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Abstract: Among renewable resources, solar power is the most necessary one. Unfortunately, the
performance of solar panels depends to a great extent on their components, particularly
damagedsolar cells, which can also result in possible failure of the system. Early detection of these
defects is important in order to maintain solar energy systems efficiently. Electroluminescence
imaging has emerged as a powerful technique for quickly identifying defects in photovoltaic cells,
and new developments in deep learning have enabled the automation of this diagnostic process. In
this work, we implemented transfer learning on three popular convolutional neural networks:
ResNet50, VGG16, and InceptionV3. They were to be classified based on images taken from
electroluminescence, the goal of the I hold talons. We relied on a publicly.
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1. Introduction

Green energy has become a necessity and a growing demand in today’s world. One
of its key benefits is that it is environmentally friendly and often more cost-effective
compared to traditional energy sources [1], [2], [3]. Solar energy, in particular, stands out
as a primary method for generating electricity that is both sustainable and free from
harmful environmental impacts [4], [5], [6]. As a result, the demand for solar panels, which
produce clean and renewable energy, has surged in the market [7], [8]. Solar panels, which
are often robot assembled, are produced on a large scale and need to pay close attention to
manufacturing and maintenance processes [9]. However, even solar panels aren't free
from defects despite progress. One of the common issue is broken panel cells : It leads to
panel failure. Manually identifying and repairing these damaged cells is tedious,
complicated and can be human error-prone [10], [11], [12]. What’'s more, the emergence of
technology, most notably artificial intelligence (Al), holds great potential to address these
types of challenges. Deep learning, a subset ofof Al, has proven especially effective in tasks
like image classification, making it a valuable tool for detecting defects in solar panels [13].

System designs have been proposed for incorporating different methods for
inspecting and identifying faulty solar panels [14], [15]. Common techniques for solar
panel cell classification include electroluminescence (EL) imaging, infrared (IR) imaging,
and RGB imaging [16], [17], [18]. Of these techniques, electroluminescence imaging has
proven to be significantly more effective than conventional methods, such as charge-
coupled device (CCD) imaging, in assessing photovoltaic (PV) systems [19], [2], [21]. Deep
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learning algorithms have also shown promising capability to address challenging
computer vision problems, such as image classification [12], [22], [23], [24].

In this study we applied deep learning methods, namely convolutional neural
networks (CNNs), to classify damaged PV cells from electroluminescence based imaging.
We also used transfer learning, which uses a model learned from a large dataset to tell
apart damaged from healthy cells. This builds on earlier work 1 which employed a pre-
trained model of the common VGG16 model on remote sensing images to classify
damaged solar cells [25]. Lightweight CNN for identification of hotspots and damage area
in PV cell [26] Modified U-Net networks have been employed by some researchers to
classify and identify the damaged solar cells [27], and a few have proposed multispectral
neural networks, achieving accuracy as high as 94% [28]. Deep learning is another
approach, used for feature extraction to classify the damaged parts of solar panels [29].
For example, AlexNet architecture was customized for fault classification [30], and CNNs
have been used for detecting fault patterns [31]. In a study of five different CNN-based
networks, the authors were able to achieve an impressive accuracy of 98% when classifying
damaged solar cells [32]. In our study, we tested how well CNNs can classify images of
non-defective or defective solar cells. We used transfer learning with pre-trained models
such as ResNet50, VGG16, InceptionV3 We utilized a public dataset and split it into train,
validation, and test sets. The experiments were conducted using Google Colab, which
provided free access to GPU resources for processing. This approach allowed us to
efficiently analyze and classify damaged solar cells, contributing to the ongoing efforts to
improve solar panel reliability and performance.

2. Materials and Methods
2.1. Dataset

In this study, we used defective solar cells to classify them based on
electroluminescence images. The dataset was divided into two main categories: "Normal"
and "Defective." A total of 2,624 images were used, each with a resolution of 300x300 pixels.
All the images are 8-bit grayscale and are publicly available on Kaggle [33]. Figure 1
provides examples of images from this dataset. The dataset was then split into training and
testing sets. For testing, 1,177 images (both defective and normal) were used, while 135
images (also a mix of defective and normal) were reserved for evaluation. To further refine
the process, the training dataset was divided into train and validation subsets. These
subsets were used to monitor the loss graphs, which are discussed in detail in Section 3.
The evaluation of the models —ResNet50, VGG16, and InceptionV3 —was conducted using
the testing dataset. This approach allowed us to assess the performance of these models in
accurately classifying defective solar cells.

2.2. The methodology of stady

Figure 2 illustrates the proposed_model employed for the technique of transfered
learning TL aimed at identifying and classifying defective solar panels. The primary goal
of this model is to categorize input images into two distinct groups: normal and damaged.
The process involves two key stages. First, data preparation is crucial, which includes
enhancing the data and normalizing the pixel values. The second stage focuses on
classification, where we utilize the trained models —ResNet50, VGG16, and InceptionV3 —
to perform the actual identification of defects.
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(a) (b)
Figure 1. Samples from the dataset [33] (a) Defected solar cell and (b) Normal solar
cell.

Input images Preprocessing Transfer Learning Prediction

Damaged
-

Augmentation

Figure 2. The methodology of TL of classification of solar panls.

Normalization and data augmentation are the next two processes in the data
preprocessing process. During normalising, the picture pixels were shrunk to a range
between 0 and 1. The dataset's photos were rescaled by multiplying each one by 1/255.
While techniques like 1) a 30 degree rotation, and 2) vertical and horizontal flipping were
used to supplement the data. Figure 3 illustrates augmented images.

Figure 3. Presented the data-augmentation applied on the soler panals.

Table 1. The parameter that are used on Pre-trained.

Mod. Layers Values I/P layer size ~ O/P layer
(million) size
ResNet50 50 23 224,224,3 2,1
VGG16 16 135 224,224,3 2,1
Inception 48 23.9 224,224,3 2,1
V3
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2.3. Transfer learning using Pre-trained Models

Convolutional neural network (CNN) models have proven to be highly effective for
classifying and processing images . However, training these CNN models from scratch can
be quite challenging due to the limited availability of image datasets [34]. Transfer learning
offers a solution by allowing a deep learning model that has been trained on a larger
dataset to apply its knowledge to tasks involving smaller datasets. In this study, we
distinguished between damaged and healthy cells using pre-trained models, specifically
ResNet50, VGG16, and InceptionV3. The architectural details of these models are
presented in Table 1.

These pre-trained models have already undergone training on the ImageNet dataset.
To implement transfer So, to ensure that the efficiency was the best we could get, we
added a dense layer to optimize the training parameters. Furthermore, we added one
additional batch normalization layer to discard unassigned neuron weights from the pre-
trained models. replace the last dense layers in ResNet50, VGG16, and InceptionV3 with
a new fully-connected (FC) layer with two perceptron values for each class. Keep in mind
hyperparameters are vital to optimize these pre-trained models.

2.4. Fine tuning and hyperparamters

One of the essential elements on which the model is trained in transfer learning is
fine tuning. The image was reduced to 224x224 pixels, Adam optimizers were used, and
the following hyperparameters were maintained: momentum was set to 0.95, weight decay
was set to 0.0005, batch size was set to 10, and learning rate was set to 0.001 with a factor
value of 0.7. Apart from the aforementioned parameters, the model was often having
overfitting issues before these parameters were chosen after the model was trained on a
variety of values.

3. Results
3.1. Experimental Setup and Performance Metrices

The dataset is assessed using the pre-trained models. Table 2 shows data on the train
and test datasets and also applies a 90{10} training-round in order to find ratio. Utilizing
the supplemented data, the suggested models have been trained.

Table 2. Data splitting.

Classes Trian Valied Test

Deficted 942 235 135

Narmal 942 235 135
Total 1884 470 270

The images for the training and validation datasets were resized to 224 x 224 pixels.
We trained the pre-trained models in batches of 10, with a total of 80 epochs. The batch
size and the number of epochs were selected manually based on empirical methods.
During training, we set the learning rate for each model to 0.001 and used the Adam
optimizer to minimize errors.

To evaluate the quality of the origin V3-model, we used several values, including
Spe: Specificity; Pre: Precision; Siv: Sensitivity, F1_Score, and Acu: Accuracy . These
metrics were derived from the components of the confusion matrix: True Positive (TP),
True Negative (TN), False Positive (FP), and False Negative (FN). The calculations for these

metrics were performed using Equations (1)-(6) [35].
TP

Pre = (1)
TP+FP
Recall = —~ 2)
TP+FN
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TP

Siv = )
FN+TP
TN
Spe = FP+TN 4)
Acu = & (5)
FP+TP+TN+FN
F1_score = 2 xrecisionxRecall - )

Precision+Recall
In this work, the two important factors normal and faulty were seen as negative
and positive categories, correspondingly. The normal and defective classes are thus
indicated by the TN and TP, correspondingly. While FN and FP stand for incorrectly
classifying expected normal instances and defects, correspondingly.

3.2. Results

The performance of the models has been compared based on metrics such as training
loss, validation loss, and validation accuracy for each epoch. The results for these
parameters are summarized in Table 3. We evaluated these metrics to assess whether the
training models were experiencing overfitting or underfitting.

To further validate performance, we created confusion matrices to classify the data
into true positives, true negatives, false positives, and false negatives after training. The
confusion matrices for the pre-trained models on the test dataset are presented in Figure
4. We used Equations (1) through (6) to calculate various performance metrics from the
data generated by the confusion matrices, including precision, recall, F1 score, sensitivity,
specificity, and accuracy. The results for these metrics are displayed in Table 4.

Table 3. Training performance of pre-trained models.

Model Epochs Train loss Valid loss Train Valid
accuracy accuracy
1 0.812 0.832 68.24 71.42
ResNet50 . . . . .
79 0.132 0.123 94.61 93.32
80 0.131 0.108 94.53 95.63
1 0.712 0.794 78.31 73.68
VGG16 . . . . .
79 0.101 0.112 95.23 95.87
80 0.009 0.102 97.52 96.88
1 0.712 0.842 69.54 70.23
Inception
V3 . . . . .
79 0.121 0.132 93.71 93.32
80 0.112 0.181 95.83 95.65
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Figure 4. Confusion metrices achieved on each model for test dataset (a) ResNet50
(b) InceptionV3 (c) VGG16.
Table 4. Performance of the models.
Model Precision Recall F1-Score Sensitivity  Specificity Accuracy
ResNet50 97.87 97.82 97.77 97.82 94.07 97.40
VGG16 97.08 96.27 98.52 98.50 97.79 97.78
Inception 95.56 96.27 95.51 96.27 95.59 95.93
V3
3.2.1. Comparison with different optimizers
VGG16 model which outperformed the rest of the models have been tested with
various optimizers such as RMSProp, Adadelta, SGD, and Adam, in order to do the
comparison of the accuracies on the testing datasetThe Adam optimizer produced the most
promising results out of all the optimizers. Thus, Adam optimizer was chosen to train the
model. Table 5 presents the values based on Adam optimizer.
Table 5. Shows the VGG16 performance for different optimizer.
Model Optimizer Precision Specifity Sensitivity F1-score Accuracy
Adam 97.0 96.2 98.5 98.5 97.7
SGD 83.0 89.0 95.2 0.89 90.3
VGG16
Adadelta 92.3 91.4 921 0.92 921
RMSProp 95.6 92.3 94.7 0.94 95.5
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3.2.2. Comparison with different batch size

One key hyper-parameter for Deep Neural Networks is batch size, according to
experts. This study shows values based on various batch sizes. Table6 presents the
accuracy results obtained after training on various batch sizes, from 8 tol2. It has been
noted that a batch size of 10 results in improved testing performance. Thus all the models
has been trained using batches of 10.

Table 6. Testing accuracies on different batch sizes on ResNet50.

Model Batch size
8 10 12
VGGI6 85.27% 97.78% 90.25%

4. Discussion

Future work

This discovery has opened the door to the development of highly efficient deep
neural networks that can quickly and accurately detect damaged solar cells. The proposed
model is anticipated to perform exceptionally well in distinguishing between defective and
healthy solar cells, which will significantly enhance fault detection in photovoltaic
systems.

Looking forward, the capabilities of this model could be expanded beyond simple
binary classification to identify various types of solar cell defects. This would create a more
comprehensive diagnostic framework. By incorporating a wider range of datasets and real-
world conditions, we can further refine the model to improve its robustness and ability to
generalize across different solar panel technologies.

Moreover, combining sophisticated optimization methods with deep neural
networks (DNNs) may result in stronger and more effective models. Techniques such as
hyperparameter tuning, feature selection, ensemble learning, and reinforcement learning
could improve the accuracy and reliability of the classification of solar cells. In addition,
we believe this model can progressively benefit from explainable AI (XAI) techniques to
provide insights into how the decision making has been made, hence enhancing trust and
usability in industrial applications.

Future studies can determine deploying these models into edge computing devices
or Internet of Things (IoT) frameworks in real-time. This would allow for fault detection
on-site without the need for cloud-computing-based processing. These advancements will
allow solar panel monitoring systems to be more cost-effective, scalable, and versatile,
supporting the wider sprawl of smart renewable energy solutions.

5. Conclusion

We interpolated deep learning modes such as ResNet50, VGG16, and InceptionV3
for image parameterization of destroyed solar cells in classification. The training was done
on a dataset containing 2,624 images of defective and healthy solar cells. In addition, we
considered various performance metrics like sensitivity, specificity, F1-score, precision,
recall, loss graphs and confusion matrices to properly analyze the performance of the
model. Such metrics offered a complete comprehensive assessment of classification
performance, comprehensively evaluating the models reliability and the ability of the
models to accurately identify a faulty solar cell. Of all models, VGG16 demonstrated the
strongest classification performance, successfully separating images of damaged and
normal solar cells. The accuracy for VGGI16, ResNet50, and InceptionV3 were 97.78%,
97.40%, and 95.93% respectively, indicating the statistic of deep learning mode is high. We
further experimented with different optimization techniques to improve the model’s
learning capabilities. This allowed testing of several optimizers and the Adam optimizer
yielded the best convergence and accuracy across all deep neural networks (DNNs) tested.
It is one of the most successful algorithms that helped increase the efficiency of the model

Central Asian Journal of Mathematical Theory and Computer Sciences 2025, 6(1), 76-84. https://cajmtcs.centralasianstudies.org/index.php/CAJMTCS



83

in the function of adaptive learning rates in the process of optimizing the learning process
of deep neural networks equipped with the gradient descent method.
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