by
activating only the minimum essential load coverage from conventional power plants,
ensuring stable operation while conserving conventional fuel resources. Subsequently,
available energy from locally produced RES is directly utilized to meet demand, maximizing
the use of clean and sustainable energy. If real-time RES production proves insufficient, the
strategy incorporates stored energy, potentially captured from prior periods of high-RES
production through electrolysis. This stored energy can be converted for use through fuel
cells. In scenarios where demand surpasses both real-time RES production and stored
energy capacity, conventional generation is proportionally increased up to their technical
limits or until the hourly load is satisfied. As a final resort, if all previous stages are
inadequate, a controlled import of energy from the external grid can be implemented,
though this option is used sparingly due to potential dependence on external energy
sources. The specified priority chain is summarized in Figure 6:

Figure 6. Priority axis of load satisfaction.

The proposed approach for managing excess RES production exceeding the total
hourly load and minimum conventional unit operation requirements employs a multi-step
strategy. Firstly, the system prioritizes conversion of any surplus into hydrogen for storage
in available tanks through electrolysis. The electrolysis process efficiency is estimated to
be around 80% [37]. This approach capitalizes on hydrogen as a viable storage solution,
enabling the use of excess RES during low-demand periods. Following hydrogen storage
prioritization, any remaining excess beyond the technical minimum and storage capacity is
exported to the main grid. This export is limited to a pre-determined value. The export of
surplus electric energy through the interconnector is subject to a pre-established nominal
value. This value is contingent upon either the interconnector’s maximum load capacity or
negotiated power purchase agreements with the relevant electricity provider.
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Finally, if a surplus persists after storage and export, the strategy suggests the addi-
tional option of hydrogen production for sale, primarily targeting the industrial sector up
to the full capacity of the electrolysis system. Any remaining excess production beyond
this point is, thus, rejected by the system. The specified process is summarized in Figure 7:

Figure 7. RES production allocated following the proposed priority.

On an hourly basis, the simulation calculates the hourly RES production. This includes
the RES production recorded for each hour T of the year 2023, CRETE RES[T] (sourced
from HEnEx data) and the additional production from the RES system expansion. The
production from the expansion is determined by multiplying the installed capacities of PV
and WT systems (denoted as PVcap and WTcap) by the normalized output of a photovoltaic
and wind park located in Crete, using Equation (1):

RES[T] = CRETE RES[T] + PVcap×PVnorm + WTcap×WTnorm (1)

Direct RES refers to the renewable energy production that directly meets demand, as
calculated in Figure 8.

Figure 8. Computation of RES production successfully allocated for demand satisfaction.

The determination of the hydrogen storage system’s state of charge is delineated
across two figures: Figure 9, illustrating the charging instances, and Figure 10, depicting
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the discharging instances. The hydrogen system discharges hydrogen to contribute to load
through the fuel cell system until satisfaction or total release. The tank is filled with green
hydrogen produced through electrolysis by an amount attributed to the surplus of RES
energy production or until full capacity.

Figure 9. Hydrogen storage’s state of charge in case of required discharge.
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Figure 10. Hydrogen storage’s state of charge in case of electrolysis process after load satisfaction.

If hydrogen storage is ample, Figure 11 computes the contribution of the fuel cell
system to the hourly demand. The fuel cell system’s priority is higher than the power
plants’, which is so in order to decrease the carbon footprint associated with the emissions
originating from the plants’ fuel consumption. The contribution of the fuel cell system is
countified through the monitoring of the hydrogen tank’s state of charge for each hour.

Figure 12 calculates the amount of surplus energy effectively stored in the hydrogen
tank for each hour.

In order to estimate the current annual CO2 emissions derived from diesel and mazut,
the data were used in [38] and presented in Table 7. Since the data concern the year 2021,
the assumption being made is that the energy mix has not deviated significantly in the
span of 2 years.
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Figure 11. Calculation of hourly fuel cell system’s contribution.

Figure 12. Hourly green hydrogen production through successfully stored electrolysis.

Table 7. Mixed energy sources of Crete in 2021.

Energy Source Technology

RES 24.1%
Interconnection 11.0%

Diesel 17.3%
Mazut 47.6%

Using Table 7, the shares of the two fuels of the total conventional production are
estimated. This is achieved by estimating the efficiency of the two fuels, which is calculated
using Table 8 and [39]. Similarly to Table 7, the contents of Table 8, which concern the year
2020, are assumed to remain relatively the same in 2023.

Table 8. Electricity generation and consumption for the two fuels for the Cretan system in 2020.

Fuel Type Production (MWh) Consumption

Diesel 622,574.2 193,545.6 (klt)
Mazut 1,503,131.8 390,405.8 (m. ton.)

Figure 13 computes the combined hourly contribution of the diesel and Mazut power
plants for each hour of the simulation.

To estimate the annual carbon emissions generated during the simulation, the emission
factors of diesel and Mazut were used ([40,41]) to calculate the annual CO2 production, as
presented in Table 9.
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Figure 13. Power plant system’s total hourly contribution.

Table 9. Emission factors for the two fuels.

Fuel Type Emission Factor (tCO2/MWh)

Diesel 0.306
Mazut 0.279

By referring to Figure 13 and Tables 7 and 9, the annual emissions can be calculated as
the percentage of each fuel’s contribution to the total power plant production multiplied
by their respective emission factor under the assumption of identical fuel participation in
2023. Equation (2) represents this relationship.

Emissions =
8760

∑
i=1

(0.08157 + 0.37988)× TOTAL CONV[i] (2)

The system’s emissions are linearly correlated to the annual energy produced by the
conventional system, which can be decreased down to the total sum of the hourly lower
limit, a crucial aspect to be commented on in the appropriate section.

The calculation of the energy import needed to fulfill the remaining demand is depicted
in Figure 14. To ensure the simulation’s hourly power balance, the imported energy is
equal to the amount needed if all other measures do not suffice. The imports are attributed
with the least priority, opting for their removal after the optimization process.

In contrast to imports, exported energy is constrained by the capacity of the inter-
connection, which imposes an upper limit. The constraint is especially useful in case of
extended renewable energy production, particularly from PV and WT systems, that could
substantially increase during periods of intense sunlight and wind. Such limitation would
turn out to be crucial, as surplus energy can be directed towards hydrogen production or
rejected energy, which cannot be utilized by the system. From a financial perspective, this
may also be advantageous, especially if revenue from selling green hydrogen exceeds that
from exporting electricity via the interconnection, which often fluctuates in price according
to the country’s energy exchange.

The calculation of surplus energy sold to the main grid is illustrated in both Figures 15 and 16.
The algorithm has been divided into two images to improve readability.
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Figure 14. Imports from the Peloponnese–Crete interconnection.

If the electrolyzed energy has not reached its nominal value, the remaining energy is
utilized for hydrogen production intended for industrial purposes, a crucial part of the
business scheme, as it is the main contributor to the system’s financial gain. The quantity is
determined as illustrated in Figure 17.

The calculation of the mass of hydrogen produced (in kilograms) requires the use of
the lower heating value of hydrogen (LHV H2) set at 33.33 kWh/kg. The resultant mass of
hydrogen to be compressed for sale is then determined using Equation (3):

Hydrogenmass[T] =
IND·H2[T]

LHV H2
(3)

Losses are attributed solely to the hydrogen system. Losses associated with electricity
production and transmission from RES and the conventional system are considered negligi-
ble due to their minimal impact on the overall efficiency. Additionally, the transmission
losses through the interconnection are regarded as practically nonexistent, given the high
efficiency involved in the interconnection infrastructure. This assumption simplifies the
analysis by focusing on the most significant source of energy loss, the hydrogen system.

Figure 18 provides a quantification of the losses linked to the operation of the elec-
trolyzer and/or fuel cell system.

The limited hydrogen storage, export capacity of the interconnection, and maximum
hourly capacity of the electrolyzer system imply the possibility of rejection of RES produc-
tion in case of surplus. The annual rejections of the system are considered an important
metric of the design’s efficiency. High rates of rejections imply RES installation that neither
contributes to the island’s electricity demand nor is exported through the interconnection,
therefore failing to contribute financially. Combined with their high cost of installation and
maintenance, they could potentially burden the expenses of the investment needlessly.
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The flowchart in Figure 19 details the methodology used to estimate the system’s
rejected power per operating hour, ensuring power balance for all hours of the simulation:

Figure 15. Power exported to the mainland through the interconnection (1st half).

After computing the hourly values to simulate the system’s operation, the sustainabil-
ity metrics utilized encompass the assessment of capital expenditure and net present value.
This evaluation leverages the prices associated with the necessary components for invest-
ment and consumable costs, as detailed in Table 10. Using as reference [42,43], Table 10
lists inverters necessary for converting DC current generated by PV, WT, and the fuel cell
system into AC current, as well as a compressor for compressing electrolysis-produced
green hydrogen and storing it in suitable hydrogen tanks.
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Table 10. Investment-related costs.

Component/Consumable Price

Hydrogen Price: 3.50 EUR/kg
Hydrogen Tank Cost: 6 EUR/kWh

PV Cost: 600 EUR/kW
WT Cost: 1000 EUR/kW

Electrolyzer Cost: 1500 EUR/kW
Fuel Cell Cost: 1500 EUR/kW

Compressor Cost: 50 EUR/kW
Inverter Cost: 100 EUR/kW
Diesel Price: 2.00 EUR/lt
Mazut price: 595.35 EUR/lt

RES O&M cost rate: 2%
Total O&M cost rate: 5%

Annual Discount Rate: 3%

Figure 16. Power exported to the mainland through the interconnection (2nd half).
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Figure 17. Hydrogen produced and sold for industrial purposes, calculated in energy units.

The interconnection price is determined to be equivalent to the HEnEx Market Clearing
Price (MCP) published in the HEnEx platform for each hour of the year, denoted in
EUR/MWh, to which Crete, like all market participants, is subject.

The expected lifespans of the fuel cell and electrolyzer system are estimated to be
10 years, whereas those of PV and WT are projected to be 20 years. Using Table 10, the NPV
is calculated using Equation (4):

NPV =
t

∑
i=1

Cashflows(i)

(1 + r)i − CAPEX (4)

The CAPEX comprises the costs associated with the PV and WT installation, coupled
with inverters and the hydrogen system, which includes the electrolysis system, fuel cell
system, hydrogen tank, inverter connected to the fuel cell, and compressor.

Cash inflows comprise revenue generated from exported energy, calculated by multi-
plying the exported energy amount by the interconnection price, along with income from
hydrogen sales, determined by multiplying the quantity of hydrogen sold (in metric tons)
by its price. Conversely, cash outflows encompass expenses such as grid import costs,
fuel expenses for conventional system operation, total operational and maintenance costs
of the RES system (estimated as an annual percentage of the installation cost), as well as
operational and maintenance (O&M) costs of the hydrogen system.
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Figure 18. Hourly energy system’s losses attributed to electrolysis or fuel cell use.

Figure 19. Total RES production rejected from the system after each hour.
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The carbon neutrality metrics are calculated through the estimation of carbon emis-
sions produced by energy production, transport and residential heating, and carbon ab-
sorption through the island’s primary cultivation. Along with the system’s emissions,
the island absorbs the carbon emissions at a certain rate through the natural process of
carbon sequestration. According to [44], olive tree is the dominant cultivated tree in Crete,
occupying an area of 142,900 ha. The same reference presents the annual absorption of
CO2 from olive groves and annual emission for heating purposes in residences, while [45]
presents the annual generation of CO2 for transportation within the island’s road grid. The
data are compiled in Table 11.

Table 11. Annual carbon emission and absorption in Crete for 2018.

Source of Emission/Sink Annual Carbon Balance (tCO2)

Existing olive groves in Crete −1,310,393
Use of heating oil for heating buildings in Crete 95,619

Transport 1,030,188

Table 11 outlines the overall emissions attributed to electricity production for achieving
net zero carbon in Crete. In the proposed simulation without hydrogen storage, emissions
are estimated to amount to 920,138.9 tCO2. The objective is to align the emissions from
all three activities (electricity generation, residential heating, and transportation) with the
annual absorption rate from olive groves.

To achieve that goal, an optimization model is formulated, using as the model’s
decision variables the PV installed capacity (PVcap), WT capacity (WTcap) to be installed
in order to increase the annual RES production, the capacity of the electrolyzer system
(ELCAP), and the storage capacity (in energy units) of the hydrogen tank (STCAP), serving
as storage method for the compressed hydrogen gas stemming from electrolysis. The
installed capacity of the fuel cell is selected to be equal to the capacity of the electrolyzer.

The objective is to decrease CO2 emissions from the energy system to match the
disparity between emissions from heating and transportation and carbon absorption.
Consequently, the objective function represents the annual CO2 emissions generated by
electricity production, computed using Equation (2). The constraints encompass the positiv-
ity of decision variables and zero NPV to determine the CAPEX required for the long-term
sustainability of the system. In essence, the optimization problem is structured as follows:

min. Emissions(PVcap, WTcap, ELCAP, STCAP
)

(5)

Subject to the constraints:

PVcap, WTcap, ELCAP, STCAP≥ 0 (6)

NPV = 0 (7)

The emissions of the energy system, determined by Equation (2), rely on the values of
TOTAL CONV[T]. The conditional computation of these values introduces a non-linear
attribute to the objective function.

The simulation is conducted within a specific scenario where the technical lower and
upper limits of total conventional production are set to the minimum and maximum values
observed in the time series depicted in Figure 3. Additionally, the maximum hourly power
import or export through the interconnection is set at 150 MW, and the initial storage of
the tank equals its capacity. The chosen fuel cell technology is the PEM fuel cell, with an
overall efficiency of 60% and electrolysis efficiency of 80%.

3. Results

Prior to commencing the optimization process, the initial solution values are outlined
in Table 12.
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Table 12. Initial solution.

Variable Initial Value

PVcap: 6 MW
WTcap: 7 MW
ELCAP: 5 MW
STCAP: 8 MWh

The implementation of the methodology produces the values of the decision variables
and the system’s metrics, as illustrated in Table 13.

Table 13. Optimal solution and results.

Variable Value

PVcap: 2.13 GW
WTcap: 3.55 GW
ELCAP: 278.83 MW

F.C. CAP.: 278.83 MW
STCAP: 69.20 MWh
CAPEX: 6,516,043,003.31 EUR

NPV: 0.49 EUR
Net carbon emissions: 94,772.22 tCO2

The optimal energy system’s annual emissions are estimated at 279,358.2 tCO2. For
the specific solution, the island’s energy mix is illustrated in Figure 20:

Figure 20. Optimal energy mix of Crete.

The methodology has effectively eradicated imports through the interconnection,
rendering the island self-sufficient. The extensive expansion of RES ensures that the
majority of the load is met through Direct RES production, with conventional sources
minimized to an average hourly contribution equal to 69.1 MW, slightly above their hourly
lower technical limits. The utilization of fuel cells is rare, occurring only for a few hours
annually when RES production proves insufficient due to weather conditions.

On a monthly basis, Figure 21 illustrates the energy mix for the load time series of
2023.

The main contribution stems from Direct RES generation, while total conventional
production operates mostly at its lower technical limit. This implies that additional con-
ventional reduction would necessitate the shutdown of power plants, facilitating further
penetration of RES and leading to a subsequent reduction in CO2 emissions.

The annual RES production is shown in Figure 22 as percentage shares:
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Figure 21. Optimal monthly energy mix for 2023.

Figure 22. Optimal RES allocation for 2023.

In a scenario where RES production is exceptionally high, there is almost zero electrol-
ysis leading to storage (0.05%). Instead, electrolysis serves almost exclusivelyfor conversion
to industrial hydrogen, with the majority of the produced energy being rejected, rendering
the system inefficient. This underscores a mismatch between energy supply and demand,
highlighting the need for achieving the desired goals with means other than the expansion
of the installed capacity of RES to this extent.

On a monthly basis, Figure 23 shows the monthly production, mostly comprised of
rejections of the system.

Figure 23. Optimal monthly RES allocation for 2023.

Despite the substantial profits estimated, the optimized system fails to manage the
surplus energy produced in a financially viable manner, as production significantly exceeds
the island’s total consumption.
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The initial capital expenditure for the optimal solution is presented in Figure 24,
demonstrating the ratio of RES system expenditure to the hydrogen system cost.

Figure 24. Capital expenditure for the RES system’s expansion and hydrogen system’s installation.

The majority of the costs stem from the expansion of RES, primarily due to the high
installed capacities and elevated costs in comparison to the components of the hydrogen
system.

The annual cashflows for the entirety of the investment’s lifespan are presented in
Figure 25, presenting the most impactful contributors to the business model’s operation:

Figure 25. Estimated annual cashflows for 20 years of operation.

In a scenario where the income from hydrogen sales surpasses any maintenance or
consumable costs, assuming an infinite demand for hydrogen mass, the system appears
financially robust. Interestingly, the interconnection plays a negligible role, neither utilized
for imports nor serving as a significant source of income. Throughout each year, inflows
and outflows remain relatively constant, excluding the tenth year when replacement of the
electrolyzer and fuel cell system becomes necessary. Despite the need for replacement, the
overall investment presents a profitable outlook, albeit within a strictly defined context.

4. Discussion

The methodology emphasized the island’s autonomy from the mainland grid and
aimed to optimize specified targets within specific constraints, resulting in independence
from the mainland grid, pursuing, at the same time, sustainability and smooth operation
over the project’s 20-year lifespan. However, the calculated CAPEX relied on assumptions
such as constant MCP values, stable fuel and hydrogen prices, and unlimited demand
for industrial hydrogen. Any deviation or flexibility in these assumptions could result
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in a negative NPV. Moreover, despite the failure to achieve carbon-neutral operation,
the proposed system could only meet one of the three requirements since the estimated
CAPEX exceeds the total funding for projects related to RES and hydrogen systems in
Crete ([46,47]). Therefore, the proposed methodology is infeasible under the specified
conditions. However, the methodology presented in this paper for achieving net zero
carbon emissions in a microgrid transcends the specific case study and offers a versatile
framework applicable to a broader spectrum of microgrid configurations. Its strength lies in
its ability to integrate existing energy sources, like RES, hydrogen, and conventional units,
with a customized fuel mix of various emission factors. The implementation also extends
to future advancements in diversified energy generation and the emerging hydrogen
market. This adaptability acknowledges the dynamic nature of the energy landscape,
where new, environmentally friendly sources are constantly developed. By incorporating
these potential additions, the methodology can be continuously optimized to maintain zero
carbon emissions in microgrids with diverse energy mixes (e.g., biomass and geothermal
energy) and fluctuating fuel prices.

Future research will focus on pursuing the three specified requirements by introducing
a hybrid storage system comprising lithium batteries and green hydrogen storage. This
approach would allow for increased penetration of RES without the high costs associated
with PV and WT installations or significant amounts of rejected energy. This is also
crucial for the investigation of any financial feasibility to map the current market state of
hydrogen supply and demand, as well as current supply routes and methods. Additionally,
a more detailed estimation of carbon absorption on the island would lead to more precise
environmental targets and evaluation metrics. Moreover, carbon capture and storage
(CCS) technologies should be explored as more reliable alternatives to carbon sequestration
for achieving a net-zero carbon footprint on islands, aiming to enhance the logistical
sustainability of the system.

5. Conclusions

This paper examines the feasibility of a standalone energy system for Crete, relying on
hydrogen-based storage infrastructure. The suggested energy system prioritizes consump-
tion coverage through renewable energy production, local fuel cell production using green
hydrogen, and conventional production from locally produced Mazut and diesel power
plants, supplemented by imports via the mainland grid interconnection. Surplus energy
generation is earmarked for storage as green hydrogen is produced through electrolysis,
either for future use or potential sale. The system’s optimal sizing is determined using
financial and environmental metrics, such as NPV and carbon neutrality. Carbon neutrality
is pursued by balancing emissions from transportation, residential heating, and energy
production with absorption through carbon sequestration in olive groves. This study high-
lights the significant research idea of enhancing renewable energy integration in islands,
particularly focusing on Crete, to reduce carbon emissions and fossil fuel consumption.
The research achievement lies in proposing a method to boost the use of renewable energy
sources, contributing to the European goal of achieving carbon neutrality by 2050. The
methodology fails to introduce a feasible sizing for the proposed installation that meets
all objectives. Yet, its high level of replicability justifies the study of the installation under
these conditions. This study underscores the pivotal role of islands in pioneering renewable
energy systems and emphasizes the importance of transitioning towards sustainable energy
solutions to combat climate change effectively.
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Nomenclature

Symbol Description Unit

CAPEX Capital Expenditure EUR
Cashflows(i) Sum of the investment’s total expenses and income in year i EUR
CC Combined Cycle -
CCS Carbon Capture and Storage -
CRETE RES[T] Cretan RES production recorded in hour T MWh
DIRES[T] RES production on load in hour T MW
ELCAP Electrolyzer System’s hourly maximum H2 production MWh
ELECLYS[T] Electrolyzer System’s hourly H2 production in hour T MWh
ELEFF Electrolyzer System’s overall efficiency -
ExpL Maximum hourly energy exported MWh
GRID[T] Total energy imported/exported in hour T MWh
FC[T] Fuel Cell System’s electricity production in hour T MWh
F.C. CAP. Fuel Cell System’s hourly maximum electricity production MWh
F.C. EFF. Fuel Cell System’s overall efficiency -
HEnEx Hellenic Energy Exchange -
HPS Hydropower Pumped Storage -
Hydrogenmass[T] Produced H2 for sale in mass units kg
IND. H2[T] Produced H2 for sale in energy units MWh
LHV Lower Heating Value -
LL Conventional System’s Technical Lower Limit MW
LOAD[T] System’s Demand in hour T MW
LOSSES[T] Hydrogen System’s total losses in hour T MWh
MCP Market Clearing Price -
NPV Net Present Value EUR
PEM Proton Exchange Membrane -
PV Photovoltaic -
PVcap PV system’s installed capacity MW
r Annual Discount Rate -
REJECT[T] RES production’s rejected energy MWh
RES Renewable Energy Sources -
RES[T] RES electricity production in hour T MWh
RES O&M cost Operation and Maintenance cost of RES system EUR
SG Smart Grid -
ST[T] Hydrogen Tank’s State of Charge in hour T MWh
STCAP Hydrogen Tank’s storage capacity MWh
Total O&M cost RES and hydrogen systems’ operation and maintenance cost EUR
TOTCONV[T] Conventional System’s total production in hour T MWh
UPLL Conventional System’s Technical Upper Limit MW
V2G Vehicle to Grid -
WT Wind Turbine -
WTcap Wind turbine system’s total installed capacity MW
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Abstract: The proposed energy harvesting system is based on a rotational pendulum-like electro-
magnetic device. Pendulum energy harvesting systems can be used to generate power for wearable
devices such as smart watches and fitness trackers, by harnessing the energy from the human body
motion. These systems can also be used to power low-energy-consuming sensors and monitoring
devices in industrial settings where consistent ambient vibrations are present, enabling continuous
operation without any need for frequent battery replacements. The pendulum-based energy har-
vester presented in this work was equipped with additional adjustable permanent magnets placed
inside the induction coils, governing the movement of the pendulum. This research pioneers a novel
electromagnetic energy harvester design that offers customizable potential configurations. Such a
design was realized using the 3D printing method for enhanced precision, and analyzed using the
finite element method (FEM). The reduced dynamic model was derived for a real-size device and
FEM-based simulations were carried out to estimate the distribution and interaction of the magnetic
field. Dynamic simulations were performed for the selected magnet configurations of the system.
Power output analyses are presented for systems with and without the additional magnets inside
the coils. The primary outcome of this research demonstrates the importance of optimization of
geometric configuration. Such an optimization was exercised here by strategically choosing the size
and positioning of the magnets, which significantly enhanced energy harvesting performance by
facilitating easier passage of the pendulum through magnetic barriers.

Keywords: vibration energy harvesting; FEM in electromagnetism; pendulum system

1. Introduction

Small- and micro-scale energy harvesting (EH) usually refers to the conversion of am-
bient energy from different sources, including mechanical vibration energy, into electrical
energy, which can be further accumulated or used for powering up devices demanding
low amounts of energy [1,2]. One of the main advantages of such energy harvesting sys-
tems is the capability of onsite energy transduction and power supply for the integrated
operation of small- and microelectronic devices. EH systems can also be used for remote
and inaccessible locations or maintenance-free applications [3,4]. Another advantage is
the improvement in the efficiency of the parent process, which acts as an ambient energy
source, due to recovery of energy which could be otherwise lost [x1]. These energy har-
vesting systems can readily contribute to the current industrial revolution called Industry
4.0 or the internet of things (IoT) [5,6], which demand independent sources of energy for
powering up electronic units and sensors. In general, such EH systems are classified as per
the source of ambient energy, i.e., mechanical vibrations, thermal, solar, wind, radio waves
(RF), fluid motion, etc. (see Figure 1). Many devices have been developed by researchers
based on the abovementioned energy sources. In this research work, we focused on energy
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conversion from ambient mechanical vibrations using a pendulum-like rotating body with
modifications possible in the system’s potential [7].

Figure 1. The energy conversion process in the energy harvesting systems.

It is worth mentioning that energy harvesting systems that are based on ambient
mechanical vibrations are generally divided into electromagnetic [8,9], piezoelectric [10,11],
and electrostatic [12,13] categories. In many scientific articles, they are called vibration en-
ergy harvesters (VEH) [14,15]. VEH systems have gained popularity because they provide
the simplest transduction mechanism and highest efficiency of energy transduction [16,17].
Practical applications of VEH systems span diverse sectors. In the automotive industry,
these systems can capture energy from vehicle vibrations to power tire pressure monitoring
systems or onboard sensors [18]. Similarly, in structural health monitoring, they can be
employed to generate power for sensors embedded in bridges or buildings while facili-
tating continuous monitoring. This eliminates the need for frequent battery replacements
as well [19]. Furthermore, wearable devices [20] can utilize VEH system to extend bat-
tery life or even eliminate the need for batteries altogether, enhancing user convenience
and sustainability.

Being a linear dynamic system, a simple VEH responds well only when excited near
its resonance frequency. This is a major disadvantage because the harvested power from the
device drops when excited at other non-resonant operational frequencies resulting from un-
certain ambient conditions [21]. However, to overcome this problem, many current research
works are focusing on the broadband frequency-response effect to build a flexible system
adjusting to the wider range of operational frequencies [22–24]. Compared to a linear
system, the broadband frequency effect causes a reduction in the mechanical quality factor
(Q-factor). The highest power output obtained under resonant conditions also reduces be-
cause a nonlinear system may exhibit multiple low- and high-amplitude solutions [25–27].
However, as the nonlinear systems exhibit better performance at non-resonant conditions,
overall harvesting efficiency is improved due to the broadband response. Such nonlinear
behavior has been obtained by using nonlinear mechanical and magnetic springs with
softening or hardening effects [28]. Some of the interesting proposals include energy har-
vesters with multi-stable mechanical or magnetic potential [29–32]. A few other approaches
involve active and autonomous tuning of system parameters to sustain the resonance
conditions [33,34].

Until now, many VEH systems have been explored based on their applications, source
of excitation, and transduction methods, with the primary objective of improving efficiency
and broadband response. One of the recent trends is to improve performance by intro-
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ducing different types of nonlinearities into the system. Concurrently, studies to support
experiments with mathematical modeling and numerical simulations are also being un-
dertaken. Numerical simulations using finite element analysis (FEA) show potential for
nonlinear modeling and are capable of revealing the future directions in this field.

2. The Concept of Pendulum-Based Electromagnetic Energy Harvesting Systems

In recent times, energy harvesting systems using rotational movement have been
receiving attention to scavenge energy from the environment [34–37]. Very often, pendu-
lums are used in electromagnetic energy harvesting systems because they allow versatility
in their configuration. Electromagnetic transduction of vibration energy in the standard
magnet–coil generators is based on the electromagnetic induction phenomena. In this,
electromotive force is induced in an induction coil, which cuts the magnetic flux of a core
during its relative displacement. For improving the electromagnetic coupling with the
strongest flux density, permanent magnets made from an alloy of neodymium, iron, and
boron (NdFeB) are most suitable. These magnets are also available in various configu-
rations based on the direction of polarization, shapes, sizes, grades of neodymium, and
thermal resistance.

Historically, many concepts of electromagnetic energy harvesting systems with pen-
dulums have been proposed among the other types of low-frequency energy harvesting
systems based on cantilevers, mechanical springs, magnetic springs, and spiral springs [38].
Electromagnetic pendulum-based harvesters can depict both oscillations and full rotation
of the pendulum depending on the character of excitation. In real applications, a particular
design faces challenges such as sustaining rotational motion under random excitations,
and sizing of the system based on constraints or power supply requirements [39]. In
order to overcome such challenges and optimize the system for a particular application,
several modifications were introduced. These modifications were based on the research
on mechanical couplings [40,41], using sub-harmonic resonance for the broadband power
output [42], and using nonlinearities as an additional source of energy [43].

One of the analysis approaches used to study the dynamics of EH systems is com-
paring the experimental results with the results of mathematical modeling. Simplified
mechanical models based on spring-mass systems have provided fairly good results in
many studies [44–46]. Another approach is using the FEA for analyzing the electromagnetic
interactions in such systems [47–49]. Currently, several commercial FEA software packages
are available for analyzing electromagnetism problems including 2D axis-symmetric prob-
lems and advanced 3D problems. Some of the popular FEA programs are NEC (Numerical
Electromagnetics Code), FEKO (Altair Engineering), COMSOL Multiphysics (COMSOL
Inc.), and Momentum (Keysight EEsof EDA).

Referring to the study on electromagnetic energy harvesters using rotational move-
ment [7], we propose a rotational pendulum concept with an improved approximation.
The originality of this system is the variable potential introduced by the pairs of additional
adjustable magnets whose strength can be changed. The dynamic response of this system,
depending on the system’s configuration, provides full rotation or oscillations of the pendu-
lum, which in turn influences the output power. In our analysis, we studied the magnetic
interactions and the dynamics of a system using the FEA and mathematical models. In our
previous work [7], the effect on performance was analyzed through magnetic interactions
with a simplified FEA model. In this study, the effect of magnet positioning on potential
modulation and on attaining complete rotational response is explored using numerical
simulations. To avoid magnetic interaction with the housing, the system was realized
using the 3D printing technique. The originality of the concept lies in the incorporation of
adjustable additional magnets to modulate the magnetic potential, allowing a customizable
system configuration that improves both pendulum dynamics and output power.

This article is organized in the following way. In the next section (Section 3), the
proposed concept of the rotational VEH system with the pendulum is described. Mathemat-
ical models of the electromagnetic EH system, with inputs from the FEA, are introduced
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and described. Further, details about the experiment and measuring circuit are given.
In Section 4, dynamics of the pendulum caused by different configurations of additional
magnets are discussed and visualized with the results of numerical simulations. Lastly,
Section 5 summarizes and provides conclusions of this analysis.

3. Design and Modeling of an Energy Harvesting System with a Rotational Pendulum

In electromagnetic energy harvesting systems, the voltage is induced in coils according
to Faraday’s law by the changing of the magnetic flux in the coils. In this pendulum-based
electromagnetic EH system, modulation of magnetic potential using the alignment of
additional magnets is proposed. In the analyzed prototype, the adjustable potential is
produced by two symmetrically mounted magnetic pairs (see Figure 2), changing the
character of the system. This EH system was designed entirely with non-magnetic or
weak magnetic materials using 3D printing (ABS—acrylonitrile butadiene styrene), plastic
(nylon), and aluminum; the motivation was to avoid undesirable magnetic interaction with
the system’s other parts. Optionally, external pendulums can also be attached to the system
on its sides to increase the moment of inertia and to overcome potential barriers by full
rotations. The magnetic-electrical circuit consisted of 12 magnetic coils connected in series
and two types of permanent magnets, one in the form of the tip mass mounted at the end
of the pendulum and two pairs of adjustable magnets placed inside the plastic housing
tunnels (Figure 3).

Figure 2. Magnetic interaction in the energy harvester. The additional magnets are movable axially,
which changes the magnetic force between permanent magnets. The maximum distance by which
the additional magnet can be moved axially is x = 13 mm.

A compact EH system was designed here by limiting the system’s dimensions to
10 cm in any direction from the center (see Figure 3a). The design allowed for versatile coil
connections; for example, we connected six coils on a single wall of the system. Within
these coils, we strategically placed four additional adjustable permanent magnets—two on
each side of the system (Figure 3b). These magnets played a crucial role in electromagnetic
induction within the system and influenced the movement of the pendulum by creating a
double potential well.
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(a)  (b)

Figure 3. The physical concept of the electromagnetic energy harvesting system with rotational
pendulum: (a) physical prototype view; (b) the scheme of the system (cross-section view).

Mechanical and electrical properties of this EH system are listed in Table 1. More
information on the technical issues of such EH systems can be found in [49], in which
experiments and the simplified FEA (2D planar) are described. As this study will combine
two-stage modeling, i.e., a 3D FEM electromagnetic model and simulating the mathematical
model using MATLAB (v2022b) software, the actual physical quantities of the system are
specified in Table 1. Mechanical and electrical features were used for preparation of the 3D
model in COMSOL (v5.3) Multiphysics software.

Table 1. Mechanical and electrical properties of the electromagnetic EH system.

Mechanical Part

Mass of the system (g) ~900
Pendulum magnet (mm) � 20 (O.D) × 5 (thick) (cylinder)

Side magnets (mm) � 8 (O.D) × � 6 (I.D) × 3.5 (thick) (ring)
Diameter of rotation (mm) � 66.5

Limiting dimensions
of the system (mm) >100

Electrical Part

Number of coils 12 (connected in series)
Coil induction (mH) 4.545

Number of turns 253
Coil length (mm) 8

Wire type 28 AWG
Resistance (Ω) 30.3

Type of magnets NdFeB 37

3.1. Electromagnetic FEM Model

In comparison to the previous FEA work in [7], the current system was analyzed
in 3D space keeping the existing coil layout and the geometry of the energy harvester
(Figure 4). The motivation behind achieving precise calculation using 3D FEA was to
obtain the information about the magnetic force between magnets during rotation of the
pendulum and its influence on the dynamics of the pendulum with magnet. Once this
was obtained, the magnetic torque vector was utilized in the mathematical model. Such
magnetic interactions strongly affected the dynamics and changed the energetic potential
of the energy harvester [49]. In the finite element (FE) model, the influence of housing
can be neglected as the entire housing is made of non-magnetic materials and there are no
undesirable external magnetic interactions.
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(a) (b) 

  
(c) (d) 

Figure 4. The physical concept of the electromagnetic energy harvesting system with rotational
pendulum modeled in COMSOL Multiphysics. (a) The entire domain considered for the analysis
of magnetic force interaction between pendulum magnet and fixed additional magnet in meshed
state. (b) Enlarged meshed view of the two interacting magnets mentioned above. (c) Meshed
geometry considered for the MBD analysis of the system, and (d) the distribution of the magnetic
field during interactions between the magnets shown in the top planer view of (b) (directly taken
from the COMSOL results report).

The current problem is a typical multi-body dynamics (MBD) problem dealing with
the combination of the dynamics and electromagnetism. Additionally, an electrical circuit
was added to analyze the power output of the system. Moreover, couplings between the
magnet–magnet and magnet–coil pairs were investigated in the form of acting forces and
torques. Thus, the obtained torque vector using FEA was crucial for the analysis of the
pendulum’s dynamics. As the FEA model was linear, the system could be analyzed for one
rotation of the pendulum. Hence, the results were obtained for one rotation per second of
the pendulum.

In order to obtain magnetic force interaction between the pendulum magnet and the
additional fixed magnet using FEA, a stationary model was considered, as shown by a
meshed view in Figure 4a. In this view, the relative size and positions of the magnets
as well as the surrounding air space considered for the magnetic interaction is shown.
The linear position of the pendulum magnet relative to the additional magnet–coil pair
was changed along the x-axis (see Figure 4b), from which the magnet force in terms of
x-, y-, and z-axis components was computed. A detailed description of this procedure is
mentioned in the attached Supplementary Materials to this article. Further, using these
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calculations, resultant magnet forces and torques for magnet–magnet and magnet–coil
pairs were estimated. These force and torque quantities along with the electrical variables
were then considered for the MBD analyses of the system shown Figure 4c. A top view of
Figure 4b showing magnetic flux interaction between the magnets is shown in Figure 4d.
Readers can find the geometric dimensions and other physical variables used for these
FEM simulations in the Supplementary Materials attached with this article.

3.2. Reduced Mathematical Model

In Figure 5, the scheme of the mathematical model for the energy harvester with
terms applied in the equation of motion is presented. Vertical excitation coming from
the shaker initiated the movement of the rotational pendulum around the pivot in the
form of oscillations or full rotations, depending on the applied strength of excitation and
the strength of magnetic interactions in the system. The mentioned terms had significant
influence on the system’s response, which is discussed in the next section. In Table 2, the
values of the terms used in the mathematical model are listed.

 

Figure 5. Variables in the mathematical model are shown in the simplified configuration of the energy
harvester with magnetic pendulum.

Table 2. Parameters used in the mathematical model (see Equation (1)).

Term Value

I [kg-m2] 0.000377
m [kg] 0.0186

g [m/s2] 9.81
h [m] 0.03325
α, β 0 and 1

λ 0.048
h [m] 0.034

ω [rad/s] 15
A [m] 0.2

In comparison with the previously derived mathematical model of the rotational
pendulum [7], additional terms were added, which consider magnet–magnet and magnet–
coil couplings. Relative displacement between the pendulum magnet and permanent
magnet pair in its proximity created strong magnetic interactions in the form of two
opposite potential wells, affecting the acting magnetic forces in the system, as can be
observed in Figure 6a. During the relative displacement between magnets, the peak-to-
peak amplitude of the pendulum’s torque changed drastically, creating a direct influence
on its dynamics. The coupling between the pendulum’s magnet and the coils had a
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periodic response (Figure 6b) in each of the 12 coils, showing a relatively smaller impact
on its dynamics. Thus, the governing equation of motion (Equation (1)) for the pendulum
considering these additional forces can be expressed in the following form:

..
ϕ +

1
I
(c

.
ϕ− αFmc(ϕ)

.
ϕ + mgh sin(ϕ)−βFmm(ϕ)−mω2 Ah sin(ϕ)cos(ωt)) = 0, (1)

where I—moment of inertia of the pendulum, m—mass of pendulum and additional inertial
masses, g—gravitational acceleration, h—distance from center of gravity to pivot axis,
Fmc—torque between magnet–coil couplings obtained with FEA, ω—angular velocity of the
pendulum, A—amplitude of the vertical excitation, Fmm—torque between magnet–magnet
couplings in the system obtained with FEA, c—coefficient of mechanical damping (in the
calculations we assumed c = 0 for simplicity), α, β = 0 or 1—are the coefficients of magnetic
force that are dependent on the distances between magnets and coils. We have neglected
the macroscopic eddy currents in the magnets.

 
(a) (b) 

Figure 6. (a) The torque from magnet–magnet coupling Fmm [Nm] (see Equation (1)) calculated with
the FEM model. (b) The torque from magnet–coil Fmc coupling [Nm] (see Equation (1)) during the
clockwise rotation of the pendulum with a constant rotational velocity (1 revolution per second). The
initial angle in FEM calculations was 0.25π.

The output power of the system in time domain t is calculated using the following
formula (Equation (2)):

P =
1
Rl

1
t

∫ t

0
U2(t)dt = (1− λ)αFmc(ϕ)

.
ϕ

2, (2)

where U is the voltage output estimated on the resistor and λ = Rc/(Rl + Rc) is the coil resis-
tivity part of the electrical circuit (Rc and Rl denote coil and load resistances, respectively).

4. Numerical Simulations

The analysis of the influence of magnetic forces on the dynamics of the rotational
pendulum started with the FEM computations conducted in the COMSOL (v5.3) Software.
In the system, there were two unstable equilibrium points where the axes of moving and
additional magnets coincided. The amplitude and the distribution of the magnetic force
with the angular position of the rotating pendulum depended on the geometry of the
magnets and the distance of their alignment, which were considered in this research. It was
observed in the prior work [7] during experiments that the system’s frame needed excitation
in the specific range of frequencies, i.e., f = 10–15 Hz, in order to obtain a completely
rotational solution of the pendulum to attain the highest voltage/power performance.
Outside the mentioned range of frequencies, the pendulum became stuck at the equilibrium
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point and did not move. Additionally, it was observed that changing the distance between
additional magnets mounted on the sides influenced the potential barrier at the equilibrium
positions. In this work, the proposed model considers the influence of varying magnetic
forces with the alignment distance on the magnetic pendulum. We also focused on solutions
with complete rotation of the pendulum.

In the equation of motion, the magnet–magnet and magnet–coil interactions are
important terms influencing significantly the dynamics of the pendulum. To estimate these
interactions, the 3D model of the energy harvester was meshed for the FEA (Figure 4) and
a series of torques was obtained, which are depicted in Figure 6. The FEA results showed
the influence of the magnet–magnet interaction was significantly stronger than that of
the coil–magnet coupling on the dynamics of the pendulum. Regarding the interactions
between the magnet–magnet in the system (Figure 6a), mutually opposite areas with the
strongest magnetic interactions were found. Such a repulsive configuration of magnets
helps the pendulum to escape from this area if the potential energy is enough to go through
the potential barrier created by the magnetic coupling. This is shown by the red dotted
lines in Figure 7. For comparison, gravitational potential is also shown by black dotted lines
in Figure 7. It had an almost 10 times weaker influence on the pendulum. The magnet–coil
couplings (Figure 6b) had smaller amplitude than the magnet–magnet couplings; however,
their influence on the pendulum was also considered in this study.

Figure 7. The potential energy of the magnetic force interaction was obtained for one revolution of
the pendulum and is shown by the red-dotted line. The potential of the gravity force is shown by a
black-dotted line.

We considered the following distinct configurations of the harvester for revealing
additional details about the dynamics:

(a) System without coils and without magnets, only pendulum with magnet (only gravi-
tational acceleration): α = 0, β = 0.

(b) System with coils and pendulum with magnet (only magnet–coil coupling): α = 0,
β = 1,

(c) System with all magnets and coils.

In Figure 8, the dynamic response of the system is illustrated with the change of
angular position Φ and angular velocity ω for the abovementioned different configurations.
In all considered cases, the transient state can be observed in the beginning of the system’s
operation. The reason for this is that the pendulum must first synchronize with the external
excitation, and then the steady state operation is observed. For energy harvesting studies,
the steady state response is considered from which the highest output voltage/power
is observed. In the first case, the system without additional magnets and without coils
tended to maintain constant rotations after the synchronization of the pendulum and the
vertical excitation. The variations in the angular velocity between positive and negative
values depict the pendulum’s oscillations around the equilibrium point. Further, the
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pendulum was able to pass this equilibrium point after around 50 s. Adding induction coils
(Figure 8b) established the coil–magnet coupling. The pendulum at first started oscillating,
but later when its energy was dissipated by coils, the angular velocity was reduced to
zero. Mounting additional magnets strongly influenced the dynamics of the pendulum,
which can be seen in Figure 8c. The magnetic force was adjusted by adjusting the axial
distance between one of the pair of magnets. Initially, the magnetic potential barrier could
not be passed by the pendulum to perform a full rotation. However, after increasing the
magnetic force, the repulsive force assisted in easier passing of the magnetic barrier and
the pendulum oscillated between the two positions.

 
(a) 

 
(b) 

 
(c) 

Figure 8. Selected solutions of the dynamic system in terms of the instantaneous rotation angle (left
panel—black plots) and angular velocity (right panel—blue plots) of pendulum are shown here.
Solutions for (a) a system without magnets and coils, (b) a system with coils but without additional
magnets, and (c) a system with additional magnets and coils are presented.
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In cases b–c, the voltage in the coils was induced due to the electromagnetic transduc-
tion during the parallel passing of the magnet-pendulum around the vicinity of the coils.
In Figure 9, the power generated by the pendulum’s movement is illustrated. The level of
generated power increased as the magnetic force interaction became stronger. The mean
value of power was estimated by the moving mean algorithm (see Figure 9—black line),
whose value was in the range 0.01–0.02 [W] for case (b). For case (c), the mean harvester
power was around 0.5 [W] because of larger and magnetic force-assisted oscillations.

 
(a) (b) 

Figure 9. Power output plots corresponding to the solutions of cases (a,b) (shown in Figure 8b,c,
respectively) are shown here. Note, there is no power output in the case shown in Figure 8a, because
no electromagnetic transduction occurred in the absence of coils.

The phase portraits of the considered three cases are shown in Figure 10, which illus-
trates the trajectories drawn by the excited pendulum. Excitation of pendulum without any
source of damping caused free rotation under the influence of gravitational potential only
(see Figure 10a). After adding coils into the system, its damping caused small amplitude
oscillations around the central equilibrium point, as shown in Figure 10b. This was caused
by the transduction of energy between the pendulum magnet and coils. Installation of
additional magnets led to inter-well oscillations around the offset equilibrium point, where
magnetic interactions had maximum impact (see Figure 10c). The phase portrait took a
square-based shape and depicted the smaller potential well formed at the specific angular
position. It was observed that, as the strength of magnets increased, it became easier to
pass through the magnetic barrier at the offset pendulum. Figure 10c shows oscillation of
the pendulum between the central and offset equilibrium positions.

 
(a) (b) 

Figure 10. Cont.
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(c) 

Figure 10. Phase portraits of the considered cases (a–c) for the solutions shown in Figure 8a–c.

5. Conclusions

This paper investigates the dynamic response of an electromagnetic energy harvester
with a rotational pendulum with variable magnetic-force interactions. Based on the concept
proposed in [7] with a simplified model, in this work a more rigorous two-stage mathe-
matical model is proposed that includes FEM analysis of magnet–magnet and magnet–coil
couplings. The governing equation of motion is presented, which includes the magnetic
interaction terms from FEA from the first stage. Based on a physically realized model built
using the 3D printing method, physical quantities and terms in the mathematical model
were obtained. In this investigation, three majorly different cases were tested, which were
configurations with and without coils and magnet couplings, and with adjustable magnet
positions. The findings from the constant amplitude excitation experiments highlighted
the significant impact of magnetic force on the pendulum’s traversal through the magnetic
barriers. When larger magnets were employed in a repulsive setup, the pendulum more
easily overcame the initial barrier. Furthermore, as the pendulum exited the magnetic field
of additional magnets, it experienced a substantial acceleration, which contributed to the
increased kinetic energy. This heightened energy level enabled the pendulum to navigate
through the subsequent magnetic barriers more effectively.

The results suggest that optimization of the system should involve strategically ad-
justing the position and strength of repulsive or attractive magnets for a fine tuning of
the potential landscape. By doing so, nonlinearities will dominate the dynamics of the
pendulum and enhance energy harvesting efficiency. Additionally, a comprehensive un-
derstanding of the system’s behavior requires investigations on various initial conditions
and excitation frequencies. Future works involving such analyses will reveal a spectrum
of potential operating regimes, each offering advantages in terms of energy harvesting
capabilities. By delving into these aspects, novel strategies for improving the rotational
pendulum-based energy harvesting systems can be explored, thereby broadening the prac-
tical applications. In our next step, a comprehensive investigation of the model under
different angular and axial positions of the side magnets is to be carried out.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/app14083265/s1, Figure S1: (a) Global mesh model of a stationary
pendulum and magnet-coil pair. (b) Local enlarged mesh view of a stationary pendulum and a
magnet-coil pair. (c) Contours of magnetic flux density [T] at a distance of −27.5 mm along x-axis;
Figure S2: Variation of components of magnet force in x, y, and z axes with the distance between
the magnets along x-axis are shown in (a–c), respectively; Figure S3: Under the application of 1A
current through coil, variation of components of magnet force in x, y, and z axes with the distance
between the magnets along x-axis are shown in (a–c), respectively; Figure S4: (a) Local mesh of a
quasi-dynamic model for a pendulum-magnet and a coil with induced voltage. (b) Induced voltage
in coil for different speeds of the pendulum. (c) Reference characteristics of induced voltage obtained
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after normalizing with speed; Table S1: List of variables used for the FEA simulation of magnetic
force interactions.
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7. Ambrożkiewicz, B.; Litak, G.; Wolszczak, P. Modelling of electromagnetic energy harvester with rotational pendulum using
mechanical vibrations to scavenge electrical energy. Appl. Sci. 2020, 10, 671. [CrossRef]

8. He, J.; Wen, T.; Qian, S.; Zhang, Z.; Tian, Z.; Zhu, J.; Mu, J.; Hou, X.; Geng, W.; Cho, J.; et al. Triboelectric-piezoelectric-
electromagnetic hybrid nanogenerator for high-efficient vibration energy harvesting and self-powered wireless monitoring
system. Nano Energy 2018, 43, 326–339. [CrossRef]

9. Zhang, B.; Zhang, Q.; Wang, W.; Han, J.; Tang, X.; Gu, F.; Ball, A.D. Dynamic modelling and structural optimization of a bistable
electromagnetic vibration energy harvester. Energies 2019, 12, 2410. [CrossRef]

10. Cottone, F.; Vocca, H.; Gammaitoni, L. Nonlinear energy harvesting. Phys. Rev. Lett. 2009, 102, 080601. [CrossRef] [PubMed]
11. Erturk, A.; Inman, D.J. An experimentally validated bimorph cantilever model for piezoelectric energy harvesting from base

excitations. Smart Mater. Struct. 2009, 18, 025009. [CrossRef]
12. Tvedt, L.G.W.; Nguyen, D.S.; Halvorsen, E. Nonlinear behaviour of an electrostatic energy harvester under wide- and narrowband

excitation. J. Microelectromech. Syst. 2010, 19, 305–316. [CrossRef]
13. Zhang, Y.; Wang, T.; Luo, A.; Hu, Y.; Li, X.; Wang, F. Micro electrostatic energy harvester with both broad bandwidth and high

normalized power density. Appl. Energy 2018, 212, 362–371. [CrossRef]
14. Rubes, O.; Brablc, M.; Hadas, Z. Nonlinear vibration energy harvester: Design and oscillating stability analyses. Mech. Syst.

Signal Process. 2019, 125, 170–184. [CrossRef]
15. Aravindan, M.; Ali, S.F. Exploring 1:3 internal resonance for broadband piezoelectric energy harvesting. Mech. Syst. Signal Process.

2021, 153, 107493. [CrossRef]
16. Haroun, A.; Yamada, I.; Warisawa, S. Study of electromagnetic vibration energy harvesting with free/impact motion for low

frequency operation. J. Sound Vib. 2015, 349, 389–402. [CrossRef]
17. Phan, N.P.; Bader, S.; Oelmann, B. Performance of an electromagnetic energy harvester with linear and nonlinear springs under

real vibrations. Sensors 2020, 20, 5456. [CrossRef] [PubMed]
18. Pepe, G.; Dorla, A.; Roveri, N.; Carcaterra, A. Vibration energy harvesting for cars: Semi-active piezo controllers. Arch. Appl.

Mech. 2023, 93, 663–685. [CrossRef]
19. Cahill, P.; Hazra, B.; Karoumi, R.; Mathewson, A.; Pakrashi, V. Vibration energy harvesting based monitoring of an operational

bridge undergoing forced vibration and train passage. Mech. Syst. Signal Process. 2018, 106, 265–283. [CrossRef]

212



Appl. Sci. 2024, 14, 3265

20. Fan, W.; Zhang, C.; Liu, Y.; Wang, S.; Dong, K.; Li, Y.; Wu, F.; Liang, J.; Wang, C.; Zhang, Y. An ultra-thin piezoelectric
nanogenerator with breathable, superhydrophobic, and antibacterial properties for human motion monitoring. Nano Res. 2023,
16, 11612–11620. [CrossRef]

21. Huang, D.; Zhou, S.; Han, Q.; Litak, G. Response analysis of the nonlinear vibration energy harvester with an uncertain parameter.
Proc. Inst. Mech. Eng. Part K J. Multi-Body Dyn. 2020, 234, 393–407. [CrossRef]

22. Malaji, P.V.; Ali, S.F. Broadband energy harvesting with mechanically coupled harvesters. Sens. Actuators A 2017, 255, 1–9.
[CrossRef]

23. Kullah, H.; Najafi, K. Energy Scavenging from Low-Frequency Vibrations by Using Frequency Up-Conversion for Wireless Sensor
Applications. IEEE Sens. J. 2008, 8, 261–268. [CrossRef]

24. Jia, Y. Review of nonlinear vibration energy harvesting: Duffing, bistability, parametric, stochastic and others. J. Intell. Mater. Syst.
Struct. 2020, 31, 921–944. [CrossRef]

25. Giri, A.M.; Ali, S.F.; Arockiarajan, A. Characterizing harmonic and subharmonic solutions of the bi-stable piezoelectric harvester
with a modified harmonic balance approach. Mech. Syst. Signal Process. 2023, 198, 110437. [CrossRef]

26. Ferrari, M.; Ferrari, V.; Guizzetti, M.; Ando, B.; Baglio, S.; Trigona, C. Improved energy harvesting from wideband vibrations by
nonlinear piezoelectric converters. Sens. Actuators A Phys. 2010, 162, 425–431. [CrossRef]

27. Huguet, T.; Badel, A.; Lallart, M. Exploiting bistable oscillator subharmonics for magnified broadband vibration energy harvesting.
Appl. Phys. Lett. 2017, 111, 173905. [CrossRef]

28. Pellegrini, S.P.; Tolou, N.; Schenk, M.; Herder, J.L. Bistable vibration energy harvesters: A review. J. Intell. Mater. Syst. Struct. 2013,
24, 1303–1312. [CrossRef]

29. Giri, A.M.; Ali, S.F.; Arockiarajan, A. Influence of asymmetric potential on multiple solutions of the bi-stable piezoelectric
harvester. Eur. Phys. J. Spec. Top. 2022, 231, 1443–1464. [CrossRef]

30. Dong, L.; Closson, A.B.; Jin, C.; Trase, I.; Chen, Z.; Zhang, J.X.J. Vibration-Energy-Harvesting System: Transduction Mechanics,
Frequency Tuning Techniques and Biomechanical Applications. Adv. Mater. Technol. 2019, 4, 1900177. [CrossRef] [PubMed]

31. Bouhedma, S.; Rao, Y.; Schutz, A.; Yuan, C.; Hu, S.; Lange, F.; Bechtold, T.; Hohfeld, D. System-Level Model and Simulation of a
Frequency-Tunable Vibration Energy Harvester. Micromachines 2020, 11, 91. [CrossRef] [PubMed]

32. Huguet, T.; Lallart, M.; Badel, A. Orbit jump in bistable energy harvesters through buckling level modification. Mech. Syst. Signal
Process. 2019, 128, 202–215. [CrossRef]

33. Lee, S.; Lee, Y.; Dongseob, K.; Yan, Y.; Lin, L.; Lin, Z.H.; Hwang, W.; Wang, Z.L. Triboelectric nanogenerator for harvesting
pendulum oscillation energy. Nano Energy 2013, 2, 1113–1120. [CrossRef]

34. Xu, J.; Tang, J. Multi-directional energy harvesting by piezoelectric cantilever-pendulum with internal resonance. Appl. Phys. Lett.
2015, 107, 213902. [CrossRef]

35. Wu, Y.; Qiu, J.; Shengpeng, Z.; Ji, H.; Chen, Y.; Li, S. A piezoelectric spring pendulum oscillator used for multi-directional and
ultra-low frequency vibration energy harvesting. Appl. Energy 2018, 231, 600–614. [CrossRef]

36. Wang, Y.J.; Chen, C.D.; Sung, C.K. Design of a frequency-adjusting device for harvesting energy from a rotating wheel. Sens.
Actuators A 2010, 159, 196–203. [CrossRef]

37. Naifar, S.; Bradai, S.; Viehweger, C.; Kanoun, O. Survey of electromagnetic and magnetoelectric vibration energy harvesters for
low frequency excitation. Measurement 2017, 106, 251–263. [CrossRef]

38. Yurchenko, D.; Alevras, P. Parametric pendulum based wave energy converter. Mech. Syst. Signal Process. 2018, 99, 504–515.
[CrossRef]

39. Malaji, P.V.; Ali, S.F. Analysis of energy harvesting from multiple pendulums with and without mechanical coupling. Eur. Phys. J.
Spec. Top. 2015, 224, 2823–2838. [CrossRef]

40. Malaji, P.V.; Doddi, S.; Friswell, M.I.; Adhikari, S. Analysis of pendulums coupled by torsional springs for energy harvesting.
MATEC Web Conf. 2018, 211, 05008. [CrossRef]

41. Kuang, Y.; Hide, R.; Zhu, M. Broadband energy harvesting by nonlinear magnetic rolling pendulum with sub-harmonic resonance.
Appl. Energy 2019, 255, 113822. [CrossRef]

42. Dai, X. An vibration energy harvester with broadband and frequency-doubling characteristics based on rotary pendulums. Sens.
Actuators A Phys. 2016, 241, 161–168. [CrossRef]

43. Koszewnik, A. Analytical Modeling and Experimental validation of an energy harvesting system for the smart plate with and
integrated piezo-harvester. Sensors 2019, 19, 812. [CrossRef]

44. Borowiec, M.; Syta, A.; Litak, G. Energy harvesting optimizing with a magnetostrictive cantilever beam system. Int. J. Struct. Stab.
Dyn. 2019, 19, 1941002. [CrossRef]

45. Smilek, J.; Hadas, Z.; Vetiska, J.; Beeby, S. Rolling mass energy harvester for very low frequency of input vibrations. Mech. Syst.
Signal Process. 2019, 125, 215–228. [CrossRef]

46. Toyabur, R.M.; Salauddin, M.; Cho, H.; Park, J.Y. A multimodal hybrid energy harvester based on piezoelectric-electromagnetic
mechanisms for low-frequency ambient vibrations. Energy Convers. Manag. 2018, 168, 454–466. [CrossRef]

47. Li, Z.; Yan, Z.; Luo, J.; Yang, Z. Performance comparison of electromagnetic energy harvesters based on magnet arrays of
alternating polarity and configuration. Energy Convers. Manag. 2019, 179, 132–140. [CrossRef]

213



Appl. Sci. 2024, 14, 3265

48. Cui, X.; Hu, J. An infrasonic vibration energy harvester using pendulum impact. Int. J. Appl. Electromagn. Mech. 2015, 47, 467–474.
[CrossRef]

49. Avila Bernal, A.G.; Linares Garcia, L.E. The modelling of an electromagnetic energy harvester architecture. Appl. Math. Model.
2012, 36, 4728–4741. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

214



Review

Energy Storage in Carbon Fiber-Based Batteries: Trends and
Future Perspectives

Antonio del Bosque 1, Diego Vergara 1,*, Georgios Lampropoulos 2,3,* and Pablo Fernández-Arias 1

1 Technology, Instruction and Design in Engineering and Education Research Group (TiDEE.rg),
Catholic University of Ávila, C/Canteros s/n, 05005 Ávila, Spain; antonio.bosque@ucavila.es (A.d.B.);
pablo.fernandezarias@ucavila.es (P.F.-A.)

2 Department of Applied Informatics, University of Macedonia, 54636 Thessaloniki, Greece
3 Department of Education, University of Nicosia, 2417 Nicosia, Cyprus
* Correspondence: diego.vergara@ucavila.es (D.V.); glampropoulos@uom.edu.gr (G.L.)

Abstract: Carbon fiber-based batteries, integrating energy storage with structural functionality, are
emerging as a key innovation in the transition toward energy sustainability. Offering significant
potential for lighter and more efficient designs, these advanced battery systems are increasingly
gaining ground. Through a bibliometric analysis of scientific literature, the study identifies three
primary research areas: (i) the development of anodes for lithium-ion batteries, tackling challenges
such as dendrite formation and performance degradation; (ii) the creation of new carbon fiber-based
cathodes with coatings of LiFePO4, LiCoO2, or other nanoparticles, alongside efforts to develop cobalt-
free alternatives; and (iii) the advancement of solid electrolytes that achieve a balance between ionic
conductivity and mechanical strength. These advancements position carbon fiber-based batteries
as promising solutions for seamless integration into various structural applications. The analysis
of publication trends, citation patterns, and collaboration networks provides critical insights into
the ongoing technological developments, current research challenges, and emerging trends in this
field. Moreover, the study highlights potential research directions, underscoring the importance of
continuous innovation to fully realize the potential of carbon fiber-based energy storage technologies.

Keywords: batteries; carbon-fiber; structural composites; bibliometric analysis; review

1. Introduction

Nowadays, there is an increasing concern about global sustainability and the growing
energy demand. A significant focus has been placed on reducing CO2 emissions, which are
known to be highly detrimental to human health and the integrity of various ecosystems.
Thus, the development of advanced energy storage technologies has become a critical
area of research [1–3]. Battery systems are now being tailored to meet specific needs: low-
current, long-duration applications like clock circuits; medium-current uses such as mobile
devices; and high-current demands like electric vehicles and drones. In this regard, battery
electric vehicles and drones are now attracting the interest of industry as they significantly
reduce urban air pollution [4,5]. Among the materials being investigated for energy storage
applications, carbon fibre stands out as a particularly promising candidate [6–8].

Carbon fiber, traditionally utilized in the aerospace, automotive, and sports equipment
industries, possesses unique structural characteristics that enable the development of
multifunctional materials. These materials can simultaneously serve as both the structural
component and the energy storage medium [9–11]. As a result, conventional heavy batteries
can be either replaced by or integrated into carbon fiber-based batteries, allowing them to
fulfill both structural and energy storage roles. For instance, they could be incorporated into
the trunk of a car or the fuselage of an airplane, leading to significantly lighter and more
efficient designs [7,12–14]. The ability of carbon fibers to be coated into various forms and
integrated with other active materials further enhances their versatility in battery design.
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The general architecture of carbon fiber-based batteries is illustrated in Figure 1. It
consists of a carbon fiber-reinforced polymer composite, where the carbon fibers serve
as both the anode (negative electrode) and the cathode (positive electrode) [15,16]. A
separate interlayer or fiberglass functions as the separator, ensuring that the electrodes do
not short-circuit [17]. The entire structure is embedded within a solid electrolyte, which
could be a polyelectrolyte, polymer-based electrolyte, or ceramic electrolyte, depending
on the specific design and performance requirements [18,19]. Here, solid electrolytes can
function effectively as separators. These systems leverage the unique properties of solid
electrolytes, which not only facilitate ion transport between the anode and cathode but
also serve as a physical barrier. The dual functionality of solid electrolytes enhances the
overall safety and performance of the battery, making them an attractive option in the
development of advanced energy storage solutions [20].

Figure 1. Schematic representation of the innovative carbon fibre-based battery architecture. The carbon
fibres, integrated into a reinforced polymer composite, serve dual roles as both anode and cathode.

Electrode polarization is a key factor in the performance of carbon fiber-based batteries,
affecting charge/discharge rates, energy efficiency, and lifespan [21,22]. It is influenced by
internal resistance, electrode surface characteristics, and electrolyte composition. In carbon
fiber systems, factors like fiber structure, porosity, and coatings impact ion transfer and
reaction kinetics. Additionally, the choice of electrolyte, especially solid-state or polymer-
based, can alter polarization levels. Mitigating polarization involves optimizing electrode
design and choosing electrolytes that enhance ionic conductivity, leading to more efficient
energy storage and longer battery life. This understanding is crucial for advancing carbon
fiber-based batteries.

The scientific community has been particularly focused on leveraging the high surface
area, tunable porosity, and excellent electrochemical stability of coated carbon fibers to
improve the performance of batteries. One of the most significant advantages of carbon
fiber-based electrodes is their potential to enhance charge/discharge rates, increase en-
ergy density, and extend the lifespan of batteries [23]. Moreover, the inherent flexibility
and durability of carbon fibers open new possibilities for the development of flexible
and wearable energy storage devices, which are increasingly in demand in consumer
electronics and biomedical applications. For this purpose, carbon fibers are activated as
cathodes or coated as anodes/cathodes with LiFePO4 [24–26], LiCoO2 [27,28], MoS2 [29,30],
TiO2 [31,32], metal organic frameworks (MOFs) [33,34], Mxenes [35,36], graphene [8,37] or
carbon nanotubes (CNTs) [9,38,39].

However, despite these advantages, the integration of carbon fiber into battery systems
presents several challenges. Key issues include the optimization of the fiber-matrix interface
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to ensure efficient electron and ion transport, the prevention of degradation mechanisms
that could compromise battery performance, and the scalability of manufacturing processes
for large-scale production. Addressing these challenges requires a deep understanding of
the interplay among the microstructure of carbon fibers, their electrochemical behavior,
and the overall battery architecture.

Various authors have made scientific reviews on structural batteries [40–42] or multi-
functional composites for energy storage [43–46]. However, there are no existing studies
that provide a bibliometric analysis focusing on trends and future perspectives in carbon
fiber-based batteries. Thus, this study aims to provide a detailed bibliometric analysis, trac-
ing the evolution of this research field over the past decade while highlighting key trends,
emerging technologies, and critical challenges. Additionally, it explores the potential of
carbon fiber to revolutionize energy storage by discussing future directions and opportuni-
ties for innovation in this rapidly growing area of research. The insights gained from this
study could pave the way for significant breakthroughs in the design and application of
multifunctional materials in energy storage, ultimately supporting the global transition to
a cleaner and more sustainable energy future.

2. Methods

Due to the nature and breadth of the topic, the Preferred Reporting Items for Sys-
tematic reviews and Meta-Analyses (PRISMA) statement [47] was selected as a suitable
approach to search for and identify relevant documents. Additionally, a bibliometric anal-
ysis and scientific mapping approach was followed to analyze the documents which is
regarded as an appropriate and effective approach to examine such topics based on the
existing literature [48]. Scopus and Web of Science (WoS) were selected as the most suitable
databases due to their containing highly impactful documents and sources related to the
topic, and their ability to generate data that can be used by “Bibliometrix” which was
the tool used to analyze the documents. Specifically, “Bibliometrix” is an open-source R
package developed to aid in the conduct of bibliometric analysis and scientific mapping
studies [49].

The following query was used: (TITLE-ABS-KEY ([“carbon fibre” OR “carbon fibres”])
AND TITLE-ABS-KEY ([“battery” OR “batteries”]) AND TITLE-ABS-KEY ([“energy” OR
“storage”]) AND NOT TITLE-ABS-KEY ([“supercapacitor” OR “supercapacitors” OR “fuel
cell”])). All types of documents were assessed. However, only documents published in
English and during 2013–2023 were considered. The specific duration was selected to
explore the advancement of the field in the last decade. Data from 2024 was not included
as 2024 was still ongoing when this study took place. For a study to be deemed as eligible,
the following inclusion criterion was set: The study should focus on carbon fiber-based
batteries and their use as a means to store energy.

When using the aforementioned query in August 2024, a total of 1014 documents
(Scopus: 940 and WoS: 74) were identified. Out of these documents, 44 were duplicates
and were removed. Hence, 970 documents were assessed for eligibility. After manually
processing the documents, 130 documents were removed. Specifically, 17 documents were
removed as they were proceedings books, 1 was removed because it was a book, 2 were
removed as they were short communications and notes, 1 was removed because it was an
erratum, and 109 documents were removed since they did not meet the inclusion criterion
set. As a result, the document collection examined in this study consisted of 840 documents.
Figure 2 presents the document processing.
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Figure 2. Comprehensive Workflow for Document Processing.

3. Results and Discussion

This section presents the information of the document collection examined and goes
over different aspects of the documents. Specifically, the number of published documents
and the number of citations received are examined, the sources used are explored, and the
authors’ affiliations and countries are looked into. Moreover, the documents are further
analyzed using keywords to identify the trend topics, the conceptual structure map, the
thematic map, and the evolution of the topic.

3.1. Document Collection

The information of the document collection is summarized in Table 1. Specifically,
the document collection consists of 840 documents that were published during the last
decade (2013–2023). The documents were published in 248 different sources and were
written by 2183 authors. Within the document collection, only five documents were
single-authored which further highlights the large number of co-authors per document
(6.49). However, the international co-authorship rate is extremely low (1.43%) as most
collaborations materialized in inter-country settings. Furthermore, the documents of the
collection have an average age of 4.12 years and received 36.81 citations on average. The
relatively high annual growth rate (24.08%) is in line with the increasing interest in the
topic and the need to further explore it. The significant majority of documents were
published in journals and in comparison, a limited number of documents were published
as conference/proceedings papers. Within the documents, 4516 unique keywords plus and
2089 unique author’s keywords were used to characterize and encapsulate the contents
and topic of each document.
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Table 1. Document collection information (2013–2023).

Description Results Description Results

Main information about data Document types
Timespan 2013:2023 article 756

Sources (Journals, Books, etc) 248 book chapter 2
Documents 840 conference/proceedings paper 64

Annual Growth Rate % 24.08 review 18
Document Average Age 4.12 Authors

Average Citations per Document 36.81 Authors 2183
Authors of single-authored docs 4

Document contents Authors collaboration
Keywords Plus (ID) 4516 Single-authored docs 5

Author’s Keywords (DE) 2089 Co-Authors per Doc 6.49
International co-authorships % 1.43

3.2. Annual Published Documents and Citations

When taking into account the high annual growth rate (24.08%) and the average docu-
ment age (4.12) during the 2013–2023 time period as well as the fact that most documents
were published in the last five years (2019–2023) (freq. = 597 and perc. = 71.1%), the
significance and recency of the topic become evident. Moreover, it is worth mentioning
that a significant portion of the documents were published in the last two years (2022–2023)
(freq. = 291 and perc. = 34.6%) which indicates the high interest in this topic which is
expected to further increase in the future. Therefore, it comes with no surprise that most
documents were published in 2023 (17.5%), followed closely by those published in 2022
(17.1%) which is a significant increase compared to the documents published in 2014
(1.9%) and 2013 (2.0%) respectively. The annual scientific production of the document
collection examined is presented in Figure 3. However, when taking into account the
mean total citations per document, it becomes evident that the documents published in
2013 (MeanTCperDoc = 109.47) and 2014 (MeanTCperDoc = 95.31) laid the foundations
for this field of study to mature and further advance. Other impactful years were 2018
(MeanTCperDoc = 68.18) and 2016 (MeanTCperDoc = 60.89). However, it should be noted
that the total number of documents published in each year and the citable years strongly
influence these outcomes. Hence, it is expected that these results will change in the future.
To provide a more in-depth look into the most impactful documents, the documents are
further examined in document analysis section. The annual scientific production and
citations are presented in detail in Table 2.

Figure 3. Annual published documents (2013–2023).
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Table 2. Annual scientific production and citations (2013–2023).

Year MeanTCperDoc N MeanTCperYear CitableYears

2013 109.47 17 9.12 12
2014 95.31 16 8.66 11
2015 33.08 25 3.31 10
2016 60.89 36 6.77 9
2017 50.92 66 6.36 8
2018 68.18 83 9.74 7
2019 54.25 89 9.04 6
2020 40.95 111 8.19 5
2021 24.4 106 6.1 4
2022 16.73 144 5.58 3
2023 7.69 147 3.85 2

3.3. Sources

Of the 840 documents examined, the vast majority were published as journal articles
(90.0%). To a significantly less extent, documents were published as conference/proceedings
paper (7.6%) and review articles (2.1%). Only two documents (0.2%) were published as
book chapters. Additionally, “ACS Applied Materials & Interfaces” (h-index: 25 and total
citations: 2208), “Journal of Materials Chemistry A” (h-index: 23 and total citations: 1810),
“Electrochimica Acta” (h-index: 22 and total citations: 1874), “Journal of Power Sources”
(h-index: 21 and total citations: 1406), and “Electrochimica Acta” (h-index: 19 and total cita-
tions: 997) emerged as the top-5 sources when considering the h-index and total citations
received. The detailed list of the most impactful sources is depicted in Table 3.

Table 3. Most impactful sources based on h-index and total citations.

Sources h-Index g-Index m-Index TC NP PY_Start

ACS Applied Materials & Interfaces 25 44 2.083 2208 44 2013
Journal of Materials Chemistry A 23 30 1.917 1810 30 2013

Electrochimica Acta 22 26 2.75 1874 26 2017
Journal of Power Sources 21 27 1.909 1406 27 2014

Chemical Engineering Journal 17 29 2.125 997 29 2017
Small 15 19 1.875 1012 19 2017

Advanced Functional Materials 14 15 1.273 1381 15 2014
Carbon 14 19 1.167 705 19 2013

Nano Energy 14 15 1.167 1480 15 2013

Using Bradford’s law, the sources were further examined. The documents were further
analyzed using clustering by coupling. Specifically, documents were set as the analysis
unit, references were used as the coupling measurement and citation score was used as
the impact measure. Moreover, the clustering algorithm used was Walktrap, the number
of units were set to 250, and the min cluster frequency was set to 5 which are the default
values suggested by the tool used in this study. Specifically, the sources were grouped into
three clusters. Cluster 1 has the most impactful sources, followed by cluster 2 and cluster 3.
Based on the outcomes, cluster 1 had 11 (4.4%) sources, cluster 2 had 42 (16.9%) sources, and
cluster 3 had 195 (78.6%) sources. Moreover, cluster 1 had a total of 292 (34.8%) published
documents, cluster 2 had 274 (32.6%) published documents, and cluster 3 also had 274
(32.6%) published documents. Table 4 presents the top-10 sources according to Bradford’s
law. Out of all sources, “ACS Applied Materials & Interfaces”, “Electrochimica Acta”,
“Journal of Materials Chemistry A”, “Chemical Engineering Journal”, and “Journal of
Alloys and Compounds” arose as the top-5 most impactful ones following Bradford’s law.

220



Appl. Sci. 2024, 14, 10034

Table 4. Most impactful sources based on Bradford’s law.

Source Rank Freq cumFreq Cluster

ACS Applied Materials & Interfaces 1 44 44 Cluster 1
Electrochimica Acta 2 35 79 Cluster 1

Journal of Materials Chemistry A 3 30 109 Cluster 1
Chemical Engineering Journal 4 29 138 Cluster 1

Journal of Alloys and Compounds 5 28 166 Cluster 1
Journal of Power Sources 6 27 193 Cluster 1
Energy Storage Materials 7 26 219 Cluster 1

ACS Applied Energy Materials Journal 8 19 238 Cluster 1
Carbon 9 19 257 Cluster 1
Small 10 19 276 Cluster 1

Composites Science and Technology 11 16 292 Cluster 1

3.4. Affiliations

The top-10 affiliation based on the number of published documents is presented in
Figure 4. More specifically, KTH Royal Institute of Technology (Sweden) (52 documents),
Central South University (China) (45 documents), Hunan University (China) (44 doc-
uments), Chalmers University of Technology (Sweden) (33 documents), and Zhejiang
University (China) (32 documents) arose as the top-5 affiliations that have contributed the
largest number of documents to this topic. The affiliation collaboration network (Figure 5)
highlights the high number of intra-country collaborations (SCP) and simultaneously, the
lack of inter-country collaborations (MCP) as it becomes more evident when analyzing the
country specific information in the next section.

Figure 4. Top affiliations based on the number of documents published.
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Figure 5. Global collaboration network among affiliations.

3.5. Countries

The documents of the document collection examined were written by 2183 authors
from 32 countries. For each document, the country of the corresponding author was used.
In the case that there was no corresponding author indicated in the document, the country
of the first author was used. The top-10 countries according to the number of documents
published are presented in Table 5. Based on the results, China (517 documents), the
United States (70 documents), Sweden (52 documents), South Korea (37 documents), and
Australia (31 documents) emerged as the top-5 countries that have contributed the largest
number of relevant to the topic documents. When examining the SCP and MCP, once
again, China (SCP = 515), the United States (SCP = 70), Sweden (SCP = 51), South Korea
(SCP = 37), and Australia (SCP = 29) were the countries with the highest number of intra-
country collaborations. When considering the low levels of inter-country collaborations
and taking into account the extremely low rate of international collaborations (1.43%), the
drastic need for more international collaboration to materialize to advance this field of
study becomes evident. This fact becomes more obvious when examining the country
collaboration network (Figure 6) and collaboration map (Figure 7) in which the limited
number of international collaborations can be seen.

Table 5. Countries that published the most over time.

Country Articles SCP MCP Freq MCP_Ratio

China 517 515 2 0.615 0.004
United States 70 70 0 0.083 0

Sweden 52 51 1 0.062 0.019
South Korea 37 37 0 0.044 0

Australia 31 29 2 0.037 0.065
India 19 19 0 0.023 0

Germany 18 17 1 0.021 0.056
Hong Kong 14 14 0 0.017 0
Singapore 12 12 0 0.014 0

Japan 10 10 0 0.012 0

Furthermore, Table 6 presents the top countries based on the total citations received.
According to the findings, China (20,033 citations), the United States (2963 citations),
Sweden (1694 citations), Australia (1408 citations), and South Korea (934 citations) were
the top-5 countries that have received the most citations. Among the top-10 countries in
terms of total citations received presented in Table 7, Georgia (ACR = 90), Czech Republic
(ACR = 88), Singapore (ACR = 74.8), Hong Kong (ACR = 55.6), and Australia (ACR = 45.4)
were the countries with the largest number of ACR per document.
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Figure 6. Country collaboration network.

Figure 7. Country collaboration map.

Table 6. Countries that received the most citations.

Country TC Average Document Citations

China 20,033 38.7
United States 2963 42.3

Sweden 1694 32.6
Australia 1408 45.4

South Korea 934 25.2
Singapore 897 74.8

Hong Kong 779 55.6
Germany 396 22

India 376 19.8
Georgia 270 90

The number of total citations received was also examined to identify the most impact-
ful countries in terms of the total number of citations the documents written by authors
affiliated with an institute in this specific country received. Particularly, the United States
(1752 total citations), Australia (1124 total citations), Israel (705 total citations), and China
(572 total citations) were the top-4 countries which received the most citations. The list
of the top-10 countries in terms of the total citations received is presented in Table 6. Ad-
ditionally, when looking at the average article citations for each country, the documents
written by authors in Israel received a significantly higher number of average citations
per document (352.5). Documents coming from Australia (62.4) and Denmark (43.2) also
showcased a high level of average citations received (ACR) per document.
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Table 7. Countries that with the highest average citations received per document.

Country TC Average Document Citations

Georgia 270 90
Czech Republic 88 88

Singapore 897 74.8
Hong Kong 779 55.6

Australia 1408 45.4
United States 2963 42.3

China 20,033 38.7
Switzerland 37 37

Turkey 37 37
Thailand 173 34.6

3.6. Document Analysis

Table 8 presents the most impactful documents based on the global citations they
have received. Based on the results, the studies of R. Zhang et al. (2018), Zhu et al. (2013),
Fu et al. (2014), W. Zhang et al. (2018), and Zhong et al. (2018) emerged as the top-5 most
impactful ones. Taking these outcomes into account, it can be inferred that the focus is
on developing high-performance, durable electrochemical anodes by exploring various
coatings on carbon fiber that incorporate nanoparticles and lithium. This is because the
practical use of non-coated lithium metal anodes has been limited by challenges such as
low cycling efficiency, short lifespan, and safety concerns.

Table 8. Most impactful documents based on the total number of citations received.

Document Total Citations Total Citations per Year Normalized Total Citations

R. Zhang et al. (2018) [50] 622 88.86 9.12
Zhu et al. (2013) [51] 598 49.83 5.46
Fu et al. (2014) [52] 536 48.73 5.62

W. Zhang et al. (2018) [53] 462 66 6.78
Zhong et al. (2018) [54] 360 51.43 5.28

Liu et al. (2017) [55] 331 41.38 6.5
Pan et al. (2017) [56] 317 39.63 6.22
Shi et al. (2019) [57] 300 50 5.53

Wang et al. (2013) [58] 295 24.58 2.69
Huang et al. (2020) [59] 266 53.2 6.49

To better understand the scope and breadth of the topic and how it has been shaped
throughout the years, keywords plus were used to further analyze the documents. Specifi-
cally, keywords plus result in more accurate and representative outcomes when compared
to author’s keywords (Zhang et al., 2016) and therefore, have been used in the analysis.
Among the keywords plus used, “carbon fibers” (n = 560), “anodes” (n = 317), “lithium-ion
batteries” (n = 288), “electrodes” (n = 179), and “lithium compounds” (n = 177) emerged
as the top-5 most commonly used. Figure 8 summarizes the top-10 most frequently used
keywords plus.

Based on the outcomes, the scientific community has focused on three main areas.
Firstly, the most investigated is the development of anodes for lithium-ion batteries, as
this area faces high global demand and presents greater challenges compared to cathodes.
Anodes are subject to issues such as dendrite formation during charging [60], significant
volume changes of lithium during charge and discharge, leading to crack formation [61],
and potential side reactions with the electrolyte, which generate products that can degrade
battery performance and reduce capacity [62]. Secondly, the development of a new gener-
ation of carbon fiber-based cathodes involves activating them with coatings of LiFePO4,
LiCoO2, or their derivatives. Additionally, recent efforts have focused on developing
cobalt-free cathodes due to the high cost and difficulty of extraction. These cobalt-free
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alternatives offer more sustainable solutions for large-scale production while maintaining
comparable performance metrics [63,64]. The final area of focus is the development of
solid electrolytes, which must simultaneously achieve high ionic conductivity and elevated
mechanical properties to guarantee the multifunctionality of the composite. However, it
has been demonstrated that these two properties are often in conflict [18,65].

Figure 8. Most frequent keywords plus.

The keyword co-occurrence network presented in Figure 9 revealed three main areas.
Specifically, the central and most prominent cluster is focused on ‘carbon fibers’, which
is heavily linked to “lithium-ion batteries” and “anodes”. This central cluster indicates
a strong relationship between these terms within the research or context provided. Sur-
rounding this main cluster are two other significant areas: one that includes terms like
“vanadium”, “flow batteries”, and “energy storage” suggesting a focus on alternative
battery technologies and energy storage solutions. Here, vanadium-based energy storage,
particularly in vanadium redox flow batteries, has shown promise for large-scale applica-
tions due to its high energy capacity and long cycle life. Flow batteries, in general, provide
a scalable solution for renewable energy integration, as they allow for independent scaling
of power and energy capacities, making them ideal for grid-level storage. The other area
includes terms such as “solid electrolytes”, “redox reactions”, and “electrochemical perfor-
mance”, pointing towards research in advanced battery materials and their performance.
Figure 10 presents the relationships among the top countries, keywords, and sources.

Figure 9. Keywords plus co-occurrence network.
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Figure 10. Countries, keywords, and sources relationship.

Furthermore, Figure 11 displays the most popular topics and their progression over
the years based on keywords plus. According to the outcomes, the current focus in the
development of carbon fiber-based batteries is on creating low-cost batteries utilizing
sodium ions, with an optimized structural design. Moreover, we can see the importance of
scanning electron microscopy in the development of these devices, as it is a critical machine
to master their operation and optimization.

Figure 11. Trend topics based on keywords plus.

When examining the conceptual structure map of the topic, four main dimensions
arose as it can be seen in Figure 12. According to the results, the dimensions were related to:
(i) carbon fibers, anodes, and lithium, (ii) carbon fibers, anodes, and metal ions, (iii) carbon
fibers, lithium-ion batteries, and anodes, and (iv) carbon fibers, lithium-ion batteries, and
electrodes. Based on the dimensions that emerged, it can be inferred that carbon fibers
play a central role in the development of advanced battery technologies. The repeated
association of carbon fibers with anodes, lithium, and lithium-ion batteries highlights their
importance in enhancing the performance and efficiency of these components. Additionally,
the inclusion of metal ions and electrodes in the dimensions suggests a focus on optimiz-
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ing the materials and structures used in batteries to improve their overall functionality
and longevity.

Figure 12. Conceptual structure map.

The thematic map of the topic which is displayed in Figure 13 presents the six themes
that emerged. The themes are separated into basic themes, emerging or declining themes,
niche themes, and motor themes. Two basic themes arose that were related to: (i) lithium
compounds, electrodes, and lithium and (ii) electrochemical electrodes, redox reactions,
and cyclic voltammetry. One emerging or declining theme arose which was associated with
(i) energy efficiency, flow batteries, and vanadium. Two niche themes were identified that
were related to (i) structural batteries, multifunctional composites, and polyelectrolytes
and (ii) zinc, oxygen, and electrolytic reduction. The motor theme that arose was associated
with (i) carbon fibers, anodes, and lithium-ion batteries. Based on these outcomes, it can be
noted that the development of carbon fiber-based batteries is a central focus, particularly
in enhancing the performance and efficiency of lithium-ion batteries. The emphasis on
electrochemical electrodes and redox reactions highlights the importance of understand-
ing and optimizing the fundamental processes within these batteries. Additionally, the
exploration of structural batteries and multifunctional composites indicates a trend toward
integrating multiple functionalities into battery materials –structural and energy storage
functions especially–leading to more versatile and efficient energy storage solutions.

The thematic evolution of the topic is presented in Figure 14 in five time periods. The
first time period (2013–2015) reveals that the focus was primarily on “anode”, “carbon
fibres”, “energy storage”, and “mechanical properties”. These themes indicate an early
emphasis on understanding and improving the fundamental components and properties
of energy storage systems. As we move to the second time period (2016–2017), the themes
evolve to include “cathodes”, “carbon fibres” and “energy efficiency”, reflecting a shift
towards optimizing both the anode and cathode materials and improving the overall effi-
ciency of energy storage devices. In the third time period (2018–2019), the focus expands
to “carbon fibres”, “anodes”, and “composite materials” suggesting advancements in inte-
grating carbon fibres into composite materials to enhance the performance and durability
of batteries. The fourth time period (2020–2021) shows a continued emphasis on “carbon
fibres”, “anodes”, and “energy storage” indicating ongoing research into improving these
critical components. Additionally, “structural batteries” and “carbon nanofibers” emerge as
significant themes, highlighting innovations in battery design and materials. Finally, in the
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fifth time period (2022–2023), the themes include “carbon fibres,” “anodes”, and “lithium-
ion batteries,” demonstrating a mature focus on integrating carbon fibres into lithium-ion
batteries to enhance their performance. The emergence of “energy efficiency” and “struc-
tural batteries” as consistent themes throughout the periods underscores the importance of
these areas in the ongoing development of advanced energy storage solutions.

Figure 13. Thematic map of the topic.

Figure 14. Thematic evolution of the topic.

Considering the bibliometric analyses of the paper, Figure 15 presents key trends and
future perspectives in energy storage technologies based on carbon fiber-based batteries.
The bibliometric analysis highlights three primary areas: the development of carbon
fiber-based anodes for lithium-ion batteries, advancements in next-generation carbon
fiber-based cathodes, and progress in solid electrolytes. Each domain faces significant
challenges, such as dendrite formation and volume expansion in anodes, as well as the
urgent need for cobalt-free alternatives in cathodes due to the high costs and extraction
difficulties associated with cobalt. Efforts in solid electrolytes focus on balancing high
ionic conductivity with strong mechanical properties to ensure the multifunctionality
of these composite materials. Moreover, gel-based electrolytes, due to their semi-solid
nature, help to reduce electrode polarization and maintain stable performance under
high charge/discharge rates, making them highly suitable for demanding energy storage
applications. Additionally, the geographical distribution of research contributions, with
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leading countries showing high citation impacts, although international collaboration
remains limited. This suggests that while some nations dominate high-impact research,
global collaboration needs to be strengthened to accelerate progress in this field.

Figure 15. Key trends and future perspectives in energy storage technologies based on carbon
fi-ber-based batteries.

4. Conclusions

Carbon fiber-based batteries are poised to play a transformative role in the pursuit of
more sustainable energy solutions. Their unique ability to merge structural functionality
with energy storage not only offers significant weight reduction and efficiency gains but
also opens up new avenues for innovation across various industries. By integrating carbon
fibers into battery systems, particularly as anodes, many of the critical challenges in battery
performance can be addressed more effectively.

Recent research has primarily focused on three main areas within the development
of carbon fiber-based batteries. The most investigated area is the development of anodes
for lithium-ion batteries, driven by the high global demand and the significant challenges
these anodes present, such as dendrite formation during charging, significant volume
changes leading to crack formation, and side reactions with the electrolyte that can degrade
battery performance.

Analysis of the research contributions reveals that China, the United States, Sweden,
South Korea, and Australia are leading countries in this field, with China significantly
ahead in both publication volume and intra-country collaborations. Despite this fact,
international collaboration remains limited, underscoring the need for increased global
cooperation. Notably, countries such as Israel, Australia, and Denmark exhibit higher
citation impacts, reflecting the high quality and influence of their research.

Carbon fiber-based batteries are still in a developmental stage, with substantial re-
search needed to realize their full potential. Future research directions should prioritize
optimizing fiber-matrix interfaces to enhance electron and ion transport, scaling manufac-
turing processes for broader application, and developing standardized protocols to ensure
consistency and reliability. Increased international collaboration will be vital in accelerating
technological progress and addressing existing challenges. As the field matures, carbon
fiber-based batteries hold significant promise for advancing sustainable energy systems
and contributing to a decarbonized future.
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