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battery degradation, lifetime, and total cost of ownership in the context of electrified short-
haul ferry systems. The results of the work and the associated documentation are presented in
this report.
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Abstract

The electrification of short-haul ferry services is receiving growing attention as a way to reduce
emissions and operating costs. However, battery systems remain one of the most technically
and economically critical components of fully electric marine propulsion, as their limited
lifetime, high capital cost, and degradation behavior strongly influence the feasibility of
electrification. This thesis presents a simulation-based framework for evaluating battery
degradation, lifetime, and total cost of ownership (TCO) in the context of short-haul fully
electric ferries, applied to a representative baseline case derived from the Esbjerg-Fane ferry
route in Denmark. The framework integrates four components: a synthetic vessel power profile
generator, an energy-based battery performance model, a semi-empirical degradation model
accounting for both cycle and calendar aging, and a technical-economic cost model. A
parametric sensitivity analysis is conducted over a 10-year evaluation period to investigate the
influence of battery sizing, trip frequency, propulsion power demand, and adverse weather
exposure on battery State of Health, replacement requirements, and TCO. The baseline
configuration - a 1107 kWh battery operating on a 15-trip-per-day schedule - reaches end-of-
life (80% SoH) after 6.5 years, requiring one battery replacement within the 10-year window.
Under the assumed parameters, none of the investigated electrification scenarios reaches
financial break-even with the diesel-electric reference within the evaluation period. The
baseline electric TCO of 3.28 M€ exceeds the diesel TCO of 2.48 M€ by 0.8 M€ after 10 years.
The sensitivity analysis reveals that operational utilization is the most influential factor:
increasing daily trip frequency by 40% (from 15 to 21 trips/day) reduces the TCO gap by 31%,
while a 40% reduction in trip frequency widens it by 81%. Battery oversizing produces
diminishing lifetime returns: a 40% capacity increase extends lifetime by only 32%, from 6.5
to 8.6 years due to the time-independent nature of calendar aging. Adverse weather exposure
has a marginal effect, with a 51% increase in adverse weather days reducing battery lifetime by
only 1.5% and changing the 10-year TCO difference by less than 4%. All investigated
electrified configurations enable near carbon-neutral operation when charged from renewable
sources, consistent with EU maritime decarbonization targets. The proposed framework offers
a transparent and adaptable tool for supporting early-stage decision-making in ferry
electrification projects.



List of Abbreviations

BESS Battery Energy Storage System
BMS Battery Management System
CAGR Compound Annual Growth Rate
CAPEX Capital Expenditure

DoD Depth of Discharge

EFC Equivalent Full Cycle

EoL End of Life

GHG Greenhouse Gas

HVAC Heating, Ventilation, and Air Conditioning
LCC Life Cycle Cost

LFP Lithium Iron Phosphate

MCR Maximum Continuous Rating
NOx Nitrogen Oxides

OPEX Operational Expenditure
RO-PAX Roll-On/Roll-Off Passenger Vessel
RO-RO Roll-On/Roll-Off

SEI Solid Electrolyte Interphase
SFOC Specific Fuel Oil Consumption
SoC State of Charge

SoE State of Energy

SoH State of Health

TCO Total Cost of Ownership




List of Units

Unit Quantity
kW Power
MW Power
kWh Energy
MWh Energy
g/kWh Specific fuel consumption (mass-based)
1/kWh Specific fuel consumption (volume-based)
I/h Volumetric fuel flow rate
DKK Currency
EUR /€ Currency
EUR/kWh Electricity price or Battery price
EUR/liter Fuel price
EUR/MW Charging infrastructure cost
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1. Introduction

1.1 Background and Motivation

Short-haul ferry transportation refers to ferry services characterized primarily by their
operational profile rather than a strict distance-based definition. Although no universally
accepted threshold exists, the literature shows broad agreement on several defining
characteristics. Such routes typically cover distances ranging from a few kilometers up to
approximately 50 kilometers, and are associated with relatively short trip durations, generally
below 1-2 hours. These services commonly operate on fixed point-to-point routes with high
frequency and short turnaround times. These ferries are typically capable of transporting both
cars and passengers together, therefore often referred to as roll-on/roll-off passenger vessels
(RO-PAX) and they often form an integral part of a public transportation network.

Short-haul ferry transportation traditionally relies on diesel-powered propulsion systems due
to their high energy density, operational flexibility, and well-understood limitations. In
heavy-duty marine operations, diesel-electric architectures are typically used, in which
mechanical propulsion is produced through diesel engines, generators, and electric motors.
While diesel-powered ferries represent a mature technology requiring minimal shore-side
infrastructure, the use of fossil fuels results in substantial emissions of greenhouse gases
(GHG), nitrogen oxides (NOx), particulate matter, and noise [1]. Although short-haul
domestic passenger and vehicle transportation accounts for only about 13% of total GHG
emissions from global shipping [2] [3] the impacts are particularly significant because such
vessels operate in close proximity to ports, fjords, and densely populated coastal and urban
areas, where emissions and noise directly affect surrounding communities and the
environment. A report by the NGO Transport & Environment (T&E) estimates that

CO; emissions from ferries in European ports are equivalent to the emission of approximately
6.6 million cars [4].

In addition to environmental impacts, diesel operation introduces economic disadvantages in
the form of generally high fuel prices with unpredictable fluctuations and the high maintenance
requirements of internal combustion engines. Furthermore, diesel engines operate with peak
efficiency at around 80% of their rated maximum load capacity. Ferry routes however are
repetitive and include frequent acceleration, deceleration, and maneuvering phases causing
large variations in propulsion demand, pushing diesel engines away from their optimal
operating points. As a result, the already limited thermodynamic efficiency of marine diesel
generator-sets, which is typically around 40%, is further reduced in real-world operation.
Electric drivetrains however achieve approximately 86% efficiency including battery,
converter, and transformer losses, and maintain high efficiency over a much broader operating
range [5].

As aresult, electrified propulsion systems are becoming more attractive solutions that can better
match transient power demand while reducing emissions and operating costs. Electric and
hybrid-electric propulsion systems offer not only reduced emissions and improved energy
efficiency, but also the potential for significant long-term cost savings. In many cases,
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electricity can be cheaper and more price-stable than marine diesel, and it may be sourced
locally from renewable sources, further reducing operating costs and dependency on fossil fuel
supply chains. This transition is also reflected in market trends. According to HTF Market
Intelligence [6] the global electric ferry market was valued at USD 2.29 billion in 2024 and it
is projected to grow to USD 21.94 billion by 2033, corresponding to a Compound Annual
Growth Rate (CAGR) of 13.7% as shown in Figure 1.

Global Electric Ferry Market Overview
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Figure 1: Global electric ferry market overview

Recent advances in lithium-ion battery technology have accelerated the adoption of battery-
based energy storage systems in marine applications. Batteries enable zero-emission operation
during voyages and near ports, reduce noise levels, and enable the integration of renewable
energy sources through shore charging. Consequently, fully electric ferries and hybrid
configurations combining batteries with diesel generators or fuel cells have received substantial
attention in both industry and academia [7], [8], [9].

According to a 2026 report by T&E 52% of existing ferries in Europe could be electrified by
2035 and for 20%, this switch could be a financially reasonable choice already in 2025 [10] as
illustrated in Figure 2.



Electrification Potential of Ferries
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Figure 2: Electrification potential of ferries in Europe

However, despite declining battery prices, battery systems remain one of the most expensive
and life-limiting components of electric marine propulsion systems.

With current battery technology, high-capacity Li-ion battery systems designed for marine
applications typically have a lifetime of 7 to 12 years, which is still considerably shorter than
the 30-50 year operational life of vessel hulls and other major components [11]. Therefore, their
sizing, operation, and degradation behavior play a critical role in determining the economic
viability of electric ferries.

A key challenge in the design and operation of battery-powered ferries is the strong correlation
between battery size, charging strategy, operational profile, and battery lifetime. There is a
fundamental trade-off between battery lifetime, operational flexibility, and Total Cost of
Ownership (TCO), which must be evaluated during the early design and planning stages of such
systems. For informed decision-making, it is essential to understand how these key parameters
interact and influence battery degradation, system performance, and economic outcomes. This
work aims to quantify and analyze these relationships in the context of short-haul electric ferries
by applying battery performance and degradation models while simulating realistic ferry
operation profiles.

1.2 State of the Art

As short-haul ferry operations transition toward hybrid and electric propulsion, it has become
increasingly critical to accurately model battery degradation, sizing, and overall lifecycle
impact. Recent works show that conventional design practices mainly targeting power demand



and fuel reduction, are inadequate as battery aging and replacement costs dominate long-term
performance and economy.

In the study Li-lon Battery Performance Degradation Modeling for the Optimal Design and
Energy Management of Electrified Propulsion Systems [12] the authors incorporate battery
aging into hybrid propulsion system design. A semi-empirical degradation model was
developed for LiFePOus batteries based on an equivalent circuit representation and parametrized
through extensive laboratory testing. The model predicts capacity fade, internal resistance
growth, and remaining useful life with an average prediction error of ~13%. The degradation
model is embedded within a lifecycle cost (LCC) optimization framework for a real hybrid
ferry. Their results demonstrated that traditional sizing approaches, typically selecting the
smallest battery that enables efficient engine loading for diesel engines, lead to rapid battery
wear and frequent replacements. By contrast, an LCC-optimal design favors a larger battery
operated at lower Depth of Discharge (DoD), doubling lifetime and reducing total cost. This
study shows the importance of co-optimizing battery size, operational strategy, and degradation.

The study Diesel, Hybrid or Fully Electric Ferry: A Method For Operating Cost Analysis And
Battery Size Optimisation [9] complements these findings by proposing a practical
voyage-energy-based sizing method combined with a rule-based power management strategy.
Unlike the previous work, this study focused on operational cost (fuel and electricity) rather
than full lifecycle economics. The authors derived analytical battery sizing equations based on
trip segmentation, DoD limits, and charging strategy, and applied them to three alternative ferry
configurations. Their results showed that fully electric operation is the most cost-effective under
local electricity prices, and that DoD strongly influences battery lifetime and required capacity.
Although the study does not model degradation dynamically, it highlights the operational
implications of DoD-lifetime trade-offs and the need for systematic sizing methods.

Dynamic, long-term aging simulation is used in the study Battery Aging Simulation for a Fully
Electric RO-RO Passenger and Vehicle Ferry [13]. This work introduced a Python-based
framework that uses real-time power demand data to simulate State of Charge (SOC) evolution
and capacity loss over tens of thousands of voyages. The authors adopted a semi-empirical life
model [14] to compute cycle-by-cycle degradation, capturing nonlinear aging effects as SOC
swing increases with decreasing capacity. Applied to a fully electric RO-RO ferry, the model
predicted ~16% capacity loss over 10 years, below the 20% End-of-Life (EoL) threshold,
demonstrating that high-frequency cycling can be sustainable if the battery is sufficiently
oversized. This study implemented a detailed, cycle-based aging method that can support
battery sizing decisions, though it did not perform optimization.

Beyond economic and operational considerations, the technical industry report Life cycle
analysis of batteries in maritime sector [5], prepared by the Maritime Battery Forum evaluated
the environmental impacts of battery-electric ferries. Using a detailed life-cycle inventory (LCI)
of battery systems, power electronics, and charging infrastructure, the study compared a
diesel-electric ferry with a fully electric alternative. Despite the substantial emissions associated
with battery production, the electric ferry achieves rapid environmental payback in 1.4 months
for GWP under the Norwegian electricity mix, and under one year even with global average



electricity mix. The study also identifies a notable discrepancy between environmental and
economic outcomes as the environmental payback period is relatively short, but the financial
return on investment generally occurs much later. The analysis also highlighted the need for
battery oversizing to meet power, charging, and lifetime constraints, reinforcing findings from
other literature.

One of the most comprehensive full-scale case studies available in this field is the E-Ferry
Project [7], which was a large-scale research and demonstration initiative funded under the EU
Horizon 2020 program, aimed at validating the technical and commercial feasibility of fully
electric ferries for medium range operation. The project resulted in the design, construction,
and extended real-life operation of a battery-electric Ro-Pax ferry in Denmark. The report
provides detailed quantitative data on energy demand, charging performance, losses, and
environmental conditions, providing realistic input parameters for simulation-based battery
sizing studies. A detailed life-cycle cost analysis was also conducted, showing that although
initial investment costs are higher, reduced operational expenditures enable economic payback
within 5-8 years. The authors also highlight potential future economic advantages, including
the continued decline in battery cost per kWh and the prospect of tax incentives or reduced
environmental fees compared to fossil-fuel-powered vessels.

Both research and industrial practice indicate that fully electric solutions are increasingly
favored by operators over hybrid propulsion, as they are viewed as more future-proof and
technically simpler, avoiding diesel engine maintenance and reducing overall system
complexity, with battery replacement as the primary lifecycle component.

In terms of battery sizing, these studies show that the field is moving from static, energy-based
sizing rules toward more detailed representations of battery aging through simulations and
considering operational consequences of battery degradation. However, there remains a gap
between high-fidelity degradation-focused research and detailed analysis of one specific
electrification solution.

Many studies either rely on degradation models derived from extensive laboratory testing and
apply them to a single case study, or they examine the electrification of an existing ferry route
previously served by diesel-powered vessels, typically focusing on optimization or analysis of
one specific case. These approaches often lack transparency and general applicability for
exploring how key design and operational parameters interact, even though these insights could
support the practical needs of early-stage ferry electrification planning.

A practical modelling-based sensitivity analysis would therefore be useful to investigate how
parameters such as initial battery capacity, charging power and frequency, trip distance, and
propulsion power demand influence battery lifetime and overall economy. This analysis could
support early-stage decision-making by enabling estimation of battery lifetime, replacement
needs, TCO, and payback periods under varying route characteristics, infrastructure constraints
and battery size related Capital Expenditure (CAPEX). Accordingly, this work applies battery
performance and degradation modelling together with realistic operational profiles to explore
these parameter variations and to quantify their impact on lifetime and economic outcomes
across a range of representative operating scenarios.
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1.3 Problem Formulation

Existing studies are either case-specific or high-fidelity but lack general applicability for
system-level planning. The design of lithium-ion battery energy storage systems for short-haul
fully electric ferries is a multi-parameter problem where battery capacity, charging strategy,
operational profile, and degradation behavior are strongly correlated. Selecting a battery size
that is too small may reduce initial investment cost but leads to higher DoD during operation,
increased aging, reduced lifetime, and more frequent battery replacements. Conversely,
oversizing the battery may extend lifetime and reduce degradation but increases CAPEX and
may reduce the economic attractiveness of electrification. Furthermore, ferry operation is
characterized by repetitive but time-constrained cycles, where charging time is limited by port
turnaround time and shore infrastructure. As a result, battery sizing must satisfy not only energy
demand but also power constraints during propulsion and high-power charging.

Furthermore, lithium-ion battery degradation is driven by complex electro-chemical processes
that strongly depend on temperature, C-rate, state of charge range, depth of discharge and the
overall long-term operational profile. These coupled and condition dependent mechanisms are
difficult to meaningfully represent using simple analytical, closed-form equations. As a result,
long-term battery behavior cannot be reliably assessed through static calculations alone. Cycle-
based simulations, where operational profiles are applied sequentially and battery parameters
are updated to reflect aging, must be used to evaluate lifetime performance under varying
conditions.

This thesis therefore addresses the following problem:

How do key design and operational parameters interact to determine battery degradation,
lifetime, replacement needs, and total cost of ownership in short-haul fully electric ferries?

1.4 Objectives

The primary goal of this work is to quantify and analyze the relationships between design
parameters, battery degradation, and economic outcomes in the context of short-haul electric
ferries, using realistic vessel power profiles.

To achieve this goal the following objectives have been defined:

e Propose a modeling framework that links synthetic vessel power demand profiles with
battery performance and degradation behavior to allow the evaluation of battery State
of Health (SoH) over time under realistic operating conditions.

e Analyze the influence of operational characteristics, such as route distance, propulsion
power demand, operational schedule, charging availability on energy throughput and
battery degradation.

e Investigate the trade-offs between key battery design and operational parameters and
their impact on battery life.

e Assess the economic implications of battery degradation by evaluating investment costs,
operational costs, replacement intervals and potential payback periods across different
operating scenarios.



1.5 Scope and Limitations

In this work, the electrification of an existing diesel-electric short-haul ferry is considered with
the objective of evaluating how design and operational parameters influence battery
degradation, lifetime, and economic performance. Focusing on conversion rather than newbuild
design reflects the practical reality that ferry hulls typically remain in service for several
decades, and full fleet replacement with purpose-built electric vessels would require capital
investments that are financially unrealistic for most operators. The analysis therefore considers
only the additional investment associated with battery systems and charging infrastructure, then
compares the resulting OPEX of a fully electric configuration with the original diesel-electric
setup.

The battery model is simplified to an energy-based representation that captures the dominant
long-term trends in SoC, DoD, and energy throughput, without modelling electrochemical
dynamics or short-term transient behavior. Cell-level effects such as internal balancing, voltage
dynamics, and thermal effects are not modeled. Ambient temperature is assumed to be constant
at 25 °C, reflecting a controlled onboard environment, and the associated HVAC power demand
is included without modeling temperature-dependent aging. Battery degradation is represented
through a semi-empirical cycle-aging and calendar-aging model, which is sufficient for
capturing long-term capacity fade but do not account for more complex mechanisms. EoL is
defined at 80 % SoH in accordance with common industry practice.

The baseline model is developed based on a representative real-world ferry service, using the
route characteristics and operational parameters of the Esbjerg-Fane ferry in Denmark.
Synthetic power profiles are generated to emulate this operation. These profiles approximate
long-term operation using average propulsion demand, simplified weather effects, and fixed
hotel loads. Day-to-day variability, passenger loading effects, and emergency reserves are not
included.

The simulation framework assumes that the required electrical energy is always available from
the grid and does not incorporate dynamic electricity pricing, grid constraints, or charging
interruptions beyond predefined infrastructure availability. The model also does not consider
potential operational disruptions and maintenance-related downtime.

The economic analysis is limited to the main cost components directly affected by
electrification. These include battery CAPEX, charging infrastructure cost, electricity
consumption, battery replacement cost and diesel fuel cost for comparison. Other
business-related expenses such as crew salaries, insurance, port fees, and taxes are excluded, as
they either remain unchanged after conversion or fall outside the realistic scope of the battery
degradation focused assessment. The analysis is not intended to provide a full business study
but rather to quantify how technical design choices and route characteristics influence TCO and
potential payback periods. All cost estimates are based on publicly available data and represent
typical values within the EU region.

The temporal scope of the simulation is fixed at 10 years, providing a common evaluation
window for all scenarios. This duration was selected as it exceeds the baseline battery lifetime,



allowing at least one full replacement cycle to be observed while remaining well within the
typical operational life of a ferry vessel.

The results are most applicable to short-haul and urban ferry services operating with lithium-ion
battery systems within similar cost ranges and environmental conditions.

1.6 Content of report

This report is structured as follows.

Chapter 2 presents the system characterization and introduces the baseline ferry case together
with overall methodology used throughout the work. The differences between traditional diesel-
electric and fully electric propulsion systems are discussed and the selected reference route and
operational setup are described.

Chapter 3 describes the complete system design and modelling framework. This includes the
generation of synthetic ferry power profile, the battery performance and degradation models,
and the technical-economic cost model used for evaluating electrification scenarios. The
baseline simulation parameters and assumptions are also defined.

Chapter 4-5 present the designed test cases and sensitivity analyses. These chapters investigate
the influence of battery sizing, operational stress, charging strategy and infrastructure
availability on battery degradation, lifetime and Total Cost of Ownership (TCO).

Chapter 6 summarizes the main findings and conclusions of the work, while Chapter 7 discusses
possible future improvements and extensions of the proposed modeling framework.

2 System Characterization

2.1 Overview of Traditional Diesel-Electric Propulsion Setup

Large marine vessels, including short-haul RO-PAX ferries, traditionally utilize diesel-electric
propulsion architectures [15]. In this configuration, mechanical propulsion power is generated
indirectly. Marine diesel engines drive electrical generators, which then supply electric
propulsion motors. The propulsion motors are mechanically coupled to the propeller shafts,
while auxiliary loads are supplied from the same electrical distribution system as shown in
Figure 3.
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Figure 3: Diesel-electric propulsion setup

This diesel-electric configuration is widely used as it offers several operational advantages. The
absence of a mechanical transmission system simplifies drivetrain layout and reduces
mechanical complexity. Reversal of propeller rotational direction can be achieved electrically,
eliminating the need for mechanical reversing gear. In this setup diesel engines can operate at
relatively stable rotational speeds, allowing operation closer to their optimal efficiency region
and the generated electrical power can simultaneously supply propulsion and onboard “hotel”
loads such as lighting, HVAC, navigation systems, and auxiliary equipment.

In diesel-electric applications, electrical power is typically distributed through a centralized
onboard grid. Multiple generator sets are connected to a common switchboard, enabling power
sharing between propulsion and auxiliary systems. This architecture allows generators to be
started or stopped depending on instantaneous power demand.

Despite the advantages mentioned, the diesel-electric configuration introduces inherent
inefficiencies. Energy conversion occurs in multiple stages from chemical energy in fuel to
mechanical energy in the engine, then to electrical energy in the generator and finally back to
mechanical energy in the electric propulsion motors. Each conversion stage contributes to the
overall losses.

2.2 Overview of Fully Electric Propulsion Setup

The conversion of diesel-electric ferries to fully electric configuration primarily involves
replacing the diesel generator sets with battery energy storage system (BESS), while keeping
large parts of the existing propulsion system. Since propulsion motors in diesel-electric vessels
are already electrically driven, those can often remain unchanged, making the retrofitting of
existing vessels technically and financially feasible.

In the fully electric configuration as shown in Figure 4, the battery system becomes the main
onboard energy source during normal operation, however auxiliary diesel generators might
remain for emergency operations [16]. Electrical energy stored in the batteries is supplied to the
propulsion motors and auxiliary systems through different power electronic converters and
interfaces.
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Figure 4: Battery-electric propulsion setup

Depending on the type of propulsion motors installed, appropriate power conversion stages are
required to connect the battery system with the loads through the onboard electrical network.
Since lithium-ion battery systems provide DC output voltage, for vessels equipped with AC
propulsion motors, which is the most common case in modern ferries, high power inverters
must be used to generate a controlled AC supply with variable frequency. In cases where DC
motors are still used, DC-DC converters must be applied to regulate voltage levels and power
flow. The onboard electrical distribution system itself can be implemented either as an AC grid
or a DC grid, depending on system design choices, power levels, and integration requirements.

In addition to propulsion, the battery system must also supply all onboard auxiliary loads,
including lighting, HVAC, navigation, communication systems, and other hotel loads. These
loads are typically connected to the centralized onboard distribution network (AC or DC). In
fully electric vessels the stability of this onboard grid depends entirely on the battery system,
its associated power electronics and control strategies, requiring additional systems for power
management.

An additional key component for an electric conversion is the Battery Management System
(BMS). The BMS is responsible for monitoring and controlling the battery at both cell and
system level. Its primary functions are SoC estimation, SoH tracking, thermal management and
protection.

In addition to onboard systems, fully electric operation requires the integration of shore-side
charging infrastructure. Shore-side charging systems must deliver power levels in the order of
several hundred of kilowatts to 1-2 megawatts, depending on vessel size and operational
requirements. These chargers are often automated to minimize turnaround time, which might
introduce additional complexity for system design.

The transition to fully electric propulsion eliminates multiple energy conversion stages present
in diesel-electric systems. This significantly reduces conversion losses and improves overall
system efficiency, however it also introduces new challenges related to complex control design,
energy storage limitations, charging dependency, and battery degradation.
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2.3 Comparison of Diesel Consumption to Electrical Energy
Consumption

The fuel efficiency of marine diesel engines is generally measured using the Specific Fuel Oil
Consumption (SFOC) metric, expressed in grams of fuel per kilowatt-hour (g/kWh) or liters of
fuel per kilowatt-hour (I’kWh). SFOC provides a standardized measure of fuel mass or volume
consumed per unit of mechanical energy produced and, by considering generator and
conversion efficiencies, it also enables comparison with hybrid and fully electric
configurations.

Using SFOC, the fuel consumption of a diesel-electric system can be related to an equivalent
electrical energy demand by converting the required propulsion and auxiliary power into an
associated fuel mass flow. This allows a direct comparison between diesel fuel consumption
and electrical energy usage in terms of energy per voyage or per unit time. By applying
appropriate efficiency factors, the overall energy chain of diesel-based systems can be
compared to the more direct electrical energy usage of battery-powered systems.

2.4 Baseline Setup and Case Description

The goal of this work is to develop an approach and associated framework that can be used for
a financial and technological feasibility analysis of converting traditional diesel-electric short-
haul ferries to fully electric vessels, with a particular focus on the effects and economics of
battery degradation.

The technical and cost model is developed based on a specific case study. However, to ensure
general applicability and realism, data from similar real-life examples, existing studies, and
publicly available sources are incorporated to supplement missing information and
assumptions. This allows the creation of a realistic example model within the proposed
framework.

By using case-specific data in combination with externally validated sources, the produced
results aim to be both representative and verifiable. For instance, estimated battery lifetime or
calculated payback periods can be compared with published data from similar case studies.

For the baseline example case, the ferry route between the city of Esbjerg and Fang island in
Denmark was chosen as shown in Figure 5. This ferry service represents a typical short-haul
route that forms an integral part of the public transportation system, providing a year-round
connection between residential areas.

The route is currently served by three vessels: two traditional diesel-electric ferries and one
fully electric ferry, which was put into service in 2021. Together, the three-vessel system
transports approximately 1.8 million passengers per year [17]. The presence of both
conventional and electric vessels operating under the same conditions makes this route suitable
as a reference case.
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The Esbjerg - Fane Ferry Route Used as an Example Baseline Case for Eectrification
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Figure 5: Esbjerg - Fang ferry route

The crossing distance is 2.6 kilometers and is completed in approximately 12 minutes according
to the current operational schedule. The docking time is 8 minutes in both ports. However,
charging for the electric vessel is only possible in Esbjerg, where an automated shore-side
charging system connects to the vessel. The effective charging time is approximately 7 minutes,
as the connection and disconnection procedures each require around 30 seconds. During this
period, the onboard battery system is charged with a power level of 2600 kW.

Operational parameters for the vessels were derived primarily from data available for the
electric ferry operating on this route. To enable a consistent comparison, the diesel fuel
consumption of the diesel-electric ferries was estimated based on the electric ferry’s simulated
power profile in combination with a published Specific Fuel Oil Consumption (SFOC) model.
The methodology and assumptions related to fuel consumption calculations are described in
detail in Chapter 3.4.2.

2.5 Methodology

The overall framework and methodology, illustrated in Figure 6, is based on a technical-
economic simulation intended to systematically evaluate how key technical and operational
parameters influence battery degradation, lifetime and associated economics. The analysis is
based on a realistic reference ferry case derived from available design parameters and
operational data, which serves as a baseline scenario. Around this baseline configuration,
selected parameters are varied within realistic ranges to investigate sensitivity and interaction
effects.
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Overview of the Proposed Modeling Framework
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Figure 6: Overview of the modeling framework

The technical simulation is centered around a simplified energy-based battery performance
model that processes power requests. The purpose of the performance model is to capture
system-level energy flow and operational constraints, not cell level electrochemical dynamics.
The model parameters include the nominal initial battery storage capacity in kWh, maximum
charging and discharging power limits, initial SoC, roundtrip efficiency, and predefined SoC
limits at which charging or discharging is terminated. The model processes the input power
signal, representing the electric ferry power demand, and outputs battery power, SoC, DoD, and
the accumulated energy throughput in kWh. The use of a simplified battery model is justified
because the system is evaluated over extended periods of repetitive operation characterized by
prolonged intervals of near-constant power during cruising, where detailed dynamic battery
responses to short transients are of limited relevance.

While the battery performance model describes operational behavior, realistic long-term
simulations require the inclusion of battery degradation effects. The non-linear effects of aging
and degradation are the primary motivation for performing simulations rather than relying on
datasheet information and simple extrapolation. Therefore, a battery degradation model is
implemented with the purpose of continuously updating the available battery capacity. The
nominal capacity defined in the performance model serves as the initial value, and the
degradation model recalculates this value at each simulation step based on a predefined aging
model. The battery aging model incorporates two main mechanisms: cycle aging and calendar
aging. Temperature effects are not explicitly modeled, under the assumption that the batteries
operate within a temperature-controlled environment onboard the ferry. Consequently, HVAC
power associated with maintaining thermal conditions is considered, while temperature
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variations are neglected. The degradation model outputs the state of health (SoH), defined as
the ratio between the current available battery capacity and the nominal initial capacity.

The remaining component required to complete the technical model is the power request input
to the battery performance model. This continuous power signal represents the battery charge
and discharge power during vessel operation. Negative values correspond to charging, whereas
positive values correspond to discharging. The resulting power profile is determined primarily
by the ferry schedule, voyage distance, charging strategy, propulsion demand, and hotel loads.
Additional influencing factors considered are infrastructure availability and simplified weather
effects. Although in practice many parameters vary over time due to seasonal and environmental
effects [7], these variations are not explicitly modeled. Instead, average operating conditions
are assumed, and all time periods are treated as statistically equivalent. This simplification is
justified by the focus on long-term battery degradation, which is primary driven by cumulative
energy throughput rather than short-term variations.

To evaluate the influence of specific trip parameters, synthetic power profiles are generated
based on recorded operational data from short-haul electric ferry studies [7], [9], [12]. A custom
MATLAB script generates realistic multi-year time-series data for both ferry operation and on-
shore charging power profiles using adjustable parameters.

To allow the evaluation of the economic implications of different scenarios, the complete
technical model described above is integrated into a cost model. The primary engineering inputs
to this model are the generated synthetic power profiles and the selected battery size expressed
as the designed initial capacity. As battery degradation progresses, battery replacement events
are triggered whenever the battery reaches the 80% SoH threshold, allowing degradation to
directly influence operational costs. All test cases are evaluated over a common 10-year
simulation period, which was selected to provide meaningful long-term results for extended
operations.

In addition to technical inputs, the cost model requires economic parameters, including
electricity price, battery cost, installation cost, maintenance and replacement costs, as well as
marine diesel price and corresponding diesel consumption estimates for comparison. The main
objective of the cost model is to compute Total Cost of Ownership (TCO) for both conventional
diesel-electric and fully electric ferries while accounting for battery degradation effects. Exact
costs are estimated based on publicly available sources for the general analysis but can be
adjusted for specific cases if necessary. This framework enables assessment of how variations
in route characteristics, battery sizing, and charging infrastructure influence lifetime,
replacement frequency, break-even points and overall economics.

To analyze the sensitivity of the system to changes in selected parameters, a systematic
parametric analysis is carried out around the defined base scenario. First, the influence of
battery sizing is examined by varying the initial battery capacity while keeping all operational
and infrastructure-related parameters constant. Subsequently, parameters associated with
operational stress, such as trip frequency, route length, number of adverse weather days are
varied within realistic ranges, with technical parameters held constant. The influence of each
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parameter variation on battery lifetime, degradation rate, and general economic performance is
then quantified, with all results evaluated relative to the baseline scenario.

3 System Design
3.1 Design of Synthetic Power Profile

To simulate ferry operation from the perspective of battery degradation and to assess the
associated costs of electrification, a realistic power profile is required. This profile represents
the electrical power input to and output from the battery system over time with a defined
resolution. The battery power consists of a time-varying propulsion demand and near-constant
auxiliary loads, often referred to as “hotel load” in marine operation.

In general, the total battery power can be expressed as:

Ppar = Pprop + Photer 1

Where positive values correspond to battery discharge (propulsion, onboard loads), while
negative values represent charging power.

Short-haul ferry operation is highly repetitive and predictable. Therefore, realistic power
profiles can be approximated with acceptable accuracy based on published and recorded
operational data. Establishing the relationship between route characteristics, operational
parameters, and the resulting power profile is essential. These parameters must be reflected in
the generated profile, as they form the basis of the analysis. Variations in these inputs directly
influence battery degradation and, consequently, operational costs through their effect on the
battery power profile.

For modeling purposes, the battery discharging (propulsion and hotel load) and charging
profiles are generated separately and combined only within the simulation environment. The
implementation is carried out using a parameterized MATLAB script, where key route and
technical parameters are defined as inputs. The script generates multi-year operational data with
a predefined time resolution. The selected resolution should represent a trade-off between
capturing the meaningful details in power variations and maintaining computational feasibility,
efficiency in the long simulation runs.

Charging and discharging intervals and their timing are initially defined for a single roundtrip
and subsequently scaled according to the number of trips per day and days per year. Additional
configurable parameters can be defined including the number of days with adverse weather
conditions, charging infrastructure availability at terminals, and charger connection/
disconnection time. With this method a base cycle is extended and varied to represent long-term
operation over multiple years.

Figure 7 illustrates the charging and discharging profiles for a single roundtrip, highlighting the
main parameterizable characteristics. Each step with its time duration and power requirement
is summarized in Table 1.
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Power Profile - One Roundtrip
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Figure 7: Generated synthetic power profile example
Table 1: Time-resolved power values for one generated roundtrip
L . . Vessel Power Charging
Step Description Duration [mins] Borand 157 | Bouslad
1. Acceleration 0-1 30-310 0
2. Cruising 1-10.5 310 0
3. Deceleration 10.5-12 310 - 30 0
4. Docking 12 -20 30 0
5. Acceleration 20-21 30-310 0
6. Cruising 21-30.5 310 0
7. Deceleration 30.5-32 310-30 0
8. Docking without charging 32-325 30 0
9. Docking with charging 32.5-39.5 30 -2600
10. | Docking without charging 39.5-40 30 0

The roundtrip profile is structured as follows. The ferry departs from Terminal 1 with a ramp-
up in propulsion power, including a short transient overshoot associated with acceleration. This

is followed by a cruising phase with constant propulsion power, where the propulsion demand

and hotel load are combined.

As the vessel approaches Terminal 2, a temporary increase in power is present, representing

deceleration through reverse operation of the propulsion system. The propulsion power is then
reduced to zero as the vessel docks, leaving only the constant hotel load during the docking

period.
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After the defined turnaround time, the ferry departs from Terminal 2 and follows an equivalent
profile on the return trip to Terminal 1. Upon arrival and docking at Terminal 1, charging begins
after a predefined connection delay. The battery is charged for the available duration, after
which the charger is disconnected. Following the disconnection delay, the next operational
cycle would start with the vessel departing from Terminal 1.

It is assumed that ferry operation is deterministic and repeatable over time and all operating
cycles are statistically identical. Variations are represented only through averaged or predefined
parameters rather than random, stochastic modeling.

The generated synthetic power profile serves as the primary input to the battery performance
model.

3.2 Description of Battery Performance Model

The battery performance model is a simplified energy-based representation intended to capture
the dominant system-level behavior of the battery during long-term ferry operation. This
selected approach focuses on energy flow, power limitations and variables relevant for
degradation and economic analysis.

The implemented model processes a power request signal representing the combined propulsion
and auxiliary load demand, as well as charging power. The input signal follows the sign
convention defined in Chapter 3.1, where positive values correspond to battery discharge and
negative values correspond to charging.

Several parameters are defined in the model, allowing flexible configuration for different test
scenarios:

e Maximum charge and discharge power [kW], representing charger and battery
limitations

e Total storage energy [kWh], corresponding to the nominal battery capacity

e Initial SoC [%], defining the starting condition of the evaluation

e Round-trip efficiency [%], accounting for losses during charging and discharging

e Upper and lower SoC limits, defining the allowable operating window

Table 2 summarizes the baseline values of these battery performance parameters.

Table 2: Summary of battery parameters for baseline

Parameter Baseline value
Max power 2600 kW
Total storage energy 1107 kWh
Initial SoC 90 %
Round-trip efficiency 90 %
SoC max 90 %
SoC min 20 %
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Figure 8 describes the battery performance model and its relation to the whole system model.

Battery Performance Model - Simplified Diagram
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Figure 8: Simplified diagram of the battery performance model

The power request signal is first passed through a limiter, ensuring that the battery operates
within the defined maximum charge and discharge power constraints. This reflects both
physical limitations of the battery system and charging infrastructure.

Efficiency losses are incorporated using a simplified round-trip efficiency approach. Instead of
modeling separate charge and discharge efficiencies, a single round-trip efficiency parameter is
used, which results in a constant and symmetrical efficiency factor applied to the power flow.

The available battery capacity is dynamically updated based on the degradation model
described in Chapter 3.3. The nominal energy capacity is scaled by SoH, resulting in a reduced
effective capacity over time. This directly influences the SoC evolution as the same power
demand with smaller battery capacity requires a larger SoC window. This relationship directly
links the performance model with long-term degradation behavior.

The main outputs of the battery performance model are:

e Battery power [kW] after applying limits and efficiency
e SoC [%]
e Total energy throughput [kWh]
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Figure 9 illustrates the SoC output of the battery performance model as a result of the generated
synthetic power profile.
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Figure 9: Power request vs. SoC for one roundtrip

The total energy throughput serves as the key input for the degradation model, while other
outputs are used for evaluating the technical-economic feasibility of the electrification scenario.

3.2.1 State of Charge Calculation

The State of Charge (SoC) by definition represents the relative amount of charge stored in the
battery with respect to its available capacity.

In high-fidelity battery models SoC is typically defined based on charge throughput (Ah), while
the stored energy depends on the terminal voltage, which varies with operating conditions. For
the energy-based battery model used in this work, only a State of Energy (SoE) calculation is
applicable as the model does not include voltage and current dynamics.

State of Charge (SoC) and State of Energy (SoE) are not strictly equivalent. However, in the
context of the simplified energy-based performance model, this distinction is not relevant. The
stored energy is assumed to be directly proportional to the exchanged charge and as a result,
the calculated SoE effectively represents SoC. In accordance with common industry practice
and standard notation the term SoC is used throughout this work.
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The SoC is calculated using a discrete-time energy balance based on the battery power as shown
in Figure 10. At each simulation step, the stored energy is updated by integrating the battery
power over time and normalizing it with the currently available battery capacity. The
relationship can be expressed as:

Pbat(t) - At 2

Eavailable

Soc(t)y=Soc(t—1)+

where Py, is the battery power, At is the simulation step, and E,4i1an1e 1 the available battery
energy. Positive values of P, correspond to discharge, while negative values represent battery
charging. Efficiency losses are incorporated in the battery power signal Py, ensuring that the
SoC calculation reflects the net energy flow into and out of the battery.

SoC Calculation in the Performance Model

P_bat [kw] Discrete-time E_bat [kWs]

Integrator

[0-1] SoE / SoC

C_initial - [0-1]
[kwh] E_available [kWs]
Available Degraded

SoH Total Energy
(0-1]
Initial SoC Initial State of Energy
[0-1]

Figure 10: SoC calculation within the performance model

The available battery energy E,,q4iapie 1S NOt constant, but varies over time according to the
State of Health (SoH) as described in Chapter 3.3.3. As the battery degrades, the maximum
storable energy decreases, which directly affects the SoC evolution for a given power profile.

To ensure realistic operation, the calculated SoC is constrained within predefined limits.
Minimum and maximum SoC values defined as model parameters are enforced. When the upper
SoC limit is reached, further charging is stopped. When the lower limit is reached the simulation
is terminated as it would represent potentially emergency operation.

3.3 Design of Degradation Model

To evaluate the long-term technical and economic feasibility of battery-electric ferry operation,
it is necessary to account for battery degradation over time. The battery performance model
described in Chapter 3.2 captures the short-term battery behavior, but it does not represent the
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gradual loss of available capacity occurring during long-term operation. Since battery
degradation directly affects both system performance and economic feasibility, it must be
included in the simulation.

Lithium-ion battery degradation is a result of complex electrochemical processes that occur
during both operation and storage. These processes lead to a gradual loss of usable capacity and
an increase in internal resistance over the lifetime of the battery [18]. Long-term studies show
that the most influential process is the growth of the Solid Electrolyte Interphase (SEI) on the
negative electrode, which consumes cyclable lithium and reduces active surface area. The SEI
growth progresses even when the battery is at rest and typically follows a square root of time
behavior. Additional degradation occurs during cycling and it can accelerate under high
temperature, high state of charge or aggressive charging conditions. Since this work focuses on
system-level performance, degradation is represented using simplified semi-empirical models
based on relationships and parameter values consistently reported in scientific literature.

3.3.1 Cycle Aging

Cycle aging represents the capacity loss associated with repeated charging and discharging of
the battery. In the model, degradation is expressed as a function of cumulative energy-
throughput using the concept of Equivalent Full Cycle (EFC). The EFC is defined as:

E throughput 3

EFC =
2 Enom

, where Etprougnput 18 the accumulated charge and discharge energy and Ej,, is the total

storage energy with the nominal battery capacity. The factor of two accounts for the fact that
one full equivalent cycle consists of one full charge and one full discharge.

The capacity loss due to cycling is described using a power-law relationship:

Closs,cyc = Beycle ” EFCP 4

, where Ky,¢¢ 1s a scaling-factor and b is an exponent parameter.

Power-law equations are commonly used in semi-empirical degradation models and have been
validated experimentally across different lithium-ion chemistries. Wang et al. showed that
capacity loss can be expressed as a function of cumulative charge throughput with an exponent
close to 0.5 [19], while Schmalstieg et al. used a square-root dependence on charge throughput
for Li(NiMnCo)O2 cells [20].

Therefore, the exponent b = 0.5 is selected for the degradation model, corresponding to a
square-root relationship between capacity loss and energy throughput.
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The scaling factor K, is determined using an assumed EoL condition:

EOLloss 5

cycle =
g EOLléycles

For all tests in this work, the battery EoL is defined as 20% capacity loss, and a cycle life of
6000 equivalent full cycles (EFC) is assumed as a representative value for lithium-ion battery
systems in marine applications [21].

3.3.2 Calendar Aging

In addition to cycling-induced degradation, lithium-ion batteries also experience capacity loss
during storage, referred to as calendar aging. This process occurs even in the absence of current
flow.

Calendar aging is modeled as a function of time, also using a power-law relationship consistent
with a parabolic SEI-growth behavior. This behavior and a corresponding model were described
by Broussely et al. [18], where degradation is characterized by a square-root dependence on
time.

— . +b
Closs,cal - Kcalendar t 6

The calendar aging coefficient K, ;jonqqr 18 determined based on an assumed annual capacity
loss. A value of 1.2% capacity loss per year is used throughout all test scenarios, representing a
typical order of magnitude for lithium-ion batteries stored in temperature-controlled
environments. The coefficient is calculated as:

B lossyeqr 7

Kcalendar - \/ﬁ

This ensures that the model reproduces the assumed annual degradation while maintaining the
square-root time dependence.

3.3.3 Total Capacity Loss and State of Health

The total capacity loss is calculated by summing the effects of the cycle and calendar aging:

Closs = Closs,cyc + Closs,cal 8

The State of Health (SoH) is defined as the remaining usable capacity relative to the initial
nominal capacity:

Cioss 9

SoH =1 —
0 100
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Battery end-of-life is defined at 80% SoH, corresponding to 20% capacity loss. The degradation
model continuously updates the available battery capacity during simulations. Figure 11
illustrates the complete degradation model and calculation of SoH.
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Figure 11: Diagram of the degradation model

3.4 Construction of Cost Model

The economic feasibility of ferry electrification is determined by the balance between higher
initial investment costs and reduced operational expenses. While diesel-electric systems have
generally lower upfront costs and high fuel-dependent operating costs, fully electric systems
require significant capital investment covering the cost of batteries and charging infrastructure
but offer substantially lower operating expenditure (OPEX).

To evaluate these trade-offs, a cost model is integrated into the simulation framework. The
model is designed to compute and compare the Total Cost of Ownership (TCO) of a
conventional diesel-electric ferry and a fully electric alternative under identical operational
conditions. The cost model is directly coupled with the technical simulation, allowing battery
degradation, operational profiles and charging behavior to influence economic outcome.

3.4.1 Cost Structure of Ferry Operation

The total cost of a ferry system can be generally divided into capital expenditures (CAPEX)
and operational expenditures (OPEX).

For conventional diesel-electric ferries CAPEX is not considered as this study focuses on
retrofit electrification. Therefore, only operational costs are considered for the diesel case. The
only cost component is fuel consumption, which is directly linked to the ferry power demand
and engine efficiency.

Electrification introduces a CAPEX component consisting of battery system investment and
shore-side charging infrastructure installation costs. The operational costs for the battery-
electric setup are the electricity price and battery replacement costs due to degradation.
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The cost model is implemented in Simulink as a subsystem with three main inputs:

e Ferry power request
e Shore-side charging power
¢ [Initial battery capacity

The model consists of two main calculation branches as shown in Figure 12:

e Diesel OPEX model
e Flectric CAPEX + Electric OPEX model

Cost Model
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Diesel Diesel OPEX
OPEX

EURI calc. Diesel TCO

P_charging
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H
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Figure 12: Simplified diagram of the cost model

3.4.2 Diesel OPEX Calculation

The diesel operational cost is calculated based on fuel consumption derived from the simulated
electrical power demand profile.

A constant fuel consumption rate cannot be assumed in this context as marine diesel engine
efficiency is strongly dependent on engine load. In real ferry operation, the propulsion power
demand varied continuously due to acceleration, cruising, maneuvering, and docking phases.
As aresult, the engine rarely operates at its optimal efficiency point, and fuel consumption must
be evaluated as a function of instantaneous load. Therefore, a load-dependent consumption
estimation is required.
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The accumulated fuel consumption for OPEX calculation is determined using a Specific Fuel
Oil Consumption (SFOC) based approach. The electrical power demand is first converted into
mechanical power demand considering conversion efficiency factors. This mechanical power
demand is used to calculate the load-dependent instantaneous fuel consumption based on a
specific example case [9] of the STEAM?2 model [22] - a ship traffic emissions assessment tool
developed for estimating fuel consumption and exhaust emissions from marine vessels - that
gives the SFOC function describing the relationship between relative engine load and fuel
consumption for a Cummins marine engine as a second-degree polynomial equation:

SFOC cymmins = 0.169x2 — 0.292x + 0.392 10

Figure 13 illustrates the described SFOC curve.
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Figure 13: Specific Fuel Oil Consumption (SFOC) function

The input variable x for the SFOC function represents the relative engine load, obtained by
dividing the instantaneous mechanical power demand by the Maximum Continuous Rating
(MCR) of the diesel engine, which is set to 750kW in this specific case. The SFOC function
returns the specific fuel consumption in L/kWh. Multiplying this value by the mechanical power
demand results in an instantaneous volumetric fuel flow-rate in L/h. After converting this flow-
rate to the simulation time base and integrating over time, the cumulative fuel consumption is
obtained.
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Diesel Fuel Cost Calculation

Electric Power Request | Efficie ncy R Diesel Engine Mechanical Power [kW]
factors % [Vh] fdt lliter]
x Cumulative Fuel Cost [EUR]
_r Diesel OPEX
. [[0-1] n I/kWWh
= SFOC-function el |
MCR EUR/iter

Figure 14: Diesel cost calculation with the applied SFOC function

The operational cost is then calculated using an average value for marine diesel price.
According to the European Market Observatory for Fisheries and Aquaculture Products
(EUMOFA) the average price of marine fuel in European ports in April 2026 was around 1.1
EUR/liter [23]. While fuel prices are highly volatile, for the purpose of a comparative analysis
this value is used throughout all the test scenarios.

3.4.3 Electric CAPEX Calculation

The capital cost of electrification consists of two main components: battery system cost and
charging infrastructure cost.

The battery investment is calculated as:

CAPEXbattery = Cbat,initial *Kpat 11

;where Cpqt initiar 15 the initial designed battery capacity and kp,, is the battery price in
EUR/kWHh. For all simulated scenarios kj,; is set to 370 EUR/kWh. This value is consistent
with cost figures used in a 2025 electric ferry economic assessment for LFP battery packs
designed for marine application [24].

The charging infrastructure cost is assumed to scale linearly with the installed maximum
charging power:

CAPEXcharger = Fchmax * kinfrastructure 12

, where kin rrastructure 18 the required investment per megawatt of installed shore-side charging
capacity, expressed in EUR/MW. For all simulated scenarios, kin rastructure Parameter is set
to 615000 EUR/MW consistent with cost figures reported in the E-ferry project [7]. In that
project, the total expenditure for a 4MW shore-side charging system installation amounted to
EUR 2.451.660, including charger, cables, inverters, housing, filters, cooling, VAT and a one-
time connection fee for the electricity supplier for establishing of a 10kV supply and
transformers.

The total CAPEX is then calculated as:

CAPEXelectric = CAPEXbattery + CAPEXcharger 13
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3.4.4 FElectric OPEX Calculation

The operational cost of the electric ferry is determined by the electrical energy drawn from the
grid during charging. The total energy consumption is obtained by integrating the charging
power over time:

14
Egrid = fpch(t)dt
The corresponding operational cost is
OPEXelectric = Lgrid * kelectricity 15

, where kepectricity 18 the electricity price per kWh. According to the Danish statistics [25],

electricity price for non-household consumers including non-recoverable taxes in the second
half of 2025 was around 0.85 DKK/kWh, that converts to 0.11 EUR/kWh. Reflecting this, the
Ketectricity cost parameter is set to 0.11 EUR/kWh for all test scenarios. This assumption

neglects time-of-use pricing and market fluctuations.
3.4.5 Battery Replacement Cost

Battery degradation is directly linked to economic performance through replacement events.
When the battery reaches the EoL threshold, a replacement event is triggered, and the
replacement cost is added to the accumulated OPEX. The replacement battery cost is assumed
to be equal to the initial battery system CAPEX.

To ensure consistent comparison between different test scenarios, all simulations are evaluated
over a common 10-year period. As a result, some scenarios may require more than one battery
replacement within the evaluation window, while others may not reach their first replacement
at all.

3.4.6 Total Cost of Ownership and Break-Even Analysis

The Total Cost of Ownership for both propulsion systems is calculated by combining CAPEX
and accumulated OPEX over time.

For diesel operation:

TCOdiesel(t) = OPEXdiesel(t) 16

For electric operation:

TCOgiectric(t) = CAPEX gioctric + OPEX giectric(t) + Battery replacement 17
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The break-even point is defined as the time at which:

TCOelectric (t) < TCOdiesel(t) 18

This metric provides a direct measure of the economic viability of electrification under different
technical, operational and environmental conditions.

Table 3 summarizes the exact values for all cost components used unchanged throughout all
test scenarios.

Table 3: Common financial figures used in the cost model

Cost component Value
Marine Diesel price 1.1 EUR/liter
Li-ion battery price 370 EUR/kWh

Charging infrastructure cost 615000 EUR/MW

Electricity price 0.11 EUR/kWh

3.5 Test Parameters and Boundaries

All tests must begin with defining the common parameters, which can be separated into two
main categories.

First all the parameters describing the battery degradation process need to be defined. In this
work a semi-empirical degradation model is used representing cycle and calendar aging.
Parameters used in the model, describing the characteristics of lithium-ion battery aging, are
defined based on published studies and industry practices. The exact values are discussed in
Chapter 3.3.

Then the given infrastructure costs associated with ferry operation in general, such as diesel
fuel price, electricity price, installation costs of charging infrastructure, battery price per kWh
and battery replacement cost at EoL. These parameters can vary depending on the geographical
location of the ferry operation, available energy sources, state of the international markets and
the time of the analysis as prices also change with technical progress. For the purpose of this
work these parameters are chosen to represent average, generally used values in 2026 within
Denmark or in the EU region and fixed for all test cases to allow meaningful comparison. The
exact values are discussed in Chapter 3.4 in the context of the cost model.

The analysis begins with clearly defining the baseline case with its associated route and
technical parameters. All test cases are evaluated over a fixed 10-year horizon. This window
was chosen to exceed the baseline battery lifetime of 6.5 years, ensuring that at least one
replacement event is captured in the baseline scenario while allowing meaningful comparison
of TCO trajectories across all investigated parameter variations.
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During the simulation several parameters are monitored and recorded. For technical evaluation
the total energy throughput, the evolution of SoC, DoD and SoH are the main outputs. For the
economic analysis the CAPEX for diesel and electric operation are recorded as well as the
evolution of OPEX in both cases. This allows the calculation and presentation of the Total Cost
of Ownership (TCO) and the possible break-even point, at which the battery electric operation
becomes financially advantageous over the traditional diesel-electric operation.

The sensitivity analysis begins with testing different battery sizes, then environmental and
operational parameters are analyzed by experimenting with parameters effecting the model’s
input power profiles (charging and discharging).

3.6 Baseline Scenario

The baseline scenario represents the example electrification case. Table 4 summarizes the main
environmental parameters used for the simulation.

Table 4: Route-, schedule- and environment-related baseline parameters

Environmental Parameters Value
Cruising time (one way) 12 mins
Docking time 8 mins
Charger
connection/disconnection 30 sec
time
Trips per day 15
Service days per year 365
Number of days with
73
adverse weather

While Table 5 describes the technical design parameters used for this baseline example
electrification case.

Table 5: Technical design parameters for baseline

Technical Design Parameters Value
Charging at Terminal 1 YES
Charging at Terminal 2 NO

Avg. cruising power 280 kW
Avg. cruising power in adverse 350 KW
weather
Hotel load 30 kW
Charging power 2600 kW
Initial battery capacity 1107 kWh
Minimum SoC 20%
Maximum SoC 90%
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After defining the baseline electrification scenario and the methodology to analyze the effects
of internal and external factors affecting technical and economic feasibility, several test cases
are designed. These tests aim to identify general trends, relations between parameters and trade-
offs that can guide electrification projects.

4 Test Cases for Battery Sizing Effects

Battery sizing is one of the most fundamental design decisions in the electrification of short-
haul ferries. The initial battery capacity determines not only the upfront capital expenditure but
also the operational DoD per trip, the rate of cycle aging, and consequently the frequency of
battery replacements. As discussed in Chapter 1.3, there is an inherent trade-off between
undersizing and oversizing. A smaller battery reduces initial investment, but accelerates
degradation, while a larger battery extends lifetime at the cost of higher CAPEX.

To investigate these trade-offs quantitatively, three battery configurations are evaluated. The
baseline capacity of 1107 kWh is compared against a reduced configuration of 664 kWh and an
increased configuration of 1550 kWh, corresponding to a change of +£40% relative to the
baseline. All route, schedule, and infrastructure parameters are held constant across these cases.

4.1 Battery Sizing

Figure 15 illustrates the evolution of battery State of Health (SoH) for the three investigated
battery sizes. The results indicate that battery lifetime increases with initial storage capacity,
however the relationship is non-linear. The baseline configuration with 1107 kWh achieves a
simulated lifetime of 6.5 years. Reducing the initial capacity by 40% to 664 kWh decreases the
lifetime to 4.2 years, corresponding to a 35.5% reduction. While increasing the capacity by 40%
to 1550 kWh extends the lifetime to 8.6 years, representing a 32.3% increase.

This indicates sub-linear scaling demonstrating that battery lifetime does not increase
proportionally with capacity. This can be explained by the combined effects of cycle and
calendar aging. While a larger battery reduces the effective DoD and cycle-related degradation,
calendar aging remains time-dependent and unaffected by capacity.
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State of Health (SoH) Trends With Different Battery Configurations
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Figure 15: Battery SoH trends with different battery configurations
Table 6 summarizes the results within the range investigated. The metric

ALifetime
ACapacity

quantifies the marginal lifetime gain per kWh of capacity change relative to the baseline. For
the undersized configuration, each kWh of removed capacity costs 1.9 days of lifetime, whereas
each kWh added in the oversized configuration provides only 1.7 days of gain.

This decline in marginal return confirms the sub-linear relationship between capacity and
lifetime. As the battery size increases, cycle-induced degradation diminishes, but calendar
aging, being time-dependent and capacity-independent, progressively limits the benefit of
further oversizing.

Table 6: Battery size effect on lifetime

L L o ALifetime
Einitial AEitial[%] | Lifetime | ALifetime [%] | ALifetime ACapacity
664 kWh -40% 4.2 years -35.5% - 2.3 years | 1.9 days/kWh
1107 kWh baseline 6.5 years - - -
1550 kWh +40% 8.6 years +32.3% +2.1 years | 1.7 days/kWh

As defined in Chapter 3.2, the allowed operational SoC window spans from 90% to 20%, where
DoD is defined as DoD = 100% — SoC. Consequently, the permitted operating band in terms
of DoD runs from 10% (battery charged to 90% SoC) to a maximum of 80% (battery discharged
to the 20% SoC cut-of). Each simulated cycle therefore begins at a DoD of 10%, since charging

31



always restores the battery to the 90% SoC upper limit. As the battery degrades over time, the
same per-trip energy demand forces the SoC to a lower end-of-trip value, and therefore a higher
DoD.

Figure 16 shows the evolution of the recorded maximum Depth of Discharge (DoD) after each
roundtrip throughout the operational lifetime for the three battery sizes investigated. Trends
after replacements are not included. This representation highlights the gradual increase in
maximum DoD over battery lifetime. Across all battery sizes, the DoD growth exhibits an
approximately square-root progression, consistent with degradation mechanisms.

Maximum Depth of Discharge (DoD) Increase Due to Capacity Fade With Different Initial Battery Sizes
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Figure 16: Maximum DoD increase over lifetime with different battery configurations

All investigated battery configurations experience relatively shallow cycling. Even for the
smallest 664 kWh battery pack, the maximum operational DoD at EoL reaches only 39%.

The baseline configuration exhibits an average DoD of 12.46%. Reducing the battery size by
40% increases the average DoD to 14.1% (a 13.2% increase), while increasing the battery size
by 40% lowers the average DoD to 11.76% (a 5.6% reduction). These values are summarized
in Table 7.

Table 7: Battery size effects on DoD

Einitiat | AEinitia[%] | max DoD at EoL | avg. DoD through bat.life | Aavg.DoD

664 kWh -40% 39% 14.1% +13.2%
1107 kWh - 28% 12.46% -
1550 kWh +40% 23% 11.76% -5.6%
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Figure 17 presents the evolution of the Total Cost of Ownership (TCO) for the diesel-electric
reference case and the three electrification scenarios with varying battery sizes.

Total Cost of Ownership (TCO) Over Lifetime With Different Battery Configurations
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Figure 17: TCO of electrified ferries with different battery configurations

The baseline configuration requires a capital expenditure (CAPEX) of approximately 2 ME.
Battery-related costs scale linearly with capacity, consequently the smallest configuration (664
kWh) results in a 10% lower initial investment (1.8 M€), while the largest configuration (1550
kWh) increases the CAPEX by 10% (2.2 M€). These differences are not strictly proportional to
the difference in battery size as charging infrastructure is assumed to remain unchanged across
all cases.

The results indicate that TCO, and therefore financial viability, is primarily driven by battery
replacement costs and replacement frequency, since operational expenditures (OPEX) are
identical across all scenarios. While larger battery systems benefit from extended lifetime, this
advantage does not translate into a consistently lower TCO over the evaluated period.

Over the 10-year period of the analysis, the 1550 kWh configuration achieves the lowest TCO
only briefly between year 8.3 and 8.6. In contrast, the 664 kWh configuration results in the
lowest cumulative TCO for a significant portion of the evaluated period (7.4 years in total) and
also exhibits the lowest final TCO at the end of the 10-year evaluation period, despite requiring
battery replacement every 4.2 years. These values are summarized in 7able 8.
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Table 8: Battery size effects on TCO

CAPEX | Replacement Battery DLoit Time with Final

Eimitiat | vy intervals cost e I — el B

[ME€] (10yrs) [ME€]
664 kWh 1.8 4.2 years 0.24 2 7.4 years 3.2
1107 kWh 2 6.5 years 0.41 1 2.3 years 33
1550 kWh 2.2 8.6 years 0.57 1 0.3 years 3.6

The results suggest that minimizing upfront battery size provides the most cost-effective
solution over the studied period, as reduced initial investment outweighs the benefits of
extended battery lifetime in larger battery configurations. However, the financial viability
rankings are highly sensitive to the chosen evaluation windows due to the discrete nature of

battery replacement events.

5 Test Cases for Operational Stress

5.1 Trip Frequency

Trip frequency determines how often the battery undergoes a charge-discharge cycle within a
given time period, directly influencing cumulative energy throughput and therefore cycle aging.
To investigate this effect, three daily utilization levels are evaluated: 9, 15 and 21 trips per day,
representing a reduction and an increase of 40% relative to the baseline schedule of 15 trips per
day. All other parameters remain unchanged.

Figure 18 presents the cumulative energy throughput trends under different daily utilization

patterns.
Total Energy Throughput With Different Daily Utilization
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Figure 18: Cumulative energy throughput with different daily utilization
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The results indicate that with higher daily utilization a progressively higher total energy
throughput can be reached until battery EoL. This suggests that with lower utilization calendar
aging becomes more dominant, therefore a larger portion of usable battery capacity remains
unexploited from an operational perspective. Table 9 summarizes the effects of daily utilization
on total energy throughput and lifetime.

Table 9: Utilization effects on total E-throughput

t;Z;S Autilization Lol E_ﬂ[lggt,l/f}é%lg]u il Zell AE — throughput Tm%ilﬁntﬂ
9 -40% 8.7 GWh -8.4% 9.9 years
15 - 9.5 GWh - 6.5 years
21 +40% 9.9 GWh +4.2% 4.8 years

Figure 19 illustrates the SoH evolution as the battery degrades under different daily utilization
patterns.

State of Health (SoH) Trends Over Battery Lifetime With Different Daily Utilization
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Figure 19: Battery SoH trends with different daily utilization

The results, summarized in Table 10, show that a 40% reduction in daily utilization leads to a
52% increase in battery lifetime, while a 40% increase in utilization results in only a 26%
reduction in lifetime.

Table 10: Utilization effects on battery lifetime

trips Atrips . ALifeti o ALifeti
day day ifetime ifetime [%] ifetime
9 -40% 9.9 years +52% +3.4 years
15 baseline 6.5 years - -
21 +40% 4.8 years -26% -1.7 years
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This asymmetric response suggests that reduced utilization significantly prolongs battery life
due to the lower contribution of cycle-induced degradation. While increased utilization
accelerates degradation but also enables greater exploitation of the initial capacity over the
lifetime of the battery.

Figure 20 presents the evolution of the Total Cost of Ownership (TCO) for the diesel and
battery-electric configuration under three different daily utilization patterns.

Total Cost of Ownership (TCO) With Different Daily Utilization
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Figure 20: TCO of electrified and diesel ferries with different daily utilization

Results, summarized in 7able 11 suggest that higher utilization could be financially more viable,
as at the end of the evaluation period the TCO difference between the original diesel and the
electrified configuration is the smallest for the highest daily utilization scenario, regardless of
more frequent battery replacements.

A 40% lower daily utilization results in an 81% higher TCO difference, compared to the
baseline case. Whereas a 40% higher daily utilization results in a 31% lower final TCO
difference compared to the baseline case. These results indicate that higher utilization brings
forward the break-even point where battery-electric TCO becomes lower than diesel TCO.

Table 11: Utilization effects on TCO

Final | TCO
Final .| diesel | diff.
trips | Atrips | Replacement NIls O ocie | S i) | aie | S
. replacements OPEX Diff.
day day intervals (10yrs) TCO [M€] [ME€] | end of (%]
y [M€] eval.
period
9 ~40% 9.9 yrs 1 294 | 094 | 1.49 | 145 |*81%
15 | baseline 6.5 yrs 3.28 1.28 2.48 0.8 -
21 +40% 4.8 yrs 2 4.03 2.03 348 | 0.55 | -31%
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5.2 Cruising Power Demand

Route energy demand is a key determinant of battery degradation, as it directly affects the depth
of each discharge cycle and the cumulative energy throughput over time. Higher propulsion
power results in greater energy consumption per trip, increasing DoD and accelerating cycle

aging.

To investigate this effect, three average cruising power levels are evaluated: 224 kW, 280 kW,
and 336 kW, representing a reduction and an increase of 20% relative to the baseline value of
280 kW. On adverse weather days, each configuration assumes a proportional 25% increase in
cruising power, resulting in values of 280 kW, 350 kW, and 420 kW respectively.

All other parameters, including battery capacity, schedule, charging infrastructure and number
of adverse weather days per year, are held constant across these test cases.

Figure 21 illustrates the evolution of battery State of Health (SoH) for the three investigated
cruising power values. The results, summarized in 7able 12 show that a 20% reduction of
average cruising power results in a 17% increase of lifetime, while a 20% increase of average
cruising power only results in a 12% decrease in lifetime.

State of Health (SoH) Trends Over Battery Lifetime With Different Average Cruising Power Values
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Figure 21: SoH trends with different average cruising power values

These results may be explained by the fact that higher average cruising power demands increase
energy throughput over a given time frame, thereby shifting dominant aging mechanisms from
calendar aging to cycle aging and enabling more effective operational use of battery capacity,
similarly to what is observed at higher daily utilization levels.
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Table 12: Average cruising power effects on lifetime

Avg.
cruising | APgyg cruis[%] | Lifetime ALifetime [%] | ALifetime
power
224 kW -20% 7.6 years +17% +1.1 years
280 kW baseline 6.5 years - -
336 kW +20% 5.7 years -12% -0.8 years

To confirm that higher average cruising power demands result in increased energy throughput,
therefore driving the shift from calendar to cycle aging and improving operational battery
utilization, Figure 22 illustrates the cumulative energy throughput for the three investigated

cases.

Total Energy Throughput With Different Average Cruising Power Values
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Figure 22: Cumulative energy throughput with different average cruising power values
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Quantitative results, summarized in 7able 13 show that higher average power demand results
in higher total energy throughput over lifetime, that is analogues with the effects of higher daily

utilization.
Table 13: Cruising power effects on total E-throughput

Avg ) Total E-throughput until Time until
cruising | APgyg.cruis EoL [80% SoH] AE — throughput Fol

power
224 kW -20% 9.3 GWh -2.1% 7.6 years
280 kW - 9.5 GWh - 6.5 years
336 kW +20% 9.8 GWh +3.2% 5.7 years
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To quantify the financial effects of different energy demands Figure 23 illustrates the evolution
of the Total Cost of Ownership (TCO) for the diesel and battery-electric configuration with
three different average cruising power values.

Total Cost of Ownership (TCO) With Different Average Cruising Power Values
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Figure 23: TCO of electrified and diesel ferries with different average cruising power values

The results summarized in 7able 14 indicate that electrifying operations associated with higher
average cruising power demands could be financially more viable, as at the end of the
evaluation period the TCO difference between the original diesel and the electrified
configuration is the smallest for the highest average cruising power scenario.

A 20% lower average cruising power demand results in a 23.8% higher TCO difference,
compared to the baseline case. Whereas a 20% higher average cruising power demand results
in a 22.5% lower final TCO difference compared to the baseline case. These results suggest that
ferry operations with higher power demands may be more economically suitable for
electrification, as the associated increase in energy throughput over a given time frame can
bring forward the break-even point at which battery-electric TCO becomes lower than diesel
TCO.

Table 14: Average cruising power effects on TCO

Avg. Number of Final . . TCO diff. at | TCO
.S . Final diesel .
cruising | APgyg cruis | replacements electric TCO [ME€] the end of Diff.
power (10yrs) TCO [ME€] eval. period [%]
224kW | -20% 1 3.14 2.15 0.99 +23.8%
280 kW | baseline 1 3.28 2.48 0.8 -
336 kW +20% 1 3.43 2.81 0.62 -22.5%
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5.3 Adverse Weather Impact

Geographic location and local climate conditions are significant factors in ferry electrification
feasibility assessments. Ferries operating in exposed coastal or northern European waters face
considerably harsher environmental conditions than ferries on sheltered inland routes, and this
directly translates into higher propulsion energy demand.

Unlike battery sizing or trip frequency, weather exposure is largely fixed by route geography
and cannot be optimized, making it an important parameter for evaluating whether
electrification is viable at a given location.

In naval design, it is common practice to apply a sea margin on top of calm-water power demand
to account for the added resistance from wind, waves and currents [26]. For this simulation
framework, adverse weather is represented as a 25% increase in average cruising power demand
on affected days.

In the baseline scenario, 73 days per year are defined as adverse weather days, corresponding
to 20% of the year. To investigate the sensitivity of the system, two additional cases are
evaluated: 37 days per year (10% of the year, representing a mild, sheltered environment) and
110 days per year (30% of the year, representing a harsher or more exposed operating
environment). These days are distributed randomly throughout the simulated year.

All other parameters are held constant across the three cases.

Figure 24 illustrates the evolution of battery State of Health (SoH) for the three investigated
cases.

State of Health (SoH) Trends Over Battery Lifetime With Different Number of Days With Adverse Weather
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Figure 24: SoH trends with different yearly weather
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Results summarized in 7Table 15 show that effects of the yearly adverse weather days on battery
lifetime are marginal. Reducing the frequency of adverse weather days by 49% leads to 1.5%
increase in lifetime, while a corresponding 51% increase results in a similar magnitude decrease

of approximately 1.5%.

Table 15: Effects of adverse weather days on lifetime

Adverse | Percentage of
weather days with Diff. [%] from e e 0 e
i adverse baseline Lifetime | ALifetime [%] | ALifetime
year weather
37 10% -49% 6.6 years +1.5% +0.1years
73 20% baseline 6.5 years - -
110 30% +51% 6.4 years -1.5% -0.1lyears

To assess and quantify the economic effects of different operating environments, represented

by varying number of days with adverse weather and therefore increased power demand, Figure
25 illustrates the evolution of the Total Cost of Ownership (TCO) for the diesel and battery-
electric configuration under three different climate conditions.
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Figure 25: TCO of electrified and diesel ferries with different yearly weather
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The marginal difference observed in battery lifetime is also reflected in the TCO analysis. As
summarized in Table 16.

Table 16: Number of adverse weather days on TCO

TCO
Adverse | Torcentage | . Tcodige. | 4
weather of Qays Diff. [%] Flna! Final diesel at the end compared
davs with from electric TCO [ME€] of eval to
Y adverse baseline TCO [ME€] o baseline
per year period
weather case
[%o]
37 10% -49% 3.26 2.45 0.81 +1.25%
73 20% baseline 3.28 2.48 0.80 -
110 30% +51% 3.30 2.53 0.77 -3.75%

The baseline scenario represents 20% of days in a year with adverse weather conditions.
Operating in this environment, an electrified ferry will accumulate a total cost of ownership
(TCO) of 3.28 M€ by the end of the 10-year evaluation period, which is still 0.8 M€ higher than
the diesel ferry. Considering a scenario where adverse weather occurs on only 10% of days per
year, representing an approximately 49% reduction compared to the baseline, the difference
between the electric and diesel TCO at the end of the evaluation period is 0.81 ME,
corresponding to only a 1.25% increase. In a scenario with 30% of days affected by adverse
weather, corresponding to an increase of approximately 51% compared to the baseline, the TCO
difference after 10 years is 0.77 M€, which corresponds to a 3.75% decrease.

While the previously observed trend suggests that higher power demand, energy consumption,
and utilization generally lead to better economic outcomes for electrification, the impact of
weather variations as simulated in this study appears to be negligible.
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6 Conclusion

The objective of this work was to quantify and analyze how key design and operational
parameters, specifically battery sizing, trip frequency, propulsion power demand, and adverse
weather exposure, interact to determine battery degradation, lifetime, replacement
requirements, and total cost of ownership in short-haul fully electric ferry systems.

To achieve this, a simulation-based technical-economic framework was developed and applied
to a representative case derived from the Esbjerg-Fang ferry route in Denmark. The framework
couples a synthetic power profile generator with an energy-based battery performance model,
a semi-empirical degradation model capturing both cycle aging and calendar aging, and a cost
model computing TCO for both diesel-electric and fully electric configurations. A parametric
sensitivity analysis was conducted over a fixed 10-year evaluation period, varying one
parameter at a time around the defined baseline.

The defined objective was successfully achieved, as the framework demonstrates the ability to
quantify how each investigated parameter influences battery lifetime, degradation rate, and total
cost of ownership across the range of tested scenarios.

Within the assumptions of this study, the key quantitative findings are as follows:

Battery sizing has a sub-linear effect on lifetime. A 40% reduction in initial capacity (664 kWh)
decreases lifetime from 6.5 to 4.2 years (—35.5%), while a 40% increase (1550 kWh) extends it
to only 8.6 years (+32.3%). The smallest battery configuration achieves the lowest final 10-year
TCO at 3.2 M€ despite requiring two replacements, compared to 3.3 M€ and 3.6 M€ for the
baseline and oversized configurations respectively. This suggests that minimizing initial battery
investment can outweigh the cost of more frequent replacements within this evaluation window.

Trip frequency is the most influential operational parameter. Reducing daily trips by 40% (from
15 to 9 trips/day) extends battery lifetime by 52% to 9.9 years, while a 40% increase (21
trips/day) reduces it by 26% to 4.8 years. Economically, higher utilization significantly
improves viability: at 21 trips/day the final TCO gap between electric and diesel narrows to
0.55 M€ (—31% relative to baseline), while at 9 trips/day it widens to 1.45 M€ (+81%).

Propulsion power demand produces qualitatively similar effects to increased trip frequency. A
20% reduction in average cruising power (224 kW) extends lifetime to 7.6 years (+17%) but
increases the 10-year TCO gap by 23.8%, while a 20% increase (336 kW) shortens lifetime to
5.7 years (—12%) but reduces the TCO gap by 22.5%. This is consistent with the trend observed
for trip frequency, where higher operational energy demand improves the relative economic
viability of electrification.

Adverse weather exposure has a negligible effect. Varying the proportion of adverse weather
days between 10% and 30% of the year changes battery lifetime by only £1.5% (£0.1 years)
and alters the 10-year TCO difference by less than 4%.

Under the cost parameters used in this study none of the investigated scenarios reaches financial
break-even with the diesel-electric reference within the 10-year evaluation period. The baseline
electric TCO of 3.28 M€ exceeds the diesel TCO of 2.48 M€ by 0.8 M€ at the end of the
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evaluation window. This however does not imply that electrification is economically infeasible
in general. Routes with higher utilization or power demand, lower battery and electricity prices,
higher fuel prices or a longer evaluation horizon may result in more favorable outcomes within
the same framework. Importantly, all investigated electrified configurations achieve near
carbon-neutral operation when charged from renewable sources, which is consistent with the
European Union's decarbonization targets for maritime transport.
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7 Future Work

Several extensions to the proposed framework could improve the accuracy, scope, and practical
applicability of the results.

The degradation model could be enhanced in several ways to improve its physical accuracy.
First, DoD could be incorporated as an explicit cycle aging factor, rather than relying only on
cumulative energy throughput, allowing the model to better capture the non-linear acceleration
of degradation under deeper discharge conditions. Second, the calendar aging component could
be extended to account for the effect of SoC level during rest and storage periods. Since the
current model assumes a fixed calendar aging coefficient independent of SoC, incorporating
this dependency would improve the accuracy of lifetime predictions, particularly for scenarios
where the battery regularly rests at high SoC levels between trips.

The simulation horizon could be extended to cover the full operational lifetime of a ferry vessel,
typically 30 to 40 years. This would allow multiple battery replacement cycles to be captured
and would provide a more complete picture of long-term TCO, including the potential economic
benefit of declining battery prices over time.

The effects of different charging infrastructure configurations represent another important area
for further investigation. Reducing shore-side charging power would lower infrastructure
CAPEX, and for routes with lower utilization, slower charging may be operationally acceptable.
Additionally, enabling charging at both terminals rather than only one could allow a smaller
onboard battery to satisfy the same energy requirements, potentially reducing both battery
CAPEX and degradation rate.

Charging strategy optimization could also be explored by testing different SoC operating
windows. Restricting the upper or lower SoC limits reduces cycle stress and may extend battery
lifetime, though at the cost of reduced available energy per trip. Quantifying this trade-off
within the existing framework would be straightforward and could result in useful design
guidelines.

Finally, an economic sensitivity analysis would complement the technical results by examining
how variations in electricity prices, marine diesel prices, and battery costs influence the break-
even point and overall financial viability. Given the ongoing decline in lithium-ion battery
prices, scenarios with lower future battery costs could be tested to assess under what conditions
more frequent replacement of smaller battery systems becomes economically preferable to
larger initial investments.
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