Pre prints.org

Review Not peer-reviewed version

Artificial Intelligence Enabling Intelligent
Solar Energy Systems: Integration and
Emerging Directions

Rogelio Ochoa-Barragan, Luis David Saavedra-Sanchez , Fabricio Napoles-Rivera : ,

César Ramirez-Marquez , Luis Fernando Lira-Barragan i , José Maria Ponce-Ortega

Posted Date: 13 March 2026
doi: 10.20944/preprints202603.1114.v1

Keywords: artificial intelligence; machine learning; deep learning; photovoltaic systems; optimization;
forecasting; fault detection; smart grids; integration; renewable energy

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/4299711
https://sciprofiles.com/profile/5056477
https://sciprofiles.com/profile/2251372
https://sciprofiles.com/profile/3321997
https://sciprofiles.com/profile/3828728
https://sciprofiles.com/profile/2766026
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 March 2026 d0i:10.20944/preprints202603.1114.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Review

Artificial Intelligence Enabling Intelligent Solar
Energy Systems: Integration and Emerging Directions

Rogelio Ochoa-Barragan, Luis David Saavedra-Sanchez, Fabricio Napoles-Rivera *, César
Ramirez-Marquez, Luis Fernando Lira-Barragan * and José Maria Ponce-Ortega

Department of Chemical Engineering, Universidad Michoacana de San Nicolas de Hidalgo, Francisco J. Mujica S/N, Ciudad

Universitaria, Morelia, Mich., 58060, Mexico

* Correspondence: fabricio.napoles@umich.mx (F. N.-R.); luis.lira@umich.mx (L.F.L.-B.); Tel.: +52-443-322-3500 (ext. 1277)
(J.M.P.-O); Fax: +52-443-327-3584 (J.M.P.-O)

Abstract

The integration of artificial intelligence (AI) into solar energy systems has emerged as a
transformative pathway to enhance efficiency, reliability, and sustainability in renewable energy.
This review provides a comprehensive examination of recent advances in Al-driven optimization
and integration strategies across photovoltaic and solar thermal technologies. A particular emphasis
is placed on machine learning and deep learning techniques applied to solar irradiance forecasting,
maximum power point tracking, fault detection, energy management, and predictive maintenance.
Unlike earlier reviews that focused on isolated applications, this work highlights the systemic role of
Al in enabling smart grids, hybrid systems, and large-scale energy storage integration. The novelty
of this contribution lies in mapping the evolution from traditional control methods to intelligent, self-
adaptive frameworks that couple physical modeling with data-driven approaches, offering a
structured roadmap for future developments. Furthermore, the review identifies challenges such as
data scarcity, computational demand, and interpretability of AI models, while outlining
opportunities for process intensification, resilience, and techno-economic optimization. By bridging
technical progress with implementation prospects, this article provides an updated reference for
researchers, policymakers, and industry stakeholders seeking to accelerate the deployment of Al-
enhanced solar energy solutions.

Keywords: artificial intelligence; machine learning; deep learning; photovoltaic systems;
optimization; forecasting; fault detection; smart grids; integration; renewable energy

1. Introduction

Global commitments to climate stabilization have accelerated the expansion of renewable energy
systems, placing solar power at the center of current efforts to shift toward low-carbon development
[1,2]. The Paris Agreement, adopted by 196 countries in 2015, places explicit pressure on national
energy strategies to reduce greenhouse gas emissions [3], while COP26 reinforced this agenda by
calling for a progressive phase-down of coal and a rapid expansion of clean, health-oriented energy
systems [4]. These international mandates coincide with structural dynamics already reshaping
global energy markets. Between 2010 and 2020, installed photovoltaic capacity increased from 40,334
to 709,674 MW, marking one of the fastest technological expansions in contemporary energy history
[5-7]. Concentrated solar power also grew significantly, rising from 1,266 to 6,479 MW in the same
decade, thereby consolidating solar energy as a globally scalable resource [7].

The physical potential of solar radiation further strengthens its strategic relevance [8]. Estimates
indicate that nearly four million exajoules of solar energy reach Earth each year, of which
approximately 5x10* EJ are considered technically harvestable [9]. Large regions in Asia, Africa,
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Australia, and North America receive daily irradiances above 4 to 6 kWh per square meter, and
several locations surpass annual values of 2,800 kWh per square meter [7]. This abundance has
translated into tangible market behavior. By 2024, global solar PV capacity exceeded 2.2 TW, marking
the fastest expansion among all renewable technologies and far surpassing the 256 GW installed
globally in 2015 [10]. During the same period, China consolidated its dominant position in the sector,
surpassing 610 GW of cumulative capacity by 2024 after adding more than 216 GW in 2023 alone,
reaffirming its role as the world’s leading photovoltaic market [11]. Similar upward trends were
recorded in India, the United States, and Australia, where annual additions ranged from hundreds
to thousands of megawatts [12]. Labor market indicators confirm the magnitude of this transition:
solar PV generated more than three million jobs worldwide, accounting for roughly 70% of renewable
energy employment in Asia and becoming the largest job creator among renewable technologies
[7,13].

Despite these gains, key structural challenges persist. Global CO:2 emissions from electricity
generation reached approximately 13.8 Gt in 2024, making the power sector the largest single source
of energy-related emissions worldwide [14]. Although emissions temporarily declined by 1% in 2019
and 7% in 2020 due to pandemic-related disruptions, sustained long term reductions will depend on
the capacity of renewable-dominated systems to operate efficiently under inherently variable and
uncertain conditions [7]. Solar power remains highly dependent on weather, intermittency,
degradation, and shading effects that can disrupt operational consistency [15,16]. Integration
becomes even more complex when considering fluctuating feed-in tariffs, evolving market structures,
regulatory shifts, and vulnerabilities along global supply chains [17-19]. These factors collectively
underscore the need for intelligent, adaptive management tools capable of enhancing performance
in real time.

The digitalization of energy systems has opened a promising pathway to address these
constraints [20]. Artificial intelligence (AI) has demonstrated superior predictive, optimization, and
decision-making capabilities across a wide range of solar-related applications [21,22]. Machine
learning (ML) models have consistently outperformed classical statistical approaches in short term
and long-term irradiance forecasting [23]. Deep learning architectures, including convolutional
neural networks and long short-term memory networks, have achieved high accuracy in performance
modeling, fault recognition, and power output prediction [24]. Reinforcement learning strategies
enable adaptive and highly responsive maximum power point tracking under rapidly changing
conditions [25,26]. Al-based anomaly detection enhances reliability through early diagnosis of faults,
enabling predictive maintenance regimes that reduce downtime and operational costs [27-29].
Beyond component-level applications, Al contributes to system-level improvements such as
enhanced load forecasting, demand response, storage coordination, voltage control, and
cybersecurity in smart grids [30].

Even with these developments, the existing literature remains fragmented. Many studies
examine specific components of the solar value chain, including forecasting, MPPT algorithms, and
grid analytics, but comprehensive evaluations that integrate these elements into a unified
optimization perspective are still limited. Recent contributions illustrate the depth of current research
efforts. Al-Dahidi et al. [31] present an advanced data-driven framework for PV power prediction.
Rajendran et al. [32] analyze technological and regulatory requirements for effective smart-grid
integration. Di Leo et al. [33] provide an updated classification of photovoltaic forecasting
methodologies. Oshilalu et al. [34] investigate innovative strategies for improving grid interaction
and electronic applications. Together, these works demonstrate significant progress across individual
domains, yet they also indicate the need for a broader synthesis that links forecasting accuracy,
adaptive control, grid stability, uncertainty management, and Al-driven operational intelligence
within a coherent system-wide framework.

This review addresses these gaps by providing a comprehensive examination of Al-driven
optimization and integration within solar energy systems. Building on quantitative evidence from
international deployment trends, sustainability assessments, and performance data reported in
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recent scientific literature, the review maps the evolution of Al methodologies applied to forecasting,
control, diagnostics, storage integration, and smart grid operation. It also identifies emerging
research trajectories and outlines the conceptual and technical frontiers that will shape the next
generation of intelligent solar energy systems.

2. Methodology

2.1. Literature Collection and Selection

A systematic and comprehensive process was used to review and compile information on how
Al is applied in various solar energy technologies in the literature. Four major academic databases
were used: Scopus, Web of Science, IEEE Xplore, and ScienceDirect due to their broad coverage in
engineering, energy systems, and applied sciences. The keyword strategy combined terms related to
artificial intelligence (AI) and its applications in solar energy. Initially, the search terms included: Al,
machine learning, deep learning, neural networks, solar energy, photovoltaics, optimization,
prediction, fault detection, and integration. Subsequently, in the qualitative section, new filters were
incorporated.

Search efficiency was carried out through an advanced Boolean query in Scopus, using the
structure recommended by the search tool developers [35]. To maintain the scope's fidelity,
additional inclusion filters were included to bound results to English-language journals and reviews,
published between 2018 and 2025, and peer-reviewed regardless of being published open access. To
keep a narrow scope focused on energy applications, only articles from the following fields were
included: Energy, Engineering, Economics, Chemical Engineering, and Environmental Science.
Fields such as Computer Science or Material Science were excluded, as their primary objective is the
algorithms and/or the materials characterization, and not the system-level integration of solar energy
technologies. The original search generated a very large corpus of greater than 1,000-2,000 articles,
demonstrating the accelerated growth of Al-driven solar research. Instead of restricting the dataset
to a fixed number of papers, a multi-stage screening process was applied to ensure both relevance
and representativeness. Table 1 shows the inclusion and exclusion criteria used during the
quantitative and qualitative screening stages.

After applying the quantitative and qualitative screening stages to the initially retrieved
literature, a total of 154 peer-reviewed journal articles were retained for detailed analysis in this
review. The selected studies provide a representative and thematically focused overview of recent
advances in the application of artificial intelligence to solar-energy technologies within the defined
temporal and disciplinary boundaries.

Table 1. Inclusion and exclusion criteria used during the quantitative and qualitative screening stages.

Criteria Included Excluded
Document
. Journal articles and reviews Theses, Web Blogs
ype
Language English Any non-English sources
. Energy, Engineering, Environmental . . .
Field . Computer Science, Materials Science
Science
Content _ Algorithm development with no energy
Al applied to solar-energy systems
focus context

3. Review of Artificial Intelligence Applications in Solar Energy

Solar energy adoption has increased exponentially due to ambitious global environmental and
policy targets [7]. However, this significant increase brings with it challenges related to the efficient
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use of this technology. This is where the various fields of Al prove to be a fundamental tool for
addressing these problems, especially in grid integration, as mentioned by Feng et al. [36].

The usefulness of Al in the context of solar energy lies in the difficulty of approximating the
complex nonlinear dynamics of solar power plants with classical methods [37]. This section addresses
the different applications of these tools in the context of solar energy, highlighting the use of ML
models over statistical models [38].

3.1. Forecasting and Prediction

The literature classifies prediction models according to the time scale at which they operate.
When the goal is to predict on very short time scales, they are known as "now-casting” (0 to 3 hours).
These predictions are usually based on extrapolations of real-time data [39]. On the other hand, tools
are available for short-term prediction (3 to 6 hours). These models are based on the use of satellite
imagery, real-time data, and Numerical Weather Prediction (NWP) models [40]. NWP models alone
are capable of predicting 2 to 6 days [41]. Figure 1 shows a schematic comparison of the different
conventional prediction models and their different scales.

M Time

Series

Temporal
resolution

. Sky image
1 min based
1 min 1h 1 day 1 week 1 month
Forecasting
horizon

Figure 1. Schematic comparison between forecasting conventional models for solar energy (adapted from [38]).

3.1.1. Time-Series and Deep-Learning Forecasting

Time series forecasting methods are widely used tools in the short and medium term, and are
especially useful when high-resolution historical data are available [42]. These strategies rely on
searching for patterns directly in historical photovoltaic irradiation data [43]. These techniques allow
for the development of efficient prediction models without the need for explicit physical models or
direct knowledge of atmospheric processes [44].

Among the more classic time-series models are autoregressive models such as ARIMA, which
have been implemented to capture diurnal cycles, persistence effects, and short-term autocorrelation
in solar generation [45]. Although these models have proven effective in the short term, their
efficiency decreases as the forecasting horizon increases, mainly due to a lack of information related
to the evolution of atmospheric conditions [46].

This is where Al comes into play. Advances in deep learning models have significantly
improved the performance of time-series forecasting methods. Recurrent neural networks (RNNs),
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particularly Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) architectures, are
able to capture nonlinear temporal dependencies and long-range correlations inherent in solar
generation data [44,47]. Convolutional neural networks (CNNs) have also been implemented, either
by learning local temporal patterns or by processing transformed representations of irradiance
signals. More recently, transformer-based models have gained attention due to their ability to model
long temporal contexts through attention mechanisms [48].

In the context of solar energy systems, deep-learning time-series models are especially effective
for intra-day forecasting [49], where ranges commonly range from minutes to several hours ahead.
Their accuracy is strongly associated with data quality, temporal resolution, and the inclusion of
exogenous variables such as temperature, cloud cover indices, or outputs from numerical weather
prediction models [43]. Hybrid approaches that combine time-series learning with meteorological
inputs often outperform purely data-driven or purely physics-based models [50]. Despite its strong
predictive performance, time-series and deep-learning approaches face important limitations, they
generally exhibit reduced robustness under regime changes, such as seasonal transitions or atypical
weather events, and require frequent retraining to maintain accuracy [51]. Furthermore, their black-
box nature can limit interpretability [52].

3.1.2. Spatio-Temporal and Image-Based Forecasting

Spatio-Temporal and Image-Based Forecasting has become an essential tool for the efficient use
of solar energy due to the influence of cloud dynamics on the variability of solar power output [53].
Unlike prediction models based solely on time series (data-driven models), which rely on data
collected from a single point or location, image-based models leverage visual and spatial correlations
to capture information related to cloud formation, movement, and dissipation processes that govern
short-term solar fluctuations [54].

Regarding Spatio-Temporal Forecasting, these approaches integrate multiple spatially
distributed resources, such as networks of pyranometers, PV plants, or satellite pixels [55,56]. By
gathering this information over time to capture its temporal evolution, it is possible to anticipate
changes in irradiance across entire regions [57]. Since these approaches rely on visual information,
they employ ML algorithms geared towards image processing, such as CNNs. These algorithms are
used to extract spatial features like cloud density gradients across neighboring locations, while
recurrent layers model temporal dependencies [58]. ConvLSTM and spatio-temporal attention
mechanisms have shown strong performance for very short-term horizons (minutes to hours), where
ramp events are most critical for grid operation [58].

On the other hand, Image-Based Forecasting uses satellite imagery and ground-based sky
cameras to directly observe cloud patterns [53]. Both types of imagery provide information at
different scales. While satellite imagery allows for coverage of large areas (useful for national-level
forecasting), ground-based sky cameras offer high temporal and spatial resolution for plant-level
nowcasting [59]. Computer vision is essential for converting the information obtained into power
profiles. Using techniques such as optical flow, cloud segmentation, and feature tracking, it is possible
to calculate cloud movement vectors, thus obtaining these profiles [54].

The main advantages of these techniques lie in their ability to anticipate rapid changes that are
not typically captured by medium- and long-term models, making them particularly valuable for
intra-hour forecasting, reserve allocation, and real-time energy management in systems with high
solar penetration. However, their heavy reliance on high-quality imagery and information, as well as
on proper sensor calibration and image quality, results in high data requirements and computational
costs. Figure 2 describes the general process for image-based forecasting.
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Figure 2. Al-Driven Image Forecasting in Solar Energy.

3.1.3. Feature Engineering and Ensemble Learning

Two of the most important pillars in solar energy prediction are Feature Engineering and
Ensemble Learning. While ML algorithms are responsible for generating effective predictions, their
effectiveness depends on the quality and structure of the input features [60].

In particular, Feature Engineering allows you to transform raw meteorological, operational, and
temporal data into useful representations for the model training process [60]. Typical engineered
features include clear sky indices, irradiance variability metrics, solar position parameters such as
zenith and azimuth angles, and lagged or rolling statistics of irradiance and power output [60,61]. In
Al-driven frameworks, feature engineering also extends to spatial descriptors derived from
neighboring sensors or satellite pixels, as well as image-based features extracted through deep
learning encoders [53,62].

On the other hand, Ensemble learning addresses model uncertainty by combining the
predictions of multiple learners rather than relying on a single model [63]. In the context of solar
energy, ensembles commonly integrate algorithms such as tree-based models, neural networks, and
support vector regressors, each capturing different aspects of the underlying dynamics [64].
Techniques such as bagging, boosting, and stacking are widely used to reduce variance, mitigate
overfitting, and improve generalization across varying weather regimes [63]. Ensemble approaches
are particularly effective when solar irradiance exhibits non-stationary behavior, where no single
model consistently outperforms others under all conditions [65].

The combination of feature engineering and ensemble learning is especially powerful for short-
term and intraday solar forecasting. Carefully engineered features provide meaningful physical and
statistical context, while ensembles enhance robustness against sensor noise, forecast errors, and rare
events such as rapid cloud transitions [63]. However, these advantages come at the cost of increased
model complexity and computational effort, motivating the use of automated feature selection and
hybrid ensembles that balance accuracy with operational feasibility [66].
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3.1.4. Probabilistic Forecasting and Uncertainty Modeling

Probabilistic and uncertainty-aware predictions are key to the application of Al to solar energy
systems, primarily due to the impossibility of generating deterministic models for solar energy
production. Unlike deterministic models, which aim to obtain a single estimated value, probabilistic
models under uncertainty offer a range of future possibilities and their probability of occurrence. In
the context of solar energy, uncertainties arise from multiple sources: atmospheric variability, cloud
dynamics, measurement noise, and even model limitations [67]. Probability-based models, therefore,
seek to predict probability distributions or probability intervals for solar irradiance and photovoltaic
power output. This allows for the estimation not only of energy generation but also the confidence
levels associated with each prediction [68].

From an Al perspective, probabilistic forecasting is commonly implemented using techniques
such as quantile regression, Bayesian neural networks, and Monte-Carlo-based deep learning [67,69].
Quantile-based models estimate multiple conditional quantiles, enabling the construction of
prediction intervals that adapt to changing weather conditions [70]. Bayesian approaches incorporate
uncertainty directly into model parameters, producing distributions rather than fixed weights [71].
In deep learning, methods such as dropout-based sampling are used to approximate predictive
uncertainty by generating ensembles of plausible forecasts [72]. Uncertainty modeling is particularly
valuable for short-term and intra-day solar forecasting, where rapid cloud induces fluctuations that
can lead to significant forecast errors. By explicitly characterizing uncertainty, probabilistic forecasts
support risk-aware decisions in reserve allocation, storage dispatch, and real-time grid control
[73,74]. They also enable the integration of solar forecasts into stochastic optimization and chance-
constrained formulations used in energy system planning and operation [75] (see Table 2).

Table 2. AI-Based Forecasting Approaches in Solar Energy.

Approach Main Methods Typical Key Strengths Main Limitations
Horizon
Time-Series ARIMA, LSTM, Short to High accuracy with ~ Limited robustness
and Deep GRU, CNN, intra-day historical data, under regime
Learning Transformers captures nonlinear changes, low
temporal patterns interpretability
[42-48] [51,52]
Spatio- CNN, Very Anticipates rapid High data and
Temporal and ConvLSTM, short-term cloud-driven computational
Image-Based optical flow, to intra- variability, effective requirements,
attention models hour for real-time sensor-dependent
operation [53-58] [53,59]
Feature Engineered Short-term Improved robustness Increased model
Engineering features, to intra- and generalization complexity and
and Ensembles bagging, day under non-stationary training cost [66]
boosting, conditions [60—-65]
stacking
Probabilistic Quantile Short-term  Quantifies forecast Requires careful
and regression, to intra- uncertainty, enables calibration and
Uncertainty Bayesian NN, day risk-aware decisions higher
Modeling Monte Carlo DL [67-75]
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computational effort
[70-72]

3.2. Optimization and Control

Historically, the optimization and control of solar energy systems have relied on physical models
and deterministic control strategies. However, the increasing complexity of modern photovoltaic
systems, as well as their widespread integration into the electrical system, including energy storage
and smart grids, has driven the adoption of data-driven and ML approaches [76,77].

In recent years, Al has been applied not only at the direct control level but also at the system
level. At the direct, local, or device level, techniques such as artificial neural networks, fuzzy logic,
and reinforcement learning algorithms have been implemented to improve maximum power point
tracking (MPPT), converter control, and inverter operation, achieving higher efficiency and
robustness under changing environmental conditions and larger implementations [77,78].

These strategies allow the representation of nonlinear dynamics that are often difficult to capture
using conventional modeling approaches. On the other hand, when we talk about the system level,
optimization and control extend to energy management and the coordination of multiple
components, such as conventional power systems with high inertia and their impact when connecting
a considerable number of photovoltaic systems, storage, and highly intermittent loads to the grid. At
this level, Al techniques play a fundamental role by enabling the formulation of multi-objective
optimization problems and the development of predictive control schemes, where criteria such as
energy efficiency, operating costs, and system stability are considered simultaneously [76,79].

3.2.1. MPPT and Power Conversion Optimization

MPPT is essential in the operation of photovoltaic systems, as it allows the highest available
power to be extracted under variable irradiance and temperature conditions. Classic MPPT
algorithms, such as Perturb and Observe (P&O) and Incremental Conductance (IncCond), perform
well under uniform operating conditions and have been widely used due to their simplicity of
implementation and low computational cost [80,81]. However, their effectiveness decreases under
rapid disturbances or highly intermittent scenarios, such as partial shading, where the power-voltage
curve exhibits multiple local maxima. In these situations, such methods may experience steady-state
oscillations, slow convergence, or become trapped in local optima, preventing the system from
reaching the global maximum power point.

In recent years, techniques based on Al and ML have emerged as complementary tools to
improve MPPT decision-making. These approaches allow the identification of complex patterns in
the nonlinear relationship between irradiance, temperature, and power, while also anticipating
variations in operating conditions, guiding the tracking algorithm toward the global maximum and
reducing transient losses caused by rapid environmental fluctuations.

In particular, approaches based on ML and deep learning have gained relevance as robust
alternatives for real-time MPPT control. Khan et al. [82] propose a data-driven energy extraction
scheme that integrates MPPT control through ML with efficient fault detection in hybrid
Photovoltaic-Thermoelectric ~ Generator (PV-TEG) systems, demonstrating simultaneous
improvements in energy efficiency and operational reliability. Similar results are reported by Ishrat
et al. [83,84], who analyze deep learning models for direct estimation of the maximum power point
and their application in optimal energy extraction in hybrid systems, highlighting their capacity to
adapt to highly non-linear operating conditions. Robust control is another relevant line of research in
MPPT optimization. Yilmaz et al. [85] develop a machine learning-assisted super-twisting sliding
mode controller designed to improve both the speed and accuracy of MPPT tracking under severe
partial shading conditions. This type of strategy combines the inherent robustness of sliding mode
control with the adaptability of data-based methods, achieving superior performance in the face of
rapid environmental disturbances.
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More recently, studies have explored the integration of predictive information into the MPPT
scheme. Khan et al. [86] present deep learning algorithms that incorporate irradiance forecasts to
anticipate changes in the optimal operating point, reducing transient losses and improving the
stability of the conversion system. This trend reflects a transition from purely reactive MPPT
controllers to proactive strategies based on Al Finally, Roh [87] offers a comprehensive review of
ML-based MPPT techniques, summarizing their main advantages, challenges, and areas of
application. Taken together, recent literature shows a clear evolution toward intelligent MPPT
controllers capable of optimizing power conversion in highly dynamic scenarios, although several
challenges remain, particularly those associated with computational complexity and implementation
in embedded power platforms.

3.2.2. Thermal and Hybrid PV/T Systems

The efficiency of conventional photovoltaic systems is limited by the increase in the operating
temperature of the modules, since a significant fraction of the incident solar radiation is dissipated in
the form of heat, reducing electrical performance. This limitation has driven the development of
photovoltaic-thermal (PV/T) systems and hybrid configurations, which aim to simultaneously
harness electrical generation and thermal energy, increasing the overall energy efficiency of the
system [82,88].

Various studies have established the conceptual framework for hybrid systems based on
renewable energies, highlighting the importance of optimal sizing, coordinated integration of
subsystems, and thermal management as key design elements. In this context, it has been
demonstrated that the incorporation of thermal components in photovoltaic systems not only
mitigates the negative effect of temperature on electrical efficiency but also enables cogeneration
applications and improves the operational stability of the energy system [88-90]. More recent
research has focused on the design and optimization of PV/T systems, considering thermal and
electrical variables together. These studies show that an integrated optimization of the system, which
includes operating strategies, coupling with storage, and thermal flow control, maximizes total
energy yield and reduces losses under variable climatic conditions [89,91].

A particularly relevant line of research concerns the integration of PV-TEG systems, where the
waste heat generated by photovoltaic modules is partially converted into additional electrical energy.
The literature reports that this type of hybrid configuration can improve the overall performance of
the system, especially under conditions of high irradiance and elevated temperatures, reinforcing the
need to consider thermal management as an active component of the design [92,93].

From the perspective of thermal modeling and energy analysis, several studies have addressed
the detailed characterization of heat flows, exergy analysis, and the evaluation of the impact of
different cooling strategies on the performance of PV/T systems. The results show that thermoelectric
performance is strongly influenced by environmental conditions, system geometry, and heat
extraction method, underscoring the importance of accurate thermal models for system optimization
[94-97].

3.2.3. Energy Management and Multi-Objective Control

The growing integration of photovoltaic systems, hybrid configurations, and storage devices
into electrical grids and microgrids has significantly increased the operational complexity of modern
energy systems. In this context, energy management and control (EMC) strategies have become a key
component in optimally coordinating generation, storage, and demand, ensuring energy efficiency,
system stability, and safe operation under uncertain operating conditions [90].

Several studies have incorporated Al techniques into energy management, aiming to improve
the adaptability and robustness of control strategies. In this regard, approaches based on deep
reinforcement learning and distributed control schemes have shown strong potential for real-time
decision-making, especially in systems with multiple energy agents and shared resources [98]. These
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strategies allow control policies to be learned from historical and online data, thereby reducing
dependence on highly accurate explicit models.

Another relevant line of research focuses on the energy management of microgrids and systems
with storage, where coordination between renewable sources, batteries, and loads is essential to
ensure reliable system operation. Recent studies show that the integration of energy storage within
the EMC, combined with optimization techniques, can mitigate the intermittency of photovoltaic
generation and enhance the operational flexibility of the system [91,93]. Likewise, recent works have
explored the application of energy management strategies in specific contexts, such as smart
buildings and distributed energy systems, emphasizing the role of EMC in improving overall
performance and reducing environmental impact [99-101].

However, several challenges remain, including computational requirements, real-time
implementation constraints, and the integration of heterogeneous energy resources. In addition,
limited standardized datasets and strong dependence on site-specific conditions can restrict model
transferability. Addressing these issues is essential for enabling scalable Al-based solutions in
photovoltaic and hybrid energy systems.

3.3. Fault Detection, Diagnosis, and Predictive Maintenance

Given the increasing deployment of solar energy systems worldwide, effective maintenance
strategies have become essential to ensure their reliable operation [102]. Al offers various alternatives
focused primarily on a proactive rather than a reactive approach. This method supports decision-
making through early fault detection, diagnosis, and predictive maintenance, enabling the early
identification of anomalies, reducing downtime, and extending system lifespan [103].

3.3.1. Vision- and Sensor-Based Detection

Sensor-based and vision-based detection systems rely on collecting information from
heterogeneous data sources. This means they utilize data associated with electrical measurements
from solar energy systems, such as voltage, current, and power output, as well as environmental data
like irradiance, temperature, and visual information obtained from external systems such as infrared
viewers, drones, or fixed imaging systems [104].

From an Al perspective, these sensor-based detection systems typically employ machine
learning and deep learning models to identify deviations from normal operating behavior. By
learning baseline patterns under healthy conditions, these models can detect anomalies associated
with faults such as partial shading, soiling, degradation, inverter malfunctions, or wiring issues [105].
Time-series models and classification algorithms are commonly used to distinguish between normal
variability and fault-induced changes [106]. Vision-based systems, on the other hand, complement
the information collected by sensors by integrating spatially explicit information. Among the vision
technologies that have been most explored is thermal imaging, which allows for the observation of
defects such as hot spots, cracked cells, delamination, or connector failures [107]. CNNs have proven
especially useful in this field, as they are used to automatically extract visual features and classify
failure types without the need for manual inspection of the systems. The great advantage of these
hybrid systems stems from their ability to relate physical measurements to the spatial context, which
improves the accuracy and ease with which failures are detected in complex operating environments
[108].

3.3.2. Predictive Maintenance and Reliability

One of the main advantages of using Al is its ability to anticipate failures before they occur by
estimating the future health and reliability of photovoltaic components. Machine learning models are
used to estimate remaining useful life, failure probabilities, or degradation rates of key components
such as PV modules, inverters, among others [109]. These predictions support reliability-oriented
operation by prioritizing maintenance efforts on the most critical assets. Ensemble learning and
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probabilistic approaches are often adopted to account for uncertainty in degradation behavior and
operating conditions [102]. The application of preventive maintenance has direct implications for the
reliability of the system and its economic performance [110]. Preventive maintenance commonly
turns out to be cheaper than corrective maintenance. Al-driven maintenance strategies improve
availability and energy yield. At the system level, predictive maintenance contributes to higher
confidence in solar generation forecasts and supports long-term planning decisions in power systems
with high solar penetration [111]. Figure 3 illustrates a simplified Al-based framework for fault
detection, diagnosis, and predictive maintenance in solar energy systems, while the main
characteristics, data requirements, and operational impacts of Al-based fault detection and predictive
maintenance approaches in solar energy systems are summarized in Table 3.

Reliability Assessment

e — c—r—
- -

Spatial Visual
nspection

&
—

Al Fault Detection
il )1 and Diagnosis

°
[ Lifetime

Sensor-Based Predictive Maintenance
Anomaly Detection

Figure 3. Al-Based Fault Detection and Predictive Maintenance Framework for Solar Energy Systems.

Table 3. Comparison of Al-Based Vision and Sensor Detection with Predictive Maintenance Strategies in Solar

Energy Systems.
. . Predictive Maintenance and
Aspect Vision- and Sensor-Based Detection s,
Reliability
Pri Early fault detection and diagnosis Anticipation of failures and
rimar
) _y through anomaly identification reliability-oriented maintenance
Objective )
[102,103] planning [103,109]
Electrical measurements, )
. ) Historical operational data,
Main Data environmental variables, thermal and o
) ) ] degradation indicators, and
Sources visual images from drones or fixed o )
reliability metrics [109]
systems [104]
Machine learning classifiers, deep Regression models, ensemble
Al Techniques learning models, CNNs, time-series learning, probabilistic approaches
analysis [105-107] [102,109]
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. Partial shading, soiling, degradation, Component aging, degradation
Typical Faults ) . . .
hot spots, cracked cells, inverter and trends, increased failure probability
Addressed o ]
wiring failures [105-107] [109,110]
K Improved diagnostic accuracy through Reduced downtime, extended
e
y integration of physical measurements component lifetime, improved
Advantages . e .
and spatial context [108] availability, and energy yield [110]
Impact on o Lower maintenance costs and
Fast and accurate fault localization in . )
System . . improved economic performance
. complex operating environments [108]
Operation [110]
Supports long-term reliability,
Role in Solar Enhances operational monitoring and forecasting confidence, and
Energy Systems fault identification [104-108] planning in high solar penetration

systems [111]

3.4. Integration, Hybridization, and System Intelligence

As the adoption of solar energy increases, the roles of Al expand. Beyond the most obvious
practical applications, such as optimizing the use of these technologies, Al is also useful for tasks
associated with integration, hybridization, and systems intelligence. Al allows for linking data,
models, and control strategies across multiple spatial and temporal scales, supporting the transition
from isolated components to intelligent energy ecosystems [112].

Integration and hybridization refer to the coordinated operation of heterogeneous technologies
and data sources, while systems intelligence emphasizes adaptive, autonomous, and learning-based
decision-making [113]. These concepts are particularly relevant in smart grids, microgrids, and urban
energy systems, where operational complexity and uncertainty are high, as shown in the following
subsections.

3.4.1. Smart Grids and Microgrids

The literature has explored the use of Al primarily in the real-time monitoring, control, and
optimization of solar energy resources. Unlike traditional grids, whose planning is deterministic and
typically centralized, smart grids utilize distributed generation, bidirectional power flows, and active
participation of end users [114].

For microgrids with high photovoltaic penetration, Al is employed as an energy management
system designed to coordinate generation, storage, and controllable loads [115,116]. Meanwhile,
machine learning and feedback learning are used in tasks focused on reducing operational costs and
enhancing system resilience under variable weather conditions [117,118].

Al has also been implemented to integrate the prediction of generated solar energy with voltage
regulations, congestion management, and reserve allocation strategies [119,120]. This is possible
through the coupling of predictive models and control algorithms. These intelligent systems are
capable of anticipating solar variability and proactively adjusting grid operation, thus enabling the
creation of a reliable and flexible system.

3.4.2. Building and Urban Integration

At the urban scale, the integration of photovoltaic energy generates multiple energy generation
points when these panels are integrated into the urban infrastructure. This creates multiple potential
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Al integrations, as Al-based controllers can optimize self-consumption, storage usage, and grid
interaction by combining solar forecasts with occupancy patterns and thermal dynamics [121,122].

Urban systems are then seeking to expand this idea by integrating multiple buildings, electric
vehicles, and distributed storage units into coordinated frameworks [123]. This translates into
managing large volumes of information simultaneously, a task greatly facilitated by the use of Al. At
this scale, hybrid approaches that employ solar energy and demand forecasting, along with
optimization algorithms, are essential tools for reducing peak loads and mitigating grid stress [124].
Furthermore, integrating these systems into conventional grids allows for the creation of flexible
energy systems where buildings participate in grid services by aligning solar availability with
controllable loads [125]. This is how intelligent urban systems contribute to demand-side
management and support higher levels of renewable penetration.

3.4.3. Federated, Secure, and Intelligent Architectures

Security is a critical aspect when discussing shared data systems, as the integration of AI and
digital platforms increases exposure to cyber risks. Secure architectures incorporate encryption,
authentication, and anomaly detection techniques, often supported by Al itself, to ensure the integrity
and reliability of solar forecasting and control systems. However, there are strategies seeking a
paradigm shift. Federated Learning (FL) refers to machine learning (ML) systems that enable a
collaborative training process across multiple decentralized devices or servers without exchanging
raw data [126]. The idea is to bring the model to the data, rather than the data to the model, in order
to address concerns related to data privacy and regulatory compliance. In the context of solar energy,
it has not been widely adopted in distributed solar systems. However, its use has been explored in
the literature, highlighting collaborative anomaly detection as its main advantage. Through
simulations, it has achieved accuracy similar to that of approaches with centralized databases, while
maintaining privacy [127].

3.5. Cross-Disciplinary and Emerging Frontiers

Current research increasingly emphasizes the transition from isolated algorithmic
improvements toward integrated intelligence frameworks spanning forecasting, control, diagnostics,
and system integration. Hybrid renewable energy systems combining photovoltaic generation with
storage, thermal subsystems, or auxiliary generation exemplify this trend. State-of-the-art
bibliometric analyses highlight that future advances depend not only on prediction accuracy but also
on the ability of Al models to support scalable sizing, adaptive operation, and robust decision-making
under uncertainty across interconnected energy assets [90]. This perspective highlights the need for
Al approaches that transcend component-level optimization and address system-level coordination
and deployment constraints.

A key emerging direction within this landscape is the development of distributed and
decentralized intelligence architectures. Federated and semi-asynchronous learning frameworks
have been proposed to address data privacy, communication overhead, and scalability challenges
inherent in large-scale photovoltaic forecasting and control [128]. By enabling collaborative model
training across geographically distributed assets without centralized data aggregation, these
approaches directly respond to the limitations of traditional cloud-based learning.

Another defining characteristic of these emerging frontiers is the growing emphasis on
interpretability, diagnostics, and deployment readiness. Explainable Al has gained relevance in
predictive maintenance and fault detection, where transparency and trust are essential for large-scale
adoption. Recent studies employing explainable models for photovoltaic system monitoring (often
supported by advanced sensing and imaging techniques) demonstrate how interpretable Al can
enhance decision support and facilitate remote, scalable deployment [129]. When combined with
edge-based deep learning architectures, these approaches enable continuous monitoring, rapid fault
response, and reduced communication latency [130].
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These developments indicate a transition from centralized, data-intensive Al approaches toward
decentralized and interpretable intelligence frameworks for solar-energy systems, enabling more
integrated and adaptive decision-making across multiple operational levels. This shift establishes the
foundation for the cross-disciplinary research frontiers examined in the following subsections.

3.5.1. Materials Discovery and Device Engineering

In photovoltaic materials research, artificial intelligence has emerged as a revolutionary tool,
especially in the creation of next-generation perovskite solar cells (PSCs). High-dimensional design
spaces and lengthy trial-and-error cycles frequently limit traditional experimental methods for
material discovery and device improvement. According to recent research, ML may greatly speed up
the investigation of compositional, structural, and processing characteristics, making it possible to
identify stable and high-performing solar materials more effectively [131].

Extensive evaluations of ML applications in PSCs show how quickly supervised and ensemble
learning approaches are being used to anticipate device performance, stability, and degradation
behavior [131]. By optimizing absorber composition, dopant concentration, and processing
conditions, these data-driven techniques have been successfully used to lessen experimental burden
and increase predictive accuracy. For instance, by methodically navigating the compositional
parameter space, ML-assisted optimization of potassium iodide doping in MAPbI; solar cells has
shown better material stability and power conversion efficiency [132].

In addition to refining absorber layers, Al-enhanced techniques are progressively utilized in the
design of transport layers, which are essential for charge extraction and the performance of devices.
Optimizing the parameters of hole (and electron) transport layers using ML in low-lead and inorganic
perovskite designs has led to a concurrent enhancement in efficiency and environmental friendliness
[133]. Furthermore, automated ML systems have broadened these possibilities by evaluating and
prioritizing prospective hole-selective materials according to factors such as interfacial energetics,
defect resistance, and stability, thus enabling swift material selection with minimal human effort
[134].

Recent advances extend beyond conventional model training toward closed-loop and self-
driving experimentation. Autonomous laboratories integrating high-throughput fabrication, real-
time characterization, and ML-driven decision-making have been proposed as a new paradigm for
perovskite photovoltaic research. Such self-driving platforms enable continuous learning across
experimental iterations, dramatically accelerating the discovery and optimization of emerging
photovoltaic materials and device architectures [135]. These approaches represent a shift from
passive data analysis to active materials exploration guided by Al

Interpretability and physical insight are also gaining importance in Al-assisted materials
discovery. Interpretable ensemble learning models have been employed to predict key electronic
properties, such as bandgaps in halide perovskites, while simultaneously revealing structure-
property relationships that are consistent with known physical principles [136]. This combination of
predictive accuracy and explainability enhances trust in Al-generated recommendations and
supports their integration into physics-guided design workflows. Al has additionally demonstrated
value in bridging materials discovery and scalable manufacturing. ML-based optimization of blade-
coating processes for perovskite mini-modules illustrates how data-driven approaches can improve
film homogeneity and device reproducibility under industrially relevant conditions [137]. Such
developments emphasize the role of Al not only in laboratory-scale discovery but also in enabling
manufacturable and scalable photovoltaic technologies.

3.5.2. Thermochemical and Solar-Fuels Pathways

Beyond photovoltaic-centric optimization, recent research has begun to explore the application
of ML techniques to the design and optimization of solar-thermal energy systems. These systems,
which operate through the conversion of solar radiation into thermal energy, present complex multi-
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physics interactions involving heat transfer, fluid dynamics, material behavior, and system-scale
efficiency trade-offs. Traditional modeling and simulation approaches often struggle to balance
fidelity and computational cost, particularly when large-scale design spaces must be explored.

In this context, digital twins powered by ML have emerged as a promising paradigm for rapid
system-level design and optimization. Zohdi [138] proposed a ML-based digital twin framework for
large-scale solar-thermal energy systems, enabling accelerated exploration of design configurations
while preserving key physical constraints. The approach integrates data-driven surrogate models
with physics-informed insights, allowing for near-real-time evaluation of system performance across
a wide range of operating and geometric parameters. Such frameworks significantly reduce
computational overhead compared to high-fidelity numerical solvers, while maintaining sufficient
accuracy for early-stage design and optimization tasks.

Complementary to digital-twin methodologies, efficiency-aware ML-driven design strategies
have been introduced to optimize solar energy harvesting devices. Baz and Patel [97] developed a
machine-learning-guided optimization framework focused on maximizing system efficiency in solar
harvesters, explicitly incorporating performance constraints and energy conversion metrics into the
learning process. Their results demonstrate that ML models can effectively navigate high-
dimensional design spaces, identifying non-intuitive configurations that outperform conventional
heuristic-based designs

3.5.3. Generative and Explainable Al for Solar Forecasting and Optimization

While fully generative and self-driving Al frameworks remain limited in practical solar-energy
deployments, recent advances in reinforcement learning (RL), multi-agent coordination, and
explainable artificial intelligence (XAI) are progressively enabling autonomous and adaptive system-
level optimization. These approaches represent an intermediate yet critical step toward the
realization of self-directed digital twins and generative decision-making frameworks in solar-energy
systems.

Multi-agent deep reinforcement learning (MADRL) has emerged as a powerful paradigm for
managing the distributed and highly coupled nature of modern energy systems. In the context of PV-
integrated networks, MADRL has been successfully applied to coordinated voltage regulation,
active-reactive power control, and inverter-level decision making, demonstrating improved
scalability and robustness compared to centralized control strategies [139,140]. Similar frameworks
have been extended to residential hybrid energy systems, where multiple learning agents
collaboratively optimize PV generation, energy storage, and electric vehicle charging under dynamic
operating conditions [140,141].

Beyond grid-level control, reinforcement learning has also been adopted for energy
management in solar-assisted buildings and hybrid energy hubs. Studies integrating deep RL with
hydrogen-electric coupling systems and shared energy storage infrastructures illustrate how
learning-based controllers can adapt to stochastic renewable generation while preserving operational
constraints and privacy through federated learning mechanisms [98,142]. These developments point
toward decentralized intelligence architectures capable of supporting large-scale solar-energy
deployment without reliance on centralized supervision.

Explainability and safety considerations are increasingly incorporated into these learning
frameworks to address trust, transparency, and operational risk. Recent work on explainable
predictive maintenance using infrared thermography demonstrates how interpretable models can
support fault diagnosis and condition monitoring in PV systems, bridging the gap between black-
box learning and actionable engineering insight [129]. Similarly, safety-integrated and constraint-
aware RL formulations have been proposed for mobile energy storage scheduling and Volt/VAR
control, enabling autonomous decision making while maintaining system reliability [133,143].

The studies discussed in this section illustrate how Al is progressively expanding its role across
different layers of solar-energy research. In addition to traditional applications in forecasting and
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control, recent work explores the use of Al for materials discovery, hybrid system design, and
advanced energy management strategies. These developments show a broader transition toward
integrated approaches where data-driven models support both device-level innovation and system-
level optimization. At the same time, emerging paradigms such as distributed learning, digital twins,
and interpretable Al are enabling more adaptive and scalable solutions for complex solar-energy
infrastructures. By combining advances in ML, RL, and explainable modeling, current research
increasingly seeks to bridge the gap between algorithm development and practical deployment,
opening new opportunities for intelligent and resilient solar-energy systems.

3.5.4. Physics-Informed Learning and Edge Al

Although physics-informed neural networks (PINNs) remain relatively scarce in large-scale
solar deployments, recent studies increasingly incorporate physical constraints implicitly through
hybrid modeling, model predictive control, and system-aware learning architectures. Data-driven
stochastic model predictive control frameworks have been proposed for real-time energy
management in low-carbon microgrids, demonstrating how physical system dynamics and
operational constraints can be integrated with learning-based predictors to achieve stable and
adaptive control under uncertainty [144].

Edge-oriented intelligence is gaining particular relevance for PV systems, where rapid response
to environmental disturbances and fault conditions is critical. Deep learning approaches deployed
close to the physical assets have been applied to real-time snow-cover detection and associated
energy-loss estimation in solar modules, enabling localized decision making without reliance on
cloud-based processing [145]. Similarly, image-based deep learning models for fault detection and
classification using voltage and current signatures illustrate the feasibility of embedded diagnostics
for PV systems operating under dynamic conditions [146].

Beyond PV-centric applications, the integration of edge AI with advanced communication
infrastructures, such as 6G-enabled Internet of Things (IoT) networks, has been proposed for
intelligent energy management across smart grids and sustainable urban environments. These
architectures combine decentralized learning, edge computing, and secure data exchange
mechanisms to support resilient and autonomous energy systems at scale [147].

These developments highlight a broader transition toward decentralized and system-aware
intelligence frameworks for solar-energy systems. While explicit physics-informed formulations
remain an open research challenge, current edge and federated learning frameworks already embed
physical structure through control constraints, real-time feedback, and operational limits. As such,
they represent a critical step toward fully physics-aware, deployment-ready Al systems capable of
supporting the next generation of resilient and autonomous solar-energy infrastructures.

3.6. Techno-Economic and Socio-Technical Impacts of AI-Enabled Solar Systems

Although relatively new, the integration of Al into current energy systems has already yielded
quantifiable techno-economic and socio-economic benefits. However, it is worth noting that this
integration is still considered to be in its initial stages, and therefore, challenges and opportunities
remain in this field [148].

Among the observed techno-economic benefits, Al-driven predictive maintenance has been
shown to reduce costs by 30% and improve efficiency by 15-20%. Additionally, the automation of
inspection and monitoring processes using Al techniques translates into reductions in inspection
times, with reported decreases of up to 90%, thus reducing labor requirements and operational
interruptions. These improvements imply an increase in system lifespan of around 25%, since early
fault detection and condition-based maintenance prevent accelerated component degradation [149].
Furthermore, the use of Al tools for monitoring and fault diagnosis reduces unplanned downtime by
approximately 25%, directly increasing system availability. At the operational level, these benefits
translate into an increase in energy efficiency of around 15% and a reduction in operating costs of
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approximately 18%, reinforcing the techno-economic viability of highly automated solar systems
[150]. Table 4 summarizes these benefits.

Table 4. Techno-Economic Impacts of Artificial Intelligence on Solar Energy Systems.

Metric Improvement with Al Source

Maintenance Costs 1 30%

Inspection processes time 1 90% [149]
System longevity 1 25%
Downtime 125%

[150]
Energy Yield 115%
Operational Costs 1 18%

From a socioeconomic perspective, the integration of Al into solar energy systems goes beyond
technical and economic performance. Al-based monitoring and decision-support tools enhance the
perceived reliability of the system and reduce operational uncertainty, thereby strengthening trust
among operators and energy managers [151]. Furthermore, the shift from reactive operational
schemes toward predictive and data-driven strategies promotes changes in workforce skills, favoring
technical profiles focused on supervision, data interpretation, and system-level decision making
supported by intelligent algorithms [152]. At the end-user and urban scale, Al integration enables
more active participation in energy management by supporting optimized self-consumption,
demand response, and coordination between distributed generation and flexible loads [153].
However, it should be noted that increased automation may also lead to workforce displacement in
routine operational roles, highlighting the need for adequate reskilling and institutional adaptation
to ensure a just and socially balanced energy transition [152,154].

4. Conclusions and Future Directions

This review showcased the role of Al in the context of solar energy systems, demonstrating that
Al is no longer just a set of isolated techniques for solving specific problems, but has become a layer
that unifies and connects forecasting, operation, integration, and decision-making across multiple
temporal and spatial scales. Rather than replacing physical or traditional models, AI complements
these models by collecting information that allows energy systems to operate reliably under complex
and highly uncertain conditions or scenarios.

A central subject addressed in the review reveals a trend in the use of Al models toward short-
term and very short-term horizons. Operating at these timescales necessitates addressing the cloud
dynamics that govern system behavior at this scale. This is why data-driven and deep-learning
approaches provide their greatest benefit. Time-series approaches capture recurring temporal
patterns, while spatio-temporal and image-based methods extend predictive capability by
embedding spatial awareness and visual information. Furthermore, by combining these tools with
feature engineering, ensemble learning, and probabilistic forecasting, these approaches form a
coherent predictive framework that not only improves accuracy but also enhances robustness and
risk awareness, which are essential for real-time operation and grid integration.

The relevance of Al advances in recent years is more noticeable in a broader context, such as
system operation and integration, where deterministic management has lost ground. Al-operated
systems forecast directly support intelligent control strategies in smart grids, microgrids, and
building-level systems, where generation, storage, and demand must be coordinated dynamically. In
other words, we can understand artificial intelligence as an adaptive mediator between physical
infrastructure and operational objectives, allowing systems to anticipate disturbances, optimize
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resource allocation, and maintain stability. The same predictive and learning capabilities support Al-
driven optimization and maintenance strategies, shifting solar energy systems from reactive
operation toward proactive and condition-based management.

From a system-level perspective, the progress of Al in solar energy appears to have a clear
direction toward increasingly integrated, secure, and intelligent system architectures. FL paradigms,
combined with edge and cloud computing, promise to be pathways to scalable and privacy-
preserving solutions that align with the decentralized nature of modern energy systems. At the same
time, emerging directions of Al in general, such as physics-informed learning, explainable Al, and
generative models, indicate that future developments will extend beyond performance
improvements toward greater transparency, interpretability, and support for long-term system
planning. However, realizing this potential also entails significant challenges, including data
availability and quality, computational and energy costs associated with large-scale Al deployment,
and model generalization across regions and climates.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

ARIMA  Auto Regressive Integrated Moving Average
CNN Convolutional Neural Network
ConvLSTMConvolutional Long Short-Term Memory

csp Concentrated Solar Power

DL Deep Learning

EMC Energy Management and Control
EMS Energy Management System

FL Federated Learning

GRU Gated Recurrent Unit

IoT Internet of Things

LSTM Long Short-Term Memory
MADRL  Multi-Agent Deep Reinforcement Learning
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MAPDbI;  Methylammonium Lead Iodide
ML Machine Learning

MPPT Maximum Power Point Tracking
NWP Numerical Weather Prediction

P&O Perturb and Observe

PINNs Physics-Informed Neural Networks
PSC Perovskite Solar Cell

PV Photovoltaic

PV/T Photovoltaic-Thermal

PV-TEG Photovoltaic-Thermoelectric Generator

RL Reinforcement Learning

RNN Recurrent Neural Network

XAI Explainable Artificial Intelligence
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