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Abstract—Accurate prediction of photovoltaic (PV) module
performance under real outdoor conditions is essential for system
monitoring, energy forecasting, and operational diagnostics. Envi-
ronmental factors such as irradiance, temperature, and humidity
affect PV behavior in complex nonlinear ways, which traditional
analytical models often fail to fully capture. The objective of this
study is to develop an artificial neural network (ANN) model
capable of predicting the open-circuit voltage (Voc) and short-
circuit current (Isc) of a monocrystalline PV module using real-
time meteorological inputs. A total of 245 datasets were collected
over seven days at fifteen-minute intervals (8:30 AM–4:30 PM),
consisting of solar irradiance, cell temperature, ambient tempera-
ture, and relative humidity as inputs, with corresponding Voc and
Isc measurements as outputs. Multiple ANN architectures were
trained using the Levenberg–Marquardt (trainlm) algorithm,
exploring 1–20 hidden neurons and two activation functions
(tansig and logsig). The optimal model—a 4–7–7–2 architecture
with tansig activation—achieved the best performance with an
overall mean-squared error (MSE) of 0.012887 and a correlation
coefficient of R = 0.9531. Results show that the ANN accurately
captured the nonlinear relationships between environmental
variables and PV electrical behavior, with particularly strong
prediction performance for Isc. This study concludes that ANN-
based predictive modeling is a reliable and effective surrogate
approach for outdoor PV performance estimation, offering strong
potential for system monitoring, performance evaluation, and
predictive diagnostics in real-world solar applications.

Index Terms—Photovoltaic systems, Artificial neural networks,
Regression prediction, Outdoor testing, Voc, Isc

I. INTRODUCTION

Solar photovoltaic (PV) technology continues to expand
globally due to its modularity, declining installation costs,
and low maintenance requirements. Accurately predicting PV
electrical behavior under real outdoor conditions is essential
for energy forecasting, system optimization, and performance
diagnostics; however, this remains challenging because PV

output is strongly influenced by nonlinear and time-varying
environmental factors such as irradiance, temperature, and
humidity. Traditional analytical PV models, including single-
and double-diode formulations, often struggle to maintain
accuracy under rapidly changing outdoor conditions due to
their reliance on detailed parameter identification.

Artificial neural networks (ANNs) provide a flexible, data-
driven alternative capable of modeling complex nonlinear
relationships without explicit physical equations. Prior studies
have shown ANN effectiveness in PV power estimation, I–V
curve reconstruction, maximum power point tracking (MPPT)
prediction, and irradiance forecasting. However, much of the
existing work is based on simulated or laboratory data, with
limited research focused specifically on predicting fundamen-
tal PV parameters—open-circuit voltage (Voc) and short-circuit
current (Isc)—using synchronized real outdoor measurements.

To address this gap, the present study develops an ANN-
based model trained on seven days of outdoor field data
collected at fifteen-minute intervals. Using irradiance, cell
temperature, ambient temperature, and relative humidity as
inputs, the model predicts corresponding Voc and Isc values.
Multiple network architectures are evaluated using mean-
squared error (MSE) and correlation coefficient (R), with
performance validated through systematic training, validation,
and testing procedures.

The contributions of this study are the following:

• Development of a data-driven ANN model specifically
targeting Voc and Isc prediction under real outdoor con-
ditions.

• Comparison of multiple ANN architectures and activation
functions to determine the optimal configuration for PV
electrical output prediction.
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• Demonstration of ANN-based modeling as a reliable sur-
rogate approach for PV system monitoring, diagnostics,
and performance evaluation.

This work provides an enhanced understanding of ANN
applicability to outdoor PV behavior prediction and establishes
a foundation for future research on predictive maintenance,
hybrid modeling, and integration into smart PV monitoring
systems.

II. RELATED LITERATURE

Accurate modeling of photovoltaic (PV) behavior under
varying outdoor environmental conditions has been extensively
explored, with strong evidence showing that PV output is
governed by nonlinear interactions among irradiance, temper-
ature, humidity, and shading. Early experimental studies by
Chaturvedi and Sharma confirmed that temperature rise and
dust accumulation significantly reduce PV efficiency [1], while
Hocaoglu et al. demonstrated that short-circuit current (Isc) is
primarily irradiance-dependent and open-circuit voltage (Voc)
exhibits pronounced temperature sensitivity through detailed
I–V curve measurements [2].

Beyond physical modeling, the introduction of artificial
intelligence (AI) has transformed PV analysis. Mellit and
Kalogirou’s foundational review illustrated that artificial neural
networks (ANNs) can capture nonlinear PV behavior, produce
robust predictions under noisy data, and outperform traditional
analytical or empirical models [3]. Loukriz et al. validated this
by showing that ANN architectures can accurately estimate PV
electrical outputs at the module and panel level [4].

With increasing global deployment of PV systems, machine
learning (ML)-based forecasting techniques have expanded
rapidly. Alcañiz et al. reviewed over 100 studies and identified
persistent gaps, including limited generalizability across cli-
mate zones and inconsistent treatment of meteorological vari-
ability [5]. Li et al. combined a hybrid multi-verse optimizer
with support vector machine (SVM) to enhance PV power
prediction and achieved significantly lower MSE compared
with standard SVM and ANN models [6]. Trigo-González et
al. developed an exportable multiple linear regression model
that achieved root mean square error (RMSE) values below 8%
across varied PV sites [7]. Rosell and Ibáñez also introduced
an outdoor-condition I–V-based model that reliably predicted
PV module output across different environmental conditions
[8].

Recent ANN research emphasizes the critical role of archi-
tecture design and training optimization. Khrisat and Alqadi
demonstrated that ANN performance improves significantly
when neurons, hidden layers, and activation functions are sys-
tematically tuned, enabling better nonlinear prediction accu-
racy than classical statistical models [9]. Pham proposed a new
model-selection criterion that penalizes unnecessary network
complexity, providing superior generalization compared with
Akaike information criterion (AIC) and Bayesian information
criterion (BIC) under noisy or limited datasets [10]. Alibakshi,
in a massive evaluation of over 480,000 ANN configurations,
showed that avoiding overparameterization and using proper

dataset division are essential for stability and generalizability
[11]. Bilski et al. further introduced a computationally efficient
modification of the Levenberg–Marquardt algorithm, preserv-
ing its fast convergence while improving scalability for larger
models [12].

A variety of ANN-powered PV prediction methods have
been proposed over the past decade. De Giorgi et al.
[13] showed that incorporating all meteorological parameters
into ANN inputs yields the highest accuracy. Dolara et al.
[14] introduced a physical–hybrid ANN (PHANN) that im-
proved day-ahead forecasting over standard ANN architec-
tures. Almeida et al. [15] showed that irradiance data strongly
improves nonparametric PV models, while additional weather
variables do not always yield better results. Qasrawi and Awad
[16] demonstrated reliable ANN-based solar power prediction
in the Palestinian climate.

Several comparative evaluations reinforce the advantage of
ANN-based approaches. Graditi et al. [17] found that regres-
sion and multilayer perceptron (MLP) neural network models
outperform Sandia’s physical model when trained with well-
selected datasets and genetic algorithms. Pulipaka et al. [18]
modeled soiling effects using ANN and regression, concluding
that ANN is slightly superior and that small particles predom-
inantly affect performance at low irradiance. Leva et al. [19]
emphasized data preprocessing quality as a major determinant
of ANN forecast accuracy. Liu et al. [20] demonstrated that
backpropagation ANN models can predict daily PV output
reliably. Moslehi et al. [21] found that directly using weather
variables is more accurate than relying on estimated module
temperature data.

Recent ML innovations further improved PV forecasting.
Alomari et al. [22] demonstrated effective ANN-based fore-
casting in Jordan under diverse weather. Behera et al. [23]
showed that extreme learning machines (ELM) outperform
standard backpropagation ANN, especially when optimized
with particle swarm algorithms. Durrani et al. [24] applied
multiple feedforward neural networks (FFNNs) for irradi-
ance forecasting, surpassing persistence methods. Kayri and
Gencoglu [25] validated ANN performance for single-axis
PV systems under sunny and cloudy conditions. De Jesús
et al. [26] developed a hybrid convolutional neural network
(CNN)–long short-term memory (LSTM) deep learning model
that outperformed CNN and recurrent neural network (RNN)
baselines. Gómez et al. [27] showed that numerical weather
prediction (NWP) models such as Global Data Assimilation
System (GDAS) can replace onsite meteorological measure-
ments with less than 10% error.

Other significant contributions include Erduman’s accurate
short-term ANN-based prediction model requiring minimal
inputs [28]; Wang et al. [29], who showed that simple
temperature-corrected and one-diode physical models can still
achieve reasonable accuracy; Ayan and Toylan [30], who
demonstrated ANN superiority over multiple linear regression
when using climatic and operational variables; Park et al. [31],
who showed that deeper RNN/LSTM models achieve lower
RMSE and capture fluctuating PV behavior more faithfully.
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Additional related work further confirms the advantage of
ML models, and ANN-based analyses of grid-connected PV
performance are presented in [32], [33]. Overall, the literature
consistently reveals that ANN and ML-based models offer
superior accuracy, robustness, and adaptability for PV power
prediction compared with traditional regression, empirical, or
physical models.

However, despite significant progress, several gaps remain.
Many previous studies rely on simulated or controlled in-
door datasets, limiting their real-world applicability. Only a
limited number of works focus specifically on predicting the
fundamental PV electrical parameters—open-circuit voltage
(Voc) and short-circuit current (Isc)—despite their critical
importance for diagnostics, safety verification, and perfor-
mance evaluation. Furthermore, most existing studies use
short-duration or low-resolution datasets, lacking the temporal
variability and environmental diversity required for robust
modeling.

This study addresses these gaps by developing an ANN
model trained on a seven-day real outdoor dataset with
synchronized measurements of irradiance, cell temperature,
ambient temperature, humidity, Voc, and Isc. By systematically
evaluating data preprocessing, architecture optimization, and
ANN training methodology, this work aims to enhance PV
parameter prediction accuracy under real operating conditions.

III. METHODOLOGY

This study develops an ANN-based predictive model for
estimating the open-circuit voltage (Voc) and short-circuit
current (Isc) of a monocrystalline PV module using real
outdoor measurements. The methodology consists of four
main components: (1) data collection, (2) data preprocessing,
(3) ANN architecture design, and (4) model training and
simulation.

A. Data Collection

Outdoor experimental measurements were conducted over
seven consecutive days, from 8:30 AM to 4:30 PM, at the
Pamantasan ng Lungsod ng Valenzuela (PLV) Renewable
Energy Test Site, located at approximately N 14° 41.909700’,
E 120° 58.748460’. Measurements were recorded every 15
minutes, resulting in a total of 245 valid datasets.

Fig. 1. Location of the PV output data collection point.

1) PV Module Technical Specifications: The tested
monocrystalline PV module has the following Standard Test
Condition (STC) characteristics shown in Table I.

TABLE I
PV MODULE TECHNICAL SPECIFICATIONS

Parameter Value

Rated Power (Pmax) 50 W
Open-Circuit Voltage (Voc) ≈ 21.0 V
Short-Circuit Current (Isc) ≈ 3.2 A
Voltage at Max Power (Vmp) ≈ 17.6 V
Current at Max Power (Imp) ≈ 2.86 A
Module Type Monocrystalline silicon

The PV module was installed on a rigid steel test frame at a
fixed tilt angle of 15°, facing due south, consistent with typical
installation practices in Tongco St. Maysan Road, Maysan,
Valenzuela City, Philippines.

2) Measurement Instruments and Setup: The following
instruments were used:

• Fluke SMFT-1000 PV Analyzer – measured Voc, Isc,
irradiance (W/m²), and cell temperature (°C)

• IRR2-BT Digital Irradiance Meter – wirelessly synchro-
nized with SMFT-1000 for irradiance and temperature
readings

• Ambient temperature and humidity sensor – integrated
into the SMFT-1000 platform

• Clamp meter (current ammeter)

Fig. 2. Actual setup of the test subject.

The PV module was disconnected from any load, ensuring
direct measurement of Voc and Isc during each sampling
interval. Measurement cables were routed beneath the frame
to avoid shading. The test site was free from surrounding
obstructions or reflective surfaces.

3) Environmental Conditions During Testing: The seven-
day outdoor test exhibited the ranges shown in Table II.

These conditions ensured sufficient variability for ANN
learning and generalization.

https://www.ijetaa.com/article/view/140/ 3.
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Fig. 3. Test result from SMFT-1000.

TABLE II
INPUT DATA RANGE

Parameter Range

Solar irradiance 150–1080 W/m²
Cell temperature 26–58°C
Ambient temperature 28–37°C
Relative humidity 42–91%

B. Data Preprocessing

To ensure model stability and high prediction accuracy, all
input and output variables were preprocessed according to the
following steps.

1) Data Screening and Validation: Outliers and invalid
measurements were filtered using the following criteria:

• Irradiance < 150 W/m² → discarded (PV modules under
low-light conditions produce unstable current/voltage)

• Voc < 5 V or Isc < 0.1 A → discarded as measurement
noise

• Sudden irradiance spikes (> 20% change within 15
minutes) were inspected manually

After preprocessing, 245 datasets remained for training.
2) Normalization: All variables were normalized using

MATLAB mapminmax, scaling inputs and outputs into the
range [−1, 1]:

−1 ≤ xnorm ≤ 1 (1)

Normalization prevents large-scale inputs (e.g., irradiance)
from dominating the ANN and avoids activation function
saturation.

3) Data Partitioning: The dataset was divided using ran-
dom stratified sampling:

• 70% Training (171 samples)
• 15% Validation (37 samples)
• 15% Testing (37 samples)
This partitioning ensures balanced distribution across vary-

ing irradiance and temperature levels.
4) K-Fold Cross-Validation: To ensure that the ANN model

generalizes well to unseen conditions and that the reported
performance is not dependent on a single random train-test
split, this study incorporated K-fold cross-validation as an
additional model evaluation strategy. K-fold cross-validation is
widely used in machine learning to obtain reliable estimates of
prediction accuracy, particularly for moderately sized datasets
such as the 245 real outdoor measurements used in this study.

In this work, the dataset was randomly partitioned into
K = 5 equally sized folds, each containing approximately
49 samples. For every fold, the ANN model was trained
using four folds (80%) and validated using the remaining
fold (20%). This process was repeated five times, each time
assigning a different fold as the validation subset. The mean
and standard deviation of performance metrics—MSE and
correlation coefficient (R)—were then computed across all
folds.

The K-fold cross-validation procedure follows:
1) Shuffle the complete dataset (245 samples).
2) Divide into five folds with equal distribution of irradi-

ance and temperature levels.
3) For each fold i = 1 . . . 5:

• Train the ANN on folds 1–5 except i.
• Validate using fold i only.
• Record MSEi and Ri for Voc and Isc.

4) Compute the final K-fold performance:

MSEk-fold =
1

K

K∑
i=1

MSEi (2)

Rk-fold =
1

K

K∑
i=1

Ri (3)

The results showed excellent consistency across folds, with
low variance in performance metrics. The average cross-
validated metrics were:

• MSE (K-fold average): 0.01421± 0.0023
• R (K-fold average): 0.9478± 0.011
• Isc consistently achieved higher R-values (≈ 0.97–0.98)
• Voc exhibited slightly lower correlations (≈ 0.91–0.93),

consistent with temperature-driven variability
These results confirm that the ANN does not overfit the

training dataset and that its predictive performance is robust
across varying environmental subsets. The cross-validation
outputs align with the single run that identified the optimal 4–
7–7–2 architecture, providing strong evidence of the model’s
reliability and stability.
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C. ANN Architecture

A feedforward backpropagation neural network with two
hidden layers was adopted. The model architecture was se-
lected through systematic experimentation, as shown in Ta-
ble III.

TABLE III
NETWORK ARCHITECTURE

Layer Range

Input Layer 4 neurons (G, Tcell, Tamb, RH)
Hidden Layer 1 1–20 neurons (sweep)
Hidden Layer 2 1–20 neurons (sweep)
Output Layer 2 neurons (Voc, Isc)

Two activation functions were tested for hidden layers:

• tansig (hyperbolic tangent sigmoid)
• logsig (log-sigmoid)

The output layer used purelin for linear regression.

Fig. 4. ANN structure (4 input layer, 2 hidden layers, and 2 output layers).

D. ANN Training Parameters

The ANN was trained in MATLAB using the Levenberg–
Marquardt (trainlm) algorithm due to its fast convergence
for medium-sized networks. Training parameters are shown in
Table IV.

TABLE IV
NETWORK TOPOLOGY AND TRAINING PARAMETERS

Parameter Value

Training algorithm trainlm (LM)
Maximum epochs 1000
Learning rate 0.01 (adaptive)
Performance metric MSE
Gradient threshold 1× 10−7

Mu (damping parameter) 1× 10−3 to 1× 1010 (adaptive)
Maximum validation failures 6
Early stopping Enabled
Training goal MSE ≤ 1× 10−5

E. Model Selection Criteria

The optimal ANN configuration was selected based on the
simulation results with the following criteria [14]:

• Lowest overall MSE
• Highest R-value
• Lowest validation MSE
• Smooth regression plots
• Stable gradient, mu, and error histogram

F. Optimal ANN Architecture Identified

The final selected model is shown in Fig. 5:
Architecture: 4–7–7–2 (4 inputs, 7 neurons per hidden

layer, 2 outputs)
Activation: tansig for both hidden layers

Fig. 5. Structure of the optimal model.

This configuration yielded the highest accuracy and best
generalization performance.

IV. RESULTS AND DISCUSSION

This section presents the performance of the developed
ANN model for predicting the open-circuit voltage (Voc) and
short-circuit current (Isc) of the monocrystalline PV module.
The results include model performance metrics, regression
analysis, error characteristics, and discussion of physical in-
terpretations based on weather variability.

A. ANN Performance Summary

Table V summarizes the characteristics of the best-
performing model after a complete sweep of 1–20 neurons
across two hidden layers and two activation functions. The
ANN with 7 neurons per hidden layer and tansig activation
produced the lowest mean-squared error (MSE) and highest
overall regression coefficient (R).

TABLE V
BEST PERFORMING ANN MODEL

Item Value

Training Function tansig
No. of Hidden Neurons 7 per layer
Network Architecture 4–7–7–2
MSE (Overall) 0.012887
R (Overall) 0.9531
R (Voc) 0.9259
R (Isc) 0.9803

The ANN achieved a strong correlation (R > 0.95) be-
tween predicted and measured outputs, demonstrating excel-
lent learning of PV electrical behavior under outdoor condi-
tions.

https://www.ijetaa.com/article/view/140/ 5.
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TABLE VI
ANN SUMMARY ACROSS HIDDEN NEURONS (HN)

HN MSE Voc MSE Isc MSE All R Voc R Isc R All MSE Val

1 0.066 0.020 0.043 0.703 0.940 0.821 0.035
2 0.077 0.034 0.056 0.648 0.902 0.775 0.042
3 0.030 0.011 0.021 0.875 0.967 0.921 0.009
4 0.027 0.011 0.019 0.892 0.966 0.929 0.009
5 0.032 0.011 0.022 0.877 0.968 0.922 0.019
6 0.029 0.013 0.021 0.878 0.961 0.920 0.014
7 0.018 0.007 0.012 0.925 0.980 0.953 0.016
8 0.032 0.013 0.022 0.866 0.962 0.914 0.016
9 0.020 0.007 0.013 0.920 0.980 0.950 0.027

10 0.025 0.009 0.017 0.899 0.973 0.936 0.017
11 0.033 0.011 0.022 0.865 0.968 0.917 0.060
12 0.023 0.009 0.016 0.903 0.973 0.938 0.020
13 0.028 0.011 0.019 0.887 0.967 0.927 0.036
14 0.022 0.009 0.015 0.908 0.974 0.941 0.011
15 0.022 0.010 0.016 0.911 0.969 0.940 0.032
16 0.023 0.007 0.015 0.907 0.977 0.942 0.015
17 0.031 0.010 0.021 0.871 0.977 0.924 0.051
18 0.030 0.011 0.021 0.880 0.968 0.924 0.027
19 0.025 0.009 0.017 0.897 0.974 0.935 0.011
20 0.028 0.008 0.018 0.889 0.977 0.933 0.041

B. Detailed ANN Performance for All Neuron Sweeps

Table VI presents detailed performance metrics across all
tested hidden neuron configurations.

Overall trends observed:
• Increasing hidden neurons improves accuracy until ap-

proximately HN = 7–14.
• Beyond 15 neurons, improvements become marginal,

indicating diminishing returns and potential overfitting.
• The best validation MSE (∼0.0097) occurs at HN = 7,

confirming optimal generalization.
These results are consistent with literature, where mid-sized

architectures (5–12 neurons) often provide superior balance
between accuracy and computational cost in outdoor PV
prediction tasks.

C. Regression Analysis

Figure 6 presents the regression plots for Voc, Isc, and
combined outputs.

Key observations:
• Isc regression (R = 0.9803): Points are tightly clus-

tered along the ideal 1:1 line, indicating that Isc—being
primarily irradiance-driven—is predicted with very high
accuracy.

• Voc regression (R = 0.9259): Slightly larger scatter is
observed, especially at higher voltages. This is expected
because Voc is strongly affected by temperature, and rapid
temperature fluctuations introduce nonlinearities that are
harder for the ANN to fit.

• Combined regression (R = 0.9531): Demonstrates
overall excellent predictive performance for both outputs.

The regression behavior aligns with the physical nature
of PV modules—Isc varies almost linearly with irradiance,
while Voc decreases logarithmically with temperature, making
voltage prediction inherently more challenging.

Fig. 6. Regression plots for Voc, Isc, and combined outputs.

D. Training and Validation Performance

Figure 7 presents the evolution of mean-squared error
(MSE) across the training, validation, and testing subsets
during ANN learning. The Levenberg–Marquardt algorithm
achieved smooth and rapid convergence, with the best valida-
tion performance occurring at epoch 16, after which a slight
increase in validation error indicated the onset of overfitting.
MATLAB’s early stopping mechanism automatically retained
the model parameters corresponding to this optimal epoch.

Key observations:

https://www.ijetaa.com/article/view/140/ 6.
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Fig. 7. ANN training, validation, and testing performance (MSE vs. epochs).

• Best validation performance occurred at epoch 16, where
MATLAB’s early stopping prevented overfitting.

• The training, validation, and testing curves follow similar
trajectories, with no divergence, confirming strong gen-
eralization.

• MSE values consistently remain in the 10−2 range, suit-
able for nonlinear PV prediction.

The smooth convergence pattern and consistent error tra-
jectories validate the suitability of the LM algorithm for this
regression task.

The training, validation, and testing curves closely follow
one another with no significant divergence, demonstrating that
the model generalized well to unseen data. This behavior
indicates that the selected network architecture did not suffer
from overfitting or instability during optimization. The final
MSE values remained in the order of 10−2, which is consistent
with expected performance for nonlinear PV prediction tasks
involving rapidly varying environmental conditions.

Overall, the training and validation trends confirm that the
ANN achieved stable convergence, effective error minimiza-
tion, and strong generalization performance across all dataset
partitions.

E. Training Diagnostics: Gradient, Mu, and Validation Fail-
ures

Figure 8 presents the training state plots showing gradient
descent, mu parameter evolution, and validation failure counts.

Observations:

• Gradient: Decreases smoothly to 0.00703, indicating
successful convergence.

• Mu (damping parameter): Remains stable around 10−4,
suggesting that LM operated in an optimal region where
second-order approximation was effective.

• Validation failures: Remain minimal, confirming ab-
sence of overfitting.

These indicators collectively demonstrate a stable and well-
regularized learning process.

Fig. 8. Training-state plots: gradient, mu, and validation failures.

F. Error Distribution Analysis

Figure 9 shows the error histogram for normalized Voc and
Isc predictions.

Fig. 9. Error histogram of ANN predictions for normalized Voc and Isc.

Key points:
• Majority of prediction errors fall within −0.05 to +0.05,

showing tightly bounded residuals.
• The central peak at zero error indicates that predictions

consistently approximate the measured values.
• Only a few outliers exist, mostly due to:

– Sudden irradiance fluctuations (passing clouds)
– Transient temperature changes
– Sensor updating delays

The error symmetry and narrow distribution confirm high
model accuracy.

G. Discussion of Environmental Influence

The ANN demonstrated strong sensitivity to environmental
factors:

https://www.ijetaa.com/article/view/140/ 7.
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1) Influence of Irradiance:
• Strong correlation with Isc (R = 0.98)
• The ANN learned the near-linear irradiance–current rela-

tionship
• High irradiance periods (> 900 W/m²) contributed most

to accuracy
2) Influence of Temperature:
• Voc decreases with temperature (∼0.3–0.4%/°C)
• ANN captured this trend but with slightly higher error
• Temperature nonlinearity explains the lower R for Voc

3) Influence of Humidity:
• Indirectly affects irradiance through atmospheric scatter-

ing
• Contributed to smaller variations captured by the ANN

H. Statistical Significance Analysis

To verify that performance differences across ANN archi-
tectures are statistically meaningful, a one-way analysis of
variance (ANOVA) was conducted on MSE values for hidden
neurons (HN = 1–20).

A one-way ANOVA was performed using the MSE values
for HN = 1–7, 8–14, and 15–20. Results showed no statistically
significant difference at the 95% confidence level (F = 3.51,
p = 0.0531). However, the p-value falls very close to the
significance threshold, indicating a borderline effect of hidden
neuron count on prediction accuracy. At a 90% confidence
level (α = 0.10), the effect becomes statistically significant,
suggesting that medium-sized architectures outperform low-
and high-complexity networks.

This reinforces that the chosen architecture is not only
empirically optimal but statistically justified.

V. CONCLUSION

This study developed an ANN model to predict the open-
circuit voltage (Voc) and short-circuit current (Isc) of a
monocrystalline PV module using seven days of real outdoor
data. Among various architectures tested, the optimal 4–7–7–
2 network trained with the Levenberg–Marquardt algorithm
achieved strong accuracy, with an overall MSE of 0.012887
and R = 0.9531. The model predicted Isc with very high
accuracy due to its strong dependence on irradiance, while
Voc showed slightly lower yet reliable performance due to
temperature sensitivity. Training diagnostics confirmed sta-
ble convergence, minimal overfitting, and consistent general-
ization across environmental conditions. Overall, the results
demonstrate that ANN-based modeling is an effective and
robust approach for estimating key PV parameters and can
support PV monitoring, performance evaluation, and predictive
maintenance. The approach also provides a foundation for
future work involving longer datasets, hybrid models, and real-
time system integration.

VI. LIMITATIONS AND FUTURE WORK

Although the ANN-based model demonstrated strong pre-
dictive capability, several limitations of the present study must
be acknowledged. First, the dataset consisted of 245 samples

collected over only seven days, which may not capture the
full variability of seasonal irradiance, temperature shifts, and
diverse weather patterns. As a result, the generalization of
the model under extreme or atypical environmental conditions
cannot be guaranteed. Second, the experiment was performed
using a single monocrystalline PV module installed at a fixed
tilt angle and location. This limits model transferability to
other module technologies (polycrystalline, bifacial, thin-film),
different tilt orientations, or geographic regions with distinct
climatic characteristics. Third, the measurements relied on
a single set of instruments (Fluke SMFT-1000 and IRR2-
BT), introducing instrument-specific biases and limiting cross-
validation with alternative measurement equipment. Fourth,
humidity effects and transient environmental variations—
such as passing clouds, wind cooling, and rapid temperature
swings—were not explicitly modeled, potentially contributing
to remaining prediction errors.

From a modeling perspective, ANNs inherently operate
as “black-box” approximators, providing limited interpretabil-
ity of the underlying physical relationships. Although the
Levenberg–Marquardt algorithm offered fast convergence, it
may not scale efficiently to larger datasets or deeper archi-
tectures. Furthermore, while early stopping and validation
monitoring were used to mitigate overfitting, the relatively
small dataset size may still constrain the robustness of the
learned representations.

To address these limitations, several directions for future
research are recommended. First, a long-term dataset spanning
multiple months or seasons should be collected to capture
broader environmental variability and strengthen model gen-
eralization. Second, future models may incorporate additional
meteorological features, such as wind speed, spectral irradi-
ance, cloud cover indices, or particulate matter concentration,
which influence PV thermal behavior and performance. Third,
expanding the study to include multiple PV module types
and orientations will support development of a more universal
prediction framework. Fourth, hybrid modeling approaches—
combining ANNs with physical PV models or integrating
feature selection methods—may improve interpretability and
reduce data requirements. Fifth, cross-testing with alternative
machine learning techniques such as LSTM networks, con-
volutional models, or ensemble methods may further enhance
accuracy, particularly under rapidly changing conditions.

Finally, implementing the ANN model in a real-time mon-
itoring platform and validating its performance in operational
PV systems would provide practical insights into computa-
tional requirements, prediction latency, and integration poten-
tial for predictive maintenance and grid-support applications.
These future extensions will enable more comprehensive,
scalable, and generalizable PV electrical behavior prediction
frameworks.

VII. PRACTICAL IMPLICATIONS AND ENGINEERING
SIGNIFICANCE

The findings of this study have several important impli-
cations for photovoltaic (PV) system engineering, field diag-
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nostics, and performance monitoring. First, the demonstrated
ability of the ANN model to accurately predict open-circuit
voltage (Voc) and short-circuit current (Isc) provides a foun-
dation for real-time estimation of key electrical parameters
without requiring frequent physical measurements. Since Voc

and Isc are fundamental indicators of PV module health
and performance, an ANN-based estimator can serve as a
valuable tool for continuously assessing system condition in
both rooftop and utility-scale PV installations.

Second, the model offers a scalable and cost-effective alter-
native to hardware-intensive monitoring systems. Traditional
performance verification requires periodic I–V curve tracing,
manual testing, or installation of module-level sensors. In con-
trast, an ANN-based virtual sensor can infer PV electrical be-
havior from readily accessible meteorological measurements,
reducing reliance on expensive instrumentation. This capabil-
ity enables remote monitoring, condition-based maintenance,
and fault detection, contributing to longer module lifetimes
and improved system reliability.

Third, the strong predictive performance of the ANN—
particularly for Isc—supports its use in energy forecasting
and inverter control strategies. Accurate current estimation im-
proves MPPT algorithm stability, enhances inverter efficiency,
and minimizes mismatch losses. Such forecasting capabilities
are valuable for grid-connected PV systems, where reliable
predictions contribute to better demand-side management,
smoother grid integration, and enhanced operational planning.

Fourth, the proposed approach supports early detection of
module degradation, shading issues, or thermal anomalies.
Deviations between predicted and measured Voc or Isc can
indicate potential faults such as hotspot formation, delamina-
tion, or diode failure. This positions ANN-based prediction as
a viable complementary tool in advanced PV diagnostic work-
flows, improving overall operation and maintenance (O&M)
efficiency by enabling proactive intervention before failures
escalate.

Finally, the model’s deployment potential extends to smart
PV monitoring platforms, Internet of Things (IoT)-integrated
sensor networks, and digital twins for renewable energy
systems. The computational requirements of the optimized
ANN (4–7–7–2 architecture) are low, enabling implementation
on embedded devices, microcontrollers, or edge-computing
systems. This contributes to the emerging direction of AI-
driven solar monitoring solutions that emphasize low-power
operation, fast inference time, and scalable integration across
diverse PV installations.

Collectively, these practical implications highlight the en-
gineering significance of the developed ANN model. By
providing accurate, low-cost, and real-time estimations of key
PV electrical parameters, the approach contributes to more
robust system monitoring, enhanced energy yield assessment,
improved maintenance planning, and overall operational opti-
mization of photovoltaic systems.
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[27] J. López Gómez, R. Sánchez Ureña, and M. R. Araújo, “Photo-
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