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Abstract: This research explores the optimal operation of an offshore wave-powered hy-
drogen system, specifically designed to supply electricity and water to a bay in Humboldt,
California, USA, and also sell it with hydrogen. The system incorporates a desalination
unit to provide the island with fresh water and feed the electrolyzer to produce hydrogen.
The optimization process utilizes a mixture of experts in conjunction with the Quantitative
Structure-Activity Relationship (QSAR) algorithm traditionally used in drug design, to
achieve two main objectives: minimizing operational costs and maximizing revenue from
the sale of water, hydrogen, and electricity. Many case studies are examined, representing
typical electricity demand and wave conditions during typical summer, winter, spring, and
fall days. The simulation, optimization, and results are carried out using MATLAB 2018
and SAM 2024 software applications. The findings demonstrate that the combination of
the QSAR algorithm and quantum-inspired MoE results in higher revenue and lower costs
compared to other current techniques, with hydrogen sales being the primary contributor
to increased income.

Keywords: wave energy converters; hydrogen energy; mixture of experts; Humboldt Bay;
Pacific Ocean; QSAR optimization

1. Introduction
The global focus is shifting toward achieving fully sustainable energy and water man-

agement by 2050 [1]. The concept of the water-energy nexus refers to the interdependent
relationship between water usage in energy production and energy used for water produc-
tion [2]. Examples of this nexus include using sustainable energy for water desalination and
harnessing seawater to generate electricity through tidal, wave, and wind converters [3].

Wave energy technology, a promising source of renewable energy, is used to gener-
ate clean electricity from the movement of ocean waves. Several successful wave energy
projects have been implemented, particularly in Europe, with increasing interest in ex-
ploring its potential in other regions [4]. Wave energy presents a significant opportunity
to contribute to the global transition to renewable energy and helps meet future energy
demands sustainably [5]. Hydrogen is emerging as a key player in the future of sustainable
energy generation and storage, with the potential to reshape global energy dynamics [6].
The green hydrogen is produced from green energy technology such as PV, wind, or wave
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applications. It is then stored in the form of gas or liquid to be converted during energy
need to electricity or thermal energy. The United States has developed detailed plans
to promote hydrogen energy as a crucial element of its clean energy transition. At the
core of these efforts is the U.S. National Clean Hydrogen Strategy and Roadmap, which
identifies pathways for integrating clean hydrogen into national decarbonization efforts
across various economic sectors. This roadmap provides a comprehensive framework
for scaling up the production and utilization of clean hydrogen, with detailed projections
for 2030, 2040, and 2050 [7]. Green hydrogen, produced from wave energy and seawater
desalination, is seen as a promising solution [8]. The hydrogen system typically consists of
three components mainly an electrolyzer that converts water into hydrogen, a hydrogen
storage tank to store the produced hydrogen, and a fuel cell that converts stored hydrogen
back into electricity [9,10].

In recent years, researchers have been exploring the use of hydrogen in sustainable
energy generation and storage. One study focused on optimizing the operation of a
system involving photovoltaic (PV) cells, hydrogen, batteries, and the electrical grid [11].
Another examined the operation of a combined wind, photovoltaic, battery, and hydrogen
system [12]. Many recent studies have aimed to reduce the operational costs of microgrids
and power systems. For example, a study presented a method to optimize the operation of
a region in Egypt while considering operation costs maximizing the share of renewable
energy to reach 100% [13,14].

The application of Mixture of Experts (MoE) models in microgrids offers a promising
approach for optimizing energy distribution and management in decentralized energy
systems. Microgrids, which consist of interconnected local energy sources such as solar
panels, wind turbines, and storage units, require sophisticated decision-making systems
to efficiently manage energy flow and ensure reliability. MoE models, with their ability
to combine the expertise of multiple specialized models, can be used to model complex
and dynamic behavior in microgrid systems [15]. In this context, different experts can be
assigned to various tasks, such as forecasting energy demand, predicting renewable energy
generation, managing storage units, and controlling energy exchange between grid and
microgrid. A gating network determines which expert’s output to prioritize, based on
current operating conditions, such as weather, load demand, or energy availability. This
adaptability allows MoE models to handle uncertainties and variations in renewable energy
generation, improving the overall efficiency and reliability of the microgrid [16]. Further-
more, MoE-based systems can potentially offer better scalability and robustness, as they
can adapt to new experts or update existing ones as the microgrid evolves. Research into
MoE in microgrids could lead to more intelligent and resilient energy management systems,
paving the way for the integration of renewable energy sources and the development of
smart grid technologies [17,18].

Quantitative Structure-Activity Relationship (QSAR) modeling is a valuable tool used
to analyze the relationships between the chemical structure of compounds and experimen-
tal observations. The method relies on numerical descriptors, quality of observed data,
and statistical techniques to establish correlations [19]. Despite its effectiveness, QSAR
has limitations, such as overfitting, limited applicability to new chemical structures, and
challenges in providing accurate error estimates [20]. QSAR models are frequently used to
optimize chemical compounds for potential clinical trials [21]. In this research, QSAR is
employed to optimally operate a wave hydrogen energy microgrid.

From the above studies, it was noticed that no previous research was implemented on
how to employ wave and hydrogen energy technologies in the United States, especially in
California. In this research, the main contributions covered the following topics:
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i. Integration of hydrogen and wave energies to form a microgrid to produce electricity,
water, and hydrogen for supplying a bay in the USA and trade.

ii. Employ the QSAR optimization technique to operate the microgrid optimally to
achieve minimum cost and maximum revenue in daily operation.

iii. Employ MoE as an artificial intelligence tool for solving the multi-objective goals in
the operation of the microgrid.

iv. Compare the performance of the daily wave energy generation, the microgrid cost of
operation, and revenue in different seasons namely summer, winter, fall, and spring.

The paper is organized as follows; Section 2 illustrates the modeling of the microgrid
while in Section 3, an illustration of the project location is presented. Section 4 illustrates
how optimization and artificial intelligence are employed towards optimal operation of the
microgrid. Sections 5–7 present results, discussions, and conclusions, respectively.

2. Microgrid Modeling
The microgrid shown in Figure 1 is operated by a wave energy converter namely a

point absorber to operate electrolyzer, electrical loads, and water desalination unit. The
energy is stored in the form of hydrogen in compressed gas tanks; the hydrogen is converted
to electricity by fuel cells. The aim of the microgrid is the production of electricity, hydrogen,
and water for use and selling.
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2.1. Wave Energy Conversion System

A wave energy system works by capturing the kinetic and potential energy from ocean
waves and converting it into electrical power. A point absorber wave energy converter is
used in this research which is a floating device that harnesses the vertical motion of ocean
waves to generate electricity, typically using a hydraulic or mechanical power take-off
system to drive a generator. The energy available from the waves is determined by the
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wave height (H) and the wave period (T), along with other environmental parameters. The
total power in the waves (Pwave) can be estimated using (1) [22].

Pwave =
ρ·g2· H2·T

64π
(1)

ρ is the density of seawater which is set to be 1000 kg/m3, g is the gravitational
acceleration (9.81 m/s2). This power is then captured by a wave energy converter, selected
in this research to be a point absorber. The vertical motion of the waves is converted into
mechanical energy, which is then transformed into electrical power using a generator. The
mechanical power output (Pmechanical) can be approximated as illustrated in (2) [23].

Pmechanical =
Cm·H2

T
(2)

Cm is a constant representing the efficiency of the point absorber. The mechanical
power is then converted into electrical power (Pelectrical) by the generator and turbine,
considering their respective efficiencies (ηgenerator and ηturbine) as illustrated in (3) [24].

Pelectrical = Pmechanical .ηturbine.ηgenerator (3)

2.2. Water Desalination Unit

The operation of the water desalination unit is outlined in [25] and the equations
governing the system are (4) and (5).

Wwater(t) = GR(
Pt(t)
PR

) (4)

Ws(t) = Ws(t − 1) + Gw(t)− Wuse(t) (5)

Wwater signifies the quantity of pure water produced, GR is the nominal capability for
pure water production, Pt is the utilized power, and PR is the nominal power of the unit
of desalination. Ws indicates the water stored in the reservoir, Gw refers to the freshwater
generated, and Wuse is the amount of freshwater utilized.

2.3. Hydrogen Energy System

The hydrogen system is composed of three key components: the electrolyzer, the
hydrogen storage tank, and the fuel cell. The primary function of the electrolyzer is to
produce hydrogen, as described in Equations (6) and (7). The amount of power required to
perform the electrolysis process is denoted as Pel , while the mass of hydrogen generated
during the process is represented by mel

Pel(t) = ∑Nel
i=1 Ael

i Nel IelVel∆t (6)

mel(t) =
Nel Iel η f ∆t

2F
M (7)

The fuel cell’s primary function is to transform hydrogen into electrical energy, as
shown in Equations (8) and (9). The proton exchange membrane fuel cell is used in this
research to convert hydrogen to electricity. The power utilized in the redox reaction is
denoted as PFC, while the amount of hydrogen consumed during this process is represented
by mFC.

PFC(t) = ∑NFC
i=1 AFC

i NFC IFCVFC∆t (8)

mFC(t) =
NFC IFC ∆t

2F
M (9)
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In this context, A represents the operational status of the cell during electrolysis (where
0 indicates off and 1 indicates on). N refers to the total number of electrolyzers or fuel
cells. The variables V and I denote the voltage and current of the cell, respectively. F is the
Faraday constant, and η f represents Faraday's efficiency. The quantity M refers to the mass
of hydrogen in kilograms.

After hydrogen exits the electrolyzer, it undergoes compression before being stored in
a tank. Taking into account the adiabatic expansion and the variation in hydrogen volume,
the storage process can be described by Equation (10).

Vstorage(t)
RT

dYH
dt

= nstored hydrogen (10)

In this equation, YH represents the hydrogen performance parameter, Vstorage is the
volume of the stored hydrogen, T is the temperature during the adiabatic process, and R is
the ideal gas constant [9].

3. Microgrid Location
Humboldt Bay is located along the northern coast of California, nestled between the

Pacific Ocean and the rugged coastal ranges as shown in Figure 2. The bay stretches roughly
15 miles inland, with its waters framed by the Humboldt Bay Heads, which offer natural
protection from the open ocean. Situated in Humboldt County, the bay is surrounded by
a mix of lush forests, tidal marshes, and hills that create a dramatic and scenic backdrop.
The bay itself is one of the largest natural harbors on the West Coast, offering a sheltered
environment that has historically supported maritime activities [26]. The surrounding
landscape includes diverse ecosystems, from salt marshes to dense redwood forests, which
contribute to the bay’s ecological importance [27].

J. Mar. Sci. Eng. 2025, 13, x FOR PEER REVIEW 6 of 24 
 

 

 

Figure 2. Humboldt Bay, USA location in Pacific Ocean [27]. 

 

Figure 3. Yearly wave heights in Humboldt Bay, USA. 

4. Optimization in Microgrid Operation 
4.1. Optimization Problem Definition 

The optimization is done to minimize the cost of operation and maintenance while 
also increasing the revenue from the sale of energy and water. Increasing revenue from 
the sale of electricity, hydrogen, and freshwater (Fଵ) and lowering operating costs for 
fuel cells, electrolyzers, and water desalination units (Fଶ) are the two main goals of the 
objective function (F). The weighting factor and normalization procedures are two ways 
that combine the two objective functions. 

Objective functions: 
(A) Maximizing income Fଵ = max ∑ (C୉P୉(t) + Cୌmୌ(t) + C୛ଶସ୲ୀଵ Wୱ(t))/24  (11)

where C୉ is the price per unit of electricity sold, the electricity that was sold in KWhr is P୉(t), Cୌ is the cost per unit of hydrogen sold, mୌ is how many liters of hydrogen are 
sold, C୛ is the cost per unit of freshwater sold and Wୱ is the volume of water sold in 
cubic meters. 
(B) Minimization of operation cost 

The objective is to minimize the operation cost of water desalination unit, 
electrolyzer unit, and fuel cell. 

Figure 2. Humboldt Bay, USA location in Pacific Ocean [27].



J. Mar. Sci. Eng. 2025, 13, 461 6 of 25

The bay is positioned near the city of Eureka, which sits along its southern shore,
providing easy access to the bay’s waters. To the north and south, the bay is bordered by
smaller communities, each contributing to the regional economy and culture. The area’s
geography also makes it a popular destination for outdoor enthusiasts, who come to enjoy
the natural beauty, wildlife, and recreational opportunities the bay and its surroundings
offer [28]. Humboldt Bay’s location in this remote and picturesque corner of California
makes it a unique and important natural resource for both the local community and
the broader region [29]. The Humboldt Bay area relies on a mix of surface water and
groundwater for its water supply, with conservation efforts in place to address periodic
droughts. Energy needs are shifting toward sustainability, with decommissioned fossil
fuel plants replaced by renewable sources like offshore wind and solar power. The region
benefits from renewable energy programs, although challenges remain in infrastructure
and grid capacity. Local authorities prioritize water quality and energy efficiency to
ensure a sustainable future. The wave energy system will be implemented in Humboldt
Bay 5344.78 m distance from the shore, with a water depth of 48 m, latitude of 40.84,
and longitude of −124.25. The wave height is illustrated in Figure 3 which is exported
from SAM 2024 software application and shows that there is a big wave energy potential
especially in winter [30].
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4. Optimization in Microgrid Operation
4.1. Optimization Problem Definition

The optimization is done to minimize the cost of operation and maintenance while
also increasing the revenue from the sale of energy and water. Increasing revenue from
the sale of electricity, hydrogen, and freshwater (F1) and lowering operating costs for fuel
cells, electrolyzers, and water desalination units (F2) are the two main goals of the objective
function (F). The weighting factor and normalization procedures are two ways that combine
the two objective functions.

Objective functions:

(A) Maximizing income

F1 = max∑24
t=1(CEPE(t) + CHmH(t) + CW Ws(t))/24 (11)
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where CE is the price per unit of electricity sold, the electricity that was sold in KWhr is
PE(t), CH is the cost per unit of hydrogen sold, mH is how many liters of hydrogen are
sold, CW is the cost per unit of freshwater sold and Ws is the volume of water sold in
cubic meters.

(B) Minimization of operation cost

The objective is to minimize the operation cost of water desalination unit, electrolyzer
unit, and fuel cell.

F2 = min∑24
t=1(UelPel(t) + UFCPFC(t) + UW PW(t))/24 (12)

where the unit costs for running the fuel cell, water desalination, and electrolyzer units are
Uel, UFC, and UW, respectively.

There are two ways to handle this multi-objective problem: the normalization ap-
proach, which uses the single best solution for each objective, as shown in (13) and the
weighting factors, as shown in (14) assuming equal priority for the two objectives.

F =
1

Optimal F1
F1 +

1
Optimal F2

F2 (13)

F =
1
2

F1 +
1
2

F2 (14)

Constraints:

i. Normal power flow equations

The system’s power generation (from wave and fuel cells) is equal to the power sold
to the grid and the power required for system consumption (water desalination power,
electrolyzer, and load). The fuel cell and electrolyzer cannot operate simultaneously.

PWind(t) + PFC(t) = Pt(t) + Pel(t) + Pload(t) + PE(t) (15)

PFC(t)·Pel(t) = 0 (16)

ii. Inequality constraints (limits)

Wave energy conversion limits: Wave energy converter cannot exceed maximum power.

0 ≤ PWave(t) ≤ PWavemax (17)

∆PWavemin(t) ≤ ∆PWave(t) ≤ ∆PWavemax(t) (18)

The output of a water desalination plant varies from minimum to maximum.

Wwatermin(t) ≤ Wwater(t) ≤ Wwatermax(t) (19)

Fuel cell and electrolyzer units operating power limitations

Pelmin ≤ Pel(t) ≤ Pelmax (20)

PFCmin ≤ PFC(t) ≤ PFCmax (21)

To prevent any damage to the grid component, the power sold to the grid must be less
than the maximum amount that the grid could receive from the system.

PE(t) ≤ PEmax (22)
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Hydrogen storage energy should follow (23), (24), and (25)

EH(t) = EH(t − 1)(1 − δ) + ∆t(Pel(t − 1)ηel −
PFC(t − 1)

ηFC
) (23)

EHmin ≤ EH(t) ≤ EHmax (24)

0.2 ≤ SOC ≤ 0.8 (25)

where the capacity of the storage is EH, δ is the coefficient of discharge and SOC is the state
of charge.

4.2. QSAR Optimization

In quantitative structure-activity relationship (QSAR) studies in drug design, the
process typically involves the use of two distinct datasets: the training set and the test
set. These datasets are instrumental in the development and validation of predictive
models. The training set consists of a diverse array of chemical compounds along with
their corresponding biological activities or properties. The goal of the training set is
to develop a QSAR model that can accurately predict the biological activity of novel
compounds based on their molecular descriptors, which represent the structural features
of the compounds [19].

The test set, on the other hand, is utilized to evaluate the model’s predictive capability.
Unlike the training set, the compounds in the test set are not used during the model training
phase, allowing researchers to assess how well the model generalizes to previously unseen
data. The performance of the model is typically evaluated by comparing its predictions
against the actual observed values in the test set [20,21].

A widely used metric for assessing model performance in QSAR studies is the Q-
squared (Q2) statistic. Q2 quantifies the proportion of variance in the observed data that
the model is able to explain. It ranges from 0 to 1, with values closer to 1 indicating a
better fit between the model and the data. In the context of QSAR, a model is considered
reproducible if its Q2 value exceeds 0.8 in the training set. A model is deemed predictive if
its Q2 value is greater than 0.6, while both reproducibility and predictive capability must
be satisfied for the model to be regarded as valid [31–33].

The Q2 statistic is computed in (26):

Q2 = 1 − SSres

SStot
(26)

where SSres represents the sum of squared residuals (the differences between predicted
and observed values), and SStot is the total sum of squares (the overall variability in the
observed data). The individual components SSres and SStot can be calculated as illustrated
in (27) and (28)

SSres = ∑
(

yobs − ypred

)2
(27)

SStot = ∑(yobs − ymean)
2 (28)

where yobs is the observed activity value, ypred is the predicted activity value, and ymean is
the mean of the observed activity values.

In QSAR studies, outliers and z-scores play crucial roles in data analysis and model
development as shown in Figure 4 which illustrates the flowchart of QSAR optimization.
Outliers are data points that significantly deviate from the expected trend and can introduce
noise or bias, thus negatively affecting model accuracy. Identifying and appropriately
handling outliers is vital for ensuring the reliability of QSAR models. Outliers may arise
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due to factors such as measurement errors, experimental artifacts, or the presence of
compounds with rare or unique characteristics.
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The z-score is a statistical tool used to quantify how far a data point deviates from
the mean of a distribution, measured in standard deviations. In QSAR analysis, z-scores
are often employed for both outlier detection and data normalization. A commonly ac-
cepted threshold for identifying outliers based on z-scores is 2.5, where values beyond this
threshold indicate potential outliers [33].

The z-score for a data point xi is calculated using the formula in (29):

z =
xi − µ

σ
(29)

where xi is the observed value, µ is the mean, and σ is the standard deviation of the
data distribution.

4.3. Quantum-Inspired Mixture of Experts Strategy

The Mixture of Experts (MoE) strategy represents a cutting-edge approach to ad-
dressing multi-objective optimization challenges across various domains. This framework
combines the strengths of modularization, selective activation, and parallel processing to
achieve superior performance in solving complex, multifaceted problems. By design, the
MoE strategy decomposes a problem into smaller, specialized tasks, each handled by an
“expert” model. These experts are dynamically activated based on contextual information,
making the MoE approach a promising solution for balancing trade-offs between conflicting
objectives [34].

The MoE framework consists of two primary components: the expert models and
a gating network. Each expert model is trained to specialize in a particular objective or
subset of the problem space. For instance, in the context of microgrid energy optimization,
individual experts might focus on distinct objectives, such as maximizing renewable energy
utilization, minimizing operational costs, or enhancing system reliability. The gating
network functions as a decision-making mechanism, dynamically assigning tasks to the
most relevant expert(s) based on the input features or environmental context. This selective
activation ensures computational efficiency by engaging only the required subset of experts,
thereby reducing unnecessary processing overhead.

The MoE strategy is particularly well-suited for multi-objective optimization due
to its ability to address trade-offs among competing objectives. Traditional optimization
techniques often require combining objectives into a single composite function, which can
obscure individual priorities and lead to suboptimal solutions. In contrast, MoE retains the
granularity of each objective by assigning them to specialized experts, thereby enabling
more effective optimization. Moreover, the modular nature of MoE facilitates scalability,
as additional experts can be introduced to address emerging objectives or accommodate
evolving problem requirements.

From a computational perspective, the MoE strategy offers significant advantages. The
independent nature of expert models allows for parallel processing, which enhances scala-
bility and reduces computation time in large-scale optimization problems. Furthermore,
the specialization of experts ensures that each model achieves high performance within
its designated domain, leading to improved overall optimization outcomes. This is partic-
ularly beneficial in applications where objectives are highly diverse and interdependent,
such as energy systems, supply chain management, autonomous systems, and healthcare.

In energy systems, for example, the MoE approach can be utilized to optimize the
distribution of energy resources, balance operational costs, and enhance sustainability.
Each objective is managed by a specialized expert, while the gating network coordinates
its interactions to provide an integrated solution. Similarly, in supply chain management,
the MoE framework can address the trade-offs between cost efficiency, delivery speed, and
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inventory levels. The modularity and adaptability of the MoE strategy make it a versatile
tool for addressing complex multi-objective challenges across industries.

The implementation of the MoE framework has demonstrated significant potential
in various research studies. For instance, recent advancements in machine learning and
artificial intelligence have highlighted the efficacy of MoE in optimizing resource allocation,
reducing energy consumption, and improving decision-making processes in dynamic
environments [18,35]. These findings underscore the transformative role of the MoE
strategy in solving real-world optimization problems.

Figure 5 shows how MoE is employed to solve the multi-objective optimization process
to optimally operate the wave hydrogen microgrid in this research. The optimal value of
each single objective is calculated using QSAR optimization.
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The gating network in the MoE framework is a crucial component responsible for
dynamically selecting the appropriate experts for a given input. It operates as a mediator
that decides which expert model should process the input data based on certain criteria,
such as input features or environmental context. Here is a detailed breakdown of how the
gating network is typically designed in this research:

a. Input layer: The gating network starts by receiving the same input as the entire MoE
system. The inputs included in this research are wave height, water demand, and
electricity demand. It is designed in this research to have one neuron.

b. Quantum-Inspired Processing [36]: The inputs are processed to mix between the two
objectives based on the normalization of probability amplitudes, to ensure that the
sum of the weights is 1. The absolute square of each amplitude to get the selection
weights is shown in (30). This ensures that the gating network still produces a valid
probability distribution of weights, but the way these weights are formed introduces
a quantum-like interference.

wi =
|Optimal Fi|2

|Optimal Fi|2 +
∣∣Optimal Fj

∣∣2 (30)

c. Output layer: consists of one neuron and the outputs are on/off decision of the water
desalination unit, the electrolyzer, and the fuel cell.
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5. Results
This study aims to evaluate the performance of a newly proposed quantum-inspired

MoE, optimization technique, QSAR, alongside other advanced methods in terms of rev-
enue generation and total cost for a hypothetical microgrid. The analysis is conducted for
typical summer, spring, fall, and winter days, considering realistic daily electricity demand
and wave height variations. Five optimization scenarios were examined: Normalized
QSAR Optimization (NQSAR), Weighting Factor QSAR Optimization (WQSAR), Particle
Swarm Optimization (PSO), Genetic Algorithm Optimization (GA), and Quantum-Inspired
Mixture of Experts (MoE). The microgrid is assumed to include a 1 GW wave converter
located in the Pacific Ocean of Humboldt Bay, with a maximum water load capacity of
3.91 million tons. To ensure consistency and accuracy, all optimization algorithms were
implemented and tested using MATLAB 2018 while data of generation was imported from
SAM 2024 to MATLAB.

In this study, the power rating of both the electrolyzer and the fuel cell is 10 MW
with a capacity of 20 MWhrs. The cost of 1 Kg of hydrogen is assumed to be USD10
while 1 Kwh of electricity is assumed to be USD0.46 similar to 1 m3 of water. The wave
power and energy produced over one year are shown in Figures 6 and 7, respectively using
the SAM 2024 version. The yearly accumulative energy produced from the microgrid is
2,292,968,704 kWhr with a capacity factor of 26.2%.
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5.1. Summer Day

Figures 8 and 9 illustrate the electricity demand and the wave energy production
on a typical summer day in Humboldt Bay, Pacific Ocean. Optimization is conducted
using five different scenarios to enhance revenue generation while reducing the microgrid’s
operational expenses. As depicted in Figures 10 and 11, the MoE followed by the NQSAR
approach, then the WQSAR, achieves higher revenue and lower operational costs compared
to the other two methods. Additionally, the data in Figure 12 indicate that hydrogen sales
account for approximately two-thirds of the total income.
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5.2. Winter Day

Figure 13 presents the electricity demand on a winter day for Humboldt Bay, Pacific
Ocean which is 29% lower than the summer demand, while Figure 14 represents the wave
energy production from the converter on a typical winter day which is almost double
that of the summer day. Optimization is performed using five scenarios to maximize
revenue and minimize the microgrid’s operational costs. As shown in Figures 15 and 16,
the MoE followed by the NQSAR, then the WQSAR, achieves higher revenue and lower
costs compared to GA and PSO. Furthermore, the data in Figure 17 reveal that hydrogen
sales contribute approximately 70% of the total income.
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5.3. Spring Day

Figure 18 presents the electricity demand on a spring day for Humboldt Bay, Pacific
Ocean which is 12% lower than the summer demand, while Figure 19 represents the wave
energy production from the converter on a typical spring day which is almost 10% lower
than that of the winter day. Optimization is performed using five scenarios to maximize
revenue and minimize the microgrid’s operational costs. As shown in Figures 20 and 21,
the MoE, followed by NQSAR, then WQSAR, achieves higher revenue and lower costs
compared to GA and PSO. Furthermore, the data in Figure 22 reveal that hydrogen sales
contribute approximately 65% of the total income followed by almost 22% from selling
electricity.
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5.4. Fall Day

Figure 23 presents the electricity demand on a fall day for Humboldt Bay, Pacific
Ocean which is 11% lower than the summer demand, while Figure 24 represents the wave
energy production from the converter on a typical fall day which is almost 14% lower than
that of the winter day. Optimization is performed using five scenarios to maximize revenue
and minimize the microgrid’s operational costs. As shown in Figures 25 and 26, the MoE,
followed by NQSAR, then WQSAR, achieves higher revenue and lower costs compared
to GA and PSO. Furthermore, the data in Figure 27 reveal that hydrogen sales contribute
approximately 60% of the total income followed by almost 24% from selling electricity.
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6. Discussions
Wave-powered hydrogen, electricity, and water production offer significant environ-

mental advantages, primarily by generating hydrogen with zero direct greenhouse gas
emissions, unlike fossil fuel-based hydrogen methods. Additionally, wave energy has a
minimal land footprint, reducing habitat disruption compared to large-scale solar or wind
farms. The process also supports decarbonization efforts in hard-to-abate sectors, such as
shipping and heavy industry, by providing a clean fuel alternative. However, regulatory
barriers remain a challenge. The deployment of wave energy, water desalination, and
hydrogen infrastructure requires complex permitting processes, environmental impact
assessments, and compliance with evolving hydrogen safety standards. Furthermore, the
lack of clear policies and incentives for marine renewable hydrogen production can delay
project implementation and investment decisions. Addressing these challenges through
streamlined regulations, government incentives, and international standardization will be
crucial for accelerating the adoption of wave-powered hydrogen solutions.

The seasonal analysis of the microgrid system, optimized using the quantum-inspired
Mixture of Experts (MoE) and other advanced algorithms, offers a comprehensive perspec-
tive on the performance and revenue potential of integrating wave energy with hydrogen
production. The results for typical summer, winter, spring, and fall days highlight distinct
variations in electricity demand, wave energy production, and revenue contributions from
hydrogen sales and electricity generation.

On a typical summer day, the electricity demand peaks, while wave energy production
is relatively lower compared to winter. The optimization results indicate that the MoE,
followed by the normalized QSAR (NQSAR) and weighting factor QSAR (WQSAR), out-
performs Particle Swarm Optimization (PSO) and Genetic Algorithm (GA) in enhancing
revenue and reducing operational costs. Notably, hydrogen sales accounted for approxi-
mately two-thirds of the total income, underscoring the economic importance of hydrogen
production in the microgrid’s operational model.

During a winter day, the electricity demand is approximately 29% lower than in
summer, but wave energy production nearly doubles. This seasonal shift enhances the
capacity for hydrogen production and storage. The optimization results reaffirm the
superiority of the MoE approach, followed by NQSAR and WQSAR, in achieving higher
revenue and lower costs. Hydrogen sales contributed an even higher share of the income
at approximately 70%, highlighting the critical role of hydrogen as a revenue driver during
periods of high wave energy production.

Spring and fall days exhibit intermediate characteristics between summer and winter.
In spring, electricity demand is 12% lower than in summer, and wave energy production
is about 10% lower than in winter. Similarly, in fall, electricity demand is 11% lower than
in summer, and wave energy production is 14% lower than in winter. In both cases, the
MoE optimization technique consistently delivered the best results in terms of revenue
generation and cost reduction, followed by NQSAR and WQSAR. Hydrogen sales ac-
counted for approximately 65% and 60% of the total income in spring and fall, respectively,
with electricity sales contributing a smaller but significant portion (22% in spring and
24% in fall).

These findings emphasize the effectiveness of advanced optimization techniques like
MoE in adapting to seasonal variations in demand and resource availability. The consistent
superiority of the MoE approach across all seasons demonstrates its robustness and adapt-
ability in optimizing microgrid operations under diverse conditions. Compared to prior
studies that primarily focused on singular optimization techniques, this study highlights
the advantages of integrating quantum-inspired algorithms in managing complex energy
systems. For instance, while traditional methods like PSO and GA are widely used, their
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performance in this study was outpaced by the MoE and QSAR approaches, particularly in
balancing cost efficiency and revenue generation.

The economic viability of the system is further supported by the high contribution of
hydrogen sales to total income, which aligns with the growing global interest in hydrogen as
a clean energy carrier. The integration of hydrogen production systems into the microgrid
provides not only a means for addressing seasonal energy storage needs but also a pathway
for monetizing excess wave energy during periods of low electricity demand. These results
are consistent with findings in recent renewable energy studies, reinforcing the critical role
of hydrogen in future energy systems.

Despite these strengths, some limitations should be noted. The study assumes fixed
costs for hydrogen and electricity, which may not reflect real-time market fluctuations.
Additionally, while the system’s capacity factor (26.2%) is promising, further research
is needed to explore the long-term impacts of wave energy variability on operational
stability. Future work should also investigate the potential of combining wave energy with
other renewable resources, such as marine geothermal energy, to further enhance system
resilience and scalability. Furthermore, policy support and economic incentives will play a
pivotal role in scaling up such systems for broader adoption.

In this study, the MoE approach was selected over other optimization techniques, such
as QSAR, GA, and PSO, due to its superior adaptability, performance, and interpretability
in handling the specific challenges of our application. Unlike QSAR, which is primarily
effective for linear relationships, MoE excels in capturing non-linear patterns by parti-
tioning the problem space and assigning specialized models (experts) to distinct regions.
While GA and PSO are powerful optimization tools, they often suffer from computational
inefficiency and suboptimal convergence in high-dimensional spaces. In contrast, MoE
leverages a gating network to dynamically allocate resources to the most relevant experts,
resulting in faster and more accurate optimization. Additionally, MoE offers enhanced
interpretability, as the contributions of individual experts and the gating network can
be analyzed to understand their roles in the final solution—a critical advantage in our
application. Furthermore, MoE demonstrates greater robustness to noisy data compared
to QSAR, GA, and PSO, as the gating network can effectively filter out irrelevant or noisy
inputs by assigning low weights to less reliable experts. These attributes collectively justify
the selection of MoE as the preferred approach for this study.

To assess the impact of market fluctuations on the feasibility of wave-to-hydrogen pro-
duction in Humboldt Bay, a sensitivity analysis was conducted on hydrogen, electricity, and
water prices. Hydrogen prices varied within a range of USD2.5/kg (optimistic), USD5.0/kg
(baseline), and USD10.0/kg (pessimistic), reflecting current market conditions and future
projections. Similarly, electricity prices were analyzed at USD0.03/kWh (renewable-rich
scenario), USD0.07/kWh (current average), and USD0.15/kWh (high-cost grid depen-
dence). Additionally, variations in water prices were considered, given the importance
of water supply in electrolysis. Water costs were assessed within USD0.5/m3 (low-cost
access), USD1.5/m3 (moderate cost), and USD3.0/m3 (high-cost regions) to reflect different
sourcing conditions, including desalination and municipal supply. The results indicate
that lower hydrogen, electricity, and water costs significantly improve project feasibility,
reducing the Levelized Cost of Hydrogen (LCOH) and enhancing economic viability. Con-
versely, high electricity and water prices increase operational costs, posing challenges to
competitiveness, particularly in regions with limited freshwater availability. These findings
highlight the importance of cost-efficient energy and water sourcing, as well as potential
policy incentives, to enhance the feasibility of wave-powered hydrogen production.

Overall, the integration of advanced optimization techniques and hybrid renewable
systems positions this study as a significant contribution to the ongoing transition toward
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sustainable energy solutions, particularly in coastal and resource-rich regions like Hum-
boldt Bay. In future studies, research will be applied to power quality, stability, and control
of the proposed microgrid.

7. Conclusions
This study demonstrates the transformative potential of integrating wave energy with

hydrogen production using advanced optimization techniques to supply a bay with water
and electricity then selling both and the hydrogen. The quantum-inspired Mixture of Ex-
perts (MoE) consistently outperformed other methods, achieving superior revenue and cost
efficiency across all seasons. Hydrogen production emerged as the primary revenue driver,
contributing up to 70% of total income, while the system’s capacity factor of 26.2% under-
scores the viability of wave energy for coastal regions in the United States and worldwide.
By addressing seasonal variations and leveraging cutting-edge optimization, this research
sets a benchmark for hybrid renewable systems. Future exploration of real-time imple-
mentation and the integration of additional resources like marine geothermal energy can
further enhance scalability and resilience. These findings provide a solid foundation for
advancing sustainable energy solutions, aligning with global clean energy goals.
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