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Abstract

The nature of solar radiation and the high penetration of photovoltaic (PV) systems in the
smart electrical grid necessitate the development of models driven by historical operational
data capable of precisely estimating the performance of PV systems. In this work, six
proposed models are applied to predict the conversion efficiency of a 7.98 kWp rooftop
on-grid PV system in Jordan. The dataset comprises 179 daily samples obtained during a
single spring—summer period (17 March—24 September 2014). The efficiency modeled is the
combined efficiency of the modules and inverter as a system. The proposed models are
Decision Tree (DT), Random Forest (RF), Support Vector Machine (SVM), Gradient Boosting
(GB), Gaussian Process Regression (GPR), and Elastic Net (EN). The effectiveness of these
proposed models is assessed by calculating four performance metrics, namely, the Mean
Square Error, prediction accuracy, Coefficient of Determination (R?), and adjusted R?, and
benchmarking the results with those of six prediction models discussed in our previous
work. The results from the unweighted Decision-Making Matrix show that RF showed
the best overall performance among the proposed and benchmark models considered. By
contrast, the SVM, DT, and GB models exhibited moderate predictive behavior. However,
Elastic Net is the worst-performing model among the 12 proposed and benchmark models
discussed in this work. Moreover, the RF model’s consistently low prediction error supports
its practical utility for PV system performance estimation, despite a slightly higher training
cost than simpler models.

Keywords: PV system performance; machine learning; Random Forest; Gaussian Process
Regression; Bayesian optimization; dust accumulation; comparative analysis; Jordan

1. Introduction
1.1. Machine Learning Algorithms in Solar Photovoltaic Performance Prediction

The widespread adoption of photovoltaic (PV) systems in the smart grid has made PV
performance prediction a necessity for grid operators, system designers, and researchers [1],
influencing energy management, grid reliability, power quality, scheduling, and economic
efficiency [2-4]. Al and ML methods are widely used for this task, as they capture complex
non-linear relationships between weather parameters and PV output without explicit
physical modeling [5]. Al and ML methods often outperform conventional statistical and
physical models under variable meteorological conditions [6] and improve via learning [7].
No single method is best for all studies. A method that works well in one context may
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be worse in another [8,9], and sometimes no method is clearly superior [10,11]. The
most common ones are Artificial Neural Network (ANN), Extreme Learning Machine
(ELM), traditional/adaptive K-Nearest Neighbor (KNN and A-KNN), Random Forest (RF),
Decision Tree (DT), Support Vector Machine (SVM), Gaussian Process Regression (GPR),
Gradient Boosting (GB), Elastic Net (EN) and multiple linear regression (MLR).

1.2. Case Studies from Literature

This section outlines significant studies that have employed ML algorithms to predict
PV performance. Tree-based methods have been used widely. In [12], a DT regression
model was used to find the best input set, a seven-parameter multi-station average, for a
large-scale PV system in Pahang, Malaysia, and in [13], a Boosted Decision Tree Regression
outperformed the conventional regressors for solar-radiation forecasting in Malaysia.

For Random Forest, combining Smart Persistence with irradiance and prior generation
as inputs improved short-term accuracy in Faro, Portugal (nRMSE ~ 0.25-0.33) [14], while
a bagged RF provided one-day-ahead PV output prediction in Australia with built-in
cross-validation and robustness to irrelevant inputs [15].

Support Vector Machines have been used to predict the output of a 10 MW station
based on module and generation parameters, with low reported error [16]. An SVM
regressor tracked the maximum power point more than 94% of the time [17].

XGBoost from the Gradient Boosting family provided the best facade-integrated BIPV
power forecasts in Madrid (RMSE of 0.89 and 0.21 kW for south and east arrays) [18], and
an Extreme Gradient Boosting Regression with IoT-based logging identified temperature,
relative humidity, clear-sky index, and time of day as the most influential inputs [19].

In the case of Gaussian Process Regression, a Bayesian-optimized GPR was found to
outperform neural network baselines for short-term forecasting in Canberra, Australia [20],
while GPR with a squared-exponential kernel achieved the best accuracy among the kernels
tested on an Algerian on-grid system [21].

Regarding Elastic Net, a comparison of 19 linear regression models found that EN was
not able to accurately predict power, current, or voltage for two PV modules in Iran [22].
However, EN combined with Bayesian Density Estimation achieved a lower MAE and
RMSE than ANN, SVM, RF, and Gradient Boosting machines on large Indian datasets [23].

1.3. Significance of This Work
In this context, the original contributions of this research work are summarized as follows:

e  The development of various ML techniques, ranging from simple linear models to
complex non-linear data-driven approaches, for estimating a PV system’s performance
based on historical weather data and operational conditions.

e  The evaluation of the models’ effectiveness and a fair comparison among them aim to
identify the best-performing model in terms of efficiency and reliability, which would
make it an attractive choice for real-world applications.

e  The validation of the investigated models on a real case study involving a 7.98 kWp
on-grid PV system installed at the Hashemite University, Jordan. The dataset contains
179 daily samples collected between 17 March and 24 September 2014. The estimation
is carried out for the modules and inverter as a combined system.

This study evaluates six additional machine learning models (DT, RF, SVM, GB, GPR
and EN) on the same dataset and partition as analyzed in our previous efforts on this system,
including the assessment of multiple linear regression and neural network models [24,25]
and, more recently, an adaptive K-Nearest-Neighbor model [26]. All twelve models are
compared within a single unified framework using an unweighted decision matrix and a
performance-gain analysis against a common baseline. Comparative studies change the
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dataset or the protocol across models. The controlled same-data comparison used here
isolates the effect of the learning algorithm itself.

This work is organized as follows: Section 2 presents the experimental setup, and
Section 3 describes the data collection and analysis process. Section 4 presents brief ideas
about the six proposed prediction models in this paper. Results and discussions are
presented and explored in detail in Section 5. Finally, conclusions and future works are
highlighted in Section 6.

2. Experimental Setup

To achieve this project’s objective, a 7.98 kWp grid-tied photovoltaic system was
installed on the rooftop of the president’s building at Hashemite University (HU) in Zarqa,
Jordan. Table 1 summarizes the technical requirements of this photovoltaic system, and
Table 2 includes the actual dates of rainy days and cleaning days of the system. The global
horizontal irradiance (GHI) was measured using a pyranometer mounted on the rooftop
next to the PV array. The ambient temperature was measured using a shielded thermistor.
The AC output energy of the inverter was also recorded. The total daily incident energy
per unit area used in Equation (1) was obtained by integrating instantaneous irradiance
samples over each day. Consequently, the changing solar angle of incidence throughout
the day is already included in the daily total. The PV modules are 285 W}, polycrystalline
modules, and the inverter is a 3-phase 8 kW string inverter (see Table 1 for specifications).
Hence, the modeled efficiency 1 is a system-level quantity that takes into account module
and inverter losses. The effectiveness of the system is determined in the following way:

_ Eout
U I XA

(1)

where % represents the conversion efficiency of the PV system; E,,; indicates the net AC
output energy; I represents the total daily global incident irradiance; and A indicates the
total area of the PV modules (=49.061 m?).

Table 1. Technical specification of the PV system employed in this study.

Parameter Value
Latitude 32.10° N
Longitude 36.18° E
Altitude 575 m
Number of PV modules 28
Nominal power of each module 285 Wp,
Number of strings 2
Tilt angle 26°
Azimuth angle 0°
Number of inverters 1
Nominal power of inverter 8 kW (3-phase)

Table 2. Cleaning days during the experiment.

Cleaning Number Cleaning Dates Cleaning Type
1 17 March 2014 Naturally by heavy rainfall
2 8 May 2014 Naturally by heavy rainfall
3 12 July 2014 Manually
4 24 September 2014 Manually
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The quantity to be modeled is the daily conversion efficiency # rather than the AC
output energy E,,; directly. The conversion efficiency is a dimensionless indicator of the
system that isolates the effect of dust accumulation and temperature on the array-inverter
chain and is comparable between days with very different irradiance. In operation, the
1 forecast can be combined with a separate daily forecast of the incident irradiance, I,
using Equation (1) to obtain the expected AC output, E,+ = 1 X I x A. Operationally, this
decoupling is convenient and consistent with how performance is reported in our previous
work on this system [24-26]. We recognize that # and I are not completely independent;
there is a weak intrinsic dependence of module efficiency on irradiance and a stronger
dependence on cell temperature, which is correlated with irradiance. However, the main
limitation of the approximation of treating # and I as separable is the issue discussed in
Section 6.1.

3. Data Collection/Analysis

The collected dataset includes N = 192 data points (which are the number of days
during the period of the experiment) of pairs of inputs and outputs of daily conditions of
the PV system. The inputs comprise the following:

e  The counter of the dust accumulation/exposure days (labeled as D in chronological
order).
o  The average daily ambient temperature (expressed as T in °C).

However, the output is the daily measured conversion of the PV system’s efficiency
(hereafter denoted as 7 in %). The following data points are removed from the N = 192 data
points: nine outliers (spiked values of efficiency were found due to sensor faults) and four
cleaning days. Nine of the 13 excluded points are due to physically implausible efficiency
spikes caused by sensor faults, and the remaining four are due to cleaning days. These are
measurement artifacts and discrete maintenance events, not normal operating conditions,
so their removal (~6.8% of the 192 raw records) should not bias the learned relationship
over the remaining 179 points. The nine outliers are spread over the period from D = 39 to
D = 120; the four cleaning days are 17 March, 8 May, 12 July, and 24 September 2014.

After the 13 data points above are removed, 179 remain for further analysis.
Figure la—c show the D, the T, and the 7, respectively, for the entire experiment period
(N =192 data points, excluding outliers and cleaning days). In Figure 1c, negative corre-
lations are shown between D and # (because the dust accumulation on the PV modules
blocks sunlight from reaching the solar cells) and between T and # (due to the negative
temperature coefficient) [27-29]. Moreover, as expected, there are sudden jumps in the #
during the PV system’s cleaning days. Both predictors have physical significance. The
within-cycle efficiency decay is due to the cumulative effect of dust accumulation (D), which
induces progressive optical attenuation at the module surface, and increasing ambient tem-
perature (T), which reduces efficiency due to the modules’ negative temperature coefficient.
The two are in the same direction between cleanings. Using the typical crystalline-silicon
temperature coefficient of —0.4%/°C, the ~10 °C temperature increase observed in the first
cycle alone accounts for on the order of half of the observed decay. So, the two mechanisms
are of similar magnitude in this dataset. As the model uses only these two physically
motivated inputs, no automatic feature selection is performed, and the relevance of each
input is already apparent from the correlation structure in Figure 1.
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Figure 1. The input-output pairs for N = 192 data points: (a) D, (b) T, and (c) 7.

180

The dataset (N = 179) is split into 80% (143 points) for training and validation and 20%
(36 points) for testing. The 143 points are then divided into 70% for training (N, = 100)

and 30% for validation (N, = 43), where the training subset is randomly sampled and

used to tune the model configurations. The benchmark and proposed models are evaluated

on the 36 held-out test points on metrics defined later in this paper. Figure 2 illustrates the

categorization of the data points in this study.

Overall data points

(179 data points excluding
outliers and cleaning days)

Testing:
36 data points

(20% of the overall data
points)

Training and Validation:
143 data points

(80% of overall data points)
\J

Training: Validation:
100 data points 43 data points

(70% of the Training and
Validation data points)

(30% of the Training and
Validation data points)

Figure 2. The classification of the data points followed in this work.

4. Methodology

This section provides a brief summary of the prediction models used in this study

and the metrics used to assess their performance. The discussion centers on the newly

proposed models, whereas the benchmark models—specifically, Multivariate Linear Re-
gression (MLR), Artificial Neural Network (ANN), Extreme Learning Machine (ELM), and
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traditional/adaptive K-Nearest Neighbor (KNN and A-KNN)—were comprehensively
analyzed and delineated in our previous research [24-26]. Thus, instead of reiterating their
theoretical foundations, Section 4 presents and examines only their respective results for
comparative analysis [26].

4.1. Brief Description of the Proposed Prediction Models
4.1.1. Decision Tree (DT)

DT is a parameter-free supervised learning algorithm which can be used for both
regression and classification problems. It works by dividing the feature space into smaller
and smaller groups of similar characteristics, which leads to a hierarchical tree-like structure
that is easy to understand and works well with computers [30,31]. To enhance the predic-
tive power and reduce the overfitting of the DT model, Bayesian optimization (BO) [32]
was used for optimization. Tuning was performed on three important hyperparameters:
minimum leaf size, maximum number of splits, and number of variables sampled at
each node.

4.1.2. Random Forest (RF)

RF is an ensemble learning method that combines the predictions of multiple deci-
sion trees. Each tree is constructed independently via bootstrap sampling and random
feature selection. For regression tasks, the final output is the average prediction of all
the trees [33]. This architecture is robust against overfitting and enables the processing
of high-dimensional data. The RF model was built using the bagging method and tuned
on three key hyperparameters: the number of learning cycles, the minimum leaf size,
and the number of variables sampled per iteration. Once again, we implemented BO to
systematically explore the hyperparameter space and find the optimal balance between
model complexity and generalization performance [34].

4.1.3. Support Vector Machine (SVM)

Support Vector Machine, in its regression form (SVR), is a supervised learning al-
gorithm that fits the function to the target values within a certain threshold by using a
kernel. It also guarantees that the learned function is as flat as possible [35,36]. This paper
uses kernel functions to project the inputs into higher-dimensional feature spaces, thus
making it suitable for linear and non-linear regression problems. In this research, the
prediction accuracy has been improved, and the generalization ability has been maintained
by optimizing the box constraint, epsilon value and kernel function selection of the SVR
model using BO.

4.1.4. Gradient Boosting (GB)

GB is a sequential ensemble learning method that iteratively combines several weak
learners, usually shallow decision trees, into a strong predictive model. Each new learner
is trained to correct the previous learner’s errors [37,38]. This formulation makes GB
particularly good at identifying complex interactions among variables and non-linear
relationships in the data. The GB model was implemented in this study using the LSBoost
method, which minimizes least-squares loss, and was optimized for the smallest leaf size,
learning rate, and total number of trees in the ensemble. Here, BO was also used to tune
these hyperparameters, automatically finding a good trade-off between model predictive
performance and performance on new data.

4.1.5. Gaussian Process Regression (GPR)

GPR is a Bayesian inference-based nonparametric and probabilistic regression method.
Rather than fitting a single deterministic model, it models a distribution over possible
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functions [39]. This enables GPR to generate not only point predictions but also well-
calibrated uncertainty estimates. This is particularly useful for small- to medium-sized
datasets where it is important to measure prediction confidence and capture non-linear
trends [40]. Here, we apply BO to optimize the GPR model. The main tuning parameters
were the kernel function, basis function, and noise level. This enabled more accurate
predictions while still allowing the model to quantify uncertainty.

4.1.6. Elastic Net (EN)

EN is a linear regression method that simultaneously uses L1 (Lasso) and L2 (Ridge)
penalty terms. Thus, you can select variables and shrink coefficients at the same time [41].
This dual-penalty formulation is particularly helpful when there is multicollinearity among
predictors or when there are more features than observations. We systematically varied
the mixing parameter « to allow a flexible trade-off between the L1 and L2 regularization
components. We determined the optimal regularization strength, A, using 10-fold cross-
validation. We considered a single strong evaluation sufficient because the EN fitting
procedure is deterministic and internally cross-validated, and we did not perform repeated
trials with different random data splits.

4.2. Performance Metrics

Similar to [29], this study considers four performance metrics to evaluate the effec-
tiveness of the proposed models against the benchmark models on the test dataset (Xest)
in addition to the computational effort required while developing the prediction models.
These metrics are the following.

4.2.1. Accuracy (Accuracy)

The accuracy metric designates the average closeness between the estimated and
actual daily conversion efficiency, #, and is defined using the absolute prediction error
in Equation (2); defined this way, it is equivalent to one minus the mean absolute per-
centage error (1 — MAPE), and the absolute deviation ensures that positive and negative
errors do not cancel each other out. The higher the accuracy value, the more effective the
prediction model:

i — il
1————) x100% 2
Niest i ( i ) ( )

Accuracy =

where 7; and 7; are the i-th estimated and actual daily system’s conversion efficiency,
respectively,and i = 1, ..., Niest. The higher the values of accuracy, the more effective the
prediction model.

4.2.2. Mean Square Error (MSE)

The MSE estimates the average squared difference between the estimated () and
actual (1) daily system’s conversion efficiency provided by all the proposed and benchmark
prediction models, and it is expressed as follows:

1 Ntest

Y (i —1:)? (3)

MSE =
Ntest i=1

where 7; and 7; are the i-th estimated and actual daily system’s conversion efficiency,
respectively, and i = 1,..., Nist. Based on Equation (3), the smaller the values of MSE, the
more effective the prediction model.
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4.2.3. Coefficient of Determination (R?) and the Adjusted Version (Ri djuste )

The R? and its adjusted version (Rgdjust .4) express the variability of the dependent
variable (i.e., output; daily system’s conversion efficiency in this work) estimated by the
prediction models and produced by the independent variables (i.e., the inputs that represent
dust accumulation and the average ambient temperature in this work). They are presented
by Equations (4) and (5), respectively:

Zz\kest 4. 2 .
R* = 1—% x 100% (4)
L5 (i —77)
Niest 5.)2
2 _ Z‘:] (77i - 7]1’) Ntest -1 o
Rudjusted = |} - ( Zth‘iSt(ﬂi — ﬁ)z > (Ntest 3 x 100% (5)
i=

where 7; and 7j; are the i-th actual and estimated daily system’s conversion efficiency,
respectively, i = 1, ..., Nist, and 7 is the average value of 7. An R? value of 100% means
that the chosen independent variables, which are dust accumulation and average ambient
temperature, can fully explain the variability of the dependent variable. This means that
there are no other factors that could have affected the output. On the other hand, a R? value
below 100% means that other factors outside of the ones used in the model also affect the
dependent variable’s variability, but they have not been included in the current modeling
framework [24]. Because the number of predictors is p = 2 (dust accumulation days, D, and
average ambient temperature, T), the adjusted R%in Equation (5) uses the correction factor
(Ntest — 1)/ (Niest — p — 1). Because every model uses the same two predictors, adjusted R2
is a strictly monotonic transformation of R? and ranks the models identically; it is reported
for completeness rather than as an independent criterion.

Each cross-validation (CV) simulation trial has its own set of performance metrics that
are calculated. After gathering all the metrics for each trial, the mean values are calculated
and used to compare models.

Finally, we use a performance gain (PG) metric for each of the evaluation criteria listed
above—MSE, accuracy, R?, and adjusted R>—to measure how much better each prediction
model is than the least accurate one. The PG is calculated only for the proposed models,
with the model that does the worst being the baseline (BL). It is shown as follows:

MSEProposed _ MSEBL
PGMSE = ' MSEBL x 100% (6)
A Proposed _ 4 BL
PGAccuracy = CCumcyA BLCCLH’acy x 100% (7)
ccuracy
Proposed BL
R2 p _ R2
PGpo = 7T x 100% ®)
2 Proposed 152 BL
PGRﬁd.mmj _ adjusted . BLud]usted % 100% )
" Radjusted

5. Results and Discussion

This section presents the development, application, and comparison results of the
benchmark and proposed prediction models.
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5.1. Benchmark Prediction Models

The benchmark prediction models are discussed in detail in [24-26]. The most critical
features and results are briefly summarized in this section.

5.1.1. Multivariate Linear Regression (MLR)

In [24], MLR analysis is used to establish the mathematical relationship between D
and T (i.e., independent variables) and # (i.e., dependent variable), based on the collected
data (which consisted of N = 143 observations). Then, the best mathematical equation that
represents these data is used to estimate the # of each k-th test pattern of the test dataset
(Xtest), k = 1,..., Niest, using the corresponding input test patterns, Dy and Tg.

It is worth noting that the computational efficiency of the models will be reported and
discussed in this work. MLR took 1.41 s to establish the best mathematical equation in
terms of the computational effort of the MLR model. The MLR fit reported in [24,25] on
this system yields a coefficient on the ambient temperature term corresponding to a system-
level thermal sensitivity of about —0.3 to —0.4% of efficiency per °C, consistent with the
typical temperature coefficient of maximum-power for crystalline-silicon modules (—0.35
to —0.45%/°C) reported in the module-degradation literature [27,28]. The coefficient of the
dust accumulation term is of the same magnitude for each cleaning cycle, as predicted by the
decomposition in Section 3, which indicates that the two inputs have similar contributions
to the variation observed in #.

5.1.2. Artificial Neural Networks (ANNSs)

The first version of the ANN prediction model (hereinafter referred to as ANNj)
was developed in [24] using 143 data points with the scaled conjugate gradient back-
propagation algorithm, with an RMSE of 10 and a maximum of 100 training epochs.
Also, two hidden layers with 10 and 4 hidden neurons were used, respectively. The second
version of the ANN prediction model (hereafter referred to as ANN;) was established in [25]
as an improvement over ANN]j [24], developed for the same purpose. The ANN, had one
hidden layer with 22 neurons and the “poslin” (ReLU) activation function. As with the
ANN); model in [25], the ELM model was optimized with respect to the number of hidden
neurons and the choice of activation function. The best ELM model was found to be the one
with 700 neurons and the activation function “Triangular Basis”. The computational effort
was much higher (e.g., >40 min for the ELM model) because of the complexity of ANNj,
ANN), and ELM compared to MLR. Likewise, the ANN;, ANN,, and ELM benchmark
models were used to estimate the system’s conversion efficiency on the test dataset and
compared with the MLR model.

5.1.3. Traditional and Adaptive KNN Models

Regarding the traditional and adaptive KNN (KNN and A-KNN, respectively) pre-
diction models discussed in detail in [26], the same 143 data points have been selected to
establish the training and validation datasets, respectively. The prediction models required
3.56 s to identify the optimal number of nearest neighbors and estimate the conversion
efficiency of the test dataset. After the optimal K is determined, it is used to calculate the
system’s conversion efficiency on the test dataset.

5.2. Discussion of the Proposed Prediction Models

The investigated models were optimized using BO with 30 iterations, involving the
systematic tuning of key hyperparameters, as clarified in Section 4. Specifically:

e DT was optimized in terms of the minimum leaf size, maximum number of splits, and
number of variables to sample. The optimization explored a wide range of values:
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minimum leaf size varied from 1 to 25, the maximum number of splits ranged from
5 to 100, and the number of variables to sample at each split was set between 1 and
4. It took ~0.41 min to identify the optimal model configuration and estimate the
conversion efficiency on the test dataset.

e RF was optimized in terms of the minimum leaf size, number of trees in the ensemble,
and number of variables to sample. The optimization explored a wide range of values:
the minimum leaf size varied from 1 to 25, the number of trees in the ensemble ranged
from 30 to 300, and the number of variables to sample at each split was set between 1
and 4. It took ~43.7 min to identify the optimal model configuration and estimate the
conversion efficiency on the test dataset.

e  The SVM regressor was optimized in terms of the box constraint, epsilon value, kernel
function, and kernel-specific settings. The optimization explored a wide range of
values: the box constraint varied from 0.01 to 200, epsilon values ranged from 0.001
to 0.4, and three kernel types were explored: linear, Gaussian, and polynomial. For the
latter two kernel types, the kernel scales ranged from 0.01 to 20, while polynomial
kernels were further tuned with orders 2, 3, and 4. It took ~1.75 min to identify the
optimal model configuration and estimate the conversion efficiency on the test dataset.

e  GB was optimized in terms of the minimum leaf size, learning rate, and number of
trees in the ensemble. The optimization explored a wide range of values: minimum
leaf size varied from 1 to 15, learning rate ranged from 0.005 to 0.3, and the number
of trees was set between 30 and 200. It took ~54 min to identify the optimal model
configuration and estimate the conversion efficiency on the test dataset.

e GPR was optimized in terms of the kernel function, basis function, and noise level
(sigma). The optimization explored five different kernel functions, namely, squaredex-
ponential, matern32, matern52, exponential, and rationalquadratic, along with four types
of basis functions, namely, constant, linear, pureQuadratic, and none. Furthermore, the
noise level (sigma) was varied over a wide range, from 0.01 to 10. It took ~2.87 min to
identify the optimal model configuration and estimate the conversion efficiency on
the test dataset.

e EN was optimized in terms of the mixing parameter («). The optimization explored
a wide range of « values, from 0.01 to 0.99. It took ~0.82 min to identify the optimal
model configuration and estimate the conversion efficiency on the test dataset.

All models were developed and implemented using MATLAB® R2024a and executed
on a personal computer equipped with an 11th Gen Intel® Core™ i5-1135G7 processor
(2.40 GHz), 8.00 GB of RAM, and a 64-bit Windows operating system. To support repro-
ducibility, the inputs were normalized prior to training, and the same random seed was
fixed for all data partitioning and stochastic model components.

Using the same 143 data points selected for the training and validation and the same
36 data points chosen for the testing of the benchmark prediction models, the six proposed
models in this work (RF, DT, SVM, GPR, GB, and EN) have been trained, validated, and
tested accordingly to ensure consistency in the evaluation. Figure 3 presents the results
of the proposed models in this study compared with the benchmarks. The results are on
the 36 test datasets. Figure 3 presents a comprehensive performance comparison between
benchmark models (blue bars) and newly proposed models (orange bars) across four critical
evaluation metrics—accuracy, MSE, R?, and adjusted R>—utilizing Equations (2)(5). Each
of these metrics provides a unique perspective on model performance, which is essential
for a comprehensive understanding of predictive effectiveness and robustness across the
test dataset.
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Figure 3. Comparison results of the proposed prediction model to the benchmark prediction models:
(a) MSE, (b) accuracy, (c) R2, and (d) Rt%djusted'

By inspecting Figure 3, a few observations can be highlighted and discussed. In
Figure 3a, an illustration of the MSE is presented, which quantifies the average squared
difference between the actual and predicted conversion efficiency. Lower values indicate
better prediction and vice versa. It is noted that RF and GPR, the proposed models in this
work, exhibit the lowest MSE values of 0.0221 and 0.0241, respectively. These results suggest
that the models achieved the lowest errors among the models considered, which makes
them well suited to this regression task. However, EN, another proposed model, achieves
the highest MSE of 0.0696, significantly worse than all benchmark models, including MLR,
which has an MSE of 0.048. This suggests poor predictive alignment with actual conversion
efficiency values due to model misspecification. In addition, models such as ANN;, ANNp,
DT, GB, ELM, KNN, SVM, and A-KNN have MSEs clustered between 0.026 and 0.042,
which indicates reasonable to intermediate prediction accuracy. These models demonstrate
a transition from linear to non-linear regression, offering trade-offs between simplicity
and accuracy.

Accuracy is shown in Figure 3b, referring to the proportion of predictions falling within
a defined error tolerance. Higher values denote better prediction. GB and RF (proposed
models in this work) achieve the highest recorded accuracy of 99.05%, while SVM and
GPR (also newly proposed models) closely follow with 99.03% and 99.01%, respectively,
reflecting high predictive reliability. The proposed model EN again underperforms with
the lowest accuracy of 98.53%. While the numerical difference may appear minor, in high-
precision applications, such performance gaps can be critical. DT and all the benchmark
prediction models in this study (MLR, ANN;, ANN,, ELM, KNN, and A-KNN) achieve
accuracies of 98.7-99.0%, which reflects moderate performance. These models strike a
balance but lag behind the more robust ensemble-based approaches.
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Figure 3c displays R?, which represents the proportion of variance in the target variable
explained by the model. A value closer to 100% means a stronger model fit. RF (proposed)
stands out with the highest R? value of 93.68%, followed by GPR (93.12%) and A-KNN
(92.47%). These models explain a large proportion of the variance in this dataset, which
indicates a good fit. However, EN shows an R? of 80.11%, which is the lowest in this
experiment. This is followed by MLR, a benchmark model with an R? of 86.8%, which
suggests a limited ability to capture complex patterns. Moreover, the SVM, KNN, A-KNN,
and DT models achieve R? values ranging from 90% to 92.5%, which indicates strong
explanatory power. These are preferable in scenarios, where ensemble methods, such as
RF/GB, might be computationally intensive.

Lastly, Figure 3d shows the adjusted R?, which adjusts R? for the number of predictors
in the model, offering a more conservative estimate, especially for complex models. The
reduction in adjusted R? relative to R? suggests potential overfitting or the irrelevance of
some predictors. RF again leads with an adjusted R? of 93.3%, followed by GPR (92.7%)
and A-KNN (92.25%). These results are consistent with a good fit of the top models on this
dataset. The proposed EN model shows the lowest adjusted R? (78.9%), which indicates
not only poor fit but also inefficiency in handling model complexity. Models such as MLR,
ANN}, DT, and ANN; yield adjusted R? values in the 86.4-89.7% range, offering a good
balance between model complexity and explanatory power. However, models such as GB,
ELM, KNN, and SVM have adjusted R? values closer to those of the top models, which
indicates commendable performance.

The unweighted Decision-Making Matrix (DMM) is presented in Table 3. It is highly
important to objectively assess and benchmark the prediction model performance on the
basis of multiple statistical metrics, as no single metric can give a comprehensive picture of
amodel’s efficiency. Therefore, a multi-criteria decision matrix offers a systematic approach
to integrating multiple evaluation indicators into a single performance index. This provides
a sound basis for comparison between the proposed and benchmark prediction models to
guide the selection of the most appropriate prediction model(s). The evaluation was based

on four basic criteria: MSE, accuracy, R2, and R2

adjusted”
Table 3. Decision Matrix (Ranking Matrix).
Criteria MSE Accuracy R? Rﬁ djusted
Rank
Model Value Score Value Score Value Score Value Score
RF 0.0221 1 99.05 1 93.68 1 93.3 1
GPR 0.0241 2 99.01 2 93.12 2 92.7 2
SVM 0.0264 2 99.03 2 92.46 2 92.01 2
A-KNN 0.026 2 99 2 92.47 2 92.25 2
KNN 0.027 3 99 2 92.21 3 91.99 3
ELM 0.027 3 99 2 92.2 3 91.93 3 2.75
GB 0.0298 4 99.05 1 91.49 4 90.97 4 3.25
DT 0.034 4 98.87 4 90.28 4 89.69 5 4.25
ANN, 0.036 5 98.9 4 90 5 89.7 4 45
ANN; 0.042 5 98.8 5 89.2 5 88.9 5 5
MLR 0.048 5 98.7 5 86.8 5 86.4 5 5
EN 0.0696 6 98.53 6 80.11 6 78.9 6 6

In this approach, each model is scored for each criterion, and the ranks range from 1
to 6, where 1 is the best performance and 6 is the worst. The best and worst models are
considered outliers, with the best model scoring 1 and the worst model scoring 6. The
performance of the other 10 models is plotted as a distribution and compared across four
quartiles. Models in the first quartile receive a score of 2, the second quartile a score of
3, the third quartile a score of 4, and the fourth quartile a score of 5. This is done for all
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four criteria. Because MSE, R?, and adjusted R? are algebraic transformations of each other
over a fixed test set, MSE and R? were found to rank the models in the same way. Thus,
the matrix is constructed based on two independent criteria, the squared-error criterion
(MSE) and accuracy criterion (1 — MAPE), with R? and adjusted R? reported for reference
only. The models are ranked for each criterion, and the best and worst models are treated
as boundary cases, scoring 1 and 6, respectively. The other ten models are spread across the
interquartile range and are scored by quartiles (first quartile: 2, second: 3, third: 4, fourth:
5). The average points score of each model is the arithmetic mean of its scores per criterion.
The final ranking is based on the ascending order of the average points, i.e., the lower the
value, the better the overall performance of the model.

Then we calculated an average points score, which is the arithmetic mean of the four
rankings per model. The final ranking was obtained by sorting the models in increasing
order of their average points, where a lower average indicates better overall performance.

As shown in Table 3, RF achieved the best performance in all evaluation dimensions
and was ranked first in all criteria. GPR, SVM, and A-KNN were ranked second, with
very close scores across all criteria. KNN and ELM have very similar performance and are
followed by GB. Performance shows a clear degradation for DT and ANN,, whereas ANN;
and MLR perform worse. The worst performance of EN across all criteria, for this dataset,
is a clear outlier, with a score significantly lower than that of any of the other eleven models.
It is important to note that MSE and R? have the same ranking behavior, which may suggest
that it is sufficient to calculate only one of them for the performance analysis. Given the
limited test set (N5t = 36), small differences between closely ranked models should be
read with caution: RF, GPR, and SVM form a comparable group whose separations lie
within the observed run-to-run variability, whereas Elastic Net underperforms every other
model on every criterion by a margin well beyond it.

The improved results of RF on this dataset can be explained by the construction of RF:
it averages over many decorrelated bootstrap trees to reduce variance and capture the mild
non-linearity of the two-feature response while maintaining stability on a small sample.
This is something that the linear Elastic Net cannot do and that a single decision tree does
less reliably, which agrees with the ordering here.

It is helpful to separate the cost of one-time offline training from the cost of online
inference. The reported tuning times (e.g., ~43.7 min for RF, ~54 min for GB) are only
incurred during Bayesian optimization; once trained, prediction is effectively instantaneous
for all six models on the same hardware, so each is applicable in real time. In terms of
scalability, the ensemble methods (RF, GB) have the highest training cost, and the single
tree and linear models the lowest. The low-cost models (DT, EN) are suitable for frequent
retraining or minimal-budget settings, while the higher-accuracy models (RF, GPR) are
appropriate for periodic server-side retraining where accuracy is the priority. Future work
will include scalability to larger multi-site datasets and a dedicated hardware/latency study.

5.3. Performance Gain

To demonstrate the effectiveness of the proposed prediction model compared to the
other benchmarks, the performance gain (PG) of each performance metric is calculated
using Equations (6)—(9), and the results are displayed in Figure 4. The EN is considered a
baseline. Following the estimation of the performance of the proposed prediction models
alongside other benchmark models using the four selected metrics, the following comments
can be made:

e The RF model (proposed) achieved the highest MSE performance gain, PGygr, at
68.25%, followed closely by the GPR model with 65.37%. However, MLR, ANN;,
and ANN, (benchmark) exhibited the lowest improvement at 31.03%, 39.66%, and
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48.28%, respectively. Models such as DT (51.15%, proposed), GB (57.18%, proposed),
ELM (61.21%, benchmark), KNN (61.21%, benchmark), SVM (62.07%, proposed), and
A-KNN (62.64%, benchmark) showed moderate performance gains.

The proposed prediction models GB and RF tied for the highest accuracy performance
gain PGaccuracy at 0.53%, closely followed by SVM (0.51%). The MLR (benchmark)
had the lowest accuracy gain, at 0.17%, followed by ANN1 (benchmark) at 0.27%,
DT (proposed) at 0.35%, and ANN2 (benchmark) at 0.38%. The ELM, KNN, A-KNN
(all benchmark models), and GPR (proposed model) performance gains were in the
0.48-0.49% range.

RF (proposed) led with the highest R? performance gain, PGy, at 16.94%, followed by
GPR (16.24%, proposed). MLR (benchmark) had the lowest PGg2 at 8.35%, with ANN;,
ANNj (benchmark), and DT (proposed) at 11.35%, 12.35%, and 12.70%, respectively.
Models such as GB (14.21%, proposed), ELM (15.09%, benchmark), KNN (15.1%,
benchmark), SVM (15.42%, proposed), and A-KNN (15.43%, benchmark) fell within
the mid-range.

Regarding the performance gain of Rﬁ djusted’ PGR%djusted’ RF (proposed) again outper-
formed others with 18.25%, followed by GPR (17.49%). MLR (benchmark) showed the
smallest improvement at 9.51%, with ANNj (benchmark), DT (proposed), and ANN,
slightly higher at 12.67%, 13.68%, and 13.69%, respectively. GB, ELM, KNN, SVM, and
A-KNN showed PGp. ranging from 15.30% to 16.92%.

adjusted
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Figure 4. The performance gain of each performance metric for the benchmarks and proposed

prediction models: (a) PGpsg, (b) PGaccuracy, (€) PGre, and (d) PGpe

adjusted ’

RF achieved the largest gains over the baseline, particularly in MSE, R?, and adjusted

R2. The proposed and benchmark models overlap in the mid-range, and no single class is
uniformly superior. Conversely, traditional models, such as MLR and early neural network
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variants (ANN}), exhibited the least improvement, which underscores the effectiveness of
the advanced ensemble- and kernel-based techniques proposed in this work.

5.4. Actual vs. Predicted Efficiency

For completeness, Figure 5a shows the actual measured efficiency, # (in %), for each
of the 36 independent test samples (green circles connected by a solid line), alongside the
efficiencies predicted by two regression models: the RF predictor (blue squares, dashed
line) and the EN predictor (red triangles, dashed line). Sample indices range from 1 to
36 on the horizontal axis, while the vertical axis displays efficiency values ranging from
approximately 11.8% to 14.7%. Overall, both models capture the general trends in the
experimental data, yet discrepancies are evident. In particular, the EN model systematically
overpredicts the efficiencies for the first ten testing samples. By contrast, the RF predictions
remain more tightly clustered around the measured values throughout the entire range
of samples.
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Figure 5. (a) The actual and estimated PV daily system conversion efficiency obtained by the RF and
EN prediction models for the test dataset, (b) the residuals for prediction models at each sample index.

In Figure 5b, the residuals for each model are plotted as vertical bars at each sample
index: RF residuals in blue and EN residuals in red. The residual is defined as the esti-
mated efficiency (77) minus the actual measured efficiency (7), so positive bars indicate
overprediction and negative bars indicate underprediction. The RF residuals remain small
in magnitude (approximately £0.3 %), with no apparent systematic bias, demonstrating
tightly centered, zero-mean errors. By contrast, the EN residuals exhibit a clear positive
bias for the first ten samples—peaking at around +0.7 % for sample 8—and remain larger
in variance throughout. Between samples 20 and 30, both models slightly underpredict effi-
ciency (negative residuals), but the RF underprediction is limited to approximately —0.2%,
whereas EN again displays larger deviations (up to —0.3%). Across the 36 test samples, RF
consistently shows the fewest errors in nearly two-thirds of the samples.

These residual patterns have a physical significance. Elastic Net applies a joint L1/L2
penalty to an essentially linear model and over-regularizes in small samples, failing to
reproduce the mild curvature of the D-T-eta relationship. Its overprediction over the first
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ten test samples coincides with the post-cleaning regime, where efficiency is the highest
and drops steeply as dust re-accumulates; the linear model lags a non-linear transient, so it
overshoots. The tree- and kernel-based models represent this curvature and are, thus, the
most different from EN in these transition regions, with the models coming together in the
flatter high-dust regime later in each cycle.

6. Conclusions and Future Works

The high penetration of photovoltaic (PV) systems in electrical grids requires accurate
prediction of their performance. Statistical and physical models may be used. But they
may not be able to learn the complexity of the input—output relationship. In addition, the
computational effort and cost can be enormous. Therefore, the previous constraints can
be removed by employing Artificial Intelligence (AI) and machine learning (ML) models
that can forecast the performance of complex PV systems with high accuracy and with less
computational time and cost. In this paper, six proposed Al and ML models are tested
to predict the performance of a 7.98 kWp on-grid PV system in Jordan and benchmarked
against statistical models discussed in our previous works. The models proposed in
this work are Decision Tree (DT), Random Forest (RF), Support Vector Machine (SVM),
Gradient Boosting (GB), Gaussian Process Regression (GPR) and Elastic Net (EN). However,
the benchmark models in our previous works are two Artificial Neural Network (ANN)
variants, Extreme Learning Machine (ELM) and multiple linear regression (MLR), and
conventional KNN and adaptive KNN.

Four performance metrics commonly employed in the literature are evaluated to assess
the performance of the proposed and benchmark models. The metrics used for model
comparison are Mean Square Error (MSE), accuracy, Coefficient of Determination (R?) and
adjusted R? (Ri djuste 7). The results showed that some of the proposed models outperformed
some benchmark models, while others outperformed some proposed models, indicating
that no single class of model is universally better than another.

Based on the Decision Matrix, RF has performed better than all proposed and bench-
mark models overall. Simultaneously, EN is the worst prediction model among all 12 of the
proposed and benchmark models discussed in this work. The remaining proposed models
(GPR, SVM, DT and GB) showed intermediate predictive performance.

The proposed RF model outperforms the others for all four metrics with low error, high
accuracy and good explanatory power. Models such as these are suitable candidates for
PV efficiency prediction tasks. However, the proposed model (EN) performs poorly in all
metrics and is consistently the least effective in this analysis. It may not have found a good
fit for the current dataset given its linear assumptions or over-regularization. The other
proposed models, such as GPR, SVM, DT, and GB, offer more balanced trade-offs and are
appropriate when computational resources are limited or interpretability is not essential.

The comparative analysis indicates that the RF model performed the best on this
dataset, suggesting that ensemble and non-linear methods can help on small PV datasets of
this type. This means that RF’s high explanatory power and low error, consistent across the
dataset, support its practical use for PV system performance prediction, despite its longer
training time than simpler models.

6.1. Limitations

The results should be read within the scope of the case considered. The analysis is
limited to a single 7.98 kWp rooftop system at a single site using 179 days of data from a
single spring—summer period and two physically motivated inputs; performance at other
capacities, dust intensities, climate zones, seasons, and richer input sets was not explored.
As the two predictors evolve slowly over time, the random train/test split provides a fair
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basis for relative comparisons among models—all share the same split—but the absolute
metric levels may be somewhat optimistic relative to a strictly chronological deployment.
A blocked, leave-one-cleaning-cycle-out validation is identified below to quantify this. The
deployment recommendations are, therefore, suggestive rather than conclusive and should
be validated on other systems.

6.2. Future Work

There are several specific directions. First, the input space may be augmented with
extra meteorological and soiling variables (e.g., humidity, wind, a measured soiling ratio).
Secondly, hybrid physical machine learning models can embed the physics of temperature
and soiling within a data-driven predictor. Third, the RF predictions can be used to optimize
the PV cleaning schedule, balancing the predicted efficiency recovery and cleaning cost.
Fourth, the framework can be extended from same-day estimation to multi-day-ahead time-
series forecasting, with chronological, blocked, leave-one-cleaning-cycle-out validation.
Finally, the models must be validated across multiple PV systems with varying capacities,
dust intensities, climate zones, and seasons.
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