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ARTICLE INFO ABSTRACT

Keywords: The growing need for sustainable energy solutions in coastal areas necessitates the development of integrated
Coastal community systems that leverage abundant marine resources. In this study, a standalone Marine Energy Supported Multi-
Marine energy Energy System (MRE-MES) is designed for sustainable coastal community development, utilizing renewable
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marine resources, including offshore wind, wave, and solar energy, to address the energy needs of electricity,
heat, freshwater, and hydrogen. The proposed MRE-MES incorporates a co-optimization model that simultane-
ously balances capacity planning and operational efficiency to minimize costs and environmental impacts. The
system is tested under different renewable energy penetration levels and demand uncertainties, using a two-stage
stochastic programming to account for variability in renewable resources and consumption needs. The experimen-
tal results indicate that in the optimal system capacity configuration, the percentage of total renewable energy
generation is around 80 %, with or without capacity limitation constraints on PV, water tank, and hydrogen
storage. Compared to the worst-case scenario in Monte Carlo experiments, two-stage stochastic optimization re-
sults in a more robust decision that effectively mitigates the risks posed by future uncertain demand conditions.
The findings highlight the viability of marine energy for providing a resilient, comprehensive energy solution to
coastal communities.

1. Introduction potable desalinated water, and thermal energy to coastal communities
[5,6].

Among the various forms of MRE, offshore wind energy is the only
commercially deployed marine renewable energy with wide-scale adop-
tion [7], while tidal and wave energy stand out for their relatively higher
technological maturity within ocean energy sources. While still in earlier
development stages compared to other renewable energy sources, waves
and tides possess immense potential for sustainable energy generation.
For instance, the U.S. Energy Information Administration estimates that
the annual wave energy potential off the coast is approximately 2.64
trillion kWh, equivalent to 64 % of the total utility-scale electricity
generation in the United States in 2021 [8]. Theoretically, wave en-
ergy has superior potential compared to other MRE due to its higher

Coastal communities in the United States (U.S.) are expanding
rapidly, with approximately 40 % of the country’s population residing in
these areas [1]. Due to their geographical location, these communities
face significant economic, social, and environmental challenges, making
them vulnerable to the effects of climate change [2,3]. Renewable en-
ergy technologies, particularly marine renewable energy (MRE) which
includes offshore wind and ocean energy, have emerged as promising
solutions, offering resilience, environmental sustainability, and benefits
in energy security, affordability, and socioeconomic advancement [4].
MRE is characterized by its reliability, low risk factors, and potential
capacity, which may exceed the current world electricity demand, as
suggested by many studies. It offers a valuable source of clean electricity,
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density, ranging from 2 to 3 kW/m? [9] compared to hydropower
(0.2 kW/m?) [10] and wind energy (0.002-0.005 kW/m?2) [11] mak-
ing it a promising candidate for sustainable energy generation in coastal
regions. Harnessing these abundant MRE resources holds great promise
for transitioning towards a low-carbon economy, reducing CO, emis-
sions from electricity generation, and advancing a sustainable energy
future [12,13]. The advancement of MRE will be essential for the U.S. to
achieve its goal of 100 % renewable energy and meet associated climate
change targets by 2035 [5].

To fully realize this potential, particularly in coastal regions where
these resources are most accessible, MRE development must go be-
yond technical deployment. Integrated systems that consider local needs
and contexts, aligning technological innovations with social and envi-
ronmental priorities, are required. The Meaningful MRE development
framework proposed by Caballero et al. [14] emphasizes the importance
of energy justice in guiding MRE deployment. This approach ensures
that MRE projects not only provide clean energy but also address his-
torical inequities, support local livelihoods and promote community
resilience. However, one major limitation of MRE is that it is not cost-
effective for long-distance inland energy transmission due to high cost of
building and maintenance cost, making it primarily suitable for coastal
communities [15].

Beyond electricity, coastal communities have diverse needs, includ-
ing hydrogen, heat, and freshwater [16]. In transportation sector, the
International Maritime Organization’s 2020 regulations limit sulfur con-
tent in ship fuel from 3.5 % to 0.5 %, and to 0.1 % in Emissions Control
Areas near U.S. and European Union coasts. With these stricter stan-
dards, hydrogen and its carriers emerge as promising alternatives to
bunker fuel. Hydrogen use in marine vessels, ports, and associated equip-
ment could reduce carbon dioxide and other emissions while fostering
regional infrastructure development [15]. Approximately one-third of
the U.S. population resides in coastal areas, a figure expected to rise with
continued urbanization [17]. These communities rely heavily on ocean
resources to support various physical and social well-being requirements
[18]. For instance, the Delta River is a crucial water source, serving ap-
proximately 66 % of California’s population and irrigating over 3 million
acres of farmland [19]. As population growth continues, the demand for
energy especially for heating and hydrogen is projected to increase ac-
cordingly. The U.S. hydrogen demand is projected to grow significantly,
from approximately 11.5 million metric tons (MMT) in 2021 [20] to 50
MMT by 2050 [21]. This rising demand will have substantial implica-
tions for coastal regions, where hydrogen production and infrastructure
are likely to expand. To better capitalize on abundant energy resources
and integrate various forms of demands such as electricity, heating,
freshwater, and hydrogen in a coordinated manner, the previously devel-
oped concept “multi-energy system” is adopted here and building marine
renewable energy supported multi-energy system (MRE-MES) that op-
erates with minimal reliance on external grids is essential for coastal
communities as such a system would meet their comprehensive energy
and water needs.

2. Literature review

Currently, the related research can be categorized into two main
streams: one category focuses on MRE-supported microgrids, and the
other on MES operation without involving marine renewable energy,
with very few studies conducted on MRE-MES specifically. The two
categories are reviewed in the following paragraphs.

On one hand, numerous studies have explored optimal operation
strategies for MRE-supported microgrids to enhance efficiency, mini-
mize costs, and reduce CO, emissions. For instance, Aktas and Kirgicek
[22] present a novel energy management strategy for hybrid renewable
systems combining offshore wind, marine current, batteries, and ultra-
capacitors to ensure stable power. The developed algorithm dynamically
controls power flow, minimizes fluctuations, and enhances system relia-
bility. Similarly, optimal economic dispatch in an energy hub with tidal
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energy is studied in [23], where a mixed-integer linear programming
model is utilized to minimize operational and environmental costs. A
multi-objective model is presented in [24] to address the environmen-
tal and economic optimization of microgrids incorporating tidal energy
and energy storage, focusing on the effective use of renewable resources
for sustainable power supply. The modified bird mating optimizer algo-
rithm is utilized to manage energy dispatch, reducing both operational
costs and emissions. The study highlights the complementarity of tidal
and photovoltaic resources, demonstrating that a microgrid utilizing
both can reliably meet load demands. Optimal scheduling in a micro-
grid integrating tidal power generation to enhance renewable energy
use while reducing costs is examined in [25]. The study focuses on a mi-
crogrid near Darwin, Australia, where tidal power output is forecasted
for an operational period of 14 days (a half lunar cycle) based on tidal
current data. A particle swarm algorithm is adopted to solve this non-
linear scheduling model effectively. Comparative analysis shows that
the developed algorithm outperforms traditional optimization methods,
such as particle swarm and grey wolf algorithms, in handling power
fluctuations and meeting load demands. Reference [26] tackles the chal-
lenge of optimizing real-time energy management in wave-powered
ocean observation systems, which face constraints due to variable wave
resources and the need to avoid oversizing energy storage and genera-
tion. A forecast-based stochastic optimization method, utilizing Markov
decision processes, is used to manage load demand based on wave
forecasts. The study demonstrates that Markov process-driven decisions
significantly reduce the required battery and wave energy converter
sizes compared to non-forecast-based methods. Ceusters et al. [27]
benchmarked Model Predictive Control (MPC) against state-of-the-art
reinforcement learning (RL) algorithms in simulated MES environments
to minimize operational costs. Their results showed that RL agents
not only outperformed realistic MPC under uncertainty but also sur-
passed perfect foresight MPC in simpler MES configurations. The issue of
fluctuating wave power is addressed in [28] for grid-connected wave en-
ergy parks by implementing a hybrid energy storage system combining
batteries and supercapacitors. A dynamic rate limiter in the control sys-
tem manages high- and low-frequency power demands, directing rapid
fluctuations to supercapacitors to reduce battery stress. Results show
that this method enhances energy stability, prolongs battery life, and
supports renewable grid integration effectively.

On the other hand, the operation of MES with various combinations
of electricity, thermal energy, hydrogen, fresh/potable water, etc., has
also been extensively studied. Reference [29] reviews the integration
of electricity, gas, and water systems in multi-carrier energy networks,
highlighting the economic and environmental benefits of integrated
management, particularly through optimized dispatch and scheduling.
An energy system integrating hydrogen production and distribution with
a combined cooling, heating, and power system powered by substan-
tial wind energy is proposed in [30], achieving an energy efficiency of
72 % and a wind power utilization rate of 92.6 %. In pursuit of carbon
neutrality, Wen and Aziz [31] design a multi-energy hub incorporating
hydrogen and ammonia as energy carriers for cost-effective renewable
integration and large-scale storage. Two pathways, power-to-gas-to-
power (P2X2P) and biomass-to-gas-to-power (B2X2P), are proposed,
with scheduling controlled through mixed-integer linear programming
and a modified double deep Q-network reinforcement learning method,
demonstrating B2X2P as more profitable and P2X2P as more opera-
tionally flexible. Franzoso et al. [32] conducted a study applying Deep
RL to MES optimization under high renewable energy penetration.
Their work emphasizes the coordinated control of key technologies,
including combined heat and power (CHP ), Battery Energy Storage
Systems Heat Pumps, and Power-to-Gas. This approach addresses the
increasing complexity of MES operations, which are influenced by
interconnected two-way energy flows across electricity, heating, and
gas networks. An integrated scheduling model for optimal dispatch of
cooling, heating, power, gas, and water demand is examined within
an energy-water microgrid in [33], where a multi-objective two-stage
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stochastic optimization model minimizes total cost and potable water
extraction, solved by the epsilon-constraint method.

While these operational studies effectively reduce costs and CO,
emissions, their impact is limited from a life-cycle perspective due to
the fixed capacity sizes of energy components established during the
early design stages [34]. Consequently, determining the optimal size of
each energy component before construction becomes essential to achiev-
ing long-term performance, adaptability, and sustainability. General
capacity configuration or sizing strategies commonly employ several
key approaches: multi-objective or multi-criteria optimization for bal-
ancing conflicting objectives, response surface methodology for iterative
model refinement, and simultaneous design and operation optimization
(or co-optimization) to account for future operating conditions in the de-
sign process. Additional methods, such as surrogate modeling, are also
frequently used to enhance efficiency and precision.

Several studies have addressed capacity sizing for MES. For example,
a modified combination of the grey wolf optimization algorithm and
the sine-cosine algorithm is employed [35] to determine the number
of subsystems in a stand-alone hybrid renewable energy system com-
prising wind, solar panels, bio-waste units, and storage, designed to
meet both electrical and thermal demands by minimizing the levelized
cost of energy and total annualized net present cost. The optimal con-
figuration of an off-grid hybrid energy system including a wind, fuel
cell, alkaline electrolyzer, battery, and supercapacitor bank is inves-
tigated [36], employing Non-dominated Sorting Genetic Algorithm to
balance cost and supply reliability. Similarly, Jahangir et al. [37] con-
sidered the capacity design of PV, wind, and wave energy converters
to meet the electricity demand of coastal communities, with a sensi-
tivity analysis conducted to refine subsystem capacities by adjusting
design parameters, allowing the determination of the most cost-effective
and reliable configurations under both on-grid and off-grid scenarios. A
multi-generation system designed for remote communities in [38] incor-
porates wind, solar, hydrogen storage, and cooling technologies, with
capacities based on energy and exergy performance.

Significant progress has been made in the literature on MES.
However, none of the existing studies reviewed above simultaneously
optimize capital investment and operational costs. These two aspects
are inherently interdependent: the optimal operating strategy depends
on the system design, and the most cost-effective design can only be
realized when operations are jointly considered. Therefore, it is essen-
tial to address both dimensions for long-term planning and realistic
assessments. Only a limited number of studies have explored this in-
tegration, and those that have are generally restricted in scope. For
instance, Wang et al. [39] proposed a two-stage robust planning model
for offshore microgrids that integrates tidal energy and desalination, op-
timizing both investment and operations under uncertainty. Study [40]
introduced a combined surrogate modeling and dynamic programming
framework for the design and operation of a multi-generation MES.
In [41], a PV-wind-battery—thermal storage hybrid power system was
modeled through a multi-objective planning—operation co-optimization
framework, aiming to minimize both the net present cost and the loss
of power supply probability. Similarly, Liu et al. [42] present a bi-level
co-optimization framework for a PV-wind-hydrogen MES, linking capac-
ity planning at the upper level with operational strategies at the lower
level.

Overall, current MES research largely emphasizes either design
or operation in isolation, with relatively few studies addressing co-
optimization. Although these studies link design and operation, they
are usually restricted to a few carriers, such as electricity, desalina-
tion, or hydrogen [39,42], or rely on conventional renewables such as
PV and onshore wind [40-42]. Consequently, these studies overlook
emerging MRE, which holds significant potential for enhancing the sus-
tainability and resilience of coastal energy systems. This paper addresses
these gaps by introducing a generalized framework for standalone MRE-
MES configurations that simultaneously optimize capacity investment
and operational costs. The proposed framework is adaptable to the
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distinct energy demands and renewable resource profiles of coastal re-
gions. By integrating MRE with multiple carriers, including electricity,
heat, freshwater, and hydrogen, the model provides a holistic solution
that goes beyond the cost-centric focus of most existing MES studies
to date. In addition to delivering cost efficiency, the framework explic-
itly enhances resilience and energy security, addressing vulnerabilities
in coastal communities. Its generalized design ensures flexibility, allow-
ing emerging technologies to be integrated or system components to be
reconfigured, making it applicable across diverse contexts while filling
critical gaps in the literature. To harness marine renewable resources in
conjunction with diverse local multi-energy demands in coastal areas,
this research contributes in the following ways: (1) A comprehensive
standalone MRE-MES system is proposed, integrating energy conver-
sion and storage processes for various demands (electricity, heating,
hydrogen, and freshwater) in a coordinated manner. (2) A generalized
co-optimization model of capacity sizing and operation is established
to simultaneously balance capital investment during the design phase
with economic and carbon emission performance in subsequent opera-
tions. The model is general in the sense that it is not tied to a single
case study but can be adapted to diverse coastal areas, each with dis-
tinct energy demands and marine renewable resource availability. (3)
To address uncertainties in marine renewables and fluctuating demands,
Monte Carlo simulations are conducted, and the developed model is ex-
tended using two-stage stochastic programming, with the value of the
stochastic solution calculated.

The remainder of this paper is structured as follows: Section 3 intro-
duces the configuration of the proposed standalone MRE-MES. Section 4
presents the mathematical model of the system components and the asso-
ciated parameter values. Section 5 details the developed co-optimization
planning model. Section 6 describes the case study and scenario set-
tings used in the analysis. Section 7 presents and discusses the results,
and Section 8 concludes the study by highlighting the main findings,
limitations, and directions for future research.

3. System description

The proposed system scheme of standalone MRE-MES designed for
coastal areas is illustrated in Fig. 1.

The system is divided into four distinct phases, each contributing
to a comprehensive energy solution for coastal communities, address-
ing various demands including residential water, electricity, thermal
energy, and hydrogen. In Phase 1, natural resources such as wind, so-
lar, wave energy, natural gas, and seawater are utilized as the primary
inputs for the system. In Phase 2, these resources are converted and pro-
cessed: wind turbines (WT), photovoltaic arrays (PV), and wave energy
converters (WEC) generate renewable electricity, while the combined
heat and power (CHP) unit uses natural gas to produce both electricity
and thermal energy. Additionally, seawater is processed into potable
water through a desalination plant, and an electrolyzer utilizes elec-
tricity and seawater to produce hydrogen. In Phase 3, energy storage
systems act as buffers to optimize the balance between supply and de-
mand. Specifically, purified water is stored in a water tank, electrical
energy in batteries, thermal energy in thermal storage units, and hydro-
gen in a hydrogen tank. Finally, Phase 4 involves distributing the stored
energy and resources to meet the diverse needs of coastal communi-
ties, including residential electricity, thermal energy, potable water, and
hydrogen.

4. Mathematical model of the MRE-MES components
4.1. Renewable energy generation

4.1.1. Wind energy system

Wind power is generated by turbine blades harnessing the kinetic
energy of the wind, converting it into mechanical energy, which is then
transformed into electricity by an alternator [43]. The total active power
generated by the WTs at hour ¢ can be calculated using Eq. (1) [35].
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Fig. 1. The system scheme of MRE-MES for coastal community.

Table 1

Wind energy system parameters.
Parameter Symbol  Value Unit Reference
Unit cost Uy, 1,300,000 $/MW [44,45]
Rated power Ry, 0.5 MW [46]
Cut-in speed 1 3 m/s [46]
Rated speed A 13 m/s [46]
Cut-off speed o] 25 m/s [46]
Maintenance cost My, 20,000 - Ny, - Ry, $/year [47,48]

The wind turbine operates in different regions: if the wind velocity V,
(m/s) is less than the cut-in velocity I or exceeds the cut-off velocity
@, no power is generated. If wind velocity is greater than the cut-in
velocity but lower than the rated velocity A, the generated power can
be modeled as linearly increasing up to its rated power Ry, . The number
of WTs, Ny, is a decision variable in the capacity planning stage, and
the corresponding capital cost Cy, is calculated using Eq. (2), where
Uy, is the unit cost of a wind turbine. The relevant parameters of WT
are listed in Table 1.

Ny - Ry, A<V, <®

PW,={Ny Ry -2 I<V, <A (1)
0 V,<IorV,>®

Cy = Ny, - Uy, (2)

4.1.2. Photovoltaic system

PV modules convert sunlight into electrical power, providing a
promising solution for electricity generation and reducing carbon emis-
sions. The output power of PV modules primarily depends on the

J—

—
Water Hydrogen

Table 2

PV system parameters.
Parameter Symbol  Value Unit Reference
Derating factor Tp 90 % [49]
Efficiency np 15 % [49]
Temp. coefficient Yp 0.45 %/°C [49]
Unit cost Up 30 $/m? [49]
Maintenance cost Mp 13,200 - S - 0.0002 $/year [50-52]

intensity of solar radiation striking the module surface and the ambi-
ent temperature. The output power of the PV system at hour ¢ can be
calculated using Eq. (3) [15], where Q, (kWh/m?) refers to the solar ir-
radiance on a tilted surface, 7, is the derating factor (in %) accounting
for the effects such as shading, snow cover, cloud and dust, and 75, rep-
resents the efficiency of the PV system. The total PV surface area, Sp, is
a decision variable in capacity planning. The temperature coefficient is
denoted by yp, while T, is ambient temperature in Celsius. The invest-
ment in the PV system, Cp, can then be calculated using Eq. (4), where
Up is the unit cost of the photovoltaic system. The relevant parameters
of the PV module are listed in Table 2.

Pst=9t'TP"IP'SP'[I—VP'(Tr—25)] &)
Cp=Sp-Up 4

4.1.3. Wave energy converter

The WEC harnesses the energy from ocean waves and converts it into
electricity. The wave power output, pV;, can be estimated using Eq. (5)
[53,54] under deep water conditions, where p is the seawater density, g
is gravitational acceleration, and H, is the significant wave height. The
overall efficiency of the WEC, denoted by #,,, depends on the specific
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Table 3

WEC parameters.
Parameter Symbol Value Unit Reference
Gravitational Acc. g 9.8 m/s?
Seawater density p 1.028 kg/m?
Overall Efficiency ny 40 % [58]
Wave period T, 2 s [58,59]
Wavefront length Ly 120 m [58,59]
Unit cost (Pelamis 0.75 MW) Uy, 3,000,000 $/MW [58,59]
Maintenance cost My, 0.016 - C), $/year [59]

technology used [55,56]. The wavefront length is given by L, and T},
is the wave period. This formulation captures the key environmental and
design factors influencing wave power generation. Because wave energy
availability varies by geographic location and time [57], the model en-
ables the dynamic computation of power output based on time-series
wave height data. It assumes deep-water conditions, which are com-
monly used for offshore wave energy deployments [57]. The converter
number in the WEC array, N, is a decision variable in capacity plan-
ning stage, which leads to the calculation of the investment cost, Cy,
using Eq. (6), where Uy, is the unit cost of WEC. Note that the power
output pV; calculated in Eq. (5) is in Watts and needs to be converted to
MW. The relevant parameters of the WEC are listed in Table 3.

p~g2'Ty~H,2~LV

PVi= Ny oy ®

Cy =Ny -Uy (6)

Therefore, the total renewable power output, pR,, can be summed
up by Eq. (7).

PR, = pW; + pS, + pV; 7

4.2. Water desalination

The reverse osmosis desalination plant consumes electricity to pro-
pel seawater through a reverse osmosis membrane to produce freshwater
[15]. The total power consumption of the desalination plant, pD,, is de-
termined by the product of the water flow rate, wf,, and the desalination
specific energy consumption, ds; (kWh/m?3), as shown in Eq. (8). The
specific energy consumption, ds,, is itself a function of wf,, as given in
Eq. (9).

pD, - 1000 =ds, - wf, - No 8
_ 2-R _
ds,:2.054105~C0~m+2.78-107-Rm~wf, 9
wf, <WF (10)
— —0.125
cd =4472.94 - (24 - WF) an
Cp=cd-24-WF-N, 12

Water flow rate, wf,, in each hour 7 is limited by an hourly upper
bound WF. The specific cost, cd ($/m?), depends on the daily water
flow rate capacity, as described in Eq. (11) [60]. Consequently, the cap-
ital cost of the desalination plant, Cp, is obtained using Eq. (12), where
Ny is the number of reverse osmosis modules, R is the water recov-
ery ratio of the process, R,, is the membrane resistance, and C, is the
initial salt concentration of the feed water. The relevant parameters of
desalination plant are listed in Table 4.

4.3. CHP system

CHP systems can simultaneously generate electricity and thermal en-
ergy, whereas gas boilers are heat generators. The electrical and thermal
generation are interdependent and cannot be controlled separately [62].
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Table 4
Desalination system parameters.
Parameter Symbol  Value Unit Reference
Initial salt concentration G, 36,000 ppm [60]
Water recovery ratio R 0.55 - [60]
Membrane resistance R, 33.95 Pa-Sec/m [60]
Max flow rate WF 458.33 m3/h [601]
Maintenance cost M 0.02-Cp $/year [61]
Table 5
CHP system parameters.
Parameter Symbol Value Unit Reference
Gas calorific value Vg 0.0097 MWh/m? [66]
Turbine efficiency nr 35 % [66]
Heat loss coefficient ny 50 % [66]
Heat exchanger Coefficient ny 50 % [66]
Boiler efficiency o 65 % [66]
Maintenance cost (turbine) Mg 0.03-Cg $/year [65]
Maintenance cost (boiler) My 62.63 $/MW/year [65]

The energy generated for both heat and power by the CHP can be cal-
culated based on Egs. (13)-(15) [63], where pT, and 4T, are power and
thermal energy generated together by gas turbine, and ¢B, is the ther-
mal energy generated by gas boiler. g7, and gB, denote the gas inputs
for the gas turbine and boiler respectively. V; is the lower calorific value
of gas. ny represents the generation efficiency of gas turbine, while 7,
is the thermal generation efficiency of the gas boiler. Additionally, #;
is the heat loss coefficient of gas turbine, and 7y is the heat exchanger
coefficient.

pT, =T, - Vg -1y a3
1 —_ —
qT; =ny - pT; - I 14
nr
9B, < gB, -V 1g 1s)
pT, < Rg 1e6)
4B, <Ry a7
Cg = 13,885.57 - R&Y 18)
Cp =29,000- Rg 19

The power capacity R; and thermal capacity Ry of the gas turbine
and gas boiler respectively, are decision variables in the system capacity
planning stage. Correspondingly, the capital costs of the gas turbine C,
and gas boiler Cj (in $/MW), can be calculated based on the formula in
Egs. (18) and (19) [64,65]. The relevant parameters of CHP are listed in
Table 5.

4.4. Electrolyzer

The electrolyzer consumes electricity to generate hydrogen from sea-
water. Hydrogen production can be determined using Eq. (20) [67],
where & f, represents the hydrogen production flow, 7, is the efficiency
of the electrolyzer, pZ, is the power input for a single electrolyzer unit,
and PH is the power-to-hydrogen conversion factor. The number of elec-
trolyzer units, N, is a decision variable when planning the capacity of
the plant.

hf,=nz-pZ,-PH -N, (20)
a-Ry; <pZ, <R, @1
C, =Nz Ry -ce (22)

The operating point of electrolyzer is constrained within an lower
and upper bound, as shown in Eq. (21), where « is the lower bound
coefficient and R, is the power capacity. With the current technologies,
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Table 6
Electrolyzer system parameters.
Parameter Symbol Value Unit Reference
Efficiency Ny 60 % [66]
Conversion factor PH 360 m?®/MWh [66]
Min operating point a 20 %
Rated power R, 1.2 MW [68]
Unit cost ce 1,500,000 $/MW [69]
Maintenance cost M, 0.02-C, $/year [70]
Table 7
Storage and tank parameters.
Component Efficiency Cost
Battery e =np =09 1M $/MW for 4-h duration storage [73,74]
Thermal ne =np =0.85 622,000 $/MW [75]
Hydrogen Tank ne=np=1 103.75 $/m?3 [76]
Water Tank e =np=1 250 $/m?3 [77]

the minimum operating point of the electrolyzer is between 10 % and
50 % of its nominal power [36]; therefore, « = 20 % is used here. The
cost of the electrolyzer system, C,, can be calculated using Eq. (22),
which is the product of the number of units N, the rated power capacity
R, and the specific cost ce of the electrolyzer. The relevant parameters
of electrolyzer are listed in Table 6.

4.5. Storage and tanks

Storage devices play an crucial role in balancing generation and de-
mand by providing operational flexibility to the energy system. In this
study, the storage and tank systems include battery storage, thermal stor-
age, water tank and hydrogen tank, all of which have similar functions
and limited capacity. The model operates on an hourly time step, which
means that all power values are inherently interpreted as energy over
one-hour intervals. The general dynamics of charging and discharging
activities for these storage devices, along with the associated constraints,
are mathematically formulated in Egs. (23)-(26) [71,72]. Here, px; and
px; are the discharge and charge amounts, respectively, while px; is the
resulting net amount, which can be positive or negative. The storage or
tank level at time ¢, denoted as s,, depends on previous charging and
discharging activities. Ry is the capacity of the storage or tank, which
is a decision variable in capacity planning. The parameters 5. and 7
denote the charge and discharge efficiency of the storage or tank, while
6 is the maximum charging or discharging coefficient. The investment
cost of storage or tank, Cg, is calculated using Eq. (27) as the product
of the rated capacity Rg and the specific cost cs.

px, = px; —px; (23)
|2

Sy =811 — —L +pr “Nc (24
p

0<s, <Rg (25)

—Rg-6<px;<Rg-6 (26)

Cs=Rg-cs (27)

Here, 5 = 0.25 is used for all storages or tanks. The relevant

parameters of storages and tanks are listed in Table 7.

4.6. Demand balance

Based on the supply-demand relationships in the system scheme
(Fig. 1), the following balance equations can be derived for each type of
demand, as shown in Egs. (28)—(31).

wf; + px; + Aw = Dw,, (28)
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Water balance: desalination output, water storage, and slack must
equal water demand.

qT, + gB; + px, + Aq = Dg;, 29)

Heat balance: heat from gas turbine, boiler, thermal storage, and slack
must meet heat demand.

hf, + px, + Ah = Dh,, (30)

Hydrogen balance: electrolyzer output, hydrogen storage, and slack
must meet hydrogen demand.

pR, + pT, + px, — pD, — pZ, + Ap = Dp,. (31)

Electricity balance: Renewable generation, gas turbine output, and bat-
tery discharge must cover electricity demand as well as the electricity
consumed by desalination and the electrolyzer.

Here, px, represents the charging or discharging amount for the spe-
cific storage or tank in each respective equation. Dp, and Dg, denote the
electricity demand and thermal demand, respectively, and DA, and Dw,
denote the hydrogen and freshwater demand, respectively.

5. Co-optimization planning model

This paper presents a co-optimization model that aims to minimize
the investment cost during the capacity planning stage, as well as the
maintenance and operational costs during the subsequent operational
stage. The design decision is to determine the capacity sizes of all
subsystems within the MRE-MES. Two complementary models are de-
veloped to address different levels of uncertainty in system planning:
the Deterministic Model and the Two-Stage Stochastic Model.

5.1. Deterministic model

The deterministic model formulates the planning problem under a
single fixed trajectory of renewable resource availability and end-use
demands. The objective is to minimize the total system investment cost
Cn0s SYystem maintenance cost C,,, and subsequent operational cost
Copr- The system capital cost Cy,,, is calculated as the sum of capital
costs of all sub-energy systems, as shown in Eq. (32). Note that Cy is a
general term representing the cost of the four storage systems and tanks.
Similarly, in Eq. (33), Cy,, represents the maintenance cost of all sub-
energy systems. The operation cost Cp,,., at each time step ¢ consists
of two components: natural gas purchase cost (first term) and carbon
emission cost (second term), as expressed in Eq. (34). Here, C, is carbon
emission price, F, is the emission factor of natural gas, and Gp, is the
natural gas purchase price.

Criv=Cp+Cp+Cy,+Cp+C5+Cp+C,+Cg (32)

Cym=My +Mp+ My, +Mp+Mg+Mp+M,+Mg (33)

Copry =Gp, - (8T; +8B) +C, - F, - (g1, + gB)) (34)
r-(1+nk

Cobj =L (1+r)—LP—1 + Zr COpr,t + Chrin (35)

The final objective function is defined in Eq. (35). To map the lifetime
investment into the operational time horizon in one year, an adjusted
equated installment factor is used, where L, is the project lifetime and
r is the financial interest rate. The first term in Eq. (35) is the annual-
ized investment cost. In addition, the deterministic framework is used
to assess the impact of uncertainty in demand and ambient conditions.
Capacities for all subsystems are fixed at the baseline design, and the
model is solved repeatedly with randomized input trajectories to evalu-
ate operational robustness and quantify how these perturbations affect
the operational cost.
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5.2. Two-stage stochastic model

To address future uncertainties in demand and ambient condi-
tions and to make more robust decisions during the capacity planning
stage, the deterministic model provided in Section 5.1 is extended to
a two-stage stochastic optimization model. In the two-stage stochastic
optimization, the first stage represents capacity planning, where invest-
ment decisions are made, while the second stage focuses on operations as
the recourse stage, adjusting the system to respond to specific scenarios.
The objective function of the model is expressed as:

re(1+r)k
A+ntr -1
where P represents the probability of scenario s, and Cp,, ,, denotes
the operational cost for each scenario s at time ¢. Additionally, the

operational constraints must be revised to incorporate each scenario.
The analysis proceeds under the following modeling assumptions:

Copj = CInU : + Zs,t PS : COpr,x,t + CMtn (36)

Fuel prices are treated as time-invariant over the simulated year.
Natural gas purchases and the associated carbon charge apply only
to the gas turbine and auxiliary boiler.

The capital, and operation and maintenance unit costs are fixed
parameters that do not vary over the study horizon.

Technological advancements and performance drift are not modeled;
component efficiencies and unit costs remain constant throughout
the analysis.

No explicit curtailment variables were included. Any surplus re-
newable generation must be absorbed by storage or flexible con-
version loads (e.g., desalination, electrolyzer); otherwise, feasibility
is ensured via capacity sizing and hourly dispatch rather than by
accounting for an explicit curtailment term.

All balances and device operations were enforced at an hourly reso-
lution. The power variables were interpreted as hourly averages and
integrated as energy with Ar = 1h.

. Case study and scenario setting

In this study, Wilmington, North Carolina, a coastal city in the
southeastern United States, was selected as the reference location to
demonstrate the flexibility and applicability of the proposed model. This
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choice was motivated by the city’s geographical and climatic charac-
teristics, which make it representative of coastal communities, where
renewable resource variability and infrastructure resilience are critical
considerations. The meteorological data used in the simulations were
obtained from multiple databases. Wind speed and temperature were
collected from the Weather Underground website [78], and solar irradi-
ation was retrieved from the National Solar Radiation Database, which
provides high-resolution coverage across more than 1,400 monitoring
stations in the United States [79]. For wave energy conversion, wave
height data were obtained from the Marine Data Library [80]. All raw
datasets were checked for their completeness and quality. The time se-
ries were synchronized to an hourly resolution to ensure consistency
across resources and demand. To ensure consistency, all meteorologi-
cal datasets were synchronized for the same time periods, namely, the
first week of January, representing typical winter conditions, and the
first week of July, representing typical summer conditions. These two
periods were chosen to capture seasonal variations, and the resulting
profiles are shown in Fig. 3.

The demand data were modeled to represent the hourly profiles of
electricity, thermal energy, hydrogen, and freshwater. Electricity and
thermal demands were based on reference load profiles for commercial
and residential buildings obtained from the Open Energy Information
platform [81]. Hydrogen and freshwater demands were derived by the
team from existing studies reported in the literature [15,16,82]. Fig. 2
illustrates these demand patterns for the two representative weeks,
which were selected to capture typical seasonal variations in energy
consumption.

We adopted a representative seasonal approach to balance accuracy
and computational feasibility. Simulations were conducted for one win-
ter week and one summer week, with the operational costs obtained
from these two periods aggregated and scaled using a 365/14 multi-
plier to estimate the annual operational cost, as expressed in Eq. (35):
Although using a full year of data could provide additional detail, this
would dramatically increase the computational burden without yielding
proportionate improvements in insight. By considering seasonal charac-
teristics and extracting two representative weeks, this study ensured that
both meteorological and demand variabilities were adequately captured
while maintaining computational efficiency. This approach provides a
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Fig. 2. Various demands (The left side of the dashed line represents typical winter week, while the right side shows typical summer week).
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valid and representative foundation for analyzing system performance
under diverse seasonal conditions.

350
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Table 8
The capacity decisions of the components and the corresponding costs.
Description SP (MW) WTP (MW) WP (MW) GTP (MW) GBP (MW)
0 %RE (Case 1) 0 0 0 27.25 17.33
0 %RE (Case 2) 0 0 0 27.26 17.65
50 % RE (Case 1) 63.20 3.5 0 26.68 17.37
50 % RE (Case 2) 0.62 30 9 19.12 18.99
100 % RE (Case 1) 126.42 31 0 23.09 23.09
100 % RE (Case 2) 0.64 95 0 23.09 23.09
Optimal (Case 1) 78.81 23 0 22 18.36
Optimal (Case 2) 0.8 43.5 13.5 15.94 19.68
Description BS (MW) TS (MW) HS (m?) WS (m?) No. Osmosis
0 %RE (Case 1) 0 0 0 37,226 3
0 %RE (Case 2) 0 0 0 0 9
50 % RE (Case 1) 99.46 0 9084 37,226 3
50 % RE (Case 2) 75.24 0 4742 1000 9
100 % RE (Case 1) 337.87 0 28,928 21,394 4
100 % RE (Case 2) 337.31 0 5000 1000 9
Optimal (Case 1) 209.72 0 6451 37,226 3
Optimal (Case 2) 130 0 5000 1000 9
Description Obj ($) ACC ($) AOC ($) AMC ($) No. Electrolyzer
0 %RE (Case 1) 40,064,887 3,656,511 1,349,184 1,233,225 6
0 %RE (Case 2) 46,407,181 8,200,357 1,350,968 2,985,166 6
50 % RE (Case 1) 33,457,648 9,924,752 789,831 2,940,867 6
50 % RE (Case 2) 41,529,275 16,379,205 782,786 4,741,709 5
100 % RE (Case 1) 37,841,510 26,010,893 206,566 6,445,134 4
100 % RE (Case 2) 55,900,947 40,792,974 4,206,566 9,722,491 5
Optimal (Case 1) 32,409,422 17,369,250 408,854 4,380,764 5
Optimal (Case 2) 41,148,316 21,329,147 540,013 5,740,253 5

SP: Solar Power, WTP: Wind Turbine Power, WP: Wave Power, GTP: Gas Turbine Power, GBP: Gas Boiler Power, BS: Battery Storage,
TS: Thermal Storage, HS: Hydrogen Storage, WS: Water Storage, Obj: Objective Value, ACC: Annualized Capital Cost, AOC: Annual

Operational Cost, AMC: Annual Maintenance Cost.
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Fig. 5. SOC of the battery storage in two Cases (The left side of the dashed line represents typical winter week, while the right side shows typical summer week).

decisions for different systems, while the right y-axis shows the annu-
alized investment costs and objective function values at different RE
penetration levels. For instance, when the RE percentage is set to be 0 %
in Case 1 (Fig. 4a), the optimal design capacities for solar, wind, wave,
and battery are all 0 MW, while the gas turbine capacity is 27.25 MW
(detailed values are in Table 8). When the RE percentage reaches 100 %,
the optimal power capacities are 126.42 MW for solar, 31 MW for wind,
0 MW for wave, 23.09 MW for gas turbine, and 337.87 MW for bat-
tery. It is observed that the annual investment cost increases as the RE
percentage increases, but the total objective function value (including
investment, operation, and maintenance costs) decreases for both cases.
This is because a higher share of renewable energy reduces operational
costs associated with carbon emissions and gas purchases. The objec-
tive value reaches its lowest point when the RE percentage is around
80 %. This trade-off between initial capital investment and subsequent
long term operation and maintenance costs emphasizes the importance
of co-optimization of the two stages. The optimal capacity design deci-
sions for the two cases are also provided in the “Optimal (Case 1)” and
“Optimal (Case 2)” rows of Table 8.

The detailed decisions on component sizes and costs are summarized
in Table 8. Based on the capacity decisions for solar, wind, and wave
energy, it is evident that solar power is more cost-effective compared
to wind and wave power. Additionally, in Case 2, where there is a size
limitation of 1000 m3 on water storage, the required number of osmosis
units reaches a maximum of nine to meet the freshwater demand. The
thermal storage capacity is always zero due to its higher cost, as the
thermal energy generated by the gas turbine and boiler is sufficient to
meet the thermal demand.

Higher RE percentage requires a larger battery capacity to store the
variable renewable energy, as shown in Fig. 4. However, the utilization
of this capacity varies significantly. As seen from the battery state of
charge (SOC) in Fig. 5, the SOC level remains below 40 % for most of
the time in the two cases when the system relies on 100 % renewable
energy, making it inefficient.

7.2. System configuration with varying demand

In this analysis, we use a Monte Carlo approach to evalu-
ate the impact of uncertainties in various demands and ambient
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conditions. Solar irradiation, wind speed, and temperature are as- and +25 % of the baseline demand from Fig. 2. Using these sam-
sumed to fluctuate within a set range of +5 %, using Fig. 3 as pled variations, the deterministic model was executed 200 times to
the baseline reference. Meanwhile, electricity, hydrogen, water, and account for variability and assess the impact on capacity design
thermal loads are perturbed by +5 %, +10 %, +15 %, +20 %, decisions.
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Table 9
System component capacity statistics with different demand randomness levels.

Sustainable Energy, Grids and Networks 44 (2025) 102046

Case 1 (without capacity limitation constraints)

SP (MW) GTP (MW) GBP (MW) WTP(MW)

+5 % +15% +25 % +5% +15% +25 % +5% +15% +25 % +5% +15% +25 %
Max 87.87 91.15 94.47 24.69 29.06 30.87 19.82 22.51 25.19 24 25 26
Mean 79.82 79.87 80.06 22.33 23.16 22.44 18.22 18.58 19.59 22.80 22.85 22.71
Min 76.82 73.99 72.98 19.44 17.81 11.94 16.75 15.17 14.66 20 20.5 19

WP (MW) No. Electrolyzer No. Osmosis —

+5 % +15 % +25 % +5 % +15 % +25 % +5% +15 % +25 %
Max 0 0 0 6 6 6 4 4 4 — — —
Mean 0 0 0 5 5 5 3 3 3 — — —
Min 0 0 0 5 5 5 3 3 3 — — —

BS (MW) TS (MW) HS (m?) WS(m?)

+5 % +15 % +25 % +5 % +15 % +25 % +5% +15 % +25 % +5 % +15 % +25 %
Max 222.98 227.25 233.61 0 0 0 9905 10,403 14,584 38,698 41,753 43,230
Mean 209.72 209.67 209.36 0 0 0 8040 8246 8337 28,388 23,555 21,837
Min 194.37 191.62 184.99 0 0 0 5055 5398 4838 7972 6763 7328
Case 2 (with capacity limitation constraints)

SP (MW) GTP (MW) GBP (MW) WTP (MW)

+5 % +15% +25 % +5% +15% +25 % +5% +15% +25 % +5% +15% +25 %
Max 0.80 0.80 0.80 15.17 120.85 118.15 21.04 23.72 26.31 44 45.5 46
Mean 0.78 0.79 0.79 16.72 20.94 21.30 19.49 19.48 20.34 42.41 42.26 41.84
Min 0.25 0.27 0.61 15.17 13.9 13.37 18.17 16.07 16.14 35 37 37

WP (MW) No. Electrolyzer No. Osmosis —

+5% +15 % +25 % +5 % +15 % +25 % +5 % +15 % +25 %
Max 22.5 24 24 6 6 6 9 10 11 — — —
Mean 16.15 16.12 15.35 5 5 5 8 8 8 — — —
Min 12 12 0 5 5 5 8 8 8 — — —

BS (MW) TS (MW) HS (m?) WS(m?)

+5 % +15 % +25 % +5 % +15 % +25 % +5% +15 % +25 % +5 % +15 % +25 %
Max 134.44 140.04 145.50 0 0 0 5000 5000 5000 1000 1000 1000
Mean 122.61 121.73 121.74 0 0 0 4991 4992 4977 1000 1000 1000
Min 94.44 93.81 89.98 0 0 0 4255 4195 4260 1000 1000 1000

SP: Solar Power, WTP: Wind Turbine Power, WP: Wave Power, GTP: Gas Turbine Power, GBP: Gas Boiler Power, BS: Battery Storage, TS: Thermal Storage,

HS: Hydrogen Storage, WS: Water Storage.

Figs. 6 and 7 present dot-box plots showing the distribution of the
200 capacity decisions for Case 1 (without capacity limitation con-
straints) and Case 2 (with capacity limitation constraints), respectively.
Table 9 provides detailed values for the maximum, mean, and minimum
of the 200 runs. The distribution of capacity decisions demonstrates
the varying impacts of different demand randomness levels. Comparing
Figs. 6 and 7, we observe distinct patterns with increasing randomness.
In Case 1, the maximum values generally increase while the minimum
values decrease, leading to a larger range between extremes. In Case 2,
however, the minimum values for gas turbine and gas boiler capacities
remain relatively stable, even as the maximum values increase. On the
other hand, the maximum values for wave power and wind power re-
main stable. Since the capacities of wave power and wind power depend
on the discrete number of wave energy converters and wind turbines,
the capacity decisions are presented in a banded pattern. Wave power is
not selected in Case 1, indicating that it lacks economic competitiveness
compared to other renewable energy options.

When capacity limitations are imposed, the energy mix shifts from
being solar- and wind-dominated to wind- and wave-dominated. Solar
power generation consistently reaches the upper limit of its allowed ca-
pacity across all scenarios. To compensate for the reduced Photovoltaic
(PV) capacity, the system increases the use of wave, wind, and gas
turbine power, with a significant boost in gas turbine capacity driven
by economic factors and its role in maintaining system stability. This

11

highlights the need for further research and investment to improve the
economic viability of wave energy technology. Interestingly, the num-
ber of electrolyzers shows minimal variation across all uncertainty levels
under both cases, suggesting that the optimal capacity of this component
is robust to demand fluctuations. Desalination capacity, represented by
osmosis units, exhibits some variability and uncertainty. In Case 1, the
average number of osmosis units remains three, with an upper limit of
four across all uncertainty levels. In the Case 2, however, the number of
osmosis units increases to around nine due to the capacity limits imposed
on water storage.

Fig. 8 and Table 10 illustrate that increasing demand uncertainty
leads to higher objective function costs for both cases. The constrained
case consistently results in higher objective values, largely due to
the inclusion of wave power and the reduction in PV capacity. For
instance, with a 25 % demand variation, the average objective func-
tion cost increases from $32,585,096.62 in the unconstrained case to
$41,486,699.71 in the constrained scenario, representing a 27 % in-
crease. This notable cost difference underscores the economic impact of
certain capacity or practical limitations (e.g., available land, available
gas pipeline) on selecting the optimal energy mix.

The Monte Carlo simulation results indicate that system configura-
tion can be significantly influenced by variations in demand. This vari-
ability highlights the importance of accounting for uncertainty during
the system planning stage to ensure more robust decision-making.
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Table 10
Objective value (in $) statistics with different demand randomness levels.

Case 1 (without capacity limitation constraints)

+5%

+10 %

+15 %

+20 %

+25 %

Max
Mean
Min

33,384,492.78
32,503,833.88
31,874,161.94

33,480,754.88
32,539,206.39
31,721,900.09

33,585,332.26
32,562,411.90
31,552,694.86

33,696,707.96
32,574,774.68
31,390,408.95

33,815,711.24
32,585,096.62
31,211,235.94

Case 2 (with capacity limitation constraints)

Max 41,367,822.88 42,068,725.96 42,704,267.06 42,870,458.57 44,031,102.88
Mean 40,710,272.47 40,696,317.99 40,914,914.48 41,228,014.98 41,486,699.71
Min 39,666,847.05 39,576,291.97 39,443,955.32 39,377,344.59 39,277,194.45
Table 11
Component capacity decisions from two-stage stochastic optimization.
Randomness PV (MW) GTP (MW) GBP (MW) WTP (MW) WP (MW)
+5 % (Case 1) 82.12 25.44 18.78 22.5 0
+5 % (Case 2) 0.8 18.34 20.24 42.5 15.75
+25 % (Case 1) 84.63 32.3 21.89 21.5 0
+25 % (Case 2) 0.78 30.37 22.02 40 18.75
Randomness BS (MW) TS (MW) HS (m?) WS (m?) No. Electrolyzer
+5 % (Case 1) 219.62 0 8031 9358 5
+5 % (Case 2) 128.51 0 5000 1000 6
+25 % (Case 1) 227.37 0 8251 12,296 5
+25 % (Case 2) 125.94 0 4281 1000 4
Randomness No. Osmosis Obj ($) EVPI ($) — —
+5 % (Case 1) 4 33,257,398.12 753,564.24 — —
+5 % (Case 2) 9 41,276,689.20 566,416.73 — —
+25 % (Case 1) 4 33,635,541.79 1,050,445.16 — —
+25 % (Case 2) 10 42,959,167.65 1,472,467.93 — —

SP: Solar Power, WTP: Wind Turbine Power, WP: Wave Power, GTP: Gas Turbine Power, GBP: Gas Boiler Power, BS: Battery Storage, TS: Thermal Storage,
HS: Hydrogen Storage, WS: Water Storage. EVPI: Expected Value of Perfect Information.

7.3. System configuration with two-stage stochastic optimization

In this study, a two-stage stochastic optimization model was devel-
oped to improve the robustness of system planning under uncertainty. A
total of 25 scenarios were generated to represent possible future states,
each reflecting stochastic variations in both energy demand and envi-
ronmental conditions. Specifically, solar irradiation, wind speed, and
temperature were assumed to fluctuate within a set range of +5 %.
Similarly, electricity, hydrogen, water, and thermal loads were per-
turbed by +5 % and +25 %. To maintain generality, the random
variables were assumed to follow a uniform distribution and were
treated as independent. The number of scenarios was chosen to provide a
reasonable trade-off between the model accuracy and computational ef-
ficiency. For each scenario, the model simultaneously optimizes capacity

12

planning and operational decisions. Although 25 scenarios were used in
this study, the framework can accommodate more scenarios if needed,
with scenario reduction techniques available to manage computational
complexity.

The optimal capacity decisions for each component are summarized
in Table 11. With greater uncertainty in demand, the objective value
increases, reflecting the system’s response to higher levels of variability.
In Case 2 (with capacity limitation constraints), the gas turbine capacity
significantly increased to handle future uncertainties as the randomness
level rose from 5 % to 25 %. For instance, under a 25 % randomness
level (Case 2), the optimal objective value obtained through the two-
stage stochastic optimization is $42,959,167.65, which is $1,071,935.23
lower than the worst-case (maximum) value of $44,031,102.88 under
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the same conditions, as reported in Table 10. This substantial differ-
ence demonstrates the benefits of incorporating stochastic optimization,
resulting in a more robust decision that effectively mitigates the risks
posed by future uncertain demand conditions.

To evaluate the potential worth of more accurate forecasts, the
Expected Value of Perfect Information (EVPI) is calculated, as shown
in Table 11. The EVPI quantifies how much better off a decision-maker
could be if they had perfect knowledge about uncertain parameters.
The EVPI is calculated as EVPI = SP — W.S, where S P represents the
objective value obtained from stochastic model. Meanwhile, WS is the
expected value of the optimal decision that could be made given per-
fect information. W S is the mean value in Table 10. As shown, EVPI is
higher when the level of randomness is high.

8. Conclusions

The integration of marine renewable energy with a multi-energy sys-
tem offers a promising pathway to addressing the diverse energy needs
of expanding coastal communities while promoting environmental sus-
tainability and resilience. Unlike prior studies, this study develops a
generalized, flexible MRE-MES framework that jointly optimizes capi-
tal and operational costs for coastal communities. Through a two-stage
stochastic optimization approach, the model effectively mitigates the
impacts of uncertainties in demand and renewable energy availability,
resulting in a more robust capacity design. Specifically, in scenarios
with 25 % demand variability, the two-stage stochastic optimization
reduced costs by approximately $1 million compared to the deter-
ministic worst-case scenario, demonstrating the value of considering
uncertainties in planning. Moreover, the results indicate that a bal-
anced integration of renewable sources—wind, wave, and solar—leads
to lower operational costs and improved system efficiency, particularly
when capacity constraints are in place. The results demonstrate that
the stochastic model significantly improves the system robustness, ef-
fectively managing fluctuations without substantial overdesign. It also
achieves a better trade-off between investment and operational perfor-
mance, particularly under high-uncertainty conditions. The generalized
nature of this framework allows for easy adaptation to different coastal
contexts, whether small- or large-scale, depending on local renew-
able resource availability, infrastructure limitations, and community
needs.

Although the proposed MRE-MES framework is designed to be gen-
eral and adaptable, its validation is limited by a conceptual case study
using only two representative weeks rather than a full-year-long simula-
tion. While these weeks highlight seasonal contrasts, they fail to capture
the full temporal variability required for robust investment planning.
The economic analyses also overlook component degradation, replace-
ment cycles, and life-cycle and fuel cost fluctuations. However, these
simplifications support computational feasibility and model applicabil-
ity. Future studies should address these gaps by including a wider range
of technologies, such as heat pumps, conducting full-year simulations,
and adopting comprehensive life-cycle cost analyses. Incorporating pre-
dictive control and Al-driven energy management could also improve
responsiveness to uncertainty, enabling more dynamic and cost-effective
operations.

Nevertheless, the proposed system framework offers valuable guid-
ance to planners and policymakers aiming to develop sustainable and
resilient energy solutions in coastal regions. Solar and wind energy re-
main the most cost-effective resources, while wave energy adoption
is still constrained by current costs and will require targeted incen-
tives and further cost reductions. Early stage research and pilot projects
should be supported through incentives such as grants, tax credits, or
procurement guarantees, especially in areas with untapped offshore
resources. Integrated energy planning frameworks that co-optimize
multiple energy vectors should replace siloed approaches to improve
efficiency, reduce redundancies, and enhance flexibility. Regulatory
agencies should require the use of site-specific data and scenario-based
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planning for marine renewable and multi-energy systems, as coastal
areas vary widely in terms of their conditions and constraints.
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