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In the context of the maritime energy transition, this study addresses energy storage and electrical generation
applications for shore power in green ports, combining the shore electrical distribution network, battery energy
storage and a novel mobile hydrogen generation concept. An original bilevel optimization model is proposed,
aiming to minimize port investment while optimizing the business model for the operation of the storage system.
The model performs the sizing and planning-level power dispatch of the different energy sources and port
configurations while ensuring optimal operating costs under the demand-charge electricity tariff. A test case on a
dry bulk port with five berths resulted in an optimal configuration of a 891 kW budgeted power substation, a 367

kWh battery energy storage system, and one mobile hydrogen generator with a multi-stack fuel cell of 400 kW
complemented by a battery with a capacity of 460 kWh. In the end, the proposed energy storage and mobile
hydrogen generation solutions for shore power were able to reduce the levelized cost of electricity and the
required peak power demand. Despite achieving a 63% cost reduction compared to reference scenarios, the
optimal solution's annual profit remains negative at -$170 k, indicating a need for external financial support

policies.

1. Introduction

As the global maritime industry undertakes the energy transition
toward decarbonization, the deployment of shore-to-ship connections
emerges as a fundamental solution. Shore-to-ship connections, also
known as onshore power supply, alternative marine power, and cold
ironing, are referred to as shore power in this text for clarity. Shore
power is a decarbonization measure and technology that enables ships to
shut down their diesel engines while in ports. An electrical connection
supplies ships with green electricity from the shore, enabling the
reduction of emissions by ~3 t to 150 t of carbon dioxide (CO3) per day
and per ship at berth, depending on the ship type and size [1]. Shore
power is a fundamental decarbonization measure because it allows for
an immediate reduction of greenhouse gas (GHG) emissions, it is more
efficient than systemically using green fuels generated by electricity,
and it can reduce air pollutant emissions affecting the health of the
populations near ports. It is also enabling ships to access electricity,

slowly preparing the world's ports and the international fleet of ships to
transition toward microgrid solutions.

1.1. Problem description

Despite its significant advantages, shore power also encompasses
major barriers discussed by Kim et al. [2] and Daniel et al. [3], such as:
the large capital expenditure (CAPEX) required for the shore in-
frastructures, the different electricity pricing tariffs in the world and
operational expenditure (OPEX), power availability, and the number of
stakeholders involved. To mitigate the economic and power availability
barriers, port-level solutions such as energy storage and distributed
hydrogen generation could play an important role in reducing the size of
the shore infrastructures and peak power requirements. Indeed, the
ships connected to shore power require high-rated power capacity to
supply peak demands, inducing high investments in electrical equip-
ment. Also, the electrification of various industrial sectors is putting
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significant pressure on the electrical grid, sometimes resulting in limited
power delivery. Finally, the shore power infrastructures do not have a
good utilization rate compared to conventional electrical installations,
as there is not always a ship at berth to use the system.

Therefore, solutions such as battery energy storage systems (BESS)
and mobile hydrogen generators could reduce the total cost of shore
power systems and related operational costs. Following the fundamental
synthesis work on green port and port energy-storage research from Iris
and Lam [4], BESS is treated as a central mitigation option because
batteries enable peak shaving, load shifting, renewable integration and
grid-service provision that can substantially reduce the need for costly
substation upgrades and lower lifecycle operating costs. Additionally,
Semchukova et al. [5] have shown that modular hydrogen generation
provides modularity and geographic flexibility that can overcome the
grid-capacity and location-specific constraints of remote or low-
utilization berths, avoiding high CAPEX for substation extensions. The
authors also mention that fuel cell systems for shore power applications
can be deployed onshore or on barges for shore power.

Conversely, the optimal investment cost in port-level shore power
deployment systems does not automatically result in optimal profits
because the long-term operating cost is dependent on the initial design
(capacity of the shore power substation, BESS, and hydrogen generator).
Therefore, two entities are competing against each other in the port
shore power deployment problem: the port investors and the shore
power operators. A bilevel model formulation problem is required to
address this problem because the investment (CAPEX) decisions made
by the investor (leader or upper problem) inherently determine the
feasible operating strategies, parameters, and economic configuration
available to the operators of the shore power system (follower or lower
problem). Based on Sinha et al. [6], bilevel models are “mathematical
programs where an optimization problem contains another optimization
problem as a constraint”, and are specifically suited to hierarchical
problems in which an upper-level entity commits to infrastructure, ca-
pacity limits or tariff settings and a lower-level entity then optimally
dispatches resources and chooses operational strategies to minimize
OPEX or maximize profit.

Fig. 1 presents such a problem space with: the upper level space (the
investors), the lower level space (the operators), the feasible solutions
constrained by the upper level parameters, the exchange of parameters
from the upper level to the lower level, and the parametric optimization
space of the lower level.

In this context, the investor (leader) chooses component sizing and
the electrical distribution layout. Then, the operator (follower) reacts by
fixing BESS charging/discharging strategies, procuring grid power or
dispatching distributed generation mobile units.

Real-world port decision-making is hierarchical and split across
stakeholders: port authorities, terminal operators, local governments
and utilities. For example, Innes et al. [7], the Aberdeen shore power
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case, is a strong real-world study that helped democratize shore power
but focuses on investor-side CAPEX and models electricity with a fixed
price, without including the demand-charges of power, time-of-use
tariffs, or an operational dispatch. Because operational responses
(dispatch, procurement and pricing) materially affect lifecycle OPEX
and capacity needs, a bilevel leader—follower framework is necessary to
capture the strategic coupling between investment and operation of
shore power. A single-level centralized model assumes perfect coordi-
nation, which is rarely achievable in practice.

The following section reviews the literature on marine port energy
storage and distributed generation optimization, and how these opti-
mization issues are handled in other works. The literature review is
concluded with a summary of the research gaps and is followed by a
section detailing the contributions, i.e., how this work addresses the
research gaps.

1.2. Literature review

In the context of marine green ports with shore power applications, a
key dimension revolves around attaining optimal component sizing to
meet specific power demands and facilitate efficient microgrid planning.
Gutierrez-Romero et al. [8] conducted a comprehensive investigation
into ship calls at the port of Cartagena, Spain, to assess the power re-
quirements of berthed ships. They analyzed the availability of wind and
solar resources and determined that renewables should be integrated
into marine port microgrids to cover the shore power demand and
perform the microgrid planning. Caprara et al. [9] explored strategies to
reduce the required maximum power demand of shore power in cruise
ports. Their approach involved using the batteries for load shifting,
storing excess renewable energy, and coordinating with diesel genera-
tors. The component sizing is done with in-house software and an iter-
ative approach, and showed that a battery can prevent the construction
of additional power substations to cover shore power needs. Their main
finding is that a compromise between the BESS and the shore power
connection system's maximum power helps to reduce the total cost.

Efficient energy management lies at the core of marine port micro-
grid operations, and a crucial aspect involves optimizing the power
dispatch process through advanced algorithms. Iris & Lam [10]
addressed uncertainty in renewable energy and smart grid integration.
Their energy management method is based on a mixed integer pro-
gramming model and solved with the CPLEX 12.7 solver. The paper
demonstrated that microgrids are a better option than conventional
systems to address different loads in ports. Additionally, Tang et al. [11]
implemented model predictive control to optimize power dispatch in a
maritime hybrid energy system. This study emphasizes minimizing
electricity costs during ship berth periods, illustrating the importance of
advanced control algorithms in achieving cost-effective energy man-
agement. Xia et al. [12] optimized energy management using genetic

o

Upper level optimization space

Parameters for lower
level problem

(O Feasible upper level solution

@ Feasible lower level solution

Lower level optimization space

) Optimal lower level response

Lower level parametric
optimization space

Fig. 1. Bilevel general architecture (inspired from Sinha et al. [6]).
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algorithms (GA) and particle swarm optimization, aiming to lower
power supply costs by effectively coordinating wind, solar, and grid
sources. This showcases the role of heuristic algorithms in achieving less
expensive energy management costs than traditional power costs. Sub-
sequently, Song et al. (2022) [13] focus on energy management in ports
using the alternating direction method of the multipliers algorithm.
Their takeaway is that carbon capture and carbon trading can play an
important role in the decarbonization of ports, but it should relate to
renewables and the grid to ensure reliability. Conte et al. [14] introduce
a model predictive control energy management approach for a port
featuring shore power connections and hydrogen supply for ships. Their
energy storage and distributed generation design includes renewable
energy, hydrogen electrolysis, storage, batteries, and the grid, with
stochastic optimization accounting for renewable resource uncertainty
and was able to accurately respond to the energy demand of the ships.
Lastly, Wang et al. [15] proposed an energy management model for
ports regarding ships in port as a group of many users with renewable
energy generation equipment or energy storage equipment. The authors
call this group of users the “we-energy” group. Their approach aims to
minimize costs by effectively integrating wind, solar, grid, energy stor-
age, and traditional plant sources. The problem is solved with a
consensus algorithm. The results showed the relevance of we-energy in
diminishing cost.

Within marine green port studies, the adoption of multi-agent sys-
tems offered concluding results to elevate power management and
resource allocation strategies. Zhang et al. [16] employed distributed
optimization algorithms and multi-agent systems in the energy man-
agement of seaports with energy storage and distributed generation
systems. Their focus on cost minimization through optimized utilization
of wind, solar, grid, heat, gas, and energy storage underscores the
importance of collaborative algorithms to optimize energy management
and effectiveness for large ports. Also, Kanellos et al. [17] proposed an
innovative power management method for ports based on a multi-agent
system. However, when compared to the centralized method, the results
of the operating costs were very similar while requiring larger compu-
tational time.

In the pursuit of comprehensive marine green port optimization, a
notable approach involves the simultaneous integration of sizing and
energy management models. Ahamad et al. [18] propose a model to find
the optimal sizing of future marine port energy storage and distributed
generation systems to supply shipboard load. In [19], Molavi et al.
propose a two-stage stochastic programming approach to determine
how some “Smart Port Index” metrics can be integrated into the
microgrid planning of ports and augment the smartness of ports. The
first stage consists of an investment problem, and the second stage is a
multi-objective operation planning subproblem: power dispatch, load
shedding and power flow between the microgrid and the grid. The
model is solved with Benders decomposition and Lexicographic Goal
Programming is applied to the subproblems. The results proved that the
proposed model could guarantee improvements in productivity, sus-
tainability, environment and reliability of operations. Lastly, in [20],
Wang et al. propose a two-stage model that is capable of determining the
optimal capacity of components for renewable energy systems in marine
ports. To optimize the solution, the authors use an iterative approach
that selects different setting parameters in the first stage and the second
stage determines if they are feasible based on stochastic optimization of
renewable resources and power dispatch.

An advantage of multiple-stage methods is that they enable finding a
trade-off between the sizing of the components and power dispatch for
minimum costs. To optimize the search for optimal solutions, bilevel
models are utilized in classic land microgrid planning. As a result,
Haghifam et al. [21] proposed a bilevel model for optimal land micro-
grid sizing and operation. While not focused on marine green ports, this
model balances investment and operational costs while optimizing sys-
tem design, showcasing the importance of bilevel algorithms in finding
the optimal configuration of the energy storage and distributed
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generation components, considering the constraints of energy manage-
ment. To solve the model, it is transformed into a linear single-level
model with the use of Karush-Kuhn-Tucker conditions. Alternatively
in [22], a bilevel model is used to perform the optimal design for a
hybrid ferry by simultaneously optimizing the components sizing and
the optimal energy management for a typical route of a ferry. The model
was successful in optimizing both component sizing and an optimal
power dispatch with a sine cosine algorithm improved with harmony
search.

As suggested by Sinha et al. [6] in their review of bilevel models,
evolutionary computation such as GA have a lot of practical applications
in the field of optimization. Bilevel optimization is, based on the authors'
definition, “a mathematical program, where an optimization problem
contains another optimization problem as a constraint.” They also show
that bilevel research is actively increasing in the fields of electric power,
supply chain and policies. For example, Hajiaghaei-Keshteli and
Fathollahi-Fard [23] have developed a two-stage stochastic bilevel
decision-making model for distribution network problems, which shows
better computational performance than other traditional models.
Haghifam et al. work [21] also discusses bilevel models for microgrid
design and planning, but it is not adapted to marine green ports sup-
plying shore power. Joao Alves et al. [24] developed a new bilevel
model for setting electricity time-of-use tariffs where both the periods
and the prices are decision variables, which could be relevant for shore
power. The new model includes a GA in the upper optimization problem
and a mixed integer linear programming problem in the lower level
showing improved performance.

In conclusion, the literature has addressed the optimal energy
management and sizing of renewable energy systems for marine port
energy storage and distributed generation. It was found that it is feasible
to reduce costs. However, the literature review also showed that there is
aresearch gap regarding the two optimization problems of marine green
ports for shore power: the shore power investor and the shore power
operator problems. A new bilevel model adapted to marine green ports
supplying shore power to find the best trade-off between component
sizing and power dispatch would be needed as these models have shown
great results in conventional land-based networks. Also, most of the
studies considered in the review are using renewables to store energy
that can be sold back to the grid in periods of low power demand.
However, this solution does not solve the issue of high CAPEX for remote
berths with low utilization rates like a mobile generating unit could.
Only one article mentions the use of BESS to limit the power demand on
the grid, which could improve the OPEX of shore power systems. Finally,
the mobile hydrogen generator with a hybrid battery-multi-stack fuel
cell system has never been studied, and it could be a solution for shore
power at remote berths or berths with low utilization rates.

1.3. Contributions

Based on the problem description and the literature gaps, a bilevel
model is proposed to solve the optimization problem including the shore
power system designer represented by the port investors entity, and the
shore power system operator represented by the terminal operator en-
tity. The goal of the proposed bilevel model is to reduce the CAPEX of the
port and the OPEX of the terminal operator by reducing the total annual
cost of shore power and limiting the power demand of shore power on
the local grid, which optimizes overall profits. To evaluate the model, a
test case is performed on a typical bulk terminal.

The article makes the following significant contributions:

e Introduces an innovative bilevel model adapted for marine port en-
ergy storage and distributed generation systems incorporating shore
power design, optimization of component sizing, placement of shore
power connections, and energy management while accounting for
limited grid power availability.
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e Investigates the use of Battery Energy Storage Systems (BESS) and
mobile hydrogen generators to overcome the economic and power
constraints associated with shore power.

Proposes mobile hydrogen generators as a viable alternative to grid-
based shore power connections for berths with low utilization rates,
enhancing flexibility and reducing costs.

Provides a novel technical-economic analysis of shore power solu-
tions with energy storage and distributed generation systems, spe-
cifically in bulk terminals, offering fresh insights into their potential
efficiency and sustainability.

These advancements establish a new framework for improving the
energy management of marine ports, promoting a more sustainable
future in maritime operations. The rest of the document is organized as
follows: Section 2 details the methodology, Section 3 presents and dis-
cusses the results of the test case, and Section 4 concludes with the
important findings.

2. Methodology

According to Fig. 2, the high-level structure of the proposed port
bilevel shore power deployment problem is defined with the entity
making the CAPEX investment at the upper level, and the entity oper-
ating the shore power system at the lower level. Then, the operators
provide shore power services to the ships at a defined rate. Hence, the
lower optimization problem is nested in the leader optimization problem
and uses the leader outputs as constraints.

The two optimization problems are competing against each other as
the investors want a low investment shore power system, but the oper-
ators want a system that is not expensive to operate, and therefore more
CAPEX intensive in some cases:

e Upper optimization problem (leader): Port investors

o Goal: minimizing the capital investment, i.e., the CAPEX and
annual profit

o This problem represents the investor's and funding entity's
perspective.

o The variables that are optimized are the size of the different energy
source and storage components, and the shore power distribution
network design.

Lower optimization problem (follower): Terminal operator or shore

power system operators

o Goal: minimizing the operational cost.

o This problem represents the shore power facility operators'
perspective.

Port-level
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o The variables that are optimized are the values of power supplied
by each energy source and storage components, i.e., the power
dispatch.

As different energy sources and energy storage system sizing will
result in different feasible operating schemes, the two entities (upper
and lower problem) need to negotiate parameters to find the optimal
solution.

The port's shore power energy source and energy storage dispositions
and interactions are presented in Fig. 3. The dotted line arrows represent
the flow of information, control commands, and decision-making be-
tween each system, while the solid line arrows represent the power
flows. The grid and hydrogen are the two energy sources considered,
while the BESS and the hydrogen generator battery are the two energy
accumulators. The power flows from the sources to the load, which are
the ships or the batteries when recharged as described by the arrows.

First, the shore power designers (port investors) take the information
from the ship berth visits, power demand, peak demand, etc. and make
an initial decision over design and sizing of the energy sources. They also
identify the distribution layout, which includes the berths to electrify
with a shore power connection and the berths to supply with the mobile
hydrogen generator, with the aim of covering 100% of the berths with
shore power service and to have a zero-emission port. The berth utili-
zation, the visiting ship types, the location, etc., of each berth will highly
impact the energy source sizing, energy storage design process, and
resulting optimal solution. Then, the operators determine the optimal
power dispatch from the different energy sources and supply the ship's
power demand accordingly.

The power flows are represented in Fig. 3 where is the power
from the grid, PSUbt is the power from the electrical substation, PPESS is
the power from the BESS, PC is the power from the hydrogen generator
multi-stack fuel cell, PPHO" is the power from hydrogen generator's
battery, P9 is the total power from the hydrogen generator, and P is
the power demand from the ships using shore power.

The following sections detail the different aspects of the model such
as the energy sources, the electrical distribution network layout, the
shore power system investor optimization problem, the shore power
system operator optimization problem, and the bilevel problem
formulation.

PGrid

2.1. Energy sources

In the energy source sections, the BESS, the utility grid and the
mobile hydrogen generator models are detailed.

Upper level optimization problem (leader)

D

Lower level optimization problem (follower)

Investors

Operators

¢ By

1

Ships

Fig. 2. High-level structure of the bilevel problem.
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Fig. 3. Marine port shore power energy source and energy storage system landscape and interactions.

2.1.1. Substation and utility grid

An electrical substation is required in any shore power project. This
infrastructure integrates electronic controls, and the main transformer
converts the voltage from the grid to the voltage transferred to the ships.
Eq. (1) describes the substation:

PR < Pooxt M
where t is the time unit with t € T, T is the set of hours in a day: T =
{tl,tg, ...7t24}.

The grid is the main supplier of energy. While renewables could also
supply the port with clean energy, the integration of the renewables
would be done at a higher level and fed into the shore power electrical
network. It is considered that the transmission lines connecting the
electrical substation of the port to the main substation of the electrical
provider are high voltage, i.e. 25 kV or other, and that the power
required by ships at berth is much smaller than the total capacity. For
this reason and to simplify the model, the grid can be seen as an infinite
source of power and energy. The following Eq. (2) determines the hourly
power supplied by the grid:

P(th)’ld — P(S[l;bs[ (2)
2.1.2. Battery energy storage system
The BESS is a critical component to store energy and performing
peak shaving. Also, thanks to the fast dynamic nature of batteries [25], it
is considered that the BESS smoothens the power demand and eliminates
the fast transient peak power demands. The BESS is connected directly
to the port electrical distribution network and is controlled automati-
cally. The following equations present the model for the BESS:
ESS __ t
P =Py

Bat

X Mefs 3)

SOC(,:) = SOC([,U +P€3§SS (€))

SOCpin < SOC(t) < SOCpnax (5)
SOCpax = 0.95 x QPFS (6)
SOCpin = 0.2 x QPFSS 7
Pﬁ})sss < Pﬁiis (8)
$0C,, = SOG,, = SOCpax ©)

where PP is the power of the battery before applying the efficiency
losses, 2" is the electrical efficiency factor of the battery, SOC is the
state-of-charge (SOC) of the battery, QPES is the energy capacity of the
BESS, and PEESS is the maximum power of the BESS system.

The average power should not exceed 0.5C of the battery's nominal
capacity (PBESS), which is a conservative value for typical LFP microgrid
cells [26]. Then, the efficiency factor is set to 98%. Also, to prevent
premature battery aging, the SOC of the battery is set to vary between
95% and 20%. As detailed by B. Xu et al. [27] Lithium-ion battery
technologies can withstand about 5000 equivalent cycles (N¢ycs) before
losing about 20% capacity. After this period, the battery needs to be
replaced. The number of equivalent full discharge cycles as defined in
(10) and is based on the total cumulated energy supplied by the battery,
excluding the energy used to recharge the battery:

Nre
5% < atle)

=1

NCycles = QBESS ,With teTe ifpﬁgss >0 (10)
where T¢ is a subset of time t where the battery supplies power to the
grid with t, € T¢ = {tc(l) ste(2) s - Le(Nge) }, and Ny, is the total number of
time data point in T¢.

However, more detailed battery degradation models can estimate the
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state of health using multiple criteria, including electrochemical models,
equivalent circuit-based models, performance-based models, analytical
models with empirical fitting, and statistical approaches [28].

2.1.3. Mobile hydrogen generators

Multi-stack fuel cell systems have recently gained more traction for
high-power system applications [29]. The mobile hydrogen generator
uses a multi-stack fuel cell system to produce green electricity and is
used as an alternative energy source to the grid as it can be displaced to
different locations. This alternative is cost-effective compared to tradi-
tional grids in case of extremely low utilization rate of the berths by the
ships, which results in prohibitive electrification costs. As multiple
containerized solutions exist for the hydrogen generator and the
hydrogen tank, the challenge is to determine the right sizing for specific
shore power applications. It is also considered that the tank is refilled
with green hydrogen from a local distribution center when the system is
not used, and that the tank of the mobile system can be large enough to
accommodate a ship during its entire stay in port. The assumptions
about the containerized system, the hydrogen tanks, and the trans-
portation of the hydrogen are based on the works of the US Department
of Energy [30] [31].

Furthermore, the hydrogen generator is designed with a battery to
prevent the multi-stack fuel cell system from being used in inefficient
modes and to compensate for the abrupt variations in power, which can
damage the multi-stack fuel cell system. Therefore, a factor g of 90% is
applied to distribute the energy supplied by the hydrogen generator
between the multi-stack fuel cell system and the battery. It means that
the battery is constantly supplying 10% of the energy except when it is
being recharged. The following equations present the model of the
hydrogen generator:

3.6MJ/kWh
=P [y e S P T 11
mHe) = P / et ® 119.96MJ /kg (11)
Pl — P+ pion a2)
PIC_— N° x PUEC a3
Prin < Py < Pray as
PP, SOCEHSM > SOC iy
Preqy) = p 7f HG BHGen 1s)
Pliyy TP SOC™™ < SOCrin

(¢

where mH is the mass of hydrogen consumed by the fuel cells for the
hydrogen generator f with f € F, F is the set of mobile hydrogen gen-
erators, ngg is a factor representing the efficiency of the multi-stack fuel
cell system, N° is the number of fuel cell stacks, and P™¢
single stack of fuel cells.

Real fuel cells efficiency (ngf‘}) is following anon-linear relation.

is the power of a

However, it is common to use constant approximations for planning-
stage-level analysis. Further precise models can be integrated into the
model if required. Also, this work uses a basic fuel cell degradation
model assuming a useful lifetime of 10,000 h based on [32]. Neverthe-
less, more detailed degradation models that explicitly account for start-
stop operation, idling, load changes, and high-power operation can also
be implemented to improve degradation accuracy [33].

The battery of the hydrogen generator uses the same model as the
BESS in Section 2.1.2, but with its own sizing of the battery capacity
QBHCe and its own state of charge SOCEHe™,

2.2. Berth layout for the port electrical distribution network

The berth layout divides the berths of the studied set of berths in a
marine terminal into two categories: the berths to connect to the port
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electrical distribution network and the berths to service with mobile
hydrogen generators. All combinations of berths are investigated by the
model. The distance between each berth and the berth utilization will
have an important impact on the results because of the underground
cables' installation cost.

The mobile hydrogen generator can reduce the costs of shore power
infrastructures because one system can cover multiple berths that are
less utilized or remote. However, there must be a reasonable number of
mobile hydrogen generators to cover the case where multiple ships are
present at the same time at these berths.

To ensure the hydrogen generator can supply the ships in such an
event, the proposed algorithm uses a statistical threshold, A7r.sh, and the
measured probability of having fewer mobile hydrogen generators than
ships at berth, Apuiiple ship, to determine the quantity of mobile hydrogen
generators N7 to have. The algorithm flowchart is presented in Fig. 4.

The probability of having more ships than hydrogen generators takes
into consideration that a risk of zero is oversized. Therefore, the statis-
tical threshold, Arresn, is set to allow one occurrence every 3 years and
can be modified based on the designer requirements. Anysipie ship €quation
is presented in (16):

A
Aatipte snip = 1= [ [ (1 =) 16)
b=1

where 4 is the probability of having a ship at a berth i to be occupied by a
ship, and A is the set of probabilities 1; for the berths that will be sup-
plied by a hydrogen generator with A = {41, 42,...42 }.

The model assumes that ships call specific remote berths because
those berths are required for particular cargo operations: unique
handling equipment, permitted draft, or contractual concession rights.
Such calls are generally not reallocated without substantial operational
or commercial consequences. Reallocation would typically impose
routing delays, extra port fees and cargo-handling costs expected to
exceed any marginal savings from using a different electrified berth.
Relocating calls is known in the literature as a berth-and quay-crane
allocation problem [34]. It is common in container and dry-bulk ter-
minal shore power studies, but these consider cases where not all berths
are electrified.

2.3. Optimization framework

The proposed optimization framework is a bilevel model, presented
in Fig. 5, that jointly optimizes investment and operation for port-level
shore power systems in zero-emission ports. The model takes as inputs
annual berth power-demand profiles, utilization forecast and compo-
nent cost data provided by the port, and it returns CAPEX, OPEX, energy
consumption, the electrical-distribution layout and component sizing as
outputs.

At the upper level (the shore power system designer, represented by
the port investors), the decision variables include the BESS capacity, the
substation maximum budgeted power, the mobile hydrogen-generator
sizing, the hydrogen-generator battery capacity, and the port layout
(which berths are electrified). These upper-level choices define capacity
limits and technical constraints that the lower level must respect.

The lower level represents the shore power system operator (the
terminal operator) and solves the time-resolved power-dispatch prob-
lem: charging/discharging the BESS, power from the substation, and
operating and dispatching the mobile hydrogen generators to minimize
operating cost subject to the upper-level parameters.

The lower-level solver uses a dual-simplex linear algorithm to
compute hourly dispatch and resulting operating costs. Because the
lower-level feasibility and OPEX depend on the infrastructure set by the
leader, the lower-level outputs (feasibility, dispatch schedules and
OPEX) feed back to the upper level and influence the leader's search as a
constraint. Therefore, the upper level uses a genetic algorithm to explore
candidate infrastructure configurations, and each candidate is evaluated
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by the lower-level optimization. Infeasible or costly operational re-
sponses penalize the candidate in the GA fitness function. In this way,
the designer (investors) and the operators are effectively negotiating
sizing and operation: the bilevel formulation finds solutions that mini-
mize total lifecycle cost rather than CAPEX or OPEX alone.

The following section further details each element of Fig. 5.

2.3.1. Leader: shore power system designer problem (investors)

The objective of the shore power system designer upper problem is to
minimize the investment. Because a low CAPEX will not result in an
optimal investment, the objective of the shore power system designer is
converted to maximize the annualized profits Profit, as defined in (17).
The input variables of the upper problem are: the electrical substation
maximum budgeted power P;‘f,jf, the BESS capacity QBESS, the number of
stacks in the multi-stack fuel cell system Ng, the hydrogen generator
battery capacity Q®¢®", and the electrical distribution layout: . These
variables are generated by the GA to find optimality and sent to the
lower level for the parametric optimization process of the second layer.
Profit, = max

PSubsl QBESSNS QBHGen 1

(ITot C:['ot) (17)

with:

CTot — Subst 4. CBESS . CHGen | CBHGen Z (Cfrl,f)cand + Cf:l‘;rerﬁnd + Cflm) )
meM

18)

D (e il a9

meM

where CI? is the total annual cost, C3“* is the annualized CAPEX of the
electrical substation, CBESS js the annualized CAPEX of the BESS con-
nected to the substation, CH% is the annualized CAPEX of the mobile
hydrogen generators, CEA%" s the annualized CAPEX of the mobile
hydrogen generators' batteries, CE?" js the cost of electricity for the
substation, m is the month m € M, M is the set of months of the year,
cPowerGrid g the cost of power for the substation, C¥ is the cost of
hydrogen, IT is the total annual income, 1ecSP s the income of elec-
tricity sold to ships, I®™P is the total income of from the ship
connection fees to shore power, and [ is an integer [€L =
{L1,L2,Ls,...Lg} representing the berth layout i.e. the arrangement
identifier specifying the number of berths to electrify and the number of
berths to supply with the mobile hydrogen generator.

The cost of electricity has two components, an energy component in
[$/kWh] and a demand-charge component in [$/kW]. These variables
can be adjusted depending on the port location and agreement with the
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electricity provider to represent different tariff forms such as demand-
charge, time-of-usage, day-ahead, or even fixed cost.
The generalized annualized cost (C,) formula is presented in (20):

Cr Cr x 1,
C.=|C
‘ <’+<1+ir>"f>17<1+i,>*"

where Cj is the total asset investment cost, Cg is the replacement cost
which equals the asset investment cost, i, is the interest rate, n, is the
time before an asset replacement, and n is the total recovery period of
the project.

Based on Section 2.1, only the batteries and fuel cells are subject to
replacement during the project period, which is proportional to their
utilization. The total investment cost formulas are presented below:

CSubst ZSubst (Pri?:;[ x CSubs[ x CF + CSubst DLst % CDLst +NCMS % CCMS)

(20)

base
(2D
CBESS _ ZBESS X QBESS % CBat (22)
T =
CFC ZFC (CHtruck NHGerl x (Pf‘nﬁt‘lx x CFC + CHtank X cCMS) ) (23)
CHGen Bat __ Z.BHGen % QBHGen % CBat (2 4)
T =

where Cf”b“ is the total investment cost of the substation, zS”b“, ZBESS,
2IC, and 2PH%" are binary variables representing the use of the sub-
station, the substation BESS, the multi-stack fuel cell system, and the
hydrogen generator battery respectively. They equal 1 if the source is
used and O if the system is not used. CSb is the cost of the substation,
C3ubst is the base cost of the substation, CF is a 30% contingency factor
for the maximum substation power, D' is the function of the length of
the distribution network, CP* is the cost of the distribution network,
NMS is the number of cable management systems (CMS) to install, ceMs
the cost per cable management system, C?ESS is the total investment cost
of the substation BESS, C?% is the battery cost, CF€ is the total investment
cost of the hydrogen generator's multi-stack fuel cell system, C¢en Bat jg
the total investment cost of the hydrogen generator battery, cHimick i the
cost of the truck carrying the hydrogen generator and its tank in a
container, C™ s the cost of the hydrogen tank trailer, and C™ is the
cost of the fuel cells.

The cable management system is located on shore for bulk carriers,
but for other ship types, the location will depend on the requirements of
the shore power standard IEC/IEEE 80005-1. To allow mobile cable
management systems and flexible designs, it is assumed that the number
of cable management system to acquire, NS, uses the same statistical
analysis as the number of mobile hydrogen generators detailed in Sec-
tion 2.1.3.

The operational cost of electricity, power, and shore power revenues
are presented below:

b,
CElecGnd C-Elf?C ot o qu » (25)
(d,m) QSubst
(m)
CPoweand Ciner opt (26)
HGen
t
Cftli Lr]rll’) QHGen (27)
IElecSP CElecSP X QSP) (28)
ICormSP ISPop % Nconn (29)

where CPl %Pt js the optimal electrical cost for the port, d is the day of the
year for d € D, D is the set of days of the year, Q%" is the total electrical
demand of the substation to the grid, C?°"¢" P! is the optimal power cost,
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CH %Pt s the optimal hydrogen cost, Q%" is the energy demand for the
mobile hydrogen generators, P is the port operational income per
ship connections, N°™ is the number of ship connection to shore power,
Q% is the electrical energy demand of the ships using shore power, and
CPlecSP is the cost of electricity sold to the ships.

To obtain the monthly energy demand Q% the daily energy usage
is used and multiplied by the number of days N°® per month and with

the ratio of berth b usage per month U:

T
qubst N(D'zl)/ Z Z U(b‘m) X P(gyl;bts)t (30)

beBSubst t=1

where BS is the set of berths connected to the electrical distribution
network, and T is the set of hours in the day.

Then, the monthly cost of power C*°"¢ %! is proportional to the peak
power demand that occurred during the month. The typical monthly
peak power demand varies with the time of the year and with the power
demand of ships at berth.

The resulting monthly cost structure is used to reduce computing
time, while keeping a good seasonal representativeness of berth usage
and power demand variations. However, the model can be adapted to
encapsulate more granular data or further forecast data.

Finally, the lower optimization problem might return infeasible so-
lutions because the design parameters can lead to infeasible power
dispatch, i.e., when the lower optimization algorithm is unable to satisfy
its constraints with the given parameters as described in Section 2.3.2. In
this case, a penalty factor is applied to the Profit, function in (31). This
penalty function enables to the discarding of infeasible solutions by
making them extremely expensive and indicating to the search algo-
rithm to search other areas.

if C(Effn)"pt not feasible, Profit, = Profit, + Penalty™ "

(€3]
with Penalty™™ — — «

Because the upper-level objective Profit, is maximized, infeasible
lower-level solutions are discouraged by adding a large negative penalty
to the objective. Formally, the penalty factor is required to tend toward
negative infinity so that any infeasible solution has low fitness and is
effectively eliminated by the GA. In the numerical experiments, the
penalty was implemented as a large finite constant of —1 x 10%.

The problem is dependent on nonlinear components such as the non-
linear relation between the energy source and energy storage systems'
capacity, and the resulting profit of the solution. The problem is also
dependent on integer components such as the berth layout. Therefore,
the resulting problem is non-linear mixed-integer programming
(MINLP).

Several solution approaches were evaluated, and the GA was
retained because the overall formulation is a mixed-integer nonlinear
problem with a large, nonconvex search space driven by discrete berth-
layout decisions. As a population-based meta-heuristic algorithm, GA
provides robust exploration and can consistently identify high-quality
feasible solutions within practical runtimes, whereas gradient-based
nonlinear solvers may be sensitive to initialization and prone to
convergence to local optima in this setting.

Fig. 6 presents the flowchart of the GA used to solve the leader
problem. The GA was implemented using MATLAB's GA solver with an
initial population matrix. The main parameters were set to a population
size of 80, an elite count of 15, a maximum stalled generations of 120, a
maximum number of generations of 250, and a fitness function tolerance
of 1 x 1072,

In the beginning, the algorithm generates the initial population of
substation maximum power, BESS size, multi-stack fuel cell maximum
power, mobile hydrogen generator battery size and berth layout. Then it
calculates the fitness function, i.e., the annualized profit based on the
annualized investment cost of the components of Eq. (17), and the
lower-level optimal operating costs. However, in the case where the
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lower-level problem returns infeasible solutions, the penalty function is
applied. If the termination criteria are not satisfied, the GA algorithm
evaluates the normalized non-dominated solutions with the fitness dis-
tribution. Then, the algorithm performs genetic operations (crossover,
mutation, etc.) to find the parent population that is fed again to the
fitness function. The process is repeated till the termination criteria are
met, which will provide optimized solutions in a reasonable amount of
time.

2.3.2. Follower: shore power system operator problem (operators)
The objective of the shore power system operator is to minimize the

L 3.6MJ/kWh
opt . C
g (P ) € argmin 3 <CH X PG / ety © 119.96MJ/kg>

(btm) t=1

s.t,(3),(4),(5),(6),(7),(8),(9),(10), (11),(12),(13),(14), (15), (16),b € B and

P C HG
D Piem = Plim +Pim"

(tm)
beBHGen

operating cost of the shore power system by finding the power dispatch
that reduces the cost of electricity and power for the port. In practical
applications, the shore power system operator will use a real-time EMS
that will do the power dispatch between the energy sources. However, in
this study, the algorithm needs to find the optimal power dispatch that
the shore power system EMS would achieve. To do so, the lower-level
receives in its inputs the parameters of ships electrical demand, and
the decision variables generated by the GA algorithm of the upper-level:

pSubst QBESS NS QBHGen and I
max > » Ns, ) :
For the BESS and electrical substation, the objective function is (32):

T
: ElecSP bst | (PowerGrid ubstPeak
) € argmin Z (C ecSP Pf;‘"f) - CPowerGrid P(Sb.tfmf )

(btm) t=1

Clan™ (P

(b,t;m)

st.(1).(2).(3),(4),(5),(6). (7). (8).(9).(10),b € B>, and
3 Pl = P+ P

(32)

where Tis the set of time t € T, m is the month, and berth b € BS®st, gSubst
is the set of berths that are connected to the distribution network.
For the mobile hydrogen generator, the objective function is (33):

(33)

where b € BHOn BHGN is the set of berths that are supplied by the mobile
hydrogen generator.

Therefore, the optimization algorithms return the results to the
upper optimization problem. The objective functions of the shore power
system operator problems and their constraints are linear or can be
linearized. The optimization problems can be solved with linear pro-
gramming (LP) techniques as detailed by the work of Antunes et al. [35].
Fig. 7 presents the flowchart of the dual-simplex algorithm utilized to
solve the follower problem followed by the detailed description of the
algorithm.

The GA-generated design parameters from the shore power system
designer are evaluated month-by-month to capture annual operational
variability and seasonality. For each step, the solver first preprocesses
the model: it enforces variable bounds, detects linear inequality and
equality constraints, checks consistency of bounds and constraints, and
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Fig. 7. Dual-simplex algorithm flowchart.

converts inequalities to equalities by introducing slack variables. Initial
feasibility is then assessed on the dual problem. If the dual is infeasible, a
big-M reformulation (adding slack or penalty terms) is applied to obtain
a feasible dual. Phase 2 applies the dual-simplex method to seek opti-
mality: pivoting and solution updates continue while improving neigh-
bouring points and maintaining feasibility. If the algorithm fails to
converge within the maximum iteration threshold, the candidate is
declared infeasible. The dual-simplex workflow and flowchart follow the
formulation in [36].

Once all optimal power dispatch of PSbst, pBESS pFC_apq pBHGen for
all t and all month m is found, the annual cost of operation is calculated
and sent to the upper optimization problem.

3. Results and discussions

Using a realistic port layout as a test case, the proposed approach

Table 1

Value of cost parameters in USD.
Symbol Definition Value
chat Battery cost in [$/kWh] [38] 300
cPist Cost of the distribution network in [$/m] [39] 275
GElecsP Cost of electricity sold to the ship in [$/kWh] [40] 0.1125
FlecGrid Cost of electricity from the grid [$/kWh] [41] 0.03019
cfe Cost of the hydrogen generator multi-stack fuel cell in 1425

[$/kW] [42]

Hiruck Cost of the hydrogen truck in [$] [43] 200,000
cHitank Cost of the hydrogen tank in [$] [30,42] 175,000
ctt Cost of hydrogen [$/kg] [44] 4.00
cPowerGrid  Electrical cost of power of the substation in [$] [41] 11.5695
CSPop Ship cost per shore power connection in [$] [45] 575
Subst Variating cost of the substation in [$/kW] 333
Cf;ﬁ’g‘ Fixed cost of the substation in [$] 7.5
coMs Cost of the cable management system in [$] 187,500
5Pp Income of the charges per ship connection in [$] 375
i Interest rate in [%] 6
N Total project recovery period in [y] 25
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intends to determine the best design to maximize the profits of the port
while ensuring minimal operational costs. The work of Daniel et al. [37]
was evaluated to propose a typical dry bulk port that would be well
suited for the test case, including berth utilization, and the physical
layout and distances. Notably, the considered study addressed the dry
and liquid cargo shipping network of the St. Lawrence and Great Lakes.
Nevertheless, investigating a container, cruise, tanker, and other types
of terminals is also feasible by adapting the layout configuration and
input parameters. The cost parameters used in the test cases are sum-
marized in Table 1.

The berth layout of Fig. 8 presents the five different berths of the
terminal that are considered in this test case. Berths No. 1 and 2 are at a
grain elevator, berths No. 3 and 4 are break bulk, and berth No. 5 is a
remote dry bulk berth. The yearly usage of berths No. 1 to 5 is 3%, 25%,
22%, 15%, and 1% respectively, with a distance of 400 m between
berths No. 1 and 2, 400 m between berths No. 2 and 3, 200 m between
berths No. 3 and 4, and 600 m between berths No. 4 and 5. The typical
daily power demand of the ships at berth is presented in Appendix B.
Finally, the model evaluates the test case parameters in the MATLAB
environment.

3.1. Test case optimal results

The results of the optimization indicate that the optimal system has
one substation connected to berths No. 2, 3, and 4 and that berths No. 1
and 5 are supplied by one mobile hydrogen generator. This layout was
found by the algorithm to be the optimal choice to reduce the total costs
including the investment and the operations. The proximity of the berths
had an impact on the results as a remote berth is more expensive to
connect to the electrical distribution network. Berth utilization was also
a significant contributing factor. Berths No. 1 and 5 are far and less
utilized than the other ones resulting in a logical decision by the algo-
rithm to supply them with the hydrogen generator.

Fig. 9 displays the results in bar graphs and a pie chart in terms of
total CAPEX, total annual CAPEX, and total OPEX.
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Fig. 9. Breakdown results for the test case in USD: A) the total capital expenditure for each component, B) the annualized total capital expenditure for each
component, C) the total operational expenditure for each expense and income, and D) the pie chart breakdown of the annualized costs.

The breakdown figures show that the demand-charge is the domi-
nant contributor in annualized costs, representing 37.2% of total annual
costs. The next largest terms are the cable management system, the
electrical distribution network annualized CAPEX at 14.5% and 10.7%
respectively, and grid energy purchases at 10.1%. By contrast, the
annualized contributions of the substation, the BESS, the hydrogen-
generator battery, fuel cells, and hydrogen fuel are comparatively
smaller at 5.8%, 2.1%, 2.7%, 1.5%, and 3.3% respectively. The results
also indicate that no replacement of the batteries or fuel cells was
required because of the low utilization rate of the equipment.

Then, Table 2 presents the numerical results from the test case and
their related levelized cost of energy values.

A total investment of $1.28 M is required to build the substation,
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build the electrical distribution network, purchase the CMS, purchase
the transformer, and purchase the BESS. It results in a levelized cost of
electricity (LCOE) of ¢11.02/kWh for the investment. The LCOE of the
electricity itself is constant at ¢3.38/kWh and reaches ¢12.40/kWh for
the cost of power. Therefore, the costliest expense for the substation is
the cost of power.

Even with the income from the electricity sold to the ship and the
connection fee, the total substation LCOE, hydrogen generator LCOE,
and annual profit are negative at -¢12.95/kWh, —¢114.11/kWh, and
-$170 k respectively. The cost difference with a zero-profit scenario
represents 56% of the total annualized CAPEX and OPEX, and could be
funded by governments or by increasing the cost of electricity and the
connection fee for the ship.
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Table 2
Results for the test case in USD.
Variable Result
Design parameters
Substation maximum budgeted power 891 kW
BESS capacity 367 kWh
Hydrogen generator multi-stack fuel cell system 400 kW: 4 stacks of 100
maximum power kw
Hydrogen generator battery capacity 460 kWh

Number of mobile hydrogen generator 1

Capacity of the hydrogen generator fuel tank 1000 kgH,
Substation costs (including distribution and the BESS)

Total CAPEX $1,280,332
Annualized CAPEX $100,156
Annual OPEX $143,416
Resulting levelized cost of electricity ¢3.38/kWh
Resulting levelized cost of power ¢12.40/kWh
Resulting levelized cost of investment ¢11.02/kWh
Electricity and connection incomes ¢13.85/kWh
Mobile hydrogen generator costs

Total CAPEX $629,250
Annualized CAPEX $49,224
Annual OPEX $9969
Resulting levelized cost of operation ¢21.66/kWh
Resulting levelized cost of investment ¢106.96/kWh
Electricity income ¢14.51/kWh
Total annual profit -$170,209

The maximum budgeted power of the substation is found to be 891
kW, and a BESS capacity of 367 kWh. The total power of the substation is
not the real maximum power because a contingency security factor is
added at the engineering design stage. However, it represents the
maximum budgeted power that the substation should be operated to
optimize the operational costs. Indeed, one of the important operation
cost components is the peak power demand that is supplied by the grid.
Fig. 10 below presents a day in the simulated year to show how the BESS
is able to compensate for the constrained substation and limit the total
power requested to the grid.

The x-axis of Fig. 10 is the time over 24 h, the left y-axis is the power
in kW, and the right y-axis is the battery SOC in percentage. The pink
curve represents the power demand of the ships using shore power. The
blue curve represents the power of the battery, and the dotted blue curve
presents its state of charge. The green line is the power of the substation.

Fig. 10 shows that the BESS was able to diminish the maximum
power requested to the grid by maintaining it at a maximum level, thus
reducing the electrical cost of power. The work of the BESS is seen by the
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variations of power on PPESS which compensate for the substation high
demands constrained by the substation budgeted maximum power. At
the end of the day, the state of charge of the BESS comes back to its
initial value successfully.

For the mobile hydrogen generator, an investment of $629 k covers
the hydrogen truck, hydrogen tank, the 400 kW multi-stack fuel cell
system, and the 460 kWh battery. The resulting LCOE for the operations
reaches ¢21.66/kWh, and the investment is ¢106.96/kWh. This result is
high because the mobile hydrogen generator has a much lower utiliza-
tion rate than the substation. On the other hand, the levelized income at
¢14.51/kWh is slightly higher than that of the substation because the
connection fee is spread among fewer kWh of utilization.

The results also indicate a daily hydrogen consumption of about 236
kg. Therefore, the 1000 kg hydrogen fuel tank would be sufficient to
cover the power demand of a bulk carrier at berth for 3-4 days, which is
the world average time that bulk carriers spend in ports [46].

Similar to Figs. 10, 11 and 12 show how the mobile hydrogen
generator multi-stack fuel cell system and battery supply the ship for a
typical day. When the power is at zero, it is because the ship has stopped
or has not yet started to use shore power.

The figures show that the same mobile hydrogen generator can
supply different ships and different power demands. Because the system
only supplies one ship at a time, there are fewer power variations than
on the substation and the BESS. The battery takes a minimum share of
the load because fuel cells cannot supply high-frequency variations of
the load. Therefore, the battery needs to be recharged regularly. At the
end of the day, the battery needs to successfully regain its initial state of
charge as bulk carrier port calls can last multiple days.

From a policy perspective, the cost structure suggests differentiated
levers: investment subsidies reduce infrastructure-driven annualized
CAPEX, notably for the electrical distribution network and substation.
Then, operational support mechanisms, such as demand-charge miti-
gation or dedicated shore power tariffs, could target the dominant
demand-charge term. Carbon policies can further improve revenue ad-
equacy by increasing the relative attractiveness of shore power versus
onboard diesel generation, enabling higher cost recovery through elec-
tricity sales and connection fees.

3.2. Test case sensitivity analysis

A sensitivity analysis was performed in Appendix C to see how the
model reacts to variations of multiple parameters. It concludes that the
model outputs are proportionally related to its inputs for variations of
+100%, with variations in the grid electrical costs, ship electricity cost,
and substation investment cost being the most sensible parameters. This
sensitivity analysis enabled to reinforce the robustness of the method
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Fig. 10. Power dispatch of the electrical substation connected to berths No. 2-3-4 and the battery energy storage system for a typical day in December.
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Fig. 12. Power dispatch of the hydrogen generator for berth No. 5 for a typical day in December.

and show the impact of parameter variations on shore power system
design. However, the variation of berth utilization is another critical
parameter that is unknown and might be subject to higher variations.
For instance, the number of shore power-equipped ships is in constant
evolution. Therefore, a deeper analysis of berth utilization has been
conducted to assess the economic impacts of the system under low uti-
lization scenarios.

Fig. 13 presents the levelized cost (y-axis) based on the variation of
the total capacity utilization rate of the installation (x-axis) to see the
relationship between different scenarios on the same basis. The total
capacity utilization is measured as the quantity of energy that can be
supplied by the electrical substation or the hydrogen generator to the
ships. Therefore, it indicates how sensible the economics of the solution
are to different utilization rates.

The green dotted curve represents the LCOE of the substation if no
BESS was used, but with only berths No. 2, 3 and 4 connected as per the
results of the reference scenario of Section 3.2. Then, the grey dashed
curve is the LCOE of the reference scenario, but considering that the
ships coming to the port do not have a peak power demand, and where
the average power is equal to the peak power demand. This case is
investigated to see if the BESS is economic even in cases of ships having
constant loads. The blue solid curve presents the LCOE of the reference
optimal scenario with the BESS and the berths No. 2, 3 and 4 connected.
The orange curve presents the LCOE of the mobile hydrogen generator

13

and is shorter than the other curves as only one hydrogen generator
cannot supply the same quantity of energy as the electrical substation
can. The black dotted curve is the income from electricity sold to the
ships, and the triangles show the current operation point based on the
test case parameters.

Finally, two scenarios without hydrogen generators are investigated.
They are used as a reference to compare the effectiveness of the mobile
hydrogen generator solution with the other solutions. The pink dashed
curve presents the case where all berths would be connected to the
electrical substation and where the BESS is optimal to reduce costs. The
light blue dashed curve is the case where all berths would be connected
to the electrical substation, but without any BESS system. The light blue
scenario is the equivalent of current shore power deployment strategies
without BESS or mobile hydrogen generators.

Fig. 13 shows that a variation in the utilization of the substation close
to its actual utilization point would not affect the LCOE very much.
However, if it is not used enough, the LCOE can increase significantly.
Therefore, the port needs to ensure that a minimum number of ships will
connect. However, variations in the mobile hydrogen generator utili-
zation will always affect the costs because of the steep slope at the real
set point. While a high utilization could reduce the LCOE tremendously,
it is not able to reach the substation LCOE partly because of the higher
resulting cost of electricity generated with hydrogen and investment
cost.
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Fig. 13. Sensitivity of the levelized cost on utilization
Also, the graph shows that the relation between the LCOE and the enables the reduction of the total costs of the marine green port by
berth utilization is an exponential inverse. Therefore, the LCOE di- preventing the costly installation of underground cables for low-
minishes quickly at the beginning and flattens after about 500 MWh of utilization berths. Indeed, the mobile hydrogen generator achieves the
utilization, which is ~6% usage of the substation capacity. It means that same LCOE but with 43%-90% less supplied energy, i.e., less effective
bulk carriers' shore power terminals need minimal usage to ensure they electrical utilization, depending on the scenario
are operated economically. For comparison, the real operating point of Then, the gap between the solid blue curve (reference optimal sce-
the reference scenario is at 11.8% usage of the total substation capacity. nario) and the green curve (no BESS) shows a cost difference of about
The gap between the mobile hydrogen generator curve and all other 69%. It confirms that the BESS is effective in optimizing the profit of
curves shows that, even if expensive, the mobile hydrogen generator shore power under demand-charge electrical tariffs. Also, the low LCOE
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of the dashed grey curve indicates that ships without peaks provide the
best profits for the port.

Then, the reference optimal scenario (blue solid curve) presents
better results in all cases when compared with the two full network
scenarios: 63% reduction with the pink dashed curve and 79% reduction
with light blue dashed curve. It shows the importance of BESS and
mobile hydrogen solutions to democratize shore power in zero-emission
ports. Then, the gap between the full network scenario with BESS (light
blue dashed curve) and the full network scenario without BESS (pink
dashed curve) highlights that the BESS are essential to reduce total costs
even in conventional shore power deployment strategies. The latter
solution requires larger electrical installations to cover the peak power
demands of the ship cranes or other electrical loads on the ships. Also,
the maximum power requested from the grid cannot be reduced, rein-
forcing the need for a BESS to lower the demand-charge cost of power.

The full network scenario with BESS was further investigated. Fig. 14
reports the corresponding cost-composition breakdown using the same
representation as the reference optimal test case.

Compared with the hybrid configuration, the full-network case re-
quires higher grid-facing sizing (P525t=1380 kW; Q55 = 740 kWh) and
is more exposed to demand-charge costs. Demand-charges dominate the
annual cost with 49.5% of annual total costs and distribution-network
annualized costs increase, 17.5%, resulting in lower profitability
under the demand-charge tariff and supporting mobile hydrogen gen-
eration as a cost-mitigating option for remote or low-utilization berths.
The final total profit is 29% higher than the reference hybrid scenario,
showing the importance of mobile generation solutions for remote and
low-utilization berths.

3.3. Model sensitivity and limitations

To further assess sensitivity to external drivers and to validate the
proposed optimization framework, additional analyses were conducted
in Appendix D on model optimality, electricity-pricing schemes, and
berth-utilization scenarios. The results indicate that the suggested meta-
heuristic model is efficient in finding near-optimal results in a reason-
able amount of time. Also, both tariff structure and berth-utilization
patterns strongly influence the optimal topology and sizing, with
demand-charge exposure emerging as the dominant factor influencing
profitability. Among all tested cases, only the high-utilization scenario
with 40% utilization at all berths yields the best annual profit at -$135 k,
highlighting that high berth usage is critical for cost recovery in the
analyzed context.

The proposed model remains subject to several limitations. First, the
results are highly dependent on the specific characteristics of the
analyzed port terminal: berth layout geographical configuration, elec-
trical distribution, and berth-utilization patterns. They may lead to
substantially different optimal topologies and sizing outcomes. Second,
several technical and economic components are represented using
simplified assumptions, including fuel-cell and generator efficiency,
battery sizing procedures, load-demand characterization, and electricity
tariff structures, which could be refined through higher-resolution
operational data and more detailed techno-economic sub-models. In
addition, ship-type differences and operational variability are not
investigated. Finally, the current framework is well suited for demand-
charge tariff, but needs to be adapted to other types of energy tariffs.
Therefore, while the framework is generalizable, the present test case
can be adapted and calibrated with diversified real-world datasets to
ensure robust applicability and to demonstrate optimal performance
across a broader range of terminal types and operating conditions.

4. Conclusion

This study developed and validated a bilevel optimization frame-
work for the joint design and operation of shore power connection
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systems integrating battery energy storage systems and mobile hydrogen
generators. The proposed bilevel architecture captures the hierarchical
interaction between shore power investors and system operators by
coupling a genetic algorithm for infrastructure sizing and distribution
layout with a dual-simplex linear power dispatch algorithm.

Applied to a representative five-berth bulk terminal, the model
identified an optimal hybrid configuration consisting of an 891 kW
substation, a 367 kWh BESS, and one 400 kW mobile hydrogen gener-
ator with a 460 kWh battery. Compared with conventional full-network
electrification without storage or mobile generation, the optimized
configuration reduced total system costs by up to 63-79%, depending on
the reference scenario. The BESS significantly reduced exposure to
demand-charges by limiting peak grid power, while the mobile
hydrogen generator avoided costly electrical-distribution extensions for
remote berths or with low-utilization rates. Despite these improvements,
the optimized annual profit remained negative at -$170 k, indicating
that bulk terminals with low berth utilization struggle to achieve full
cost recovery under current demand-charge tariff structures. To achieve
a zero-profit scenario, a subsidy of 56% of the total annual costs is
required.

Demand-charges are the dominant contributor to annualized costs in
the reference case, accounting for 37.2% of the total. The remaining cost
is largely driven by infrastructure-related CAPEX, with electrical dis-
tribution and cable management systems forming the next most signif-
icant elements, while equipment costs for the substation, BESS, and
hydrogen system are comparatively smaller. This cost structure in-
dicates that improving project viability will likely require a dual policy
approach. It will be required to provide targeted mitigations of demand-
charges through adapted shore power tariffs, and to support infra-
structure investments on the shore-side such as electrical distribution
and cable handling systems, which are substantial.

From an engineering perspective, the results confirm that hybridiz-
ing grid supply with strategically sized BESS and modular hydrogen
generators improves flexibility and reduces infrastructure oversizing
under the demand-charge electricity tariff. However, economic feasi-
bility remains highly sensitive to berth utilization and tariff design. The
utilization sensitivity analysis shows that bulk-carrier shore power in-
stallations must be operated above a minimal utilization level of ~6% to
keep the LCOE stable against utilization-driven variations.

Future work should further investigate the economic gap between
optimized hybrid configurations and breakeven operation by quanti-
fying the required contributions from governments and shipowners
under different electricity tariffs. The integration of on-site renewable-
powered hydrogen production and additional operational layers, such as
berth and quay-crane allocation coupling, could also refine system-level
optimization.

Also, the proposed framework is well-suited to demand-charge tariffs
of electricity, but it is less adapted to purely energy-based tariffs such as
fixed, time-of-use, or day-ahead pricing. Future work should therefore
adapt the model to better capture these tariff dynamics and include BESS
revenue strategies such as electricity resale to the grid to improve
profitability.

Finally, while the lower-level dispatch was validated against a
dynamic-programming benchmark, future work should further assess
global optimality of the overall bilevel solution by comparing against
additional references and methods across a broader set of test cases.
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Appendix A

Table 3
Abbreviations and symbols.

by Fednav.

Symbol

Definition

Variables and parameters

Share energy that is supplied by the multi-stack fuel cell system

Probability of having fewer mobile hydrogen generators than ships at berth

Set of probabilities for the berths that will be supplied by a hydrogen generator
Factor representing the efficiency of the multi-stack fuel cell system

Set of berths that are supplied by the mobile hydrogen generator.

Set of berths connected to the electrical distribution network

Annualized CAPEX of the BESS connected to the substation
Annualized CAPEX of the mobile hydrogen generators
Annualized CAPEX of the mobile hydrogen generators' batteries
Annualized CAPEX of the electrical substation

Total investment cost of the hydrogen generator's multi-stack fuel cell system
Total investment cost of the hydrogen generator's battery

Function of the length of the distribution network for a berth layout [

Total Income of the fees for ship connections to shore power

Port operational income of the ship's connections

B

A Probability of having a ship at a berth
AMultiple ship

ATresh Statistical threshold

A

Heff

BHGen

B.Subst

Cq Annualized cost

cBEss

CZIGen

C}ﬂ?HGen

Czubst

CaTm Total annual cost

cBat Battery cost

chist Cost of the distribution network

llecsP Cost of electricity sold to the ship
(PlecGrid Cost of electricity from the electrical provider
CPlec opt Optimal electrical cost for the port

cfe Cost of the fuel cell

ct Cost of hydrogen

cH opt Optimal hydrogen cost

cHtank Cost of the hydrogen tank trailer

GHruck Cost of the hydrogen truck

C‘I?ESS Total investment cost of the substation BESS
cre

CiGen Bat

Cubst Total investment cost of the substation
PowerGrid Electrical cost of power of the substation,
cPower opt Optimal power cost

cSubst Cost of the substation

Cubst Base cost of the substation

DDi.ct

F Set of mobile hydrogen generators

ir Interest rate

et Total annual incomes

IConnSP

[HlecsP Income from electricity sold to ships
ISPDp

L Set of electrical distribution layout

M Set of months in the year

mH Mass of hydrogen

NConn Number of ship connections to shore power
NP Number of days in a month

NFiGen Number of hydrogen generators

N Number of fuel cell stacks

qff;l} Efficiency of energy transfer with the battery
’Iﬁf? Efficiency of the fuel cells

PpBESS Power of the BESS system

PBESS Maximum power of the BESS system
pBHGen Power from the hydrogen generator battery
prc

Power of the multi-stack fuel cell system

(continued on next page)
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Table 3 (continued)
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Symbol Definition

pmc Power of a single fuel cell stack

porid Average power supplied from the grid

priGen Power from the hydrogen generator

Profity Annualized profits

pP Power requirement from the ships shore power connections
plubst Power flow that is transferred from the substation to the ships
pubst Maximum budgeted power of the substation

QBESS
QHGen

QBHGen
P

Q&
Q$ubst
soc

T
ZBESS
ZBHGen
ZFC
zSubst

Subscript

Abbreviations
BESS
CAPEX
CMS
CO,
EMS
GA
GHG
LCOE
LP
MINLP
OPEX
TOU

Capacity of the BESS

Energy demand for the mobile hydrogen generators
Hydrogen generator battery capacity

Electrical demand of the ships

Total electrical demand of the substation to the grid
State of charge

Set of hours in the day

Binary variables representing the use of the BESS

Binary variables representing the use of the hydrogen generator's battery
Binary variables representing the use of the hydrogen generator's fuel cells

Binary variables representing the use of the substation

Annual

Berth identifier

Day identifier

Hydrogen generator identifier
Layout identifier
Investment

Month identifier
Maximum

Minimum

Period of the interest rate
Time unit (hour) identifier

Battery energy storage system
Capital expenditure

Cable management system
Carbon dioxide

Energy management strategy
Genetic algorithm
Greenhouse gas

Levelized cost of electricity
Linear programming
Mixed-integer non-linear programming
Operational expenditure
Time-of-usage
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Appendix B

The general power demand of the ships at berth for the test case is presented in Figs. 15 and 16. It is based on the real power demand of bulk carriers
from the International Maritime Organization power demand of ships [1] and from the work of Daniel et al. [37] addressing the dry and liquid cargo
shipping network of the St. Lawrence and Great Lakes. A monthly utilization factor is applied to the typical load profile to ensure it represents a
realistic power demand of the ships in function of the season with 50%, 50%, 70%, 80%, 90%, 100%, 80%, 80%, 100%, 100%, 100%, and 70% for
January to December.
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Fig. 15. Estimated annual power demand for the test case dry bulk terminal.
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Fig. 16. Typical daily load profile for the five berths of the test case with the first graph at the top representing a) Berth No. 1, b) Berth No. 2, ¢) Berth No. 3, d) Berth
No. 4, e) Berth No. 5.

Appendix C

This appendix discusses the sensitivity of the model outputs to variations in its inputs. Firstly, the input parameters related to investment cost,
operational cost, and berth utilization are addressed, followed by the design parameters in a second analysis.

This appendix assesses how sensitive the model outputs are to variations in key input assumptions. The analysis is performed with a one-at-a-time
approach: for each sensitivity variable, a discrete set of percentage variations of £100% is applied around a baseline case (reference scenario), while
the genetic algorithm recomputes the optimal design for every scenario.

The different sensitivity variables that are tested are:
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Equipment and infrastructure investment costs (CAPEX)

e Substation CAPEX

e Battery energy storage system (BESS) CAPEX
e Fuel cell (FC) system CAPEX

e Electrical substation CAPEX

e Mobile hydrogen generator CAPEX

Operational costs and revenues (OPEX)

e Grid electricity OPEX (energy and demand-charges)
e Ship-side OPEX/revenue assumption (electricity cost paid by ships/income to the port)
e Hydrogen operational cost (fuel and refuelling)

Operational conditions at the port

e One berth load profile variable per berth (Load 1 to Load 5)
e Peak demand assumptions at each berth (Peak 1 to Peak 5)
e Berth utilization factors variable per berth (UTL 1 to UTL 5)

Fig. 17 shows the variation of annual profit as a function of the input perturbation applied to each sensitivity variable. The x-axis reports the input
variation in percentage relative to the baseline (—100% to +100%), and the y-axis reports the corresponding profit variation in percentage relative to
the baseline profit. Each curve represents one sensitivity variable and connects the tested variation points. The colour and marker in the legend
identify the sensitivity variable, while the dashed reference lines at 0% indicate the baseline case (no variation and no change in profit). Because each
point corresponds to a full GA re-optimization, the plotted response reflects both the direct impact of the parameter and the design adjustments made
by the optimizer.

0r —O— CAPEX: Battery

~—{— CAPEX: Fuel cell
CAPEX: H2 generator
e CAPEX: Substation
i)~ Load 1
~tr—Load 2
——oad 3
e 0G4
G L0ad 5
OPEX: Grd
=t OPEX: H2
—tp— OPEX: Ship
Peak 1

60

40

A Profit vs baseline (%)

O [N N T S N NN SN N N
-1

-80 -60 -40 -20 0 20 40 60 80 100
Input variation (%)

Fig. 17. Sensitivity of the annual profit.

The results from Fig. 17 indicate that the main variables influencing the annual profit sensitivity are the electricity-related OPEX (energy and
demand-charges), the ship-side OPEX/income (electricity cost or revenue recovered from ships), and the substation CAPEX. A positive and negative
variation of 100% of ship income and substation cost results in a profit variation of roughly —60% to +60%. Variations in grid OPEX exhibit an
asymmetric response: a +100% variation can increase profit by approximately +60%, whereas a —100% variation decreases profit by about —80%.
Overall, small individual variations of most parameters have a limited influence; however, simultaneous unfavourable changes across multiple pa-
rameters could lead to significant deviations in profitability, implying that robust investment decisions should consider combined uncertainty rather
than isolated perturbations.

Fig. 18 complements Fig. 17 by providing a ranked comparison of sensitivity variables based on their profit impact at the most negative and most
positive tested variations. For each variable, two horizontal bars are plotted: the left bar corresponds to the negative extreme variation (i.e., —100%)
and the right bar corresponds to the positive extreme (i.e., +100%). The x-axis shows the profit variation in percentage relative to baseline, while the
y-axis lists the sensitivity variables sorted by the maximum absolute impact. This figure is intended to quickly identify which uncertainties matter most
for decision-making and whether their impacts are symmetric (similar magnitude on both sides) or asymmetric (large downside risk with limited
upside, or the opposite).
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Fig. 18. Sorted sensitivity of the annual profit variation between minimal and maximal variations.

Fig. 18 highlights that, when a BESS is present, variations in peak power assumptions have a relatively low impact on profit. This behaviour is
consistent with the modelling assumption that the battery can absorb short-duration peaks effectively. At this stage, the model does not impose a
maximum admissible instantaneous peak limit for the BESS response. Therefore, applications with extreme peaks relative to mean demand may
require additional constraints. More broadly, Fig. 18 shows that most variables yield larger negative profit deviations than positive gains, indicating
that shore power economics are more vulnerable to adverse parameter changes than they benefit from favourable ones. The only larger positive
impacts observed correspond to increased load at berths 1 and 5, which are supplied by the mobile hydrogen generator: higher demand increases
delivered energy and revenues, whereas lower load produces limited benefit.

Fig. 19 reports the optimal design variables returned by the GA for every sensitivity run using actual variable values (not normalized percentages).
The x-axis corresponds to the scenario index (each index is one sensitivity run), and each subplot represents one design variable: the maximum
budgeted substation power PS5, the BESS capacity QPSS the number of stacks in the multi-stack fuel cell system N, the hydrogen generator battery
capacity QP#9", and the electrical distribution layout: L. Bars are colour-coded by the sensitivity variable being perturbed, and the shade of each bar
encodes the magnitude and sign of the input variation (lighter tones for negative variations and darker tones for positive variations relative to the 0%
case of the perturbed variable). Marker symbols on the bars further distinguish which sensitivity variable is active for a given run, improving
readability when several colours are visually similar.
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Fig. 19. Sensitivity of the design variables for: the maximum budgeted power of the electrical substation, the electrical substation battery capacity, the maximum
power of the mobile hydrogen generator multi-stack fuel cell system, the hydrogen generator battery capacity, and the berth layout identification number.

Fig. 19 shows that load variations on berths 2-3-4 (served by the
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electrical substation) strongly affect the optimal P32, as higher substation utilization (Utl 3-4-5) directly drives required grid capacity. The substation
BESS capacity QPESS is primarily influenced by battery capacity cost variations, reflecting the trade-off between storage investment and operational
value.

On the hydrogen side, Ng and QB9 are impacted mainly by load variations on berths 1 and 5 and not that much by utilization or peak variations.
Since these berths are supplied by the mobile hydrogen generator, higher demand increases the required onboard generation and buffering power.

In contrast, the distribution layout identifier [ remains stable in most conditions, but varies when high variations of grid electricity cost, hydrogen
cost or utilization are present. Layout changes are predominantly driven by utilization variations, which can shift the optimizer to occasionally
connect berth 1 or 5 to the electrical substation.

In conclusion, the sensitivity analysis indicates that the model is relatively stable under moderate one-at-a-time perturbations for most inputs, but
it is highly sensitive to ship-related revenues and electricity operational costs.

Appendix D

This appendix has the objective to provide more detailed evaluations of the algorithm optimality performances compared with a central single-
level optimization model, the lower-level algorithm optimality analysis, and with different electrical pricing tariffs impact on the results.

Central single-level optimization

First, the bilevel model was reformulated over a centralized single-level optimization model to compare the performance of both models. However,
modelling an equivalent fully centralized algorithm without substantial simplification and remodelling would require optimizing on the order of
hundreds of coupled variables at once (5 upper-level design variables plus 2 x 24 variables for the power dispatch, monthly for one year, for the lower-
level dispatch problems).

As this formulation is impractical, the upper-level was simplified by replacing the interaction with the lower-level by a simple inequality function.
Thus, no operation optimization is done on a lower level.

The battery sizing is based on IEEE 485-2020. However, only the high-level battery sizing procedures were considered: supply autonomy time,
peak power demand, total capacity, etc. The simplified model also requires the satisfaction of the constraints (34), (35), (36), and (37) for the BESS:

Qh' = (max (P, ) — Pt ) N (34)
) Target
5SS = DoD DI (35)
QFFSS > Qgggnal (36)
Q' < > P p 37)

beBSubst

where Q,S;gg;‘ is the targeted useful capacity range of the BESS, N4y is the number of hours of autonomy of the battery, Qgg’g‘s""“l is the total capacity of
the BESS, DoD is the useful capacity range, DM is the design margin.

A DoD of 75% is chosen to limit short battery aging, and conservative values of 1 h and 10% are used for the number of hours of autonomy and for
the design margin respectively.

For the hydrogen generator, the targeted hydrogen generator battery capacity formula (38) is modified to respect (15).

e = > px (P - P ) 38)
beBHGen

Then, the central single-layer model is compared with the bilevel reference model in Table 4. The central-level model has a very similar archi-
tecture, but feasibility and optimality are not ensured. Nevertheless, the central single-level model enables the evaluation of the high-level perfor-
mance of the bilevel approach.

Table 4
Comparison between the centralized single-level and the bilevel algorithms.

Variable Proposed bilevel model Central single layer model

Design parameters

Substation maximum budgeted power 891 kw 522 kW
BESS capacity 367 kWh 1721 kWh
Electrified berths 2-3-4 2-4
Hydrogen generator multi-stack fuel cell system maximum power 400 kw 300 kW
Hydrogen generator battery capacity 460 kWh 979 kWh
Berths covered by the hydrogen generator 1-5 1-3-5
Number of CMS 3 2

Number of mobile hydrogen generator 1 2

Substation costs (including distribution and the BESS)

Total CAPEX $1,280,332 $1,305,232
Annualized CAPEX $100,156 $102,104
Annual OPEX $143,416 $101,729

(continued on next page)
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Table 4 (continued)

Variable Proposed bilevel model Central single layer model

Mobile hydrogen generator costs

Total CAPEX $629,250 $1,313,550
Annualized CAPEX $49,224 $108,996
Annual OPEX $9969 $86,795
Total annual profit -$170,209 -$267,067

The benchmark comparison in Table 4 indicates that the simplified centralized formulation is 36% more expensive and systematically trades
substation capacity for conservative asset oversizing, resulting in lower economic performance than the bilevel model. In particular, the centralized
model selects a substantially smaller substation rating (522 kW vs. 891 kW) but compensates with markedly larger storage and mobile generation
capacities and electrical distribution layout (BESS: 1721 kWh vs. 367 kWh; only 2 berths covered by the substation instead of one, two hydrogen
generators vs. one), which increases total CAPEX and hydrogen-related OPEX. This behaviour is expected because the centralized benchmark does not
include an explicit operational dispatch optimizer. Feasibility is enforced through conservative sizing inequalities to satisfy peak and autonomy re-
quirements, which tends to inflate installed capacities and lifecycle costs.

Lower-level optimality analysis

The optimality of the lower-level linear dual-simplex algorithm was evaluated by comparing its results to a dynamic programming equivalent
algorithm. Based on Bellman's principle of optimality, the dynamic programming method guarantees that any optimal dispatch trajectory contains
optimal sub-trajectories, and therefore provides a robust reference for global optimality by recursively minimizing the cost-to-go over discretized
states [47]. In this case, the state is the battery state-of-charge discretized with a step of 0.1, and the demand-charge search over the grid peak uses a
precision step of 0.1. The reference population for the upper-level algorithm is PS = 1500 kW, QP55 = 800 kWh, N, = 4, QFH% = 700,1 =
{{2,3,4},{1,5}}. Table 5 reports the computational performance, solution quality, and variation of the linear model compared to the dynamic
programming model.

Table 5
Lower-level algorithm optimality analysis.

Dynamic programming algorithm Proposed linear programming algorithm Relative difference

Algorithm running time 238.5 ms 89.1 ms —62.6%
Optimal electrical cost of energy $401.29 $402.60 +0.33%
Optimal electrical cost of power $7099.50 $7059.10 +0.57%

Table 5 shows that the linear dual-simplex formulation yields dispatch costs that closely match the dynamic-programming reference, with dif-
ferences below 1% for both the energy and demand-charge components. Because dynamic programming is optimal within the chosen discretization,
this result supports the near-optimality of the proposed lower-level solver while confirming its superior computational efficiency. The remaining
deviations are attributed to discretization effects and resolution differences between the two methods.

Port electrical pricing investigation

The subsection presents a tariff-sensitivity analysis comparing four electricity-pricing schemes for the port compared to the utility grid: the
reference demand-charge tariff, a fixed per-kWh tariff, a time-of-use (TOU) tariff, and a day-ahead market-based tariff. For each pricing case, the
bilevel model was used using identical input data and constraints. Only the reference demand-charge tariff has a price on power ($/kW). For the TOU
tariff, the varying electricity cost was applied at each hour of the day, considering the season. For the day-ahead market-based tariff, a typical daily
pattern was used as a reference for all days. The results are summarized in Table 6.

Table 6
Comparison analysis of different electricity pricing tariffs on the model in USD.

Demand-charge tariff Fixed electrical cost TOU tariff Day ahead tariff
(Reference) tariff

Electrical pricing ¢11.60/kW ¢15/kWh Peak: ¢15.23/kWh Between ~¢10/kWh and ~¢32/
¢3.37/kWh Mid-peak: ¢11.77/kWh kWh

Tariff source

Design parameters

Hydro-Québec M tariff
[48]

Average cost

Off-peak: ¢7.35/kWh
Hydro One TOU winter and
summer tariff [49]

Based on the day-ahead Ontario
zonal price [50]

Substation maximum budgeted power 891 kW 970 kW 969 kW 954 kW

BESS capacity 367 kWh - 2 kW 32kw

Electrified berths 2-3-4 2-3-4 2-3-4 1-2-3-4-5

Hydrogen generator multi-stack fuel cell 400 kW 400 kw 400 kw 400 kw
system maximum power

Hydrogen generator battery capacity 460 kWh 460 kWh 460 kWh 460 kWh

Berths covered by the hydrogen generator 1-5 1-5 1-5 1-5
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Demand-charge tariff Fixed electrical cost TOU tariff Day ahead tariff
(Reference) tariff
Number of CMS 3 3 3 3
Number of mobile hydrogen generator 1 1 1 1
Substation costs (including distribution and the BESS)
Total CAPEX $1,280,332 $1,217,508 $1,217,708 $1,220,708
Annualized CAPEX $100,156 $95,242 $95,257 $95,492
Annual OPEX $143,416 $136,340 $98,830 $125,899
Mobile hydrogen generator costs
Total CAPEX $629,250 $629,250 $629,250 $629,250
Annualized CAPEX $49,224 $49,224 $49,224 $49,224
Annual OPEX $9969 $9969 $9969 $9969
Total annual profit -$170,209 -$158,218 -$120,723 -$148,027

Under the reference demand-charge tariff, the model selects a moderate substation rating of 891 kW combined with a 367 kWh BESS, confirming
that storage is economically justified when peak power charges are explicitly penalized. When the tariff structure does not include a demand
component, the optimal BESS capacity is reduced to zero or near zero, and the substation rating increases to approximately 950-970 kW. This in-
dicates that, in the present formulation, storage is primarily valued for peak shaving rather than for energy price-shifting.

The TOU tariff yields the best economic outcome among the tested cases, with an annual profit of —-$120 k, mainly due to lower operational
expenditures. However, the optimal storage capacity remains negligible, as the model does not explicitly reward inter-temporal energy price-shifting
beyond simple cost minimization. Similarly, under the fixed and day-ahead tariffs, the absence of a binding peak-demand constraint or explicit power-
capacity cost weakens the incentive to install storage. As a result, the BESS is not economically retained, and the optimization relies primarily on grid
supply.

These results highlight a structural limitation of the current formulation. The model is particularly well suited to demand-charge environments,
where peak power directly drives investment and operational decisions. In tariff regimes dominated by energy pricing, the peak power demand is
neither constrained nor priced in a way that preserves the economic value of storage, leading to minimal BESS sizing. Further adaptations are therefore
required to better represent the economic dynamics of TOU, fixed, and day-ahead tariff structures, especially if storage participation in energy markets
or grid services is to be considered.

In addition, the present formulation does not investigate the case where the BESS could be dispatched outside ship-demand periods to sell
electricity back to the grid or participate in ancillary services. Including such operational strategies would likely modify the optimal storage sizing
under energy-based tariffs and should be examined in future developments of the model.

Complementary berth usage analysis

Regarding the dependence of optimal designs on berth-utilization assumptions, this section investigates different utilization scenarios. Table 7
reports the bilevel model outcomes under four additional berth-usage distributions, Scenarios 2-5, with the first scenario being the reference test case
scenario. The scenarios are designed to span plausible utilization patterns ranging from uniform moderate use to highly concentrated demand and
high overall activity. For each scenario, the model is re-solved using identical cost and tariff assumptions, and the resulting optimal infrastructure
sizing, layout selection, and economic performance are compared to the reference test case.

e Scenario 1 (Reference, realistic scenario): berth 1-5 utilization = [3%, 25%, 22%, 15%, 1%]. The combined total utilization is 66%.

e Scenario 2 (uniform moderate utilization): berth 1-5 utilization = [13.2%, 13.2%, 13.2%, 13.2%, 13.2%]. The combined total utilization is 66%.

e Scenario 3 (highly concentrated at remote/low-network berths): berth 1-5 utilization = [31.5%, 1%, 1%, 1%, 31.5%]. The combined total uti-
lization is 66%.

e Scenario 4 (high overall utilization): berth 1-5 utilization = [40%, 40%, 40%, 40%, 40%]. The combined total utilization is 200%.

e Scenario 5 (uniform low utilization): berth 1-5 utilization = [5%, 5%, 5%, 5%, 5%]. The combined total utilization is 25%.

Table 7
Comparison analysis of different berth utilization scenarios in USD.

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5
Design parameters
Substation maximum budgeted power 891 kW 1182 kW 534 kW 1182 kW 331 kw
BESS capacity 367 kWh 397 kWh 449 kW 397 kW 181 kW
Electrified berths 2-3-4 2-3-4-5 1-5 2-3-4-5 1
Hydrogen generator multi-stack fuel cell system maximum power 400 kw 400 kw 400 kw 400 kw 400 kw
Hydrogen generator battery capacity 460 kWh 460 kWh 648 kWh 460 kWh 648 kWh
Berths covered by the hydrogen generator 1-5 1 2-3-4 1 2-3-4-5
Number of CMS 3 3 2 4 1
Number of mobile hydrogen generator 1 1 1 1 2
Substation costs (including distribution and the BESS)
Total CAPEX $1,280,332 $1,509,832 $1,397,032 $1,697,332 $498,482
Annualized CAPEX $100,156 $118,109 $109,285 $132,777 $38,995

(continued on next page)
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Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5
Annual OPEX $143,416 $175,011 $91,487 $225,814 $43,681
Mobile hydrogen generator costs
Total CAPEX $629,250 $629,250 $671,550 $629,250 $1,193,100
Annualized CAPEX $49,224 $50,976 $52,533 $57,976 $100,458
Annual OPEX $9969 $32,900 $9674 $99,697 $60,834
Total annual profit -$170,209 -$252,132 -$151,286 -$134,875 -$196,530

Table 7 shows that berth-utilization patterns materially influence both the optimal topology (electrified-network extent versus mobile hydrogen
coverage) and the resulting sizing of the substation and storage. When utilization is broadly distributed across berths and high, the model tends to
favour a fully electrified network with larger grid-facing capacity and storage to manage peaks, whereas more concentrated or low-utilization patterns
increase the attractiveness of mobile hydrogen generation for selected berths by avoiding fixed-network expansion. Across scenarios, the economic
outcome remains strongly driven by the interaction between utilization and demand-charge exposure, highlighting why ports must provide scenario-
based utilization forecasts when applying the model for planning. Finally, the high-utilization scenario, Scenario 4, has the overall best profit,
indicating how optimizing utilization or targeting ports with high utilization rates benefits shore power.

Data availability

Data will be made available on request.
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