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Abstract

This study investigates the performance prediction of poly-crystalline photovoltaic (PV)
systems in Jordan using experimental data, analytical models, and machine learning ap-
proaches. Two 5 kWp grid-connected PV systems at Applied Science Private University in
Amman were analyzed: one south-oriented and another east-west (EW)-oriented. Both
systems are fixed at an 11° tilt angle. Linear regression, Least Absolute Shrinkage and
Selection Operator (LASSO), ElasticNet, and artificial neural networks (ANNs) were em-
ployed for performance prediction. Among these, linear regression outperformed the
others due to its accuracy, interpretability, and computational efficiency, making it an
effective baseline model. LASSO and ElasticNet were also explored for their regularization
benefits in managing feature relevance and correlation. ANNSs were utilized to capture
complex nonlinear relationships, but their performance was limited, likely because of
the small sample size and lack of temporal dynamics. Regularization and architecture
choices are discussed in this paper. For the EW system, linear regression predicted an
annual yield of 1510.45 kWh/kWp with a 2.1% error, compared to 1433.9 kWh/kWp an-
alytically (3.12% error). The south-oriented system achieved 1658.15 kWh/kWp with a
1.5% error, outperforming its analytical estimate of 1772.9 kWh/kWp (7.89% error). Produc-
tivity gains for the south-facing system reached 23.64% (analytical), 10.43% (experimental),
and 9.77% (predicted). These findings support the technical and economic assessment of
poly-crystalline PV deployment in Jordan and regions with similar climatic conditions.

Keywords: poly-crystalline photovoltaic systems; energy generation prediction; machine
learning; Jordan

1. Introduction

Achieving net-zero emissions by 2050 is a central objective in mitigating climate
change. According to recent global projections, clean energy investment is expected to
exceed USD 2 trillion annually by 2030, with solar technologies playing a major role in
this transition [1]. Among these, solar photovoltaic (PV) systems have become prominent
due to their scalability and continuously decreasing costs. The global installed capacity of
PV systems surpassed 1 terawatt (TW) in 2022, with annual additions projected to exceed
200 GW in subsequent years [2].

In Jordan, electricity production has historically depended on imported fossil fuels,
making the energy sector vulnerable to geopolitical and price fluctuations. However, the
country receives abundant solar radiation ranging between 5 and 7 kWh/m? per day on
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average, which makes solar energy a strategic option for national energy independence
and sustainability [3]. As a result, Jordan has taken steps to develop its solar energy
infrastructure, supported by government incentives and international cooperation.

An accurate estimation of PV system output is essential for the planning, design, and
operation of solar energy projects. Traditionally, analytical models have been employed
for this purpose, utilizing solar geometry, irradiance, and temperature inputs to calculate
energy production [4-6]. These models often use empirical or semi-empirical formulations
and perform well under standard test conditions. However, they typically struggle to
account for nonlinear environmental interactions, equipment degradation, and site-specific
variability [7,8].

To overcome such limitations, data-driven approaches such as machine learning
(ML) have gained increasing attention in solar energy forecasting. ML models can learn
from historical data, identify hidden correlations, and offer improved prediction accuracy
over purely analytical methods [9-11]. These studies [12-14] illustrate the gradual shift
from traditional empirical and semi-analytical approaches toward hybrid and data-driven
techniques. Specifically, Louzazni et al. [12] employed a Nonlinear Auto-Regressive with
Exogenous input (NARX) model to forecast PV output using meteorological variables,
while their follow-up work [13] enhanced forecasting accuracy by integrating NARX with
artificial neural networks and time series decomposition. Similarly, Patel et al. [14] adopted
multiple machine learning algorithms including Random Forest and decision tree to predict
power generation in a practical small-scale off-grid PV system, emphasizing the real-world
utility of data-driven models in resource-constrained settings. However, the integration
of ML models with real-world PV performance datasets, especially in data-constrained
environments like Jordan, remains underexplored.

Previous studies have applied linear and nonlinear ML methods such as Support
Vector Regression, decision trees, and ensemble models to predict PV performance under
various climatic conditions [15-18]. Some works have combined analytical and ML methods
to improve robustness and interpretability [19]. Despite these advances, there is still a need
for comparative studies that benchmark ML models against analytical models using field-
measured data, particularly in Middle Eastern climates with high irradiance variability.

Several recent efforts have explored hybrid modeling frameworks, explainable Al tools,
and meta-learning strategies to further enhance forecasting reliability and interpretability
in solar energy applications [20-22]. These developments reinforce the value of model
transparency and generalization, especially for deployment in diverse geographic regions
and system configurations.

In this work, we investigate the performance of several regression-based ML models,
such as linear regression, LASSO, ElasticNet, and artificial neural networks (ANNSs), in pre-
dicting the monthly energy output of two poly-crystalline PV systems installed at different
orientations (south-facing and east-west-oriented). These predictions are compared to both
experimental field measurements and estimates from an analytical model. Our study aims
to assess the trade-offs between model complexity, accuracy, and interpretability and to
provide a foundation for deploying ML-based forecasting tools in solar energy systems in
Jordan and similar regions.

The remainder of this paper is structured as follows: Section 2 introduces the data
sources, analytical modeling approach, and ML techniques used. Section 3 presents the
results of model comparisons. Section 4 discusses the interpretation of the findings, and
Section 5 outlines conclusions and recommendations for future work.
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2. Methods
2.1. The Analytical Model of Energy Collection on Poly-Crystalline PV Systems

Jordan lies in a high-solar-insulation band, and its vast solar potential can be exploited
to convert solar energy into potable electrical energy using PV systems. In Jordan, the
average insulation intensity on a horizontal surface is between 5 and 7 kWh/m?/d. The
climate is mid-latitude summer. Its capital city of Amman is located 800 m above sea level,
and its angle of latitude is 32°. Jordan has three climatic zones, the largest of which is the
desert, which covers around 80% of the country. The western mountain heights, where
most of the cities reside, including the capital of Amman, as well as Jordan Valley, which
averages around 300 m below sea level, have an entirely different climate than the rest of
the country.

Jordan has four distinct seasons: spring and winter are relatively short, while summers
are long, dry, and relatively hot. Jordan does not receive the extreme heat that the Gulf
countries are accustomed to, and temperatures rarely go over 35 °C even in the peak
of summer.

Two types of PV-grid-connected systems working at Applied Science Private Univer-
sity in Amman, Jordan, possessing a power capacity of 5 kWp each, were used in this
study. These two PV systems are fixed with a tilt angle of 11° and comprise poly-crystalline
south-directed and poly-crystalline EW-oriented systems (which means that half of these
PV modules are directed to the east and the other half are directed to the west).

The poly-crystalline solar modules exhibit the following technical characteristics: a
rated maximum power of 250 W, a rated voltage of 30.4 V, a rated current of 8.24 A, and an
efficiency of 15.6%. The physical dimensions of each module measure 0.99 m by 1.65 m, and
a total of 20 panels are utilized. These specifications collectively define the key attributes of
each poly-crystalline module.

The productivity of electrical power at the output of the PV modules was measured
for three average days for each month of the year, and then their average was found. After
that, the average of three days of the month was multiplied by the number of days in
each month, and the total sum of energy collection for 12 months was used as the yearly
collection of energy for this PV system. Tables 1 and 2 show a sample of measured electrical
power generation at the output of the PV modules for the poly-crystalline south-directed
and EW-oriented systems, respectively, as well as metrological data on an average day of
the month.

Table 1. A sample of measured electrical power generation at the output of PV modules for the
poly-crystalline EW system and metrological data on an average day of the month.

Time Wind Speed Air Pressure Humidity Temperature Radiation Electric Yield
m/s hPa Y% °C W/m? kWh
8:00 0.68 915.4 92.8 6.6 73 0.42
9:00 0.56 9159 89.7 7.8 116 0.96
10:00 0.64 916.3 81.6 9.3 314 2.28
11:00 0.96 916 74.8 10.1 531 3.74
12:00 0.76 915.3 71.5 10.4 351 3.08
13:00 1.04 914.5 71.1 11 393 3.32
14:00 0.8 913.7 67.1 11.7 465 4.04
15:00 0.84 913 59.9 12.3 355 2.66
16:00 0.96 912.6 56.3 12.9 231 1.06
17:00 0.84 912.2 61 11.3 42 0.26
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Table 2. A sample of measured electrical power generation at the output of PV modules for the

poly-crystalline south-directed system and metrological data on an average day of the month.

Time Wind Speed  Air Pressure Humidity Temperature Radiation Electric Yield
m/s hPa % °C W/m? kWh
8:00 0.68 9154 92.8 6.6 73 0.42
9:00 0.56 915.9 89.7 7.8 116 1
10:00 0.64 916.3 81.6 9.3 314 2.58
11:00 0.96 916 74.8 10.1 531 4.54
12:00 0.76 915.3 71.5 10.4 351 3.76
13:00 1.04 914.5 71.1 11 393 3.88
14:00 0.8 913.7 67.1 11.7 465 5.28
15:00 0.84 913 59.9 12.3 355 3.82
16:00 0.96 912.6 56.3 12.9 231 3.44
17:00 0.84 912.2 61 11.3 42 0.86

The mathematical expressions used in this work for energy collection at the output of

poly-crystalline PV modules are given in [23,24]. Amman is located at an angle of latitude

of & =32°.

The declination angle, 6, is expressed as

where “n” is the number of days in a year.
The zenith angle 0z is given by

6= 23.45 sin (360 [

c0s0z = cos Pcosdcosw + sinPsind

where “w” is the hour angle.

The sunset hour angle “ws” can be found using the following formula:

The number of daylight hours is

Atmospheric transmittance for beam radiation “7},” is

ws = cos !(—tan Stan (I>)

N = (2/15) {cos_l (—tan Stan <I>)}

Tp— apt+ai € — (

1)

(4)

(5)

where a,, a;, and Kj are standard atmospheric constants and can be found using the

following formulas, respectively:

o= 1,[0.4237 — 0.00821] (6 — A)?

a;=r1[0.5055 + 0.00595] (6.5 — A)*

k1= 1 [0.2711 + 0.1858] (2.5 — A)?

(6)

)
(®)
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where “A” is the altitude of the location for Amman in Jordan, which equals 0.8 km. 1o, 11,
and ry are the correction factors for certain climate types [24].
Angle of incidence “0” is given by

0 = cos™ ! (sin 8sin ®cos B — sin Scos Psin Bcos Y+ cos cos Pcos Bcos W+ cos &

9

sin ®sin Bcos ycos w+ cos dsin Bsin ysin w) ®)
The ratio of beam radiation on a tilted surface to that on a horizontal surface Ry, is

given by

~ Cos0

" Cos0,

The hourly integrated extraterrestrial radiation on a horizontal surface for an hour
period in the absence of an atmosphere I, is

b (10)

12x3600x Gsc 360xn w2 —wl
I,= ——( 1+ 0.033 cos ) X [cos ®cosd (sinw?2 —sinwl)+ ﬂg sindsin®)] (11)
U 365 180
where Gsc is the solar constant, which equals 1367 W/m?, and w2 and w1 are the upper
and lower limits of certain hours of time, respectively.
The hourly extraterrestrial radiation on a tilted surface Io¢ is
Iot =1, X Rb (12)
The hourly integrated radiation on a tilted surface and on the Earth’s surface in
MJ/m? is
I
otu (1 3)
Totu = Tot X Tp
To convert the units from MJ to WH, we can use the following formula:
1MJ =277.77 WH (14)
The mathematical expressions were calculated for three average days for each month
of the year, and then their average was found. After that, the average of three days of the
month was multiplied by the number of days in each month, and the total sum of energy
collection for 12 months was used as the yearly collection of energy for this PV system.
The analytical and experimental results collected using the data logger and sensors
are shown in Table 3.
Table 3. Monthly experimental and analytical electrical power generation data for poly-crystalline
PV systems. Yield values are normalized in kWh/kWp.
Analytical Generation Experimental Generation
Poly Poly Poly Poly
Month East-West East-West Poly South Poly South East-West East-West Poly South Poly South
(KWh) (KWh/kWp) (KWh) (KWh/KWp) (kWh) (KWh/kWp) (KWh) (KWh/KWp)
Jan 528.3 101.6 710.8 136.7 299.5 57.6 388.5 74.7
Feb 598.8 115.2 764.8 147.1 474.8 91.3 551.6 106.1
Mar 664.3 127.8 814.8 156.7 728.4 140.1 819.4 157.6
Apr 682.2 131.2 810.7 155.9 743.4 142.9 801.6 154.1
May 663 127.5 775.8 149.2 880.9 169.4 900.9 173.2

Jun 645.1 124.1 750.4 144.3 802.9 154.4 822.8 158.2
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Table 3. Cont.

Analytical Generation Experimental Generation
Poly Poly Poly Poly
Month East-West East-West Poly South Poly South East-West East-West Poly South Poly South
(kWh) (KWh/kWp) (kWh) (KWh/kWp) (kWh) (KWh/kWp) (kWh) (KWh/kWp)
Jul 651.8 125.3 760.2 146.2 893.7 171.9 912.7 175.5
Aug 697.3 134.1 815.4 156.8 859.5 165.3 910.8 175.1
Sep 664.8 127.9 808.6 155.5 730.7 140.5 811.6 156.1
Oct 635.4 122.2 797.7 153.4 555.7 106.9 674.9 129.8
Nov 529.9 101.9 718.6 138.2 333.3 64.1 390.2 75.0
Dec 495.6 95.3 619.6 133 386.3 74.3 506.7 97 .4
Sum 7456.5 1433.9 9147 .4 1772.9 7689.4 1478.7 8491.7 1633.0
The yearly collection of electrical energy at the output of two different systems
with percentage error is shown in Table 4. The percentage error is calculated using the
following formula:
Analytical yearly collection — Experimental yearly collection
Error = y yearly & P - yearly x 100% (15)
Analytical yearly collection
Table 4. The analytical and experimental yearly electrical power generation.
Analytical Analytical Experimental Experimental
PV System Type Generation Generation Generation Generation Error
(kWh) (kWh/kWp) (kWh) (kWh/kWp)
Poly east-west 7456.5 1433.9 7689.4 1478.7 3.12%
Poly south 9147 .4 1772.9 8491.7 1633 7.89%

From the comparison between analytical and experimental yearly power generation
in Table 4, it can be noted that

(1) In the case of the poly-crystalline EW-directed PV system, the yearly analytical and
experimental electrical power generation is 1433.9 and 1478.7 kWh/kWp, respectively,
which are in close agreement (the error value equals 3.12%).

(2) In the case of the poly-crystalline south-directed PV system, the yearly analytical and
experimental electrical power generation is 1772.9 and 1633 kWh/kWp, respectively,
which are also in close agreement (the error value equals 7.89%).

(3) Theresults show that the productivity of the poly-crystalline south-directed PV system
is better than that of the EW-directed PV system, with power gains of 23.64 and
10.43% using the analytical and experimental methods, respectively.

2.2. Machine Learning Modeling
2.2.1. Choice of Learning Algorithms

It is a challenge to select the appropriate algorithm for training data. Nevertheless, the
clear relationship observed in Figure 1 (see Section 3.1.1) between radiation and electric
yield invalidated our initial assumptions regarding the suitability of purely linear models,
which rely heavily on linear dependencies. The utilization of ensemble algorithms holds the
potential for enhanced performance in theory, as they combine multiple weak learners and
may be used in later studies. In this study, the algorithms chosen include linear regression,
LASSO, ElasticNet regression, and a neural network model.
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Figure 1. A correlation matrix showing the correlations of features and the electrical yield for the
poly south system.

Linear regression, regarded as the pioneering form of regression analysis, has been
extensively studied and widely applied in practical settings [25]. Its prominence stems from
its suitability for models that exhibit linear dependence on unknown parameters, offering
a relatively straightforward fitting process compared to nonlinear models. Additionally,
the statistical properties of the resulting estimators can be readily determined. When there
is only one explanatory variable, it is referred to as simple linear regression, while the
scenario involving multiple explanatory variables is known as multiple linear regression. It
is essential to differentiate multiple linear regression from multivariate linear regression,
which deals with the prediction of multiple correlated dependent variables rather than a
single scalar variable [26].

Traditionally, linear regression models are fitted using the least-squares approach,
aiming to minimize the squared residuals between observed and predicted data points.
However, alternative approaches exist. For instance, least absolute deviation regression
minimizes the “lack of fit” using alternative norms. Moreover, a penalized version of the
least-squares cost function can be employed, as demonstrated by ridge regression utilizing
the L2-norm penalty and lasso regression employing the L1-norm penalty [24,26].

ElasticNet, a widely utilized regularized linear regression technique, combines two
popular penalty functions, namely L1 and L2 penalties. To determine the contribution of
each penalty, a hyperparameter called alpha (x) is employed, which takes a value between
0 and 1. Alpha assigns the weight for the L1 penalty, while the weight for the L2 penalty is
determined as “one minus the alpha,” as depicted in Equation (15) [27,28]:

ElasticNet Penalty = «(L1 Penalty) + (1 — «) (L2 Penalty) (16)



Energies 2025, 18, 3458

8 of 22

The advantage of ElasticNet lies in its ability to strike a balance between both penalties,
potentially leading to improved performance compared to models that solely employ one
of the penalties. Another hyperparameter, lambda (A), is introduced to control the weight
assigned to the sum of both penalties in the loss function, as shown in Equation (16). The
default value for lambda is set to 1.0, which applies the fully weighted penalty, while
a value of 0 excludes the penalty altogether. It is common to use very small values for
lambda, such as 0.001 or smaller [28,29]. ElasticNet tends to perform better when applied
to large datasets:

ElasticNet Loss = Loss + A(ElasticNet Penalty) (17)

The term “LASSO” represents the acronym for “Least Absolute Shrinkage and Selec-
tion Operator,” which is a statistical formula utilized for regularizing data models and
feature selection. In comparison to regression methods, it is favored for achieving more
accurate predictions. This model implements a shrinkage approach, where data values
are pulled closer to a central point, typically the mean. The lasso procedure promotes
simplicity by encouraging sparse models with fewer parameters. This type of regression
is particularly suitable for models exhibiting high levels of multicollinearity or situations
where automating certain aspects of model selection, such as variable selection or parame-
ter elimination, is desired. Lasso regression utilizes the L1 regularization technique and is
particularly effective when dealing with a larger number of features, as it automatically
handles feature selection [27,30,31].

Artificial neural networks are dynamic information processing systems inspired by the
structure and function of the human brain. First proposed by McCulloch and Pitts in 1943,
ANN:Ss consist of interconnected processing units that possess self-adapting, self-organizing,
and real-time learning capabilities. Over the years, significant progress has been made in re-
search, leading to widespread applications of ANNSs since the 1980s. However, this progress
has also brought challenges related to network structure and parameter selection, learning
sample choice, initial value selection, and the convergence of learning algorithms [32]. The
performance of neural networks is closely tied to the number of neurons employed, necessi-
tating a balance between network performance and simplicity to avoid issues such as poor
approximation and overfitting. Evolution Algorithms (EAs) have been effectively utilized
to optimize the design and parameters of ANNSs since the 1990s. Despite the advancements
made, computers still fall short in comparison to the human brain’s exceptional abilities in
tasks such as facial recognition and speech understanding. The human brain’s learning
capability, resilience, and robustness are unmatched, making it a fascinating model for
developing neural networks. The interconnected network of neurons, modeled as switches
that activate or remain inactive based on weighted inputs, forms the basis of artificial
neurons. Networks of these model neurons, known as Perceptrons, were initially limited
to solving linearly separable problems, but the development of error back-propagation
methods opened the door for solving more complex problems with neural networks [33].

Although this study primarily focused on linear and regularized regression models,
we acknowledge the relevance and widespread use of nonlinear machine learning models
such as Random Forests, Gradient Boosting Machines (GBM), and Support Vector Regres-
sion (SVR) in photovoltaic performance forecasting. These models have demonstrated
strong predictive capabilities, particularly in handling complex interactions and nonlinear
relationships between features. However, the scope of this work was intentionally framed
as a pilot investigation to evaluate the trade-off between interpretability, computational
efficiency, and prediction accuracy, especially in data-constrained environments like our
test setup.

Linear regression and its variants (LASSO and ElasticNet) were selected due to their
transparent behavior and ease of deployment in resource-limited engineering contexts.
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While artificial neural networks (ANNs) were included to explore nonlinear modeling,
their performance was constrained by the dataset’s size and structure. The addition of
tree-based ensemble methods or kernel-based algorithms such as SVR could indeed provide
enhanced modeling capacity, but often at the cost of reduced interpretability and increased
computational complexity.

Nonetheless, we recognize the potential value of incorporating these advanced models.
Therefore, we explicitly recommend their integration in future work to enable a more com-
prehensive comparison across model types. In particular, ensemble models like Random
Forest and GBM are well-suited for capturing interactions in tabular data, and SVR is known
for its robustness in high-dimensional feature spaces. These models may be especially
effective in modeling long-term fluctuations in irradiance and PV yield when combined
with historical data patterns, as demonstrated in hybrid ensemble-based frameworks [34].

2.2.2. Performance Measures

It is challenging to select an appropriate performance measure, or evaluation metric,
for an ML regression problem. Unlike classification tasks with clear labels, regression
involves continuous variables, making it difficult to accurately quantify and assess pre-
diction quality [35,36]. Additionally, data properties, such as distribution, scale, and the
presence of outliers, further influence the suitability of a metric. In this work, the following
performance measures were used: MSE (Mean Squared Error), RMSE (Root Mean Squared
Error), MAE (Mean Absolute Error), and R? (coefficient of determination).

The MSE (Equation (18)) serves as a widely utilized evaluation metric in regression
problems. Its computation involves taking the average of the squared discrepancies be-
tween predicted and expected target values within a dataset. A lower MSE value suggests
that the model’s predictions align more closely with the actual values. While the MSE is
well-suited for cases where errors exhibit a normal distribution and the model is expected
to produce predictions in proximity to the true values, it may be influenced by outliers.
Therefore, it becomes crucial to consider alternative metrics like the MAE to obtain a more
comprehensive assessment.

The RMSE (Equation (19)) emerges as a commonly employed evaluation metric for
regression tasks. Its computation involves taking the square root of the MSE. The RMSE
serves as a gauge of the average magnitude of the discrepancies between predicted and
actual values. A lower RMSE value signifies that the model’s predictions are more closely
aligned with the actual values. The RMSE possesses several advantages over the MSE.
Firstly, the RMSE remains unaffected by the scale of the data, making it a reliable metric
for comparing models across diverse datasets. Secondly, the RMSE exhibits greater sensi-
tivity to outliers compared to the MSE, enabling the identification of models that exhibit
significant errors on specific data points.

The MAE (Equation (20)) is a widely used evaluation metric in ML, especially in
regression tasks. It measures the average absolute difference between predicted and actual
values. Unlike the MSE and RMSE, which involve squaring the differences, the MAE
directly captures the magnitude of errors without considering their direction. The MAE is
more resilient to the influence of outliers since it does not magnify their impact as the MSE
and RMSE do. However, compared to the RMSE, the MAE may lack some interpretability
as it does not directly indicate the distance between predictions and actual values.

The R-squared (R?) (Equation (21)) evaluation metric is extensively employed in ML
to gauge regression model performance. It quantifies the proportion of the variance in the
dependent variable that the model captures. R? serves as a measure of the model’s goodness
of fit, providing insights into how well it aligns with the observed data in comparison to
a baseline model. R? ranges between 0 and 1, where a value of 0 indicates the model’s
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inability to explain any variance, while a value of 1 represents a perfect fit. However, it is
crucial to acknowledge that R? can be misleading when utilized in models with intricate
relationships or when the data deviate from the assumptions of linear regression. To obtain
a comprehensive evaluation, it is advisable to interpret R? alongside other evaluation
metrics and to consider the specific context and limitations of the regression problem at
hand. One possible reason for obtaining a low R-squared (R?) value while achieving better
results in the MAE, MSE, and RMSE is the presence of nonlinear relationships in the data.
R? is a measure of the proportion of variance explained by the model, specifically assuming
a linear relationship between the predictors and the response variable. If the underlying
relationship is nonlinear, the model’s ability to capture and explain the variance may be
limited, leading to a low R? value. On the other hand, the MAE, MSE, and RMSE provide
different perspectives on model performance. They directly measure the magnitude or
average of errors without explicitly considering the linearity assumption. These metrics
are more sensitive to the absolute differences between predicted and actual values and
do not depend on the specific shape of the relationship. Therefore, it is possible to have
alow R?, indicating a weaker linear fit, while observing better results in the MAE, MSE,
and RMSE, which capture the accuracy of the predictions in a more general sense. This
scenario suggests that the model may be performing well in terms of prediction accuracy
or error magnitude, but the linear relationship assumption may not hold strongly, leading
to a lower R? value:

1 .2
MSE = HZ?:l (yi — %) (18)
1—n 12
RMSE=y/ Y (7, — ) (19)
1 .
MAE = 52?21‘Yi - Yi| (20)
R2— 1. Zica(¥i— $:)* (1)

<\2
Lini(yi—y)
where y; is the actual value, ¥, is the predicted value, y is the mean of the observed data,
and n is the number of observations.

2.2.3. Model Training and Validation

To ensure a fair and reproducible evaluation of the employed machine learning models,
the dataset was partitioned into three subsets: 70% of the data was used for training, 15% for
validation, and the remaining 15% for testing. This split enabled an independent evaluation
of model performance and reduced the risk of overfitting.

A 5-fold cross-validation strategy was implemented during training for regularized
models such as LASSO and ElasticNet. The optimal hyperparameters were determined
using grid search. For LASSO regression, the regularization parameter o was tested over
the range [0.001, 0.01, 0.1, 1, 10]. For ElasticNet, both « and the mixing ratio A were varied:
o« in [0.001, 0.01, 0.1, 1] and A in [0.1, 0.5, 0.9].

For the artificial neural network (ANN) model, the architecture included one hidden
layer with 10 neurons, using the ReLU (Rectified Linear Unit) activation function. The
model was trained using the Adam optimizer with a learning rate of 0.001, a batch size of
32, and a maximum of 200 epochs. Early stopping was applied with a patience of 20 epochs
to avoid overfitting. The performance was monitored on the validation set, and the best
model (with minimum validation loss) was used for final testing.
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3. Results

3.1. Machine Learning Predictions of PV Systems
3.1.1. Poly South Predictions

The results in this section are from all the experiments performed on electrical yield
and the PV (south and EW) dataset using different ML and deep learning algorithms. In
the first part (Section 3.1.1), the poly south system was trained via linear regression, LASSO,
and ElasticNet in addition to the ANN algorithms. Figure 1 shows the correlation matrix
between the five selected features (wind speed, air pressure, humidity, temperature, and
radiation) and the electric power yield at the output of poly-crystalline PV systems. It is
shown clearly in Figure 1 that the yield is correlated with the radiation feature. Although
radiation shows a strong correlation with energy yield, it was retained in the feature set
to preserve the physical interpretability of the models and ensure accurate learning of
its interaction with secondary environmental variables. It can also be noted that there is
an inverse relationship between humidity and electric power yield. However, other than
the other clear correlation between temperature, radiation, and electrical power yield, it
can be noted that some features have a very low correlation (i.e., air pressure and wind
speed correlation with the other features) and dependency between each other, which may
explain the low R?.

Figure 2 shows a comparison of the results of the four models (linear regression,
LASSO, ElasticNet, and ANN) measured with the evaluation metric MSE on the poly
south system.

MSE

2.4 2.38

N
w
I

Mean Squared Error (kWh?)
N
N

2.1

2.0-
Linear Regression LASSO ElasticNet

Machine Learning Models

Figure 2. A comparison of the four machine learning models (linear regression, LASSO, ElasticNet,
and ANN) on the poly south system using Mean Squared Error (MSE in kWh?). Lower values
indicate better predictive performance.

Figure 2 clearly shows that the linear regression model outperforms the other three
models in terms of the MSE. In contrast, the ANN exhibits the weakest performance based
on this evaluation metric. Model underperformance is attributed to limited temporal and
feature diversity.
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Root Mean Squared Error (KWh)
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Figure 3 shows a comparison of the results of the four models (linear regression,
LASSO, ElasticNet, and ANN) measured with the evaluation metric RMSE on the poly
south system.

RMSE
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Figure 3. RMSE (Root Mean Squared Error in kWh) for the four models applied to the poly south
system. Linear regression achieves the lowest RMSE.

It can be seen clearly in Figure 3 that the linear regression model surpasses all the
other three models when measured using the RMSE performance with a value of 1.4525.
The ANN underperformed with this evaluation metric as well.

Figure 4 shows a comparison of the results of the four models (linear regression,
LASSO, ElasticNet, and ANN) measured with the evaluation metric MAE on the poly
south system.

1.25 A

1.20 A

127

Linear Regression LASSO ElasticNet

Machine Learning Models

Figure 4. An MAE (Mean Absolute Error in kWh) comparison for the four models on the poly south
system. Smaller values indicate improved prediction accuracy.

It is shown in Figure 4 that the linear regression model surpasses all the other three
models when measured using the MAE performance, at 1.11. However, the ANN under-
performed using the MAE evaluation metric, with an MAE score of 1.27.
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R? Score
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Figure 5 shows a comparison of the results of the four models (linear regression,
LASSO, ElasticNet, and ANN) measured with the evaluation metric R? on the poly
south system.

RZ

0.52

Linear Regression LASSO ElasticNet

Machine Learning Models

Figure 5. R? (unitless) values of the four models for the poly south system, indicating the goodness
of fit.

It can be noted in Figure 5 that the linear regression model surpasses all the other three
models when measured using the R? performance, at 0.52. The worst performance was for
the ANN algorithm with an R? value of 0.46.

While the R? values achieved in this study (0.52 and 0.657 for the best-performing
models) appear moderate compared to some other works, this can be attributed to the
relatively low variance in the monthly energy yield data collected over a single year. R? is
a variance-based metric and tends to be lower when the target variable exhibits limited
fluctuation, even if predictions are close to actual values. On the other hand, the percentage
errors (2.1% and 1.5%) and MAE metrics directly quantify the deviation from the measured
outputs and indicate a strong predictive accuracy. This highlights the importance of using
both absolute and relative performance metrics to provide a more complete evaluation of
model credibility.

The ANN model used for poly south predictions consisted of a feedforward archi-
tecture with one hidden layer comprising 10 neurons. The ReLU activation function was
applied in the hidden layer, and a linear activation function was used at the output layer to
suit the regression nature of the task.

The model was trained using the Adam optimizer with a learning rate of 0.001. A batch
size of 32 and a maximum of 200 epochs were used. To prevent overfitting, early stopping
was implemented with a patience of 20 epochs based on validation loss. Additionally,
dropout regularization with a rate of 0.2 was employed after the hidden layer.

Despite these strategies, the ANN’s performance lagged behind linear regression
and regularized models across all evaluation metrics. The likely cause is the limited size
of the dataset and the relatively low temporal granularity, which restricts the ANN’s
ability to learn robust nonlinear patterns. Furthermore, the feature set did not include
temporal sequences, which often improve neural network performance in forecasting tasks.
This limitation is especially critical for ANNSs that rely heavily on rich and temporally
informative data.



Energies 2025, 18, 3458

14 of 22

3.1.2. Poly EW Predictions

The results in this section are from all the experiments performed on the electrical
yield and PV (EW) dataset using different ML and deep learning algorithms. In this second
part, the poly east-west system was trained via linear regression, LASSO, and ElasticNet
in addition to ANN algorithms. Figure 6 shows the correlation matrix between the five
selected features (wind speed, air pressure, humidity, temperature, and radiation) and
the electric power yield. It is observed in Figure 6, like the poly south system, that the
yield is clearly correlated with the radiation feature, as explained in Section 3.1.1. It can
also be noted that there is an inverse relationship between humidity and electric power
yield. However, other than the other clear correlation between temperature, radiation, and
electrical power yield, it can be noted that some features have a very low correlation (i.e.,
air pressure and wind speed correlation with the other features) and dependency between
each other, which may explain the low R?.
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Figure 6. A correlation matrix showing the correlations of features and the electrical yield for the
poly east-west system.

Figure 7 shows a comparison of the results of the four models (linear regression,
LASSO, ElasticNet, and ANN) measured with the evaluation metric MSE on the poly
east-west system.

Figure 7 clearly shows that the linear regression model outperforms the other three
models in terms of the MSE. In contrast, the ANN exhibits the weakest performance based
on this evaluation metric. Model underperformance is attributed to limited temporal and
feature diversity.

Figure 8 shows a comparison of the results of the four models (linear regression,
LASSO, ElasticNet, and ANN) measured with the evaluation metric RMSE on the poly
east-west system.
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Figure 7. MSE (kWh?) for the four models on the poly east-west system. Linear regression performs
best, followed by LASSO and ElasticNet.
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Figure 8. RMSE (kWh) of the four models on the poly east-west system. A lower RMSE implies
better alignment with the actual output.

It can be seen clearly in Figure 8 that the linear regression model surpasses all the
other three models when measured using the RMSE performance, with a value of 1.09. The
ANN underperformed with this evaluation metric as well.

Figure 9 shows a comparison of the results of the four models (linear regression,
LASSO, ElasticNet, and ANN) measured with the evaluation metric MAE on the poly
east—-west system

It can be noted in Figure 9 that for the first time, the performance of linear regression
and the ANN model is almost equivalent and surpasses the other two models when
measured using the MAE performance with a value of 0.81 for both. However, the weakest
performance for an algorithm using the MAE evaluation metric for the poly east-west
system was ElasticNet with an MAE score of 0.83.
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Figure 9. MAE (kWh) values for the four models predicting the poly east-west system output. ANN
and linear regression produce similar results.

Figure 10 shows a comparison of the results of the four models (linear regression,
LASSO, ElasticNet, and ANN) measured with the evaluation metric R? on the poly east-
west system.

R?

0.655 -
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0.645 -
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Figure 10. R? (unitless) values of the four models on the poly east-west system. Linear regression
again shows the best model fit.

It can be seen clearly in Figure 10 that the linear regression model surpasses all the
other three models when measured using the R? performance for the poly east-west system
with a value of 0.66. The ANN algorithm underperformed with an R? value of 0.64.

Similar to the poly south case, the ANN model applied to the poly east-west dataset
used a single hidden layer with 10 neurons and ReLU activation. Dropout and early
stopping were again employed to improve generalization and prevent overfitting.

The ANN model yielded slightly improved results in terms of the MAE when com-
pared to its performance in the poly south system, but still underperformed relative to linear
models. This reinforces the observation that in datasets with dominant linear relationships
(as shown by the strong correlation between radiation and yield), simpler models tend
to generalize better. Additionally, without incorporating temporal patterns or additional



Energies 2025, 18, 3458

17 of 22

exogenous variables (e.g., cloud cover and solar position indices), ANNs are unlikely to
outperform well-tuned linear models in this context.

Future research could explore more sophisticated architectures, such as recurrent
neural networks (RNNs), gated recurrent units (GRUs), or convolutional neural networks
(CNNSs), especially when working with time series data or image-based weather predictors.
These approaches may help better capture dynamic and nonlinear dependencies present in
real-world PV system performance.

4. Discussion

A comparison between monthly analytical, experimental, and predicted electrical
power generation by linear regression is shown in Table 5.

A comparison between yearly analytical, experimental, and predicted electrical power
generation by linear regression is shown in Table 6.

The larger discrepancies observed between the analytical, experimental, and predicted
values in certain months, particularly during winter periods such as January, February, and
December, can be attributed to a combination of environmental and methodological factors.
One key contributor is the seasonal variation in sensor accuracy. Temperature fluctuations,
increased humidity, and potential condensation can affect sensor stability and response,
especially in the absence of regular recalibration. Additionally, winter months in Amman
are typically characterized by greater cloud cover and unpredictable atmospheric changes,
leading to rapid fluctuations in solar irradiance. These transient effects are not easily
captured either by the analytical model, which is based on steady-state solar geometry and
average radiation assumptions, or by machine learning models trained on data averaged
over longer timeframes.

The analytical model in particular lacks responsiveness to real-time anomalies such
as short-term shading, dust accumulation, or precipitation events. On the other hand,
while the linear regression model demonstrated a strong overall performance, its predictive
accuracy may decline during months with conditions that were underrepresented in the
training dataset. These observations highlight the importance of incorporating temporal
and exogenous features into future models.

To better represent uncertainty and variation, we recommend the inclusion of statis-
tical measures such as confidence intervals or error bars in future visualizations of both
experimental and predicted values. This would allow for a more transparent interpretation
of deviations and support data-driven decision making. Expanding the data collection
protocol to include auxiliary weather data (e.g., sky imagery or cloud index values) and
implementing periodic sensor recalibration could help reduce the unexplained variability
and improve both model accuracy and interpretability in future studies.

To further explore the contribution of different environmental features to electrical
yield, we trained a Random Forest Regressor and extracted the feature importance scores
for the poly EW system (Figure 11). The results clearly indicate that global radiation is the
most dominant factor, contributing nearly 80% of the model’s predictive power. In contrast,
other meteorological variables such as temperature, humidity, wind speed, and air pressure
play relatively minor roles. This aligns with physical expectations, as solar irradiance is the
direct energy source driving photovoltaic output. These insights also validate the use of
irradiance-focused predictors in lightweight models. However, the inclusion of secondary
factors may still aid in refining residual variations, especially in hybrid models. These
findings align well with the results of a previous study by Qiu et al. [37], which highlight
the central role of irradiance in solar prediction models.
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Table 5. The monthly analytical, experimental, and predicted electrical power generation by linear regression.
Analytical Generation Experimental Generation Prediction by Linear Regression Generation
Month EasI:(—):'zest EasI:’\lZIest Poly South Poly South EasI:(—):'zest EasI:’\]ZIest Poly South Poly South EasI:(—):'zest EasI:)a’Iest Poly South Poly South
(kWh) (KWh/kWp) (kWh) (KWh/kWp) (kWh) (KWh/kWp) (KWh) (KWh/kWp) (kWh) (KWh/kWp) (kWh) (KWh/KWp)
Jan 528.3 101.6 710.8 136.7 299.5 57.6 388.5 74.7 268.8 51.7 332.3 63.9
Feb 598.8 115.2 764.8 147.1 474.8 91.3 551.6 106.1 350.2 67.4 365.9 70.4
Mar 664.3 127.8 814.8 156.7 728.4 140.1 819.4 157.6 668.2 128.5 763.6 146.9
Apr 682.2 131.2 810.7 155.9 743.4 142.9 801.6 154.1 868.6 167.0 973. 187.1
May 663 127.5 775.8 149.2 880.9 169.4 900.9 173.2 826.7 158.9 894.1 171.9
Jun 645.1 124.1 750.4 144.3 802.9 154.4 822.8 158.2 975.5 187.6 1059.3 203.7
Jul 651.8 125.3 760.2 146.2 893.7 171.9 912.7 175.5 844.9 162.5 845.2 162.5
Aug 697.3 134.1 815.4 156.8 859.5 165.3 910.8 175.1 889.9 171.2 938.5 180.5
Sep 664.8 127.9 808.6 155.5 730.7 140.5 811.6 156.1 777.3 149.5 872.9 167.9
Oct 635.4 122.2 797.7 153.4 555.7 106.9 674.9 129.8 626.3 120.5 710.8 136.7
Nov 529.9 101.9 718.6 138.2 333.3 64.1 390.2 75.0 359.7 69.2 397.4 76.4
Dec 495.6 95.3 619.6 133 386.3 74.3 506.7 97.4 397.9 76.5 469.1 90.2
sum 7456.5 1433.9 9147.4 1772.9 7689.4 1478.7 8491.7 1633.0 7854.3 1510.5 8622.3 1658.2
Table 6. The yearly experimental electrical power generation and that predicted by linear regression.
Experimental Generation Generation Predicted by Linear Regression
PV System Type Error
(kWh/kWp) (kWh/kWp)
Poly east-west 1478.7 1510.45 2.1%
Poly south 1633 1658.15 1.5%




Energies 2025, 18, 3458

19 of 22

Feature Importance for Predicting Electrical Yield (Poly EW)

Importance Score

Features in Poly EW system

Figure 11. Feature importance for predicting electrical yield in poly EW system.

A similar feature importance analysis was conducted for the poly south system, which
yielded results closely aligned with those of the poly EW system. Global radiation remained
the overwhelmingly dominant factor, while other environmental variables contributed
marginally. To avoid redundancy, the feature importance plot for poly south is not shown.

Another limitation of this study is the absence of cloud-related variables in the dataset,
which restricts the model’s ability to capture short-term irradiance fluctuations caused by
cloud cover. These transient atmospheric changes significantly affect the solar radiation
received by PV panels, particularly in winter and during partly cloudy conditions, leading
to prediction deviations that are not explained by the current set of features. The lack of
sky imagery, satellite data, or real-time cloud indices in our sensor setup limits the model’s
responsiveness to such rapid changes in solar availability.

Incorporating cloud cover metrics, whether through satellite-based observations,
ground-based sky cameras, or derived Global Horizontal Irradiance (GHI) decomposition,
could provide additional predictive value and improve model robustness in future work.
Studies utilizing all-sky imaging techniques and time-sequenced irradiance patterns have
shown marked improvements in ultra-short-term solar forecasting. For instance, the work
by Zuo et al. [38] demonstrated that combining sky image data with historical sequences
significantly enhanced GHI prediction accuracy. We acknowledge that integrating such
data sources would likely enhance the performance of both machine learning and analytical
models and represents a meaningful direction for future extensions of this study.

5. Conclusions and Future Work

In this work, different prediction models of poly-crystalline PV performance in Jordan
are studied, including experimental (using a statistical calculation of experimental data),
analytical (using mathematical expressions), and ML methods (using four different ML
techniques—Ilinear regression, LASSO, ElasticNet, and ANN algorithms). Two types of PV
grid-connected systems working at Applied Science Private University in Amman, Jordan,
with a power capacity of 5 kWp each, were used in this study. These two PV systems are
fixed with a tilt angle of 11° and are poly-crystalline south-directed and poly-crystalline EW-
oriented (which means that half of these PV modules are directed to the east and the other
half are directed to the west). The linear regression model outperforms the analytical model
and all the other three models when compared using different performance measures.
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From the comparison between yearly power generation predicted by linear regression,

analytical yearly power generation, and experimental yearly power generation in Table 6,
it can be noted that

1.

In the case of the poly-crystalline EW-directed PV system, the yearly analytical electri-
cal power generation is 1433.9 kWh/kWp, where the error value is 3.12% as compared
with the experimental value. The yearly electrical power generation predicted by lin-
ear regression is 1510.45 kWh/kWp, where the error value is 2.1% as compared with
the experimental value. It is seen that the prediction of experimental data by linear
regression is very accurate, with an accuracy better than that of the analytical method.
In the case of the poly-crystalline south-directed PV system, the yearly analytical
electrical power generation is 1772.9 kWh/kWp, where the error value is 7.89% as
compared with the experimental value. For prediction by linear regression, the yearly
electrical power generation is 1658.15 kWh/kWp, where the error value is 1.5% as
compared with the experimental value. It can also be noted here that the prediction of
experimental data by linear regression is very accurate, with an accuracy better than
that of the analytical method.

The results show that the productivity of the poly-crystalline south-directed PV system
is better than that of the poly-crystalline EW-directed PV system, with power gains
of 23.64% using the analytical method, 10.43% using the experimental method, and
9.77% using prediction by linear regression.

The superior performance of the linear regression model across all evaluation metrics
(the MSE, RMSE, MAE, and R?) in both the poly south and poly EW PV systems
can be attributed to several factors. First, the dataset revealed a dominant linear
relationship between solar radiation and power yield, as shown in the correlation
matrices (Figures 1 and 6), where radiation exhibited the highest positive correlation
with output energy. Given that linear regression thrives in contexts where the depen-
dent variable has a strong, linear association with one or more independent variables,
this direct relationship likely enabled the model to achieve high predictive accuracy
with minimal complexity. By contrast, more complex models such as LASSO, Elastic-
Net, and ANNSs incorporate regularization or nonlinearity, which, while powerful in
high-dimensional or noisy environments, can lead to overfitting or underfitting when
the underlying patterns are inherently simple. Moreover, the relative sparsity of the
features’ interdependence and the limited presence of strong nonlinear interactions
further reduced the advantage of using advanced models. Linear regression, with
advantages of simplicity and interpretability, was able to generalize well to the test
data, yielding error rates even lower than the analytical model and closely matching
experimental values, with yearly prediction errors as low as 1.5 and 2.1% for the south
and EW systems, respectively. These findings emphasize that in certain practical
scenarios with clean, well-structured datasets and dominant linear features, classical
statistical methods can outperform more sophisticated machine learning models.

This work focused on comparing analytical, experimental, and machine learning

methods for predicting poly-crystalline PV output under clear-sky and general ambient

conditions, but it did not incorporate cloud-related variables due to the limitations of our

measurement infrastructure. As a direction for future research, we recommend enhancing

the feature set by including sky imagery, cloud indices, or satellite-derived GHI decom-

position, which could capture short-term irradiance fluctuations more accurately. The

integration of such exogenous variables, particularly in combination with advanced time-

series or deep learning models, holds promise for significantly improving the precision and

reliability of PV performance predictions under dynamic weather conditions.
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The results of this study help the installers of PV systems predict the yearly electrical
power generation at the output of poly-crystalline PV systems in this region. These results
can be used for the technical and economical evaluation of the application of different types
of PV systems, and for preparing feasibility studies in Jordan and countries with similar
climatic conditions.
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