ool Ao Jale ¢ (1,3 daw e
£2025 (8) adalt ¢ 593 dloxad!

@3lod pladiwl Lt ub drwodll A8UnJI QU] &85 482 Ui
Goadioll pdaall lanjyl

2025/ guyla /21 : ANt
2025/ 9392 /08 : g
2025/ 9393 /09 19—l U9 3 daw o

@) e 1t e Jale
© 2025 University of Science and Technology, Aden, Yemen. This article can

be distributed under the terms of the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium,
provided the original author and source are credited.

i B gudial) Balal) aladiad Bale) (S . Cradd) (8 (i) 38 pall i gl 53N g o glal) daala 2025 ©

Aol g Ciligally gdiad) dday pd o)) g lial) dss'se duad

Leed (oL pgall Jralatt ho s (riloglaatly O Lai¥I 5180 1
e (Ot a3 W Cogulontly il pgad! s light auucd ©
salih.garash@academy.edu.ly sjbut sadt igie *

Journal of Science
https://doi.org/10.20428/jst.v30i8.2886 and Technology 88



mailto:salih.garash@academy.edu.ly

daaiial) adl) jlaaiy) 7 il aladiely Ll

-

Guu;_,ﬂ ‘;c JAL:

Lo SY) o pualad) g iy g <I) Lsrig] anid

bl oll]
adel.eluheshi@academy.edu.ly

improve accuracy. This study provides a practical tool for
Libyan energy institutions to enhance solar grid planning
and reduce costs associated with inaccurate predictions.

Keywords— Machine learning - Linear regression - Solar
radiation - Solar energy
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Improving the Accuracy of Solar Energy
Production Forecasting in Libya Using Advanced
Linear

Abstract— Solar energy is one of the most important
renewable energy sources, significantly contributing to
reducing reliance on fossil fuels and minimizing harmful
emissions. This research aims to develop an accurate
predictive model for solar energy production in the Libyan
city of Al-Al jaylat using machine learning techniques, with
a focus on the Linear Regression model. Historical time-
series data on solar radiation, temperature, and humidity for
the year 2022 were utilized, collected from the NASA
POWER platform. After processing and scaling the data, the
model was trained and evaluated using performance metrics
such as MAE (Mean Absolute Error), MSE (Mean Squared
Error), and RMSE (Root Mean Squared Error). The results
showed an MAE of 20.44 kWh, indicating the model’s
ability to track general production trends. However,
significant discrepancies were observed on days with
unstable weather conditions, suggesting the need to integrate
more advanced techniques, such as neural networks, to
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