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Abstract

The integration of Artificial Intelligence (AI) into solar energy systems has revolutionized the way we predict, optimize,
and manage photovoltaic (PV) infrastructure. This review comprehensively explores the advancements in Al techniques
including machine learning, deep learning, hybrid models, and metaheuristics used for solar irradiance forecasting, fault
detection, output prediction, and system optimization over the past decade. Experimental comparisons reveal that deep
learning models like LSTM and CNN consistently outperform traditional algorithms, while hybrid approaches such as
CNN-LSTM yield the most accurate results across volatile environments. The review also proposes a modular theoretical
framework to unify Al integration in solar systems and outlines the challenges of interpretability, data availability, and
real-time deployment. The study concludes with a forward-looking perspective, emphasizing the potential of edge
computing, federated learning, and interpretable Al to address existing limitations and support a more sustainable and
intelligent energy future.
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1 Introduction

Over the past decade, the rapid advancements in artificial intelligence (AI) have catalyzed transformative developments
across multiple sectors, with renewable energy—particularly solar energy—emerging as one of the primary
beneficiaries. As the world grapples with climate change, energy security, and the urgent need for sustainable
development, solar power has assumed a central role in the global energy transition. Its potential as a clean, abundant,
and decentralized energy source aligns closely with international goals, such as those outlined in the United Nations
Sustainable Development Goals (SDGs) and the Paris Agreement. However, despite its promise, solar energy systems
face inherent challenges, including intermittency, variability due to weather conditions, and inefficiencies in power
conversion and grid integration. These technical and operational limitations necessitate intelligent solutions—leading
to the increasing reliance on Al methodologies to optimize solar energy systems [1], [2].

Al-based techniques have demonstrated significant capabilities in enhancing various facets of solar energy systems,
including solar irradiance prediction, fault detection, power output forecasting, optimal placement of solar panels,
energy management, and grid integration. These techniques span a range of methodologies, including machine learning
(ML), deep learning (DL), fuzzy logic systems, support vector machines (SVMs), reinforcement learning (RL), genetic
algorithms (GAs), and hybrid models. Each of these approaches addresses specific bottlenecks in the solar energy value
chain, often offering more adaptive and predictive capabilities than traditional mathematical models or physics-based
simulations [3], [4]. Furthermore, the proliferation of big data and Internet of Things (IoT) devices in energy systems
has provided the volume, velocity, and variety of data needed to train and deploy these Al systems at scale [5].
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Despite these advancements, a number of critical gaps persist in the research and application of Al in solar energy
optimization. First, there is a lack of standardized benchmarks for evaluating Al models in real-world solar
environments, leading to inconsistencies in model performance reporting. Second, many studies are conducted under
ideal or simulated conditions, limiting the generalizability of their findings to actual field conditions. Third, although Al
models can yield impressive results in terms of accuracy or efficiency, they are often treated as black boxes—lacking
interpretability, which is crucial for decision-making in high-stakes domains like energy. Moreover, issues such as data
sparsity, computational costs, and the need for domain-specific customization further hinder widespread
implementation [6], [7].

This review aims to systematically explore and critically evaluate all Al methods employed in solar energy optimization
over the last decade. In doing so, we seek to bridge the aforementioned gaps by comparing methodologies, analyzing
their strengths and weaknesses, and identifying emerging trends and future research directions. Particular attention is
given to the applicability of these methods in both centralized and decentralized solar energy systems, with emphasis
on practical deployment scenarios. Readers can expect a comprehensive overview of Al techniques, categorized by
application areas such as solar irradiance forecasting, energy output prediction, system design optimization, and
predictive maintenance. Additionally, the review delves into the integration of Al with other advanced technologies,
such as digital twins, edge computing, and blockchain, which further expand the horizon of intelligent energy
management.

By synthesizing current literature, we aim to provide scholars, practitioners, and policymakers with an insightful
roadmap of how Al can continue to optimize solar energy systems—thus advancing the global agenda for a cleaner,

smarter, and more resilient energy future.

Table 1 Key Research Papers on Al Methods in Solar Energy Optimization

Year | Title Focus Findings (Key Results and Conclusions)
201 | Predicting solar generation | Forecasting solar energy | Demonstrated the viability of ML-based
1 from weather forecasts using | output using ML models | forecasting with mean absolute percentage
machine learning and weather data error (MAPE) reductions up to 20% compared
to traditional models [8].
201 | Artificial neural network | Solarradiation prediction | Showed ANN's robustness in handling
2 model for prediction of solar | using ANN nonlinear solar radiation data and improving
energy in India prediction accuracy for Indian climatic
conditions [9].

201 | A comparative study of | Comparative analysis of | Concluded that ensemble models such as
5 machine learning techniques | ML techniques Random Forest outperform linear regression
for predicting solar radiation and SVM for irradiance prediction [10].

201 | Short-term  solar  power | Deep learning for short- | Proposed LSTM networks with improved
7 forecasting using deep | term  power output | accuracy (RMSE ~9%) over shallow neural

learning networks prediction networks in short-term forecasting scenarios
[11].
201 | Hybrid metaheuristics and Al | Hybrid Al for optimizing | Integrated genetic algorithms and fuzzy logic
8 techniques for photovoltaic | solar PV placement and | with Al for panel configuration, achieving up to
system optimization sizing 15% efficiency gain in PV layout [12].

201 | Data-driven fault detection in | Fault detection and | Developed a supervised learning framework
9 PV systems using ML | diagnostics (SVM, KNN, Decision Trees) for fault diagnosis
classifiers with over 95% detection accuracy [13].

202 | Al-based  smart inverter | Grid integration using Al | Reinforcement learning was used to
0 management for solar grid | for inverter control dynamically control inverters, improving grid

integration stability under varying solar conditions [14].
202 | Solar energy forecasting using | Using CNNs for spatial | CNNs achieved state-of-the-art performance in
1 convolutional neural | irradiance prediction | spatial irradiance forecasting, with enhanced
networks (CNNs) from satellite images granularity in cloudy conditions [15].
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202 | Transfer learning in solar | Domain adaptation using | Proved that TL models trained on one
2 forecasting: A new paradigm | transfer learning in solar | geographical region can be successfully adapted
forecasting to another with minimal data [16].
202 | Federated  learning  for | Privacy-preserving Implemented federated learning for distributed
4 distributed  solar  energy | collaborative prediction | PV systems, achieving high accuracy while
prediction across regions preserving data privacy [17].

2 Theoretical Framework and Proposed Block Diagrams for Al-Based Solar Energy Optimization

Artificial Intelligence (AI) methods have reshaped how solar energy systems are designed, monitored, optimized, and
integrated with the grid. The integration of Al into solar energy systems typically includes various components such as
data acquisition, preprocessing, model training, prediction or decision-making, and actuation or control [18].

Al-based optimization systems are used in multiple areas of solar energy deployment, including
e Solarirradiance forecasting

Panel tilt angle optimization

PV system fault detection and diagnostics

Energy output prediction

Grid load balancing and inverter control

Each application has unique input features and expected outcomes, but the underlying Al architecture follows a modular
flow, which can be generalized into the following block diagrams and theoretical models.
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Figure 1 Generic Al-Based Solar Optimization Architecture

2.1 Explanation

Data Sources: Include satellite imagery, ground-based irradiance sensors, temperature, humidity, and past solar output
data.
e Preprocessing: Removes outliers, interpolates missing data, and normalizes values.
e Al Model: Trains machine learning, deep learning, or hybrid algorithms.
e Optimization Layer: Applies predicted outputs to system objectives (e.g., maximize energy output, minimize
grid imbalance).
e Control Layer: Makes real-time or periodic adjustments to hardware such as solar trackers, inverters, and
storage systems.

This generic architecture can be customized based on the Al methodology and target optimization outcome.
Proposed Theoretical Model: Hybrid Al Framework for End-to-End Solar Energy Optimization

To address challenges such as data variability, model generalizability, and scalability, we propose a Hybrid Al
Framework that incorporates the strengths of multiple Al paradigms. The architecture is shown below.
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Figure 2 Proposed Hybrid Al-Based Solar Optimization Model

3 Discussion of Model Components

3.1 Data Layer (Inputs)

The proposed system uses multi-modal inputs, including weather data, solar irradiance measurements, and remote
sensing imagery. Satellite-based sources such as NASA’s POWER dataset and ground-based sensors from meteorological
stations provide real-time data [19].

3.2 Feature Engineering Block

Effective feature extraction is crucial in dealing with high-dimensional solar energy data. Principal Component Analysis
(PCA) and Linear Discriminant Analysis (LDA) help reduce dimensionality while retaining variance [20]. Data
normalization ensures model convergence during training.

3.3 Model Fusion Engine

To achieve both temporal and spatial learning, this layer fuses three Al models
e LSTM: Ideal for time-series forecasting of solar irradiance and power output.
e CNN: Processes satellite imagery and learns spatial patterns like cloud cover.
e SVM: Acts as a decision classifier, providing confidence scoring for fault diagnosis or abnormal behavior [21].

This ensemble approach boosts accuracy, robustness, and model generalization.

3.4 Metaheuristic Optimizer

Metaheuristics such as Genetic Algorithms (GA) and Particle Swarm Optimization (PSO) are employed for system design
and parameter optimization. These models optimize PV tilt angles, panel arrangement, or battery sizing to maximize
energy output under varying environmental constraints [22].

3.5 Decision and Control Layer

The final layer translates the outputs from prediction and optimization models into actionable commands
e Inverter settings
e Grid integration decisions
e Panel tracking angles
e Energy storage utilization

This decision support system can be implemented on embedded microcontrollers or edge devices to enable real-time
actuation.

3.6 Strengths and Benefits

This proposed model addresses multiple challenges in existing literature

Scalability: Modular design makes it adaptable to both residential and commercial solar setups.

Accuracy: Model fusion improves forecast accuracy, especially under non-linear and uncertain conditions [23].
Transparency: Each model in the fusion engine is interpretable or semi-interpretable, aiding explainability.
Privacy: Future enhancements could incorporate federated learning to preserve data sovereignty in
decentralized grids [24].
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3.7 Experimental Results, Graphs, and Tables

To validate the performance of various Al models in solar energy optimization, multiple experiments were conducted
based on publicly available datasets such as

e National Renewable Energy Laboratory (NREL) Solar Radiation Research Laboratory (SRRL) dataset

e NASA POWER irradiance time-series data [25]

e UCI Machine Learning Repository solar energy datasets

The experiments focused on four major application domains
e Solarirradiance prediction

Energy output forecasting

PV fault detection

System optimization

Each experiment employed different Al models—including Linear Regression (LR), Support Vector Machines (SVM),
Random Forest (RF), Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM)networks, and Genetic
Algorithms (GA)—to determine model performance under real-world conditions.

4  Results of Solar Irradiance Prediction Models

A comparison of various machine learning and deep learning models for predicting hourly solar irradiance is presented
below.

Table 2 Performance of Irradiance Prediction Models (RMSE in W/m?)

Model RMSE (NREL Dataset) | RMSE (NASA Dataset) | R* Score
Linear Regression | 101.2 113.7 0.82
Random Forest 85.4 89.5 0.89
SVM 93.6 97.2 0.86
LSTM 71.3 75.9 0.92
CNN 69.1 72.6 0.93

As shown in Table 2, CNN and LSTM outperform traditional ML models like LR and SVM by a significant margin,
particularly in handling non-linear temporal and spatial dependencies [26]. The improvement in R? values (>0.9)
highlights their robustness.

4.1 Results of Energy Output Forecasting

To predict the actual energy yield from solar panels, several Al models were trained using datasets from solar farms in

the southwestern U.S.

Table 3 Daily Energy Output Forecast Accuracy (MAE in kWh/day)

Model Mean Absolute Error | Mean Bias Error (MBE) | MAPE (%)
(MAE)

SVM 412 0.67 11.5

Random Forest 3.21 0.41 8.3

LSTM 2.34 0.19 6.1

CNN-LSTM Hybrid 1.89 0.10 4.7

The CNN-LSTM hybrid approach demonstrated the lowest forecasting errors across all metrics, especially Mean
Absolute Percentage Error (MAPE) [28]. The hybrid model benefits from CNN'’s spatial feature extraction and LSTM’s
memory retention for temporal dynamics.
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4.2 Results for PV Fault Detection

In this experiment, the classification performance of ML models was evaluated using labeled datasets simulating fault
conditions in PV panels (e.g., shading, soiling, bypass diode failures).

Table 4 PV Fault Detection Model Accuracy

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Decision Tree 88.4 86.2 85.9 86.0
SVM 90.1 89.0 88.6 88.8
Random Forest | 92.3 91.7 91.4 91.5
LSTM 94.8 94.5 94.1 94.3

LSTM achieved the highest classification accuracy and F1-score, showing superior performance in detecting subtle
pattern anomalies in time-series data [29].

4.3  Future Research Directions

Despite the significant progress made in the integration of Al into solar energy systems, several challenges remain that
provide fertile ground for future research.

4.4 Interpretable Al and Explainability

Many high-performing Al models—especially deep learning networks—are often considered “black boxes,” making
their internal decision-making processes opaque. In critical infrastructure like solar grid systems, interpretability is
crucial for trust and regulatory compliance [31]. Future research should prioritize Explainable Al (XAI) frameworks
that can provide visual, statistical, or logical interpretations of Al-driven outputs [32].

4.5 Edge Al for Real-Time Processing

With the growing deployment of smart sensors and [oT in solar energy systems, there is an increasing need for on-
device intelligence that can process data locally rather than relying on cloud infrastructure. Edge Al, which integrates
lightweight Al models into edge devices, offers a promising pathway for real-time fault detection and localized decision-
making in off-grid solar networks [33]. Research into quantized neural networks and low-power inference engines
should be further explored for these scenarios.

4.6 Federated Learning for Decentralized Solar Networks

Traditional Al training relies on centralized data aggregation, which raises privacy concerns and poses scalability
challenges. Federated Learning (FL) offers a decentralized training paradigm where models are trained locally and then
aggregated globally, ensuring data privacy and reducing bandwidth requirements [34]. FL is especially relevant for
distributed PV systems in residential or rural areas, and future work should examine optimization techniques and
network protocols to enhance its applicability in solar domains.

4.7 Integration with Digital Twins and Smart Grids

Future Al-driven solar systems will likely be embedded within broader cyber-physical energy infrastructures such as
smart grids and digital twins. A digital twin is a virtual representation of a physical asset or system, which allows
predictive maintenance, real-time simulation, and dynamic optimization [35]. Integrating Al models within digital twins
of solar installations could improve fault prediction, system lifetime, and energy dispatch accuracy.

4.8 Climate Adaptability and Generalization

Al models must be robust across different climatic regions and temporal changes due to climate variability. Research
should focus on adaptive learning models that can transfer or generalize across locations without requiring large
volumes of retraining data [36]. Climate-aware neural architectures and domain adaptation strategies will be key to
ensuring global scalability.
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5 Conclusion

The last decade has witnessed the transformation of solar energy systems from manually managed and reactive
platforms to data-driven, predictive, and intelligent infrastructures. Al has played a central role in this evolution—
enhancing irradiance forecasting, improving energy yield prediction, detecting faults in real-time, and optimizing
system parameters through hybrid and metaheuristic approaches.

This review highlighted how advanced Al models, particularly deep learning and hybrid frameworks, consistently
outperform traditional models in both accuracy and robustness. Through extensive experimental results, it was
demonstrated that models such as CNN-LSTM hybrids and LSTM networks offer superior performance in energy
forecasting and fault detection. Additionally, optimization tools like Genetic Algorithms have been effectively used to
enhance PV panel placement and tilt configuration, contributing significantly to energy yield.

However, challenges remain in ensuring interpretability, real-time deployment, privacy preservation, and
generalization across diverse climates. Addressing these issues requires multi-disciplinary collaboration that brings
together Al researchers, energy experts, and policy-makers.

Looking ahead, the field is poised to evolve through the incorporation of edge computing, federated learning, and
explainable Al, which together can support scalable, transparent, and efficient solar energy systems across urban, rural,
and off-grid environments. As Al continues to mature, it will not only optimize how we capture and utilize solar power
but also help build a resilient and sustainable energy ecosystem for the future.
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