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1 Introduction
With the continuous increase in global population, the demand for energy is upgrading at an unprece-

dented rate. At present, fossil fuels dominate the global energy landscape, but their limitations lay the
groundwork for the upcoming global energy crisis [1]. The non renewable nature of fossil fuels, coupled with
increasing energy consumption, poses a significant threat to the long-term energy security of the world. In
addition, the combustion of fossil fuels releases a large amount of air pollutants such as carbon dioxide and
sulfur dioxide, leading to serious environmental pollution and climate change. These environmental issues
have far-reaching impacts, including rising sea levels, extreme weather events, and loss of biodiversity [2–4].

To address these challenges, countries around the world are striving to fundamentally adjust the
global energy structure and achieve sustainable development. A noteworthy example is the Paris Agreement
reached within the framework of the United Nations Framework Convention on Climate Change in 2015.
The agreement aims to limit the global average temperature rise to below 2○C above pre-industrial levels and
strive to further limit the temperature rise to below 1.5○C. It also calls for global greenhouse gas emissions to
peak as soon as possible and then rapidly decline. Each country has set ambitious goals to reduce its carbon
footprint. For example, China announced a plan at the 2020 united nations general assembly to peak carbon
dioxide emissions by 2030 and achieve carbon neutrality by 2060 [4,5].

In the process of seeking sustainable energy solutions, renewable energy has become a key alternative.
Among them, wave energy has great potential due to its enormous and relatively stable energy potential. The
waves in the ocean are a continuous and powerful source of energy, and utilizing this energy can play a crucial
role in meeting the world’s growing energy demand while reducing dependence on fossil fuels. Wave energy,
as a widely distributed and abundant marine renewable energy source, has enormous development potential
and application prospects [6,7]. According to the International Energy Agency’s statistics, the theoretical
annual power generation of global wave energy can meet about 10% of electricity demand, but its actual
utilization rate is still at a relatively low level [8]. This indicates that wave energy technology is gradually
moving from the experimental exploration stage to large-scale applications, and its efficient development
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and system integration will have a profound impact on the global energy structure transformation, marine
economic development, and zero carbon energy system construction [9].

As the core equipment for the development and utilization of wave energy, the performance of wave
energy converter (WEC) directly determines the efficiency and cost of wave energy generation. WEC control
technology is the key to improving the performance of WEC. It can adjust the operating parameters of
WEC in real time according to the dynamic changes of ocean waves to achieve maximum energy capture.
However, the marine environment is complex and ever-changing, and the wave characteristics have high
uncertainty and randomness, which makes traditional WEC control methods difficult to adapt to actual
working conditions, resulting in low energy capture efficiency and limiting the large-scale commercial
application of wave energy [10–12].

At the same time, the hybrid planning of wind solar wave power generation, as a strategy that
comprehensively utilizes multiple renewable energy sources, can effectively integrate the advantages of wind
energy, solar energy, and wave energy, compensate for the intermittency and instability of single energy
generation, and improve the reliability and stability of energy supply. Reasonable planning of the power
generation scale, layout, and coordinated control of the operation between various energy sources are crucial
for achieving optimal overall system performance in wind solar hybrid power generation systems [13,14].

However, the field of advanced wave energy planning and control driven by artificial intelligence
faces many complex challenges. In terms of WEC control, the nonlinearity of the marine environment,
the coupling of multiple physical fields, and the dynamic characteristics of WEC itself make the design
and optimization of control algorithms face great difficulties. In the mixed planning of wind solar power
generation, it is necessary to consider the spatial and temporal distribution differences between different
energy sources, the dynamic changes in the electricity market, and the demands of multiple stakeholders,
which further increases the complexity and uncertainty of the planning [15].

In this context, the flourishing development of artificial intelligence (AI) technology has brought new
opportunities to solve the above-mentioned problems. AI technology, with its powerful data processing
ability, adaptive learning ability, and optimization decision-making ability, can accurately model and analyze
complex marine environments and energy systems, achieving intelligent control of WEC and optimization
planning of wind solar hybrid power generation systems. Through AI algorithms such as deep learning and
reinforcement learning, real-time perception of changes in ocean waves can be achieved, and the control
strategy of WEC can be dynamically adjusted to improve energy capture efficiency; Meanwhile, in the mixed
planning of wind solar power generation, AI technology can comprehensively consider multiple factors to
achieve the rational allocation and efficient utilization of energy resources [16].

Based on the above background, this article believes that the current field is facing two major challenges:
firstly, efficient control of WEC in dynamic environments is the key to ensuring stable capture and efficient
utilization of wave energy, which requires real-time adaptation to changes in ocean waves; Secondly, the
optimization planning of wind solar hybrid power generation system is the core to achieve complementary
advantages of multiple energy sources and optimal overall performance, which requires comprehensive
consideration of various factors such as energy distribution and market demand. These two challenges
are interrelated and mutually influential, collectively constituting the key issues that urgently need to be
addressed in the field of advanced wave energy planning and control driven by artificial intelligence.

Currently, while the application of artificial intelligence (AI) in the energy sector is gradually emerging,
there is still a notable research gap in the field of wave energy, particularly regarding the two core issues
of efficient control of wave energy converters and optimal planning of hybrid power generation systems
combining wind, solar, and wave energy. To effectively address these challenges, this paper will delve into an
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advanced wave energy planning and control framework driven by AI, meticulously analyze the key challenges
faced, and anticipate future research directions and development trends. It aims to provide insights into filling
the research gap in this field and offer valuable references and guidance for advancing the development of
wave energy and related renewable energy technologies.

2 Advanced Hybrid System Planning Techniques
In recent years, offshore power generation technology has developed rapidly, and the layout planning of

hybrid wind-wave energy converter and hybrid wind-solar-wave energy converter arrays has become a hot
topic in the academic community [17]. The rise of this research trend stems from the urgent need to achieve
complementary advantages of multiple energy sources and improve the stability and reliability of energy
supply. In the context of energy transition and sustainable development, how to efficiently integrate offshore
wind energy, solar energy, and wave energy has become a key issue that urgently needs to be addressed [18,19].

There is a significant symbiotic relationship between wind energy, solar energy, and wave energy. From
the perspective of resource distribution, deep-sea areas are often rich in wind and wave resources, and these
energy sources have strong complementarity. Taking offshore wind and wave energy as examples, when
offshore wind is weak and wind power generation efficiency decreases, wave energy can provide relatively
stable power output with its unique energy characteristics [20]. This complementary relationship is crucial
for improving the overall power supply stability of hybrid energy systems, and can effectively alleviate the
power supply fluctuations caused by environmental factors in single energy generation. The layout structure
diagram of the wind-solar-wave hybrid system is shown in Fig. 1.

Figure 1: Layout structure diagram of the wind-solar-wave hybrid system

In the field of hybrid wind-solar-wave energy converter array layout planning, numerous researchers
have employed AI technology to conduct extensive and in-depth explorations, aiming to achieve system
synergy, enhance offshore space utilization, reduce costs, and stabilize power output. For instance, various
heuristic algorithms are used for array optimization. Reference [21] proposes a hybrid wave-wind energy
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converter (HWWEC) array optimization strategy based on the artificial ecosystem optimization-manta ray
foraging optimization collaborative optimizer (EMCO). This strategy ingeniously utilizes AI technology
to balance local development and global exploration through the dynamic collaboration between artificial
ecosystem optimization and manta ray foraging optimization operators. EMCO achieves the maximum total
absorption power and demonstrates good stability, improving the HWWEC factor values across all four
scales. However, in terms of computational cost, EMCO requires relatively high computational resources due
to its complex dynamic collaboration mechanism between multiple operators, which may limit its application
in scenarios with limited computing power. Regarding scalability, although it shows good performance in
the studied scales, its effectiveness in extremely large-scale array optimization remains to be further verified.
Nevertheless, it provides important references for subsequent research.

On this basis, work [22] also constructs the HWWEC model and further focuses on array configuration
optimization problems. Researchers have developed an optimization scheme based on the enhanced serpen-
tine optimizer (ESO), which integrates multiple AI optimization mechanisms such as chaos initialization,
asynchronous learning factors, and Levy flight. The synergistic effect of these mechanisms enables the
algorithm to avoid falling into local optima and search for global optimal solutions in a broader search
space. The simulation results show that the ESO algorithm achieves the highest absorption power and has
a significant output power advantage compared to other algorithms. In terms of computational cost, ESO’s
integration of multiple mechanisms increases its computational complexity, but the chaos initialization and
Levy flight can sometimes accelerate the convergence, partially offsetting the increased cost. Regarding
scalability, ESO shows good potential for large-scale applications as its mechanisms are designed to handle
complex search spaces, providing new ideas for optimizing the configuration of HWWEC arrays.

As research deepens, reference [23] expands the scope of study to hybrid solar-wind-wave energy sys-
tems (HSWWS). This system integrates multiple energy advantages and has the ability to generate electricity
both on-grid and off-grid, which is of great significance for improving the efficiency and reliability of power
supply, especially in areas beyond the coverage of traditional power grids. To solve the HSWWS layout
problem, researchers propose a chaotic artificial rabbit optimization algorithm. Through case studies, it was
found that it outperforms other comparative algorithms in terms of total power output and convergence. In
terms of computational cost, the chaotic artificial rabbit optimization algorithm has a relatively moderate
computational load as it mainly relies on simple chaotic mapping and rabbit-inspired search behaviors.
Regarding scalability, it can be easily adapted to different system sizes, providing an effective tool for HSWWS
layout planning.

At the same time, study [24] also establishes the HSWWS model, focusing on studying the impact of
system spatial array optimization on power output. Researchers have improved the original slime mould
algorithm into the exponential slime mould algorithm (ESMA), enhancing the algorithm’s optimization
capabilities by integrating chaos algorithms, exponential asynchronous factors, and sine-cosine mechanisms.
The simulation results show that the ESMA algorithm is superior to other algorithms, and its advantages
become more significant as the system size increases. In terms of computational cost, ESMA’s integration of
multiple complex mechanisms leads to a relatively high computational cost, but its excellent performance
in large-scale systems justifies the cost. Regarding scalability, ESMA is well-suited for large-scale HSWWS
layout planning due to its ability to handle complex spatial array optimization problems, providing strong
support for large-scale HSWWS layout planning.

In summary, AI technology has played a key role in the layout planning of hybrid wind solar wave
energy converter arrays. From algorithm optimization to system performance improvement, AI technology
provides efficient and accurate solutions for solving complex layout problems.
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3 Advanced WEC Control Technology
The core goal of research on wave energy conversion device control is to improve the energy capture

efficiency and operational stability of the device in complex marine environments. Although current research
has achieved certain results, the complex and ever-changing marine environment still brings many challenges
[25–27]. In this context, AI technology, with its powerful data processing, model optimization, and adaptive
capabilities, has brought new opportunities for the research of wave energy conversion device control.

Adaptive control, as an advanced control method, has shown great potential after deep integration
with AI technology [28–30]. It can flexibly adjust parameters with the help of AI algorithms based on real-
time system status and environmental changes, thereby significantly improving system performance and
environmental adaptability. At the same time, AI supported adaptive control systems also have automatic
learning capabilities and can continuously adapt to various changes. In the wave energy conversion system in
low-energy density sea areas, AI enabled adaptive control can analyze the wave parameters captured by the
wave energy capture device in real time, and adjust the parameters accurately through the adaptive controller
to adapt to different sea conditions [31–33]. The flowchart of AI-driven WEC control is shown in Fig. 2.
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Figure 2: Flowchart of AI-driven WEC control

In terms of research status, numerous institutions and scholars have conducted extensive research on the
control methods of wave energy conversion devices, among which AI technology has played an important
role, such as using neural networks, deep learning, etc., to implement control strategies. Reference [34] is
the first to apply deep reinforcement learning (DRL) to WEC control. In the constructed linear simulation
environment equipped with linear model predictive control, researchers collected data from various sea
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states to initialize the DRL agent. Specifically, in terms of the selection of DRL algorithm, the soft actor-critic
(SAC) was adopted to achieve real-time control of the wave energy converter. In terms of implementation
process, the controller is divided into an actor and a critic. The critic updates the action-value function
using collected environmental samples and feeds back the discounted reward to the actor. Based on this, the
actor selects actions to interact with the environment and improves the strategy. In terms of settings, two
deep neural networks are used to approximate the evaluation strategy to reduce bias. During training, the
minimum value of two soft Q functions is taken to accelerate convergence. Additionally, a target network is
introduced to smooth the noise impact, while leveraging the entropy parameter to balance exploration and
reward maximization, ultimately achieving efficient real-time control.

Work [35] focuses on model uncertainty and energy maximization issues, proposing a robust adaptive
optimal control strategy. To address model uncertainty, a new estimator is constructed, and the complex
control problem is transformed into an optimal control problem. Within the framework based on adaptive
dynamic programming, an artificial intelligence evaluation neural network with a multi-layer structure
is used to approximate the cost value. The researchers adopt an adaptive dynamic programming-based
approach to handle model uncertainty and design optimal control. In terms of implementation process, an
uncertainty estimator is first introduced, estimating the uncertainty concentrated in additive variables by
defining filter variables. Then, to cope with input and floating body motion constraints, the weights of the
cost function are adjusted. Simultaneously, to solve the finite-time optimal control problem, an evaluation
neural network with time-varying activation functions and fixed weights is introduced. In terms of settings,
filter variables are defined based on system state, waves, and control inputs. The improved cost function is
used to increase the control input amplitude and state adjustment flexibility. The time-varying activation
function evaluation neural network is employed to avoid incorporating future waves, enabling the control
algorithm to run online. This approach not only achieves rapid convergence but also enhances the feasibility
of real-time applications.

Research [36] focuses on enhancing the efficiency of different wave energy conversion devices under
various actual random wave conditions and proposes a novel and practical control strategy. A real-
time model predictive control method is developed, which integrates a long short-term memory (LSTM)
recurrent neural network wave prediction model, especially suitable for real-time control of wave energy
converters in irregular wave environments. LSTM is employed to address the non-causal issue between
wave force and wave height, enabling the prediction of wave excitation force. In terms of implementation
process, the network is constructed with wave height as the input and wave force as the output, utilizing
the unique memory block structure of LSTM to process temporal information. In terms of settings, the
memory block includes a constant error carousel (CEC) as well as input, output, and forget gates. CEC
implements time series feature memory, with each gate controlling information flow and bridging short-
term and long-term memory, while the state cell stores long-term memory. During training and testing, wave
excitation force information precedes wave height, allowing the network to reflect the relationship between
current and future wave forces. The research conclusion indicates that the model predictive control controller
implemented using the new LSTM algorithm can double the power absorption capacity of the wave energy
converter model under actual irregular wave conditions.

In summary, AI technology has played an important role in the research of wave energy
conversion device control, providing new ideas and methods for improving energy capture efficiency and
operational stability.
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4 Challenges
In this article, we will focus on two major challenges faced by wave energy planning and control: the

efficient control of WECs in dynamic environments, and the optimization dilemma of hybrid wind-solar-
wave energy generation systems. We will rank these challenges based on their urgency and link them to
specific case studies and indicators.

The first and most urgent obstacle in AI-empowered WEC dynamic control is the real-time computing
challenge. In complex marine environments, ocean waves exhibit a high degree of randomness, nonlinearity,
and complexity, with changing patterns that are difficult to accurately capture and predict. For AI control
systems, the real-time requirements are extremely high. The system needs to complete data collection,
processing, analysis, and decision-making within an extremely short time frame. For instance, in a real-
world WEC deployment off the coast of Scotland, researchers found that for effective real-time control, the
system had to respond to wave changes within a latency of less than 100 ms. However, the existing computing
resources and algorithm efficiency often fall short. Deep learning and reinforcement learning algorithms,
which are used to perceive real-time changes in ocean waves, require significant computational power for
training and execution. When dealing with large-scale and high-frequency wave data, if there are insufficient
computing resources or low algorithm efficiency, it will lead to delayed adjustment of control strategies.
This delay means the system cannot respond to changes in ocean waves in a timely manner, significantly
reducing the energy capture efficiency of WEC. A study showed that a delay of just 500 ms in control strategy
adjustment could lead to a 15% decrease in the power absorption capacity of a WEC model under certain
wave conditions.

The second obstacle, with medium urgency, is the issue of personalized control for diverse WEC
devices. The physical characteristics and operating mechanisms of WEC devices are complex and diverse,
and different types and scales of WEC have distinct requirements for control strategies. While AI technology
aims to implement universal control strategies, it struggles to fully consider the personalized needs of each
device. For example, in a large-scale wave energy power plant, there were various types of WECs, including
point-absorber and oscillating-water-column devices. The point-absorber devices required rapid and precise
control to match the high-frequency wave motions, while the oscillating-water-column devices needed more
stable and long-term control strategies to optimize energy conversion. The universal AI control approach
led to some devices being unable to fully utilize their performance advantages. Some point-absorber devices
experienced sub-optimal energy capture because the control strategy could not adapt to their specific
dynamic characteristics, resulting in a 10%–12% reduction in their overall energy output compared to what
could be achieved with a more personalized control approach.

In addition to the above challenges in WEC control, the AI optimization planning of wind-solar-wave
hybrid power generation systems also faces complex issues. The first major challenge here is the rational
allocation of energy resources, which is a complex optimization problem involving multiple objectives and
constraints. In a hybrid wind-solar-wave power generation system, it is necessary to consider the power
generation characteristics, output laws, and synergistic relationships between wind energy, solar energy, and
wave energy, while also taking into account factors such as power demand, grid access, and energy storage
configuration. For example, in a large-scale hybrid system planned for a remote island, AI technology was
used to optimize energy allocation. However, dealing with such a complex problem required a large amount
of computing resources and time. Even with advanced AI algorithms, it was difficult to guarantee finding the
global optimal solution. The system often got stuck in local optima, resulting in sub-optimal energy resource
allocation and a 8%–10% reduction in the overall energy utilization efficiency of the system.

The second challenge in hybrid system optimization is the uncertainty of market demand. The electricity
market demand is highly dynamic and uncertain due to factors such as the economy, society, and climate.
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Although AI technology has certain advantages in predicting market demand, there are still errors in the
predicted results. In a case study of a hybrid power generation system in California, inaccurate market
demand forecasting led to an over-allocation of energy resources to meet peak demand that did not
materialize as expected. This resulted in an increase in operating costs by 12% and a decrease in the economic
benefits of the system.

These challenges, both in WEC control and hybrid system optimization, are interrelated and mutually
influential, collectively constituting the key issues that urgently need to be addressed in the field of advanced
wave energy planning and control driven by artificial intelligence.

5 Perspectives
In response to the above challenges, this special issue focuses on “Advanced Wave Energy Planning and

Control Driven by Artificial Intelligence”, with topics including but not limited to:

• Expansion of complex wave scene data and model optimization: Future research should focus on
collecting more comprehensive and rich ocean wave data, covering various extreme and rare wave
conditions, to improve the training datasets for AI algorithms such as deep learning and reinforcement
learning. At the same time, developing a hybrid AI model that can adapt to different wave scenarios,
improving the algorithm’s ability to recognize and adapt to complex wave changes through online
learning and real-time update mechanisms, thereby enhancing the dynamic adjustment effect of control
strategies and energy capture efficiency.

• Personalized control strategy customization and universality integration: Conduct in-depth research on
the physical characteristics and operating mechanisms of different types and scales of WEC devices, and
establish a device characteristic database. Based on this database, AI technology is used to customize
personalized control strategies for each device, while exploring the integration method of universal
control strategies and personalized strategies to ensure the coordination and efficiency of the overall
control system while meeting the personalized needs of the devices.

• Real time computing resource optimization and algorithm efficiency improvement: Research efficient
distributed computing architecture and edge computing technology, sink some computing tasks to
offshore field devices, reduce data transmission delay, and improve the real-time response capability
of the system. At the same time, developing lightweight AI algorithms can reduce the computational
complexity of algorithms, improve the execution efficiency of algorithms, and ensure that AI control
systems can quickly complete data collection, processing, analysis, and decision-making in complex
marine environments.

• Innovation of multi-objective optimization algorithms and exploration of global optimal solutions: In
response to the complex optimization problem of rational allocation of energy resources, future research
should explore new multi-objective optimization algorithms, such as hybrid optimization algorithms
based on evolutionary algorithms and deep learning, to improve the performance of algorithms in
handling large-scale and high-dimensional optimization problems. At the same time, parallel computing
and cloud computing technologies are introduced to accelerate the optimization process and increase
the possibility of finding the global optimal solution.

• Improving the accuracy of market demand forecasting and adjusting dynamic programming: Combin-
ing multiple sources of data such as macroeconomic, social trends, and climate change, utilizing AI
technologies such as deep learning and time series analysis, to construct a more accurate electricity
market demand forecasting model. Establish a dynamic programming adjustment mechanism to timely
adjust the energy resource allocation plan of the wind solar hybrid power generation system based on
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real-time market demand forecasting results, ensuring the rational utilization of energy resources and
the economic benefits of the system.

• Multi stakeholder coordination mechanism and optimization of interest balance: Using theories and
methods such as game theory and multi-agent systems, this study investigates the coordination mecha-
nism of multiple stakeholders in the construction of wind solar hybrid power generation systems. Design
an AI based intelligent negotiation and decision support system that fully considers the interests and
goals of all parties, balances the interests of all parties through optimized algorithms, and improves the
feasibility of planning schemes and the efficiency of project implementation.
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