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ABSTRACT 

SOLAR ENERGY POWER PREDICTION SYSTEM BASEB ON MACHINE 

LEARNING APPROACHES 

AL-BAZI, Mohammed Hikmat Mumtaz 

M.Sc., Electrical and Computer Engineering, ALTINBAŞ University,

          Supervisor: Assoc. Prof. Dr. Sefer KURNAZ 

Date: December/2023 

Page: 89 

Solar energy is a crucial and sustainable source for electricity generation. The optimization 

of solar energy systems is essential to maximize their efficiency and utilization. This thesis 

explores the application of machine learning algorithms, specifically Support Vector 

Machine (SVM) and Artificial Neural Network (ANN), for the purpose of solar energy 

optimization. The research focuses on predicting various meteorological parameters that 

significantly impact solar energy generation, including air temperature, surface humidity, 

radiance intensity, ozone levels, total precipitable water vapor, and wind speed. The 

performance of the SVM and ANN models is evaluated using the Root Mean Squared Error 

(RMSE) metric, which quantifies the average deviation between the predicted and actual 

values. The results demonstrate the effectiveness of the SVM and ANN models in accurately 

predicting meteorological parameters for solar energy optimization. The SVM model 

achieves an overall RMSE ranging from 2.14 to 16.49, while the ANN model exhibits 

superior performance with RMSE ranging from 1.80 to 14.23. These metrics signify the 

model’s ability to capture variations in meteorological parameters and provide reliable 

predictions. Moreover, the thesis delves into the data preprocessing techniques utilized, such 

as feature scaling using StandardScaler, and the hyperparameter tuning process, which 

enhances the models' performance. Visualization techniques, including line plots and scatter 

plots, are employed to facilitate the interpretation and analysis of the results. The findings of 

this study offer valuable insights into the optimization of solar energy systems using machine 

learning techniques. Accurate prediction of meteorological parameters enables the efficient 

harnessing of solar energy, leading to increased sustainability and improved energy 
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generation. This research contributes to ongoing endeavors in the field of renewable 

energy and paves the way for further exploration and advancements in solar energy 

optimization.

 Keywords: Solar Energy, Machine Learning, Optimization, Support Vector 

Machine, Artificial Neural Network.  
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1. INTRODUCTION

1.1   BACKGROUND 

Solar energy has emerged as a promising and sustainable alternative to conventional energy 

sources due to its abundant availability and environmentally friendly nature. It harnesses the 

power of sunlight to generate electricity, reducing reliance on fossil fuels and mitigating 

greenhouse gas emissions [1]. The widespread adoption of solar power systems has the 

potential to address the challenges of climate change, energy security, and sustainable 

development [2]. However, the intermittent and variable nature of solar energy poses 

challenges for its efficient integration into the power grid. The availability of solar energy is 

highly dependent on various weather and environmental factors, such as air temperature, 

surface humidity, radiance intensity, surface incoming short-wave flux, ozone concentration, 

and wind speed [3]. Accurate prediction of solar energy generation is essential for optimizing 

the planning and operation of solar power systems, ensuring grid stability, and maximizing 

the utilization of solar resources [4]. Traditional statistical and numerical methods for solar 

energy prediction often struggle to capture the complex and non-linear relationships between 

solar energy generation and the influencing factors. These methods rely on simplistic 

assumptions and fail to capture the intricate dynamics and interactions between the various 

parameters [5]. Therefore, there is a growing need for advanced prediction models that can 

effectively handle the complexity and non-linearity inherent in solar energy generation [6]. 

Machine learning techniques, such as Support Vector Machines (SVM) and Artificial Neural 

Networks (ANN), have shown great potential in various prediction tasks across different 

domains. SVM is a powerful algorithm for classification and regression tasks that can 

capture complex relationships and handle high-dimensional data [7]. ANN, inspired by the 

structure and functioning of the human brain, is particularly adept at capturing non-linear 

patterns and handling large datasets [8]. By leveraging the capabilities of SVM and ANN, it 

is possible to develop accurate and reliable models for solar energy prediction. These models 

can learn from historical data, capturing the intricate relationships between the weather and 

environmental variables and solar energy generation [9]. The integration of machine learning 

algorithms into solar energy forecasting can provide valuable insights for energy planners, 

grid operators, and policymakers, enabling effective energy management, grid stability, and 

informed decision-making [10]. In this thesis, we aim to explore the potential of SVM and 
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ANN models in predicting solar energy generation based on various weather and 

environmental factors. By developing robust and accurate prediction models, we can 

contribute to the optimization of energy production and management systems, facilitate the 

integration of solar power into the grid, and advance the transition towards a sustainable 

energy future. 

1.2   MOTIVATION 

The rapid increase in global energy demand, coupled with the urgent need to mitigate climate 

change, has fueled the search for sustainable and renewable energy sources. Among these 

sources, solar energy has emerged as a promising solution due to its abundance, widespread 

availability, and minimal environmental impact. Solar power systems offer numerous 

benefits, including reduced dependence on fossil fuels, lower greenhouse gas emissions, and 

enhanced energy security. However, despite its immense potential, the integration of solar 

energy into the existing power grid poses several challenges. One of the main challenges is 

the intermittent and variable nature of solar energy generation. Solar power output is highly 

influenced by various environmental factors, such as weather conditions, including air 

temperature, surface humidity, radiance intensity, surface incoming short-wave flux, ozone 

concentration, and wind speed. The complex interplay of these factors makes it difficult to 

accurately predict the amount of solar energy that can be generated at a given time. Accurate 

solar energy prediction plays a vital role in the efficient planning, operation, and 

management of solar power systems. It enables grid operators to anticipate fluctuations in 

solar energy generation, balance supply and demand, and ensure grid stability. Moreover, 

accurate solar energy prediction facilitates effective energy management, enables optimal 

dispatching of energy resources, and supports decision-making processes related to energy 

trading, infrastructure planning, and investment strategies. Traditional methods for solar 

energy prediction, such as statistical and numerical techniques, have limitations in capturing 

the complex relationships and non-linear patterns inherent in solar energy generation. These 

methods often rely on simplistic assumptions and fail to fully exploit the potential of the 

available data. To overcome these limitations, machine learning techniques, specifically 

Support Vector Machines (SVM) and Artificial Neural Networks (ANN), have gained 

prominence in solar energy prediction. SVM and ANN models have shown great potential 

in capturing the non-linear relationships between environmental factors and solar energy 
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generation. These models can effectively learn from historical data, adapt to changing 

conditions, and provide accurate predictions. The motivation behind this research is to 

explore and evaluate the capabilities of SVM and ANN models in predicting solar energy 

generation based on various weather and environmental factors. By developing robust and 

accurate prediction models, we aim to contribute to the advancement of solar energy 

forecasting techniques, optimize the utilization of solar resources, and facilitate the 

integration of solar power into the grid. The outcomes of this research will have practical 

implications for energy planners, grid operators, and policymakers, enabling them to make 

informed decisions for efficient energy management and the transition towards a sustainable 

energy future. 

1.3   PROBLEM STATEMENT 

Solar energy is a vital and sustainable source of electricity generation, requiring effective 

optimization techniques to maximize efficiency and utilization. This thesis addresses the 

need for accurate predictions of meteorological parameters that significantly impact solar 

energy generation. The research focuses on the application of machine learning algorithms, 

specifically Support Vector Machine (SVM) and Artificial Neural Network (ANN), to 

predict key parameters such as air temperature, surface humidity, radiance intensity, ozone 

levels, total precipitable water vapor, and wind speed. The objective is to evaluate and 

compare the performance of SVM and ANN models in optimizing solar energy systems. The 

primary metric used for performance evaluation is the Root Mean Squared Error (RMSE), 

which quantifies the average deviation between predicted and actual meteorological 

parameter values. By applying the SVM and ANN models, this study aims to accurately 

capture the variations in these parameters, providing reliable predictions for solar energy 

optimization. Additionally, the research explores the impact of data preprocessing 

techniques, including feature scaling using StandardScaler, and the hyperparameter tuning 

process to enhance model performance. 

The thesis employs visualization techniques such as line plots and scatter plots to facilitate 

the interpretation and analysis of the results. Through these efforts, the research aims to 

contribute valuable insights into the field of solar energy optimization using machine 

learning techniques. Accurate predictions of meteorological parameters will enable the 

efficient harnessing of solar energy, fostering increased sustainability and improved energy 
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generation. This study seeks to advance ongoing endeavors in renewable energy and pave 

the way for further exploration and advancements in the optimization of solar energy 

systems. 

1.4   THESIS OBJECTIVES 

The main objective of this thesis is to investigate and compare the effectiveness of Support 

Vector Machine (SVM) and Artificial Neural Network (ANN) models in optimizing solar 

energy systems through accurate prediction of meteorological parameters. The specific 

objectives are as follows: 

a. Explore the application of SVM and ANN algorithms for predicting meteorological

parameters that significantly impact solar energy generation, including air temperature,

surface humidity, radiance intensity, ozone levels, total precipitable water vapor, and

wind speed.

b. Evaluate the performance of the SVM and ANN models using the Root Mean Squared

Error (RMSE) metric to quantify the average deviation between predicted and actual

values of meteorological parameters.

c. Assess the ability of the SVM and ANN models to capture variations in meteorological

parameters and provide reliable predictions, thereby facilitating solar energy

optimization.

d. Investigate the impact of data preprocessing techniques, such as feature scaling using

StandardScaler, on the performance of SVM and ANN models in predicting

meteorological parameters.

e. Explore the process of hyperparameter tuning to optimize the SVM and ANN models and

improve their prediction accuracy.

f. Utilize visualization techniques, such as line plots and scatter plots, to aid in the

interpretation and analysis of the results obtained from the SVM and ANN models.

g. Provide valuable insights into the field of renewable energy by demonstrating the

potential of machine learning techniques in optimizing solar energy systems.

h. Contribute to ongoing endeavors in solar energy optimization, paving the way for further

research and advancements in the utilization of machine learning for sustainable energy

generation.
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By achieving these objectives, this thesis aims to enhance the understanding of solar energy 

optimization and provide practical solutions for increasing the efficiency and utilization of 

solar power through the application of machine learning algorithms. 

1.5   THESIS CONTRIBUTION 

This thesis makes several substantial contributions to the field of solar energy optimization 

through the application of machine learning algorithms, demonstrating its importance and 

potential impact. The key contributions of this research are outlined below: 

a. Practical Application of Machine Learning Techniques: The thesis showcases the 

practical application of Support Vector Machine (SVM) and Artificial Neural Network 

(ANN) models for accurately predicting meteorological parameters that significantly 

influence solar energy generation. By leveraging these machine learning algorithms, this 

study offers a novel and effective approach to optimize solar energy systems, providing 

a valuable contribution to the field. 

b. Comprehensive Comparative Performance Evaluation: The thesis conducts a meticulous 

comparative analysis of SVM and ANN models, assessing their respective capabilities in 

accurately predicting meteorological parameters. Through the use of the Root Mean 

Squared Error (RMSE) metric, the research establishes the superior performance of the 

ANN model compared to the SVM model. This comparative evaluation provides crucial 

guidance for selecting the most suitable algorithm for solar energy optimization tasks. 

c. Insights into Solar Energy Optimization: By delivering accurate predictions of 

meteorological parameters, this research provides valuable insights into the optimization 

of solar energy systems. The findings enable informed decision-making processes 

pertaining to system design, operation, and maintenance, thereby fostering increased 

sustainability and improved energy generation. These insights offer a significant 

contribution to the advancement of solar energy optimization practices. 

d. Impact of Data Preprocessing Techniques: The thesis investigates the impact of data 

preprocessing techniques, specifically feature scaling using StandardScaler, on the 

performance of SVM and ANN models. Through careful analysis, the research offers 

practical recommendations to enhance the accuracy and reliability of meteorological 

parameter predictions. This contribution strengthens the overall effectiveness of solar 
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energy optimization efforts and provides valuable guidance for preprocessing 

methodologies. 

e. Refinement through Hyperparameter Tuning: The research delves into the

hyperparameter tuning process for SVM and ANN models. By optimizing the model

parameters, the study significantly enhances their accuracy and robustness, resulting in

more reliable predictions for solar energy optimization tasks. This contribution provides

crucial insights into the importance of hyperparameter tuning for achieving optimal

model performance in the context of solar energy optimization.

f. Visualizations for Enhanced Result Analysis: The thesis employs effective visualization

techniques, such as line plots and scatter plots, to facilitate the interpretation and analysis

of results obtained from SVM and ANN models. These visualizations assist researchers

and practitioners in comprehending the intricate relationships between meteorological

parameters and solar energy generation. This contribution enhances result analysis and

aids in making informed decisions regarding solar energy optimization strategies.

Overall, this thesis represents a substantial advancement in the field of renewable energy by 

integrating machine learning algorithms into solar energy optimization. The findings, 

methodologies, and insights presented in this research contribute significantly to ongoing 

efforts in harnessing solar energy efficiently and sustainably. The thesis paves the way for 

further exploration, advancements, and practical implementation of machine learning 

techniques in the optimization of solar energy systems, ultimately fostering a greener and 

more sustainable future. 

1.6   THESIS OUTLINE 

The thesis is structured into several chapters to provide a comprehensive and cohesive 

analysis of the research on solar energy by using machine learning tehcnquies. Chapter 1: 

Introduction, in this opening chapter, the thesis begins with an introduction to the topic of 

solar energy. It provides a comprehensive background of solar energy, highlighting its 

significance as a renewable energy source. The chapter also emphasizes the global energy 

demand and the increasing need for sustainable solutions. Furthermore, it explores the role 

of machine learning in the context of solar energy research. The research objectives and aims 

are clearly stated, and the chapter concludes by outlining the methodology that will be 

utilized throughout the study. Chapter 2, theoretical background and related work, focuses 
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on establishing a strong theoretical foundation for the research. It explores the various solar 

energy conversion technologies, including photovoltaics, concentrated solar power, and 

solar thermal systems. Each technology is discussed in detail, outlining its principles of 

operation, advantages, and limitations. The chapter also provides an extensive review of 

existing literature related to the application of machine learning in the field of solar energy. 

This review helps identify gaps in the current knowledge and serves as a basis for the 

subsequent research. Chapter 3, elaborates on the methods employed in the research. It 

provides an in-depth description of the data collection process, including the sources of solar 

energy data and the techniques used for data pre-processing. Moreover, the chapter discusses 

the machine learning algorithms and models utilized in the study, explaining their relevance 

to the research objectives. Detailed information on model training, validation, and evaluation 

procedures is presented, ensuring transparency and reproducibility of the findings. Chapter 

4 presents the results derived from the application of machine learning techniques to solar 

energy data. The findings are presented in a clear and organized manner, using appropriate 

visualizations and statistical analysis where necessary. The chapter discusses the 

performance metrics employed to evaluate the models and highlights any noteworthy 

observations or trends observed in the results. It also addresses any limitations or challenges 

encountered during the research process, providing a comprehensive analysis of the 

outcomes. Chapter 5, The final chapter concludes the thesis and provides a summary of the 

main findings and contributions. The conclusions drawn from the study are discussed, 

highlighting their implications for the field of solar energy and machine learning. The 

chapter also suggests potential areas for future research, outlining directions for further 

investigation and improvement. Furthermore, recommendations for policymakers, industry 

stakeholders, or researchers are presented to guide future initiatives in the field. The thesis 

concludes by emphasizing the significance of machine learning in advancing solar energy 

technologies and contributing to a sustainable energy future. 
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Figure 1.1: Flowchart Shows the Outline of the Thesis. 



9 

2. LITERATURE REVIEW

2.1   INTRODUCTION 

In this chapter, we provide a comprehensive theoretical background and review of related 

work in the field of software defect prediction. It begins by discussing the definition and 

importance of software defects, highlighting the challenges associated with predicting them 

and the significance of accurate defect prediction for software quality assurance. The chapter 

then focuses on a comparative analysis of research approaches in software defect prediction. 

It presents an overview of existing research studies, examining different methodologies and 

techniques employed by researchers. The aim is to identify commonalities, differences, and 

areas of improvement in the existing approaches. By conducting this comparative analysis, 

the chapter aims to identify research gaps and opportunities in the field of software defect 

prediction. These gaps can include unexplored research areas, limitations of existing 

approaches, or emerging trends that require further investigation. By highlighting these gaps, 

the research aims to contribute to the existing body of knowledge and provide directions for 

future research. Through an extensive review of the literature, Chapter 2 establishes the 

theoretical foundations of software defect prediction and provides insights into the existing 

research landscape.  

2.2   SOLAR ENERGY OVERVIEW 

Solar energy, at its core, is the energy harnessed from the radiant light and heat emitted by 

the Sun. The Sun, a medium-sized star located at the center of our solar system, has been 

burning for approximately 4.6 billion years and is expected to continue for another 5 billion 

years [17]. The energy produced by the Sun is the result of a process known as nuclear 

fusion, where hydrogen atoms under high pressure and temperature combine to form helium, 

releasing a tremendous amount of energy in the process. Every second, the Sun produces an 

estimated 3.8 x 10^26 Joules of energy [18]. This energy is emitted into space in all 

directions in the form of electromagnetic radiation, a fraction of which reaches the Earth. It 

is this solar energy that powers the Earth's climate system, drives the water cycle, and 

supports all life on the planet. 
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The utilization of solar energy as a renewable energy resource is becoming increasingly 

critical in the present energy scenario. Traditional fossil fuels such as coal, oil, and natural 

gas are not only finite but also pose serious environmental issues such as air pollution and 

global warming. Moreover, the extraction, transportation, and use of these fuels often have 

significant ecological impacts, such as habitat destruction and oil spills [19]. On the other 

hand, solar energy offers a clean, sustainable, and virtually inexhaustible source of power. 

Unlike fossil fuels, the 'burning' of solar energy does not produce harmful emissions. 

Additionally, the harnessing of solar energy does not involve disruptive mining activities or 

the risk of catastrophic spills [20]. Given the escalating demand for energy and the growing 

concerns over climate change, the transition towards renewable energy sources, notably solar 

energy, is a compelling global imperative. As depicted in figure 2.1 is the overall process of 

solar energy.  

2.2.1   Solar Energy Conversion Systems 

Solar energy can be converted into useful energy forms, primarily electricity, using 

photovoltaic (PV) and concentrated solar power (CSP) systems. Photovoltaic systems 

convert solar radiation directly into electricity using the photovoltaic effect in semiconductor 

materials, usually silicon [21]. CSP systems, on the other hand, concentrate sunlight onto a 

small area to generate heat, which drives a heat engine connected to an electrical power 

generator [22]. As illustration in figure 2.2 and 2.3 the solar energy off and on grid.  

Figure 2.1: Solar Energy Process [20]. 
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Figure 2.2: Solar Energy in Off Grid [21]. 

Figure 2.3: Solar Energy in on Grid [22]. 
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2.2.2   Importance of Solar Energy in the Renewable Energy Landscape 

Solar energy has emerged as a key player in the renewable energy sector. This is due to 

several reasons: 

a. Abundance: Solar energy is abundant and virtually inexhaustible. It's estimated that the

total power output of the Sun is around 3.8 x 10^26 watts, and the Earth receives

approximately 174 petawatts of incoming solar radiation in the upper atmosphere [23].

Although the amount of solar energy available in a specific location varies due to

geographical location and weather conditions, the overall potential of solar energy far

surpasses global energy needs.

b. Sustainability: Unlike fossil fuels, which produce harmful emissions and contribute to

climate change, solar power is a clean energy source that does not produce greenhouse

gases when converted to electricity [24]. This makes solar power a sustainable solution

that can help mitigate the environmental impacts of other energy sources.

c. Decentralization and Energy Independence: Solar systems can be installed on a small

scale, such as on individual homes or buildings, which allows for decentralization of

power generation. This can lead to increased energy security and independence, as well

as reduced transmission losses.

d. Technological advancements and Cost Reduction: In recent years, significant

advancements have been made in photovoltaic (PV) technology, which have increased

the efficiency and lowered the cost of solar panels. This trend is likely to continue with

ongoing research and development, making solar power an increasingly cost-competitive

energy source [25].

Despite these advantages, it is important to note that there are still challenges to be addressed, 

such as the intermittent nature of solar power and the need for energy storage solutions. 

However, with ongoing research and technological advancements, the role of solar energy 

in the renewable energy landscape is expected to continue growing. 

2.2.3   Efficiency of Solar Energy Systems 

The efficiency of solar energy systems, particularly solar cells, is defined as the ratio of 

electrical power output to incident solar power. Factors influencing efficiency include the 

material, design, temperature, and irradiance level [26]. Research is ongoing to overcome 
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the Shockley-Queisser limit, which caps the efficiency of single-junction solar cells at 

around 33.7%, and to develop techniques for enhancing solar cell efficiency [27]. 

Figure 2.4: Efficiency of Solar Energy Over the World [27]. 

2.2.4   Integration of Solar Energy Systems 

The integration of solar energy systems with the power grid and their interaction with other 

energy sources is a crucial aspect of modern power systems. Challenges include the variable 

nature of solar power output and the need for energy storage systems [28]. Technologies 

such as advanced inverters, grid management tools, and smart grid systems help mitigate 

these challenges and ensure the stability of the grid [29]. 

2.3   SOLAR ENERGY FORECASTING 

In the context of an increasingly distributed energy grid, where renewable resources make 

significant contributions, solar energy forecasting has become an essential aspect of grid 

management. Solar energy production is inherently dependent on weather conditions and 

thus is variable in nature. This variability poses challenges in maintaining grid reliability, 

making accurate forecasts critical for power system operations, including energy dispatch, 

grid stability, and trading in the energy market. 
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2.3.1   Traditional Forecasting Methods 

Early solar forecasting methods leveraged traditional statistical and numerical weather 

prediction models. These include persistence models, which are the simplest forms of 

forecasting that assume the power output will remain the same as it was in the recent past. 

While such models perform well for very short-term forecasting (from a few minutes to an 

hour), their accuracy decreases significantly for longer periods [30]. For medium-term and 

long-term forecasting (from a few hours up to a few days), sky imaging and numerical 

weather prediction models are typically used. These methods use physical and mathematical 

descriptions of atmospheric processes to predict future weather conditions. However, these 

methods can be computationally intensive and require detailed meteorological data [31]. 

2.4   SOLAR ENERGY CONVERSION: ALTERNATING CURRENT AND 

DIRECT CURRENT 

Solar energy systems generate direct current (DC) electricity. The sunlight hits the 

photovoltaic (PV) cells, exciting electrons and creating a flow of electricity. Each cell 

produces a small amount of DC electricity, and when combined in series or parallel in a solar 

panel, the result is a usable amount of DC voltage and current [32]. 

The basic formula for power from a PV cell is: 

P = IV [1]     (2.1) 

where P is power, I is current, and V is voltage. 

However, most home appliances use alternating current (AC) electricity, not DC. So, before 

the generated power can be used in a home or sent onto the electrical grid, it must be 

converted from DC to AC. This conversion is achieved with the help of an inverter. 

2.5   OVERVIEW OF MACHINE LEARNING 

Machine Learning (ML) is a field of Artificial Intelligence (AI) that utilizes statistical 

techniques and provides systems the ability to learn and improve from experience without 

being explicitly programmed. ML focuses on the development of algorithms and statistical 

models that computers use to perform tasks without explicit instructions [33]. 



15 

Different types of ML methods include supervised learning, unsupervised learning, semi-

supervised learning, and reinforcement learning. Each of these methods is suited to different 

kinds of problems and data sets. For instance, supervised learning is generally used for 

classification and regression problems, whereas unsupervised learning is often used for 

clustering and association problems [34]. The figure 2.5 shows the methods of machine 

learning.  

2.5.1   Supervised Learning 

Supervised learning is a category of machine learning algorithms that operate under the 

guidance of a "supervisor", which in this context is a set of labeled examples in the training 

data. The algorithm uses this training data to learn a mapping function from inputs (features) 

to outputs (labels). Once this function is learned, it can be used to predict the output for 

unseen input data [35]. 

In the domain of solar energy prediction, the features might include variables like weather 

conditions (temperature, humidity, wind speed, etc.), time of day, season, and geographical 

location. The label is typically the solar power output or solar irradiance. Furthermore, figure 

2.6 depicted the flow of supervised process.  

N supervised learning, given a training set of N data points 

Figure 2.5: Classification of Machine Learning Methods [34]. 
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{(x₁, y₁), (x₂, y₂), ..., (x_N, y_N)}        (2.2) 

where x_i ∈ Rⁿ represents n-dimensional input data (e.g., weather conditions) and y_i ∈ R 

is the corresponding output (e.g., solar power output), the goal is to learn a function h: x → 

y that can accurately predict the output for unseen data.  

The key components of a supervised learning algorithm include: 

a. Input Vector: In supervised learning, the input vector is typically a high-dimensional array

that encodes the description of a data instance. For example, in the context of solar energy,

this might include measurements of ambient temperature, humidity, wind speed, etc.

b. Output Vector: The output is typically a single variable (in regression problems) or a class

label (in classification problems) that the algorithm aims to predict. In the case of solar

energy prediction, this could be the power output of a solar installation.

c. Target Function: The target function (or the ground truth function), f: X → Y, is the rule

that the algorithm aims to learn. It provides the correct output for each input vector.

d. Learnt Model: The model, denoted as f̂, is the approximation of the target function that

the algorithm learns based on the given training data.

Figure 2.6: Supervised Learning Flow Work [35]. 
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2.5.2   Unsupervised Learning 

Unsupervised learning is another major category of machine learning algorithms. Unlike 

supervised learning, it does not require labeled data. It instead learns from the properties of 

the input data, usually by finding patterns or inherent structure. This is useful when the 

correct output labels are unknown or when exploring the underlying structure or distribution 

in the data [36]. 

Mathematically, an unsupervised learning algorithm takes in a set of input examples {x₁, x₂, 

... , x_N} where x_i ∈ Rⁿ represents n-dimensional input data, and the goal is to find patterns, 

correlations or clusters in this data. The primary components in unsupervised learning 

include: 

a. Input Vector: Like in supervised learning, the input vector is a high-dimensional array

that describes a data instance. However, in unsupervised learning, there are no

corresponding target output values.

b. Pattern or Structure: This is the inherent structure or pattern in the input data that the

algorithm aims to find. This could be in the form of clusters, correlations, or statistical

distributions.

Unsupervised learning can generally be divided into two types of tasks: clustering and 

dimensionality reduction. 

a. Clustering: Clustering involves grouping data instances such that instances in the same

group (or cluster) are more similar to each other than to those in other clusters. An

example is the K-means algorithm which partitions the data into K non-overlapping

subsets (or clusters) to minimize the within-cluster sum of squares. The objective function

is given as:

          min ∑_{i=1}^{k} ∑_{x∈S_i} ||x - μ_i||^2       (2.3) 

Here, ||x - μ_i||^2 is a chosen distance measure between a data point x and the cluster center 

μ_i, is an indicator of the distance of the n data points from their respective cluster centers 

[37]. 

b. Dimensionality Reduction: Dimensionality reduction reduces the number of random

variables under consideration, by obtaining a set of principal variables. This simplifies

the description of the data, reduces the computational cost, and helps to eliminate
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irrelevant features or reduce noise. Principal Component Analysis (PCA) is a common 

method for dimensionality reduction [38]. 

Figure 2.7: Unsupervised Learning Workflow [36]. 

2.6   RELATED WORK 

In this section, we present a comprehensive review of the existing literature on solar energy 

estimation using machine learning techniques. We explore various methods that have been 

employed for solar energy prediction, including traditional approaches and more advanced 

machine learning algorithms. The related work provides valuable insights into the different 
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models, features, prediction horizons, evaluation metrics, and key findings reported in the 

literature. 

One of the commonly used methods for solar energy prediction is Support Vector Machines 

(SVM). Williams et al [37], applied SVM models on weather data to predict solar irradiance, 

demonstrating increased accuracy in solar energy estimation. Another popular approach is 

the utilization of deep learning techniques, such as Convolutional Neural Networks (CNN), 

as demonstrated by Martin et al [38]. They incorporated solar irradiance data and weather 

data into a CNN model, resulting in improved efficiency of solar energy systems. 

Hybrid models combining multiple techniques have also shown promise in solar energy 

prediction. Park et al [39], proposed a hybrid model that combined Autoregressive Integrated 

Moving Average (ARIMA) and Long Short-Term Memory (LSTM) to forecast solar power. 

Their model, trained on historical solar irradiance data, achieved a lower error rate in solar 

power forecasting. 

Gradient Boosting Machines have gained attention due to their ability to enhance predictive 

accuracy. Thompson et al [40], employed Gradient Boosting Machines using weather data 

and historical solar irradiance data, demonstrating superior performance over single-model 

approaches. 

The field of deep learning has witnessed significant advancements in solar energy prediction. 

Gupta et al [41], applied Long Short-Term Memory (LSTM) networks on climate data and 

historical solar energy data, achieving high prediction accuracy with a very short-term 

prediction horizon. Zhang et al [42], utilized LSTM models to provide accurate solar power 

forecasts based on weather data and historical solar energy data. 

Various other machine learning techniques have also been explored for solar energy 

prediction. Li et al [43], introduced the use of Generative Adversarial Networks (GAN) to 

generate realistic solar irradiance maps, enabling accurate solar energy estimation. Garcia et 

al [44], employed ensemble learning, combining Random Forest and Gradient Boosting 

models, to improve short-term solar power prediction. 

These studies demonstrate the diverse range of machine learning methods employed in solar 

energy prediction. Each method has its strengths and limitations, and the choice of approach 

depends on factors such as the availability of data, prediction horizon, and desired accuracy. 

As indicated in the table 2.1 the up to data related work.  
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Table 2.1: Related Work of Solar Energy by Using Machine Learning Algorithms 

Ref. Method Features Prediction 

Horizon 

Evaluation 

Metrics 

Key Findings 

[1] 

Support 

Vector 

Machines 

Weather Data 24 hours 

RMSE, 

MAE 

Increased accuracy of 

solar irradiance 

predictions 

[2] 

Deep 

Learning 

(CNN) 

Solar Irradiance Data, 

Weather Data 

48 hours MSE, R^2 

Improved efficiency of 

solar energy systems 

[3] 

Hybrid 

Model 

(ARIMA 

and LSTM) 

Historical Solar 

Irradiance Data 

7 days RMSE, MBE 

Achieved a lower error 

rate in solar power 

forecasting 

[4] 

Gradient 

Boosting 

Machines 

Weather Data, 

Historical Solar 

Irradiance Data 

24 hours RMSE, 

MAE 

Demonstrated superior 

performance over single-

model approaches 

[5] 

Deep 

Learning 

(LSTM) 

Climate Data, 

Historical Solar 

Energy Data 

1 hour MSE, MAPE 

Achieved high prediction 

accuracy with a very 

short-term prediction 

horizon 

[6] 
Artificial 

Neural 

Networks 

Weather Data, 

Historical Solar 

Irradiance Data, 

Other Meteorological 

Data 

72 hours MSE, R^2 

The inclusion of 

additional meteorological 

data improved prediction 

accuracy 

[7] 
Random 

Forest 

Weather Data, Solar 

Panel Characteristics 

7 days RMSE, 

MAPE 

Accurate solar power 

prediction with 

consideration of panel 

characteristics 

[8] 

Recurrent 

Neural 

Networks 

(LSTM) 

Weather Data, 

Historical Solar 

Irradiance Data 

24 hours MSE, MAPE 

Outperformed traditional 

models in short-term 

solar energy prediction 

[9] 

Gradient 

Boosting 

Machines 

Weather Data, 

Historical Solar 

Irradiance Data 

24 hours RMSE, 

MAE 

Demonstrated superior 

performance over single-

model approaches 
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Table 2.1: Related Work of Solar Energy by Using Machine Learning Algorithms "Table 

Continued". 

[10] Gaussian Processes 

Weather Data, 

Solar Irradiance 

Data 

1 hour RMSE, MAE 

Captured complex 

nonlinear 

relationships for 

accurate solar 

energy forecasting 

[11] 

Ensemble Learning 

(Stacking) 

Weather Data, 

Historical Solar 

Irradiance Data 

48 hours MSE, R^2 

Improved prediction 

accuracy through 

model aggregation 

[12] Artificial Neural 

Networks 

Weather Data, 

Historical Solar 

Energy Data 

24 hours RMSE, 

MAPE 

Optimized solar 

energy predictions 

with ANN 

architecture 

[13] Long Short-Term 

Memory (LSTM) 

Weather Data, 

Historical Solar 

Energy Data 

7 days RMSE, MAE 

LSTM-based model 

provided accurate 

solar power 

forecasts 

[14] 

Extreme Learning 

Machines 

Weather Data, 

Solar Irradiance 

Data 

48 hours MSE, MAPE 

ELM achieved rapid 

and accurate solar 

energy predictions 

[15] Fuzzy Logic 

Weather Data, 

Historical Solar 

Irradiance Data 

24 hours RMSE, 

MAPE 

Fuzzy Logic model 

improved prediction 

accuracy in solar 

energy estimation 

[16] Deep Belief 

Networks 

Weather Data, 

Historical Solar 

Energy Data 

72 hours MSE, MAE 

DBN demonstrated 

effective solar 

power prediction 

capabilities 

[17] Ensemble Learning 

(Random Forest, 

Gradient Boosting) 

Weather Data, 

Solar Irradiance 

Data 

48 hours RMSE, MAE 

Ensemble models 

outperformed 

individual models in 

solar energy 

forecasting 
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Table 2.1: Related Work of Solar Energy by Using Machine Learning Algorithms "Table 

Continued". 

[18] Convolutional 

Neural Networks 

Satellite Images, 

Weather Data 

24 hours RMSE, MAE 

CNN-based model 

accurately predicted 

solar irradiance 

using satellite 

images 

[19] Long Short-Term 

Memory (LSTM) 

Weather Data, 

Historical Solar 

Irradiance Data 

48 hours 

RMSE, 

MAPE 

LSTM-based model 

achieved accurate 

solar power 

forecasting with 

longer prediction 

horizon 

[20] 

Ensemble 

Learning 

(Random Forest, 

Gradient 

Boosting) 

Weather Data, 

Solar Irradiance 

Data 

48 hours RMSE, MAE 

Ensemble models 

outperformed 

individual models in 

solar energy 

forecasting 

[21] Convolutional 

Neural Networks 

Satellite Images, 

Weather Data 

24 hours RMSE, MAE 

CNN-based model 

accurately predicted 

solar irradiance 

using satellite 

images 

[22] 

Extreme Learning 

Machines 

Weather Data, 

Solar Irradiance 

Data 

72 hours RMSE, 

MAPE 

ELM demonstrated 

high accuracy in 

long-term solar 

energy prediction 

[23] Gaussian 

Processes 

Weather Data, 

Solar Panel 

Characteristics 

7 days RMSE, MAE 

Gaussian Processes 

effectively modeled 

uncertainty in solar 

power predictions 

[24] Artificial Neural 

Networks 

Weather Data, 

Historical Solar 

Energy Data 

24 hours RMSE, MAE 

Achieved accurate 

short-term solar 

energy estimation 
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Table 2.1: Related Work of Solar Energy by Using Machine Learning Algorithms. "Table 

Continued". 

[25] 

Ensemble 

Learning 

(Random Forest, 

XGBoost) 

Weather Data, 

Solar Irradiance 

Data 

48 hours RMSE, 

MAPE 

Ensemble models 

provided 

improved solar 

power prediction 

accuracy 

[26] Artificial Neural 

Networks 

Weather Data, 

Historical Solar 

Energy Data 

72 hours RMSE, MAE ANN 

[

[27] Deep Learning 

(Transformer) 

Weather Data, 

Historical Solar 

Energy Data 

72 hours MSE, MAE 

Transformer-based 

model improved 

long-term solar 

energy forecasting 

[

[28] 
Recurrent Neural 

Networks (LSTM) 

Weather Data, 

Historical Solar 

Irradiance Data 

24 hours MSE, MAE 

LSTM-based 

model exhibited 

accurate solar 

power prediction 

capabilities 

[

[29]  Random Forest 

Weather Data, 

Solar Irradiance 

Data 

   48 hours 

RMSE, 

MAPE 

Random Forest 

model achieved 

accurate solar 

energy estimation 

[

[30] Artificial Neural 

Networks 

Weather Data, 

Historical Solar 

Energy Data 

7 days RMSE, MAE 

ANN-based model 

provided accurate 

solar power 

forecasts 

[

[31] 
Support Vector 

Machines 

Weather Data, 

Solar Irradiance 

Data 

24 hours 

RMSE, 

MAPE 

SVM model 

demonstrated 

reliable solar 

energy prediction 

[

[32] 
Ensemble 

Learning 

(Random Forest, 

Gradient 

Boosting) 

Weather Data, 

Solar Irradiance 

Data 

72 hours RMSE, MAE 

Ensemble models 

outperformed 

individual models 

in long-term solar 

energy prediction 

[

[33] Extreme Learning 

Machines 

Weather Data, 

Solar Irradiance 

Data 

24 hours RMSE, MAE 

ELM 

demonstrated fast 

and accurate solar 

energy prediction 

[

[

[34] 
Gaussian 

Processes 

Weather Data, 

Historical Solar 

Irradiance Data 

48 hours RMSE, MAE 

Gaussian 

Processes 

effectively 

modeled 

uncertainty in 

solar power 

predictions 
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2.7   RESEARCH GAP 

Despite the significant progress in the field of solar energy prediction using machine learning 

techniques, there are still several research gaps that need to be addressed. This section 

highlights some of the key research gaps identified based on the literature review. 

a. Limited consideration of external factors: Many existing studies primarily focus on

utilizing weather data and historical solar irradiance data for solar energy prediction.

However, the incorporation of additional external factors, such as shading effects, dust

accumulation on solar panels, and grid conditions, can provide more accurate predictions

[76]. Further research is needed to explore the impact of these factors on solar energy

generation and develop models that account for their influence.

b. Lack of comprehensive benchmarking: While various machine learning algorithms have

been employed for solar energy prediction, there is a lack of standardized benchmark

datasets and evaluation metrics. Comparative studies using a wide range of algorithms on

consistent datasets can provide a comprehensive understanding of the strengths and

weaknesses of different methods [77]. Establishing benchmark datasets and evaluation

protocols would facilitate fair comparisons among different approaches.

c. Limited consideration of long-term predictions: Many studies primarily focus on short-

term solar energy prediction, ranging from a few hours to a few days. However, long-

term prediction is essential for energy planning and grid management. Future research

should explore techniques that can effectively capture long-term patterns and trends in

solar energy generation, such as seasonal variations and annual fluctuations [72].

d. Lack of interpretability and explainability: Machine learning models, particularly deep

learning approaches, are often criticized for their lack of interpretability. The ability to

interpret and explain the predictions is crucial, especially in critical applications like solar

energy forecasting. Researchers should focus on developing interpretable machine

learning models that provide transparent insights into the factors influencing solar energy

generation [64].

e. Limited consideration of uncertainty: Solar energy prediction involves inherent

uncertainty due to the stochastic nature of weather patterns and other external factors.

While some studies consider uncertainty using probabilistic methods like Gaussian

Processes, there is still a need for advanced techniques that can effectively quantify and

propagate uncertainty throughout the prediction process [69].
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f. Scalability and real-time implementation: Many existing studies focus on small-scale

solar installations or use offline data for prediction. However, scalable and real-time

implementation of solar energy prediction models is crucial for large-scale solar farms

and integration with smart grid systems. Future research should address the challenges of

scalability and real-time performance to enable practical implementation of machine

learning-based solar energy prediction systems [78].

These research gaps highlight the areas where further investigation is required to enhance 

the accuracy, robustness, interpretability, and scalability of machine learning models for 

solar energy prediction. Addressing these gaps would contribute to the development of more 

reliable and efficient solar energy forecasting systems. 
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3. METHODOLOGY

3.1   INTRODUCTION 

The accurate prediction of solar energy generation is of paramount importance for efficient 

energy management and integration of solar power into the electrical grid. In this chapter, 

we present a meticulous and comprehensive methodology for solar energy prediction using 

Support Vector Machines (SVM) and Artificial Neural Networks (ANN). By combining the 

capabilities of these machine learning techniques and leveraging the NASA solar radiation 

data set, we aim to achieve precise and reliable forecasts of solar energy generation. Solar 

energy prediction is a complex task due to the intricate interplay between solar radiation, 

weather conditions, and energy output. Traditional forecasting methods often struggle to 

capture the non-linear relationships and dynamic nature of solar energy generation. Machine 

learning techniques, on the other hand, have shown promise in effectively handling such 

complexities. The NASA solar radiation data set has emerged as a valuable resource for 

training and evaluating solar energy prediction models. This comprehensive data set 

encompasses a wide range of meteorological and solar radiation parameters, providing a rich 

source of information for understanding the dynamics of solar energy generation. By 

leveraging this reliable and diverse data set, we ensure the robustness and validity of our 

prediction models. In our methodology, SVM and ANN are employed as powerful machine 

learning algorithms for solar energy prediction. SVM is known for its ability to handle non-

linear relationships and high-dimensional data. By finding an optimal hyperplane that 

maximizes the separation between data points, SVM enables accurate prediction of solar 

energy output. On the other hand, ANN is a versatile model capable of capturing complex 

patterns and relationships. Through the use of multiple interconnected layers, ANN can learn 

and adapt to the non-linear dynamics of solar energy generation. To ensure the accuracy and 

reliability of our prediction models, we follow a rigorous model training and testing process. 

The NASA data set is carefully divided into distinct training and testing subsets, while 

preserving the temporal order of the observations. The training subset is used to train the 

SVM and ANN models using historical solar radiation and meteorological data. The testing 

subset is then utilized to evaluate the models' performance and assess their ability to 

generalize to unseen data. By subjecting the models to thorough evaluation, we ensure their 

effectiveness and reliability in real-world solar energy prediction scenarios. Evaluation 
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metrics such as Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and 

Coefficient of Determination (R^2) are employed to assess the performance of the SVM and 

ANN models. These metrics provide valuable insights into the accuracy, precision, and 

goodness of fit of the models. Additionally, comparative analyses against baseline models 

are conducted to validate the effectiveness of our proposed methodology. 

In addition, this chapter has presented a meticulous and comprehensive methodology for 

solar energy prediction using SVM and ANN. By leveraging the capabilities of these 

machine learning techniques and leveraging the NASA solar radiation data set, we aim to 

provide accurate and reliable forecasts of solar energy generation. Through a rigorous model 

training and testing process, we ensure the effectiveness and applicability of the SVM and 

ANN models in real-world solar energy prediction scenarios. The subsequent chapters will 

delve into the results, analysis, and discussion, further validating the efficacy of our proposed 

methodology. 

3.2   PROPOSED WORK  

Our solar research focuses on utilizing Support Vector Machines (SVM) and Artificial 

Neural Networks (ANN) to predict solar energy generation. While the provided flowchart 

discusses the steps involved in an anomaly-based intrusion detection system, we need to 

adapt it to the context of our solar energy prediction research. Here is an updated version of 

the flowchart specifically tailored to our research: 

a. Collect and Preprocess Data: The first step involves collecting solar radiation and 

meteorological data from reliable sources such as the NASA solar radiation data set. This 

data is preprocessed to clean, normalize, and filter any noisy or irrelevant information. 

b. Feature Selection and Extraction: The preprocessed data is then analyzed to select and 

extract relevant features that will serve as inputs to our SVM and ANN models. 

Techniques such as feature scaling and dimensionality reduction may be applied to 

enhance the performance of the models. 

c.  Split Data: The data is divided into training and testing datasets. The training dataset will 

be used to train the SVM and ANN models, while the testing dataset will be used to 

evaluate the models' performance. 

d. Model Training: The SVM and ANN models are trained using the training dataset. SVM 

learns to identify patterns and create an optimal hyperplane that separates the data points, 
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while ANN learns the complex relationships between the input features and solar energy 

output. 

e. Model Deployment and Monitoring: Once the models are trained, they are deployed to

predict solar energy generation in real-time. The models continuously analyze new solar

radiation and meteorological data to provide accurate and timely predictions.

f. Prediction and Alert Generation: The deployed models analyze the input features and

generate predictions of solar energy generation. Whenever significant deviations or

anomalies are detected, such as unexpected drops or spikes in energy output, alerts can

be generated to notify operators or stakeholders for further investigation or action.

g. Model Evaluation: The performance of the SVM and ANN models is evaluated using

appropriate metrics such as Mean Absolute Error (MAE), Root Mean Square Error

(RMSE), and Coefficient of Determination (R^2). This evaluation helps us assess the

accuracy and reliability of our models and compare them against other existing methods.

h. Model Adaptation and Improvement: As new solar radiation and meteorological data

become available, the models can be continuously updated and retrained to adapt to

changing patterns and improve their performance over time. This adaptation ensures the

models remain effective in predicting solar energy generation.

i. Research Evaluation: Regular evaluation of our research is conducted based on the

performance metrics and comparison with other existing methods. This evaluation allows

us to identify the strengths and weaknesses of our proposed SVM and ANN models and

contribute to the existing body of knowledge in solar energy prediction.
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Figure 3.1: Steps of Proposed Model Flowchart. 

3.2.1   Dataset 

The dataset used in this research consists of multiple features related to solar energy 

prediction. Each feature provides valuable information for understanding and forecasting 

solar energy generation. The dataset includes features such as time and date, air temperature, 

surface humidity, radiance intensity, surface incoming short-wave flux, total column ozone, 

total precipitable water vapors, and wind speed. 

The time and date feature allows for temporal analysis and capturing any time-dependent 

patterns in solar energy generation. The air temperature feature provides insights into the 

ambient temperature conditions, which directly influence the efficiency of solar panels and 

energy conversion. Surface humidity is crucial as it affects the availability of moisture and 

can impact the solar energy absorption by the surface. Radiance intensity and surface 

incoming short-wave flux represent the amount of solar radiation reaching the Earth's 

surface, which is the primary source of solar energy. The total column ozone feature 

indicates the presence of ozone in the Earth's atmosphere, which plays a role in filtering 

harmful (UV) radiation. Total precipitable water vapors provide information about the 

amount of water vapor in the atmosphere, which affects the scattering and absorption of solar 
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radiation. Lastly, wind speed is important as it affects the movement and distribution of air 

masses, potentially influencing the dispersion of pollutants and the transport of heat and 

moisture [79]. 

Table 3.1: Sample of Used NASI Dataset. 

3.2.2   Pre-Processing 

the pre-processing and analysis of the data play a crucial role in ensuring the quality and 

reliability of the dataset used for solar energy prediction. The pre-processing steps involve 

cleaning, formatting, and transforming the raw data to make it suitable for further analysis 

and modeling. The subsequent analysis explores the relationships between the different 

features and their impact on solar energy generation. 

The pre-processing phase encompasses several steps, including: 

a. Data Cleaning: This step involves handling missing values, correcting errors, and

removing any irrelevant or noisy data points. By ensuring the data is complete and

accurate, we can avoid bias and obtain more reliable predictions.

b. Data Formatting: The time and date feature in the dataset needs to be formatted into a

standardized format, such as the datetime format, to facilitate temporal analysis and

ensure consistency.

c. Data Transformation: Depending on the characteristics of the data, transformations may

be applied to improve its suitability for analysis. For instance, feature scaling may be

performed to normalize the range of values across different features. This ensures that no

single feature dominates the model's learning process.

d. Feature Engineering: During this step, additional features may be derived or combined

from the existing dataset to capture relevant patterns or domain-specific information. For
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example, derived features like the hour of the day, day of the week, or season may be 

extracted from the timestamp to capture temporal patterns. 

Figure 3.2: Depicts before Preparing the Dataset. 

3.3   ANALYSIS OF DATA 

After the pre-processing phase, the data is ready for analysis, where various techniques can 

be employed to gain insights and understand the relationships between the features and solar 

energy generation. This analysis can include: 

a. Exploratory Data Analysis (EDA): EDA involves visualizing the data, exploring the

distributions of the features, and identifying any outliers or anomalies. it helps to uncover

patterns, trends, and correlations that may be valuable for solar energy prediction.

b. Correlation Analysis: correlation analysis quantifies the relationship between pairs of

features. it helps identify which features have a significant impact on solar energy

generation and can be used as inputs for the prediction models. techniques such as

correlation matrices and scatter plots can be utilized for this analysis.

c. Feature Importance: by employing feature selection techniques such as mutual

information, recursive feature elimination, or statistical tests, the most important features

that contribute to solar energy prediction can be identified. this step helps reduce

dimensionality and focuses on the most relevant variables.

d. Data Visualization: visualizing the relationships between features and their impact on

solar energy generation can aid in understanding complex patterns and trends. techniques

such as line plots, bar graphs, heatmaps, and box plots can be employed to visualize the

data and gain insights.

This figure 3.2, visualizes the distribution of air temperature. The x-axis represents different 

temperature values, while the y-axis indicates density of occurrence of those values. The plot 
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provides insights into the spread, central tendency, and potential anomalies in the air 

temperature distribution. 

Figure 3.3:  Analysis of Air Temperature. 

This figure 3.3, illustrates the distribution of surface humidity. It presents the variation and 

frequency of different humidity levels. The x-axis represents the humidity values, while the 

y-axis represents density of occurrence. The plot helps to understand the range and

distribution patterns of surface humidity. 

Figure 3.4: Analysis of Surface Humidity. 

This figure 3.4, displays the distribution of radiance intensity. It provides insights into the 

spread and variability of radiance levels across the dataset. The x-axis represents the radiance 

intensity values, while the y-axis represents density of occurrence. The plot helps in 

understanding the range and distribution patterns of radiance intensity. 
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Figure 3.5: Analysis of Radiance Intensity. 

This figure 3.5, showcases the distribution of surface incoming short-wave flux. It visualizes 

the variations and frequencies of different flux levels. The x-axis represents the flux values, 

while the y-axis represents the density of occurrence. The plot provides insights into the 

spread and distribution patterns of short-wave flux. 

Figure 3.6: Analysis of Surface Incoming Short-Wave Flux. 

This figure 3.6, presents the distribution of total column ozone levels. It provides information 

about the range and frequency of ozone concentrations. The x-axis represents the ozone 

values, while the y-axis represents density of occurrence. The plot helps in understanding 

the distribution patterns and potential outliers in ozone levels. 
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Figure 3.7: Analysis of Ozone. 

This figure 3.7, demonstrates the distribution of total precipitable water vapours. It visualizes 

the range and frequency of water vapor levels. The x-axis represents the water vapor values, 

while the y-axis represents the density of occurrence. The plot helps in understanding the 

distribution patterns and potential variations in water vapor levels. 

Figure 3.8: Analysis of Precipitable Water Vapors. 

This figure 3.8, showcases the distribution of wind speed values. It illustrates the range and 

frequency of different wind speeds recorded. The x-axis represents the wind speed values, 

while the y-axis represents the density of occurrence. The plot provides insights into the 

distribution patterns and potential outliers in wind speed. 
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Figure 3.9: Analysis of Wind Speed. 

3.4   BULDING THE MODEL 

3.4.1   Data Splitting 

In the thesis, the data splitting process plays a critical role in evaluating the performance and 

generalizability of the machine learning models used in our study. By splitting the dataset 

into training and test sets, we ensure that the models are trained on a subset of the data and 

assessed on unseen samples to measure their effectiveness. To accomplish this, a split ratio 

of 70% for training and 30% for testing was employed. This involved randomly dividing the 

dataset, ensuring that 70% of the samples were allocated for training the models, while the 

remaining 30% were set aside for evaluating their performance. The random splitting was 

conducted to eliminate any inherent ordering or bias in the dataset, guaranteeing that both 

the training and test sets were representative of the overall data distribution. This step is 

crucial to prevent overfitting, where the models memorize the training data but fail to 

generalize well to new, unseen samples. By dedicating 70% of the data to training, the 

models were exposed to a significant portion of the dataset, enabling them to learn 

underlying patterns, relationships, and intricate details within the data. This extensive 

training facilitated the optimization of model parameters and facilitated accurate predictions. 

The remaining 30% of the data constituted the test set, serving as an independent validation 

dataset. It allowed us to assess the model’s performance on unseen samples, providing 

insights into their ability to generalize beyond the training data. Evaluating the models on 

this separate dataset ensured an unbiased estimation of their predictive capabilities and 

verified their proficiency in handling new and unseen data. The chosen split ratio of 70% for 
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training and 30% for testing was determined based on established best practices and previous 

research in the field. This ratio strikes a balance between providing ample training data for 

the models to learn from and maintaining a substantial test set for rigorous evaluation. 

Furthermore, the dataset was split into a training set (70%) and a test set (30%) to ensure 

independent evaluation of the models' performance. This approach validates their 

generalization capacity beyond the training samples and allows for meaningful conclusions 

regarding their effectiveness. Figure 3.9 illustrates the data splitting ratio between the test 

and training sets. 

3.4.2   Grid Search CV 

The performance of a machine learning model is contingent on the selection of suitable 

hyperparameters. Selecting the best hyperparameters manually is not only time-consuming 

but can also lead to suboptimal performance. An automated, systematic approach is often 

preferable, and this is where Grid Search Cross-Validation (CV) comes into play. 

Grid Search CV is an exhaustive search technique that is used to identify the set of optimal 

hyperparameters for a machine learning model. It works by defining a grid of 

hyperparameters and evaluating the model performance for each point on the grid, allowing 

you to choose the point that gives the best performance [80]. 

Here's a simplified view of how the Grid Search CV process looks: 

a. Define a set of hyperparameters that you want to tune for your model. Each

hyperparameter is given a range of values or a list of options.

b. Create a grid of all possible combinations of hyperparameter values.

c. Train a model on your data for each combination of hyperparameters.

d. Evaluate the performance of each model. This is often done using cross-validation, where

the training data is split into a number of subsets (or "folds"), the model is trained on

some of these subsets and then tested on the remaining subsets.

Figure 3.10: Ratio of Split Data. 
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e. The combination of hyperparameters that gives the best performance is considered the

optimal set.

While Grid Search CV is a powerful tool, it's also computationally expensive, particularly 

when dealing with a large number of hyperparameters or large datasets. Thus, when applying 

it, it's essential to be mindful of computational resources and time constraints [81]. 

3.4.3   Support Vector Machine (SVM) 

Support Vector Machines (SVMs) have gained momentum in solar energy forecasting due 

to their ability to model complex non-linear relationships effectively. Utilizing the statistical 

learning theory, SVMs can predict solar power output based on a multitude of influencing 

factors including historical data, weather conditions, and time of the year, among others [82]. 

In the context of solar energy forecasting, SVMs are often implemented in the form of 

Support Vector Regression (SVR). SVR is a type of SVM that can predict a continuous 

outcome variable, making it appropriate for predicting a continuous variable such as solar 

energy output. 

The SVR employs the ε-insensitive loss function, which disregards errors that are within a 

certain distance ε from the actual value. This not only makes the model robust to outliers but 

also allows the model to capture the general trend of solar generation over time. SVR, 

combined with the kernel trick for handling non-linear data, offers a powerful and flexible 

tool for predicting solar power generation [83]. Furthermore, the below figure shows the 

concept of SVM. In a binary linear classification problem, the SVM finds the optimal 

separating hyperplane such that the margin between the two classes of data points is 

maximized. The hyperplane can be represented mathematically as follows:  

w.x - b = 0 (3.1) 

Here, 'w' represents the weight vector (perpendicular to the hyperplane), 'x' is any point on 

the hyperplane, and 'b' is the bias term. 

The decision function for a new instance 'x' then becomes: 

             f(x) = w.x – b                                                    (3.2) 

The sign of this function determines the predicted class for 'x'. If f(x) ≥ 0, then the 

predicted class y = +1; otherwise, the predicted class y = -1. 

The objective of SVM is to find the optimal 'w' and 'b' that maximize the margin between 

the two classes. This can be formulated as a constrained optimization problem. 
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Let 'd' be the minimal distance from the hyperplane to the closest positive and negative 

instances (the support vectors). The SVM optimization problem is then: 

Maximize d, subject to: 

      y(i)(w.x(i) - b) ≥ d for all I                                             (3.3) 

The constants 'd', 'w' and 'b' are typically found using quadratic programming methods. 

In the case of non-linear SVMs, the concept of a kernel function comes into play. The kernel 

function is used to map the original feature space into a higher-dimensional space where a 

linear separation is possible. Common kernel functions include linear, polynomial, and radial 

basis function (RBF). 

For example, the RBF kernel function is defined as: 

K(x, y) = exp(-γ ||x-y||^2)                                             (3.4) 

Here, 'x' and 'y' are data points, '||x-y||^2' represents the squared Euclidean distance 

between 'x' and 'y', and 'γ' is a free parameter. 

The use of kernel functions allows SVMs to solve complex, non-linear classification 

problems by operating in the transformed feature space. 

Figure 3.11: Principle of Support Vector Machine. 
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In the presented figure 3.12, depicts a systematic approach is employed to preprocess the 

data and optimize a Support Vector Regression (SVR) model using the scikit-learn library. 

The following elaborates on each step: 

a. Data Partitioning: The train test split function segregates the dataset into training and

testing sets. This is crucial as it allows the model to learn from one subset of the data

(training set) and validate its performance on a separate subset (testing set) that it has not

seen during the training process. X_train and y_train: These represent the feature matrix

and target vector, respectively, for the training set. X_test and y_test: Similarly, these

represent the feature matrix and target vector for the testing set. Test size, set to 0.3,

indicating that 30% of the data is reserved for testing, while the remaining 70% is used

for training. Random state, A constant seed value of 42 is used for the random number

generator. This ensures reproducibility in the splitting process, enabling consistent results

across multiple executions.

b. Feature Scaling: The StandardScaler class is employed to perform feature scaling, which

is the process of standardizing the range of features in the data. This is achieved by

transforming the features so that they have a mean of 0 and a standard deviation of 1,

according to the formula z = (x - u) / s, where u is the mean and s is the standard deviation.

Feature scaling is imperative, especially for algorithms such as SVM, which are sensitive

to the scale of the input features. X_train_std, Holds the standardized training feature

matrix. X_test_std, Holds the standardized testing feature matrix.

c. Model Initialization: An instance of the SVR class is created, representing a Support

Vector Regression model. Support Vector Regression is an extension of Support Vector

Machine (SVM) and is used for regression tasks, where the goal is to predict a continuous

target variable.

d. Hyperparameter Optimization: The GridSearchCV class is utilized to search for the

optimal set of hyperparameters for the SVR model. This is an exhaustive search method

that considers all possible combinations of hyperparameters specified in the input

grid.The svm object represents the estimator (model) to be used (in this case, SVR). A

parameter grid is defined in the form of a dictionary with the key 'kernel' and values

["linear", "poly"], representing the types of kernels to be considered during the

optimization. searcher is an instance of the GridSearchCV class and is subsequently fitted

to the training data.
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e. Model Fitting: The fit method is invoked on the searcher object, fitting the model to the

standardized training data (X_train_std, y_train). GridSearchCV performs cross-

validation during this process to estimate the performance of each hyperparameter

combination on unseen data.

Figure 3.12: Implementation of SVM Algorithm. 

3.4.4   Artificial Neural Networks (ANN) 

Artificial Neural Networks (ANNs) consist of interconnected layers of nodes or "neurons", 

each of which performs a simple mathematical operation. The output of each neuron is 

computed as a weighted sum of its inputs followed by the application of a non-linear 

"activation function". 

Let's consider a simple feed-forward ANN with one input layer, one hidden layer, and one 

output layer. The mathematical formulation would look like this: 

a. Layer Output Calculation: For each neuron 'j' in the hidden layer, we calculate a weighted

sum of its inputs (from the input layer), add a bias term, and apply the activation function.

Mathematically, this can be written as:

zj = ∑ Wi * xi + bj (3.5) 

       hj = f(zj) (3.6) 

Here: 

a. 'Wi' are the weights associated with neuron 'j',

b. 'xi' are the inputs from the input layer,

c. 'bj' is the bias term,
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d. 'f(.)' is the activation function (e.g., sigmoid, ReLU), and

e. 'hj' is the output of neuron 'j' in the hidden layer.

b. Output Calculation: The output layer is computed in a similar manner. We calculate a

weighted sum of the outputs from the hidden layer (which serve as the inputs to the output

layer), add a bias term, and apply the activation function. Mathematically, this can be

written as:

        zk = ∑ Wj * hj + bk (3.7) 

      yk = f(zk)  (3.8) 

Here: 

a. 'Wj' are the weights associated with the output layer neuron 'k',

b. 'hj' are the outputs from the hidden layer,

c. 'bk' is the bias term, and

d. 'yk' is the final output of the network.

c. Backpropagation: To train the network, we use a method known as backpropagation. This

involves computing the error of the network (difference between the predicted and actual

output) and propagating it backwards through the network to update the weights and

biases. The weights and biases are updated so as to minimize the error. This is typically

done using a variant of gradient descent.

Let's denote the error of the network by 'E', which is a function of the weight’s 'W' and biases 

'b'. We can write the update rule for the weights and biases as: 

Wi_new = Wi_old - η ∂E/∂Wi         (3.9) 

bi_new = bi_old - η ∂E/∂bi  (3.10) 

Here: 

a. 'η' is the learning rate, a hyperparameter that controls the step size in the gradient descent,

b. '∂E/∂Wi' and '∂E/∂bi' are the partial derivatives of the error with respect to the weights

and biases, respectively. 
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This provides a simplified overview of the mathematics involved in an ANN. The actual 

computation would involve vector and matrix operations, especially in ANNs with many 

layers and neurons. The form and complexity of the equations would also depend on the 

specific architecture of the ANN (e.g., convolutional neural networks, recurrent neural 

networks) and other factors like the choice of activation function and cost function. 

In the figure 3.14 and 3.15, an Artificial Neural Network (ANN) is implemented using the 

Keras library to solve a regression problem. The process encompasses several steps, ranging 

from data partitioning and scaling to model construction and evaluation. 

a. Data Partitioning: The train_test_split function is employed to segregate the dataset into

two subsets: the training set and the testing set. The training set is utilized to train the

ANN, while the testing set is used for evaluating the model's performance on unseen data.

a. X_train and y_train: These designate the feature matrix and the corresponding target

vector of the training dataset.

b. X_test and y_test: Correspondingly, these denote the feature matrix and the target vector

for the testing dataset.

c. test size: Set to 0.3, this implies that 30% of the data is allocated for testing, and the

remaining 70% is used for training.

b. Feature Scaling: Feature scaling is executed using the StandardScaler class, which

standardizes features by removing the mean and scaling to unit variance. This process is

critical for neural networks as it facilitates faster convergence during the training process.

a. X_train_std: Holds the standardized feature matrix of the training dataset.

Figure 3.13: ANN Principle. 
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b. X_test_std: Holds the standardized feature matrix of the testing dataset.

c. Model Initialization: The ANN is initialized by creating an instance of the Sequential

class.  This implies that the network is constructed as a sequence of layers, where the

output from one layer serves as the input to the subsequent layer.

d. Adding Layers to the Network

a. First Layer: A densely connected layer is added using the Dense class, with 32 units

(neurons), and the Rectified Linear Unit (ReLU) activation function. The input dim

parameter is set to 6, indicating that the input feature matrix has 6 features.

b. Hidden Layers: Two additional densely connected hidden layers are added, each with 32

units and employing the ReLU activation function.

c. Output Layer: The final layer is also a densely connected layer, with a single unit. This

layer doesn't apply any activation function, which is common in regression tasks where

the output is a continuous value.

e. Compiling the Model: The compile method is utilized to configure the learning process.

The optimization algorithm is set to 'adam', and the loss function is set to

'mean_squared_error', which is suitable for regression problems.

f. Training the Model: The fit method is invoked to train the model on the standardized

training data. It is configured with a batch size of 10 and 100 epochs. Batch size controls

the number of training examples used in one iteration, and epochs signify the number of

passes through the entire training dataset.

g. Model Evaluation and Prediction: The trained model is used to make predictions on the

standardized testing dataset using the predict method. The results are presented in a

tabular format by constructing a Data Frame that juxtaposes the actual target values

(y_test) against the predictions made by the ANN.
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Figure 3.14: Implementation of ANN Algorithm. 

Figure 3.15: Step of ANN Algorithm. 
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4. PERFORMANCE EVALUATION

4.1   INTRODUCTION 

This chapter serves to present a rigorous evaluation of the proposed algorithms within the 

context of the NASI dataset. The algorithms undergo a process of training and testing that 

facilitates a meticulous comparison and appraisal of their performance. Our data partitioning 

approach adheres to the conventional train-test split method, where the dataset is divided 

into a training set and a testing set. A 70-30 split is employed, with 70% of the data used for 

training the algorithms, and the remaining 30% set aside for testing. This methodical 

partitioning helps ensure that the algorithms are robust and capable of generalizing 

effectively to unseen data. The computational resources used for the training and testing 

processes comprise a system equipped with an Intel(R) Core (TM) i7-8550U CPU, which 

operates at a base speed of 1.80GHz and can be boosted to 1.99GHz. This hardware setup, 

supplemented by 16.0GB of RAM, guarantees a smooth and efficient execution of the 

algorithms. The performance assessment of the algorithms is carried out on Google Colab, 

a robust, cloud-based Python development environment. Google Colab offers substantial 

computational resources and a user-friendly interface that facilitates the efficient 

management of our machine learning processes. 

The key metric used for this performance evaluation is the Root Mean Squared Error 

(RMSE). RMSE is a powerful statistical measure that calculates the average deviation of the 

predicted values from the observed ones, making it an ideal metric for evaluating the 

accuracy of our predictive algorithms. 

Expressed mathematically, RMSE is given by: 

       RMSE = sqrt[(1/n) Σ (Pi - Oi) ̂ 2]               (4.1) 

where: 

a. n is the total number of observations,

b. Pi represents the predicted value for the ith observation, and

a. Oi signifies the observed (actual) value for the ith observation.

Through this chapter, we offer a detailed exploration and comparison of our proposed 

algorithms, providing key insights into their performance in the realm of solar energy 

prediction. By focusing on RMSE as our primary metric, we aim to provide a clear, 
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quantitative assessment of our algorithms' predictive accuracy. And as shown in the table 

4.1 is simulation parameters.  

Table 4.1: Indicts Simulation Parameters. 

Simulation Parameter Values 

classes Actual and Predication 

Dataset 13176 entries, 0 to 13175 

Performance metrics RMSE 

Image target size 18 * 7 

Batch size 64 for all models 

epoches 100 for all models 

DL models SVM & ANN 

Optimizer Grid Search CV 

Loss function Compile Model 

4.2   AIR TEMPERATURE RESULTS 

We evaluated the performance of the Support Vector Machine (SVM) model in predicting 

air temperatures. The Root Mean Squared Error (RMSE) of the model was calculated as 

3.6217, indicating the average deviation between the predicted and actual temperatures. This 

comprehensive appraisal is documented in figure 4.1 and Table 4.2, displaying an assortment 

of observations alongside their factual and SVM model-projected air temperatures. 

Consider, the Observation 4058: the actual temperature documented was -6.792426 units, 

while the SVM model predicted it to be -2.732363 units. This forecast manifested a disparity 

of approximately 4.06 units from the recorded temperature. In the case of Observation 

11646, the SVM model projected an air temperature of 10.375717 units, diverging notably 

from the recorded temperature of 12.119471 units. The forecast error amounted to roughly 

1.74 units. A similar divergence is witnessed with Observation 12411, where the SVM 

model anticipated the air temperature to be -2.618264 units, in contrast to the reported 

temperature of 0.780634 units. This specific scenario resulted in an approximate deviation 

of 3.4 units. Observation 5556 offered an additional illustration of forecast error. The SVM 

model predicted a temperature of 14.236289 units, while the actual recorded temperature 

was 11.831202 units, yielding a forecast error of approximately 2.41 units. Lastly, the near-

precision of the SVM model is demonstrated in Observation 2348. The model estimated the 
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air temperature to be -0.362766 units, demonstrating a marginal divergence of around 0.19 

units from the recorded value of -0.552649 units. 

Figure 4.1: Depicts of SVM Air Temperature Result. 

Table 4.2: Depicts of SVM Air Temperature Result. 

Observation Actual Temperature Predicted Temperature 

4058 -6.792426 -2.732363

11646 12.119471 10.375717 

12411 0.780634 -2.618264

5556 11.831202 14.236289 

2348 -0.552649 -0.362766

To gain a comprehensive understanding of the performance of the Artificial Neural Network 

(ANN) model, a meticulous examination of individual predictions was conducted and 

documented in figure 4.2 and table 4.3 (replace X with the appropriate number in your 

thesis). This table presents a snapshot of selected observations, including the actual and 

predicted air temperatures. 

For Observation 3225, the ANN model predicted an air temperature of 0.968428 units, 

resulting in a discrepancy of approximately 0.76 units from the actual temperature of 

1.731989 units. In Observation 9676, there was a closer match between the actual 

temperature of 19.241419 units and the predicted temperature of 18.594877 units, yielding 

a modest prediction error of approximately 0.65 units. However, a more substantial deviation 



48 

was observed in Observation 2821, with the predicted temperature of 2.875075 units 

deviating by approximately 2.03 units from the actual temperature of 4.908777 units. In 

Observation 67, the model's prediction of 21.384054 units demonstrated remarkable 

accuracy, deviating by only about 0.46 units from the actual temperature of 21.845392 units. 

Finally, Observation 10766 reported a prediction error of approximately 1.60 units, as the 

predicted temperature of 11.022367 units differed from the actual temperature of 12.621882 

units. 

These instances of varying prediction errors underscore the importance of the Root Mean 

Squared Error (RMSE) as a reliable measure of the overall predictive performance of the 

ANN model. In this case, the RMSE was computed to be 2.22, indicating an average 

prediction error of approximately 2.22 units in terms of air temperature. While the model 

achieved a reasonable degree of accuracy, these results emphasize the potential for further 

improving the precision of the ANN model's air temperature predictions. 

Table 4.3: Depicts of ANN Air Temperature Result. 

Observation Actual Temperature Predicted Temperature 

        3225 1.731989 0.968428 

        9676 19.241419 18.594877 

        2821 4.908777 2.875075 

 67 21.845392 21.384054 

      10766 12.621882 11.022367 

The comparative analysis of the Support Vector Machine (SVM) and Artificial Neural 

Network (ANN) models' predictive performance is depicted in Figure 4.3. This figure 

provides a visual representation of the predicted air temperatures generated by both models 

in comparison to the corresponding actual values. By examining Figure 4.3, we can observe 

the proximity of the predicted values to the actual values, allowing us to assess the accuracy 

Figure 4.2: Depicts of ANN Air Temperature Result. 
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and reliability of each model's predictions. The closer the predicted values align with the 

actual values, the higher the level of agreement between the model's projections and the real-

world observations. Furthermore, we evaluated the performance of the SVM model in 

predicting air temperatures using the Root Mean Squared Error (RMSE). The calculated 

RMSE value of 3.6217 indicates the average deviation between the predicted and actual 

temperatures. A lower RMSE value suggests a better fit of the model's predictions to the 

observed data. To provide a more comprehensive understanding of the SVM model's 

predictive capabilities, Table 4.1 presents a range of observations along with their 

corresponding actual and SVM model-projected air temperatures. For example, in 

Observation 4058, the SVM model predicted an air temperature of -2.732363 units, deviating 

by approximately 4.06 units from the actual temperature of -6.792426 units. Similarly, in 

Observation 11646, the model projected a temperature of 10.375717 units, differing by 

approximately 1.74 units from the recorded temperature of 12.119471 units. Observation 

12411 exhibited a larger deviation, with the SVM model anticipating an air temperature of -

2.618264 units, contrasting with the actual temperature of 0.780634 units, resulting in an 

approximate deviation of 3.4 units. Additionally, Observation 5556 demonstrated a forecast 

error of approximately 2.41 units, as the SVM model predicted a temperature of 14.236289 

units while the actual recorded temperature was 11.831202 units. Lastly, Observation 2348 

exemplified the near-precision of the SVM model, with an estimated air temperature of -

0.362766 units, deviating by approximately 0.19 units from the actual value of -0.552649 

units. These instances highlight the varying degrees of forecast errors associated with the 

SVM model's predictions. The comparative analysis presented in Figure 4.3 and the 

individual observations in Table 4.3 contribute to a comprehensive evaluation of the SVM 

model's performance in predicting air temperatures. 

In summary, the analysis of the SVM model's predictive performance, supported by the 

figures and table, contributes to our understanding of its strengths and limitations in 

accurately forecasting air temperatures. These insights provide valuable guidance for future 

research and application of the SVM model in the field of air temperature prediction. 
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Figure 4.3: Comparative Results of SVM and ANN Algorithms. 

4.3   HUNADITY SURFACE RESULTS 

The results presented in Table 4.4 provide a detailed analysis of the individual observations, 

comparing the actual and predicted air temperatures obtained from the SVM model. Notably, 

the predicted values in the "Predicted" column consistently converge around 0.009099 units. 

For Observation 4058, the recorded actual temperature was 0.001789 units, while the SVM 

model predicted a temperature of 0.009099 units. This observation exhibited a prediction 

error of approximately 0.00731 units. Similarly, Observation 11646 had an actual 

temperature of 0.001990 units, and the SVM model predicted a temperature of 0.009099 

units. The prediction error for this observation amounted to approximately 0.007109 units. 

Observation 12411 reported an actual temperature of 0.001217 units, and the SVM model 

consistently projected a temperature of 0.009099 units. The prediction error for this instance 

was approximately 0.007882 units. In the case of Observation 5556, the actual temperature 

was 0.005413 units, while the SVM model's prediction remained steady at 0.009099 units. 

This yielded a prediction error of approximately 0.003686 units. Lastly, Observation 2348 

documented an actual temperature of 0.003840 units, with the SVM model once again 

forecasting a temperature of 0.009099 units. The prediction error for this observation was 

approximately 0.005259 units. The calculated Root Mean Squared Error (RMSE) serves as 

a comprehensive measure of the average prediction error across all observations. In this 

specific case, the obtained RMSE value is 0.005429770633444614, indicating a relatively 

low average deviation between the predicted and actual temperatures. Thus, the SVM model 

demonstrates a commendable level of accuracy and efficacy in predicting air temperatures 

within the given dataset. However, the consistent predicted value of 0.009099 units across 

the observations, as evident in the "Predicted" column of Table 4.3 and figure 4.4, implies a 
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potential limitation of the SVM model in capturing the nuanced variations present in the 

actual temperature values. Further refinements and investigations are warranted to enhance 

the model's ability to deliver more accurate and diverse predictions. These findings 

significantly contribute to our understanding of the SVM model's performance in air 

temperature prediction, offering valuable insights for future research and development 

efforts. By leveraging these insights, researchers can strive to improve the SVM model's 

accuracy and applicability, leading to advancements in air temperature forecasting 

techniques.  

Figure 4.4: Depicts of SVM Surface Humidity Result. 

Table 4.4: Depicts of SVM Surface Humidity Result.  

       Observation Actual Temperature Predicted Temperature 

4218 0.003509 0.002648 

7380 0.007860 0.007099 

10439 0.002105 0.002142 

9616 0.008429 0.011440 

2261 0.005958 0.003734 

Root Mean Squared Error (RMSE): The RMSE value for the predictions of surface humidity 

by the ANN model is 0.00104. RMSE is a measure of the average deviation between the 

predicted values and the actual values. In this case, the lower the RMSE, the better the 

model's accuracy in predicting surface humidity. 
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Table 4.5: Depicts of ANN Surface Humidity Result. 

Index Actual Predicted 

4218 0.003508589        0.0026478853542357683 

7380 0.007859827        0.007099346723407507 

10439 0.002104589        0.0021419767290353775 

9616 0.008428902         0.011440401896834373 

2261 0.005957706         0.0037336768582463264 

In the table 4.5 and figure 4.5, "Actual" represents the actual values of surface humidity, 

while "Predicted" represents the corresponding predicted values by the ANN model. Each 

row corresponds to a specific index or data point. 

The model's performance can be assessed by comparing the actual and predicted values. For 

example, at index 4218, the actual surface humidity was 0.003508589, while the model 

predicted a value of 0.0026478853542357683. Similarly, for other indices, the model's 

predictions can be compared to the actual values. 

Figure 4.5: Depicts of ANN Surface Humidity Result. 

4.4   RADIANCE OF  INTENSITY RESULTS 

The Root Mean Squared Error (RMSE) is a commonly used metric to assess the accuracy of 

regression models. It quantifies the average deviation between the predicted values and the 

corresponding actual values. A lower RMSE indicates better accuracy and a closer alignment 

between the predicted and actual values. 
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In the given table 4.6 and figure 4.6, each row represents a specific data point with its 

corresponding index, actual Radiance Intensity, and predicted Radiance Intensity by the 

SVM model. 

a. Index 4058: Actual Radiance Intensity: 189.641861 and Predicted Radiance Intensity:

177.705916. At this index, the model predicted a Radiance Intensity of 177.705916,

which is slightly lower than the actual value of 189.641861. This suggests that the model

underestimated the Radiance Intensity for this particular data point.

b. Index 11646: Actual Radiance Intensity: 232.179001 and Predicted Radiance Intensity:

242.808734For this data point, the predicted Radiance Intensity is 242.808734, slightly

higher than the actual value of 232.179001. The model introduces a deviation by

overestimating the Radiance Intensity at this index.

c. Index 12411: Actual Radiance Intensity: 178.912582 and Predicted Radiance Intensity:

193.120926. The model's prediction of 193.120926 exceeds the actual value of

178.912582, indicating an overestimation of the Radiance Intensity for this data point.

d. Index 5556: Actual Radiance Intensity: 292.888306 and Predicted Radiance Intensity:

279.301215. At this data point, the model's prediction of 279.301215 falls slightly below

the actual value of 292.888306. The model introduces a deviation by underestimating the

Radiance Intensity.

e. Index 2348: Actual Radiance Intensity: 206.002441 and Predicted Radiance Intensity:

209.243730. The model's prediction of 209.243730 is slightly higher than the actual value

of 206.002441, indicating a minor overestimation of the Radiance Intensity. Overall, the

SVM model demonstrates a reasonably accurate performance in predicting Radiance

Intensity. However, there are instances where the model introduces deviations and

prediction errors, either by underestimating or overestimating the Radiance Intensity. To

improve the model's accuracy, several strategies can be employed, such as optimizing

hyperparameters, adjusting the SVM kernel function, or increasing the size and quality

of the training dataset. Additionally, feature engineering and data preprocessing

techniques can be utilized to enhance the model's performance further.
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Figure 4.6: Depicts Radiance of Intensity SVM Result. 

Table 4.6: Depicts Radiance of Intensity SVM Result. 

     Observation Actual Predicted 

4058 189.641861 177.705916 

11646 232.179001 242.808734 

12411 178.912582 193.120926 

5556 292.888306 279.301215 

2348 206.002441 209.243730 

The provided results correspond to the evaluation of an Artificial Neural Network (ANN) 

model's performance in predicting Radiance Intensity in the table 4.7 and figure 4.7. The 

Root Mean Squared Error (RMSE) is a metric used to assess the average deviation between 

the predicted values and the actual values. In this case, the RMSE is reported as 7.83, 

indicating the overall accuracy of the model. Analyzing the individual data points. 

a. Index 1718: Actual Radiance Intensity: 283.545319 and Predicted Radiance Intensity:

279.456238. The model predicted a value of 279.456238 for the Radiance Intensity,

which is slightly lower than the actual value of 283.545319. This suggests that the model

slightly underestimated the Radiance Intensity for this particular data point.

b. Index 5262: Actual Radiance Intensity: 198.037201 and Predicted Radiance Intensity:

193.196167. The model's prediction of 193.196167 falls below the actual value of

198.037201. Here, the model exhibits a deviation by underestimating the Radiance

Intensity for this data point.

c. Index 5971: Actual Radiance Intensity: 251.034653 and Predicted Radiance Intensity:

258.602386. The model predicts a value of 258.602386, slightly higher than the actual
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value of 251.034653. This indicates a slight overestimation of the Radiance Intensity for 

this specific data point. 

d. Index 9854: Actual Radiance Intensity: 292.271088 and Predicted Radiance Intensity:

291.565033. At this index, the model's prediction of 291.565033 is very close to the actual

value of 292.271088, suggesting a relatively accurate estimation.

e. Index 11057: Actual Radiance Intensity: 229.917145 and Predicted Radiance Intensity:

229.513809. The model's prediction of 229.513809 is slightly lower than the actual value

of 229.917145. This indicates a minor underestimation of the Radiance Intensity for this

data point.

Overall, the ANN model demonstrates reasonably accurate predictions for the Radiance 

Intensity. However, some deviations exist between the predicted and actual values, 

indicating some degree of prediction error. Fine-tuning of the model's architecture, adjusting 

hyperparameters, and incorporating additional training data may help improve its accuracy 

and reduce prediction errors. 

Figure 4.7: Depicts of Radiance of Intensity ANN Result. 

Table 4.7: Depicts of Radiance of Intensity ANN Result. 

        Index Actual Radiance Intensity Predicted Radiance 

Intensity 

         1718 283.545319        279.456238 

         5262 198.037201        193.196167 

         5971 251.034653        258.602386 

 9854 292.271088        291.565033 

        11057   229.917145        229.513809 
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The below figure 4.8, shows the comparison of SVM and ANN result to actual value. 

Figure 4.8: Comparative Results of SVM and ANN Algorithms. 

4.5   PREDICATIONS RESULTS OF OZONE 

In this section, of ozone prediction using the Support Vector Machine (SVM) model, the 

results reveal a Root Mean Squared Error (RMSE) value of 16.493382087630184. This 

metric represents the average deviation between the predicted ozone values and their 

corresponding actual values as shown in the figure 4.9 and table 4.8. A lower RMSE 

indicates better accuracy and a closer alignment between the predicted and actual ozone 

values. 

Upon analyzing the individual data points, certain deviations and prediction errors are 

observed. For instance, at index 4058, the model underestimated the ozone level, predicting 

a value of 293.479892 compared to the actual value of 311.280609. Conversely, at index 

11646, the model overestimated the ozone level, with a prediction of 270.012607 exceeding 

the actual value of 257.083588. Similar deviations occur at other indices, indicating both 

underestimation and slight overestimation of ozone levels. 

Overall, while the predicted ozone values generally exhibit a relatively close proximity to 

the actual values, discrepancies persist. To enhance the accuracy of the SVM model in ozone 

prediction, further steps can be taken. These include conducting additional analysis, fine-

tuning model parameters, and considering the incorporation of additional features or data. 

By undertaking these measures, it is possible to improve the model's accuracy and minimize 

prediction errors. 
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Figure 4.9: Depicts Ozone Result of SVM Algorithm. 

Table 4.8: Depicts Ozone Result of SVM Algorthim. 

       Index        Actual Ozone Value    Predicted Ozone Value 

        4058 311.280609 293.479892 

       11646 257.083588 270.012607 

       12411 301.125732 275.633126 

        5556 315.893311 281.335975 

        2348 296.226837 285.841585 

In the ozone prediction task using the Artificial Neural Network (ANN) model, an evaluation 

of the results reveals both deviations and prediction errors as depicts in the figure 4.10 and 

table 3.9. The model exhibits a Root Mean Squared Error (RMSE) value of 14.23, which 

indicates the average deviation between the predicted ozone values and their corresponding 

actual values. A lower RMSE suggests higher accuracy and better alignment between the 

predicted and actual ozone values. Analyzing the individual data points, it is observed that 

the ANN model demonstrates varying levels of accuracy. At index 4740, the model 

underestimates the ozone level, predicting a value of 260.167389 compared to the actual 

value of 293.885010. Similarly, at index 5442, the model's prediction of 277.949158 falls 

short of the actual value of 303.337708, indicating an underestimation. Conversely, at index 

3765, the model overestimates the ozone level, with a prediction of 288.374847 exceeding 

the actual value of 269.873596. However, there are instances where the model's predictions 

align relatively closely with the actual values. For example, at index 8644, the predicted 

ozone value of 265.411285 is in good agreement with the actual value of 266.273346, 

indicating a reasonably accurate prediction. Conversely, at index 12680, the model 
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overestimates the ozone level, with a prediction of 273.690338 exceeding the actual value 

of 263.061279. 

Overall, the ANN model demonstrates both deviations and prediction errors in ozone 

prediction. While some data points exhibit relatively close alignment between the predicted 

and actual ozone values, discrepancies persist. To enhance the accuracy of the ANN model 

for ozone prediction, further analysis, parameter fine-tuning, and the consideration of 

additional features or data may be necessary. 

Figure 4.10: Depicts Ozone Result of ANN Algorithm. 

Table 4.9: Depicts Ozone Result of ANN Algorithm. 

       Index Actual Ozone Value Predicted Ozone Value 

        4740 293.885010 260.167389 

        5442 303.337708 277.949158 

        3765 269.873596 288.374847 

        8644 266.273346 265.411285 

       12680 263.061279 273.690338 

4.6   PERDICATIONS REULTS OF WATER PRECITABLE VAPOR 

In the Total Precipitable Water Vapor (PWV) prediction using the Support Vector Machine 

(SVM) model, the results indicate deviations and prediction errors as shown in the figure 

4.11 and table 4.10. The Root Mean Squared Error (RMSE) value of 2.4397065673676317 

represents the average deviation between the predicted PWV values and their corresponding 

actual values. A lower RMSE implies better accuracy and a closer alignment between the 

predicted and actual PWV values. Analyzing the individual data points, it is observed that 

the SVM model exhibits varying levels of accuracy. At index 4058, the model 
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underestimates the PWV, with a predicted value of 2.124072 compared to the actual value 

of 2.317266. Similarly, at index 11646, the model underestimates the PWV, with a predicted 

value of 5.062353 falling below the actual value of 6.417947. However, at index 12411, a 

substantial underestimation is evident, as the model predicts a negative value of -0.731446 

compared to the actual value of 1.085830. This suggests a significant prediction error for 

this specific data point. Furthermore, at index 5556, the model underestimates the PWV with 

a predicted value of 7.804461, which is below the actual value of 11.433157. Conversely, at 

index 2348, the model overestimates the PWV, with a predicted value of 5.509454 exceeding 

the actual value of 4.319731. 

Overall, the SVM model demonstrates deviations and prediction errors in Total Precipitable 

Water Vapor (PWV) prediction. While some data points show relatively close alignment 

between the predicted and actual PWV values, discrepancies exist. To enhance the accuracy 

of the SVM model for PWV prediction, further analysis, parameter adjustments, and 

consideration of additional features or data are necessary. 

Figure 4.11: Results of Precipitable Water Vapor for SVM Algorithm. 

Table 4.10: Results of Precipitable Water Vapor for SVM Algorithm. 

 Index       Actual PWV Value    Predicted PWV Value 

 4058 2.317266 2.124072 

         11646 6.417947 5.062353 

         12411 1.085830 -0.731446

 5556 11.433157 7.804461 

  2348 4.319731 5.509454 
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In the Total Precipitable Water Vapor (PWV) prediction using the Artificial Neural Network 

(ANN) model, the results indicate relatively accurate predictions overall, as shown in the 

figure 4.12 and table 4.11. The RMSE value of 1.449 signifies a low average deviation 

between the predicted PWV values and their corresponding actual values, indicating good 

accuracy and alignment. Analyzing the individual data points, we observe that the ANN 

model performs reasonably well. At index 11717, the model slightly overestimates the PWV 

with a predicted value of 4.780296, compared to the actual value of 3.665664. Conversely, 

at index 4663, the model underestimates the PWV, with a predicted value of 12.987144 

falling below the actual value of 14.721755. Furthermore, at index 10693, the model slightly 

overestimates the PWV with a predicted value of 2.803883, which is higher than the actual 

value of 2.138596. This suggests a slight overestimation for this specific data point. At index 

11823, the model underestimates the PWV, as the predicted value of 8.198548 falls below 

the actual value of 9.385901. Similarly, at index 99, the model underestimates the PWV, 

with a predicted value of 7.123909 compared to the actual value of 8.660719. These 

discrepancies indicate some level of underestimation by the ANN model for these data 

points. 

In summary, the ANN model demonstrates relatively accurate predictions for Total 

Precipitable Water Vapor (PWV) values. The low RMSE value suggests good overall 

accuracy. However, there are still some deviations and underestimations in specific cases. 

To further enhance the accuracy of the ANN model for PWV prediction, fine-tuning of 

model parameters and considering additional features or data may be beneficial. 

Figure 4.12: Results of Precipitable Water Vapor for ANN Algorithm. 
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Table 4.11: Results of Precipitable Water Vapor for ANN Algorithm. 

       Index      Actual PWV Value    Predicted PWV Value 

         11717 3.665664 4.780296 

         4663 14.721755 12.987144 

         10693 2.138596 2.803883 

        11823 9.385901 8.198548 

  99 8.660719 7.123909 

The results comparison between the Support Vector Machine (SVM) and Artificial Neural 

Network (ANN) models for Total Precipitable Water Vapor (PWV) prediction reveals 

notable differences in their performance as shown in figure 4.13. The Root Mean Squared 

Error (RMSE) values provide a measure of the average deviation between the predicted and 

actual PWV values. A lower RMSE signifies higher accuracy and better alignment between 

the predicted and actual values. In this comparison, the ANN model exhibits a lower RMSE 

of 1.449, indicating superior accuracy, whereas the SVM model has a higher RMSE of 

2.4397065673676317. Analyzing the individual data points further emphasizes the 

contrasting performance between the models. In the SVM model, there are instances of both 

underestimation and overestimation of PWV values compared to the actual values. For 

example, Index 12411 shows underestimation, while Index 5556 demonstrates 

overestimation. Conversely, the ANN model demonstrates more accurate predictions 

overall, with smaller deviations observed for individual data points. For instance, Index 

11717 and Index 4663 exhibit slight underestimation and overestimation, respectively, but 

with smaller deviations compared to the SVM model. Taking all these factors into account, 

it can be concluded that the ANN model outperforms the SVM model in the prediction of 

Total Precipitable Water Vapor (PWV). The lower RMSE value of the ANN model indicates 

higher accuracy and a closer alignment between the predicted and actual PWV values. 

Furthermore, the individual data point analysis suggests that the ANN model provides more 

accurate predictions with smaller deviations compared to the SVM model. 
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Figure 4.13: Indicts the Comparison of PWV of SVM and ANN Algorithms. 

In the wind speed prediction using the Support Vector Machine (SVM) model, the results 

indicate some deviations and prediction errors as shown in the figure 4.14 and table 4.12. 

The RMSE value of 2.140023159341593 reflects the average deviation between the 

predicted wind speed values and their corresponding actual values. A lower RMSE suggests 

better accuracy and a closer alignment between the predicted and actual wind speed values. 

Analyzing the individual data points, we observe variations between the predicted and actual 

wind speed values. For example, at Index 4058, the model slightly overestimated the wind 

speed with a predicted value of 5.882937 compared to the actual value of 5.626854. 

Similarly, at Index 11646, the model overestimated the wind speed with a predicted value of 

4.834565, exceeding the actual value of 3.881111. Conversely, at Index 12411, the model 

significantly overestimated the wind speed, predicting a value of 5.137756 compared to the 

actual value of 1.829634. These discrepancies indicate potential prediction errors. 

Additionally, at Index 5556, the model underestimated the wind speed with a predicted value 

of 5.263222 falling below the actual value of 6.156575. Similarly, at Index 2348, the model 

underestimated the wind speed with a predicted value of 5.239574 lower than the actual 

value of 7.449769. 

Overall, the SVM model for wind speed prediction demonstrates deviations and errors in its 

predictions. While some data points show relatively close alignment with the actual values, 

there are significant discrepancies in others. The RMSE value provides an overall measure 

of the average deviation between the predicted and actual wind speed values. 
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Figure 4.14: Indicts the Predications Result of Wind Speed by Using SVM. 

Table 4.12: Indicts the Predications Result of Wind Speed by Using SVM 

 Index        Actual Wind Speed    Predicted Wind Speed 

 4058 5.626854 5.882937 

         11646 3.881111 4.834565 

         12411 1.829634 5.137756 

         5556 6.156575 5.263222 

 2348 7.449769 5.239574 

In wind speed prediction using the Artificial Neural Network (ANN) model, the results 

reveal both overestimations and underestimations compared to the actual wind speed values 

in the figure 4.15 and table 4.13. The RMSE value of 1.804 indicates the average deviation 

between the predicted and actual wind speed values, with a lower RMSE indicating better 

accuracy. Analyzing individual data points, we find that the ANN model tends to slightly 

underestimate the wind speed for some data points (e.g., Index 9130 and Index 11389), while 

overestimating it for others (e.g., Index 10193). These discrepancies suggest that the model 

may not capture all the complex factors influencing wind speed accurately. Significant 

deviations are observed in specific data points, such as Index 2593 and Index 9151, where 

the model substantially overestimated and underestimated the wind speed, respectively. 

These instances indicate potential prediction errors and highlight areas where the model 

could be improved. 

Overall, the ANN model demonstrates some deviations and prediction errors in wind speed 

prediction. While some predictions align closely with the actual values, there are instances 

where significant discrepancies exist. Fine-tuning the model's parameters and incorporating 
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additional features or data may help improve the accuracy of the ANN model in wind speed 

prediction. 

Figure 4.15: Indicts the Predications Result of Wind Speed by Using ANN. 

Table 4.13: Indicts the Predications Result of Wind Speed by Using ANN. 

  Index Actual Wind Speed Predicted Wind Speed 

  9130 5.857520 4.852974 

 10193 5.711646 6.071528 

  2593 1.647225 4.798931 

 11389 6.226645 4.780304 

 9151 4.420464 2.377744 

Comparison between SVM and ANN for wind speed prediction as indicts in the figure 4.16: 

SVM: 

a. RMSE: The SVM model achieved an RMSE value of 2.140023159341593.

b. Individual Data Point Analysis: The SVM model exhibited deviations and prediction

errors, with some data points showing overestimation (e.g., Index 11646) and

underestimation (e.g., Index 5556).

ANN: 

a. RMSE: The ANN model achieved an RMSE value of 1.804.

b. Individual Data Point Analysis: The ANN model demonstrated relatively accurate

predictions, with some deviations observed, such as overestimation in Index 10193 and

underestimation in Index 2593.
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Overall, the ANN model outperformed the SVM model in wind speed prediction, as 

indicated by its lower RMSE value. The ANN model showcased more accurate predictions 

with smaller deviations compared to the SVM model. However, further analysis and 

consideration of other factors are necessary to determine the most suitable model for wind 

speed prediction in specific contexts. 

Figure 4.16: Comparison between SVM and ANN for Wind Speed Prediction. 

4.7   DISSCUSION AND COMPARSION WITH THE PERVIOUS STUIDIES 

In this study, we investigated the prediction of various meteorological parameters for solar 

energy applications using different machine learning models, namely Support Vector 

Machine (SVM) and Artificial Neural Network (ANN). The models were evaluated based 

on their Root Mean Squared Error (RMSE) values obtained from the prediction results. 

For air temperature prediction, the SVM model achieved an RMSE of 3.6216904628330138, 

while the ANN model achieved a lower RMSE of 2.2. These results indicate that the ANN 

model outperforms the SVM model in terms of accuracy. The ANN model exhibited 

relatively accurate predictions with smaller deviations from the actual values, which aligns 

with previous studies demonstrating the effectiveness of ANN models in air temperature 

prediction [84][85]. 

In surface humidity prediction, both the SVM and ANN models performed excellently, 

yielding very low RMSE values of 0.005429770633444614 for SVM and 0.00108 for ANN. 

These results indicate that both models are highly accurate in predicting surface humidity, 

capable of capturing variations effectively. Consistent with previous studies, SVM and ANN 

models have shown successful surface humidity predictions [86][87]. 
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Regarding radiance intensity prediction, the SVM model achieved an RMSE of 

13.09546866582296, while the ANN model achieved a lower RMSE of 7.53. This suggests 

that the ANN model provides more accurate predictions compared to the SVM model. The 

ANN model demonstrated relatively accurate predictions with smaller deviations from the 

actual values, aligning with previous studies showcasing the effectiveness of ANN models 

in radiance intensity prediction [88][89]. 

For ozone prediction, the SVM model achieved an RMSE of 16.493382087630184, while 

the ANN model achieved a lower RMSE of 14.23. Both models exhibited deviations and 

prediction errors in ozone prediction, but the ANN model demonstrated slightly better 

accuracy with smaller deviations from the actual values. Previous studies have also utilized 

SVM and ANN models for ozone prediction, highlighting their potential in this application 

[90]. 

In total precipitable water vapor prediction, the SVM model achieved an RMSE of 

2.4397065673676317, while the ANN model achieved a lower RMSE of 1.449. These 

results indicate that the ANN model outperformed the SVM model in terms of accuracy. The 

ANN model exhibited relatively accurate predictions with smaller deviations from the actual 

values. Consistent with previous studies, SVM and ANN models have shown successful 

total precipitable water vapor predictions [91][92]. 

Regarding wind speed prediction, both the SVM and ANN models exhibited deviations and 

prediction errors. The SVM model achieved an RMSE of 2.140023159341593, while the 

ANN model achieved a lower RMSE of 1.804. The ANN model demonstrated slightly better 

accuracy with smaller deviations from the actual values. Previous studies have also explored 

the use of SVM and ANN models for wind speed prediction, highlighting their potential in 

this application [93][94]. 

Overall, our study demonstrates that machine learning models, particularly ANN, can 

effectively predict meteorological parameters relevant to solar energy applications. These 

models offer improved accuracy and the ability to capture variations in the predicted 

parameters. The findings of this study contribute to the growing body of research on utilizing 

machine learning techniques for solar energy applications and provide valuable insights for 

the development of accurate prediction models in the field. 
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Table 4.14: Indicts the Comparison with State of Art Methods. 

        Parameter        Model   RMSE Previous Study    Reference 

     Air Temperature       SVM         3.621690    - - 

      ANN 2.2  3.3        [84] 

   Surface Humidity       SVM         0.00542977    - - 

      ANN   0.00108         0.0012        [85] 

 Radiance Intensity       SVM         13.095468 - - 

      ANN 7.53   9.21        [86] 

Ozone       SVM          16.493382     - - 

      ANN    14.23  15.9        [87] 

Total    Precipitable 

Water 

      SVM  2.439706 - - 

Vapour       ANN    1.449   1.8        [88] 

       Wind Speed       SVM          2.140023 - - 

      ANN    1.804   2.1 [90]
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5. CONCLUSION AND FUTURE WORK

5.1   CONCLUSION 

In this study, we investigated the effectiveness of machine learning models, specifically 

Support Vector Machine (SVM) and Artificial Neural Network (ANN), in predicting 

meteorological parameters for solar energy applications. The performance of these models 

was evaluated using the Root Mean Squared Error (RMSE) metric, which measures the 

average deviation between the predicted and actual values. Our findings demonstrate that 

the ANN model consistently outperformed the SVM model in predicting various 

meteorological parameters relevant to solar energy systems. The ANN model exhibited 

lower RMSE values, indicating its ability to provide more accurate predictions with smaller 

deviations from the actual values. The superior performance of the ANN model in predicting 

meteorological parameters such as air temperature, surface humidity, radiance intensity, 

ozone levels, total precipitable water vapor, and wind speed is crucial for optimizing solar 

energy systems. Accurate predictions of these parameters enable better planning and 

management of solar energy resources, leading to improved energy efficiency and cost-

effectiveness. By leveraging machine learning methods, we can enhance the optimization of 

solar energy systems in a highly effective manner. Accurate predictions of meteorological 

parameters enable optimal utilization of solar energy, ensuring maximum energy production 

and reducing dependency on traditional energy sources. The results of our study contribute 

to the growing body of research on the application of machine learning in the field of solar 

energy. They highlight the potential of ANN models as a powerful tool for predicting and 

optimizing meteorological parameters, paving the way for the development of advanced 

solar energy systems. 

Lastly, our study demonstrates the significant impact of machine learning in improving the 

efficiency and effectiveness of solar energy systems. The accurate predictions provided by 

the ANN model, as indicated by the lower RMSE values, offer valuable insights for 

optimizing solar energy production and utilization. By harnessing the power of machine 

learning, we can drive the widespread adoption of solar energy technologies and contribute 

to a more sustainable and renewable future. 
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5.2   FUTURE WORK  

While our study has provided valuable insights into the effectiveness of machine learning 

models in predicting meteorological parameters for solar energy applications, there are 

several avenues for future research and improvement. 

a. Integration of Additional Features: In our study, we focused on predicting meteorological 

parameters based on historical data. However, incorporating additional features such as 

geographical information, solar panel characteristics, and real-time weather data can 

further enhance the accuracy of predictions. Future work can explore the integration of 

these features to improve the performance of machine learning models. 

b. Ensemble Approaches: Ensemble methods, which combine the predictions of multiple 

models, have shown promise in improving prediction accuracy. Future research can 

investigate the application of ensemble approaches, such as combining SVM and ANN 

models, to achieve even higher accuracy and robustness in predicting meteorological 

parameters for solar energy systems. 

c. Fine-tuning Model Parameters: Optimizing the hyperparameters of machine learning 

models can significantly impact their performance. Future work can focus on fine-tuning 

the parameters of SVM and ANN models to identify the optimal configurations for 

predicting meteorological parameters accurately. This can involve techniques such as grid 

search, cross-validation, and model selection algorithms. 

d. Evaluation of Uncertainty: Estimating the uncertainty associated with the predictions is 

essential for decision-making in solar energy applications. Future research can explore 

methods for quantifying and evaluating the uncertainty of machine learning models' 

predictions, providing stakeholders with a more comprehensive understanding of the 

reliability and confidence level of the predicted meteorological parameters. 

e. Real-time Prediction: Real-time prediction of meteorological parameters is crucial for 

dynamic solar energy management and grid integration. Future studies can focus on 

developing machine learning models that can provide accurate and timely predictions 

based on real-time data streams, enabling efficient adjustment of solar energy systems in 

response to changing weather conditions. 

f. Scalability and Generalization: Our study focused on specific meteorological parameters 

and solar energy applications. Future work can explore the scalability and generalization 

of machine learning models across different geographical regions, climate zones, and 
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solar energy system configurations. This will facilitate the wider adoption and 

applicability of machine learning-based approaches in optimizing solar energy at a global 

scale. 

Furthermore, there are several exciting avenues for future research in the field of using 

machine learning for solar energy optimization. By addressing these areas, we can further 

enhance the accuracy, robustness, and applicability of machine learning models, paving the 

way for more efficient and sustainable solar energy systems. 
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