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Abstract: The estimation of series resistance in photovoltaic (PV) cells is a crucial parameter that
significantly influences their efficiency and overall performance. This study proposes a novel method-
ology to predict the slope of the current–voltage (I–V) curve of a PV cell in the first quadrant, where
this slope (the electrical conductance) is directly associated with the series resistance of the cell. By
leveraging artificial intelligence techniques, a convolutional neural network model has been developed
to estimate this slope from electroluminescence (EL) images of the cells. The model was trained on
a dataset consisting of EL images of PV cells with artificially induced defects, together with the cor-
responding slope values derived from the cells’ I–V curves. Furthermore, this work presents a second
model that combines the slope information and EL images to improve the prediction of the maximum
power point (MPP) of a PV cell, surpassing previous approaches that rely solely on EL imagery. Both
models demonstrated low error rates across multiple evaluation metrics, evidencing their accuracy and
robustness. Additionally, comparative analysis with other machine learning methods highlights the
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competitive performance of the proposed approaches. These contributions provide promising tools
for enhancing the assessment and diagnosis of PV cell efficiency and reliability, potentially leading to
improved performance and increased longevity of photovoltaic systems.

Keywords: Photovoltaic; electroluminescence; Computer Vision; IV-Curve

1. Introduction

Photovoltaic (PV) cells, the cornerstone of solar power systems, are semiconductor devices that
directly convert sunlight into electricity. As smart cities increasingly prioritize sustainable energy
solutions, the accurate assessment and modeling of PV cell performance have become one of the
most relevant topics in the field. One of the most important techniques for monitoring PV cells is
the current–voltage (I–V) curve, which encapsulates the electrical behavior of PV cells under varying
operating conditions [1]. This curve provides essential indicators for the efficiency and reliability of
solar energy systems, such as open-circuit voltage, short-circuit current, and maximum power point
(MPP) [2].

Conventional approaches to I–V curve prediction are grounded in physical modeling, typically
based on the single-diode or two-diode models that mathematically represent the behavior of PV cells
according to their material and structural properties [3]. However, even though these approaches are
well established, they often require detailed information about the manufacturing process and ma-
terial characteristics that are not usually easily available. Furthermore, their accuracy is frequently
constrained by simplifying assumptions and the inherent difficulty of parameter estimation [4].

As the paradigm of smart cities advances, incorporating artificial intelligence, big data analytics, and
urban informatics, there is a growing interest in data-driven methodologies to enhance the prediction
and monitoring of PV systems. These innovations promise more adaptive and scalable solutions for
optimizing energy infrastructure in the context of intelligent urban environments. Machine learning and
deep learning models are particularly effective at modeling nonlinear relationships and can generalize
from large datasets [5]. By training these models on historical PV data, researchers can estimate I–V
curves using other measurable parameters, including environmental and cell-specific inputs, without
the need for detailed physical modeling.

Among the parameters derived from the I–V curve, the series resistance (Rs) is a particularly im-
portant parameter, as it has a significant impact on the performance and efficiency of PV cells. Series
resistance is influenced by the resistance of cell materials and external sources such as contact and
interconnection resistances. Estimation of Rs is typically based on analyzing the I–V curve near the
open-circuit voltage or through more advanced methods such as impedance spectroscopy [6, 7]. High
levels of Rs can result in substantial power losses, lower fill factor, and reduced overall energy conver-
sion efficiency [8].

AI-based approaches to series resistance estimation leverage data-driven models to enhance ac-
curacy and efficiency. While traditional methods rely on analytical techniques and curve fitting, AI
models use large datasets and advanced learning algorithms to infer Rs with greater precision [9, 10].
Neural networks trained on diverse I–V curves under various conditions can uncover complex depen-
dencies between input features and Rs values [11]. Deep learning models further enhance performance
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by capturing subtle nonlinear patterns that classical methods may overlook [12].
The primary advantage of AI methodologies can be found in their scalability and adaptability. These

models accommodate different PV technologies and environmental variations, providing robust and
consistent estimations. Furthermore, their performance can improve continuously as additional data
becomes available.

An AI-based estimation pipeline typically consists of the following steps: (1) acquisition of a com-
prehensive I–V dataset under varying operational conditions; (2) preprocessing to remove noise and
normalize data; (3) training of machine learning models to capture correlations indicative of series
resistance; and (4) inference of Rs for new PV cells based on their I–V profiles [13].

Despite progress in this field, few studies have addressed the prediction of I–V curve parameters
directly from visual data, such as images of PV cells. In particular, the estimation of series resistance
by analyzing electroluminescence (EL) images has received limited attention. There has been research
focused on defect detection using EL images of PV cells and modules [14–16]; other works have
used thermographic images [15] or photoluminescence images [17]. More information can be found
in reviews on the topic [18, 19]. However, anomaly detection on PV cells is usually based only on
the categorization of surface-level issues, without directly considering the effect of those problems
on energy production. The focus on predicting the parameters of the I–V curve provides a more
direct estimation of the state of the cell. Nonetheless, these methods are not exclusive, as they can
be complemented to provide more comprehensive information about the conditions of the modules
and cells.

The authors’ previous work on the application of AI in the PV field has mainly focused on predicting
the performance of PV cells [20, 21], detecting defects in PV modules and cells [22], and generating
synthetic images of PV cells [23]. While these works are clearly related to the current study, there are
evident differences in focus and methodology.

The main contribution of this paper is the development of a convolutional neural network (CNN)-
based model capable of predicting the slope of the I–V curve (the electrical conductance) of a photo-
voltaic cell from its EL image. This slope is strongly associated with the series resistance, enabling
its estimation as a key application. The slope exhibits a more favorable distribution for learning and
prediction than direct series resistance estimation, as will be demonstrated in the subsequent sections.

This article constitutes an extended and substantially enhanced version of our previous conference
work. Compared to that work, this version provides a more detailed and rigorous description of the
methodology, includes additional and recreated figures for clarity, presents an extended experimental
evaluation and benchmarking, and, most importantly, introduces a new CNN-based PV performance
predictor that exploits the estimated slope as an additional input to improve maximum power point
(MPP) estimation, thus demonstrating a practical and previously unexplored application of the pre-
dicted electrical parameter.

Another important contribution of this paper, and the main addition in this extended version, is
the proposal of a new CNN-based PV performance predictor. This model improves the estimation of
the maximum power point (MPP) of the I–V curve by including as input not only the EL image of
the PV cell but also the previously computed slope value. This model outperforms existing methods,
which are only based on the EL image. The inclusion of the slope value is extremely important since
it provides the model with more information for handling cases where the patterns provided only by
the EL image are insufficient for accurate MPP estimation. This also highlights the importance of
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extracting parameters of the I–V curve, as they provide a detailed view of the performance of PV cells
and modules.

This article is an extension of the work presented in ICSC-CITIES 2024 [24]. The data used in this
work is open-access, available on Zenodo to download [25].

The remainder of this paper is structured as follows: Section 2 details the proposed methodology.
Section 3 presents the experimental results and analysis. Finally, Section 4 concludes the paper and
outlines directions for future work.

2. Methodology

This section presents the methodology followed to create models capable of estimating the slope
of the I–V curve using the EL image of a PV cell. The process begins with data acquisition and
preprocessing. Subsequently, it describes the steps for estimating the I–V curve slope from the training
data. Finally, the model architecture and hyperparameter optimization process are presented.

The dataset was divided into three subsets: 60% for training, 24% for validation, and 16% for
testing. Only the training and validation sets were used during the training process to avoid data
leakage.

2.1. Data acquisition

The data acquisition process involved two independent steps: capturing the EL images of the PV
cells using an InGaAs camera, and recording the I–V curves using a cell-level I–V tracer [26]. Further
details regarding both acquisition procedures can be found in [21, 23].

The final dataset comprises 852 samples. It includes both monocrystalline and polycrystalline PV
cells, and artificial shadows were introduced in several samples to increase variability and improve
generalization.

The diversity of the dataset is particularly important, as the inclusion of images with imperfec-
tions significantly enhances the model’s capacity to generalize to real-world operating conditions. By
exposing the model to a wide spectrum of visual patterns—including defects such as degradation, mi-
crocracks, surface damage, or soiling—it becomes better equipped to identify and interpret variations
in cell behavior under different scenarios. Consequently, the corresponding I–V curve slope values re-
flect this heterogeneity, exhibiting variability associated with the presence and severity of these defects.
This variability is not detrimental; rather, it provides the model with richer information to learn from,
ultimately improving its robustness and diagnostic reliability when applied to photovoltaic modules in
practical environments.

2.2. Image preprocessing

Before training, the EL images were subjected to a series of preprocessing steps, as described in
our previous works [21, 23]. These steps include:

• Removal of dead pixels caused by the imaging lens.
• Elimination of luminous noise stemming from image capture artifacts.
• Adjustment of brightness and intensity scale.
• Cropping of surrounding black borders.
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• Perspective correction to ensure uniform image geometry.

These operations were implemented in Python. Figure 1 illustrates an example of an EL image
before and after preprocessing. More technical details can be found in [23].

(a) Original EL image. (b) Preprocessed EL image.

Figure 1. Example of an EL image (a) before and (b) after preprocessing.

2.3. Feature extraction

Traditional machine learning models are not capable of directly handling image data. For this
reason, it is necessary to extract features from the images that can adequately describe them. Due to
the particular characteristics of the preprocessed EL images, it was necessary to manually determine
the features that best represented them. With the help of domain experts, the following features were
selected (see also Table 1):

• Statistical metrics such as average, median, mode, variance, and standard deviation values. These
features provide a general view of the EL image.
• Proportion of pixels with white values, black values, and other values. These values show the

distribution of the intensity of the images. Images with a high number of black values correspond
to defective cells.
• Histogram characteristics such as roughness, the number of peaks, the distance between the first

two peaks, their height, and their width. These values represent the most important details of the
histogram.

Table 1. Selected handcrafted image descriptors utilized for traditional machine learning
approaches. Adapted from [21].

Average Intensity Median Value Mode Value Variance
Standard Deviation Surface Roughness Dark Pixel Count Saturated Whites
Peak Count Peak Distance Peak 0 Height Peak 0 Width
Peak 1 Height Peak 1 Width – –
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These features have also been used by the research group in other related works [27], where they
have demonstrated their ability to represent the images.

With the same objective as the manual extraction system explained before, a feature extraction
system based on a pretrained ResNet50 [28] has been tested, using the output before the fully connected
layer as the features extracted by the model. This method has been used in the results as an alternative
way for testing the feature-based models.

2.4. Slope calculation of I–V curve

The calculation of the series resistance of a PV cell from its I–V curve involves multiple steps.
The series resistance can be estimated by analyzing the slope in the final segment of the I–V curve,
corresponding to the nearly vertical section near the open-circuit voltage, where the current approaches
zero. Figure 2 presents an example of an I–V curve with the three most important points.

Figure 2. An example of an I–V curve. Red star: open-circuit voltage, orange square: short-
circuit current, green circle: maximum power point.

The estimation of the slope is based on a linear regression performed iteratively on the points of
the I–V curve, beginning at the open-circuit voltage and incrementally including additional points in
reverse order. The slope is calculated in each iteration. In the early steps, slope values exhibit high
variability due to the limited number of points and sensitivity to measurement noise.

As more points are incorporated, the slope evolution tends to become smoother. A minimum in the
slope evolution (corresponding to the highest negative value) indicates the optimal asymptotic slope.
At this point, the effect of noise is minimized, and beyond this point, adding more points decreases the
absolute value of the slope (it becomes less negative) due to nonlinearity, leading to greater error in the
series resistance calculation.

Figure 3 shows the evolution of the slope as a function of the number of points considered in the
regression.
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Figure 3. Slope evolution curve according to the number of I–V points used in the linear
regression.

The calculated slope quantifies the relationship between voltage and current, corresponding to the
electrical conductance of the cell, expressed in siemens (S) according to the International System of
Units. This value is reciprocal to the resistance (Ω) [29] , which can be calculated as the inverse of the
Slope value.

Figure 4 compares the distributions of the estimated electrical conductance and the calculated series
resistance. As shown, the slope distribution is significantly smoother and more regular. On the other
hand, the series resistance values display an irregular distribution, making regression more difficult for
deep learning models.
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Figure 4. Assessment of the distribution characteristics of conductance (Slopes) versus
Series Resistance (1/Slope).

Thus, selecting the electrical conductance (the slope) as the target output provides a better-behaved
regression target while still preserving the ability to estimate the series resistance, which can be directly
obtained as the reciprocal of the conductance. Nevertheless, it is important to note that the Slope values
cannot be standardized, as such transformations would invalidate the resistance calculation.

2.5. Metrics

This section explains the metrics used during the training process. These metrics were applied both
to the calculation of the slope and to the estimation of the maximum power point. They were chosen
as they are the standard metrics for regression problems.

• Mean Absolute Error (MAE):

MAE =
1
n

n∑
i=1

|Predictedi − Reali| (2.1)

• Mean Absolute Percentage Error (MAPE):

MAPE (%) =
1
n

n∑
i=1

|Predictedi − Reali|

Reali
× 100 (2.2)

• Mean Squared Error (MSE):

MSE =
1
n

n∑
i=1

(Predictedi − Reali)2 (2.3)
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• Root Mean Squared Error (RMSE):

RMSE =

√√
1
n

n∑
i=1

(Predictedi − Reali)2 (2.4)

• Root Mean Squared Percentage Error (RMSPE):

RMSPE (%) =

√√
1
n

n∑
i=1

(
Predictedi − Reali

Reali

)2

× 100 (2.5)

The training and validation processes were performed with these standard metrics, with MAE con-
sidered the highest priority metric. The normalized (%) metrics were used for analyzing the models’
performance in the testing phase, since they provide a more reliable way of understanding the results.
Normalized MSE was not considered, as the squared scale complicates interpretation; instead, RMSE
provides equivalent information but in the error domain.

2.6. CNN-based Model

2.6.1. Architecture

The architecture of the CNN was designed through an iterative manual tuning, adjusting the number
of layers and parameters based on the considered training metrics. The final model is composed of 18
layers, including combinations of 2D convolutional layers, max-pooling layers, a flattening layer, and
fully connected dense layers. The complete architecture is exposed in Figure 5.

Figure 5. Architecture of the CNN. Adapted from [24].

2.6.2. Hyperparameter Tuning

The performance of CNN is highly dependent on the configuration of its hyperparameters. Given
the extensive search space of possible configurations, manual optimization is not feasible. To over-
come this limitation, the Keras Tuner library [30] has been employed. Specifically, the Bayesian
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Optimization strategy [31] was chosen, since it utilizes knowledge from previous evaluations to guide
the search for optimal configurations efficiently.

The optimal hyperparameters found through this process of optimization are shown in Table 2.

Table 2. Chosen optimal hyperparameters for the CNN model after tuning within the search
space: batch size ∈ {4, 8, 16, 32, 64}, learning rate ∈ [0.01, 0.00001], scale factor ∈ [0.5, 1],
and optimizer ∈ {Adam,Nadam, SGD}.

Batch Size Learning Rate Scale Factor Optimizer
4 0.00001 0.5 Adam

2.6.3. Data Augmentation

Given the limited availability of training data, data augmentation techniques were employed to
increase the diversity of input samples. Data augmentation [32] enhances the dataset by applying
controlled transformations to the original images. In this context, only transformations that preserve
the structural integrity of the solar cells were considered, as modifications to their geometry or shape
would produce unrealistic instances. The following techniques were applied:

• Horizontal and vertical flips
• Minor rotations

These transformations were applied on-the-fly during training through dedicated preprocessing lay-
ers integrated into the network architecture.

2.6.4. Training

The model was trained using the augmented dataset and the architecture and hyperparameters de-
scribed in previous sections.

Training was performed during 500 epochs. The metrics considered were Mean Absolute Error
(MAE) and Mean Squared Error (MSE). model achieving the lowest on the validation set on both
metrics was selected as the final model. Figure 6 presents the evolution of the MAE for both training
and validation sets for the best found model. The discrepancies that can be observed between these
curves are addressed in the results section.

The model achieved an MAE of 2.110 and an MSE of 25.474 on the training set. On the validation
set, the results were an MAE of 5.406 and an MSE of 76.16. Although the optimization process aimed
to mitigate overfitting, it is evident that a certain degree of overfitting is still present. However, the
model still presents low metric values in Validation and Test set, as it will be presented in section 3.
This shows that the model is capable of solving the problem with high reliability even with data not
included in the training set.
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(a) MAE

(b) MSE

Figure 6. Variation of training and validation metrics over the course of CNN model training.
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3. Results

This section evaluates the capabilities of the developed model by analyzing its performance and
identifying its potential limitations. Initially, it presents the model performance over the three sets
that were used. After that, a comparative analysis is conducted to test the proposed model against
other machine learning algorithms. Finally, the estimated slopes are used to improve the estimation
of the maximum power point (MPP) of PV cells. The metrics that have been used were explained in
Section 2.5.

3.1. Results on different data subsets for the proposed models

As previously described, the dataset is divided into three subsets: Training (60%), Validation (24%),
and Testing (16%). Only the Training and Validation sets were utilized during the model development
phase, while the Testing set remained completely disjoint to provide an unbiased evaluation of model
performance. Table 3 summarizes the results of the proposed model across these subsets.

Table 3. Evaluation results of the developed model on various dataset partitions, measuring
MAE, MSE, RMSE, MAPE (%), and RMSPE (%). Adapted from [24].

Model Performance
Metric Training Set Validation Set Test Set

MSE 25.47 76.16 62.09
MAE 2.110 5.406 5.041

RMSE 5.047 8.726 7.879
MAPE (%) 1.76 4.51 4.20

RMSPE (%) 4.21 7.27 6.57

The model obtains an MAE of 5.041 on the testing set. Considering the domain of the target
variable, this corresponds to a MAPE of 4.2%, which is acceptable within this context. The RMSE and
RMSPE metrics also present low values despite being slightly higher than the absolute error case. The
reliability provided by the presented metrics shows the possibility of performing accurate detection of
PV cells with abnormally high resistance values using only the EL image, without the need for manual
inspection.

The results presented in Figure 7 illustrate the variation of the absolute error with respect to the true
slope values. Most predictions exhibit errors below 2%. Notably, the largest errors primarily occur for
slope values between 20 and 40, which are under-represented in the dataset, as illustrated in Figure
4. This imbalance has a significant impact on the evaluation metrics, indicating that improving the
representation of these scarce classes should be a key priority for future research.
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Figure 7. Absolute error of the predicted slope values plotted against their true values.
Adapted from [24].

3.2. Comparison with other Machine Learning algorithms

Despite the low error rates presented by the model, it is necessary to perform a benchmarking with
other methods. Usually, direct comparisons with previous works in the literature are performed; how-
ever, this is not possible in this case due to the lack of studies tackling the issue of directly predicting
the I–V curve slope from EL images.

For this reason, this section presents a comparison with various machine learning methods trained
using the extracted characteristics described in Section 2.3. These models were designed and trained
using MATLAB’s Regression Learner App. After performing the training and testing of several mod-
els, the four most representative and best-performing models were chosen to be shown in Table 4.

The optimization of the hyperparameters of every model was performed using a Bayesian optimizer
during 100 iterations. The final optimized hyperparameters can be found in Table 5. To further im-
prove the comparison, a Deep Neural Network, optimized using the same methodology, has also been
included in both Table 4 and Table 5.
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Table 4. Comparison of test set performance metrics (MAE, MSE, and RMSE) between the
proposed CNN and several machine learning techniques with both feature extraction meth-
ods. CNN: Convolutional Neural Network, GPR: Gaussian Process Regressor, SVM: Sup-
port Vector Machine, Bagged Tree, NN: Neural Network. The models that use the ResNet50
extractor are indicated with an additional r in their names.

Metric CNN GPR GPRr LR LRr SVM SVMr BT BTr NN NNr

MAE 5.041 10.90 7.81 13.07 14.065 12.08 13.18 11.43 11.37 12.80 8.240
MSE 62.09 217.8 129.7 298.5 345.6 280.1 296.6 232.4 240.15 300.65 139.05

RMSE 7.879 14.76 11.38 17.27 19.65 16.73 17.21 15.24 15.49 17.33 11.792
MAPE (%) 0.050 0.109 0.078 0.130 0.140 0.120 0.131 0.128 0.113 0.128 0.082

RMSPE (%) 0.078 0.147 0.113 0.172 0.196 0.167 0.172 0.173 0.153 0.173 0.117

Table 5. Optimal hyperparameters selected for the traditional machine learning models and
the neural network.

Algorithm Main Hyperparameters Optimal Value(s)

Gaussian Process
Regressor

Basis Function
Kernel Function
Isotropic Kernel

Constant
Rational Quadratic
Yes

Linear Regression
Terms
Robust Option

Interactions
off

Support Vector Machines
Kernel
Kernel Scale

Gaussian
4.4

Bagged Trees
Minimum Leaf Size
Number of learners

8
30

Neural Network

Hidden layers
Activation function
Optimizer
Batch size

[256,128, 64]
ReLU
Adam (lr = 0.0001)
64

The results indicate that the CNN model substantially outperforms traditional ML algorithms,
achieving an MAE of 5.041 compared to 7.81 for the best-performing alternative (GPRr). It is seen
how depending on the model, one way of extracting features works better than the other. However,
the best performing feature-based method is found with the ResNet50 Features, showing the power of
these pretrained methods.

It can be also observed how the neural network model is outperformed by some of the ML traditional
methods. Deep Learning methods require high amounts of data and the size of the dataset is not enough
to train a feature-based Neural Network. In the case of the CNN, it is enough since it uses directly the
image, increasing the amount of available patterns. However, it is worth noting that CNN training
demands significantly higher computational resources than other methods.
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3.3. Improvements in estimating the performance of PV Cells

As explained earlier, the estimation of MPP in the PV field is one of the most interesting problems
since it provides a direct measurement of PV cell performance. However, our previous works [27]
revealed that MPP estimation is quite vulnerable to unusual values of series resistance. The tested
methods were not capable of correctly predicting the MPP in PV cells with extremely high series
resistance values.

For this reason, this section presents an improved MPP estimator, based on the approach presented
in our previous works [27]. This new model is used to evaluate the practical benefit of estimating the
I–V curve slope as an indicator of the series-resistance value. The I–V slope is used as an additional
input to the model.

The improved model retains a CNN-based architecture, depicted in Figure 8. The new input is
included after the Flatten layer, since it is a scalar value, not a 2D image. Training of this network was
performed with the hyperparameters listed in Table 6. These parameters were chosen following the
same methodology explained in Section 2.6. Training, validation, and testing were performed with the
same dataset used in the original article.

Figure 8. Architecture of the Convolutional Neural Network (CNN).
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Table 6. Optimal hyperparameters found for the Convolutional Neural Network: batch size
∈ [8, 16, 32, 64], learning rate ∈ [0.01, 0.00001], scale factor ∈ [0.5, 1], optimizer ∈
{Adam,Nadam,SGD}.

batch size learning rate scale factor optimizer
8 0.00001 0.66 Adam

Training The chosen metrics were the Mean Absolute Error (MAE) and the Mean Squared Error
(MSE).

Table 7 compares error metrics among several models: the enhanced model (Resmodel), the original
model from the cited paper (Origmodel), and additional models that were tested. These feature-based
models were trained with the features explained in Section 2.3.

Table 7. Performance comparison on the test set between the proposed improved estimator,
the original estimator, and various machine learning algorithms: Linear Regression (LR),
Support Vector Machines (SVM), and Gradient Boosting Regressor (GBR). Metrics reported
are MAE and MSE.

Metric Resmodel Origmodel RF SVM GBR

MAE 0.0231 0.0262 0.0712 0.0686 0.0681
MSE 0.0009 0.0011 0.0095 0.0103 0.0092

The results provide evidence that including the estimated slope as an input improves the precision
of the estimation, since it provides relevant additional information that cannot be extracted directly
from the image. The improved method outperforms the original model in both metrics considered in
the original paper (MAE and MSE).

These results also demonstrate the practical utility of the slope of the I–V curve as an indicator
of the series resistance of a PV cell. Future work will focus on other issues that can benefit from
incorporating this value.

4. Conclusions and future work

The monitoring of PV modules and cells is a critical research area in the PV field, as it provides
valuable information about their productivity. The series resistance affecting the cells significantly
impacts their performance. This effect can be easily observed in the I–V curves, where the slope
depends on the series resistance. To estimate the series resistance without directly measuring the I–V
curve, a model capable of analyzing the EL images of PV cells has been developed. This model was
trained with pairs of I–V curves and EL images. It can predict the slope of the I–V curve, which can
then be used to calculate the series resistance.

The results indicate that the model predicts the slope with an MAE of approximately 5 and an
RMSE of 7.8, outperforming other machine learning methods such as Gaussian Process Regressor,
Support Vector Machines or Neural Networks

However, some limitations remain. Most prediction errors occur in cells with slope values between
20 and 40, which are under-represented in the dataset. This could be fixed by two different approaches:
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By measuring new PV cells with I–V Slope values focused on those intervals or by creating synthetic
data using Generative AI techniques.

The training of CNN models is computationally intensive due to their complexity and memory
requirements. Furthermore, real-time application of the current approach is limited by the need to
disconnect the PV module, which prevents instantaneous acquisition of EL images. To address this
limitation, non-intrusive imaging modalities, such as photoluminescence or thermography captured by
drones, will be investigated to enable real-time deployment, offering significant potential for large-scale
solar farm monitoring.

Extending this methodology to module-level diagnosis requires a substantial number of PV modules
characterized with both EL images and I–V curves. Most open-access datasets provide only EL images
and lack the corresponding I–V curves necessary to generate the training labels. A key aspect of our
future work will therefore focus on acquiring a large, high-quality dataset of PV modules including
both types of measurements.

Future work will also focus on exploring more advanced deep learning architectures, such as ResNet
and EfficientNet, not only as feature extractors but also to evaluate their potential for directly estimating
key parameters such as the series resistance and the maximum power point. Moreover, the integration
of large language models will be investigated to assess their potential in enhancing data interpretation,
model generalization, and automated diagnostic capabilities within photovoltaic analysis.

This paper has also shown that including this predicted value as an input to a CNN-based output
power estimator improves its predictive performance, lowering the MAE and MSE values.

To sum up, the proposed model offers an effective approach for estimating the slope of PV cells.
However, further research is required to enhance the dataset, explore applicability in real-time scenar-
ios, and investigate the performance of other techniques that have been applied in similar fields, such
as Transformers or Generative AI.
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