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Abstract: The unprecedented growth of renewable energy infrastructure poses both technical and humanistic
issues, especially about the reliability of the system, efficiency, and adaptability of the workforce. This literature
review investigates the role of artificial intelligence (AI) in optimizing renewable energy systems (RES) through
fault detection and predictive maintenance (PdM) from an industrial psychology perspective to understand human-
technology interactions. The research reflects current studies on AI-powered monitoring devices, anomaly detection
methods, and PdM models, and their usefulness in minimizing unexpected downtime, extending equipment life, and
optimizing overall equipment performance. At the same time, the review highlights how industrial-psychological
influences, including employee attitudes, cognitive preparation, and behavioral adaptation, can determine the
successful adoption and use of AI-enabled maintenance solutions. It has been shown that the benefits of AI
technologies, development of trust, and reduction of resistance to technological change are highly dependent on
workforce engagement, training, and participation in decision-making. The review also establishes the major
organizational, social, and economic consequences of incorporating AI into human-centric responses, indicating
that the best opportunities are expected to arise from matching technical advances with human behavioral concerns.
Lastly, existing research gaps are addressed, including empirical research on the long-term relationship between
humans and AI, cross-cultural workforce strategies, and scalable implementation plans for various renewable energy
infrastructure. Altogether, this review has demonstrated the prospective changes that can be made to the possibility
of stabilizing the renewable energy infrastructure through the combination of PdM, AI-based fault detection, and
industry-oriented psychological insights, providing a holistic framework to improve the stability, sustainability, and
human-machine interactions of the renewable energy infrastructure.
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1 Introduction
The last few years have seen a boom in the renewable energy industry like never before, as people take climate

change seriously and work toward a shared goal of reducing their dependence on fossil fuels [1]. However, the
intermittency of renewable energy sources, including solar and wind, poses operational challenges and requires
innovative solutions. The growing energy needs, combined with environmental issues, have initiated a worldwide
transformation toward renewable energy sources. Solar, wind, and hydropower are more environmentally friendly
options that will reduce reliance on nonrenewable fossil fuels and the environmental footprint of conventional energy
sources [2]. Renewable energy sources have become more accessible and cheaper, making their adoption a common
trend as renewable energy technologies continue to develop. Governmental and public research and development in
the renewable energy domain will lead to improved efficiency and ensure that future energy demand is met due to
low cost, ease of maintenance, durability, and infinite availability [3].

Renewable energy is beneficial not only for sustainability but also economically. It is advantageous to the
economy because it helps reduce electricity production costs by using natural, renewable energy sources. It may
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also be a by-product of income since users will be able to sell the electricity that they have generated to the power
grid [4]. Most power generation still relies on fossil fuels, even though the use of renewable energy sources is on the
rise, owing to the intermittency of renewable energy and the high upfront costs involved. For example, a photovoltaic
system will only work during the day, a wind turbine will only work when there is sufficient airflow, and a hydro
turbine will only work when there is sufficient water flow. The current paper discusses how artificial intelligence (AI)
applies to the renewable energy industry and its potential for predictive maintenance (PdM) and energy optimization.
According to Omerbegović and Omerbegović [5], the recent growth of renewable energy sources has spurred further
research into addressing their shortcomings. Modern technologies, AI, and machine learning (ML) in particular,
have significant potential to address the instability and uncertainty of renewable supply, which is a major concern,
given that their basic goal is to process uncertain data. The author looks at how ML can be used in many realms
of renewable energy systems (RES), including forecasting, where ML can be used to generate accurate models;
maximum power point tracking, which can get a steady and smooth control that is not easily affected by input noise;
and inverters, where ML can be applied to provide high-quality power with no fluctuation despite a choppy input.
Although ML offers numerous possibilities for addressing challenges in RES, its performance in solving a specific
system’s challenges will largely depend on several factors. The author analyses all these topics by systematically
exploring the merits and disadvantages of ML applications in hybrid RES.

The combination of ML and AI fully revolutionised the energy industry through the means of stabilising the
grid, forecasting demands, and increasing the generation of renewable energy sources. Handling vast amounts
of information related to energy requires data science, without which it is impossible to make accurate forecasts
and provide information-based decision-making. This study examines the role of ML, AI, and data science in
advancing renewable energy technology (RET). Among the research topics, it is possible to distinguish energy storage
optimisation, smart grids, and PdM [6]. Key research findings in the field are presented in a thorough literature
review, which also demonstrates how AI and ML are applied in predictive modelling and energy management. After
a thorough examination of the outcomes of AI-driven models, the study methods section describes the data-driven
strategies utilised to maximise energy use. The paper concludes with recommendations for future lines of inquiry,
policy implications, and how AI-enhanced energy systems can contribute to a more sustainable and resilient energy
future. AI and ML are crucial to the advancement of renewable energy, as they utilise data science to enhance
energy consumption, distribution, and generation [7]. ML models improve solar and wind power efficiency using
predictive analytics, which forecast energy output based on historical data, weather trends, and real-time inputs.
By reducing energy waste, integrating various renewable sources, and balancing supply and demand, AI-driven
algorithms enhance grid stability.

Although they have responded by accelerating the implementation, policy innovations such as feed-in tariffs and
renewable portfolio standards necessitate local adjustments to the policy. Many economic barriers remain and would
require innovative financing plans and investment rewards. The inclusion of the community and social acceptance
are noted as important factors of success, promoting the need to involve everyone in the decision-making processes.
The analysis of an introduction of the so-called the green energy as the source of ensuring the energy independence
of Ukraine is the primary concern of strategic response to economic difficulties, and as well the possibilities of
the renewable energy sources involvement into the national energy complex functioning and its influence on the
energy security and sustainable development of Ukraine are also discussed by Shulzhenko et al. [8]. The authors
involve modelling the economic influence of integrating renewable energy, assessing legislative initiatives through
comparative legal analysis, and a systematic review of the potential of renewable energy sources. To assess the
changes that will occur in the energy sector in the future, statistical analysis and forecasting methods also play a
significant role in enhancing the country’s energy balance by increasing the share of renewable energy sources and
reducing dependence on imported energy sources. Rushchitskaya et al. [9] highlights the opportunities of solar,
wind and bio-energy systems. They identify the potential of how the integration of renewable energy sources
could enhance urban infrastructure sustainability. They examine the current use of renewable energy in urban
environments, highlighting key parameters such as technological innovations and challenges. They consider best
practices and innovative concepts to incorporate renewable energy in the urban systems. These results suggest that
although renewable energy can play a significant role in the sustainability of cities, its implementation can only be
achieved by addressing challenges related to legal frameworks, societal alignment, and infrastructural issues. Kataray
et al. [10] state that Renewable energy, in addition to assisting in environmental protection, is the best solution to the
greenhouse gas emission problem, which is manifesting itself through increasing amounts. The tendency of electrical
grids is to use one-way systems where only a third of the energy in fuel is converted into electricity, and the waste
heat is not recovered. The development and efficient management of renewable energy sources are two advantages
of smart grids, which are regulated power networks. An in-depth analysis of the features of smart technologies,
energy storage systems, demand-side management, communication technologies, grid security, and privacy is also
provided. Important challenges with integrating renewable energy sources into smart grids are also highlighted. The
communication network and demand-side management, combined with the right algorithms, are found to be crucial
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for integrating the smart grid in the future.
Barman et al. [11] analyse the utility interest, smart charging strategies enabled by RE, four key components

of electric vehicle (EV) charging infrastructure, and related potential and difficulties are all examined. First, the
usage of renewable energy sources for EV charging is discussed, together with their universal adoption, benefits,
and drawbacks, as well as the leading countries. Second, they offered a thorough examination of energy storage
technologies, charging infrastructure, related power electronics, and smart grid connectivity to promote the use of
RE in EVs. Third, they looked closely at the many smart charging techniques employed by the industry employing
RE considering the most recent global trend in EV energy consumption. Finally, given the inherent difficulties
in achieving a sustainable transition, they examine the technological prospects and challenges related to resource
optimisation, grid integration, renovation, standardisation, maintenance, and network security. The research by
Ahmed et al. [12] explored the huge shift of the centralised to the decentralised energy systems over the last few
years. These systems are expected to address the local energy needs by tapping the locally available renewable
resources. This strategy helps in accelerating the process of transition to zero carbon emissions, reducing complexity
and costs, enhancing efficiency, local resilience, and energy independence. Community energy is a critical component
and is supported by the involvement of citizens in the generation of electricity using renewable sources all over the
world but more so in the European countries. Even the European Union with its social focus on innovation and citizen
engagement recognizes the importance of energy communities in its latest energy plan. The concept of integrating
local energy communities or local-based energy initiatives has attracted the attention of the entire world because of
the benefits that the utilization of renewable energy sources brings to the economy, the environment, and efficiency.

In a bid to expound on the role of renewable energy as an ingredient to the actualization of Sustainable
Development Goals (SDGs), Adanma and Ogunbiyi [13] review the impact of the application of renewable energy
in the economy and the surroundings of different places across the world. A shift towards renewable energy sources
is a way to address the drastic reduction in pollution and greenhouse effects, as well as play a major role in the
market, which would also generate additional jobs and stabilize the energy prices. In addition to the role played by
technological innovations in eradicating the current barriers to adoption, the analysis points to the importance of
global treaties and governmental regulations in ensuring global transition to renewable energy. Majeed et al. [14]
suggest using renewable energy as an alternative source of energy as a way of effectively controlling agricultural
energy. It talks of the possible advantages, hurdles, and prospects of incorporating RET in farmlands. They can
contribute by doing a detailed examination of the alternative source of energy and the way it can be properly harnessed
in the management of energy. They give considerate information to the researchers and other stakeholders in the
agricultural sector who wish to transform the industry into production of renewable energy sources, indicating both
advantages and threats of any action. Agreeing on alternative types of energy in agricultural energy management
can assist in reaching the decrease in greenhouse gas emissions, enhance energy efficiency, and food sustainability.
There should be removal of policy, economic and technical barriers and incentives to share information and thereby
increasing the ability of farmers and stakeholders to conduct efficiently should guarantee successful implementation.
Bathaei and Štreimikienė [15] observe that sustainable agriculture needs energy to work; this energy may be supplied
using Renewable energy and will reduce the damage to the environment posed by agriculture. It helps generation
of energy by using agricultural waste and lowers the consumption of fossil fuels. The indicators on renewable
energy should be ecological to ensure the sustainability of agriculture production systems. These measures include
the aspects of economy, society, environment, institutions and technology. This research makes areas of priority
informed by frequent updating indicators, and it allows sustainable agriculture as well as making strategic decisions.

In contrast to previous reviews, which mainly focus on the algorithms, applications and technical performance
of AI-based PdM in RES, this systematic review takes a wider area into industrial psychological perspective by
incorporating technological, human and organizational aspects. This study combines evidence from multiple sources
to examine the influence of factors such as employee trust in AI, collaboration between humans and AI, technology
acceptance, workforce competence, cognitive workload, safety culture, leadership support, organizational readiness,
employee training and resistance to technological change on the implementation and effectiveness of AI for PdM
and fault detection. Therefore, the novelty of this study is not only on a technology-based review but also, the
study develops a framework for a human-centred socio-technical approach to optimizing the utilization of renewable
energy infrastructure via AI-driving PdM with fault detection for sustainably operations. Therefore, the study has
the following objectives are:

(i) Systematically carry out review of the use of AI-based PdM and fault detection solutions for optimizing
renewable energy infrastructure with particular focus on their success in enhancing system reliability, operational
efficiency, and maintenance decision making.

(ii) Explore industrial psychological issues that affect the adoption and implementation of AI systems for PdM
in renewable energy companies, such as trust in AI, human-AI teamwork, employees’ competence, organizations’
readiness to change, and resistance to technological change.

(iii) Understand the research trends, research gaps, and future research directions in integrating AI technologies
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and industrial psychology in sustainable renewable energy infrastructure management and organizational performance.

1.1 Problem Statement of the Literature Review Study
The shift to renewable energy around the world is gaining momentum as more people become aware of the risks

of climate change, energy security and the need to attain SDGs. Wind, solar, hydropower and smart grid are some
of the RES that are now integral parts of modern energy infrastructure [16]. But they are sensitive to unforeseen
equipment malfunction, part deterioration and extreme operating conditions, leading to higher maintenance expenses,
lower energy production and lower efficiency and system downtime. Therefore, the assurance of the reliability and
optimum performance of the renewable energy infrastructure has emerged as a critical issue for research and practice.
AI-based PdM and fault detection technologies have proven to be useful tools for enhancing the performance of
RES. These technologies can utilize ML, deep learning, Internet of Things (IoT) devices, and complex data analysis,
allowing for real-time monitoring of machine condition and early detection of faults, along with PdM planning. While
many studies have already highlighted the technical advantages of AI over improving system reliability, lowering
maintenance expenses, and increasing equipment lifespan, the current literature focuses more on technological
solutions and disregards human and organizational aspects that impact the successful implementation of AI.

Many psychological dimensions of the industrial environment are crucial to the success of AI-powered maintenance
systems, including trust in AI, human-AI interaction, AI technology acceptance, employee competence, organizational
preparedness, managers’ support, and opposition to technology change. Yet, these factors are dispersed throughout
engineering, management and psychological literature with no work to date that brings together both technological
and behavioral aspects in one synthesis [17]. However, this knowledge gap impedes human-centric AI strategy
development of renewable energy infrastructure management. Thus, the purpose of the present systematic literature
review (SLR) is to draw out the existing scientific evidence on PdM and fault detection using AI from the perspective
of an industrial psychologist, to reveal existing research gaps, and to suggest a unified framework for future research,
industrial practice, and sustainable development of renewable energy infrastructures.

1.2 Conceptual Framework for the Study
The present invention is presented as an integrated conceptual framework for optimizing renewable energy

infrastructure by implementing an integrated solution of AI-driven PdM and fault detection from an industrial
psychological perspective as shown in Figure 1.

Figure 1. The conceptual framework for the optimization of renewable energy infrastructure for AI-driven
predictive maintenance and fault detection, and its psychological perspectives

Note: UN = United Nations; SDGs = Sustainable Development Goals.
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The framework starts by examining external environmental drivers—such as Industry 4.0, renewable energy
transition and net-zero policies—that encourage the use of AI. PdM can be achieved using AI-driven technologies
like digital twins and edge computing, which allow for real-time monitoring, anomaly detection, fault diagnosis, and
failure prediction. These processes are enhanced by organizational factors (e.g., leadership, innovation, resources) and
industrial psychological factors (e.g., trust, skills and safety) [15]. These interactions help to maximize infrastructure
efficiency, minimize downtime and maintenance expenses, increase asset life, increase productivity and contribute
to sustainability objectives, carbon reduction and the fulfilment of the United Nations SDGs.

2 Methodology
The methodology for this systematic review study cut across the research design, search strategy, inclusion, and

exclusion criteria.
(i) Research Design and Approach: The present research has chosen a SLR that is developed according to the

Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) framework to achieve transparency,
replicability, and rigor. To optimize the renewable energy infrastructure by utilizing the PdM and fault detection
through AI: An Industrial Psychological Approach. PRISMA offers a systematic method that entails identification,
screening, eligibility and inclusion of the studies.

(ii) Search Strategy and Information Sources: The search is performed in the key academic databases: Scopus,
Web of Science, IEEE Xplore, ScienceDirect. Search strings are formulated in the form of Boolean operators: “AI-
driven PdM” OR “ML maintenance” AND (renewable energy or smart grid or wind or solar) and (fault detection or
anomaly detection) and (human factors or industrial psychology or human interaction). This ensures the combination
of technical and psychological aspects.

(iii) Inclusion and Exclusion Criteria: Table 1 presents the study ways of analyzing articles from existing
knowledge.

Table 1. Criteria for the inclusion of articles and exclusion of articles

Inclusion Criteria Exclusion Criteria

Peer-reviewed journal articles from reputable outlet. Non-English publications

Published between 2010–2026 Conference abstracts without full papers

Focus on AI, predictive maintenance (PdM), or fault
detection

Studies unrelated to energy infrastructure

Studies addressing renewable energy systems (RES) Purely theoretical AI papers without application context

Papers including human, organizational, or behavioral
aspects

Papers of organization that does not involve in the AI, PdM,
or fault detection

(iv) The PRISMA and Quality Assessment Selection of the Study Process
This research has the following four main steps in the PRISMA process shown in Figure 2: identification,

screening, eligibility, and inclusion. Identification involves retrieving articles through database searches from
Scopus, Web of Science, and Google Scholar. Screening involves removing duplicates and screening titles and
abstracts. Eligibility involves full-text evaluation based on the criteria. Inclusion includes the final studies that relate
to the topic, with filtering organized to retain only high-quality studies. The PRISMA flow in Figure 2 shows how
the studies were identified, screened, assessed and selected for this review. In the first stage, a total of 520 records
were found from Scopus, IEEE and Web of Science. 460 studies were left after the removal of 60 duplicate records.
During the title and abstract screening 227 publication were excluded because they address ineligible topics and
were not published with English. Leaving 233 articles which were further subject to full-text assessment. At the
eligibility stage 153 publications were excluded because they did not relate to the human factor or were theoretical
studies that did not have an empirical application. This resulted in 80 studies being included in the systematic review.

The quality assessment criteria used to evaluate each of the studies include methodological rigor, data reliability,
AI model transparency, and focus on human/organizational factors. This is necessary since PdM research is usually
challenged by the quality of data and complexity of systems. Also, the integration of the industrial psychological
perspective is one of the unique contributions of this SLR, with an emphasis on human trust in AI systems, cognitive
workload in decision-making, organizational readiness and training, and human–AI collaboration in maintenance
environments. This is in line with the new studies that place human factors in predictive systems powered by AI.
Therefore, the ethical considerations are citation of all sources, no bias in study selection and disclosure of limitations.
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Figure 2. The Preferred Reporting Items for Systematic Reviews and Meta-Analyses flow diagram optimising
renewable energy infrastructure through AI-driven predictive maintenance and fault detection

3 Results Analysis From the Literature of Related Study
3.1 Evolution of AI in Renewable Energy

Only renewable energy sources, such as biomass (in the form of wood) for cooking, heating, and lighting, wind
energy for navigation and mill power, and hydropower for mill power, were available before the introduction of fossil
fuels. According to Qin et al. [18], investigating the vital role of AI in the energy industry is key to advancing the
growth of renewable energy. To determine the relationship between China’s artificial intelligence index (AII) and
the renewable energy indicator (REI), the study employs both full and subsample approaches. It is evident from
the quantitative debates that AII has both good and negative effects on REI, with the former suggesting that AII
encourages the development of renewable energy. However, if AII has a negative impact on REI—primarily due to
less expensive non-renewable energy—this incentive role cannot be established in the long run. Conversely, during
the COVID-19 pandemic, REI had a positive impact on AII, demonstrating how the decline in financial markets and
renewable energy brought on by the pandemic hindered China’s advancement in AI.

Lyu et al. [19] explored the development of renewable energy that has attracted the interest of numerous
academics, stakeholders, and government over the past years. Nevertheless, the possible role of AI in advancing
renewable energy has not been identified by the previous literature. To start with, the main conclusion, that AI is
an important factor in the enhanced development of renewable energy, is backed up by two robust tests, where the
independent and dependent variables are varied. Second, the connection of AI with the creation of renewable energy
is closer in the countries where the development of renewable energy is less. AI, as a process in the development of
renewable energy, deals with innovation and technological development. Fourth, climate funding directly contributes
to the growth of renewable energy, and it also serves to regulate the relationship between the evolution of renewable
energy and AI. The integration of AI has become one of the primary forces towards the enhancement of production,
minimization of costs, and the resolution of difficult issues in the innovative and progressive field of sustainable and
renewable energy. Nonetheless, none of the sources can cover all the developments covered in recent years, their
experimental applications, and the barriers that accompany them [20]. As Fan et al. [21] highlighted, AI has already
been found to be a helpful resource in the renewable energy sector to enhance the detection of problems, management
of energy, and stability of the power grid. Also, they have demonstrated potential in improving prediction analysis
of waste management and photovoltaic power plants. In environmental health it can be used to improve exposure
modelling and disease prediction and simplify the analysis of complex spatial data. However, the difficulties with
the explainability and transparency of AI models, scalability and high dimensionality of data, compatibility with the
next-generation wireless networks, and ethics and privacy should be resolved. Future research should be aimed at
making AI models explainable and transparent, creating scalable paradigms to support large data volumes, exploring
the collaboration between AI and next-generation wireless networks, and ethical and privacy issues. The AI models
also need to be made more energy-efficient and the sustainability of such systems should be enforced long-term.

Hamdan et al. [22] provided a critical examination of large amounts of sensor and prior performance information
being processed by AI to define the trends that can signify problems. Other than reducing the times of non-
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availability, such a proactive idea increases the lifespan of the renewable power infrastructure, which factor makes
the cost significantly lower and more dependable. Along with this, AI should be utilized to streamline the utilization
of renewable sources of energy. The changing environment can be adjusted to with the help of AI systems, which can
screen in real-time and analyze data with the help of advanced analytics to predict the patterns of energy production
and resource allocation with minimal resources utilization. By doing so, renewable sources of energy can guarantee
that they produce the maximum amount of energy and hence can compete with the conventional sources of energy.
The article authored by Kumar and Swathika [23] provides a review of AI applications in the renewable energy
sector, explaining how electrical engineering has been revolutionized using AI. Their analysis shows how AI and
RETs affect the generation, transmission, and use of energy. The subsection tells what AI may add to designing
smart utilities and buildings, and how AI, together with renewable energy, may cooperate to create smarter and
more efficient energy systems. These models can be constantly improved by training on previous data from different
projects on renewable energy and can adapt to new input data. The most significant findings suggest that Lifecycle
assessment (LCA) models driven by AI can enhance the accuracy and comprehensiveness of environmental impact
evaluations.

According to Manuel et al. [24], AI technologies and ML and predictive analytics are capable of greatly improving
distribution and overall efficiency of a RES due to their role in contributing to optimal energy production, enhancing
system performance and fostering faster and safer processes. AI PdM utilizes renewable energy assets, such as wind
turbines and solar panels, to predict and preempt equipment issues by analyzing vast quantities of data generated
by them. This proactive strategy will guarantee the efficient and consistent production of energy because of the
minimization of maintenance expenditures and unavailability. An AI system also predicts the energy output and
demand, which optimizes distribution and storage of energy correctly. This optimisation would decrease the use of
non-renewable energy supply because it would make the grid more stable and balance the supply and demand of
electricity products better. The past couple of years have seen an increasing intensity and scope of deployment of AI
and ML solutions in the RES.

Identifying and applying the most efficient approaches to the continuation of the study may be challenging
because ML and AI have numerous applications. To determine the solution to this problem, this study analyzes some
of the most popular and renowned AI solutions to renewable energy. The description of particle swarm optimization
(PSO), recurrent neural networks (RNNs), and convolutional neural networks (CNNs), artificial neural networks
(ANN), Long Short-Term Memory (LSTM), genetic algorithm (GA) and over ten most popular through the day RES
modelling and optimization algorithms can be found in the given paper [25]. Figure 3 summarizes the different
functions that AI would be able to fulfill in improving the effectiveness of Renewable energy [26].

Figure 3. Schematic design of the role of AI in enhancing the proficiency of renewable energy, based on Ref. [26]

Figure 3 shows the main application and advantage of AI in RET. The core is the central role of AI in improving,
managing, and optimizing today’s green energy systems in 6 major fields:

(i) PdM: AI models process real-time operational data to predict equipment wear and potential failures before
they happen, reducing downtime and repair cost.

(ii) Cost Reduction: Automated monitoring and smart optimization lower the energy operational cost and
inefficiencies throughout energy assets.
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(iii) Optimal Resource Allocation: ML models estimate power generation (such as solar irradiation or wind
speed) and match power generation-in-demand to allocate resources optimally.

(iv) Energy Storage Optimization: smart control systems optimize battery and storage capacity charging and
discharging to maximize utilization and lifespan.

(v) Advance Control System: AI for real-time dynamic control of complex power generation equipment to always
optimize performance. vi. Grid Integration and Stability: Intelligent Forecasting provides control of the intermittent
renewable inputs to ensure grid stability and prevent frequency and voltage variations [26].

3.2 AI-Driven Fault Detection in Renewable Energy Systems
Pradeep et al. [27] states that to enhance operating efficiency and grid resilience, new methodologies for problem

detection and PdM are necessary, as electrical power systems are becoming increasingly complex. Traditional
maintenance methods, such as reactive maintenance and preventive maintenance, have proven insufficient to reduce
unplanned outages and optimize the utilization of assets. Recent advances in AI involve data-driven solutions that
significantly enhance automated recovery processes, failure prediction, and fault classification [28]. The advantages
of using AI-based defect finding over traditional methods are demonstrated through case studies and simulations.
Such advantages include a major improvement in terms of functional eliciting ability, delicacy, and reaction time.
Investigated why, because of high-dimensional data, measuring noise, and slow fault diagnosis processes, the
expansion of modern power systems, RES, and decentralized power systems is problematic to the traditional fault
detection methods because of their difficulty in fault detection techniques [29]. It suggests the deep learning of
failure identification in the smart grid using image-detected Phasor Measurement Units (PMUs). The proposed
approach facilitates effective fault classification by transmitting PMU data into images and utilizing complex deep
learning models, including VGG16 and CNNs. In fault classification, the experimental findings show that VGG-16
had an accuracy of 98.75%, whereas CNNs had an accuracy of 94.44%. According to Somanna et al. [30] among
the flaws that the model will identify within power system faults without error selectivity, there are short circuits,
line-to-line faults, and three-phase faults, as well as others. Such errors may lead to equipment breakdown, power
failure, and safety risks. In simulation, the system effectively utilizes significant parameters, such as voltage drops,
current surges, and power quality oscillations, by simulating the fault state in Simulink. The model is parameterized
to simulate realistic power systems by including typical components of a power system, such as transformers, circuit
breakers, fault blocks, and a three-phase source. Fault response and proper fault detection become feasible using
monitoring techniques that measure system behavior during faults. The proposed system features an effective
problem identification process, timely protection strategies, and the most suitable recovery system methods.

According to Joshua et al. [31], the main industries that fully depend on renewable energy must have adequate
supply of solar power that would maintain their operations effectively. However, in cases where weather conditions,
equipment wear and tears and inefficiencies in the system cause changes in the quantity of solar energy produced, a
consistent supply of power would be difficult. The fluctuating energy production has rendered an alloy manufacturing
firm to achieve its expectations in production which explains why an elaborate anomaly detection and performance
optimization system is required. The deficiencies of the solar infrastructure are unknown and might cause waste of
energy, reduced productivity, and disruption of operations, which may adversely affect the production of the industry
at a greater scale. To improve the reliability and strength of solar electricity, he suggests a framework-based anomaly
detection that is powered by AI. The study, conducted by Hosseinzadeh et al. [32], provides an AI-powered model
that detects faults in solar panels on the solar-hydrogen system implemented at the Samcheok Campus of Kangwon
National University.

Ensuring the optimal performance and reliability of RES in universities and other educational institutions is
becoming increasingly important. They suggest using automatic deep learning architecture, specifically a ResNet-50
model, to identify defects in solar panels. The data from the solar-hydrogen system at the campus was pre-processed
to optimize the ResNet-50 model for correctly classifying faults. The works by Bello et al. [33] the paper enables
educational institutions to adopt sustainable energy management and lays the groundwork for future studies on
implementing AI-powered defect diagnostic mechanisms in RES. As indicated in Figure 4, the understudy smart
grid comprises a 100-kW solar power plant, a 5-kW energy storage system, a 20-kW fuel cell system, a linear load
of 800 kW, ±200 kvar, and a nonlinear load and power system. The nonlinear load power ranges from 100 to 500
kW, and the power factor varies. With this smart grid, it is possible to represent all the required faults and provide
the necessary data to develop a comprehensive fault detection system [34].

3.3 Predictive Maintenance Using AI for Optimized Performance
Yousef et al. [35] address the current state of AI in the renewable energy sector and its impact on energy

optimization and PdM across various energy sources, including solar, wind, and hydro. By examining the common
AI techniques employed in the field under consideration, they describe how AI can help ensure that RES remain
sustainable and efficient. The fields of infrastructure maintenance, energy generation optimization, and renewable
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source integration within the grid are also being revolutionized by AI [36]. It’s optimized, predictive, and advanced
analytics that will help the world reach its renewable energy goals. The sustainable future will become increasingly
cleaner as AI technology continues to disrupt the renewable energy industry. Because of what AI makes possible,
we can move faster toward a clean energy world and leave behind a habitable planet for our children to inherit.

Figure 4. Detection and categorization of faults in smart grids by an augmented K-NN algorithm
Note: DC = direct current; PV = photovoltaic; K-NN = k-nearest neighbors.

AI is needed to optimize the energy produced by renewable energy sources. Due to advanced data analytics and
real-time results observation, AI mechanisms can dynamically adjust to changes in environmental conditions while
predicting the trends in energy production and allocating resources as efficiently as possible [37]. The AI-PdM
comprises six major components, which are as follows: data pre-treatment, AI technique, decision-making modules,
integration and communication modules, user interface, and reports. These can be explained as shown in Figure 5.

Figure 5. Key components of an AI-based predictive maintenance system, adapted from [37]

3.4 Descriptive Analysis of the Systematical Review Study
Table 2 shows the summary of the most recent findings in the field of PdM and AI-based fault detection across

various industries. It describes various models and methods, including ML, deep learning, LSTM, GAs, digital
twins, and Industrial Internet of Things platforms, which are applicable in diverse Industry 4.0 applications, power
networks, maritime systems, facilities management, and industrial automation. Overall, the articles have revealed
that PdM implemented by AI can be used to augment the quality of fault detection, reduce downtime, streamline
maintenance processes, and enhance productivity and cost efficiency [38]. Table 2 also shows that there is a growing
interest in new trends, such as edge computing, digital transformation, and human-technology integration, which
provide strategic importance of AI in contemporary maintenance systems.

The comparison in Table 3 shows that there is no one size that fits all solutions for renewable energy PdM using
AI. Structured datasets like classification or maintenance benefit from conventional ML methods like SVM and
Random Forest, while deep learning methods like CNN and LSTM work well with complex spatial and temporal
patterns. In unsupervised anomaly detection, when data on failures are unavailable, autoencoders offer opportunities,
and in adaptive scheduling, reinforcement learning can assist with scheduling decisions.

However, the hybridization of AI and digital-twin approaches brings with it increased levels of integration
and optimization, while also creating further computational, interoperability, explainability and implementation
challenges. Importantly, these methods must be carefully selected and successfully implemented, considering
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predictive accuracy, but also interpretability, employee trust, employee competency, cognitive workload and
organizational readiness. This humanistic approach is very important in the industrial psychological dimension
of the present study.

Table 2. Summary analysis of PdM using AI for optimized performance

Author(s) Model/Method Application Area Key Findings

Keleko et
al. [39]

The bibliometric analysis
tools used are VOSviewer

and Power BI
Industry 4.0 (I4.0)

AI-driven PdM4.0 contributes to improved
productivity through enhanced availability, quality,
cost reduction, early fault detection, and reduced

downtime.

Gadde [40] AI techniques applied: ML
algorithms; Data analytics

Relational database
systems

Introduces a novel application of AI in PdM for
relational databases.

Bidollahkhani
and

Kunkel [41]

Survey/review paper ML;
neural networks

Computing continuum
systems (encompassing

cloud, edge, and fog
computing)

The survey identifies advancements,
methodologies, and challenges in AI-driven PdM.
AI, especially ML and neural networks, improves

failure prediction accuracy and maintenance
scheduling in complex distributed environments.

Kim and
Choi [42] LSTM; GA

PdM for machinery or
industrial equipment,

focusing on: prognostics;
health monitoring;

model-driven
decision-making

The LSTM-based PdM model is enhanced by
reducing irrelevant features and optimizing model

structure. The GA effectively tunes LSTM
hyperparameters, improving the model’s prediction

accuracy and efficiency.

Simion et
al. [43] AI and ML Maritime industry/naval

systems

Effectiveness of AI/ML in Maritime Maintenance:
AI and ML techniques can accurately diagnose

faults, predict failures, and optimize maintenance
schedules.

Babu et
al. [44]

Advanced ML algorithms.
Edge computing integration.

Digital twin technology

Electrical equipment and
power networks

Edge computing and digital twins enable real-time
diagnostics and forecasting. Emphasis on emerging
trends, including digital transformation, AI ethics,
and tighter integration with Industry 4.0 strategies.

Raj et al. [45]

A comprehensive range of
AI, ML, and deep learning
models, including CNN,

RNN, LSTM, fuzzy logic,
and SVM, as well as

blockchain and edge AI
technologies.

IT energy efficiency,
green AI, environmental

sustainability, smart
Grids, healthcare,

fashion, and digital lean
manufacturing

AI is a transformative force that significantly
enhances energy demand forecasting, optimizes
resource allocation, and improves fault detection
(e.g., Identifying photovoltaic panel faults with
>98% accuracy). The integration of edge AI and
IoT facilitates real-time, remote diagnostics and

reduces operational and maintenance costs.

Koumoulos
et al. [46]

IoT-based frameworks
utilizing microcontroller

platforms (ESP32,
NodeMCU) and

single-board computers
(Raspberry Pi) integrated

with optimization
algorithms (PSO, WOA-SA)
and neural models (ANN,

LSTM, CNN-LSTM).

Off-grid solar systems
and autonomous

microgrids, including
agrivoltaics applications

IoT-based architecture significantly improves
energy efficiency and enables PdM. Hybrid
edge-cloud intelligence effectively balances

computational complexity with power constraints.
Digital Twin implementations achieved a 22% yield

gain in agrivoltaic systems.

Sarker [47]

A hybrid framework
integrating quantum

computing algorithms (e.g.,
QAOA) with deep

reinforcement learning (e.g.,
DDPG, PPO) and
IoT-enabled data

acquisition.

Real-time optimization
and power quality

management in renewable
energy-driven smart grids

Synergizing quantum parallel processing with AI
diagnostics enables rapid solutions to complex grid
problems. The framework reduced voltage sag by

up to 39%, enhanced active power transfer by
approximately 38.77%, and improved overall grid
resilience and cybersecurity through quantum-safe

encryption.

Note: PdM = predictive maintenance; ML = machine learning; LSTM = Long Short-Term Memory; GA = genetic algorithm; PSO = particle
swarm optimization; WOA-SA = Whale Optimization Algorithm Simulated Annealing; CNN = convolutional neural network; RNN = recurrent

neural network; SVM = support vector machine; ANN = artificial neural network; DDPG = Deep Deterministic Policy Gradient; PPO =
Proximal Policy Optimization.
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Table 3. Comparison of AI methods for predictive maintenance and fault detection in renewable energy
infrastructure

AI Method Typical Applications Key Strengths Major Limitations

Machine learning Fault classification, condition
monitoring, failure prediction

Effective for structured datasets;
relatively simple implementation

Performance depends
strongly on feature

engineering and data
quality

Support vector
machine

Fault classification and
anomaly detection

Effective with small and
high-dimensional datasets

Computationally
demanding for large
datasets; sensitive to
parameter selection

Random forest Fault diagnosis, component
failure prediction

Robust, interpretable, and resistant
to overfitting

Less effective for highly
complex temporal patterns

Artificial neural
networks

Wind and solar power
prediction, fault detection Captures nonlinear relationships

Requires substantial
training data; limited

interpretability

Deep learning
Complex fault diagnosis,
image-based inspection,

anomaly detection

Automatically learns complex
features and nonlinear patterns

High computational
requirements and limited

explainability

Convolutional
neural networks

Solar panel image inspection,
visual fault detection

Highly effective for image and
spatial-pattern recognition

Requires large, labelled
datasets and computational

resources

Long short-term
memory

Time-series prediction,
degradation and failure

prediction

Effective in modelling temporal
dependencies

Training can be
computationally intensive;

requires substantial
historical data

Autoencoders Unsupervised anomaly and
fault detection

Useful when labelled fault data are
limited

Reconstruction-based
results may be difficult to

interpret

Reinforcement
learning

Maintenance scheduling and
operational optimization

Enables adaptive decision-making
and optimization

Requires carefully designed
reward functions and

extensive training

Hybrid AI models
Integrated prediction, fault
diagnosis and maintenance

optimization

Combines complementary
strengths of multiple algorithms

Greater complexity,
computational

requirements, and
validation challenges

Digital twin + AI
Real-time monitoring,

predictive maintenance and
asset-life prediction

Enables continuous
virtual-physical system interaction

High implementation cost,
data integration challenges,
and interoperability issues

4 Discussion of the Industrial Psychological Perspective
The research areas of Industrial and Organisation (I/O) Psychology offer a holistic analytical standard of how

the AI PdM, and the fault detection can affect the behavioral aspects of humans, organizational process, and overall
process performance in the context of renewable energy infrastructure [48]. Even though AI technology enhances
technical reliability due to the ability to detect in the early stages the faults that occur and make decisions related to
information based on maintenance, to the level of the implementation, is highly dependent on the interaction human-
technology, workers attitude, and preparedness of the organization [49]. I/O Psychology shows that both theoretical
and empirical analysis are considered for non-technical areas, so that AI-based systems of maintenance could be not
only competent in terms of technology, but also psychologically likeminded and operational efficient [50]. Therefore,
at a personal level, I/O psychology deals with the problem of the operators trust in the recommended AI, cognitive
workload, awareness that are situational, the uncertainty under the decision-making. Even the maintenance predictive
model may demand the operators or specialists comprehend the generative AI warning and projections, which makes
the human parameters a key element of the reliability system [51].

Over-automation or veiled algorithms can be transformed into overreliance, non-utilization or resistance, and
thus diminish the efficiency of the system. I/O psychology assists in evaluating such risks and informs human-
centred AI interfaces, which foster instead of displacing human skills. The organizational level of I/O psychology
analyzes the impact of leadership support, training practices, safety culture, and change management practices on the
implementation of AI-based maintenance strategies [52]. Reactive to PdM transition is an important organizational
change that changes employment functions, competencies, and responsibility frameworks. Using the principles of
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I/O psychology, organizations will be able to more effectively deal with the adaptation of their employees, improve
their skills, and learn to accept AI technologies. Overall, the placement of I/O psychology as the analytical prism
allows viewing of the PdM and AI-based fault detection in their entirety by considering the elements of technical
performance, human, and organizational factors to optimize the renewable energy infrastructure sustainably [53].

Figure 6 illustrates a conceptual framework linking AI systems, human factors, and organizational outcomes in
the context of fault detection and PdM for renewable energy infrastructure.

(i) AI Systems (Top Layer): This layer encompasses technological enablers such as AI-powered fault detection,
AI-enabled PdM, and AI-enabled real-time monitoring & analytics. These systems function as inputs, providing
data and alerts, as well as PdM insights to aid in maintenance operations [54].

(ii) Human Factors (Middle Layer): This layer considers the human component in the interface with AI systems,
and addresses three concerns:

• Human–AI Interaction & Trust: The degree of trust, and belief of the operators in AI, and the AI
recommendation [55].

• Cognitive Workload & Decision-Making: The degree to which AI influences cognitive load, situation awareness,
and the quality of operational decisions.

• Employee Attitudes & Skills: The degree of workforce preparedness, the level of employee capability, and the
degree of employee willingness to work with AI.

• This layer serves as an intermediary, demonstrating that the operationalization of AI systems is dependent on
human input and engagement [56].

(iii) Organizational Outcomes (Bottom Layer): This layer captures the effect of AI-human integration on the
organizational performance, which includes

• Operational Efficiency: The extent of maintenance downtime and schedule optimization.
• Safety & Risk Reduction: The extent to which accidents or equipment failures are avoided.
• Employee Well-Being & Engagement: The extent to which job satisfaction increases and work-related stress

decreases [57].
• Organizational Change & Culture: The extent of leadership sponsorship, AI practice adoption, and the change

in culture towards innovations.

Figure 6. Conceptual framework linking AI-driven fault detection and predictive maintenance, human factors, and
organizational outcomes

Figure 6 demonstrates a top-down approach where “At the top, AI systems give the most insight, and at the bottom,
human factors help the most ensure effective use and trust, leading to organizational success in optimizing applications
in renewable energy infrastructure.” This approach highlights the importance of human-technology collaboration in
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optimizing AI-powered maintenance systems to gain maximum benefits from the maintenance systems in optimizing
renewable energy infrastructure [58]. In relation to fault detection and PdM, Table 4 offers a comprehensive synthesis
of the existing literature concerning the AI-driven systems, human factors, and organizational outcomes triad focused
on optimizing renewable energy infrastructure. Table 4 is structured to guide the reader to the most relevant literature
and applicable insights regarding the use of AI technology in an industrial context.

Table 4. Industrial psychological dimensions of AI-driven fault detection and PdM in optimizing renewable energy
infrastructure

Theme Author(s) & Year Study
Focus/Findings Key Insights

Relevance to
AI-Driven Fault

Detection & PdM

Human-AI
interaction and trust

Doh et al. [59]

Examined trust
calibration in

automated systems;
overreliance and

under-reliance can
reduce performance.

Trust management
strategies are critical

to optimize
human-AI

collaboration.

Ensures operators
trust AI fault alerts

and predictive
recommendations,

avoiding
over/under-reaction.

Ahangar et al. [60]

Studied AI decision
support in

manufacturing; trust
influenced by system

transparency and
reliability.

Transparent AI
explanations improve
user confidence and

operational
adherence.

Supports clarity of
AI-generated

maintenance alerts
for accurate human
decision-making.

Amaliah et al. [61]
Explored the effect of
AI errors on operator
trust in PdM systems.

Error communication
and feedback loops
maintain operator

trust.

Reduces downtime
caused by mistrust in
AI predictions and

improves adoption of
AI maintenance tools.

Cognitive workload
and decision-making

Lyu et al. [19]

Reviewed workload
in automated systems;
high automation can
reduce situational

awareness.

Balancing automation
with human

monitoring enhances
decision-making.

Helps design PdM
dashboards that

prevent operators
from overloading and

errors.

Hauptman et al. [62]

Examined adaptive
automation and

operator cognitive
load.

Adaptive AI
interfaces reduce

cognitive strain while
supporting complex

tasks.

Optimizes human
oversight of fault

detection processes,
improving response

accuracy.

Morić et al. [63]

Investigated AI
support in energy

management;
measured decision

accuracy under
workload conditions.

Well-designed AI
dashboards reduce
cognitive load and
improve accuracy.

Enhance operators’
ability to interpret

AI-driven PdM alerts
efficiently.

Employee attitudes,
skills, and acceptance

Venkatesh et al. [64]

The Technology
Acceptance Model

applied to AI tools in
industrial settings.

Training and
perceived usefulness
are key predictors of

AI adoption.

Guides workforce
training programs to
improve the adoption
of AI fault detection

systems.

Abrar et al. [65]

Studied industrial
workforce readiness

for AI-driven
maintenance.

Skills development
enhances confidence

and acceptance.

Ensures staff
competence in using

PdM tools for
proactive

interventions.

Li et al. [66]

Investigated user
attitudes toward AI

PdM in energy
systems.

Positive attitudes
correlate with greater

reliance and
engagement with AI

systems.

Directly relevant to
ensuring effective

human-AI
collaboration in

maintenance
decisions.

Note: PdM = predictive maintenance.
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This study discusses that PdM and fault detection driven by AI can support the improvement of efficiency of the
operational processes of renewable energy infrastructures (solar, wind, and hybrid systems) [67, 68]. Acceptance,
performance, and trust in these advanced technologies were affected by the industrial psychological elements like
employee attitude, cognitive readiness, and behavioral adaptation [69, 70]. Companies that combine human elements
with the technical side of things also tend to do better about system uptime, safety and cost-effectiveness [71].
Moreover, the use of AI in maintenance processes enables the operational staff to act ahead by driving down
unplanned downtimes and improving the attitude towards continuous improvement. Furthermore, the study uses
wind energy and solar energy illustration to express real life practical engineering knowledge

AI for wind turbine PdM: AI-driven PdM solutions can continuously monitor wind farm operations to detect early
signs of wear and tear on wind turbines, such as vibrations, temperatures, gearbox wear, generator issues, and other
condition metrics [72]. But the usefulness of these systems is contingent on the maintenance engineers’ capacity
and confidence to believe and act on the AI warnings. Proper training, clear AI-generated outputs, and seamless
human-AI teamwork can boost engineers’ trust in AI suggestions and facilitate timely maintenance decisions. On
the other hand, if trust is low, technical skills are not up to scratch or resistance to technological change, the AI
recommendations may be overlooked, limiting the benefits of PdM [73].

Solar photovoltaic fault detection: For large scale solar photovoltaic systems, AI and computer vision systems
can use sensors and imaging data to identify anomalies like abnormal operating conditions, and faulty modules.
However, the alerts need to be interpreted by the maintenance personnel, the problem confirmed, and the correct
maintenance action taken [74]. When employees possess the necessary AI skills and have access to organizational
resources, an AI-generated alert can help identify faults and plan maintenance in a timely manner. But if the use
of automated recommendations is excessive, employees might not be sufficiently competent or might have a high
cognitive load, which could impact on the quality of the decision [75]. This highlights the significance of bringing
together the capabilities of AI with human skills and organization to ensure the best results. The practical examples in
this review reflect the main objectives of this study that for optimizing renewable energy infrastructure, AI solutions
are needed that are both technically correct and capable of engaging with humans through human–AI interaction,
preparing personnel for the shift to AI-based maintenance tools, and creating organizational conditions for the uptake,
and continued utilization, of AI-based maintenance technologies.

5 Future Research Directions
The results of this SLR suggest that future research ought to shift away from technology-focused research and

towards a more socio-technical approach. Based on this, future research opportunities are grouped into the technical,
organizational, and human/industrial psychological dimensions.

5.1 Technical and Technological Research
To enhance the technical aspects of AI-based PdM and fault detection systems for renewable energy infrastructure,

future studies should be conducted [76]. Research is required to create more interpretable, capable, flexible, and
generalizable AI models that can work across varying environmental and operational conditions. Hybrid AI models,
deep learning, digital twins, edge computing, and real-time fault diagnosis are all important considerations. The
use of multi-source sensor data, IoT systems, supervisory control and data acquisition, weather information, and
historical maintenance records should also be investigated for future research to enhance prediction accuracy. AI
systems should be benchmarked against well-known datasets and metrics for comparative analysis [77]. Further,
studies must investigate the following aspects of data quality, cyber-security, model transferability, interoperability,
and explainability of AI-generated maintenance recommendations.

5.2 Organizational and Management Research
Future studies should focus on the challenges of integrating AI-based PdM into existing maintenance and

asset management systems, and how these systems can be made effective. Research into organizational readiness,
leadership support, resources, digital transformation strategies, culture innovation, training policies, and change-
management practices should be engaged [78]. Longitudinal and multi-site studies would clarify the adaptation of
organizations over time in the use of AI in maintenance. Future studies should also explore the economic impact of
AI adoption, such as adoption costs, return on investment, maintenance savings, improved productivity, and benefits
for the life cycle of AI systems [79]. An examination of case studies of RES in different geographical areas and
renewable energy sectors might reveal more contextual factors that impact the implementation.

5.3 Human and Industrial Psychology
One of the key research agendas is to explore the human factor in AI-powered PdM. Future research should

investigate employee trust in AI, technology acceptance, human-AI interaction, cognitive workload, job satisfaction,
perceived autonomy, job competence, resistance to technological change, and safety behavior [80]. This is
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especially important for empirical research to include maintenance engineers, maintenance technicians, operators,
and managers, as they are key players in the field, with much of the literature being technology-driven. Surveys,
interviews, experiments, and longitudinal designs can be employed in future studies to understand employees’
responses to AI-generated maintenance recommendations and the impact on operational performance and decision-
making.

5.4 Integrated Socio-Technical Research
Finally, future studies should explore the relationship between technical, organizational, and human factors.

Future studies should build on AI performance, organizational readiness, and employee attitudes to develop a
comprehensive model that connects these aspects together to predict how they influence the optimization of renewable
energy infrastructure [81]. This research could help shape the evolution of human-centered AI PdM systems that
boost technical reliability, organizational performance, employee productivity, and sustainable energy infrastructure
results.

6 Conclusions and Recommendations
This paper examined the potential of optimizing the renewable energy infrastructure through AI-based fault

detection and PdM. It also integrates the framework of industrial psychology, which studies the interaction of
people and technology in the workplace. The findings indicate that AI can enhance the efficiency, reliability, and
sustainability of RES, and that human elements are critical for the adoption and implementation.

(i) Enhanced Accuracy of Fault Detection: AI algorithms, particularly ML and deep learning, were remarkably
effective in predicting both anomalies and failures, resulting in timely interventions and reduced operational
disruption.

(ii) Improved Efficiency of PdM: The implementation of PDM resulted in reduced unplanned maintenance, as
equipment failures were anticipated, resources were effectively utilized, and the operational life of critical assets was
extended.

(iii) Industrial Psychology: Employees’ attitudes towards AI adoption impacted the system’s utilization. In the
presence of favorable perceptions of AI, which were enhanced through training and participatory decision-making,
compliance and operational performance improved significantly. Behavioral Adaptation: The researchers noted that
employees who were trained in AI tools in a structured manner showed greater engagement, less resistance to change,
and enhanced cooperation with automated systems.

(iv) Organizational Benefits: The Organizations that employed AI-based maintenance indicated cost-cutting,
enhanced reliability, and safer work, underlining that the technical method proves to be the most effective in the case
of coordination with the behavioral elements of humans.

Therefore, to implement it successfully, it is necessary to invest in both technology and human resources, focusing
on employee training, ergonomic systems, and continuous feedback systems to maintain motivation and trust. The
technical and psychological synergy of investigating renewable energy infrastructure using PdM and AI-based fault
detection optimizes the process. With technological efficiency and human factors in mind. Organizations can
optimize system performance, make their operations sustainable, and develop an adaptive workforce capable of
effectively utilizing AI innovations.
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[15] A. Bathaei and D. Štreimikienė, “Renewable energy and sustainable agriculture: Review of indicators,”
Sustainability, vol. 15, no. 19, p. 14307, 2023. https://doi.org/10.3390/su151914307

[16] E. Rezaee and S. R. P. Silva, “Solar energy in 2025: Global deployment, cost trends, and the role of energy
storage in enabling a resilient smart energy infrastructure,” Energy Environ. Mater., vol. 9, no. 3, p. e70199,
2026. https://doi.org/10.1002/eem2.70199

[17] A. A. Abdulmuhsin, A. F. Alkhwaldi, S. U. Rehman, S. M. M. Thabit, H. D. H. Hussein, and A. H. Dbesan,
“Empowering AI-driven proactive and reactive green innovation: Exploring knowledge management, trust and
sustainability,” Knowl. Process Manag., vol. 33, no. 2, pp. 302–325, 2026. https://doi.org/10.1002/kpm.70026

[18] M. Qin, W. Hu, X. Qi, and T. Chang, “Do the benefits outweigh the disadvantages? Exploring the role of
artificial intelligence in renewable energy,” Energy Econ., vol. 131, p. 107403, 2024. https://doi.org/10.1016/j.
eneco.2024.107403

[19] Y. Lyu, X. Wang, H. Ma, Y. Yang, and J. Zhao, “ATCion: Exploring the design of icon-based visual aids for
enhancing in-cockpit air traffic control communication,” in Proceedings of the 38th Annual ACM Symposium
on User Interface Software and Technology, New York, NY, USA, 2025, pp. 1–21. https://doi.org/10.1145/37
46059.3747792

[20] A. Bennagi, O. AlHousrya, D. T. Cotfas, and P. A. Cotfas, “Comprehensive study of the artificial intelligence
applied in renewable energy,” Energy Strategy Rev., vol. 54, p. 101446, 2024. https://doi.org/10.1016/j.esr.20
24.101446

[21] Z. Fan, Z. Yan, and S. Wen, “Deep learning and artificial intelligence in sustainability: A review of SDGs,
renewable energy, and environmental health,” Sustainability, vol. 15, no. 18, p. 13493, 2023. https://doi.org/10
.3390/su151813493

[22] A. Hamdan, K. I. Ibekwe, V. I. Ilojianya, S. Sonko, and E. A. Etukudoh, “AI in renewable energy: A review

418

https://doi.org/10.1016/j.rser.2017.04.018
https://doi.org/10.1016/j.rser.2017.04.018
https://doi.org/10.1016/j.enpol.2015.10.005
https://doi.org/10.1016/b978-0-443-34076-5.00009-2
https://doi.org/10.1016/b978-0-443-34076-5.00009-2
https://doi.org/10.1002/ese3.70449
https://doi.org/10.1007/978-981-97-9859-9_108
https://doi.org/10.30525/2256-0742/2024-10-4-384-394
https://doi.org/10.1051/e3sconf/202561401001
https://doi.org/10.1016/j.seta.2023.103363
https://doi.org/10.1016/j.rser.2023.113518
https://doi.org/10.3390/su16051749
https://doi.org/10.3390/su16051749
https://doi.org/10.51594/estj.v5i5.1154
https://doi.org/10.51594/estj.v5i5.1154
https://doi.org/10.1016/j.egyr.2023.06.032
https://doi.org/10.3390/su151914307
https://doi.org/10.1002/eem2.70199
https://doi.org/10.1002/kpm.70026
https://doi.org/10.1016/j.eneco.2024.107403
https://doi.org/10.1016/j.eneco.2024.107403
https://doi.org/10.1145/3746059.3747792
https://doi.org/10.1145/3746059.3747792
https://doi.org/10.1016/j.esr.2024.101446
https://doi.org/10.1016/j.esr.2024.101446
https://doi.org/10.3390/su151813493
https://doi.org/10.3390/su151813493


of predictive maintenance and energy optimization,” Int. J. Sci. Res. Arch., vol. 11, no. 1, pp. 718–729, 2024.
https://doi.org/10.30574/ijsra.2024.11.1.0112

[23] G. N. Kumar and O. V. G. Swathika, “AI applications to renewable energy—An analysis,” in Smart Buildings
Digitalization. CRC Press, 2021, pp. 283–292. https://doi.org/10.1201/9781003201069-19

[24] H. N. N. Manuel, H. M. Kehinde, C. P. Agupugo, and A. C. N. Manuel, “The impact of AI on boosting
renewable energy utilization and visual power plant efficiency in contemporary construction,” World J. Adv.
Res. Rev., vol. 23, no. 2, pp. 1333–1348, 2024. https://doi.org/10.30574/wjarr.2024.23.2.2450

[25] K. Ukoba, K. O. Olatunji, E. Adeoye, T. C. Jen, and D. M. Madyira, “Optimizing renewable energy systems
through artificial intelligence: Review and future prospects,” Energy Environ., vol. 35, no. 7, pp. 3833–3879,
2024. https://doi.org/10.1177/0958305x241256293

[26] S. Rana, “AI-driven fault detection and predictive maintenance in electrical power systems: A systematic
review of data-driven approaches, digital twins, and self-healing grids,” Am. J. Adv. Technol. Eng. Solut., vol. 1,
no. 01, pp. 258–289, 2025. https://doi.org/10.63125/4p25x993

[27] S. Pradeep, E. Selva, D. Kalaiyarasi, R. Dhandapani, M. Sakthivel, and K. Vĳaipriya, “AI-driven fault detection
in smart grids,” in 2024 3rd Odisha International Conference on Electrical Power Engineering, Communication
and Computing Technology (ODICON), 2024, pp. 1–6. https://doi.org/10.1109/odicon62106.2024.10797555

[28] S. Ness, “Enhancing smart grid reliability: Fault detection in phasor measurement unit images with deep
learning,” IEEE Access, vol. 13, pp. 69 257–69 268, 2025. https://doi.org/10.1109/access.2025.3561587

[29] D. Paolini, P. Dini, A. Elhanashi, and S. Saponara, “Advanced fault detection and diagnosis exploiting machine
learning and artificial intelligence for engineering applications,” Electronics, vol. 15, no. 2, p. 476, 2026.
https://doi.org/10.3390/electronics15020476

[30] B. Somanna, S. Gupta, J. Rajender, M. Alshareef, A. Babqi, B. Namomsa, and S. S., “Optimized fault detection
and control for enhanced reliability and efficiency in DC microgrids,” Sci. Rep., vol. 15, no. 1, p. 31161, 2025.
https://doi.org/10.1038/s41598-025-98006-y

[31] S. R. Joshua, S. Park, and K. Kwon, “AI-driven green campus: Solar panel fault detection using ResNet-50
for solar-hydrogen system in universities,” in 2024 IEEE 24th International Conference on Software Quality,
Reliability, and Security Companion (QRS-C), 2024, pp. 316–325. https://doi.org/10.1109/qrs-c63300.2024.
00048

[32] J. Hosseinzadeh, F. Masoodzadeh, and E. Roshandel, “Fault detection and classification in smart grids using
augmented K-NN algorithm,” SN Appl. Sci., vol. 1, no. 12, p. 1627, 2019. https://doi.org/10.1007/s42452-019
-1672-0

[33] S. F. Bello, I. U. Wada, O. B. Ige, E. C. Chianumba, and S. A. Adebayo, “AI-driven predictive maintenance
and optimization of renewable energy systems for enhanced operational efficiency and longevity,” Int. J. Sci.
Res. Arch., vol. 13, no. 1, pp. 2823–2837, 2024. https://doi.org/10.30574/ijsra.2024.13.1.1992

[34] M. Kiasari and H. Aly, “Agentic artificial intelligence for smart grids: A comprehensive review of autonomous,
safe, and explainable control frameworks,” Energies, vol. 19, no. 3, p. 617, 2026. https://doi.org/10.3390/en19
030617

[35] L. A. Yousef, H. Yousef, and L. Rocha-Meneses, “Artificial intelligence for management of variable renewable
energy systems: A review of current status and future directions,” Energies, vol. 16, no. 24, p. 8057, 2023.
https://doi.org/10.3390/en16248057

[36] A. Mohammad and F. Mahjabeen, “Revolutionizing solar energy: The impact of artificial intelligence on
photovoltaic systems,” Int. J. Multidiscip. Sci. Arts, vol. 2, no. 1, 2023. https://doi.org/10.47709/ijmdsa.v2i1.2
599

[37] A. Ucar, M. Karakose, and N. Kırımça, “Artificial intelligence for predictive maintenance applications: Key
components, trustworthiness, and future trends,” Appl. Sci., vol. 14, no. 2, p. 898, 2024. https://doi.org/10.339
0/app14020898

[38] W. Wu, “Reliability-centered approach to artificial intelligence-driven predictive maintenance for industrial
Internet of Things,” Eng. Appl. Artif. Intell., vol. 163, p. 112906, 2026. https://doi.org/10.1016/j.engappai.202
5.112906

[39] A. T. Keleko, B. Kamsu-Foguem, R. H. Ngouna, and A. Tongne, “Artificial intelligence and real-time predictive
maintenance in Industry 4.0: A bibliometric analysis,” AI Ethics, vol. 2, pp. 553–577, 2022. https://doi.org/10
.1007/s43681-021-00132-6

[40] H. Gadde, “AI-driven predictive maintenance in relational database systems,” Int. J. Mach. Learn. Res.
Cybersecur. Artif. Intell., vol. 13, no. 1, pp. 386–409, 2022.

[41] M. Bidollahkhani and J. M. Kunkel, “Revolutionizing system reliability: The role of AI in predictive
maintenance strategies,” arXiv Preprint, arXiv.2404.13454, 2024. https://doi.org/10.48550/arxiv.2404.13454

[42] D. G. Kim and J. Y. Choi, “Optimization of design parameters in LSTM model for predictive maintenance,”

419

https://doi.org/10.30574/ijsra.2024.11.1.0112
https://doi.org/10.1201/9781003201069-19
https://doi.org/10.30574/wjarr.2024.23.2.2450
https://doi.org/10.1177/0958305x241256293
https://doi.org/10.63125/4p25x993
https://doi.org/10.1109/odicon62106.2024.10797555
https://doi.org/10.1109/access.2025.3561587
https://doi.org/10.3390/electronics15020476
https://doi.org/10.1038/s41598-025-98006-y
https://doi.org/10.1109/qrs-c63300.2024.00048
https://doi.org/10.1109/qrs-c63300.2024.00048
https://doi.org/10.1007/s42452-019-1672-0
https://doi.org/10.1007/s42452-019-1672-0
https://doi.org/10.30574/ijsra.2024.13.1.1992
https://doi.org/10.3390/en19030617
https://doi.org/10.3390/en19030617
https://doi.org/10.3390/en16248057
https://doi.org/10.47709/ijmdsa.v2i1.2599
https://doi.org/10.47709/ijmdsa.v2i1.2599
https://doi.org/10.3390/app14020898
https://doi.org/10.3390/app14020898
https://doi.org/10.1016/j.engappai.2025.112906
https://doi.org/10.1016/j.engappai.2025.112906
https://doi.org/10.1007/s43681-021-00132-6
https://doi.org/10.1007/s43681-021-00132-6
https://doi.org/10.48550/arxiv.2404.13454


Appl. Sci., vol. 11, no. 14, p. 6450, 2021. https://doi.org/10.3390/app11146450
[43] D. Simion, F. Postolache, B. Fleacă, and E. Fleacă, “AI-driven predictive maintenance in modern maritime

transport—Enhancing operational efficiency and reliability,” Appl. Sci., vol. 14, no. 20, p. 9439, 2024. https:
//doi.org/10.3390/app14209439

[44] C. V. S. Babu, M. N. Afreed, V. S. Sree, and J. M. Arshath, “The role of digital twins in AI-driven Industry 4.0
and 5.0: Enhancing sustainability and innovation,” in AI-Driven Smart Industrial Technologies. IGI Global
Scientific Publishing, 2025, pp. 243–284. https://doi.org/10.4018/979-8-3693-7994-3.ch010

[45] P. Raj, D. P. Sharma, P. K. Dutta, B. V. V. S. Prasad, and P. B. Soundarabai, Eds., Artificial Intelligence (AI)
for IT energy Efficiency and Green AI for Environment Sustainability. Cham, Switzerland: Springer Nature
Switzerland AG, 2026.

[46] P. P. Koumoulos, L. Mazarakis, S. Katsoulis, F. Zantalis, and G. Koulouras, “IoT and AI-driven approaches for
energy optimization in off-grid solar systems,” Eng. Proc., vol. 124, no. 1, p. 67, 2026. https://doi.org/10.339
0/engproc2026124067

[47] K. Sarker, “Harnessing quantum computing and AI for enhanced optimization in renewable energy-driven
smart grid systems,” Iran. J. Sci. Technol. Trans. Electr. Eng., vol. 50, pp. 1819–1852, 2026. https://doi.org/10
.1007/s40998-025-00943-x

[48] R. Haque, A. Bajwa, N. A. Siddiqui, and I. Ahmed, “Predictive maintenance in industrial automation: A
systematic review of IoT sensor technologies and AI algorithms,” Am. J. Interdiscip. Stud., vol. 5, no. 1, pp.
01–30, 2024. https://doi.org/10.63125/hd2ac988

[49] A. S. Allahloh, M. Sarfraz, A. M. Ghaleb, A. A. Al-Shamma’a, H. M. H. Farh, and A. M. Al-Shaalan,
“Revolutionizing IC genset operations with IIoT and AI: A study on fuel savings and predictive maintenance,”
Sustainability, vol. 15, no. 11, p. 8808, 2023. https://doi.org/10.3390/su15118808

[50] T. J. F. França, H. S. Mamede, J. M. P. Barroso, and V. M. P. D. dos Santos, “Artificial intelligence applied to
potential assessment and talent identification in an organisational context,” Heliyon, vol. 9, no. 4, p. e14694,
2023. https://doi.org/10.1016/j.heliyon.2023.e14694

[51] S. Schmager, I. O. Pappas, and P. Vassilakopoulou, “Understanding human-centred AI: A review of its defining
elements and a research agenda,” Behav. Inf. Technol., vol. 44, no. 15, pp. 3771–3810, 2025. https://doi.org/10
.1080/0144929x.2024.2448719

[52] W. Luo, Y. Zhang, and M. Mu, “Why might AI-enabled interviews reduce candidates’ job application intention?
The role of procedural justice and organizational attractiveness,” Humanit. Soc. Sci. Commun., vol. 12, no. 1,
pp. 1–12, 2025. https://doi.org/10.1057/s41599-025-05607-z

[53] E. Mikołajewska, D. Mikołajewski, T. Mikołajczyk, and T. Paczkowski, “Generative AI in AI-based digital
twins for fault diagnosis for predictive maintenance in Industry 4.0/5.0,” Appl. Sci., vol. 15, no. 6, p. 3166,
2025. https://doi.org/10.3390/app15063166

[54] M. Khurram, C. Zhang, S. Muhammad, H. Kishnani, K. An, K. Abeywardena, U. Chadha, and K. Behdinan,
“Artificial intelligence in manufacturing industry worker safety: A new paradigm for hazard prevention and
mitigation,” Processes, vol. 13, no. 5, p. 1312, 2025. https://doi.org/10.3390/pr13051312

[55] V. Plevris and G. Papazafeiropoulos, “AI in structural health monitoring for infrastructure maintenance and
safety,” Infrastructures, vol. 9, no. 12, p. 225, 2024. https://doi.org/10.3390/infrastructures9120225

[56] I. P. Okokpujie, E. S. Nnochiri, B. G. Jaiyesimi, T. M. Azeez, A. O. Adetunla, O. M. Ikumapayi, S. I.
Monye, and O. J. Oyebode, “Integration of AI-driven drones for sustainable maintenance and inspection of
geothermal and wind turbine energy systems,” NIPES J. Sci. Technol. Res., vol. 7, no. 2, pp. 3583–3589, 2025.
https://doi.org/10.37933/nipes/7.4.2025.si438

[57] A. Ferrario, M. Loi, and E. Viganò, “In AI we trust incrementally: A multi-layer model of trust to analyze
human-artificial intelligence interactions,” Philos. Technol., vol. 33, no. 3, pp. 523–539, 2019. https://doi.org/
10.1007/s13347-019-00378-3

[58] A. Klingbeil, C. Grützner, and P. Schreck, “Trust and reliance on AI—An experimental study on the extent and
costs of overreliance on AI,” Comput. Hum. Behav., vol. 160, p. 108352, 2024. https://doi.org/10.1016/j.chb.
2024.108352

[59] W. Doh, Y. Goh, and S. H. Kim, “Beyond overreliance: The human-AI-system concordance (HASC) matrix
and the cognitive dynamics of AI-assisted decision-making,” Proc. Hum. Factors Ergon. Soc. Annu. Meeting,
vol. 69, no. 1, pp. 427–432, 2025. https://doi.org/10.1177/10711813251358240

[60] M. N. Ahangar, Z. A. Farhat, and A. Sivanathan, “AI trustworthiness in manufacturing: Challenges, toolkits,
and the path to Industry 5.0,” Sensors, vol. 25, no. 14, p. 4357, 2025. https://doi.org/10.3390/s25144357

[61] N. R. Amaliah, B. Tjahjono, and V. Palade, “Human-in-the-loop XAI for predictive maintenance: A systematic
review of interactive systems and their effectiveness in maintenance decision-making,” Electronics, vol. 14,
no. 17, p. 3384, 2025. https://doi.org/10.3390/electronics14173384

420

https://doi.org/10.3390/app11146450
https://doi.org/10.3390/app14209439
https://doi.org/10.3390/app14209439
https://doi.org/10.4018/979-8-3693-7994-3.ch010
https://doi.org/10.3390/engproc2026124067
https://doi.org/10.3390/engproc2026124067
https://doi.org/10.1007/s40998-025-00943-x
https://doi.org/10.1007/s40998-025-00943-x
https://doi.org/10.63125/hd2ac988
https://doi.org/10.3390/su15118808
https://doi.org/10.1016/j.heliyon.2023.e14694
https://doi.org/10.1080/0144929x.2024.2448719
https://doi.org/10.1080/0144929x.2024.2448719
https://doi.org/10.1057/s41599-025-05607-z
https://doi.org/10.3390/app15063166
https://doi.org/10.3390/pr13051312
https://doi.org/10.3390/infrastructures9120225
https://doi.org/10.37933/nipes/7.4.2025.si438
https://doi.org/10.1007/s13347-019-00378-3
https://doi.org/10.1007/s13347-019-00378-3
https://doi.org/10.1016/j.chb.2024.108352
https://doi.org/10.1016/j.chb.2024.108352
https://doi.org/10.1177/10711813251358240
https://doi.org/10.3390/s25144357
https://doi.org/10.3390/electronics14173384


[62] A. I. Hauptman, R. Mallick, C. Flathmann, and N. J. McNeese, “Human factors considerations for the
context-aware design of adaptive autonomous teammates,” Ergonomics, vol. 68, no. 4, pp. 571–587, 2024.
https://doi.org/10.1080/00140139.2024.2380341

[63] Z. Morić, V. Dakić, and S. Urošev, “An AI-based decision support system utilizing bayesian networks for
judicial decision-making,” Systems, vol. 13, no. 2, p. 131, 2025. https://doi.org/10.3390/systems13020131

[64] V. Venkatesh, R. Raman, and F. Cruz-Jesus, “AI and emerging technology adoption: A research agenda for
operations management,” Int. J. Prod. Res., vol. 62, no. 15, pp. 5367–5377, 2023. https://doi.org/10.1080/00
207543.2023.2192309

[65] F. Abrar, R. Ahmed, I. A. Khoso, N. Farooq, and I. Ibrahimi, “HR 4.0 in manufacturing: Using AI and big data
to enhance workforce agility and reduce high employee turnover intentions,” Res. J. Soc. Aff., vol. 3, no. 1, pp.
261–270, 2025. https://doi.org/10.71317/rjsa.003.01.0078

[66] T. Li, H. Zhai, W. Wu, J. Deng, and F. Wang, “How AI adoption shapes construction workers’ extra-role safety
behavior: The mediating roles of responsibility and relational energy,” J. Constr. Eng. Manag., vol. 152, no. 1,
p. 04025219, 2026. https://doi.org/10.1061/jcemd4.coeng-16946

[67] C. N. Ugwu, F. C. Ogenyi, J. N. Ugwu, P. C. O. Ugwu, and M. B. Okon, “Integration of AI-driven digital
twins for real-time optimization of renewable energy grids,” Front. Energy Res., vol. 14, p. 1748233, 2026.
https://doi.org/10.3389/fenrg.2026.1748233

[68] N. Muhamad, X. Li, S. Imtiaz, M. R. M. Altimania, W. M. Abdelfattah, and H. M. Munir, “AI-enabled
predictive analytics for wind turbine health and solar farm performance using distributed sensor networks,” IET
Renew. Power Gener., vol. 20, no. 1, p. e70200, 2026. https://doi.org/10.1049/rpg2.70200

[69] Z. Zhang, M. Lin, and X. Liu, “Enhancing employees’ change readiness for artificial intelligence (AI) adoption:
The role of AI transparency,” Int. J. Hosp. Manag., vol. 134, p. 104620, 2026. https://doi.org/10.1016/j.ĳhm.
2026.104620

[70] A. A. Khanfar, R. K. Mavi, and M. Iranmanesh, “Employee adoption of artificial intelligence systems in the
electrical and electronics industry: A hybrid PLS–fsQCA analysis,” Cogn. Technol. Work, vol. 28, pp. 533–552,
2026. https://doi.org/10.1007/s10111-025-00852-3

[71] R. Torres, M. Tuesta, C. Saavedra, D. Mellado, B. Carvajal, C. Zurita, C. Valle, M. Salinas, M. Querales,
O. Pedemonte et al., “SITeCard: A human-centric explainable intelligent system to support the cardiovascular
rehabilitation process,” Health Policy Technol., vol. 15, no. 3, p. 101168, 2026. https://doi.org/10.1016/j.hlpt.2
026.101168

[72] A. Garg, A. Zar, B. V. S. Chauhan, and S. Jain, “Optimizing renewable energy with AI: Environmental
monitoring and predictive maintenance strategies,” in Prospects of Artificial Intelligence in the Environment.
Springer, 2025, pp. 61–96. https://doi.org/10.1007/978-981-96-6863-2_3

[73] S. Algburi, S. S. A. Al Kareem, I. B. Sapaev, O. Mukhitdinov, Q. Hassan, D. H. Khalaf, and F. I. Jabbar,
“The role of artificial intelligence in accelerating renewable energy adoption for global energy transformation,”
Unconv. Resour., vol. 8, p. 100229, 2025. https://doi.org/10.1016/j.uncres.2025.100229

[74] B. R. Hani and A. A. Radhi, “Artificial intelligence for predictive maintenance in renewable energy assets:
Wind turbines, solar farms, and energy storage systems,” Al-Farahidi Expert Syst. J., vol. 2, no. 1, p. 8, 2026.
https://doi.org/10.65645/3105-9104.1027

[75] A. M. Ansari, “Digital twins and AI for predictive maintenance of renewable energy assets,” in Artificial
Intelligence for Sustainable Energy Systems 1. Wiley, 2026, pp. 177–196. https://doi.org/10.1002/97813944
64333.ch8

[76] M. T. Sarker, G. Ramasamy, M. Al Qwaid, M. S. Hossen, and M. G. Sadeque, “AI-driven smart grid
optimization for hospital energy systems integrating renewable generation, predictive maintenance, and resilient
infrastructure,” Sci. Rep., vol. 15, p. 44787, 2025. https://doi.org/10.1038/s41598-025-28907-5

[77] R. Poornima, S. Kannaki, and P. Gayathri, “AI-driven predictive maintenance and fault diagnosis in
hybrid solar-wind microgrids using edge computing for rural electrification,” in Advanced Computational
and Mathematical Techniques for Wave Energy Converter Systems. Springer, 2026, pp. 57–74. https:
//doi.org/10.1007/978-3-032-10804-3_3

[78] A. Al-Humairi, E. Khalis, Z. A. Al-Hemyari, and P. Jung, “Machine learning-based predictive maintenance for
photovoltaic systems,” AI, vol. 6, no. 7, p. 133, 2025. https://doi.org/10.3390/ai6070133

[79] F. Safiyullah and S. A. Sulaiman, “AI-based predictive maintenance in renewable energy infrastructure: A case
study on SESP,” in Artificial Intelligence in Sustainable Energy and Environmental Management. Springer,
2026, pp. 347–363. https://doi.org/10.1007/978-981-95-6148-3_14

[80] S. Cloudin, R. S. Priya, G. A. Prabhu, M. Ruba, R. Joel, and R. Vanitha, “AI-enhanced predictive analytics and
reliability management for wind turbine maintenance,” in AI-Powered Analysis, Modeling, and Monitoring of
Wind Energy Systems. IGI Global Scientific Publishing, 2026, pp. 191–218. https://doi.org/10.4018/979-8-

421

https://doi.org/10.1080/00140139.2024.2380341
https://doi.org/10.3390/systems13020131
https://doi.org/10.1080/00207543.2023.2192309
https://doi.org/10.1080/00207543.2023.2192309
https://doi.org/10.71317/rjsa.003.01.0078
https://doi.org/10.1061/jcemd4.coeng-16946
https://doi.org/10.3389/fenrg.2026.1748233
https://doi.org/10.1049/rpg2.70200
https://doi.org/10.1016/j.ijhm.2026.104620
https://doi.org/10.1016/j.ijhm.2026.104620
https://doi.org/10.1007/s10111-025-00852-3
https://doi.org/10.1016/j.hlpt.2026.101168
https://doi.org/10.1016/j.hlpt.2026.101168
https://doi.org/10.1007/978-981-96-6863-2_3
https://doi.org/10.1016/j.uncres.2025.100229
https://doi.org/10.65645/3105-9104.1027
https://doi.org/10.1002/9781394464333.ch8
https://doi.org/10.1002/9781394464333.ch8
https://doi.org/10.1038/s41598-025-28907-5
https://doi.org/10.1007/978-3-032-10804-3_3
https://doi.org/10.1007/978-3-032-10804-3_3
https://doi.org/10.3390/ai6070133
https://doi.org/10.1007/978-981-95-6148-3_14
https://doi.org/10.4018/979-8-3373-4159-0.ch005
https://doi.org/10.4018/979-8-3373-4159-0.ch005


3373-4159-0.ch005
[81] J. C. Lee and H. Cao, “System transparency, artificial intelligence (AI) self-efficacy, job satisfaction and

resistance in AI-enabled accounting systems,” Ind. Manag. Data Syst., pp. 1–36, 2026. https://doi.org/10.110
8/imds-01-2025-0075

422

https://doi.org/10.4018/979-8-3373-4159-0.ch005
https://doi.org/10.4018/979-8-3373-4159-0.ch005
https://doi.org/10.1108/imds-01-2025-0075
https://doi.org/10.1108/imds-01-2025-0075

	1 Introduction
	1.1 Problem Statement of the Literature Review Study
	1.2 Conceptual Framework for the Study

	2 Methodology
	3 Results Analysis From the Literature of Related Study
	3.1 Evolution of AI in Renewable Energy 
	3.2 AI-Driven Fault Detection in Renewable Energy Systems
	3.3 Predictive Maintenance Using AI for Optimized Performance
	3.4 Descriptive Analysis of the Systematical Review Study

	4 Discussion of the Industrial Psychological Perspective
	5 Future Research Directions
	5.1 Technical and Technological Research
	5.2 Organizational and Management Research
	5.3 Human and Industrial Psychology
	5.4 Integrated Socio-Technical Research

	6 Conclusions and Recommendations

