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Abstract.This paper reviews the advancements in machine learning 

techniques for enhanced solar power generation forecasting. Solar energy, 

a potent alternative to traditional energy sources, is inherently intermittent 

due to its weather-dependent nature. Accurate forecasting of photovoltaic 

power generation (PVPG) is paramount for the stability and reliability of 

power systems. The review delves into a deep learning framework that 

leverages the long short-term memory (LSTM) network for precise PVPG 

forecasting. A novel approach, the physics-constrained LSTM (PC-

LSTM), is introduced, addressing the limitations of conventional machine 

learning algorithms that rely heavily on vast data. The PC-LSTM model 

showcases superior forecasting capabilities, especially with sparse data, 

outperforming standard LSTM and other traditional methods. Furthermore, 

the paper examines a comprehensive study from Morocco, comparing six 

machine learning algorithms for solar energy production forecasting. The 

study underscores the Artificial Neural Network (ANN) as the most 

effective predictive model, offering optimal parameters for real-world 

applications. Such advancements not only bolster the accuracy of solar 
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energy forecasting but also pave the way for sustainable energy solutions, 

emphasizing the integration of these findings in practical applications like 

predictive maintenance of PV power plants.  

1 Introduction 

The global economy's growth trajectory has led to an escalating demand for electricity, with 

a significant portion of this demand historically met through the consumption of fossil 

fuels. This reliance on non-renewable energy sources has precipitated a host of 

environmental challenges, most notably the emission of greenhouse gases, which are 

primary contributors to global warming and subsequent climate change. As a 

countermeasure, the past decade has witnessed a surge in the generation of electricity from 

renewable sources, with photovoltaic (PV) energy emerging as a frontrunner. The potential 

of PV energy is underscored by the sheer magnitude of solar radiation the Earth receives, 

which is ample to cater to global human activity. 

 

However, the efficacy of PV energy hinges on accurate forecasting of PV power generation 

(PVPG). Such forecasting is pivotal for power system operations, aiding power suppliers in 

formulating commercial offers and ensuring the stability of power systems. The challenge 

lies in the inherent variability of PV outputs, which are influenced by solar irradiance and a 

myriad of meteorological factors. This variability, coupled with the unpredictable nature of 

these factors, makes PVPG forecasting a complex endeavor. Over the years, various 

forecasting techniques have been developed, ranging from physical and statistical models to 

machine learning and hybrid models. Each of these models offers unique advantages and is 

suited to specific scenarios. 

 

The advent of machine learning, especially in the context of solar energy prediction, has 

revolutionized the domain. Traditional methods, which relied heavily on manual 

calculations and empirical formulas, are now being overshadowed by machine learning 

algorithms capable of sifting through vast datasets to discern patterns and trends. These 

algorithms, by virtue of their adaptability and ability to capture dynamic interactions, offer 

a level of precision and reliability previously unattainable. The overarching goal of this 

review is to provide a comprehensive analysis of the energy production forecasting of solar 

panels. Through a meticulous examination of various machine learning models, we aim to 

discern the most efficacious model for predicting energy in analogous scenarios, thereby 

contributing to the broader discourse on sustainable energy solutions. 

2 Review and discussion 

In a study by Luo et al. (2021), the authors delve deep into the intricacies of photovoltaic 

power generation forecasting [1]. They emphasize the significance of solar energy as a 

sustainable alternative to traditional energy sources. The challenge, however, is the 

weather-dependent nature of PV power generation, which makes it highly intermittent. To 

address this, the researchers propose a deep learning-based framework, particularly 

leveraging the capabilities of the long short-term memory (LSTM) network. This approach 

is designed to overcome the shortcomings of existing machine learning algorithms that 

solely depend on vast amounts of data, often leading to potentially inaccurate forecasts. By 

introducing the physics-constrained LSTM (PC-LSTM) model, the study showcases its 

enhanced forecasting capabilities, especially when compared to standard machine learning 

and statistical methods. 
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The research highlighted the various techniques and models used in PVPG forecasting, 

ranging from physical and statistical models to machine learning and hybrid models. Each 

of these models offers unique advantages and is suited for specific scenarios and 

conditions. 

 

Table 1. Comparative Analysis of PV Power Generation Forecasting Models [3-9] 

Model Description 
Challenges/Technology 

Gaps 
Advantages 

Physical 

Model 

Developed based on global 

irradiance on solar cells and 

mathematical equations 

describing the PV system's 

physical state. 

Accuracy may not be 

guaranteed under changing 

weather conditions. 

Offers acceptable 

forecasting accuracy 

under stable weather 

conditions. 

Statistical 

Model 

Specifies a mathematical 

relationship between random 

and non-random variables. 

Forms the basis for inferences 

and predictions. 

Limited to the relationships 

defined by the statistical 

models. 

Versatile and forms 

the basis for both 

inferences and 

predictions. 

Machine 

Learning 

(ML) 

Model 

Developed based on the 

statistical model and applied to 

various fields, including PVPG 

forecasting. Involves preparing 

data, training an algorithm, and 

generating the ML model. 

Traditional ANN (like 

FCNN) may not consider 

time-series correlations. 

Capable of capturing 

dynamic interactions 

between variables and 

adjusting to changing 

conditions. 

Hybrid 

Model 

Combines two or more 

techniques to improve 

forecasting accuracy. Explores 

potential combinations of 

different topologies. 

Stand-alone techniques might 

not be sufficient for accurate 

forecasting. 

Offers improved 

accuracy by 

leveraging the 

strengths of multiple 

models. 

 

In the light of our review, it's evident that the advancements in deep learning and the 

incorporation of domain knowledge play a pivotal role in enhancing the accuracy of PV 

power generation forecasting. The work by Luo et al. serves as a testament to the potential 

of integrating advanced machine learning techniques with domain-specific knowledge. As 

we continue to explore the realm of renewable energy sources and their integration into our 

power systems, such innovative approaches will be instrumental in ensuring the stability 

and reliability of these systems. The findings from this study not only contribute to the 

academic discourse on PV power generation forecasting but also provide practical insights 

for industry stakeholders aiming to optimize their PV systems. 

 

Another study by Ledmaoui et al. (2023) delves deeply into the realm of forecasting energy 

generation using an array of machine learning models [2]. This comprehensive research, 

grounded on meticulous data collection from a 24 KWc solar plant spanning a year, sought 

to decipher the intricacies of various forecasting models. The overarching goal was to 
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pinpoint the most adept model for energy generation forecasting, especially when applied to 

analogous scenarios, thereby providing a robust foundation for future endeavours in the 

domain of solar energy forecasting. 

 

Key Findings [10-13]: 

 Model Superiority: The ANN model showcased exemplary performance, 

overshadowing other contenders like Support Vector Regression (SVR), Random 

Forest (RF), Decision Tree (DT), Generalized Additive Model (GAM), and 

XGBoost across diverse evaluation metrics. 

 Optimal Parameter Identification: Utilizing the GridSearchCV function was 

pivotal in honing in on the best parameters for the ANN model, solidifying its 

dominance in forecasting accuracy. 

 Dataset Significance: The outcomes and insights derived from the study are 

intrinsically tied to the dataset's unique characteristics, underscoring the 

paramount importance of data integrity in machine learning endeavours. 

 Influential Environmental Parameters: The study gave prominence to 

temperature and irradiance as cardinal factors. While temperature has a bearing on 

the efficiency of photovoltaic panels, irradiance directly steers the energy yield. 

 

In the context of "Machine Learning Integration for Enhanced Solar Power Generation 

Forecasting", the findings of Ledmaoui et al. serve as a testament to the transformative 

potential of machine learning models. Their research not only underscores the efficacy of 

the ANN model but also accentuates the importance of meticulous parameter tuning and 

data integrity. Such insights are invaluable, especially when the objective is to harness solar 

energy optimally. 

 

Furthermore, the study's emphasis on real-world data and its implications on model 

performance resonates deeply with the broader theme of integrating machine learning for 

solar power forecasting. As the global energy landscape shifts towards more sustainable 

sources, leveraging advanced machine learning techniques, as highlighted by Ledmaoui et 

al., becomes paramount. Their work acts as a beacon, guiding future research and 

applications in the realm of solar power generation forecasting, ensuring that we harness 

the sun's potential to its fullest while navigating the challenges with informed, data-driven 

strategies. 

 

3 Future Scope of Research 

As the realm of solar power generation forecasting continues to evolve, bolstered by the 

integration of machine learning techniques, there remains a vast expanse of uncharted 

territories awaiting exploration. The dynamic interplay between technology, environmental 

factors, and energy demands necessitates a forward-looking approach. Herein, we outline 

potential avenues for future research that could further enhance our understanding and 

optimisation of solar power generation forecasting. 

 

1. Deep Learning Integration: While machine learning models like ANN have 

shown promise, the integration of more advanced deep learning architectures, such 

as Transformer-based models, could offer even more precise forecasting 

capabilities. 
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2. Real-time Data Streams: Exploring the potential of real-time data streams, 

possibly from IoT devices, to provide instantaneous feedback and adjustments to 

forecasting models. 

3. Multi-modal Data Integration: Incorporating diverse data sources, such as 

satellite imagery and geospatial data, to provide a more holistic view of 

environmental factors affecting solar power generation. 

4. Scalability and Efficiency: Research into models that can efficiently handle vast 

datasets without compromising on forecasting accuracy, ensuring scalability for 

larger solar installations. 

5. Model Interpretability: Given the black-box nature of many machine learning 

models, future research could focus on enhancing model interpretability, ensuring 

stakeholders understand model decisions. 

6. Climate Change Impact: As global climates shift, understanding and forecasting 

the impact of these changes on solar power generation will become increasingly 

crucial. 

 

4 Knowledge Gaps 

While strides have been made in the domain of solar power generation forecasting with 

machine learning integration, certain knowledge gaps persist. Addressing these gaps is not 

only pivotal for academic enrichment but also for practical applications, ensuring that 

forecasting models are both robust and adaptable. Below, we highlight some of these 

prevailing gaps in our current understanding. 

 

1. Model Generalisability: Current models, though effective in specific scenarios, 

may not always generalise well across diverse geographical locations or varying 

solar installation sizes. 

2. Impact of Extreme Weather Events: There's limited understanding of how 

extreme weather events, which are becoming more frequent due to climate change, 

impact solar power generation and how models can effectively forecast during 

these anomalies. 

3. Long-term Forecasting: While short-term forecasting has seen significant 

advancements, long-term solar power generation forecasting, spanning months to 

years, remains a challenging frontier. 

4. Integration Challenges: The practical challenges of integrating machine learning 

models into existing solar power infrastructure, especially in regions with older 

installations, are not thoroughly explored. 

5. Economic Implications: The economic ramifications of machine learning-

enhanced forecasting, in terms of cost savings, efficiency gains, and potential 

return on investment, are areas that warrant deeper investigation. 

6. Ethical and Privacy Concerns: As with all data-driven approaches, 

understanding the ethical implications and potential privacy concerns, especially 

when integrating IoT devices, is a gap that needs addressing. 

 

5 Conclusion 

As we culminate our exploration into the integration of machine learning for enhanced solar 

power generation forecasting, it becomes imperative to distil the essence of our findings. 
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The convergence of renewable energy and advanced computational techniques promises a 

future of efficient, sustainable, and reliable energy solutions. Here, we encapsulate six 

pivotal findings from our review, drawing connections to the broader landscape of solar 

power forecasting and our initial abstract. 

 

1. Superiority of ANN: The Artificial Neural Network (ANN) model has emerged 

as a frontrunner in solar power generation forecasting, demonstrating unparalleled 

accuracy and robustness, especially when compared to other machine learning 

models. 

2. Importance of Domain Knowledge: While machine learning offers powerful 

predictive capabilities, the integration of domain-specific knowledge, as seen with 

the physics-constrained LSTM (PC-LSTM), can significantly enhance forecasting 

reliability and prevent unreasonable predictions. 

3. Diverse Forecasting Techniques: The landscape of solar power generation 

forecasting is vast, encompassing physical models, statistical models, machine 

learning models, and hybrid models. Each offers unique advantages, and their 

combined potential remains largely untapped. 

4. Real-time Monitoring and Predictive Maintenance: The integration of IoT 

devices and real-time monitoring systems, as proposed in some studies, can 

revolutionise the way solar power plants operate, enabling predictive maintenance 

and ensuring optimal performance. 

5. Challenges and Limitations: Despite the advancements, there are inherent 

challenges in model generalisability, handling of extreme weather events, and 

long-term forecasting. Addressing these challenges is crucial for the broader 

applicability of the models. 

6. Economic and Environmental Implications: Beyond the technical prowess, the 

integration of machine learning in solar power forecasting has profound economic 

and environmental implications. Enhanced forecasting accuracy can lead to 

significant cost savings, reduced waste, and a more sustainable energy future. 

In reflection, our review underscores the transformative potential of machine learning in 

reshaping the solar power generation landscape. As we highlighted in our abstract, this 

paper reviews the seminal works in the domain, offering insights and directions for future 

endeavours. The fusion of domain expertise with computational intelligence paves the way 

for a brighter, greener future. 
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