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indicate that the GNB algorithm surpasses BNB, with a mean average
precision (mAP) of 39.83% with an 85:15 training-test ratio, whereas BNB
reaches a maximum mAP of 29.25% at a 90:10 ratio. Nonetheless, both
models demonstrate constraints in precision, as indicated by a total AUC of
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1. INTRODUCTION

In recent years, the use of renewable energy sources, particularly solar energy, has become more
popular as a substitute for energy sources that are environmentally friendly and dependable[1]. Solar panels
play a significant role in the process of converting sunlight into clean electrical energy[2]. However, solar
panels often experience various [3], such as cracks, scratches, and stains, caused by exposure to extreme
weather, dust, and other environmental factors. This damage can reduce the effectiveness of sunlight
absorption, which in turn decreases the electrical power generated by the solar panels[4]. This condition implies
a decrease in energy efficiency, as well as contributing to increased maintenance costs and reduced panel
lifespan. With the increasing use of solar panels in various sectors, the need to detect and classify surface
damage on the panels with high accuracy and efficiency is becoming more urgent[5]. Early detection of panel
damage allows for timely maintenance or replacement, thereby contributing to the maintenance of optimal
performance and maximizing the lifespan of the panels. Methods that can be applied to identify damage on
solar panels involve texture feature extraction using a statistical approach[6]. This method allows for the
identification of specific texture patterns that may indicate the type of damage on the panel surface.
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This research focuses on the significance of early detection of damage occurring on the surface of
solar panels. Solar panels often face several damages, including cracks, scratches, and stains caused by
environmental exposure and extreme weather conditions[7]. This damage has the potential to reduce the
efficiency of solar panels in generating energy and can lead to increased maintenance costs if not identified
early on. The texture-based feature extraction method using statistical indicators such as Mean, Variance,
Standard Deviation, Skewness, Kurtosis, and Entropy is expected to identify various types of damage on the
panel surface with a high level of accuracy[8]. This research aims to create a reliable automatic detection
system by utilizing classification algorithms such as Naive Bayes, which can assist in the maintenance and
replacement processes of solar panels more efficiently.

Naive Bayes classification is a classification method that utilizes Bayes' probability theorem to
categorize data into specific classes[9]. The uniqueness of this method lies in its "naive" or simple nature,
which assumes that all features used for classification are independent of each other, even though dependencies
may exist. Although this assumption seems naive, the main strength of the Naive Bayes algorithm lies in its
ability to handle high-dimensional datasets, its efficiency in processing, and its resilience in facing uncertainty
or diversity in the data.

The methodology of this research involves several stages. First, the collection of solar panel image
data will be carried out and prepared for analysis. Next, relevant features will be extracted from the solar panel
images using image processing techniques[10]. After that, the data will be divided into training and testing
sets. The Naive Bayes classification model will be trained using the training set, and its performance will be
evaluated using the testing set. The experimental results will be analyzed to evaluate the accuracy and
performance of the algorithm in identifying damage to solar panels[11]. Various factors affecting the results,
such as the type of features extracted and the size of the training data, will be discussed to understand the
strengths and weaknesses of the methods used. It is hoped that the results of this research will not only provide
practical contributions to the development of image-based damage identification systems for solar panel
surfaces but also pave the way for further research on the application of this technology in various contexts,
such as damage recognition on the surfaces of other objects in various industries[12]. By combining artificial
intelligence and image analysis, this research reflects significant progress in the development of solar panel
surface damage recognition technology through images.

2. METHOD

The methodology of this research involves several stages. First, the collection of solar panel image
data will be carried out and prepared for analysis. Next, relevant features will be extracted from the solar panel
images using image processing techniques. After that, the data will be divided into training and testing sets.
The Naive Bayes classification model will be trained using the training set, and its performance will be
evaluated using the testing set perform in Figure 1.
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Figure 1. Classify Method with Naive Bayes
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The experimental results will be analyzed to evaluate the accuracy and performance of the algorithm
in identifying damage to solar panels. Various factors affecting the results, such as the type of features extracted
and the size of the training data, will be discussed to understand the strengths and weaknesses of the methods
used. It is hoped that the results of this research will not only provide practical contributions to the development
of image-based damage identification systems for solar panel surfaces but also pave the way for further research
on the application of this technology in various contexts, such as damage recognition on the surfaces of other
objects in various industries. By combining artificial intelligence and image analysis, this research reflects
significant progress in the development of solar panel surface damage recognition technology through images.

3. RESULTS AND DISCUSSION

In this section, the research results are presented based on the analysis of texture features extracted
from solar panel surface images. Each statistical feature, namely Mean, Variance, Standard Deviation,
Skewness, Kurtosis, and Entropy, is analyzed to assess its effectiveness in identifying types of damage,
including cracks, scratches, stains, and undamaged conditions.
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Figure 2. Covert to Matrix

Figure 2 is an example of one of the images processed using Google Colab, resulting in features that
have been extracted into matix. mean, variance, standard deviation, skewness, kurtosis, and entropy. These
results were obtained from the numbers found in the histogram results. From the texture feature extraction
calculations, the results for each image are as follows in fugure 3.

Table 1. Result of Extract Feature

Matrik dari Gambar Fitur Ekstraksi
74 73 - = 255 255 Mean = 102.897
[ 77 76 - - 78 255} Variance = 6482.891
Standard Deviation = 80.516
l16'7 96 - - 107 255J Skewness = 0.568
68 98 - - 255 255 Kurtosis = -0.579

Entropy = 8.006

The combination of maximum and lowest values derived from statistical feature extraction techniques applied
to photographs of the surface of solar panels is shown in Table 2. The features, encompassing metrics such as
Mean, Variance, Standard Deviation, Skewness, Kurtosis, and Entropy, include vital textural characteristics
crucial for the identification and classification of damage types. Through the examination of the highest and
lowest values for every characteristic, this research demonstrates the variations and trends in surface textures
linked to various forms of damage. These combinations function as essential inputs for the classification
algorithms, facilitating a robust and precise identification process for surface faults on solar panels.

Table 2. Combination maximum and minimum feature extraction by statistical

Type Mean Variance Standard Deviation Skewness Kurtosis Entropy
Max Min Max Min Max Min Max Min Max Min Max Min
Non Defect 209.179 | 18.088 | 9614.14 25.976 98.051 5.096 5.839 -7.429 261.147 -1.977 7.392 | 4.499
Crack 227.375 | 43.349 | 7671.45 11.151 87.586 3.339 17.181 -12.450 1326.076 -1.622 8.294 | 1.791
Scratch 185.814 | 31.373 | 7959.82 | 112.911 | 89.217 10.625 3.508 -7.012 205.714 -1.596 8.302 | 3.970
Spot 186.353 | 34.959 | 8066.54 90.637 89.814 8.402 2.907 -5.945 141.179 -1.818 7.321 | 4.394
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The features of each defect type are examined in this chapter using a Feature Extraction technique,
which is visually displayed. The data, derived from Table 3 and illustrated in Figure 3, demonstrates the
statistical feature extraction technique. The x-axis displays the variables associated with the statistical traits,
and the y-axis represents their corresponding frequencies. This image offers a precise comparison of feature
distribution among various defect categories, emphasizing patterns and anomalies crucial for accurate
categorization. Through the analysis of these graphical representations, the study acquires enhanced
understanding of the unique textural characteristics that distinguish each damage category on solar panel
surfaces.

Table 3. Feature extraction by statistical

Non-Defect Crack Scratch Spot
Mean 84.532 111.757 99.452 99.833
Variance 23.751 28.030 24.883 22.568
Standard Deviation 46.354 51.694 48.458 45.874
Skewness -0.917 -0.406 -0.532 -0.607
Kurtosis 7.396 10.733 4.059 4.975
Entropy 6.135 6.487 6.115 5.923
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Figure 3. llustration from Feature Extraction

The graph delineates four defect categories: non-defect, crack, scratch, and spot, alongside their
corresponding statistical feature extraction values. The statistical feature extraction values include mean,
variance, standard deviation, skewness, kurtosis, and entropy. The horizontal axis of the graph represents
several statistical feature extraction values, while the vertical axis signifies the magnitude of these values.
The graph illustrates that the statistical feature extraction values for each failure type differ significantly. The
non-defect samples have relatively low values across all six statistical feature extraction metrics, but the defect
samples show markedly higher values for most parameters. Among the three defect categories, the fracture
samples have the highest mean, variance, and standard deviation values.

This graph facilitates understanding the differences in statistical feature extraction values across
distinct fault categories. This data can be employed to develop algorithms that independently detect and classify
defects based on their statistical feature extraction values. Analyzing the statistical feature extraction values of
multiple samples facilitates the recognition of trends that aid in the detection and classification of defects in
digital images.

Table 4. Result of classification statistical feature extraction using Bernaulli Naive Bayes

Feature Extraction Method | Classification Training : Test MAP (%)
Statistical Bernoulli NB 70:30 28.25 %
Statistical Bernoulli NB 75:25 28.30 %
Statistical Bernoulli NB 80:20 27.62 %
Statistical Bernoulli NB 85:15 28.00 %
Statistical Bernoulli NB 90:10 29.25 %
Statistical Bernoulli NB 95:05 27.50 %

Journal of Applied and Research Computer Science and Information Systems,Vol. 2, No. 2, December 2024:211-217



215
Journal of Applied and Research Computer Science and Information Systems

To illustrate the accuracy of the approach, Table 4 presents the classification results using Bernoulli
Naive Bayes utilizing Statistical FE. Accuracy is calculated by dividing the number of correctly identified
photos by the total number of images in the dataset. The system is trained on a labeled dataset and subsequently
evaluated on an unlabeled dataset, where the predicted class labels are compared to the actual labels. Altering
the characteristics of the training and testing data can provide divergent accuracy values. The classification
accuracy achieved using Statistical Feature Extraction using the Bernoulli Naive Bayes model illustrates the
effectiveness of feature extraction techniques and the algorithm's performance.

Table 4 displays the performance evaluation outcomes of a classification model utilizing the statistical
feature extraction technique in conjunction with the Bernoulli Naive Bayes classifier. The model was trained
and assessed using diverse training-test data ratios ranging from 70:30 to 95:5. The evaluation metric utilized
is mean average precision (MAP) expressed as a percentage (%). The results demonstrate that the highest mAP
score of 29.25% was attained with a training-test data ratio of 90:10, while the lowest mAP score of 27.50%
was noted with a training to test data ratio of 95:5. The model's performance is inadequate, underscoring the
need for improvements in the feature extraction and classification methods utilized.

Table 5. Result of classification with statistical feature extraction using Gaussian Naive Bayes

Feature Extraction Method Classification Training : Test mMAP (%)
Statistical Gaussian-NB 70: 30 39.16 %
Statistical Gaussian-NB 75:25 39.70 %
Statistical Gaussian-NB 80: 20 39.75 %
Statistical Gaussian-NB 85:15 39.83 %
Statistical Gaussian-NB 90:10 37.50 %
Statistical Gaussian-NB 95:5 39.50 %

In subsequent trials, Gaussian Naive Bayes is employed as the classification algorithm. Table 5
displays the identical Extraction Feature, specifically Statistical, utilizing Gaussian Naive Bayes. The
proportions of the training and test datasets are uniform throughout all studies. The table demonstrates that
optimal performance is achieved with a training to test data ratio of 85:15, resulting in a mAP of 39.83%.
Performance deteriorates with a training to test data ratio of 90:10, indicating possible overfitting from an
abundance of training data. The results suggest that the statistical feature extraction technique, in conjunction
with the Gaussian-NB classifier, exhibits somewhat superior effectiveness in identifying defects in solar
photovoltaic modules. The Area Under the Curve (AUC) evaluates the classifier's comprehensive performance
across all possible thresholds. AUC values range from 0 to 1, where 0 indicates a poor classifier, 0.5 signifies
a random classifier, and 1 represents a perfect classifier. A higher AUC value indicates that the model has an
improved ability to distinguish between positive and negative examples, demonstrating its superior
discriminatory power. The AUC can be calculated using the formula shown in

AUC = Recall+Specificity (1)

To calculate AUC, the Recall and Specificity values are required. Recall and Specificity values are
added and divided by two to get the AUC value.

Table 6. Calculation of Recall

Recall = L
A T TP+ EN
Recall (Crack) = 143 = 0.453 Recall (No Def = 154 = 0.542
ecall (Crac “mrin - " ecall (No eect)—m— .
84 179
Recall (Scratch) = m = 0.273 Recall (SpOt) = m = 0.608
R(C) + R(ND) + R(S) + R(S)  0.453 4+ 0.542 4+ 0.273 + 0.608
Average Recall = Class = ” = 0.469

Recall values for each classification are shown in Table 6, which also shows the calculation of recall
for the different categories (Crack, No Defect, Scratch, and Spot) and the total recall. Recall is a performance
metric that quantifies the ratio of correct positive predictions to the total number of real positive cases. It is
sometimes referred to as sensitivity or true positive rate.
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The recall for the "Crack" class is calculated by dividing the true positives (TP) by the sum of true
positives and false negatives (TP + FN). The computation results in 143 / (143 + 172) = 0.453. The recall for
the "No Defect" category is calculated by dividing the true positives by the sum of true positives and false
negatives. The computation is 154 divided by the total of 154 and 130, yielding 0.542. The recall for the
"Scratch” class is calculated as 84 / (84 + 223) = 0.273. The recall for the "Spot" class is calculated as 179 /
(179 + 115) = 0.608. Mean Recall: Total recall is computed by summing the recall values for each class and
dividing by the total number of classes. The computation is (0.453 + 0.542 + 0.273 + 0.608) / 4 = 0.469.

The recall numbers provide insights into the model's effectiveness in correctly detecting examples of
each class. It evaluates the model's sensitivity in detecting positive instances for each class individually. Total
recall signifies the average recall across all categories, indicating the model's overall effectiveness in
identifying good instances. Recall assesses a classification model's ability to correctly identify positive
instances and complements other metrics, such as precision and accuracy, in evaluating the model's overall
effectiveness. Specificity is a performance metric used in binary classification to evaluate a model's ability to
identify negative data. The computation represents the ratio of true negatives (TN) to the sum of true negatives
(TN) and false positives (FP).

Table 7. Measurement of specificity

T
Specificity = TN EP

Specificity (Crack) = 738 =0.833 Specificity(No Defect) = 865 = 0.944

pecificity (Crac 7381147 O pecificity(No Defec “865351
Specificity (Scratch) = 708 _ 0.825 Specificity (Spot) = 613 _ 0.676
pecificity (Scratc =3 +149- pecificity (Spo =e37203_ "

e S(ND) + S(C) +S(S) +S(S)  0.833 4+ 0.944 + 0.825 + 0.676
Total Specificity = Class = m =0.819

The specificity values for the several classes (Crack, No Defect, Scratch, and Spot) as well as the total
specificity are calculated and shown in Table 7. Specificity, or the real negative rate, measures the proportion
of accurate negative predictions relative to the total number of actual negative cases. The specificity for the
"Crack" class is calculated by dividing the true negatives (TN) by the sum of true negatives and false positives
(TN + FP). The computation is 738 divided by the total of 738 and 147, yielding 0.833. The specificity for the
"No Defect" class is calculated by dividing the number of true negatives by the sum of true negatives and false
positives. The computation is 865 divided by the total of 865 and 51, yielding 0.944. The specificity for the
"Scratch" class is calculated as 703 / (703 + 149) = 0.825. The specificity for the "Spot" class is calculated as
613/ (613 + 293) = 0.676. The average specificity is determined by summing the specificity values for each
class and dividing by the total number of classes. The computation results in (0.833 + 0.944 + 0.825 + 0.676)
/4=0.819.

The specificity values reflect the model's ability to correctly identify negative occurrences for each
class. It evaluates the model's ability to avert false positive predictions. Total specificity represents the average
specificity across all classes, indicating the model's overall effectiveness in identifying negative instances. The
Recall and Specificity values have been obtained, enabling the computation of the Area Under the Curve by
inserting the Recall and Specificity values into the AUC formula in (2.37). The following calculation relates
to the AUC value:

0.469+0.819

AUC = —Y = 0.644 =64.4%

The calculation shows how the Area Under the Curve (AUC) value was determined. The AUC is a
widely used metric for evaluating the effectiveness of a classification model. It evaluates the model's ability
to distinguish between positive and negative cases across all possible classification thresholds.

The Recall value is determined by summing the recall values for each class (Crack, No Defect,
Scratch, Spot) and dividing by the total number of classes. The computation is (0.453 + 0.542 + 0.273 +
0.608) / 4 = 0.469. The specificity value is calculated by summing the specificity values for each class and
dividing by the total number of classes. The computation results in (0.833 + 0.944 + 0.825 + 0.676) / 4 =
0.819. The total AUC is obtained by averaging the AUC values calculated for recall and specificity. The
computation is (0.469 + 0.819) / 2 = 0.644.

The AUC value ranges from 0 to 1, with a higher value indicating enhanced performance. An AUC
of 0.5 denotes a model with no discriminatory ability, whereas an AUC of 1 represents a perfect model. The
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model attained an AUC value of 0.644. It has been demonstrated that it can precisely differentiate 64.4% of
the total actual occurrences.

4. CONCLUSION

This research explores the use of statistical feature extraction techniques to identify and classify
various types of damage on solar panels through digital images. Two classification algorithms, namely
Bernoulli Naive Bayes (BNB) and Gaussian Naive Bayes (GNB), were used to evaluate the effectiveness of
this approach. The analysis results show that GNB performs better than BNB, with the highest mean average
precision (mAP) of 39.83% at a training and testing data ratio of 85:15. In contrast, BNB achieved the highest
mAP of 29.25% at a 90:10 ratio, but its overall performance was less optimal. The decline in performance at
several data ratios indicates the need for improvements in feature extraction techniques and classification
algorithms to address the model's limitations.

Additionally, metrics such as recall, specificity, and area under the curve (AUC) are used to evaluate
the model's performance comprehensively. The average recall value of 0.469 indicates that the model still has
weaknesses in detecting positive cases, while the average specificity value of 0.819 shows a fairly good ability
to avoid false positive predictions. An AUC of 0.644 indicates that the model has a moderate ability to
distinguish between positive and negative cases. Overall, this study shows that the combination of statistical
feature extraction techniques and the Naive Bayes algorithm can be used for classifying solar panel damage,
but further development is needed to improve its accuracy and effectiveness.
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