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ARTICLE INFO ABSTRACT

Keywords: This study presents a framework for designing and optimizing ship energy systems including weather-driven

Cost speed variability and navigation safety constraints. Navigation risks including resonance, surf-riding, and suc-

S%Zin_g cessive high-wave impacts, are calculated using five years of hourly weather data. Random speed variations (up
]E)‘;Zt:::;n to +5%) are applied to a baseline speed profile to capture operational uncertainty, and safety-based speed re-
Safety ductions (up to 40%) are applied when required. Course changes are excluded. Treating navigation risks as
Weather constraints, operating profiles are generated for different weather conditions. For a conceptually retrofitted cargo

ship, hydrogen fuel cell and battery capacities, and their power distribution, are optimized for each operating
profile to minimize lifetime energy system cost and assess the effects of weather-induced power variation. Results
show that speed and weather variability can significantly change power demand, requiring fuel cell capacities
between 700 and 1500 kW. The most common configuration is a 1200 kW fuel cell system with 180 kWh of
battery capacity, covering 39% of laden profiles, while full power coverage requires 1500 kW. Lifetime cost
outcomes exhibit a 5th-95th percentile spread of —10.3% to +11.1% relative to mean cost. The results

demonstrate the significant influence of weather variability on system sizing and cost.

1. Introduction

Shipping facilitates approximately 90% of global trade (Khan et al.,
2021). Despite its vital economic role, the sector is responsible for about
10% of the global NOy emissions and 3% of CO5 emissions (Gritsenko,
2017). Without effective mitigation measures, this percentage may in-
crease substantially (IMO, 2023). To meet the stringent regulations
imposed by regulatory bodies, there is an urgent need for more
energy-efficient and environmentally sustainable ships. Enhancing hy-
drodynamic performance, particularly through sailing speed optimiza-
tion, remains a key strategy for reducing fuel consumption in both
newbuilt and retrofit ships. Moreover, there is growing interest for
alternative ‘green’ fuels such as hydrogen, as substitute for diesel, to
lower the lifecycle emissions and ensure regulatory compliance
(Balcombe et al., 2019).

Ship fuel efficiency and operational performance are highly sensitive
to external disturbances which introduce uncertainty into the vessel's
speed and power profiles (Esmailian et al., 2022). If neglected, these
variations in operating conditions can lead to suboptimal designs and
under or over-estimation of lifetime costs, ultimately affecting economic
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feasibility.

Several studies have explored the impact of operational uncertainty
on ship performance. Esmailian et al. (2022) addressed both
weather-related and epistemic uncertainty, during the design stage,
optimizing hull and propeller parameters for realistic sea conditions.
Lang and Mao (2021) presented a semi-empirical model to predict ship's
speed loss at arbitrary wave headings, improving accuracy for voyage
optimization. The model estimates added resistance in irregular seas by
extending validated formulae originally developed for head regular
wave conditions (ISO, 2015). Seo and Oh (2021) analyzed short-term
variability in speed-power performance using sea trial data and Monte
Carlo simulations, identifying shaft power measurement uncertainty as
the dominant factor. Coraddu et al. (2014) modelled speed and
displacement as stochastic variables over long-term operational data to
evaluate energy efficiency operational indicators via Monte Carlo
analysis. Similarly, Fan et al. (2020) developed a Monte Carlo-based
energy efficiency model that incorporates environmental parameters
(wind, waves, current, water depth), cargo loading, and speed. While the
above studies focus on performance prediction or operational assess-
ment under uncertainty, the present work extends this line of research
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by incorporating weather-driven speed variability into the energy sys-
tem design optimization of a hydrogen-fuelled ship.

In recent years, various operational strategies have been adopted to
reduce fuel consumption and emissions in the maritime sector. Among
these, slow steaming, the intentional reduction of sailing speed, has
received considerable attention for its potential to significantly improve
fuel efficiency, albeit at the cost of reduced voyage frequency and po-
tential revenue loss (Farkas et al., 2022). Numerous studies have high-
lighted the potential economic and environmental benefits of this
approach, which are highly dependent on vessel type, size, trade routes,
charter rates, and fuel prices (Degiuli et al., 2021, 2024; Farkas et al.,
2022; Pelic¢ et al., 2023). Additionally, weather routing has become a
widely adopted operational strategy for optimizing both fuel efficiency
and voyage safety by adjusting the ship's route and speed based on
forecasted environmental conditions. Zis et al. (2020) presented a sur-
vey of ship weather-routing, categorizing existing methods and their
application areas. Kytariolou and Themelis (2022) developed a routing
optimization tool that incorporates forecasted weather data and sea-
keeping constraints, enabling both fuel-efficient and safe passage plan-
ning. Fabbri and Vicen-Bueno (2019) highlighted the importance of
navigational risk assessment, while De Gracia et al. (2018) demon-
strated how weather-informed routing can reduce fatigue damage and
protect hull integrity under varying sea states. Pennino et al. (2020) used
a Dijkstra-based routing model to enhance seakeeping performance with
minimal impact on voyage duration. While these studies clearly
demonstrate the advantages of slow steaming for fuel efficiency and
weather routing for enhancing safety under environmental uncertainty,
there is limited literature exploring speed adjustments as a proactive
safety measure, rather than solely to reduce fuel consumption or
emissions.

The previously referenced studies have extensively explored strate-
gies for reducing fuel consumption and emissions through operational
adjustments and hydrodynamic performance improvements. In recent
years, there has been increasing interest toward alternative fuelled
ships, to achieve substantial emission reductions. Hydrogen fuel cells
have emerged as a promising zero-emission alternative to conventional
diesel propulsion systems, with their adoption seen as vital for regula-
tory compliance (Mylonopoulos et al., 2024). Several studies have
focused on energy system sizing and operation for hydrogen-fuelled
ships. Pivetta et al. (2021) and Dall’Armi et al. (2021) conducted
multi-objective optimizations accounting for fuel cell and battery
degradation, while Dall’Armi et al. (2022) extended this work by
incorporating uncertainty in fuel and component costs using Montecarlo
simulations. Bassam et al. (2016b) evaluated multiple system configu-
rations to identify the optimal topology in terms of total energy system
cost. Other studies focused on developing energy management strategies
for control of fuel cell-battery hybrid ship systems to optimize the power
distribution for fixed design parameters (Bassam et al., 2016a, 2017;
Han et al., 2014; Zhang et al., 2020). However, the previous optimiza-
tion studies assume static or simplified power profiles without ac-
counting for variability in power demand due to operational
uncertainty. This may limit the accuracy of lifetime cost assessments and
energy system design and operation. Only a few energy system design
and operation optimization studies have introduced some degree of
operational variability. Vieira et al. (2022) evaluated two
uniform-demand scenarios by scaling the baseline power profile by
+10% across all timesteps: one profile fixed at +10% and another fixed
at —10%, and Wang et al. (2021) used four pre-defined power profiles
based on historical vessel data for a nested design and control optimi-
zation. Both studies perform multi-objective optimizations, for
diesel-fuel cell-battery hybrid systems, in terms of costs and emissions,
and consider only a few fixed power profiles to represent how the vessel
operates, which means they may not capture the full variability that
occurs under real weather and sea conditions. The present work extends
this line of research by introducing weather-driven speed variability
based on 5 years of weather data, and by incorporating navigation
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risk-based speed constraints into a lifetime cost minimization
framework.

To the best of the authors’ knowledge, no study to date addresses
lifetime cost optimization for vessel propulsion systems under opera-
tional uncertainty and weather-induced speed profile variability. This
research addresses this gap by focusing on the design and lifetime
operation of hydrogen-based ship energy systems.

The key contributions of this work are highlighted below.

e Development of a holistic framework that jointly optimizes energy
system sizing and operation by integrating weather-driven speed
profile variability into a lifetime cost minimization problem.

e Incorporation of safety-driven speed adjustments as a proactive
operational strategy for reducing navigation risks under adverse
weather conditions.

The remainder of this paper is organized as follows: Section 2 out-
lines the specifications and operational characteristics of the case vessel.
Section 3 describes the proposed methodology for the lifetime cost
optimization, including speed profile variability. Section 4 discusses the
key results from the optimization analysis. Finally, Section 5 draws
conclusions and offers recommendations for future research.

2. Case study

The case vessel in this study is a 90-m-long, 12.5-m-wide general
cargo ship with an approximate deadweight of 3700 tons (Mylonopoulos
etal., 2024). It is assumed to operate along a fixed route in the Baltic Sea
between Sweden and Lithuania, completing 80 laden and 80 ballast
voyages annually, each lasting around 29 h (depending on the speed).
This repeated voyage enables an investigation into how variability in
speed and power demand, due to different weather conditions, affects
the lifetime cost. A baseline speed profile (Fig. 1), and the course over
ground of the vessel as a function of time, derived from historical on-
board measurement data, are used as input to the analysis. To reduce the
ship's environmental footprint, its original diesel engine propulsion
system is conceptually replaced by a proton exchange hydrogen fuel cell
system, supported by lithium-ion batteries (Mylonopoulos et al., 2024).
The vessel is assumed to have a remaining operational lifetime of 20
years after retrofitting.

3. Methodology

The proposed methodology, illustrated in Fig. 2 consists of two main
steps.

e Step 1: Data collection and analysis.

Historical weather and ship operational data are gathered. ERAS
hourly wind and wave data (Copernicus Climate Change Service, 2018),

[—
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0 5 10 15 20 25 30
Time (hours)

Fig. 1. Baseline speed profile of the case ship (17-18 March 2022).
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Fig. 2. Methodology diagram.

along with onboard measurements of ship speed and heading, are used
as input to calculate relative wind and wave directions.

e Step 2: Lifetime cost optimization.

Operating profiles are created by starting from the original ship
speed profile, then applying a+5% random speed variation (at each time
step) to reflect operational uncertainty, and then applying the necessary
adjustments to ship speed driven by weather conditions to mitigate
navigation risks (surf-riding, resonance and successive high-wave im-
pacts). Ship resistance and power demand are then calculated based on
the resulting speed profiles.

An optimization framework is developed to quantify the impact of
speed and power-profile variability on lifetime cost of the ship energy
system. The framework optimizes total fuel-cell and battery capacities,
and their time-varying power outputs, to minimize the Net Present
Value (NPV) of total lifetime cost for each operating profile. The selected
design configuration must cover all the power profiles (including
extreme power-demand scenarios). Model outputs include the optimal
design parameters and the lifetime cost distribution.

3.1. Data collection and analysis

To capture seasonal and interannual weather variability, while
maintaining computational efficiency, operating periods from all days of
each month over the last five years are selected, resulting in a broad
representation of realistic operating conditions across multiple seasons
and years. The objective of the study is energy system sizing and lifetime
cost assessment under realistic operating conditions, rather than
maneuvering performance or vessel response to short-duration transient
power spikes. Given the largely steady operating profile of the case
vessel (Mylonopoulos et al., 2024), the adopted hourly temporal reso-
lution is considered appropriate for the present techno-economic scope.
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High temporal resolution environmental data are typically available
only from in-situ measurements, which usually cover limited spatial
areas and short time periods, and therefore do not provide the
multi-year spatial coverage required for the present analysis. Sub-hourly
environmental fluctuations are not expected to change optimal system
capacities within the lifetime cost-driven system sizing framework
developed in this study.

The wind speed, wind direction, significant height of combined wind
waves and swell, mean wave direction, and wave period are extracted
from the ERAS5 dataset to generate load profiles for different weather
conditions along the vessel's operational route (Copernicus Climate
Change Service, 2018; ISO, 2015).

A total of 840 operating profiles are generated (14 profiles per month
over 5 years, each lasting approximately 29 h depending on ship speed),
each corresponding to a distinct set of historical hourly wind and wave
conditions extracted from ERA5 (Copernicus Climate Change Service,
2018). Each profile represents one deterministic weather-based oper-
ating case. For a given case (profile), the vessel is assumed to perform 80
round trips per year (80 laden voyages and 80 ballast return voyages)
over its 20-year remaining lifetime under the same environmental
conditions represented by that profile. The ballast leg is included by
reversing the vessel heading while maintaining the same hourly envi-
ronmental conditions and baseline speed profile. This ensures that the
lifetime cost calculation reflects complete round trips (laden and ballast)
for each weather case. Considering both laden and ballast loading con-
ditions reflects realistic commercial vessel operation and avoids bias in
lifetime cost estimation that would arise from modelling only a single
loading condition or a single sailing direction.

The 840 profiles are not assumed to occur within the same opera-
tional year. Instead, each profile is analyzed independently to evaluate
how different realistic weather conditions affect optimal system sizing
and lifetime cost. The optimization is performed independently for each
of the 840 weather-based power profiles. This allows the assessment of
how different realistic environmental and operating conditions influ-
ence optimal system sizing and lifetime cost. In contrast to approaches
that assume a single power profile repeated over the lifetime (Bassam
et al., 2016b; Dall’Armi et al., 2021), the present study quantifies the
variability of optimal designs and cost outcomes across a wide range of
historical operating conditions. The final selected configuration is cho-
sen to ensure full power coverage across all profiles, incorporating a
practical capacity margin for operational robustness.

The wave period, wave height, ship's speed, and relative wave di-
rection, are critical parameters for assessing navigational risks (IMO,
2007).

3.2. Optimization framework

3.2.1. Generation of speed and power demand profiles

Weather variability is represented through five years of historical
ERA5 wind and wave data, from which 840 distinct hourly weather-
based operating profiles are constructed. These profiles capture real-
istic environmental variability across a wide range of operating condi-
tions from multiple seasons and years. Within each profile, the
environmental conditions are treated as deterministic, as each profile
represents one specific historical weather-based operating case. The
objective of this modelling approach is to capture realistic weather-
driven operational variability rather than to perform full probabilistic
metocean uncertainty propagation. In addition to weather effects, a
random speed variation of up to +5% is applied at each time step to
represent operational variability unrelated to environmental conditions,
such as trim changes, machinery control deviations, pilotage decisions,
and traffic effects, based on discussions with the vessel operators. The
selected bound is intended to represent modest operational variability
while keeping the resulting profiles close to the baseline speed profile.

For each speed profile, after applying the random speed changes, the
associated navigation risks, including surf-riding, resonance, and
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successive high wave attacks, are calculated and assessed to ensure safe
and realistic operating conditions.

Surf-riding typically occurs when a vessel sails in following or stern
quartering seas (waves approaching from astern) and is situated on the
forefront of a steep wave. This can lead to rapid accelerations and
potentially trigger the broaching-to phenomenon, where the ship ex-
periences an uncontrollable yawing motion and large heeling angles,
increasing the risk of capsizing. According to the guidelines provided by
the International Maritime Organization (IMO) (IMO, 2007), surf-riding
risks are particularly high within the following conditions, shown in
Equations (1) and (2):

1.8 < % <3 (€8]
and

135 < a <225 (°) @
where.

e V; is the ship speed (knots)
e L =90 m. is the ship's length
e ¢ is the relative wave direction (degrees)

Resonance refers to the amplification of ship motions when the wave
encounter period (Tg) is almost equal to the ship's natural roll period
(Tn) or half of it. The two periods are defined as shown in Equations (3)
and (4) based on (IMO, 2007; Papanikolaou, 2014).

_ 3-Ty(t)
Te® = 37, 1 + V. (0)cos (@) @
2:7-0.38-B
Iy =——— oG (s) 4
where.

e tis the time (seconds)

e T, is the wave period (seconds)

e B =12.5 m is the ship's breadth

e g =9.81 m/s? is the gravitational acceleration

e GM is the transverse metacentric height: 0.36 m in laden condition
and 1.74 m in ballast condition (Mylonopoulos et al., 2026).

To mitigate resonance-related risks, such as synchronous rolling
(Equation (5)) and parametric rolling (Equation (6)), the following
criteria are applied (Krata and Wawrzynski, 2016):

| Tg(t) — Tn| > 1 (s) 5)

| Te(t) — 0.5-Ty| > 1 (s) 6)

These constraints ensure that the wave encounter period does not
closely match the ship's natural period or half of it, thus reducing the
likelihood of resonance.

According to (IMO, 2007), successive wave attack risks can be pre-
sent, at following or stern quartering seas, for the operating conditions
shown in Equations (7) and (8):

1.6 < Ve <24 @
T,

and

140 < a < 220, (°) (8)

The successive wave attack risks are particularly high for significant
wave heights h; > 0.04 -L (IMO, 2007).
To mitigate the risks of surf-riding, resonance, and successive high-
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wave attacks, the ship's speed is adjusted while assuming a fixed
course throughout the voyages. Course changes are out of scope for this
study, as the focus is on evaluating speed-based risk mitigation and its
impact on energy system and lifetime cost. Discussions with vessel op-
erators indicated that engine power reduction, and thus speed adjust-
ment, is their primary risk-mitigation strategy. Based on these
discussions, the minimum required speed adjustment is applied when
necessary, within operational bounds, limited to a maximum reduction
of 40%, which was identified by the vessel operators as the practical
limit in real operation. Such speed reductions can enhance safety,
improve fuel efficiency, and limit peak power demand and energy sys-
tem size. Speed increases were not considered as a mitigation strategy,
as increasing engine power to avoid resonance condition would lead to
higher fuel consumption and is not commonly applied in practice ac-
cording to vessel operators. The resulting safety-adjusted speeds are
then used to determine the voyage duration for the fixed sailing dis-
tance, which in turn affects the fuel consumption per trip.

For each scenario, the updated speed profiles are used to estimate the
total ship resistance (R;), as shown in Equation (9):

R; = Ream + Rwave + Ryind (9)

where.

e R.um is the calm water resistance (N), derived from the resistance-
speed curves of the case ship for both laden and ballast conditions.
The resistance-speed curves (provided by the vessel operators) are
shown in Fig. 3. Within the available speed range, resistance values
are obtained by linear interpolation of the provided data. Outside
this range, linear extrapolation is applied to ensure continuity of the
power demand curve. The extrapolated low-speed values have a
negligible impact on optimal system sizing and lifetime cost.

o R, e is the added wave resistance (N)

® R,inq is the added wind resistance (N)

The added wind resistance is calculated using Equation (10), based
on (ITTC, 2005):

Ruing = 0.5:p4-Axv-Cas(Wr) Vi )

where.

e p, = 1.225 kg/m® is the air density
o Axy (m?) is the vessel's transverse projected area to the wind: 117.2
m? in the laden condition and 143.1 m? in ballast. The higher value

—— Laden
Ballast

250
200+
150

100+

Resistance (kN)

501

6 8 10 12 14
Speed (knots)

Fig. 3. Resistance-speed curves for laden and ballast conditions.
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in the ballast condition reflects the reduced draft, which increases
the above-water area exposed to wind.

o Caa(yyg) is the wind resistance coefficient as a function of the
relative wind direction, derived from (ISO, 2015).

e Vyr (m/s) is the relative wind velocity, computed using Equation
(11), based on (Aijjou et al., 2020).

Vg = \/ V2 s+ Vo + 2:V s Viy-cos (a) an
where.

e V;_ms = 0.5144 - V; is the ship speed converted from knots to m/s
e Vrw (m/s) is the true wind speed from ERA5.

The maximum added wave resistance (Xy), over relative wave di-
rections from head to 30° off-bow, can be calculated using Equation
(12), based on (IMO, 2021).

Bd 0.75
Xy =1336:(5.3 4 Vy_ns)- <T) -H? 12)

where.

e d is the ship's mean draft: 5.3 m in laden condition and 3.23 m in
ballast condition.

The added wave resistance for any relative wave direction can be
approximated using Equation (13), based on (IMO, 2021; Lang and Mao,
2021):

X, -cos’(a ,a e [0,90] U [270, 360
me—{ 4-cos’(@),ae [0,90] V] ) 13)

0, otherwise

This approach aligns with other studies that have assumed zero
added wave resistance in following and stern quartering seas (ISO, 2015;
Mittendorf et al., 2022) noting that the degree of uncertainty in esti-
mating this component often exceeds its actual magnitude. The widely
adopted STA-1 and STA-2 methods assign zero added resistance for
relative wave directions between 90° and 270° (Esmailian et al., 2022;
ITTC, 2005). Hence, in following and stern-quartering seas (90° - 270°),
the added wave resistance is approximated as zero. In these conditions,
the added resistance is generally small and may even become negative
due to wave-assisted propulsion effects. Therefore, using a zero
approximation provides a reasonable first-order representation for the
purpose of this study, which focuses on energy system sizing and lifetime
cost assessment rather than detailed hydrodynamic modelling, which
would increase modelling and computational complexity. In addition,
peak power demand in the dataset is mainly driven by head and
bow-quartering sea states, which can be calculated using the
IMO-provided formulation (Equation (12)). While recent research has
introduced more advanced semi-empirical models for added wave
resistance (Kim et al., 2022; Mittendorf et al., 2022; Park et al., 2019),
incorporating such detailed models lies beyond the scope of this study.

The required propulsive power demand (Pgemang) in kW, is then
calculated using Equation (14), based on (Esmailian et al., 2022):

Rt'Vs_m.s
1000-n,

14)

Piemand =

where.

e 1, is the total propulsive efficiency. The values are provided, by the
vessel operators, as a function of ship speed for both laden and ballast
conditions, and are summarized in Table 1. Within the available
speed range, propulsive efficiency values are obtained by linear
interpolation of the provided data. Outside this range, linear
extrapolation is applied to ensure continuity of the power demand

Ocean Engineering 356 (2026) 125220

Table 1
Propulsive efficiency values as a function of speed for laden and ballast
conditions.

Ship speed (knots) Nt laden Ty _ballast
5 0.631 0.736
6 0.629 0.735
7 0.624 0.733
8 0.618 0.729
9 0.609 0.723
10 0.598 0.714
11 0.601 0.704
12 0.595 0.698
13 0.585 0.689
14 0.565 0.668

curve. The extrapolated low-speed values have a negligible impact
on optimal system sizing and lifetime cost.

The resistance-based propulsion power estimation (Equation (14))
captures the dominant hydrodynamic contributions (calm-water resis-
tance, added wind and wave resistance) relevant for system-level
techno-economic analysis. However, it does not aim to reproduce
exact historical shaft power measurements, which are influenced by
additional in-service factors such as hull fouling, machinery condition,
operational scheduling decisions, and traffic constraints. Therefore, the
present framework is intended for energy system sizing and lifetime cost
assessment under various weather-driven scenarios rather than time-
series replication of specific historical voyages.

3.2.2. Total cost optimization

The goal of the optimization is to determine the optimal system ca-
pacities and power distribution between fuel cells and batteries, for each
power profile, that minimize the NPV, under operational uncertainty
and weather-driven speed profile variability.

The fuel consumption as a function of time is calculated using the
quadratic expression shown in Equation (15):

Frc(k) = a-P2;(k) + b-Pre(k) + ¢ (15)

where.

e k represents the discrete time steps (k = 0,1,2 ... K)

o Prc(k) is the fuel cell power output in kW, at time step k (control
variable).

a = 0.0066,b = 1.4025, c = 1.8306 are the coefficients derived from
the fuel cell efficiency curve, provided by the manufacturer
(PowerCell Sweden AB, 2019). The fuel cell stack is rated at 100 kW.
Fig. 4 shows the characteristic curve of the fuel cell, with fuel con-
sumption (expressed in kW) on the y axis, and output power (kW) on
the x axis (Pivetta et al., 2021). The Frc (KW) is derived from the ratio
of output power over efficiency.

—e— Measured F_FC

Quadratic fit: 0.0066x? + 1.4025x + 1.8306 i

Fuel consumption Feo(kW)

e
100 7
’/"‘
g—Q‘/‘
o+~ : : : ‘
0 20 40 60 80 100
Output power Prc(kW)

Fig. 4. Fuel consumption curve.
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The total fuel consumption for a single voyage, accounting for all fuel
cells, is computed in kilograms using Equation (16):

K

Ftoml :NFC Z (FFC(k) <At Ce—m) (16)
k=0

where.

e K is the total number of time steps in a voyage profile.

e Npc is the number of 100-kW fuel cells (design variable).

e At is the time step duration. Its value is 1 h, aligned with the tem-
poral resolution of the ERA5 environmental data used in this study.
This 1-hr time step is consistent with practices commonly adopted in
the literature for weather-driven ship performance assessment
studies (Fabbri and Vicen-Bueno, 2019; Lang and Mao, 2021), but
also for energy system design-operation analysis (Liu et al., 2019;
Vahabzad et al., 2022; Zhang et al., 2025).

Ce-m = 0.03 kg/kWh is the energy-to-mass conversion coefficient
(Banaei et al., 2021).

The battery State of Charge (SoC) as a function of time is expressed
based on (Wang et al., 2021), as shown in Equation (17):

Ppae (k)-At

S0Csan(K) = S0Chan(k —1) ~ 5 =
att rate

17

where.

o Pyq. (k) is battery power output in kW, at time step k (control vari-
able). Positive power values indicate discharging.

® Eparaed = 60 kWh is the rated energy capacity of the battery, based
on the manufacturer data (Praxis Automation Technology B.V.,
2024).

To limit degradation, the battery C-rate is constrained between —1
and 1, and the SoC is bound between 20 and 80% (Praxis Automation
Technology B.V., 2024). The initial and final SoC are set to 50% for
energy balance without requiring shore charging.

The constraint for the power balance at each time step is shown in
Equation (18), ensuring that the combined output from fuel cells and
batteries matches the power demand, considering the efficiencies of the
powertrain components.

Peman k
Nic-Prc(K) + Noag-Pra (k) = —2emana(®) (18)

Neony *Miny *Mmotor *Tgh
where.

® Npg is the number of 60-kWh batteries (design variable). The
installed battery capacity should be at least 180 kWh for emergency
conditions (Mylonopoulos et al., 2024).

® Piemand(k) is the required propulsive power demand at time step k,
obtained from Equation (14).

® TNeonys Miny, Mmotor, Mgy are the efficiencies of converters, inverter,
motor, gearbox for the new powertrain, taken as: 0.985, 0.985, 0.96,
and 0.98 respectively, based on literature and manufacturer-based
values as documented in the authors' previous study
(Mylonopoulos et al., 2026).

This power balance equation is a mixed integer nonlinear constraint
due to the product of integer design variables and continuous control
variables.

The objective of the optimization problem is to minimize the total
lifetime cost, which includes the initial capital expenditure (CAPEX) and
the NPV of operational expenditure (OPEX), as expressed in Equation
19):
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min (CAPEX; + NPVoprx;

19
(Nic,. Noat: Prc(t). P (£) (19)

where.
e i denotes each operating profile.

This objective function is a mixed integer nonlinear equation due to
the product of integer design variables and continuous control variables.

The initial investment (CAPEX) includes the purchase costs for the
fuel cell and battery systems, as shown in Equation (20):

CAPEXl = NFC,- 'PFCArateEI‘CFC + Nbatt,- 'Ebatt,rated'cbutt (20)
where.

® Prcrared = 100 kW is the rated fuel cell power.

e Crc = 1014 $/kW is the cost per kW for the fuel cell stack
(Mylonopoulos et al., 2024).

o Cpor = 492 $/kWh is the cost per kWh for the battery (Mylonopoulos
et al., 2024).

The NPV of OPEX includes both the discounted fuel costs and
component replacement costs and is calculated as shown in Equation
(21):

NPVOPEX.i = NPVreplace,i + NPVfuel,i (21)

The NPV of the replacement costs is calculated as shown in Equation
(22):

T
_ bFC.replacet "N, FC; -P, FC ,rated'CFC,replace
NP Vreplace.i = § 1 T
=1 (1+r)
+ (bbatt,replace, 'Nbatti 'Ebatt‘mted’cbatt,replace > )

22
(1471 22)

where.

e t is the time in years, and T = 20 years is the vessel's remaining
lifetime.

® brcreplace, i @ binary variable for fuel cell replacement in year t
(approximately every 4 years, based on 20,000 operating hours
(PowerCell Sweden AB, 2019)).

® Dyayt replace, 1S @ binary variable for battery replacement in year t
(assumed every 7 years (Mylonopoulos et al., 2024)).

® Crc replace aNd Chayt replace are the replacement fuel cell and battery costs
in $/kW, which are assumed to be 50% of their initial CAPEX, based
on the reduced projected prices due to increased market adoption
(Mylonopoulos et al., 2024).

e r = 5% is the interest rate (Lagemann et al., 2023; Pericic et al., 2022;
Soni et al., 2023).

Fuel cell lifetime is represented using a simplified approach based on
manufacturer-provided limits (Mylonopoulos et al., 2026), while battery
replacement timing is based on the degradation analysis presented in
Mylonopoulos et al. (2024). In the present study, degradation is there-
fore represented through time-based replacement rather than detailed
dynamic aging modelling. This avoids relying on degradation parame-
ters mainly derived from automotive applications, which may not
accurately reflect maritime operating conditions and could yield unre-
liable results (Mylonopoulos et al., 2026). This approach remains
consistent with the techno-economic scope of the present framework.

The NPV of the lifetime fuel cost for each profile is calculated as
shown in Equation (23):
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Ftotal,i ’Nannual.nips‘chz (23)

NPVjye; = d+r)

T
t=1

where.

® Nannual,rips is the number of annual trips

e Cp, = 6%/kg is the baseline price of hydrogen fuel, based on
(Mylonopoulos et al., 2024). Due to fuel price uncertainty, the
impact of different green hydrogen prices (3$/kg and 9$/kg) on the
total lifetime cost, will be discussed.

The resulting optimization is a Mixed Integer Nonlinear Program-
ming (MINLP) problem solved with the open-source solver SCIP. SCIP
uses various techniques including: presolving, branch-and-bound
search, cutting planes, and heuristics to efficiently explore the design
space without excessive computational demands (Bestuzheva et al.,
2023).

The optimization framework produces a distribution of optimal so-
lutions, with required system capacities and power distribution between
fuel cells and batteries for each power profile. The selected design
should cover the power profiles of the ship with the minimum NPV.

4. Results
4.1. Data collection and analysis results

The minimum, maximum, and mean values of the wind and wave
parameters, obtained from ERAS data, are summarized in Table 2. Over
the past five years, conditions across the vessel's operating area are
generally moderate. The mean significant wave height is 1.03 m and the
mean wind speed is 6.77 m/s. Higher wind speeds are consistently
associated with higher significant wave heights in the dataset, reflecting
the physical dependency between the two parameters. Similarly, rela-
tive wind and wave directions are generally aligned, with only small
deviations across operating points, as expected when local wind drives
wave development. About 9% of operating points show angular differ-
ences greater than 50 °, likely reflecting swell contributions.

For data validation purposes, wind direction measurements from
onboard log data and ERA5 are compared, as shown in Fig. 5. These
wind profiles span from 12:00 on March 17, 2022 until 17:00 on the
following day. The two datasets exhibit similar overall trends, with
minor differences in wind direction observed throughout the baseline
voyage. These deviations are primarily attributed to the spatial and
temporal resolution differences: ERA5 provides hourly, spatially aver-
aged data over the vessel's operating area, which may not fully capture
localized gusts or small-scale phenomena. In contrast, the onboard
measurements are recorded at a higher frequency (every 5 min)
enabling finer resolution of local conditions. Larger discrepancies are
observed at the beginning and end of the voyage, likely due to vessel
manoeuvring or stationary periods at port. However, these effects are
limited and do not significantly influence the overall trend. Therefore,
for the purpose of this study, the accuracy of ERAS data is deemed
sufficient.

4.2. Optimization results

4.2.1. Navigation risk reduction
By applying risk-based speed adjustments, the total risk in the

Table 2

ERAS weather data.
Weather parameter Min. Mean Max.
Wave height (m) 0.13 1.03 4.65
Wave period (s) 2.36 4.95 9.15

Wind speed (m/s) 1.1 6.77 16.7
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Fig. 5. Wind direction comparison: Onboard log vs ERA5 (baseline profile).

dataset decreases substantially from 25.25% to 6.38% (of total operating
points of all profiles), with an average speed reduction of 17.6%. Spe-
cifically, the resonance risk is reduced from 13.04% to 4.51% and the
successive wave attack risk from 12.21% to 1.88%. Surf-riding and
broaching risks are absent throughout, since the velocity-to-length ratios
(V/ VL) remain below the critical threshold of 1.8. This finding is
consistent with feedback from the vessel operators, who confirmed that
surf riding is not a concern for the case vessel.

A further reduction in risk from 6.38% to 4.28% could, theoretically,
be achieved through modest speed increases (up to 10%), by shifting the
encounter frequency away from the natural ship frequency at certain
relative wave directions that speed reductions (up to 40%) are not
effective. However, this option was not recommended by vessel opera-
tors, primarily due to its negative impact on fuel efficiency.

Additional sensitivity tests also showed that unrealistically large
speed reductions up to 90% would reduce the remaining risk to
approximately 1.6%, confirming that most residual cases arise from the
imposed practical speed-reduction limit rather than modelling
limitations.

The remaining risks (6.38% of operating points) correspond mainly
to resonance conditions in near-beam seas (a¢ ~ 90° or 270°), where
speed adjustments have limited influence on the wave encounter period
(Equation (3)). Based on discussions with the vessel operators, such
residual risks may occur in real ship operations but are considered
operationally manageable for this vessel, provided they occur under rare
conditions and do not coincide with exposure to critical sea states. For
the case vessel, these critical conditions correspond to short wave pe-
riods of approximately 4-8 s combined with significant wave heights
exceeding 4 m. The residual risk cases in the dataset do not coincide with
these conditions, so they are considered operationally manageable.
Course changes or weather routing could further reduce the remaining
risks, but investigating coupled speed-routing strategies lies outside the
scope of the present study.

4.2.2. Weather impact on power profiles and energy system sizing

The sizing analysis focuses on the laden part of the voyage, which
represents the scenario with maximum resistance and power demand.
The ballast condition involves lower energy demands and does not drive
energy system sizing. Once the design configuration is selected based on
the most energy-intensive (laden) power profiles, the total lifetime cost
is estimated by also including the ballast voyages to account for the total
lifetime fuel consumption over full round trips. For the ballast condition,
the same baseline speed profile as the laden leg is applied, with a 180°
heading change (reverse track), and power demand is recalculated, for
each power profile, using ballast-condition parameters.

The vessel's power demand is estimated using the safety-adjusted
speeds. The resulting probability distribution of power demand during
sailing in laden condition is shown in Fig. 6. The mean power demand is
778 kW. The 90th and 95th percentiles occur at 1181 kW and 1286 kW,
respectively. The low-power region corresponds to cases where large
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Fig. 6. Histogram of power demand during sailing periods in laden condition.

speed reductions (30-40%) are applied at already low operating speeds
(~8 knots) to mitigate navigation risks.

The distributions of required fuel cell and battery capacities, for all
the different operating profiles in laden condition, are shown in Fig. 7.
The mean fuel cell capacity is approximately 1200 kW, with 58% of all
simulations falling within the 1200-1300 kW range (Fig. 7a). Low fuel
cell capacities of 700-900 kW are required in 2.86% of the profiles,
primarily due to frequent and substantial speed reductions applied for
safe operation. High capacities of 1400-1500 kW are required in 12.5%
of the profiles, primarily driven by high added resistance in combination
with relatively high speeds (e.g. >10.5 knots) at the specific operating
points. These cases usually involve near-head seas, where the safety
logic does not trigger speed reductions (no surf-riding, resonance, or
successive wave attack risks), so the vessel keeps its speed while facing
high resistance.

The battery capacity histogram shows a much more skewed distri-
bution, with a mean of 258 kWh and 83.5% of the cases concentrated in
the 180-300 kWh range (Fig. 7b), where the battery is used primarily for
peak shaving. Battery capacities exceeding 480 kWh occur only in 5.3%
of the profiles, corresponding to rare scenarios with short periods of high
peak power or cases with highly fluctuating power demand induced by
random speed changes and safety-based speed adjustments. In such
scenarios, a larger battery capacity is selected to buffer peaks, maintain
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Fig. 7. Histograms of required system capacities: a) Fuel cells, b) Batteries.
Frequencies are expressed as percentages of all laden power profiles.
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fuel cell efficiency, and satisfy SoC constraints. Overall, because the
battery is primarily used for peak shaving and its optimal capacity re-
mains limited across most profiles, the adopted hourly temporal reso-
lution is expected to be sufficient for determining optimal system
capacities within the present lifetime cost-driven sizing framework.

The most frequent configuration across all simulations in laden
condition, consists of a 12 x 100 kW fuel cell system and a 3x60 kWh
battery system, covering 39% of the laden power profiles. The remaining
load profiles either require more battery capacity (Fig. 7b) or exhibit
sustained peak loads above 1.2 MW which require higher installed fuel
cell capacity (Fig. 7a). For full power coverage of all profiles with 1200
kW fuel cell capacity, the ship's speed would need to be reduced.
However, this would result in fewer voyages and lower revenue, and for
that reason it is not chosen.

Some of the vessel's power profiles, for different weather conditions,
are plotted in Fig. 8.

e An average-power operating profile (Fig. 8a), without any naviga-
tion risks and speed reductions applied. The optimizer selects 12 x
100 kW fuel cells, 3x60 kWh batteries for this power profile.
A low-power operating profile (Fig. 8b) that takes longer to be
completed (33.9 h) due to frequent and high-speed reductions
applied for safe operation. An average speed reduction of 19.9% is
applied across 53.3% of the specific profile's operating points to
eliminate resonance and successive wave attack risks. The optimizer
selects low energy system capacities of 7 x 100 kW fuel cells and
3x60 kWh batteries.

o A high-power operating profile during winter period (Fig. 8c), with
high operating speed (>10.5 knots) at near-head seas, (high added
resistance without triggering speed reductions) for over 2 h towards
the end of the voyage. The optimizer selects 15 x 100 kW fuel cells
and 3x60 kWh batteries.

o A power profile experiencing high fluctuations (Fig. 8d). High speed
reductions are applied to eliminate risks at two operating points; at
~28hr and 30hr, with high operating speed between those points at
29 h (without risk-based speed reduction), reaching a peak power
level of 1275 kW. The optimizer selects 10 x 100 kW fuel cells and
9x60 kWh batteries for this profile, to buffer short-duration high
peak.

Based on the above, for full power coverage, the installed fuel cell
capacity needs to be 1500 kW. Such design choices align with common
practice in the maritime industry, where a 20-25% capacity margin is
often used for the main power source to enhance reliability under
extreme conditions. Hence, the selected configuration consists of 15 x
100 kW fuel cells, and 3x60 kWh batteries.

The vessel's power demand depends on the combined influence of
ship speed and weather conditions (significant wave height, wind speed,
relative wind and wave directions). Table 3 presents selected cases
under different speeds and weather conditions. To examine the contri-
bution of each factor three pairs of operating points are compared.

1) ship speed varies under similar seas (between operating points A/B)

2) relative wave directions vary for the same ship speed (between
operating points C/D)

3) significant wave height and wind speed vary for similar relative
wave directions and ship speeds (between operating points E/F)

The columns A in Table 3 present the changes between the operating
points.

In case 1 (operating points A and B), where wind and wave condi-
tions remain unchanged, the power demand depends on ship speed. Case
2, covering operating points C and D, highlights the critical role of
relative wave direction: At identical ship speeds, when relative wind and
wave directions shift from near-head seas (point C: 352°) to near-
following seas (point D: 175°), the resulting change affects added
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Fig. 8. Vessel power profiles for different weather conditions: a) Average-
power, b) Low-power, ¢) High-power, d) Fluctuating (short-period high peak).

resistance and thus power demand. This effect is particularly pro-
nounced in higher sea states, where added resistance becomes domi-
nant. Case 3, for operating points E and F, illustrates the influence of
environmental severity: even at identical ship speeds and similar rela-
tive directions, power demand differs substantially due to higher sig-
nificant wave height and stronger winds at point E.

The operating points in Table 3 are illustrative examples used to
examine the impact of ship speed, relative wave direction, and sea
severity on power demand. The magnitude of power changes depends on
the specific speeds and sea states.
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4.2.3. Lifetime cost optimization for the selected design

The probability distribution of the NPV of total lifetime costs, for the
selected configuration (15 x 100 kW fuel cells and 3x60 kWh batteries),
across all voyage profiles is shown in Fig. 9. The distribution has a mean
NPV of $14.9 million (with a baseline fuel price of 6$/kg), and the 5th-
95th percentile range spans from $13.4-$16.6 million ($3.2 million
spread), corresponding to approximately —10.3% and +11.1% de-
viations relative to the mean, respectively. This highlights the significant
influence of weather variability on the total lifetime cost. Fuel costs
account for 76% of total lifetime cost while fuel cell and battery CAPEX
(including replacement costs) account for 24%. Within this capital-
related share, fuel cell replacement contributes approximately 12.8%
of total lifetime cost, while battery-related costs (initial investment and
replacement) represent approximately 1% under the baseline scenario.
This indicates that degradation-related costs have a limited influence on
total lifetime cost compared to fuel expenditure.

If the installed fuel-cell capacity is increased from 1500 to 1600 kW
(1 additional fuel cell module), the mean lifetime cost rises by 1.2%, due
to the 6.4% total CAPEX increase (including replacements), which
outweighs the 0.4% fuel cost reduction that results from a more fuel-
efficient part-load operation. Similarly, if the installed battery capacity
is increased from 180 to 240 kWh (1 additional battery pack), the mean
lifetime cost rises by 0.4%, with a 1.3% total CAPEX increase. Hence,
further capacity increases do not provide an economic advantage.

Given the fuel price dominance (76% of total cost), future changes in
green hydrogen prices will have a major influence on total lifetime cost.
Hydrogen prices and usage remain uncertain due to several external
factors, such as electricity prices and renewable energy availability. The
hydrogen price variations examined below are evaluated for the selected
configuration, without re-optimizing system capacities for each price
scenario.

A reduction in fuel price from 6$/kg to 3$/kg, in case of large large-
scale green-hydrogen deployment, would lower the mean NPV and
narrow the lifetime cost distribution spread since fuel expenses are the
largest share of total lifetime cost. A lifetime cost distribution for a green
hydrogen price of 3$/kg (50% reduction), based on PwC predictions
(PwC, 2025), is shown in Fig. 10. The mean NPV is $9.26 million and the
5th-95th percentile range spans from $8.5 to $10.1 million ($1.6 million
spread), which correspond to —8.21% and +9.07% deviations relative to
the mean NPV respectively.

Conversely, a fuel price increase from 6$/kg to 9$/kg, in case of
limited hydrogen availability, would widen the distribution spread as
shown in Fig. 11, with a mean NPV of $20.6 million and a 5th-95th
percentile range spanning from $18.3 to $23.1 million ($4.8 million
spread), corresponding to —11.1% and 12.1% deviations relative to the
mean NPV.

Another uncertain parameter is the number of lifetime voyages. If the
vessel completes 5 fewer round trips per year, due to the speed re-
ductions or potential port delays, the total lifetime cost is reduced by
4.8%, but the total income may also be reduced due to the lower voyage
frequency. Due to the high unpredictability and the lack of reliable in-
come data, the estimation of revenues is out of scope in this study.

The SCIP solver reported an optimality gap of 0% for all simulations,
confirming that the optimization model consistently achieved globally
optimal solutions (Bestuzheva et al., 2023).

5. Conclusions

This study presents a holistic MINLP framework for ship energy
system design and NPV-based lifetime cost optimization, incorporating
weather-driven speed profile variability and navigation safety con-
straints. The analysis demonstrates how weather variability affects
power profiles, required energy system capacities, and total lifetime
cost. While the framework is applicable to various ship types and pro-
pulsion systems, it is particularly valuable for hydrogen-powered ves-
sels, due to the high fuel price, system costs and sensitivity to load
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Table 3
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Illustrative cases of speed-weather interaction on power demand (columns show paired comparison of operating points).

Variable Operating points

A B A C D A E F A
Ship speed (knots) 11.6 9.3 —20% 9.7 9.7 a 9.1 9.1 a
Wave height (m) 1.3 1.3 a 0.42 0.35 a 1.71 0.24 —86%
Wind speed (m/s) 9.2 9.1 a 4.34 4.63 a 9.56 4.46 —53%
Rel. wave dir. (°) 235 247 a 352 175 177 ° 13.3 2.9 a
Rel. wind dir. (°) 250 254 a 340 191 149° 15.9 7.4 a
Results
Added Resist. (kN) 0 0 - 7.9 0 —100% 42.7 5.3 —87%
Calm Resist. (kN) 119 71 —41% 81.3 81.3 0% 65 65 0%
Power (kW) 1303 608 —53% 810 740 -8.7% 895 590 —34%

the specific values do not affect the power changes between the pairs of operating points.
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The following key results can be summarized.

e The total risk in the dataset decreases substantially from 25.25% to
6.38% (of total operating points) after applying safety-based speed
reductions to mitigate resonance and successive high-wave impacts.
Residual risks remain for rare scenarios (e.g., resonance at near-beam
sea conditions), but these are considered operationally manageable
for the case vessel, since they do not coincide with the critical sea
states identified for this vessel (short wave periods of 4-8 s combined
with significant wave heights exceeding 4 m).

The combined influence of varying ship speed and weather condi-
tions can significantly alter the vessel's power demand, requiring fuel
cell capacities between 700 and 1500 kW, depending on the power
profile.

The most frequent configuration across operating profiles is a 1200
kW fuel cell system with a 180-kWh battery system (for peak
shaving), covering 39% of laden profiles. Some profiles require
higher fuel cell capacity for sustained peaks and/or higher battery
capacity to buffer fluctuations. The selected design configuration
consists of 1500 kW installed fuel cell capacity and 180 kWh battery
capacity. Further system capacity increases are not cost-effective.
The optimization across operating profiles for the selected design
configuration and a baseline fuel price of 6$/kg results to a lifetime
cost distribution with a 5th —95th percentile range of —10.3% to
+11.1% around the mean NPV (14.9 $ million), highlighting the
impact of operational and environmental variability. Fuel price re-
ductions, in case of large-scale green hydrogen deployment and
increased market adoption, would narrow this cost spread since fuel
expenses are the largest share (76%) of the total lifetime cost.

Future extensions of this framework can include coupled speed-
routing optimization, and enhanced hydrodynamic modelling through
more advanced added wave resistance formulations. From a techno-
economic perspective, the framework could be extended to include
price-dependent re-optimization of system capacities under alternative
hydrogen cost scenarios, and higher resolution transient operating
profiles to assess short-duration power spikes, battery dispatch dy-
namics, degradation-aware replacement strategies, and validation
against in-service power measurements.
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