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Abstract: The rising energy demand in Saudi Arabia, propelled by swift urbanization and industrial expansion,
requires sustainable alternatives to traditional power generation, which substantially contributes to CO2 emissions. A
distributed Big Data analytics system leveraging Apache Spark is applied to predict solar energy production based on
several environmental parameters, including wind speed, temperature, and humidity. The dataset, derived from
records of the King Abdullah City for Atomic and Renewable Energy and augmented by a Kaggle repository,
undergoes comprehensive preprocessing that includes normalization, missing value imputation, and feature selection
via the Chi-square approach. Machine learning methods, including Linear Regression, Decision Tree, Random Forest,
and Gradient Boosted Tree (GBT), are taught and assessed using performance measures such as RMSE, MAE, and
R? score. Experimental results indicate that the improved Gradient Boosted Tree model provides exceptional
prediction accuracy, obtaining a R? value of 99%, signifying excellent reliability in forecasting solar energy output.
This analytical methodology improves renewable energy planning and facilitates Saudi Arabia's shift to carbon-

neutral power generation via data-driven insights.
“Index Terms: Renewable energy, big data, machine learning, solar energy, photovoltaic cells, Saudi Arabia”.

1. INTRODUCTION significant solar potential, has proactively

initiated the incorporation of renewable energy

In the last twent bl o . : N
fthe fast twellty years, Tenewable encrey into its national energy portfolio to diversify
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g g y progr resources and diminish reliance on fossil fuels.

especially in  solar and wind power, In accordance with the national Vision 2030

revolutionizing global electricity generation . .
£ 8 v £ plan, the Kingdom seeks to utilize renewable

into a more sustainable and economically . . . .
energy to satisfy its increasing -electrical

feasible system [1]. The rising efficiency and demand while reducing  environmental

decreasing costs of renewable technologies . . ..
repercussions. The region, receiving over 3,000

have established them as important elements in .
hours of annual sunlight, possesses

attaining energy transition and environmental . . .
& &y considerable potential for extensive solar

sustainability. Saudi  Arabia, possessing . S
energy generation and optimization.
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Notwithstanding these encouraging
advancements, Saudi Arabia's electricity
generation sector continues to be a significant
source of carbon dioxide emissions, intensified
by increasing energy demand stemming from
population increase and industrial expansion.
The variability and intermittency of renewable
energy sources, especially solar power, present
operational issues for maintaining grid stability
and assuring a steady electricity supply. Current
research has examined the implementation of
renewable energy and hybrid energy systems in
the Kingdom; however, it frequently lacks
thorough evaluations that incorporate climatic
diversity, regional solar potential, and temporal
variability across various geographical areas
[7]. Moreover, a significant research gap
persists in large-scale predictive modeling and
analytical frameworks specifically designed for
Saudi  Arabia's  unique  environmental

circumstances and comprehensive solar dataset

availability [8].

This study seeks to tackle these difficulties by
examining the prediction of solar energy output
at several solar plants in Saudi Arabia. This
project aims to improve the comprehension of
solar energy variability and its effects on the
nation's renewable infrastructure by utilizing
comprehensive data from national monitoring
stations. The research classifies solar energy
facilities according to regional and climatic
attributes to facilitate more precise and
location-specific evaluations of solar energy
production.  This method enables a
comprehensive analysis of solar potential

distribution throughout Saudi Arabia and aids
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in the enhancement of energy planning, policy

development, and resource distribution [9].

This research is significant for its potential to
enhance Saudi Arabia's transition to a
sustainable and diverse energy system. Precise
solar energy forecasting improves grid
reliability, diminishes operational uncertainty,
and facilitates decision-making for renewable
energy projects. This study establishes a data-
driven basis for future solar energy projects,
thereby supporting the national purpose of
significantly = reducing  greenhouse  gas
emissions and enhancing the nation's energy

sustainability goals [10].
2. LITERATURE REVIEW

Numerous studies have investigated the potential
and viability of solar energy implementation in
Saudi Arabia, indicating the country's increasing
dedication to renewable energy advancement.
Shaher et al. [11] evaluated the technical feasibility
of rooftop solar photovoltaic (PV) systems in
residential and commercial sectors throughout the
Kingdom. Their research indicated that rooftop
photovoltaic installations might satisfy a significant
fraction of urban electricity consumption, especially
in cities with elevated sun irradiation. This research
provided useful insights on urban solar adoption but
mostly concentrated on localized applications,
neglecting large-scale forecasts and regional

variability in solar energy production.

Subsequent inquiries into the incorporation of solar
photovoltaic systems into particular sectors have
produced promising outcomes. Bakheet [12]
developed and simulated a solar energy system for
hospital  electrification in  Saudi  Arabia,

demonstrating its potential to decrease emissions
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and operational expenses. Bouzguenda et al. [13]
performed a techno-economic feasibility analysis of
photovoltaic systems with energy storage for
healthcare facilities, determining that solar PV may
fulfill up to 15% of hospital energy requirements at
competitive  pricing. While these research
highlighted sustainability within specific sectors,
their constrained geographical and chronological
scopes limited the applicability of findings to the
wider energy infrastructure. Shervani [14] offered a
design for a utility-scale solar farm that could
mitigate approximately 1.68 million tons of CO:
emissions over 25 years, highlighting the enduring
environmental advantages of extensive renewable
energy implementation. The lack of predictive
modeling in extensive installations constrains
comprehension of solar production variability and

operational optimization.

On a larger scale, Saudi Arabia's national initiatives
have showcased the aspiration to excel in renewable
innovation. Yusuf and Abdulmohsen [15] examined
the NEOM project as a paradigm for economically
sustainable urban planning, using solar and wind
energy for hydrogen generation. This extensive
renewable program underscores the Kingdom's
deliberate transition to green energy, however it
lacks detailed monitoring of solar production trends
across various locations. Conversely, Al-Sharafi et
al. [16] assessed rooftop solar PV legislative
frameworks and global best practices, providing
recommendations for the regulatory landscape in
Saudi Arabia. Their policy-focused methodology
offered significant governance insights yet failed to
tackle the technical difficulties related to solar

energy forecasts and grid stability.

The technical integration of renewable energy
sources into Saudi Arabia's electricity infrastructure
has garnered significant interest. Yasin et al. [17]

performed a technical evaluation of grid
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performance with heightened renewable integration,
highlighting the necessity for enhanced forecasting
and load management. Boretti [18] investigated
dispatchable renewable energy with concentrated
solar power (CSP) systems integrated with advanced
geothermal storage, revealing the capability for a
continuous energy supply. Nevertheless, both
studies predominantly concentrated on system-level
viability, neglecting data-driven modeling and

predictive analysis of solar energy generation.

Notwithstanding considerable progress, substantial
obstacles remain. Aldhubaib [19] examined the
future of Saudi Arabia's energy sector, pinpointing
cost, site selection, and fluctuation as significant
obstacles to extensive solar adoption. Mian et al.
[20] conducted a further investigation into optimal
site selection methods for photovoltaic deployment,
emphasizing the significance of sustainability and
environmental appropriateness. However, prior
studies have inadequately utilized extensive datasets
to examine spatial and temporal solar energy trends
throughout the Kingdom. This study employs
extensive solar resource monitoring data to improve
forecast accuracy and regional comprehension of
solar production. This research enhances the
reliability and efficiency of solar energy forecasting
in Saudi Arabia's renewable energy transition by
systematically categorizing solar stations and
analyzing their varied meteorological

circumstances.

3. MATERIALS AND METHODS

The proposed system introduces a distributed Big
Data analytics framework based on Apache Spark,
designed to predict solar energy production
throughout Saudi Arabia utilizing the Solar
Resource Monitoring Stations dataset. The
framework  effectively  analyzes  extensive

environmental characteristics, such as temperature,
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humidity, wind speed, and Global Horizontal
Irradiance (GHI), utilizing Spark's scalable design.
Following extensive data preprocessing and feature
selection via the Chi-square approach to improve
input significance, the system utilizes machine
learning methods like Linear Regression, Decision
Tree, Random Forest, and Gradient Boosted Tree for
predictive modeling. Hyperparameter optimization
enhances model performance and minimizes
forecasting error, while ensemble learning
techniques improve resilience and generalization.
Additionally, the use of a Flask-based web interface
facilitates real-time user engagement, data
submission, and presentation of predictive results.
This integrated solution guarantees superior
computational efficiency, scalability, and practical
accessibility, facilitating data-driven decision-
making for sustainable solar energy planning and

management.

Flask Web Server """ 3L

Fig.1 Proposed Architecture

The figure depicts the system architecture of the
proposed solar energy forecasting framework.
The procedure commences with user
engagement via a Flask-based web application,
facilitating data upload and result display. The
input data undergoes processing in an Apache
Spark environment, where Big Data analytics
and machine learning models conduct
predictive analysis. The processed outputs are
archived in a database for future reference,

while prediction results are represented
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graphically, facilitating efficient analysis,
scalability, and real-time accessibility for

informed energy decision-making.
a) Dataset Collection:

The dataset utilized in this study, Solar electricity
Station Data, was sourced from the Kaggle
repository and consists of 13,057 samples with 14
variables including environmental and electricity
generation parameters. The features comprise
temperature, humidity, wind speed, wind direction,
barometric pressure, and Global Horizontal
Irradiance (GHI), whilst the objective variable
denotes solar power generation output. The
collection has hourly recordings, documenting
temporal fluctuations crucial for forecasting
precision. Its varied environmental scope renders it

appropriate for assessing and improving predictive

models in solar energy analytics.

Fig.2 Dataset Collection

b) Pre-Processing:

The preprocessing phase guarantees data quality,
consistency, and preparedness for machine learning.
The process encompasses cleaning, normalization,
feature selection, and data partitioning to improve
model performance, scalability, and forecasting

precision in solar energy prediction.

Data Cleaning and Missing Value Handling: The
dataset was cleaned to rectify missing or
inconsistent records that could undermine analytical

precision. Missing values were addressed using
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suitable imputation methods to guarantee dataset
integrity. This technique eradicated noise,
redundancy, and anomalies, guaranteeing that solely
pertinent and precise data were utilized for model
training. Data cleansing markedly raises input
quality, diminishes model bias, and bolsters the

overall dependability of predictive results.

Data Normalization: Normalization was utilized to
standardize environmental factors, including
temperature, humidity, and wind speed, to a
consistent range. This technique reduces the
influence of attributes with greater numerical
ranges, guaranteeing equitable contribution from all
features during model training. Normalized data
enhances convergence velocity and model stability
for regression algorithms. This step improves the
performance, accuracy, and interpretability of
machine learning models in the Spark environment

by normalizing input magnitudes.

Feature Selection: The Chi-Square feature selection
method was utilized to determine the most
statistically significant factors of solar energy
production. This method assesses the relationship
between input features and the target variable,
identifying the five traits having the most
significance. =~ Feature  selection  diminishes
dimensionality, decreases computational burden,
and mitigates overfitting. Thus, it improves the
learning efficiency and predictive accuracy of
machine learning models utilized in the suggested

system.

Data Visualization: A thorough data visualization
was performed to analyze patterns and correlations
among environmental variables influencing solar
power generation. Correlation analysis was utilized
to identify feature interdependencies and exclude
highly associated variables that could compromise

model learning.  Graphical representations,
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including GHI distribution, temperature
fluctuations, and wind speed patterns, facilitated a
more profound comprehension of data dynamics.
This phase enhanced interpretability, facilitating
feature  engineering and augmenting the

explainability of the predictive model.

¢) Training and Testing:

The preprocessed dataset was divided into training
and testing subsets to enable model training and
performance assessment. Generally, 80% of the data
was allocated for training and 20% for testing,
facilitating equitable learning and impartial
evaluation. This division enables the algorithms to
generalize proficiently on unfamiliar data, assisting
in the validation of their predicted resilience. The
procedure guarantees dependable model assessment

by metrics including RMSE, MAE, and R? score.

d) Algorithms:

Linear Regression: Linear Regression is a
supervised machine learning approach intended to
forecast continuous outcomes by defining a linear
connection between independent and dependent
variables. It identifies the ideal regression line that
minimizes prediction error, therefore quantifying the
influence of each factor on the target variable. This
technique enhances system performance by offering
a straightforward, interpretable, and
computationally efficient baseline for forecasting,
allowing researchers to examine correlations and

discern critical environmental elements affecting

solar energy production.

Decision Tree: The Decision Tree technique
employs a hierarchical, rule-based framework to
execute classification and regression tasks by
recursively partitioning data into subsets according
to feature criteria. Each branch signifies a decision

rule that culminates in a predicted conclusion,
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providing interpretability and adaptability for both
categorical and continuous data. It improves
prediction accuracy by identifying complicated,
non-linear interdependencies among variables,
facilitating the effective modeling of intricate
interactions in renewable energy forecasting and

decision-making contexts.

k
IO=1-Yp @

4

Tuned Random Forest: Tuned Random Forest is
an ensemble learning method that builds numerous
decision trees and consolidates their predictions to
enhance model robustness and generalization.
Parameter tuning, including the optimization of the
number of estimators, depth, and feature selection,
reduces variance and overfitting while ensuring
predictive stability. This approach improves
performance by utilizing feature variety and
averaging several models, resulting in reduced
prediction errors and increased accuracy in energy

forecasting and environmental data analysis.
c
Gini =1-— Z:(Pi)2 (2)
i=1

Tuned Gradient Boosting: Uned Gradient
Boosting is a sophisticated ensemble technique that
constructs predictive models in a sequential manner,
with each tree addressing the residuals of its
predecessors. By optimizing hyperparameters like
learning rate, number of estimators, and maximum
depth, it attains enhanced accuracy and expedited
convergence. The technique improves system
performance by accurately modeling complicated,
non-linear interactions in extensive data, thus
enhancing prediction accuracy, reducing errors, and
facilitating superior decision-making in renewable

energy forecasting applications.
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e) Spark API and Flask Framework:

The Apache Spark API functions as the foundation
of the proposed Big Data analytical system,
facilitating distributed and parallel analysis of
extensive solar energy information. Spark's in-
memory compute abilities markedly enhance data
processing, model training, and evaluation
workloads across numerous nodes. Utilizing Spark
MLIib, diverse machine learning techniques
including Linear Regression, Decision Tree,
Random Forest, and Gradient Boosted Trees are
effectively employed to predict solar power

generation with enhanced scalability and precision.

The Flask framework enhances this design by
offering an interactive web interface for real-time
prediction and visualization. It enables users to
submit test data, activate learned models, and
promptly observe expected energy results. Flask
connects analytical computation with user
accessibility, providing a seamless, scalable, and
practical deployment environment for renewable

energy forecasting applications.

4. EXPERIMENTAL RESULTS

RMSE: The root mean square error (RMSE)
quantifies the average discrepancy between a
statistical model's predicted values and the observed
values. It is the standard deviation of the residuals,
mathematically. Residuals signify the deviation

between the regression line and the data points.

ol D —=y@I?
RMSE:J CETIGIIN
N
MAE: Absolute mistake refers to the magnitude of
mistake in measurements. It is the discrepancy

between the measured value and the "true" value. If
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a scale indicates 90 pounds while your actual weight
is 89 pounds, the absolute inaccuracy of the scale is

calculated as 90 Ibs — 89 Ibs =1 1b.
n
1 ~
MAE == lyi=91 )
i=1

R2 Score: The sum of squared regression is the
aggregate of the squared residuals, whereas the total
sum of squares represents the sum of the squared

distances of the data from the mean.

Y= (P — yi)?

R?=1-Gtal o
Z?=1(Yi _yi)z

(6)

Table.1 Performance Evaluation Table

Algorithm RMSE MAE
Name

R2Score

Linear 78.974022 | 58.117344 | 0.877895
Regression

Decision | 89.705544 | 64.782807 | 0.842456
Tree

Extension | 33.342067 | 19.444256 | 0.978236
Tuned
Random
Forest

Extension | 12.599621 | 6.356185 | 0.996892
Tuned
GBT

ISSN:2250-3676

Table 1 presents a performance evaluation of models
utilizing RMSE, MAE, and R? Score. The Extension
Tuned GBT model surpasses all others, attaining the

minimal errors and the best accuracy score.

Fig.3 Comparison Graph
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Figure 3 presents a comparative graph that visually
depicts model performance in terms of RMSE,
MAE, and R? Score. Extension Tuned GBT has
enhanced accuracy with little mistakes, surpassing
all other models in prediction efficacy and

dependability.
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Prediction Results and solar power output. This great precision
(] underscores the model's resilience in managing
Analysis Complete!

gy pedicton analysis has been successfuly completed intricate, real-world data amidst fluctuating weather

conditions. The decentralized architecture of

TEST DATA PREDICTED, .
J i """“‘AJ Apache Spark markedly enhanced data processing
[2.0226+03 7.000e+00 1.300+01 1.300e+01 4.660+02 1.520¢+01 9.017e+01 s . . X
0.000e+00 4.540e+01 2.340e+01 2.874e+02 1.011+03 3.600e+01 1.000e-01] and Computatlon, faCllltatlng Scalable and efﬁclent
[2.0226+03 7.0006+00 1.300e+01 1.400e+01 5.3806+02 1.580+01 9.139e+01 e . . X
0.000e+00 4.250e+01 1.800e+01 2.858¢+02 1.011e+03 2.800+01 1.000e-01] ‘ analySlS approprlate for extensive energy datasets.
[2.022¢+03 7.0006+00 1.300+01 1.500e+01 4.660+02 1.630¢+01 8.738e+01 - . . . .
0.000e+00 3.280e+01 1.760e+01 2.921+02 1.012e+03 1.110e+02 4.000e-01] The lnCOrpOratlon of refined learnlng methodologles
[2.022€+03 7.0006+00 1.300¢+01 1.600e+01 3.240+02 1.660e+01 8.517e+01 S X . . .
0.000e+00 3.380e+01 1.870e+01 2.900e+02 1.012+03 3.010e+02 1.100e+00] illustrates the Capabllltles of Blg Data frameworks in
[2.0226+03 7.0006+00 1.300+01 1.700e+01 2.450+02 1.730e+01 7.991e+01 — . . A
0.0006+00 4.180¢+01 2.300e+01 2.970¢+02 1.013e+03 1.940e+02 7.000e-01] improving renewable energy fOrecaStlng SyStemS.
[2.0220¢+03 7.0000¢+00 1.3000e+01 1.8000e+01 2.1000e+02 1.9100e+01 . .. . .
6.7600e+01 0.0000e+00 4.1800e+01 9.6000e+00 3.0100e+02 1.0126e+03 207.5 -
Slommnss o These findings enhance decision-making in energy

management, facilitate effective resource allocation,
Fig.5 Predicted Results and bolster Saudi Arabia's long-term goal of
transitioning to sustainable, low-carbon energy

Solar Energy Analytics & Visualizations . . . X X Lo
solutions using intelligent, data-driven predictive

models.

Power Generation Distribution Distribution & frequency of GHI scatter plot of GHI against air

abiadin i S Future developments may concentrate on
incorporating real-time environmental data streams
using loT-enabled sensors to improve the

forecasting model's responsiveness and adaptability.

Integrating deep learning architectures like Long
Short-Term Memory (LSTM) or Convolutional
Fig.6 Analytics & Visualizations Neural Networks (CNN) can enhance forecast

accuracy by capturing temporal and spatial

5. CONCLUSION relationships in solar energy patterns. Incorporating

. . . . geographical segmentation and satellite imaging

This work effectively illustrates the capacity of
. . . into the dataset will facilitate regional energy

Apache Spark-based Big Data analytics to predict
. o . optimization. Moreover, adopting cloud-based

solar energy generation by utilizing extensive
. o . deployment for remote training and creating an

environmental datasets and sophisticated machine
. . L interactive analytics dashboard can enhance real-

learning algorithms. The dataset was optimized for
) . . . time monitoring and decision-making. These

efficient model training by rigorous preprocessing
. . o L enhancements will augment model scalability,

procedures, including normalization, missing value
i ) predictive capability, and practical utility in

management, and Chi-square feature selection. A

. . . . extensive renewable energy management systems.
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