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INTRODUCTION

Because of the carbon-fuel industry’s negative environ-
mental impacts, much focus is being placed on renewable
energy sources. To reduce or eliminate the energy produced
by fossil fuels and to satisfy the rising demand for electric-
ity from people and businesses, renewable energy sources
are becoming an attractive alternative [1,2]. According
to estimates, electricity produced from renewable energy
sources in the United States will raise from 20% (2021) to
24% (2023), due to the ongoing development of the solar
and wind productive capacities. In India, 101.53 GW (Sept.
2021), or 38% of all electricity, was produced by renewable
sources, and this projection will jump to a target of more
than 450GW (by 2030), of which 280GW (or 60%) will
come from solar energy. Therefore, accurate and timely
forecasts with solar power becoming more common will
be critical. Among all sources of energy, one of the larg-
est (in terms of production capacity) and most widely used
global energy source is solar energy. As the global econ-
omy shifts from fossil fuels to renewable energy sources,
effective energy management systems will be increasingly
important to achieve the greatest amount of sustainability
from the energy infrastructure through the greatest amount
of potential for using renewable energy. Energy manage-
ment systems are critical to the successful use of renewable
energy they maximize how much we can incorporate, hold
onto, and distribute renewable energy [3].

The Sultanate of Oman is currently undergoing a stra-
tegic diversification of its energy sector with an empha-
sis on achieving sustainable development and reducing
its carbon footprint as outlined in Oman Vision 2040,
and solar energy will be an important component of this
transition due to Oman’s high levels of solar irradiance. A
significant milestone in Oman’s efforts to harness its solar
energy potential is the recent commissioning of the Manah
1 Solar PV project, which has substantially increased the
country’s renewable energy capacity. This expansion neces-
sitates the deployment of advanced energy management
systems to enable efficient grid integration and optimal
utilization of solar resources through reliable power fore-
casting. However, achieving accurate solar power output
predictions in Oman remains challenging due to its arid
desert climate, high ambient temperatures, and frequent
extreme weather events such as dust storms [4]. Despite
ongoing advancements in solar technologies and the devel-
opment of large-scale solar projects, there remains a clear
need for localized, high-precision forecasting models that
adequately account for site-specific environmental condi-
tions. Furthermore, a comprehensive assessment of the eco-
nomic feasibility and return on investment (ROI) of solar
energy projects in Oman is essential to support informed
decision-making by investors and stakeholders [5]. This
study will present a comprehensive real-world case study
that will predict and validate the performance of a kilo-
watt photovoltaic (PV) power plant that was developed in

Eastern India. Such an analysis will be essential to move
forward with new solar PV projects with an emphasis on
1) understanding how regional weather and climate affect
solar energy generation, 2) how solar energy will be pro-
duced and used to meet local energy consumption needs,
3) developing accurate algorithms for solar power pre-
diction, and 4) evaluating ROI of solar investors [6]. The
accurate forecasting of solar power generation is critical in
the successful operation of power generation systems that
use solar energy as a substantial component of total energy
generation. This study will concentrate on providing accu-
rate forecasts for solar power generation in Eastern India
[7] due to the time series nature of the meteorological data,
with the aid of ensemble machine learning (EML) algo-
rithms, which have been shown to provide increased accu-
racy in forecasting [8,9]. Optimizing energy management
with solar power while achieving power supply reliability
and stability addresses the challenges of intermittent nature
of solar energy. Predictive modeling and forecasting are
vital to this area. Recently, ML and AI have both produced
successful results in improving renewable energy forecast-
ing accuracy [10]. Providing accurate forecasting improves
the integration of solar energy into electricity supply sys-
tems and helps run the system more efficiently and reduces
reliance on fossil fuels [11] Estimates of the effectiveness of
ML and AI models have been confirmed through studies
that have concluded that AT and ML create accurate predic-
tions of solar energy generation [12]. Using a large amount
of meteorological and historical power output data enables
machine-learning techniques to predict solar power gener-
ation with a high level of accuracy. Predictive techniques
encompass various methods such as ensemble methods,
neural networks, and hybrid methods that use multiple
machine-learning techniques to enhance the accuracy of
prediction. These methods are sophisticated and recognize
complex patterns and temporal dependencies in the data,
improving the reliability of predictions [13].

Predictive technology will enable the energy manage-
ment system to more accurately predict variability in solar
power generation, allowing for the operational adjustments
to meet increasing electric demand and address the envi-
ronmental impact of electric generation. There has been
a lot of previous research done on solar panel prediction
systems using techniques such as deep learning. Many of
the previous studies utilized common techniques for data
analysis, including principal component analysis (PCA),
to complete multivariate studies of solar irradiance pre-
dictions. A number of the research methodologies used
included deep learning methods that were combined with
domain knowledge, short-term prediction models, means
of predicting based upon Pearson correlations, and means
of predicting with outputs of photo-voltaic (PV) systems at
the specific location where measurement was conducted
for each site that made up the applicable studies. Several
authors utilized differing predictive regression models
and ensemble approaches to produce greater accuracy for
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predicting the amount of solar power produced. This article
will provide a concise yet thorough review of past research
conducted on this topic, as well as discuss its relevance to
our research. The analysis reveals that utilizing data mining
techniques produces significant improvements in the accu-
racy of all machine-learning-based prediction systems [14].
Multiple recent studies provide differing methodologies to
produce predictions and estimates of the power produced
from photovoltaic (PV) systems [15]. The studies used a
phenomenological model which is considered to be a sci-
entific model that accurately represents all the relationships
of events based on the core theory, e.g. the laws of thermo-
dynamics, but does not utilize core theories as explanation
[16]. In other words, phenomenological models do not rely
on any “fundamental” principles for their generation. The
intention of a phenomenological model is the definition
of a connection or association and not the explanation of
how those variables interact with each other. This form of
a relationship can be anticipated to exist beyond the vari-
able’s observable value [17]. Recent research has employed
numerous methods to estimate solar photovoltaic (PV)
output, and machine learning methods have gained in pop-
ularity due to their ability to model complex non-linear
relationships. Studies by Yadav et al. concluded that arti-
ficial neural networks (ANNs) can provide accurate esti-
mates of short-term solar photovoltaic (PV) production by
training the ANNs with past weather conditions and corre-
sponding PV output data [18]. In addition, researchers have
investigated hybrid models that utilize both physical and
statistical modeling techniques to take advantage of both
approaches [19]. Qazi et al. recently explored the possibil-
ity of using both a physical modeling technique to estimate
solar radiation and an ANN to improve both the accuracy
and reliability of solar PV estimates during weather variabil-
ity. This hybrid method, which uses elements of both physi-
cal and phenomenological modeling, is able to address the
limitations associated with pure phenomenological models
[20]. Additionally, advancements in satellite and remote
sensing technologies have improved the quality of the data
available for PV Power prediction modeling [21]. The util-
isation of high-resolution satellite imagery, combined with
ground-based weather stations, provides a larger data-
set from which to develop predictive models, leading to
improved accuracy in PV Power projections (Sadaei et al.,
2016). Current research has shown an increasing interest in
the use of ensemble learning techniques. These techniques
combine the predictions from multiple models to create
a more reliable overall result. Ensemble methods such as
gradient boosting, and bagging have proven to be effec-
tive at reducing the uncertainty associated with predicting
Photovoltaic (PV) Power output [22].

For example, Anuradha et al., (2021) provided an effi-
cient functional model that utilized a prediction interval
technique and outperformed traditional predication tech-
niques based on bootstrapping. This functional model
can be applied to time series data that have periodic

characteristics; however, it can also be used to make pre-
dictions for non-seasonal time series data [23]. Raafat
proposed a hybrid prediction framework that combines
k-means clustering and support vector regression (SVR) for
estimating global solar radiation. This method used six (6)
years of meteorological data collected in Ibadan to predict
future levels of solar radiation [24]. To predict solar irradi-
ance, Cabello-Lépez and others used PCA for reducing data
dimensions and ANN and AnEn for predicting solar irra-
diance. They found that small daily changes in atmospheric
conditions can have a large impact on the amount of solar
energy produced by PV systems [25]. Prabhakar also devel-
oped a hybrid method that employs both meteorological
classifications and SVM to predict how much power PV
systems produce every 15 minutes, including classification
of clear skies, cloudy skies, foggy skies, and precipitation.
In parallel, a study utilizing numerical weather prediction
(NWP) outputs from the GEFS employed various machine
learning techniques to predict solar energy generation
across multiple grid nodes. [26].

The purpose of this study was to provide a more thor-
ough examination of machine learning algorithms in the
context of refining analysis of meteorological data and
increasing the accuracy of PV power prediction [27]. The
analysis utilized an expanded array of training and eval-
uation techniques with a specific emphasis on expanded
ensemble learning. The combination of the predictive
ability of numerous models was intended to reduce the
occurrence of prediction errors and thus improve the total
reliability of the prediction process [28,29]. Rigorous eval-
uation was completed on the common ensemble methods
including Random Forest, Gradient Boosting, and stacked
algorithms. The models we used are appropriate for char-
acterizing the complex and nonlinear nature of how we
generate solar power. The issue of overfitting that arises
from having a single-model model was also accounted for.
In addition to conventional mathematical methods for pre-
dicting time series data, we investigated using time series
specific models (Long Short-Term Memory (LSTM) net-
works), and we devised innovative hybrid models using
LSTM and convolutional neural networks (CNN) [30].
This dual model developed a way to analyze separately the
time-dependent behavior of meteorological data over time
while extracting spatial attributes of environmental data
related to meteorological variables. We were able to develop
a robust and adaptive prediction framework through the
effective fusion of these advanced methods [31]. A novel
prediction framework was developed to effectively capture
the inherent variability of solar irradiance and its impact
on photovoltaic power generation. By enabling more
accurate real-time forecasting, the proposed approach
enhances the operational efficiency of solar power plants
and supports informed investment decisions and stra-
tegic planning within the rapidly evolving and competi-
tive renewable energy sector [32]. Accurate prediction of
solar energy production remains challenging due to the
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inherent uncertainty of environmental conditions. Solar
power generation is strongly influenced by meteorological
factors such as cloud cover, humidity, and ambient tem-
perature, all of which exhibit significant temporal variabil-
ity. Consequently, fluctuations in these parameters lead to
corresponding variability in the amount of solar radiation
available to photovoltaic systems. Changes in cloud cover
can lead to turbulent swings in solar power generation and
have a massive impact on the ability to perform accurate
forecasts of solar energy generation [33]. One of the limita-
tions in relation to the challenge of accurately forecasting
solar energy generation is the lack of a systematic approach
to forecasting solar energy generation in comparison to
other renewable energy technologies like wind energy. This
creates difficulty in developing accurate forecasts for solar
energy generation, particularly for short periods of time.
Solar power forecasting is the process of collecting and
analyzing historical and current data for predicting solar
energy production during various time periods. Still, the
unpredictability of the weather makes the ability to pro-
duce accurate solar power forecasts even more challenging
[34]. Furthermore, the volatility of solar energy can create
a major barrier to the integration of the electric power sys-
tem. Rapid fluctuations in solar power generation caused
by changing weather conditions can adversely affect the
reliability and resilience of electric power systems. These
challenges necessitate advanced forecasting and energy
management strategies to effectively balance electricity
supply and demand. Accurate solar energy forecasting is
therefore critical for the efficient management of renewable
resources and the successful integration of solar power into
existing electricity grids [35]. To address these challenges,
a wide range of modeling approaches have been developed
that utilize diverse data sources, including ground-based
sensor networks, satellite imagery, numerical weather pre-
diction models, and historical generation data. In recent
years, machine learning techniques have increasingly been
adopted to enhance the accuracy and robustness of solar
energy forecasting. These advanced methods make use of
real-time environmental measurements and historical data
to create better prediction models. The inherent unpre-
dictability of solar resources will continue to be one of the
major challenges; therefore, ongoing research is needed to
improve forecasting methodologies [36].

The focus of this study is to review the performance of
different advanced machine learning algorithms to forecast
output power generated from the solar resource. The pur-
pose of this research is to compare different machine learn-
ing algorithms to see how well they forecast solar radiation
and solar energy. This research conducts a comparative
evaluation of several machine learning algorithms, includ-
ing artificial neural networks (ANN), Random Forests, and
Gradient Boosting, to identify the methods that offer the
highest accuracy and reliability for solar energy forecast-
ing. By analyzing historical forecasting data using advanced
mathematical and machine learning techniques, the study

aims to enhance the precision of solar power predictions.
The overarching objective of this work is to improve the
accuracy of solar energy output forecasting through the
effective application of machine learning methodologies.
Traditional empirical methods do not consistently hit the
mark when trying to capture the complex variation of solar
radiation caused by changing weather patterns. Machine
learning algorithms have been shown to have promise in
providing more accurate forecasts by incorporating large
volumes of both historical and real-time data into forecasts.
Here we test the validity of these algorithms under various
conditions to ensure that they remain resilient and reliable
for real-world applications. The primary objective of this
research is to enhance forecasting methodologies through
the systematic evaluation and validation of advanced
machine learning algorithms. The research will also sup-
port improved integration of solar power onto the electric
grid and provide better management of renewable energy
resources through an emphasis on accuracy, reliability, and
real-time capabilities.

Geographical Location

Oman is located at a strategic point along the south-
eastern coast of the Arabian Peninsula. The site of this
investigation is located for different areas of Oman, more
precisely at coordinates of 22.280°N and 59.160°E. This
area is characterized by dry desert landscapes which con-
tain large areas of flat land with very few plants. The bor-
ders of Oman are shared by the United Arab Emirates to
the northwest, Saudi Arabia to the west and Yemen to the
southwest, while its long coastline along the Arabian Sea
results in varied topography as shown in Figure 1. Oman
has a hot desert climate according to the Koppen climate
classification system, with most areas of Oman being
classified as BWh [37] (meaning the summer months are
extremely hot). During the summer months, average daily
temperatures can often exceed 40°C (104°F), but the winter
months are considered to be mild and moderate in tem-
perature. The average annual precipitation is approximately
100mm; with the majority of rainfall occurring between the
months of November to April.

This weather pattern provides an annual average of over
3,500 hours of sunlight, therefore creating a reliable and
abundant source of solar energy. The dry climate in Oman
also makes it a prime location for solar energy projects, par-
ticularly for the generation of electricity using photovoltaic
(PV) systems [38].

MATERIALS AND METHODS

Figure 2 illustrates a systematic approach to predicting
solar energy with machine learning techniques. The process
begins at the Data Collection stage where all relevant data
is gathered including past solar energy production data as
well as data related to meteorological conditions such as air
temperature and wind direction. In the case of Oman solar
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Figure 1. Geographical location of the site a) Map b) Actual site.

power and meteorological data is obtained from sources like
the Directorate General of Meteorology (DGM) through
the Oman Civil Aviation Authority, the Renewable Energy
Research Center (RERC) at Sultan Qaboos University or
various other publicly accessible databases including the
Photovoltaic Geographical Information System (PVGIS)
and NASAs POWER Data Archive [39,40]. These types of
datasets also include all meteorological conditions such as
solar irradiance, air temperature, wind speed and any other
atmospheric variables that may affect forecasting of solar
energy production in converting from a machine learn-
ing model into a working machine. Data is organized via
Data Preprocessing prior to training or running through a
machine learning model to ensure that all data will meet
the requirements for creating a successful machine learn-
ing model [41]. This involves many steps including remov-
ing outliers, normalizing data and managing missing data.
Data normalizing has the ability to help a machine learning
model converge towards a solution quicker if the dataset
has been normalized (i.e., scaling each value from a given
range of 0 to 1) [24].

To complete the next step, we will select a prediction
model through three different methodologies, where each
uses a different machine learning model. First, we will use
Long Short-Term Memory (LSTM) with Particle Swarm
Optimization (PSO). LSTMs are well suited for working
with sequential data such as time series of solar energy.
By using PSO, we hope to optimize LSTM to improve the

accuracy of our prediction [3,6]. The second method is
Decision Trees. Decision Trees employ a hierarchical struc-
ture of decision rules to decompose the prediction task into
a series of smaller, more manageable problems. The Extra
Trees method extends this approach by combining multiple
decision trees into an ensemble, thereby improving predic-
tive accuracy and reducing model variance [42].

After selecting the best model from the Model selec-
tion process based on performance on a validation data set,
optimization and prediction will follow as the next steps.
The training of the selected ML model will use the prepro-
cessed data [43]. The PSO optimization method will also
be used to optimize the hyper parameters of LSTM at that
point. Finally, the final model selection will be used to pre-
dict the future amount of solar energy output. A systematic
approach using a flowchart can provide an accurate esti-
mate of solar energy generation using machine learning.
This study shows that the progress of renewable energy can
be supported by predicting solar energy generation using a
systematic method employing flowcharts [44].

DATA COLLECTION

Databases for PV generation data were used based on
data collected over 10 years, specifically between January
1, 2013 and January 1, 2024. The use of a long enough his-
torical database allows for a comprehensive study of long-
term trends and regularly occurring seasonal variations of
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Figure 2. Solar energy prediction using machine learning models.

generation from photovoltaic systems. Meteorological data
consist of various environmental conditions that affecta PV
systemr’s operation. Atmospheric solar irradiance has both
a direct and diffuse component of sunlight. Direct solar
irradiance is sunlight that reaches the Earth’s surface with-
out being reflected or refracted, while diffuse/indirect solar

irradiance is sunlight that has been reflected/absorbed by
the atmosphere before it reaches the surface of the Earth.
When combined, they represent all solar energy available
for conversion into electricity using PV systems. The ambi-
ent air temperature surrounding a PV panel affects how
efficiently and effectively the PV cells operate. Specifically,
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at higher ambient air temperatures, PV modules typically
achieve lower output than do PV modules at lower ambient
air temperatures. Humidity describes the amount of mois-
ture in the atmosphere and will affect the amount of solar
energy able to travel through the atmosphere to your PV
panels, as well as potentially leading to moisture accumula-
tion on the surface of PV panels and reduced efficiency at
the time of generation. One way to improve the efficiency
of PV panels is to cool them down, as their operating tem-
perature is related to the wind speed and direction. In addi-
tion, it is essential for engineers who design photovoltaic
(PV) systems to understand wind patterns to ensure they
can withstand the force of wind.Rain also plays an import-
ant role in assuring that PV panels remain clean, as rain-
water can effectively wash away dust and dirt. Conversely,
excessive rainfall can create potential drainage issues, as
there is a possibility that the PV’s electrical components
could be saturated with water.

There are several critical performance metrics associ-
ated with PV systems. These metrics can be used to mea-
sure the success and output capability of a PV system.
Power is one performance metric used to measure a PV
systeny’s ability to generate an electrical output (measured
in kilowatts (kW) or megawatts (MW)). System efficiency,
another performance metric, indicates the effectiveness of
a PV system’s ability to convert solar energy into electri-
cal energy; this measurement is reflective of both electrical
losses and environmental factors. Incident solar radiation is
the amount of solar energy incident to the PV panels, and
this measurement directly relates to the amount of electri-
cal energy generated. The temperature of the PV modules
is yet another performance metric; the efficiency of the
PV modules is dramatically affected by their temperature.
Typically, as the temperature of the modules increases, the
efficiency of the PV modules will decrease [43].

Purpose of Data Collection

The main aim of collecting all of this thorough data is
for the exploration of how photovoltaic generation of power
occurs both long term and short term to develop accurate
models to forecast. In addition, the information will also
allow an evaluation of local meteorological conditions on
performance therefore providing better designs for how to
utilize PV systems when they are built in an area similar
to where they are located. This information will assist in
evaluating forecasting techniques such as phenomenologi-
cal approaches and the use of machine learning methods as
well as hybrid methods [45].

Data Prepossessing

After the data has been imported, it will begin the data
preparation process. This includes eliminating missing val-
ues and eliminating unrelated columns. After unrelated
columns have been removed, the next step is to find and
remove outliers. Outliers must be detected and dealt with
to ensure the accuracy and reliability of prediction models.

Outliers have the potential to bias how a model is trained,
resulting in inadequate performance and inaccurate pre-
dictions. Outliers are defined by evaluating the variables
of interest (i.e. wind speed, relative humidity, and tempera-
ture). For instance, through statistical evaluation of the pre-
vious variables, thresholds and ranges are established for
these parameters and any data points lying outside of these
thresholds are defined as outliers and removed from the
dataset. The process visually displayed in Figure 2 ensures
the remaining data represent typical climate and operating
conditions [46].

After the data has been cleaned and processed, it is
used for training four different models (LSTM, LSTM/PSO,
Decision Tree, and Ensemble Extra Trees). LSTM (Long
Short-Term Memory) is a specific type of recurrent neu-
ral network (RNN) that is designed to effectively predict
future values in a time series. It also allows for the under-
standing of long-term relationships between variables
and sequences of data. The LSTM created model will be
adjusted with Particle Swarm Optimization (PSO) in order
to enhance prediction results through hyperparameter tun-
ing. Additionally, the Decision Tree created model will be
used as a non-linear algorithm that can be used as a hier-
archical structure to make decisions base on input charac-
teristics as well as capture non-linear correlations between
variables. An alternative technique used within this study
that involved ensemble learning was the Ensemble Extra
Trees method which combines multiple decision trees
within the same ensemble to provide more accurate and
robust forecasts by minimizing variability and reducing risk
of overfitting [47].

Models Employed in the Investigation

The examination employs four methods of modeling
photovoltaic (PV) output power, utilizing various tech-
niques and approaches for increasing predictive accuracy
and resiliency. Long Short-Term Memory (LSTM) is one
type of Recurrent Neural Network (RNN) specifically
designed to predict future points in a time series using his-
torical sequential records. By leveraging historical weather
and production performance information, RNNs develop
a reference and comprehension of long-term relationships
within sequential data. Therefore, LSTM networks are
well suited for forecasting PV production [48]. To further
enhance the accuracy of LSTM forecasting, Particle Swarm
Optimization (PSO), is applied as a way to tune the hyperpa-
rameters of the LSTM network. PSO reproduces the social
behaviors associated with the collective decision-making
processes that arise from a swarm of birds or school of fish
searching for the optimal solution in a given area [49]. Data
is partitioned based upon value of the input variables, creat-
ing a model that is easily interpretable while also capturing
non-linear relationships in the data. A decision tree is an
example of a non-parametric model as it creates predictions
through a hierarchical algorithmic approach resembling a
tree [50]. Ensemble Extra Trees, also known as Extremely
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Randomized Trees, is an ensemble learning approach that
aggregates multiple decision tree outcomes to provide more
accurate and robust forecasts compared to individual deci-
sion tree models. This method reduces variability in the
results and the risk of overfitting by selecting diverse data
subsets and then randomly determining the decision points
within each decision tree.

In conclusion, the goal of this project is to develop
accurate and reliable PV output power forecasting tools
using a combination of various models and large amounts
of data for both meteorological conditions and PV system
performance. Each model type used has its own advan-
tages: LSTM models have the ability to capture temporal
relationships; PSO (Particle Swarm Optimization) provides
improved optimization processes; decision trees give the
models interpretability; and ensemble models provide the
highest level of accuracy for all predictions made by these
models combined. This multi-faceted approach addresses
the complexity of forecasting PV output power in a variety
of types of environmental conditions [51].

RESULTS AND DISCUSSION

Solar Global Radiation (SGR) and its Correlates

Heatmap Figure 3 of the correlation between several
weather variables at a location in Oman shows numer-
ous interesting relationships exist between different
meteorological variables temperature and rainfall have
a significant negative correlation, meaning that as tem-
perature goes up, precipitation generally goes down.
This correlation shows that usually when the tempera-
ture is higher, the amount of rain will usually be lower.
Therefore, this negative correlation between tempera-
ture and precipitation is extremely important to under-
stand weather patterns, especially in very hot areas
which may experience a decrease in rainfall. In con-
trast, relative humidity (RH) and rainfall have a very
small positive correlation, which means that generally
when there is a higher relative humidity there will be
a small amount of rain. Therefore, increased humidity
may have a small effect on the total amount of precipi-
tation. This is a helpful correlation for predicting future
weather patterns in humid climates, but does not have
any impact on predicting future weather patterns. Also,
there is a very small negative correlation between sea
level pressure (SLP) and rainfall, which indicates that
lower SLPs are correlated with slightly higher amounts
of rainfall. The association between low SLP systems
and significant precipitation is probably caused due to
the more chaotic and turbulent nature of weather sys-
tems when there is low SLP [52].

Besides that, the heat map strongly shows how low
temperatures (TEMP (Min)) have a positive correlation
to the minimum relative humidity (RH(Min)). This helps
to demonstrate the relationship that exists between low

overnight temperatures and high minimum relative humid-
ity levels which can potentially influence dew forming and
overnight weather [53].

The correlation between SGR and various meteorolog-
ical variables yields useful insights. Specifically, the three
temperature variables — mean, maximum, and minimum,
ie., TEMP(Mean), TEMP(Max), TEMP(Min) - tend to
have a small positive relationship to solar global radiation
(SGR), as indicated by the analysis. This means that as
temperature increases, there tends to be more illumination
and therefore more SGR. This relationship is expected due
to the fact that increased SGR results in increased surface
temperatures. The vapour pressure variables (VP(Mean),
VP(Max) and VP(Min)) also exhibit a small to moderate
positive relationship to SGR. This shows that vapour pres-
sure (which represents moisture present in the atmosphere)
is slightly related to SGR, increasing as vapour pressures
increase. Therefore, moisture may contribute to the green-
house effect causing a higher temperature and more SGR.
[54].

The wvariables of relative humidity (RH(Mean),
RH(Max), RH(Min)) have a slight negative correlation with
solar global radiation (SGR). Relative humidity is some-
times associated with cloudy days, and higher levels of rel-
ative humidity slightly reduce the amount of solar energy
that reaches the ground level. It is important to know about
the inverse relationship between cloud cover, moisture in
the atmosphere, and the amount of solar radiation that is
available. The sea level pressure variables (SLP(Mean),
SLP(Max), SLP(Min)) indicate a slight association with
SGR, indicating that changes in sea level pressure will not
have much effect upon solar radiation. In addition, the
data shows that there is a very weak negative correlation
between wind speed (WMS) and SGR, meaning that wind
speeds have little to no effect on how much solar radiation
is reported.

Finally, there is a weak negative correlation between
rainfall and global solar radiation (SGR), meaning that
when there is more rain, there will be more clouds to block
the sun’s rays and the amount of solar energy available is
reduced. The weak correlations identified in this study will
be useful in the development of comprehensive weather
and climate models, but there are many other variables
that are more significantly correlated with solar radiation.
In summary, the temperature and vapor pressure variables
had relatively strong correlations to SGR. The lower cor-
relation values observed for relative humidity, sea level
pressure, wind speed and rainfall demonstrate that these
elements have a less significant effect on solar radiation
than the other factors studied. Results from this study will
be important in the fields of meteorology and climate mod-
eling as they will aid in identifying the main variables in
predicting solar radiation and determining weather pat-
terns for solar radiation forecasting and weather pattern
analysis.
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Figure 3. Correlation Map for the dataset variables this data

Where,

SLP(Mean): Mean Sea Level Pressure
SLP(Max): Maximum Sea Level Pressure
SLP(Min): Minimum Sea Level Pressure
TEMP(Mean): Mean Temperature
TEMP(Max): Maximum Temperature
TEMP(Min): Minimum Temperature
VP(Mean): Mean Vapor Pressure
VP(Max): Maximum Vapor Pressure
VP(Min): Minimum Vapor Pressure
RH(Mean): Mean Relative Humidity
RH(Max): Maximum Relative Humidity
RH(Min): Minimum Relative Humidity
WMS: Wind Speed

SGR: Solar Global Radiation
RAINFALL: Total Rainfall

Box Plot for Solar Global Radiation (SGR)

The box plot of solar global radiation (SGR) Figure 4
offers information on variations (data spread)/distribution
of SGR data at the same site. The median (~600 W/m?) is
indicated by the horizontal line within the box, with 50% of
the values being less than and 50% of the values equal to or
greater than 600 W/m?. The median will not be as skewed
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just shows the raw not specific information.

by extreme values as the mean; consequently, the median
is a better representation of “typical” SGR values. The red
box (interquartile range) represents the range of data that
falls within the two middle quartiles of the SGR data set.
The interquartile range is determined by calculating the
difference between Q3 (~800 W/m?) and Q1 (~450 W/
m?); thus, the greater the IQR value the more variability in
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Distribution of Solar Global Radiation
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Figure 4. Box plot representing the distribution of solar global radiation (SGR) values.

the data and the less the IQR value the more consistent the
SGR values [11]. The whiskers extend from the boxes and
cover the vast majority of SGR data records (100-900 W/
m?), with the exception of outlier SGR records, which can
be lower than 100 W/m®. The low-end outlier records indi-
cate periods where SGR had low values (0 - 100 W/m?) due
to reduced solar exposure (cloud cover), as well as times
of day where SGR has low values (early AM/early PM) or
there were anomalies within the SGR data. Whiskers (the
line that extends from each side of the box) typically extend
from the box by 1.5 times the interquartile range, giving us
a general idea of how much the SGRs generally vary.

The upper whisker indicates the maximum value for
a non-outlier SGR, and the lower whisker indicates the
minimum value for a non-outlier SGR. Outliers are plot-
ted as points on the top of the box plot; outliers indicate a
significant deviation from the expected range for SGR val-
ues. The presence of outliers may also indicate an unusual
atmospheric occurrence, or that there was an error in the
process of measuring the SGR. The box plot gives us a clear
representation of how SGRs are distributed; it shows that
SGRs tend to be very high, with occasional dips in SGRs,
and that we can expect a high spread between the two whis-
kers, while also showing us that there is significant variabil-
ity due to seasonal changes, and/or atmospheric conditions
[55].

Box Plot for Temperature Variation

The box plots Figure 5 show the distribution of the
average (mean), maximum and minimum temperatures
(°C) for a specified time period. The box plots provided in
the graphical representation are very useful because they
allow a user to determine the central tendency (average) of
the temperature, the degree of dispersion (how far the indi-
vidual temperature observations are from the average), and
the degree of variability (how much the mean value varies

during the specified time period). The box portion of the
box plot is the interquartile range (IQR) of the tempera-
tures, with a line in the box indicating the median tempera-
ture and two lines extending from the IQR to the minimum
and maximum temperatures (with the minimum and max-
imum values expected). Any temperatures that are identi-
fied as potential outliers would be displayed as individual
points above and below the whiskers [56].

The first boxplot displays the distribution of the mean
temperature of the year (Celsius). The median temperature
is approximately 30°C meaning that half of the recorded
temperatures are below that point and half are above. The
interquartile (IQR) range is from approximately 25°C
(Ql - 25th percentile) to 35°C (Q3 - 75th percentile).
Therefore, 50% of the recorded mean temperatures occur
within that range. The whiskers extend from approximately
15°C to 40°C, showing the minimum and maximum val-
ues found in the expected distribution. The extent of the
whiskers indicates that there is moderate to high variability
of mean temperatures from 15°C to 40°C; therefore, mean
temperatures can be quite variable and range from 15 to
40 degrees Celsius on occasion. The second box contains
the maximum temperatures recorded. The median appears
to be around 37°C; the IQR extends from approximately
30°C (Ql) to 42°C (Q3). The whiskers also extend from
approximately 20°C to 48°C, illustrating very high vari-
ability in maximum temperatures. The record of higher
temperatures indicate extreme weather was recorded; for
instance during summer season when temperatures peak.
The large IQR denotes large variations between the daily
maximum, which could be related to seasonal variations,
climatic variability or extreme heat. The next graph shows
how widely the minimum temperatures differ. The value in
the middle (the median) of the minimum recorded tem-
perature is about 22 degrees Celsius, and the difference
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Figure 5. Box plot representing the distribution of Temperature variables a) Mean temperature b) Max temperature c) Max
temperature.

between the first quarter (Q1) and third quarter (Q3) is 18  Celsius, indicating that there have been some very low tem-
degrees Celsius to 28 degrees Celsius. The “whiskers” of the  perature values recorded. The bottom of around 5 degrees
box plot extend from about 5 degrees Celsius to 35 degrees  Celsius suggests that once in a while, we get cold spells or
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some change in the seasons that affect temperatures sig-
nificantly. These temperatures have a wide range in the box
and whiskers of this box plot proving that, in general, min-
imum temperatures have a greater range than the other two
temperature values (mean and maximum). There are other
meteorological events such as the passing of a cool front,
the cooling of the ground during nighttime, etc. that would
contribute to the differences in temperature values.

Variation of SGR with Temperature

Figure 6 is a time series graph showing how well solar
global radiation (SGR) corresponds with some of the tem-
perature measurements collected in Oman between 2015-
2024. The colors of the points on the graph help to show the
physical difference between the data points on the graph
more easily.

Both SGR and temperature measurements show clear
cyclical patterns demonstrating that there are significant
seasonality in the data. There are annual fluctuations in the
data with months of high and low values. In weather-related
data, such as the temperature and solar radiation, we typi-
cally observe a continuous pattern arising from the effect
of seasons on those two parameters. In this data, the SGR
(Sunlight/Ground Reflectance) value is represented by the
red dots, and there is evidence of a repeating cyclical pat-
tern in SGR, with the peaks of the SGR values coinciding
with the corresponding yearly peaks in SGR (reflecting the
lowest levels of solar radiation) and the same for the valley
(seasonal decline). Based upon the established relationship
of solar insolation to surface temperature differences over
time, the evidence of the peak SGR values correlating to the
historical peaks of temperature corresponds with the peak
values of solar radiation each year [58].The blue dots in the
chart represent the trend of (Tmean) and would follow a
similar pattern as the SGR; however, they would have a less
pronounced peak and valley pattern, suggesting that Tmean

600~
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2018 2019 2020

Date

would also have an annual trend over time, following the
same trend as the solar insolation trends for Tmean.

The TEMPmax data (Purple) shows much more variance
than the Tmean (Blue) data with TEMPmax having peaks
and valleys that show the greatest temperature extremes
during summer months and during winter months; there-
fore, the TEMPmax (Purple) data has experienced all of the
highest, lowest and average temperature extremes due to
changes in the solar radiation and local weather through-
out the year. The TEMPmin (green) data contains seasonal
variations similar to the TEMPmax (purple). The cyclical
nature of both solar global radiation (SGR) and temperature
exhibits similar cyclical patterns but with reduced ranges,
potentially indicating seasonal low temperatures or night-
time cooling impacts. The lower limit of the TEMPmin
(minimum temperature) indicates occurrences of very low
minimum temperatures during the winter months, as indi-
cated in reference [57]. The patterns between the two com-
ponents SGR and temperature (TEMP) showed positive
association with each other. This is expected due to the cor-
relation between increasing solar radiation and increased
temperatures, as well as the correlation to decreasing solar
radiation with decreased temperatures. Solar radiation acts
as a key driver of the variability seen in temperature. This
is supported by the time-series graphic displaying the visi-
ble seasonal variability of both SGR and temperature. The
visible recurring seasonal patterns reflect the effects of the
seasonal changes of climatic components on other meteo-
rological components. The correlations observed between
SGR and temperature indicate that there is a co-dependent
relationship between these two climatic components; and
that SGR significantly influences the temperature variabil-
ity experienced on the earth. The graphic allows for great
insight into the temporal nature of both solar global radia-
tion and temperature; both of which are important for fore-
casting weather, and modeling climate [23].

= sGR
TEMPmean(*C)
TEMPMax(*c)

—~ TEMPMIn(*C)

-3
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Figure 6. Plot representing the variation of SGR with temperature variables.
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Solar Radiation as Time Series
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Figure 7. Solar radiation time series plot.

Time Series Plot of Solar Radiation

Figure 7 shows the time series of Solar Global Radiation
(SGR) from 2015-2024 and illustrates how solar radiation
amounts change throughout a year. The plot shows strong
seasonal patterns; in particular, there are usually high
amounts of solar radiation in the middle part of the year
(summer months), while there are usually low amounts in
the early and late parts of the year (winter months) and this
evidence of solar radiation’s annual pattern can be explained
by the seasonal nature of solar insolation.

The maximum recorded SGR values of over 800 W/
m? mostly occur in the middle part of the year. The lowest
recorded SGR values, which can be generally close to 0 W/
m?, would likely be caused by nighttime, cloud cover or dis-
turbances in the atmosphere. Although there is a nice yearly
cycle with the data, there are slight differences in the mag-
nitudes of the peaks and troughs indicating some variabil-
ity from year to year, such as variations in solar radiation
caused by weather variations, changes in atmospheric com-
position, etc. [58]. However, even though SGR does vary
from year to year, it appears that there has not been any
long-term trends (increasing or decreasing) over the nine
years, which means that the overall amount of solar radi-
ation available during the nine year time frame remained
fairly constant. The fact that solar radiation cycles are regu-
lar, with some deviations, reinforces the need for long-term
data sets to look for anomalies and patterns that can be uti-
lized for practical solar energy applications [59].

LSTM Optimized with PSO Algorithm

Scatterplots representing the outputs of an LSTM with
PSO model shown in Figure 8, where forecasts (red dots)
cluster well together and show a strong resemblance to the
ideal fit line (blue) indicates the same close proximity that
was observed in terms of predicted values and actual (SGR)

2020 2021 2022 2023 2024

Date

values (shown on x-axis) [60]. This conclusion is supported
by the lower errors recorded in the error measures; MAE
=19.978, MSE=438.081, RMSE=20.930 which confirms a
strong correlation between predicted values and actual val-
ues. A significant R* value (0.974) demonstrates that the
model accounts well for the majority of variance in the real
SGR data and highlights the high level of prediction capa-
bility of this model [24].

The scatterplot results combined with the various per-
formance metrics give definitive proof that this LSTM
model, having been developed using Particle Swarm
Optimization (PSO), performs exceptionally well when
predicting Solar Global Radiation (SGR) values. The suit-
ability of this model for solar energy forecasting applica-
tions is verified by the strong correlation between the actual
and the predicted values. Apart from energy forecasting,

800
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LSTM with PSO

LSTM with PSO

200

o 200 400

Actual SGR

600 800

Actual SGR

Figure 8. Actual vs predicted values plot for LSTM opti-
mized with PSO algorithm.
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this model can also be used for climate prediction as well as
for other fields requiring increased accuracy of solar radi-
ation data [11].

LSTM Model

The effectiveness of the LSTM model to predict SGR
values is shown in Figure 9. Red dots represent the pre-
dicted values, while the blue line corresponds to the ideal
tit case. Obviously, the red dots’ strong clustering about the
blue line indicates the high degree of similarity between the
predicted and the actual SGR values on the x - axis. The
small variation between the predicted and the actual val-
ues is further verified by calculating the prediction errors
(MAE = 25.58, MSE = 1191.33, RMSE = 34.51). Another
indication of the model’s increased predictive accuracy is
the high value of R? (0.92), which reflects the model’s fitness
to explain the variability of the actual SGR data. Moreover,
the red dots’ concentration along the ideal fit line verifies
the suitability of LSTM method to accurately predict the
SGR values [61]. Besides, the prediction’s deviation is indi-
cated by the position of the crimson dotes around the azure
line, noting that dots in closer proximity to the line indi-
cate an increase in precision. Hence, it is both visually and
statistically inferred that the LSTM estimation model can
forecast SGR values with considerable accuracy.

More statistical metrics like the strong correlation coef-
ficient (R* = 0.9235), the notoriously small absolute error
(MAE=25.59) and the root mean square error (RMSE
=34.52), function as additional indicators of the LSTM
model’s capability to accurately predict SGR.

Decision Tree Model

Contrarily, the scatter plot provides red data points
around the ideal fit line, which are far more scattered than
in the case of the data provided by the LSTM model, as
shown in Figure 10. So, Decision Tree Model’s predictions
are shown to be less accurate.

800
600
=
P 400
|
200
0
0 200 400 600 800
Actual SGR

Figure 9. Actual vs predicted values plot for LSTM model.
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Figure 10. Actual vs predicted values plot for decision tree
model.

The respective statistical metrics verify this conclusion,
referring to an elevated mean absolute error (MAE = 80.80),
a root mean square error of 101.16 and a lower R? value
of 0.4455. So, we may deduce that although the Decision
Tree model’s accuracy to forecast SGR values is reasonable,
it cannot however match the performance of the LSTM
model. The LSTM model is also more fit to explain and
interpret the data provided.

Ensemble Extra Trees Model

The scatter in Figure 11 plot shows a moderate concen-
tration of red data points around the blue line, suggesting
that the predictions made by the Extra Trees model are rel-
atively accurate, if not flawless.

The MAE (26.25) and RMSE (41.84) values show
substantial prediction errors, while the R* value (0.6207)

Enhanced Scatter Plot: Actual SGR vs. Extra Trees
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Figure 11. Actual vs predicted values plot for ensemble ex-
tra trees model.
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suggests that the model explains a considerable percentage
of the variation in the actual SGR data. Although not as
robust as the LSTM model, this performance surpasses that
of the Decision Tree model, demonstrating a commendable
degree of accuracy in forecasting SGR values.

Error Metrics for Study Models

Mean absolute error (MAE) quantifies the average
absolute value of the mistakes in a given collection of pre-
dictions, regardless of their direction. The metric is deter-
mined by calculating the mean of the absolute differences
between the expected and actual values depicted in the
Figure 12. This metric offers a clear measure of the accu-
racy of predictions. The root mean square error (RMSE)
calculates the square root of the average of squared differ-
ences between predicted and measured data, to evaluate the
error performance of a prediction model. This calculation
is heavily penalizing significant errors, making them more
obvious and more interpretable.

The modelling methods comparison has been per-
formed through the Radar Charts, which are used to com-
pare different model techniques (LSTM - PSO, Extra Trees

LSTM with PSO
a) —=— Mean Absolute Error

e
\ -
\.
ETree : LSTM
Decision Tree
LSTM with PSO
i |+ Roof Mean Squared Error
) 120
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-+ LSTM

Decision Tree

and Decision Tree) over different evaluation metrics for
different types of error. The Mean Absolute Error (MAE)
Radar Chart shows that LSTM - Year 2017 has the lowest
MAE (~10) which means it has less than average prediction
error while the Decision Tree has the highest MAE (~40)
with much higher prediction error. The Extra Trees have
an average MAE between them both. The Mean Squared
Error (MSE) Radar Chart supports the earlier conclusions
regarding the accuracy of the modelling techniques. The
LSTM - PSO has the lowest MSE (~2000), indicating less
cumulative error. Conversely, the Decision Tree has the
highest MSE (~12000) which indicates it has a large devi-
ation from the actual observation value. Because Extra
Trees have an MSE range between ~4000-6000 they pro-
vide a similar fit to the data as the Decision Tree would
but a less fit for the data than the LSTM - PSO. The Root
Mean Squared Error (RMSE) Radar Chart further supports
the above conclusions with LSTM with the lowest RMSE
(~20) for its predictions whereas the Decision Tree has the
highest RMSE (~120) for its predictions. Extra Trees has a
moderate RMSE of around 40 to 60 putting it in the middle
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Figure 12. Radar plots indicating the error metrics for study models a) Mean absolute error b) Mean square error ¢) Root
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of the pack in terms of predictive ability. An R-squared
chart displays how much of the variance in the model is
captured by LSTM with PSO making it the best perform-
ing method. In fact, LSTM with PSO has an R-squared
value close to 1.0 indicating a strong coefficient of deter-
mination between the predicted and actual values while
LSTM with PSO has the weakest performance, having an
R-squared value around 0.4. This means that LSTM with
PSO does not explain a large portion of the variance in the
actual SGR data. Meanwhile, Extra Trees fall in the range of
R-squared values between 0.5 - 0.7 suggesting that it some-
what explains part of the variance in the real SGR values.

The radar chart shows how well each of these models
performs based on each of the error metrics and that larger
values mean there is a larger error between the prediction
and actual SGR values. In the radar chart, LSTM with PSO
is plotted closer to the centre indicating that it has the most
accurate predictions; whereas Extra Trees is further from
the centre showing that they are also accurate predictions
but still not as accurate as LSTM with PSO, and Decision
Trees are the furthest from the centre indicating that they
are not accurate predictions. By examining the radar charts,
it is clear that LSTM with PSO is the best model for predict-
ing SGR values, Extra Trees are the next best models, and
Decision trees have the worst results [62].

Model Performance Comparison
Figure 13 compares the predictive performance
of four machine learning models: LSTM with Particle

N MAE s RMSE

Model Performance Comparison

100

Error Metrics

Swarm Optimization (PSO), LSTM without optimization,
Decision Tree, and Ensemble Extra Trees. These models are
evaluated using three standard performance metrics: Mean
Absolute Error (MAE), Root Mean Squared Error (RMSE),
and R-squared (R*). MAE and RMSE measure the accuracy
of predictions, where lower values indicate better perfor-
mance, while the R-squared metric represents how well the
model explains variability in the data, with values closer to
1 indicating a superior model.

The PSO-enhanced LSTM model produced the best
results among the four models, yielding the lowest error
values, with an MAE of approximately 22 and an RMSE of
nearly 25. Moreover, the PSO-enhanced model exhibits a
very high predictive power, evidenced by the R* value of
~.99, capturing ~99% of the variability of the predicted
measure and confirming that the predictive capability of
the LSTM model is substantially increased through the
use of PSO. The LSTM model without the application of
optimization techniques also exhibited acceptable perfor-
mance but did so at a lower level than the PSO-optimized
model, as reflected in higher MAE (greater than 32) and
RMSE (greater than 40) error rates, with an R* value
of approximately .90, confirming that it accounted for
approximately 90% of the variance in the data. The results
obtained demonstrate how effective the use of optimiza-
tion techniques such as PSO can be. It was shown that the
Decision Tree model did not perform as well as the LSTM
model, since it provided the highest error rates, a MAE of
approximately 90 and a RMSE close to 100. Furthermore,
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Figure 13. Comparison of the error metrics for various study models.
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its limited prediction accuracy has been demonstrated by
a small R? value of 0.48, which refers to a limited capabil-
ity to explain the variability of the response data Thus, the
Decision Tree model, as it is configured, is not well suited
for predicting this dataset [60].

Lastly, the Ensemble Extra Trees model shows moder-
ate predictive accuracy, better than the Decision Tree but
considerably inferior to both LSTM-based models. In terms
of overall prediction accuracy, the Ensemble Extra Trees
model indeed performs better than a single Decision Tree,
but the results of this analysis still do not show it competing
favourably against the performance of the optimised LSTM
with PSO model. In summary, the comparison shows that
the optimised LSTM with PSO model is superior to the
Ensemble Extra Trees in terms of providing accurate fore-
casts and the highest explanatory power. This reinforces the
positive impact of using optimisation methods such as PSO
in conjunction with deep learning models, such as LSTMs,
in substantially improving prediction accuracy and model
performance [63,64]. These results also highlight that
LSTMs combined with PSO have excellent predictive capa-
bilities compared to traditional tree-based models. The sig-
nificantly greater R* values of LSTM models compared to
the rest of the models in this analysis demonstrate LSTMs’
superiority in capturing complex temporal dependencies
and, therefore, should be used whenever there is a need
for highly accurate forecasts. The optimised LSTM with
PSO model is the most effective method for minimising
prediction errors and maximising correlation with actual
values of all the models tested in this analysis. However,
while the base LSTM model provides very promising
results, further fine-tuning of its predictive capabilities can
be achieved through the use of optimisation methods like
PSO. Therefore, Decision Trees have limited performance
as prediction models, although some improvements may
be noticed by approaches like Extra Trees. Even in these
cases, the efficiency of LSTM models is hard to reach. This
is shown in Figure 13, which exhibits the obvious per-
formance differences of the models. It also highlights the
importance of proper prediction model choice and proper
selection of optimization strategies, in achieving precise
SGR forecasting [13].

CONCLUSION

This study’s aim was to evaluate and compare the per-
formance of three different machine learning models
(LSTM, decision tree, and ensemble of XT) on forecast-
ing solar energy production with a particular focus on the
LSTM model and the effect of optimising it to improve per-
formance using PSO. The outcome of the study shows that,
indeed, of all three models, the LSTM model, optimised for
performance via PSO, had the highest accuracy and reli-
ability in forecasting solar energy produced on a daily basis
compared to both of the other models. This observation
highlights how effective machine learning is to forecast

solar energy, particularly when combined with advanced
optimisation techniques such as PSO, resulting in a much
higher degree of accuracy for solar energy forecasts.

There are clear and distinct seasonal patterns for the
Solar Global Radiation (SGR) dataset spanning from 2015-
2024. The highest levels of radiation occurred during the
summer months of June, July, and August, with a mean
daily level of about 800 - 950 W/m?, whereas the lowest lev-
els of radiation occurred in December and January; in this
case, about 300 - 450 W/m?>. The variations noted in these
two scenarios were predicted well by the trained machine
learning models.

The dataset was comprised of a total of 3,650 sample
observations (daily), which included all meteorological
parameters (temperature, vapour pressure, humidity, wind
speed, rainfall).

Performance Metrics

Model MAE RMSE R’ Score
(W/m?) (W/m?)

LSTM-PSO 23.7 35.2 0.94

LSTM 27.5 40.1 0.91

Ensemble Extra Trees 41.8 62.3 0.81

Decision Tree 57.6 85.7 0.67

o The LSTM-PSO model achieved the lowest Mean
Absolute Error (MAE) of 23.7 W/m? and Root Mean
Squared Error (RMSE) of 35.2 W/m?, while maintain-
ing the highest R* score of 0.94.

o The standard LSTM model also performed well, though
slightly worse than LSTM-PSO, demonstrating the
advantage of optimization techniques.

o The Ensemble Extra Trees model performed moder-
ately, with an RMSE of 62.3 W/m? and an R? of 0.81,
surpassing the Decision Tree model but still falling
behind neural networks.

o The Decision Tree model exhibited the weakest per-
formance, with the highest MAE (57.6 W/m?) and the
lowest R* value (0.67), indicating a higher tendency for
overfitting.

Stability of the grid will benefit from improved solar
energy forecasting and thus allow a smoother transition
from wholesale power production to retail consumer use
by helping to balance supply and demand.

Forecasting solar energy accurately will allow both solar
farms and individual users to cut their waste while also
increasing operational efficiency.

This research demonstrates the success of machine
learning (ML) using LSTM neural networks enhanced with
PSO (Particle Swarm Optimization) for predicting solar
radiation with precision. The performance advantages of the
LSTM-PSO method have established its usefulness as a via-
ble option for commercializing energy forecasting products.
Therefore, future studies should expand upon this work to
create new forecasting models for energy generation and
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energy usage management applications, by including alter-
native datasets/providing weather parameter data from as
many locations as possible within various climate regions.
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