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Abstract: In today’s world, the rapid development of photovoltaic (PV) power plants has facilitated sustainable energy
production. Maintenance and defect detection play crucial roles in ensuring the continuity of energy production. The manual
inspection of electroluminescence (EL) images of PV modules requires significant human power and time investment. This
study presents a method for the automatic fault detection of PV cells in EL images using hybrid deep features optimized with
a principal component analysis (PCA) feature selection algorithm. A lightweight and high-performance model that combines
the strengths of convolutional neural network (CNN) architectures was proposed. First, data augmentation techniques were
employed owing to the imbalance between the defective and functional classes in the dataset containing EL images. In
experimental studies conducted by integrating the PCA algorithm into MobileNetV2, DenseNet201, and InceptionV3 CNN
models, accuracy, precision, recall, and F1-score values of 92.19%, 92%, 90%, and 91%, respectively, were achieved. When
the results were analyzed, it was observed that the proposed method was effective in detecting faults in PV panel cells.
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Yeni Bir CNN-PCA-SVM Derin Hibrit Modeline Dayali Arizah Fotovoltaik Modiil Hiicrelerinin
Otomatik Simiflandirilmasi

Oz: Giiniimiizde siirdiiriilebilir enerji tiretimi igin fotovoltaik (PV) enerji santrallerinin hizli gelisimine olanak saglamistir.
Enerji iiretiminin siirekliliginin saglanmasi i¢in bakim ve ariza tespiti dnemli bir rol oynamaktadir. PV modiillerinin
elektroliiminesans (EL) goriintiilerinin manuel olarak incelenmesi, biiyiik bir insan giicii ve zaman yatirimini gerektirir. Bu
calismada, EL goriintiilerde PV hiicrelerinin otomatik ariza tespiti i¢in hibrit derin 6zniteliklerin, temel bilesenler analizi (PCA)
Oznitelik secme algoritmas: ile optimize edilen bir yontem sunmaktadir. Evrisimsel sinir agi (CNN) mimarilerinin giiclii
yonlerini birlestiren, hafif ve yiiksek performansli bir model énerilmektedir. Ilk olarak EL goriintiilerini igeren veri setindeki
arizali ve islevsel smiflarina ait veri dengesizliginden dolay: veri arttirma teknikleri kullanilmistir. MobileNetV2, DenseNet201
ve InceptionV3 CNN modellerine entegre edilen PCA algoritmasi ile hibrit kullanilarak gergeklestirilen deneysel ¢aligmalarda
dogruluk, kesinlik, duyarlilik ve F1-skoru degerleri sirasiyla %92.19, %92, %90 ve %91 olarak elde edilmistir. Sonuglar analiz
edildiginde, Onerilen yontemin PV panel hiicrelerindeki arizalarin tespitinde etkili bir performansa sahip oldugu
gozlemlenmistir.

Anahtar kelimeler: Derin 6grenme, fotovoltaik hiicreler, kusur tespiti, 6zellik se¢imi.
1. Introduction

The extensive utilization of fossil fuels has led to severe environmental pollution issues, resulting from an
increase in carbon dioxide and other greenhouse gases in the atmosphere. This situation has triggered challenging
global issues such as climate change, air pollution, and excessive use of natural resources. Therefore, the increasing
energy consumption and demand for environmental protection underscore an urgent need for sustainable and clean
energy sources. In recent years, there has been growing interest in renewable energy sources such as geothermal,
hydroelectric, solar, and wind power. Renewable resources have emerged solutions capable of meeting energy
needs while reducing environmental impacts [1], [2]. This transition plays a significant role in supporting
environmental sustainability and contributes to a cleaner and more efficient future in the energy sector. Compared
with wind energy systems, there has been a rapid increase in the interest and capacity of solar energy systems
worldwide. Solar energy is one of the most attractive renewable energy sources because of its abundance, easy
accessibility, and free usage [2], [3]. This situation is supported by the development of Photovoltaic (PV)
technology for solar energy conversion and cost reduction.

PV modules, designed to last 25 years or longer, can experience various failure modes owing to environmental
factors such as mechanical stress, humidity, high temperatures, and exposure to ultraviolet radiation.
Consequently, these factors can degrade the solar cell performance even within the 25-year manufacturer warranty
period [4], [5]. PV panels are typically installed outdoors with the assistance of aluminum frames and glass
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lamination to protect them from environmental conditions. However, harsh climatic conditions and mechanical
impacts during installation can lead to various failure modes, such as panel breakage, cracking, falling tree
branches, snow accumulation, insect traces, burn marks, shading, and color changes. Additionally, manufacturing
defects can also cause damage to PV panels, impeding the flow of current in PV systems and reducing the
production capacity and efficiency. Therefore, effectively addressing the issues in solar energy technologies is
crucial for ensuring sustainable and efficient energy production [6], [7], [8], [9].

Generally, the majority of solar power plants consist of thousands of modules with multi-megawatt (MW)
capacity spread over large areas. However, monitoring this large number of modules individually is laborious and
expensive. Studies reveal that long-term outdoor use of PV modules may be subject to premature failure due to a
variety of factors, including lack of maintenance, enclosure issues, thermal cycling, grounding issues, and
corrosive environments [10], [11], [12]. Efforts to identify power attenuation caused by microcracks in PV
modules are going beyond traditional methods and are being strengthened by deep learning techniques. According
to previous studies, microcracks can lead to a strength loss between 0.9% and 42.8% and cause hotspot effects
[13], [14]. An advanced approach to detect such defects involves infrared thermal (IRT) imaging technology
alongside I-V curve analysis [15]. However, the low resolution of these methods may limit the detection of
microcracks that do not affect power efficiency.

High-resolution electroluminescence (EL) imaging systems have become an effective technology for defect
detection in PV modules [16]. EL imaging offers a nondestructive approach capable of identifying microcracks
and other defects with high resolution [17]. Defects in EL images typically manifest as dark grey lines and areas.
However, the use of traditional methods to manually identify these defects is time consuming and may offer limited
performance. In this context, deep learning techniques accelerate the processes of automatic defect detection and
analysis, offering the potential to effectively identify microcracks in PV modules.

Owing to the powerful feature extraction capabilities of convolutional neural networks (CNNs), particularly
in deep learning techniques, they have become increasingly popular for the detection of defects in EL images.
Artificial intelligence models enable rapid detection of defects in EL images obtained over large areas, thereby
streamlining the process. In the industrial field, there is a growing demand for deep architectural models that can
satisfy the requirements of lightweight and effective detection networks in terms of both higher accuracy and speed
in defect detection.

Research on the detection of surface defects in PV cells show an increasing trend. Tsanakas et al. in their
study proposed the use of image histogram and Canny edge detector to detect defective cells through thermal
images and separate these cells into specific regions. By applying the proposed method to two PV arrays mounted
on a roof, they successfully detected 40 of the 43 defective cells [18]. Pratt et al. investigated the use of a U-Net-
based semantic segmentation model of EL images to detect defects in solar PV modules. Their experimental results
suggested that the trained U-net model can be used to quantify damage and determine the electrical performance
during accelerated stress tests of PV modules [19]. Oliveira et al. conducted a study to detect defective PV modules
in IRT images using a two-stage method comprising Laplacian-based edge detection and a CNN algorithm to
segment defective solar panels. They classified defect detection using the developed neural network model into
three categories [20]. Deitsch et al. used a CNN neural network model to detect defects on the surface of PV
modules with EL images. They compared the results of the traditional machine learning method and the deep
learning architecture, observing a 6% higher performance than the traditional machine learning method, with an
accuracy score of 88.36% [21]. Tang et al. proposed a model using data augmentation and CNN architectures for
automatic classification of defects in an EL image. To obtain a large number of high-resolution EL images, the
generative adversarial network (GAN) image augmentation technique was utilized. An experimental study was
subsequently conducted using the VGG16, ResNet50, Inception V3, and MobileNet architectures [22]. Hong et
al. proposed a model containing YOLOVS5 and the ResNet algorithm for defect detection in a PV module containing
visible and infrared images. They observed that the proposed method significantly increased defect detection
accuracy by up to 95% [23]. Zhao et al. proposed a CNN-based system for defect detection in PV modules that
contains 19 types of defect classes to meet the inspection requirements of the production line. A dataset consisting
of 5983 EL images was created, and using the labeled images, 19 different classes of defects were identified [24].
Sizkouhi et al. presented an autonomous fault-detection method that was developed to automatically detect
common faults and defects that can be visually noticed in their work. The proposed network is based on a VGG16
model in an encoder-decoder architecture. Experimental studies have shown that the proposed network can
precisely predict PV modules at the pixel level with an average accuracy of 98% and 93%, respectively [25]. There
are studies examining the effectiveness of the YOLO algorithm for hotspot detection in PV modules and defect
detection in solar power plants. There are studies examining the effectiveness of the YOLO algorithm for hotspot
detection in PV modules and defect detection in solar power plants [26], [27], [28]. In this study, A¢ikgdz and
Korkmaz employed a transfer learning approach using SqueezeNet to create skip connections from the firing
modules. They achieved a performance of 91.29% using the proposed method [29]. Demirci et al. compared the
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performances of these models using Alexnet, GoogleNet, MobilenetV2 and SqueezeNet transfer learning methods.
Although the training load decreased with the transfer learning method, accuracy rates remained relatively low,
between 76% and 79% [30]. In later years, Demirci et al. proposed an architecture in which 4 different deep
learning architectures were used as a hybrid. In the PV dataset, they allocated 80% for training and 20% for testing
for two classes. 5120 features were obtained with the deep network model, and 2000 sub-features were obtained
with the minimum redundancy maximum relation (mRMR) algorithm. As a result of classification with machine
learning methods such as support vector machine (SVM), k-nearest neighbour (KNN), decision tree (DT), random
forest (RF) and naive bayes (NB), high accuracy rates of 94.52% were obtained for 2 classes (defective/functional)
with the best performance SVM. In addition, a lightweight CNN architecture (L-CNN) they proposed in this study
was trained from scratch without initial weights and achieved an accuracy rate of 89.33% [31].

Despite the utilization of advanced image processing and deep learning techniques in the literature, there are
still many shortcomings in defect detection in PV modules. Therefore, efforts are being made to develop new
methods to improve the reliability and efficiency of energy systems.

In this study, a deep learning-based classification method was proposed to detect faults in PV panel cells from
EL images. The proposed method consists of a two-stage system that, includes deep learning architectures and a
feature selection algorithm. The model provides a fast and simple fault detection method that utilizes effective
deep learning architectures such as MobileNet V2, DenseNet201, and InceptionV3. Although MobileNetV2 stands
out for its lightweight structure and high performance, DenseNet201 and InceptionV3 are deep network
architectures capable of successfully handling large and complex feature spaces. In addition to the designed hybrid
transfer learning approach, the integration of the principal component analysis (PCA) feature selection algorithm
allows the model to focus on more effective and informative subset features, thus enhancing the usefulness of the
method. The experimental studies resulted in an accuracy score of 92.19% with the proposed method. This hybrid
model, reinforced with transfer learning approaches, provides a practical solution for classifying faults in PV panel
cells with a fast implementation and more effective feature selection.

The remainder of this paper is organized as follows. In the first section, some information about the PV panel
cells is presented. In the materials and methods section, detailed information is provided regarding the dataset
used, deep models, feature selection algorithm, and architectural structure of the proposed model. The third section
presents the experimental results. The final section presents the conclusions and potential future research
directions.

2. Material and Methods
2.1. Dataset description and data augmentation

In this study, a dataset obtained from high-resolution EL images of both monocrystalline and polycrystalline
PV panels was utilized [21], [32]. This publicly available dataset comprises 2624 EL images with a resolution of
300x%300 pixels. It included 44 different PV panels, consisting of 18 monocrystalline and 26 polycrystalline panels.
Among a total of 2624 images, 715 images are categorized as label 1 (defective), 295 images as label 0.66 (having
surface defects), 106 images as label 0.33 (having minor defects without full faults), and 1508 images as label 0
(functional) without any detectable defects. Only the EL images with defective and functional labels were used in
this study. The input images were resized to 224224 pixels. Downsizing the input size helps optimize resource
usage by reducing the computational workload. Figure 1 illustrates a few EL sample images belonging to defective
and functional classes in the dataset used in the study.

K|
2
2

defective

Figurel. Sample EL images of functional and defective classes
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Data augmentation is a highly efficient technique for growing datasets with a small number of images.
Effective data augmentation strategies can lead to a significant improvement in the system performance in image
classification [33], [34]. The PV dataset edited in this study contained 2,223 EL images belonging to defective and
functional classes. However, it is noteworthy that there are only 715 images for the defective class, which is less
than half of the functional class. Because this unbalanced distribution may particularly affect the training
performance of the proposed network, the number of samples needs to be increased. A system containing data
augmentation techniques was used under Albumentation heading within Python libraries. The augmented synthetic
images shown in Figure 2 were obtained by using horizontal flip, random rotation 90°, and vertical flip in the
specified library for the images of the defective class in the training set.
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Figure 2. Synthetic images obtained with data augmentation techniques

2.2. Deep models and PCA

Deep learning architectures, such as InceptionV3, DenseNet201, and MobileNetV2, have proven their
performance worldwide and have gained great popularity in recent years. These three architectures are known for
their impressive success with large datasets. In particular, the InceptionV3 architecture is an improved and
optimized version of the previous versions, InceptionV1 and InceptionV2. This architecture builds on previous
models, such as GoogleNet by Szegedy et al. It provides versatile architecture that can successfully handle complex
feature spaces [35]. The Dense201 model stands out because it optimizes the information transfer at the maximum
level using dense connections. Dense connectivity is a structure in which the features obtained from each layer are
connected to all the layers in the previous layer. This contributes to a more effective transfer of knowledge and to
increases the learning capabilities of deeper networks [36], [37]. MobileNetV2 has a lightweight structure and
effective performance in the field of CNN. This model is specifically designed for situations with resource
constraints or application requirements. The proposed technique was based on the concept of MobileNetV2, an
evolved version of MobileNet. MobileNetV2 offers a more effective and powerful convolutional neural network
model by improving the features of the original MobileNetV1 [38].

Feature selection is the process of determining a subset that best represents the data and reduces the
dimensionality while minimizing information loss. In this study, the principal component analysis (PCA)
algorithm was used to find the most effective transformation that can express deep features with fewer variables.
This method, proposed by Karl Pearson, minimizes information loss by determining the directions of the principal
components while preserving the maximum variance without considering the class label. In this way, the

representation of the data is strengthened, and the deep features analyzed are found in a more meaningful manner
[39], [40].
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2.3. Classification Method

Support Vector Machines (SVM) are a machine learning algorithm that generally separates data into different
classes with a defined hyperplane. The primary objective of SVM is to identify the optimal hyperplane for data
separation in classification tasks (as illustrated in Figure 3). The SVM algorithm, known for its success in
classification and regression, aims to reduce generalization error when applied to unknown data [41].

2/lwll
w
w.x;+b>0
w.x;+b<0
w.X; +b =+1
w.Xj +b =-1 w.x;+b=0

X

Figure 3. General illustration of SVM structure

The basic working principle of SVM is to keep the distance between the closest data points belonging to two
classes at the maximum level. The higher the distance between the classes, the higher the classification
performance. Suppose a d-dimensional dataset x(i) and an n-dimensional training set with binary class labels (-
1,1). The SVM algorithm tries to obtain the hyperplane wx + b = 0 where the maximum level of the closest distance
between the data points belonging to two classes is obtained [42].

The margin is defined as shown in Equation (1):

2
Margin = —— ey
[wl]

Here, w is the weight vector, ||-|| is the Euclidean norm of w. To maximize the hyperplane distance between
classes, it is equivalent to minimizing ||w]| in accordance with the conditions outlined in Equation (2):

inlwl[?
m1n5|w| 2)
yilw.x; +b) =1

The optimization problem can be solved by converting it into binary form using the Lagrange multipliers in
Equation (3):

1 2
Lw,b,a@) =+ [Iwl]* - Z a(i) * [y(@) * (w - x(0) + b) — 1] 3)

Here, a(i) represents the Lagrange multiplier. The most appropriate w (weight) and b(bias) values can be
found by maximizing L(w,b,a), subject to the constraints o(i) > 0 and Y a(i) * y(i) = 0. SVM tries to define the
hibernation plane separating positive and negative examples in linearly separable data. Also, in some classification
problems, if the training data is not linearly separable, a kernel function is used to transform it to a higher
dimensional space. Therefore, the non-linearly separable examples are transferred from the current space to various
spaces with kernel functions such as radial basis function (RBF) and Gaussian [43], [44].

2.4. Proposed Method

In the proposed method, image augmentation techniques were first applied to the original dataset to ensure
the optimal learning of CNN models. In the second step, the increased data were used as input to the proposed
hybrid transfer learning methods consisting of MobileNetV2, DenseNet201, and InceptionV3 deep architectures.
In addition, a global average pooling layer has been added to the last section to increase the representation ability
of the features obtained from the transfer learning methods used. The PCA feature selection algorithm was applied
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separately to the various features obtained from the three different transfer learning models. The purpose of this
step was to improve the representation of the feature set obtained from the model and to take advantage of the
dimensionality reduction. As the second step in obtaining features from the model, the separated features were
combined to obtain a more comprehensive perspective. These concatenated features were subjected to PCA. At
this stage, feature selection was observed to play a critical role; therefore, a comprehensive analysis was conducted
to determine the most appropriate feature subset. This analysis includes accuracy assessments performed with
support vector machine (SVM) [41] applied to a series of values, starting from 50 and increasing the number of
components by 25 to 500. This rigorous evaluation process was carried out to determine the best optimized values
for the number of components of the PCA, regularization parameter (C) of the SVM, and coefficient (y) of the
RBF kernel. These optimum parameter values were used to obtain the ideal performance for the classifier model
and ensure the accurate detection of faults in PV panel cells. Consequently, these new features were classified
using the SVM algorithm, and a high-performance model was created to detect faults in PV panel cells. The block
diagram of the proposed method is shown in Figure 4.
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Figure 4. Block diagram of the proposed hybrid method
3. Experimental Results

In experimental studies, as a first step, 70% of the images in the data set are divided into training, 15% for
testing, and 15% for validation. In a second step, data augmentation techniques were applied to the defective class
section due to the irregularity between the defective and functional classes in the images allocated for training
[45], [46], [47].

Performance metrics such as accuracy, precision, recall and F1-score were used to analyze the results obtained
in the deep learning method proposed for PV cell defective detection. Performance metrics can be defined by the
following mathematical Equations (4 to 7)

Accuracy = (TP + TN)/(TP + FN + TN + FP) “)
Precision = TP/(TP + FP) (5)
Recall = TP/(TP + FN) (6)
F1-score = 2TP/(2TP + FP + FN) (7

It consists of 4 basic parameters obtained from the confusion matrices: true positive (TP), true negative (TN),
false positive (FP) and false negative (FN).

Experimental studies on fault diagnosis in PV panel cells were carried out meticulously using state-of-the-art
software such as Python 3.7.13, Tensorflow 2.8.0 and Keras 2.8.0. In addition, it was compiled using hardware
technologies such as Intel(R) Xeon(R) CPU @ 2.30GHz, 27.6 GB RAM, Tesla T4- 16. During the training process,
the epoch size was determined as 100 and the batch size was 16. The 'Adam' optimization method was used with
a learning rate of 0.0001. The initial learning rate was set to 0.0001, and when the validation loss did not decrease
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after 10 epochs, the learning rate was reduced to 0.00001 using ReducLROnPlateau. Binary crossentropy loss
function was used in these models. These adjustments were carefully selected to achieve optimal training results
for PV panel cell defective classification. The hyperparameters used in the MobileNetV2, DenseNet 201 and
InceptinV3 CNN models are given in Table 1.

Table 1. Hyper-parameter values used in hybrid-CNN models

. Optimization - Learning
CNN models Image Size Methods Momentum | Epoch Mini Batch Rate
MobileNetV2 Stochastic
DenseNet 201 224x224 Gradient 0.9 50 16 le-4
InceptionV3 Descent

As shown in the block diagram given in Figure 4, the proposed approach consists of three main stages:
extraction of deep features, feature selection, and classification. The study analyzes how the hybrid use of transfer
learning methods and the inclusion of feature selection algorithms contribute to the overall success. In the task of
feature extraction, these CNN models utilize a global average pooling layer for their outputs, aiming to maintain
the learning levels of the CNN model optimally. The curves of the proposed MobileNetV2, DenseNet201, and
InceptionV3 transfer learning methods are shown in Figure 5. Figure 5 illustrates the training (in red) and
validation accuracy curves (in green). It also includes loss and accuracy curves for both the training and validation
sets.

Training and Validation Loss Training and Validation Accuracy Training and Validation Loss Training and Validation Accuracy

<y o 0.55
oss o
w ’ ° o o L 0 2 L “ 5 3
MobileNetV2 DenseNet 201

Training and Validation Loss Training and Validation Accuracy

oss
2 3 ™ P o 1 »
Epochs Epochs
InceptionV3

Figure 5. Loss and accuracy graphs obtained with the proposed deep architectures

As seen in Figure 5, training accuracies increased by over 80% in the first few steps, and similarly training
loss values regularly dropped below 0.5. In the first stage, the features obtained from the last layer (global average
pooling) of three different transfer learning methods, namely MobileNetV2, DenseNet 201 and InceptinV3,
without including the PCA feature selection algorithm, and the results of classifying these features with the SVM
classification algorithm are shown in Table 2.

Table 2. Results of the proposed methods (a system where PCA is not used)

CNN models+tSVM | Accuracy | Precision | Recall | Fl-score
MobileNetV2 0.84 0.82 0.84 0.83
DenseNet 201 0.84 0.82 0.83 0.83

InceptionV3 0.85 0.83 0.85 0.84
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When referring to Table 2, it becomes evident that in the three transfer learning methods, MobileNetV2 and
DenseNet 201 achieved similar performance results with 84% accuracy, 82% precision, approximately 84% recall,
and 83% F1-score. On the other hand, the InceptionV3 CNN model outperformed the other two methods with 85%
accuracy, 83% precision, 85% recall, and 84% F1-score values, showing a 1% higher performance. These results
are important to understand the effectiveness between the models.

In the second stage, PCA feature selection algorithm was employed to obtain the best feature subset from the
features obtained from three different transfer learning methods: MobileNetV2, DenseNet 201 and InceptinV3. To
optimally select the number of components, which is a determining parameter of PCA, the number of components
was determined to be 50, and the feature and accuracy values were observed to obtain the highest level of
performance with a technique that increased by 25 to 500. At the end of this meticulous process, the most effective
number of components was determined to be 250, 150, and 150 for MobileNetV2, DenseNet201, and InceptionV3,
respectively, as illustrated in Figure 6. Maximum performance results according to the features in the system where
the PCA feature selection algorithm and the SVM classifier are integrated are given in Table 3.

i
T
i
i
i
i

i
}
200 250 300
Number of features

MobileNetV2

50 100 150 350 400 450 083

50 100 150 200 250 300 350

Number of features

DenseNet 201

400 450

50 100 150 200 250 300 350 400 450

Number of features

InceptionV3

Figure 6. Accuracy graphs according to the number of features of 3 different CNN models

Table 3. Results of the proposed methods (a system integrated with PCA)

Models Number of features Classification Accuracy
MobileNetV2 250 0.9129
DenseNet201 150 SVM 0.9099

InceptionV3 150 0.8838

The obtained features were classified using an SVM classifier, and the confusion matrices resulting from
SVM classification are presented in Figure 7. According to the results in Table 3, applying the PCA feature
selection algorithm to CNN models yielded accuracy results of 91.29% for MobileNetV2, 90.99% for
DenseNet201, and 88.28% for InceptionV3. Upon observation of the results, it is evident that the features selected
by PCA optimize the representation capabilities, allowing for the differentiation of defective and functional PV
cell samples. The SVM algorithm effectively distinguishes between defective and functional cells by classifying
these features. Comparing these results with Table 2, MobileNetV2 exhibited 7.29%, DenseNet201 showed 6.99%,
and InceptionV3 displayed 3.28% higher accuracy performance. Detailed confusion matrices resulting from the
PCA feature selection algorithm integrated into three separate CNN models are detailed in Figure 7.
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Figure 7. Confusion matrices obtained with feature subset

The performance metrics obtained at each stage of the proposed model shed light on the strengths and
weaknesses of the transfer learning methods integrated for defect detection in EL images. These experimental
results aim to help researchers choose the most appropriate transfer learning approach for similar tasks.

In the final stage of the experimental study, features detailed from the MobileNetV2, DenseNet201, and
InceptionV3 CNN models, as elaborated in Figure 6, were combined to create 550 new feature subsets for each
image. To focus on a more effective and informative subset of features, the PCA algorithm was applied again. In
Figure 8, a graph of accuracy is presented based on the number of components detailed in the previous step, aiming
to determine the best subset component count from the merged features. In addition, Figure 8 shows in detail the
confusion matrices obtained from the classification of the best features by the SVM algorithm.
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Figure 8. The proposed model; (a) accuracy plot according to the number of features, (b) confusion matrices

The performance metrics calculated with confusion matrices obtained from experimental studies using the
proposed combination of fusion, PCA, and SVM are presented in Table 4. Upon evaluating the performance results
obtained, the proposed method demonstrated superior performance compared to other results. Additionally, it is
compared with the two-class (functional/defective) study conducted by A¢ikg6z and Korkmaz [29] using the same
dataset, as shown in Table 5. Both studies utilized the same training, testing, and validation rates for the two-class
dataset. When the performances were compared for 70% training, 15% testing, and 15% validation, the proposed
method exhibited approximately 1% higher performance using 225 features. This literature comparison highlights
the importance and effectiveness of the proposed method. Furthermore, Demirci et al. [31], who employed the
same dataset in their study, divided the dataset into 80% for training and 20% for testing. They achieved accuracies
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of 89.33% and 94.52%, respectively, with the L-CNN and deep feature-based SVM (DFB-SVM) methods
proposed in their study. Upon observing the performance results of 2000 features produced using the DFB-SVM
approach described by Demirci et al. [31], performance results close to these were obtained with 225 features
generated using the proposed method. However, it is not appropriate to compare the performance of the proposed
model with previous studies where separated datasets for training and testing were used in different proportions.
Dataset sections used in different proportions may affect the model's performance and may not be suitable for an
accurate comparison.

Table 4. The results of the proposed Hybrid CNN-PCA method

CNN models Accuracy Precision Recall F1-score

Proposed method 0.9219 0.92 0.90 0.91

Table 5. The comparison of the proposed method with the method using the same dataset

CNN models Accuracy | Precision Recall F1-score
Acikg6z and Korkmaz [29] 0.9129 0.8421 0.8972 0.8688
Proposed method 0.9219 0.92 0.90 0.91

4. Conclusion

In this study, an improved transfer learning method is presented for effective detection of faults in PV panel
cells. PCA algorithm was integrated separately using widely preferred deep learning models such as MobileNetV2,
DenseNet201 and InceptionV3. In the next stage, the resulting feature subsets were combined and processed again
with the PCA algorithm. This approach aims to benefit from information at different scales while preserving the
unique attributes of each model. The obtained features were processed with the SVM algorithm and the defects in
PV panel cells were classified. As a result of the experimental studies, an accuracy rate of 92.19% was achieved.
The proposed method performed approximately 1% better than the study conducted using the same dataset in the
literature.

In future studies, it is aimed to optimize this method for defective detection in the cells of PV panels and to
enable it to work in real time on embedded systems. Additionally, it is planned to contribute to the literature by
creating a more comprehensive PV panel dataset.
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