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Introduction 

The global energy market is undergoing a transition from 

traditional fossil fuel–based systems to environmentally 

friendly, clean, and sustainable energy production systems. 

Solar energy, as an easily accessible and entirely clean 

energy source, is leading this transition [1], [2]. 

Photovoltaic (PV) panels are the primary instrument used to 

generate electricity from solar energy. They are made of 

semiconductor materials. When sunlight reaches the PV 

surface, photons are absorbed by the semiconductor 

material, generating electron–hole pairs that drive the 

conversion of solar energy into electrical power [3]. 

However, maintaining the structural integrity and surface 

cleanliness of PV panels is crucial for ensuring long-term 

efficiency and reliable operation. Dust, dirt, and bird 

droppings, in particular, can significantly reduce electricity 

generation efficiency, while the failure to detect electrical 

or physical damage at an early stage may lead to permanent 

deterioration [4]. Thus, it is essential to implement 

systematic inspection strategies for PV panels, 

incorporating early fault detection and timely intervention, 

to ensure the sustained and optimal operation of both grid-

connected and off-grid solar systems. 

Manually inspecting PV panels is inherently labor-

intensive, time-consuming, and practically infeasible given 

the large-scale nature of modern installations. To address 

these limitations, computer-aided detection systems offer 

an effective and scalable alternative. With recent advances 

in computer vision, PV panel faults can be accurately 

identified using imaging methods such as 

electroluminescence (EL), infrared (IR), and visible 

spectrum (RGB) imaging data, each providing 

complementary insights into different types of faults. Also, 

these approaches enable non-contact, rapid, large-scale and 

full automated inspection, thereby significantly enhancing 

both detection accuracy and operational efficiency 

compared to traditional manual methods [5]. Furthermore, 

the availability of large-scale PV datasets facilitates the 

development of more advanced and robust machine 

learning approaches. In this context, there has been a 

significant increase in machine learning-based research on 

PV fault detection, diagnosis, and localization over the past 

decade [6]. 

Recent advancements in deep learning have considerably 

improved the effectiveness of image-based fault detection 

in photovoltaic panels. More specifically, convolutional 

neural networks (CNN)s have demonstrated outstanding 

performance in this domain due to their powerful feature 
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The global energy sector is increasingly shifting from fossil-fuel-based generation to renewable energy 

sources, with solar photovoltaic (PV) systems playing a critical role in sustainable electricity production. 
However, the operational efficiency of PV panels strongly depends on maintaining their surface 

cleanliness and structural integrity. Therefore, early and accurate fault detection is essential to ensure 

maintained efficiency and system reliability. This study introduces a lightweight deep learning framework, 
termed SE-MobileNet, for diagnosing PV surface faults such as dust, dirt, and bird droppings, as well as 

physical and electrical damage. The proposed model incorporates a Squeeze-and-Excitation (SE) block 

into a MobileNet backbone to enable channel-wise feature recalibration without imposing a significant 
computational burden. Experimental results demonstrate that this adaptive channel-wise refinement yields 

a notable improvement in classification performance, increasing the macro F1-score from 0.776 to 0.837, 

while outperforming a range of benchmark convolutional and transformer-based models. Furthermore, the 
model achieves a favorable trade-off between accuracy and computational complexity, with an inference 

time of 12.73 ms and 78.54 FPS, supporting near real-time deployment in practical PV monitoring 

applications. 
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extraction capabilities for image modalities [7]. In contrast 

to traditional handcrafted feature extraction techniques, 

CNN-based deep learning models automatically learn 

hierarchical and highly discriminative features from raw 

data. Coupled with their end-to-end learning frameworks, 

this makes deep learning approaches a more robust and 

reliable solution for complex image analysis task. Although 

deep learning has demonstrated high accuracy in PV panel 

fault detection, its substantial model complexity and large-

scale data requirements indicate that these architectures still 

require further improvement. In addition, challenges such 

as data imbalance, the need for effective data augmentation 

strategies, and the dependency on robust preprocessing 

pipelines remain critical issues that can significantly affect 

model performance and generalization [8]. Therefore, 

current research trends in PV fault detection and 

classification emphasize the development of more efficient 

and robust architectures to address these challenges. 

This study proposes a lightweight deep learning framework 

based on a Squeeze-and-Excitation [9] enriched MobileNet  

[10] architecture (SE-MobileNet) for PV panel fault 

detection and classification. The proposed model utilizes a 

channel-wise attention mechanism to enhance feature 

representation capabilities, while maintaining low 

computational complexity through a lightweight backbone 

design. In contrast to conventional deep learning models 

that prioritize accuracy at the expense of efficiency, the 

proposed approach aims to achieve a better trade-off 

between detection performance and model complexity. 

The main contributions of this study can be summarized as 

follows: 

• A lightweight SE-MobileNet architecture is proposed 

for PV panel fault detection. 

• A channel-wise attention block is incorporated to 

enhance feature representation capability. 

• A comprehensive comparison is conducted with other 

CNNs and Transformer-based models. 

• The proposed model is designed to provide a favorable 

trade-off between accuracy and model complexity. 

• The framework is suitable for real-time and large-scale 

PV monitoring applications.   

Related Work 

For solar PV systems, early fault detection and accurate 

classification of fault types are crucial for minimizing 

power losses, extending the life span, and preventing 

irreversible damage. Therefore, the researchers have 

focused on developing reliable and robust fault detection 

and classification methods for PV systems. The fault 

detection approaches mostly rely on data obtained from 

non-electrical imaging modalities and electrical 

measurements [6], [8]. In particular, non-electrical imaging 

methods enable large-scale data acquisition using relatively 

simple setups, thereby facilitating the application of 

advanced machine learning models. Previous studies on PV 

fault detection, classification, and localization have 

explored conventional and deep learning, which are 

reviewed in this section under separate subheadings. 

Conventional Models 

Conventional approaches seek to characterize PV module 

faults by extracting handcrafted features, including 

filtering-based descriptors, histogram representations, 

thresholding techniques, and pixel intensity distributions 

[11]. The extracted features are subsequently fed into 

classical and relatively simple classifiers for fault detection 

and diagnosis. For example, Niazi et al. [12] used a Naive 

Bayes classifier with texture features extracted from 

thermal images to classify PV panels as defective or non-

defective, achieving 98.4% accuracy in binary 

classification. Et-taleby et al. [13] introduced a hybrid fault 

detection and classification pipeline integrating thermal 

image processing and Mamdani fuzzy logic to diagnose six 

critical PV fault types. Their framework extracts physically 

interpretable features, including maximum and minimum 

temperatures, as well as hotspot and shadow ratios. Shaban 

et al. [14] fused statistical and texture features for the 

detection and classification of PV panel defects using EL 

images. The proposed framework adopts a two-stage 

classification strategy, including both binary and multi-

class classification. In the first stage, a Naive Bayes 

classifier is used to detect abnormal panels, followed by a 

multi-layer perceptron (MLP) for classifying defective 

panels into different fault categories. Similarly, Ali et al. 

[15]also proposed a hybrid feature engineering-based 

framework for PV fault detection and classification using 

infrared thermography. A fused feature vector consisting 

of RGB features, texture descriptors, HOG, and Local 

Binary Patterns (LBP) was constructed and classified using 

an SVM model. The proposed approach achieved 92% 

testing accuracy for a three-class classification task.  

Traditional approaches primarily rely on carefully 

designed handcrafted features. The feature extraction and 

selection are often dependent on domain expertise and 

iterative trial-and-error processes, making the pipeline 

complex and time-consuming. Moreover, classical 

classifiers tend to provide limited generalization capability 

when applied to large-scale and complex datasets, which 

remains a significant limitation. 

Deep Learning Models 

Deep learning has emerged as a promising pathway across 

diverse domains, enabling tasks such as visual PV 

inspection, anomaly detection, targeted defect 

identification, and simultaneous object recognition [5]. 

Through their hierarchical architectures, these models 

automatically learn and refine representations from low-

level patterns to high-level semantic information, 

eliminating the need for manual feature engineering.  
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Figure 1. Schematic overview of the proposed PV panel fault detection pipeline 

However, the effective training of such architectures relies 

on large-scale labeled data, the acquisition and annotation 

of which are both costly and time-consuming [16]. In 

recent years, the increasing availability of large-scale 

annotated datasets has significantly accelerated the 

development of deep learning-based approaches for remote 

inspection and fault analysis of PV systems.  Malek et al. 

[17] proposed an efficient feature engineering approach 

based on a pre-trained VGG-16 model for PV fault 

detection. Features extracted from convolutional and 

pooling layers were subsequently fed into a random forest 

(RF) classifier for binary classification and a logistic 

regression (LR) model for fault categorization, achieving 

accuracies of 97.54% and 89.44%, respectively. Sonawane 

et al. [18] investigated various class balancing strategies to 

address inter-class imbalance in the detection of diverse PV 

fault types from RGB images using deep learning. They 

employed an InceptionV3 model and further validated the 

robustness of the proposed balancing strategy using a 

YOLOv8 classifier.  In another study, Tang et al. [19] 

proposed a transfer learning-based depth reduction 

framework (TLDR-CNN) for PV fault classification using 

infrared imagery. By integrating a multi-scale feature 

extraction module into a VGG-16 backbone, the proposed 

model achieved improved classification performance while 

reducing computational complexity. Similarly, Bamisile et 

al. [20] introduced an attention-based residual network 

with a multi-scale convolutional structure for infrared-

based PV fault classification. The proposed model 

achieved 0.968 accuracy and 0.981 ROC-AUC in binary 

classification, and up to 0.971 accuracy and 0.993 ROC-

AUC in multi-class settings, demonstrating strong 

robustness under class imbalance and real-world thermal 

variability. Ledmaoui et al. [21] introduced an explainable 

AI-based framework built upon an enhanced VGG-16 

model for anomaly detection in PV panels using RGB 

imagery. The model effectively identified defects such as 

dust and bird droppings, achieving an accuracy of 91.46%, 

while incorporating data augmentation and oversampling 

strategies to address dataset limitations. 

Owing to the rapid advancement and availability of 

computational resources, the adoption of deep learning 

architectures in solar PV analysis has become widespread. 

However, these methods still face critical challenges, 

including limited labeled data, class imbalance, low-

contrast fault patterns, and high inter-class similarity. To 

address these issues, researchers have sought to improve 

existing models through architectural modifications, 

preprocessing techniques, and data augmentation 

strategies. Nevertheless, real-world applications demand 

lightweight and efficient architectures capable of handling 

class imbalance without introducing excessive 

computational complexity, highlighting the need for 

performance-enhancing yet resource-efficient design 

strategies. 

Material and Method 

The proposed framework follows a structured pipeline, 

including dataset preparation, preprocessing, and data 

augmentation. A lightweight SE-MobileNet with channel-

wise attention is employed for PV panel fault detection to 

enhance feature representation. The model is evaluated in 

terms of detection accuracy, computational complexity, 

and inference efficiency, demonstrating its suitability for 

real-time and large-scale applications. Figure 1 presents the 
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overall flowchart of the proposed PV panel fault detection 

and classification framework. 

Dataset Description 

The solar photovoltaic dataset [22] is a publicly available 

dataset comprising 875 RGB images collected under 

diverse conditions and categorized into six classes for 

classification task. Five classes correspond to specific fault 

types, namely bird droppings, dusty panels, physical 

damage, electrical damage, and snow-covered, while the 

remaining class represents healthy (clean) solar panels. The 

dataset makes direct analysis of solar panel surfaces feasible 

using image processing techniques for fault detection. 

Example samples from each class are shown in Figure 2. 

Although the dataset exhibits considerable diversity in fault 

types, a noticeable class imbalance exists among the 

categories. Table 1 provides a quantitative and qualitative 

overview of the dataset distribution. 

Table 1. Quantitative and qualitative overview of each class 

Class Name Description Samples 

Bird Drop Panels contaminated by bird droppings 207 

Clean Panels in perfect condition 193 

Dusty Panels contaminated with dust 190 

Electrical Damage Hot spot and electrical defects 103 

Physical Damage Cracks and broken glass 69 

Snow Covered Partially or fully covered with snow 123 

PV Panel Image Preprocessing 

In classification tasks, preprocessing plays a crucial role in 

ensuring reliable model performance [20]. Variations in 

image characteristics, such as resolution, contrast, and class 

imbalance, can adversely affect feature learning and limit 

the generalization capability of deep learning models. To 

ensure compatibility with the proposed model and pre-

trained benchmark models, all input images were resized to 

fixed spatial dimensions. Specifically, PV images were 

resized to 224×224 for CNN-based models and 384×384 for 

ViT model. In resizing process, reflection (symmetric) 

padding was applied along the shorter dimension to 

preserve the aspect ratio and avoid geometric distortion. 

Subsequently, images were downsampled using bicubic 

interpolation. Furthermore, all images were converted to 

single precision and scaled to the [0,1] range to ensure 

consistency with ImageNet-based pre-training. 

Data Augmentation 

Due to the limited number of PV class samples, a data 

augmentation technique was applied to increase sample 

variation and overcome the relative inter-class differences. 

The data augmentation steps improve the model’s ability to 

generalize, thereby enhancing its predictive score [2], [4], 

[23].  

To address the class imbalance in the PV surface fault 

dataset, data augmentation was applied exclusively to the 

training set. Since the dataset contains uneven class 

distributions, with some PV fault categories being 

represented by substantially fewer samples, the 

underrepresented classes were augmented more extensively 

during training. Specifically, on-the-fly data augmentation 

was performed using random rotations (−15° to 15°), 

horizontal reflections, translations within ±10 pixels along 

both axes, and scaling in the range of 0.9–1.1. Vertical 

flipping was intentionally avoided to preserve the realistic 

structural orientation of PV panels. This strategy increased 

the effective diversity of minority-class samples and 

partially alleviated the adverse influence of class imbalance 

on the learning process. The validation and test sets were 

kept in their original, non-augmented form to ensure an 

unbiased and realistic evaluation of model generalization.

 
 

Figure 2. Example images from the PV panel fault detection dataset, showing representative samples for each fault 

category and the healthy (clean) class
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Figure 3. Core architectural components of the proposed model: (a) Depthwise separable convolution, (b) squeeze-and-

excitation (SE) block for channel-wise feature recalibration.

SE-MobileNet 

MobileNet [10] is a lightweight CNN architecture based on 

depthwise separable convolutions, primarily designed for 

embedded vision applications. Its efficient structure enables 

a balanced trade-off between computational cost and 

classification accuracy. Despite its lightweight design, 

MobileNet demonstrates competitive performance when 

compared to deeper and more complex architectures, 

making it a preferred choice for various image processing 

tasks [24], [25]. 

The MobileNet model relies on depthwise separable 

convolutions, which decompose standard convolutions into 

depthwise and 1x1 pointwise convolutions. This 

factorization significantly reduces computational cost and 

model size [10].  The computational cost for deep separable 

convolution and standard convolution is shown in Eqs. 1 

and 2, respectively. 

𝐷𝐾
2 ∙ 𝑀 ∙ 𝐷𝐹

2 + 𝑀 ∙ 𝑁 ∙ 𝐷𝐹
2                                                (1) 

𝐷𝐾
2 ∙ 𝑀 ∙ 𝑁 ∙ 𝐷𝐹

2                                                                (2) 

Here, The 𝐷𝐾  denotes the spatial dimension of the square 

kernel, M and N represent the number of input and output 

channels, respectively. Similarly,  𝐷𝐹  indicates the spatial 

dimension of the square input feature map. Consequently, 

depthwise separable convolution reduces the computational 

cost by around 8-9 times under typical settings. The 

depthwise separable convolution operation is illustrated in 

Figure 3 (a).  

To improve model performance without compromising the 

computational efficiency of MobileNet, a Squeeze-and-

Excitation (SE) block is integrated into the head of the 

network. The SE block [9] enhances channel-wise feature 

representation by explicitly modeling inter-channel 

dependencies. Specifically, global spatial information is  

first aggregated into a channel descriptor via a squeeze 

operation using global average pooling. For an input feature 

map 𝑈 ∈ 𝑅𝐻×𝑊×𝐶, the channel-wise descriptor 𝑧𝑐 is 

computed as: 

𝑧𝑐 =
1

𝐻 × 𝑊
∑ ∑ 𝑈𝑐(𝑖, 𝑗)

𝑊

𝑗=1

                                                (3)

𝐻

𝑖=1

 

where  𝐻, 𝑊, and 𝐶 denote the height, width, and number 

of channels of the feature map, respectively. The excitation 

operation then learns channel-wise importance weights 

through two fully connected layers and non-linear 

activation functions: 

𝑠 = 𝜎(𝑊2𝛿(𝑊1𝑧))                                                                 (4) 

where  𝑊2 and 𝑊1 are learnable parameters, 𝛿 denotes the 

ReLU activation function, and 𝜎 refers the sigmoid 

activation function. Finally, the input feature maps are 

recalibrated by multiplying each channel with its 

corresponding learned weight: 

𝑈̆ = 𝑠𝑐 ∙ 𝑈𝑐                                                                                (5) 

Through this mechanism, the SE block emphasizes 

informative feature channels while suppressing less 

relevant ones. Notably, this enhancement is achieved with 

negligible additional computational overhead. The structure 

of the SE block is illustrated in Figure 3 (b). 

Evaluation Metrics 

To obtain robust and precise classification outcomes in 

photovoltaic fault detection, the selection of appropriate 

evaluation metrics is crucial. Due to the imbalance between 

classes, the chosen metrics should not negatively bias the 

performance assessment toward the majority class. In 

particular, precision, recall (sensitivity), and the F1-score 

(the harmonic mean of these metrics) are well-suited 

evaluation metrics [2]. In this study, the evaluation metrics 

used to distinguish between six different PV panel classes 

were computed on a per-class basis, including accuracy, 
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sensitivity, specificity, precision, F1-score, and AUC. 

These metrics are defined in Eqs. (6)–(11). 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
                                  (6) 

𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 
                                                    (7) 

𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
                                                     (8) 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                         (9) 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 
                                     (10) 

𝐴𝑈𝐶 = ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅)𝑑(𝐹𝑃𝑅)
1

0

                                        (11) 

Here, TP, TN, FP, and FN denote true positive, true 

negative, false positive, and false negative, respectively. 

TPR and FPR represent the true positive rate and false 

positive rate, respectively. 

Experimental Setup and Implementation Details 

All experimental procedures were implemented in 

MATLAB 2025a (MathWorks, Natick, MA, USA) on a 

workstation configured with an NVIDIA RTX 5050 GPU 

(8 GB VRAM), 16 GB RAM, and an Intel i5-13450HX 

CPU. 

For training the proposed model for PV fault classification, 

the RGB dataset was partitioned into training, validation, 

and test subsets with an approximate ratio of 0.6/0.2/0.2, 

respectively, within each fold. To ensure a reliable and fair 

evaluation of the generalization performance of both the 

proposed and benchmark models, a five-fold cross-

validation-based evaluation procedure was performed. In 

this procedure, the training, validation, and test subsets were 

changed in each fold while preserving the same partitioning 

ratio. Therefore, the test set was not fixed or reused across 

all folds; instead, each fold included a different test subset. 

This approach enabled the models to be evaluated across 

diverse data splits rather than relying on a single fixed 

partition. The final performance values were reported as the 

mean and standard deviation of the metrics obtained over 

the five folds. 

In classification tasks, the performance of deep learning 

models depends not only on architectural design but also on 

appropriate hyperparameter optimization during training 

[8]. During training, the proper selection of key 

hyperparameters, including the initial learning rate, 

optimization algorithm, batch size, and number of epochs, 

is critical for yielding stable convergence [23]. The 

MobileNet backbone was initialized with ImageNet-

pretrained weights, while the newly added SE block and 

final classification layers were initialized from scratch. All 

layers were fine-tuned during training. Early stopping was 

monitored based on the validation loss with a patience value 

of 6. Specifically, training was stopped if the validation loss 

did not improve for six consecutive validation checks, and 

the network with the lowest validation loss was retained for 

final testing. The hyperparameter settings used in this study 

are summarized in Table 2. 

Table 2. Summary of hyperparameter settings for the 

proposed and benchmark models. 

Experimental Results 

Performance Evaluation of the Proposed Model 

After five-fold cross-validation, the model achieved robust 

classification performance on the test set. Overall, high 

accuracy values ranging from 0.914 to 0.974 and 

consistently high specificity values between 0.939 and 

0.988 indicate reliable discrimination capability. In 

particular, the snow-covered class achieved the highest 

performance with an F1-score of 0.904, followed by 

electrical damage with an F1-score of 0.872. The proposed 

model achieved the best classification performance for the 

snow-covered class, with an F1-score of 0.904, followed by 

electrical damage with an F1-score of 0.872. However, the 

lowest performance was observed for the physical damage 

class, with an F1-score of 0.769. 

 

Table 3. Class-wise mean (μ) and standard deviation (σ) of performance metrics for PV panel surface fault classification 

obtained by the lightweight channel attention-based network (MobileNet+SE) under five-fold cross-validation 

Fault types 
Accuracy  Sensitivity  Specificity  Precision  F1-score 

µ 𝜎  µ 𝜎  µ 𝜎  µ 𝜎  µ 𝜎 

Bird drop 0.933 0.020  0.860 0.050  0.956 0.014  0.856 0.044  0.858 0.044 

Clean 0.914 0.018  0.824 0.108  0.939 0.024  0.795 0.046  0.805 0.049 

Dusty 0.920 0.020  0.800 0.076  0.953 0.037  0.837 0.102  0.812 0.039 

Electrical damage 0.969 0.021  0.893 0.087  0.980 0.015  0.855 0.100  0.872 0.085 

Physical damage 0.966 0.010  0.754 0.164  0.984 0.007  0.804 0.060  0.769 0.093 

Snow covered 0.974 0.010  0.887 0.059  0.988 0.010  0.926 0.056  0.904 0.039 

Parameter Value 

Optimizer Adam 

Initial Learning Rate 1e-3 

Learning Rate Schedule Piecewise 

Learn Rate Drop Factor 0.3 

Learn Rate Drop Period 10 epochs 

L2 Regularization 0.0005 

Max Epochs 30 

Mini-Batch Size 32 

Shuffle Every epoch 

Validation Patience 6 

Output Network Best validation loss 
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Figure 4. Fold-wise test confusion matrices obtained under five-fold cross-validation, with distinct test sample subsets used 

in each fold 

From another perspective, relatively lower sensitivity 

values were observed for the physical damage (0.754) and 

dusty (0.800) classes, indicating that these categories are 

more challenging to detect, likely due to intra-class 

variability and visual similarity with other fault types. 

Despite this, the overall standard deviation values remained 

low across all metrics (generally ≤ 0.10), confirming the 

stability and consistency of the proposed model under 

different cross-validation folds. A detailed class-wise 

quantitative evaluation is provided in Table 3. 

To complement the quantitative evaluation metrics, fold-

specific confusion matrices are presented in Figure 4 

illustrates the class-wise prediction distributions obtained 

across the five cross-validation folds. These matrices 

provide a detailed view of how the proposed model 

allocated predictions among the six fault categories and 

reveal the extent to which correct classifications 

concentrated along the principal diagonal. 

As shown in Figure 4, the proposed lightweight fault 

classification model produced generally stable confusion 

patterns across the five folds. The electrical damage and 

snow-covered classes were classified with relatively high 

consistency, as most samples in these categories were 

correctly assigned to their true labels. In contrast, the 

highest classification ambiguity was observed between the 

clean and dusty classes. This confusion is reasonable 

because slight dust accumulation can cause only subtle 

visual differences in RGB images, making dusty panels 

visually similar to clean ones. Accordingly, several dusty 

samples were predicted as clean, and some clean samples 

were misclassified as dusty. Limited confusion was also 

observed between bird-drop and dusty classes, likely due to 

partially similar local contamination patterns on the panel 

surface. The physical damage class exhibited more fold-

dependent variation, which may be associated with both the 

limited number of samples and the diverse visual 

appearance of physical defects. Overall, these results show 

that the model can effectively distinguish visually distinct 

PV fault categories, while subtle contamination-related 

classes remain more challenging. 

To better illustrate the variability in classification 

performance across different data splits (training, 

validation, and test) for each class, boxplot distributions of 

the model performance obtained from different test samples 

under five-fold cross-validation are presented in Figure 5. 

Among the classes, snow covered and electrical damage 

exhibit both high median values and relatively low 

variability, indicating robust and reliable classification. The 

clean class shows moderate performance with relatively 

stable distributions, although slightly lower median values 

are observed compared to other classes. Similarly, the dusty 

class presents moderate performance with remarkable 

variability, particularly in specificity and precision, 

suggesting challenges due to subtle visual differences and 

potential confusion with other classes. In contrast, physical 

damage shows the highest variability, especially in 

sensitivity and F1-score, indicating that it remains the most 

challenging class for consistent detection. Additionally, the 

consistently high AUC values across all classes confirm the 

strong discriminative capability of the proposed model. In 

Figure 6, the qualitative predictions of the proposed model 

for sample test images are demonstrated.  These results 

indicate that the proposed model produces reliable 

confidence scores for real-world samples, demonstrating its 

robustness in practical scenarios

 



DUJE (Dicle University Journal of Engineering) 17:2 (2026) Page 1-13 

 

8 
 

 
Figure 5. Box plot distributions of evaluation metrics across five-fold cross-validation. 

 

Quantitative Comparison with Benchmark Models 

To rigorously assess the effectiveness of the proposed 

model in PV fault diagnosis, a set of representative state-of-

the-art architectures were systematically benchmarked 

under identical experimental settings. Specifically, the 

baseline MobileNet [10], DenseNet-201 [26], ResNet-50 

[27], EfficientNet-B0 [28], and Vision Transformer (ViT) 

[29] models were employed for a comprehensive 

comparative evaluation. Table 4 demonstrates the class-

wise comparative performance of the evaluated benchmark 

architectures for PV panel fault classification. The reported 

results represent the average performance metrics obtained 

after five-fold cross-validation. The proposed lightweight 

channel attention-based network achieved the highest 

accuracy in three of the six fault categories, reaching 0.933 

for bird drop, 0.914 for clean, and 0.920 for dusty panel 

surfaces. For electrical damage faults and snow-covered 

samples, the proposed model yielded competitive accuracy 

at 0.969 and 0.974, closely approaching the highest values 

of 0.971 and 0.983 obtained by EfficientNetB0. For 

physical damage, the proposed model produced an accuracy 

of 0.966, matching DenseNet-201 and remaining close to 

the highest recorded value of 0.971. 

Sensitivity performances further highlighted the class-wise 

detection capability of the proposed network. The highest 

sensitivity was obtained in bird drop classification with 

0.860, exceeding DenseNet121 and EfficientNetB0 by 

0.024 and 0.058, respectively. In dusty samples, sensitivity 

reached 0.800, representing the highest value among all 

tested models. For electrical damage, the proposed model 

achieved 0.893, matching the highest result observed in 

ResNet50. In snow-covered panels, sensitivity reached 

0.887, slightly below the highest value of 0.919 reported by 

EfficientNetB0. Physical damage remained the most 

challenging class, where sensitivity reached 0.754, lower 

than EfficientNetB0 but higher than MobileNet baseline 

and ResNet50. On the other hand, specificity remained 

consistently high across all categories, with the proposed 

model reaching 0.956 in bird drop and 0.953 in dusty 

samples, both representing the highest specificity values 

within their respective classes. 

 

 
Figure 6. Qualitative results of the proposed model for PV panel fault classification. Each image is annotated with the 

predicted class label and corresponding confidence score. 
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Table 4. Overall comparative performance analysis of different CNN and transformer-based models for PV panel fault 

classification 

 Faults types DenseNet201 ResNet50 EfficientNetB0 ViT MobileNet SE-MobileNet 

A
cc

u
ra

cy
 

Bird drop 0.921 0.898 0.914 0.890 0.893 0.933 

Clean 0.909 0.904 0.916 0.899 0.901 0.914 

Dusty 0.907 0.910 0.904 0.876 0.894 0.920 

Electrical damage 0.974 0.967 0.971 0.963 0.967 0.969 

Physical damage 0.966 0.949 0.971 0.954 0.942 0.966 

Snow covered 0.973 0.963 0.983 0.950 0.960 0.974 

S
en

si
ti

v
it

y
 

Bird drop 0.836 0.768 0.802 0.772 0.773 0.860 

Clean 0.856 0.830 0.850 0.751 0.850 0.824 

Dusty 0.758 0.758 0.758 0.679 0.689 0.800 

Electrical damage 0.883 0.893 0.874 0.884 0.882 0.893 

Physical damage 0.696 0.652 0.825 0.769 0.665 0.754 

Snow covered 0.886 0.844 0.919 0.812 0.790 0.887 

S
p

ec
if

ic
it

y
 Bird drop 0.947 0.938 0.948 0.926 0.929 0.956 

Clean 0.923 0.925 0.935 0.941 0.915 0.939 

Dusty 0.948 0.951 0.944 0.930 0.950 0.953 

Electrical damage 0.986 0.977 0.983 0.973 0.978 0.980 

Physical damage 0.989 0.974 0.983 0.969 0.966 0.984 

Snow covered 0.987 0.982 0.993 0.972 0.988 0.988 

P
re

ci
si

o
n

 

Bird drop 0.830 0.801 0.837 0.790 0.772 0.856 

Clean 0.763 0.761 0.783 0.790 0.742 0.795 

Dusty 0.836 0.840 0.826 0.786 0.799 0.837 

Electrical damage 0.894 0.840 0.876 0.820 0.849 0.855 

Physical damage 0.843 0.683 0.820 0.718 0.658 0.804 

Snow covered 0.919 0.880 0.961 0.863 0.923 0.926 

F
1

-s
co

re
 

Bird drop 0.832 0.779 0.812 0.769 0.771 0.858 

Clean 0.800 0.790 0.814 0.767 0.790 0.805 

Dusty 0.781 0.780 0.777 0.696 0.731 0.812 

Electrical damage 0.887 0.865 0.874 0.848 0.863 0.872 

Physical damage 0.758 0.665 0.815 0.729 0.654 0.769 

Snow covered 0.900 0.860 0.937 0.819 0.844 0.904 

A
U

C
 

Bird drop 0.959 0.929 0.961 0.924 0.944 0.960 

Clean 0.963 0.948 0.967 0.946 0.946 0.964 

Dusty 0.957 0.951 0.951 0.953 0.947 0.966 

Electrical damage 0.989 0.979 0.992 0.977 0.987 0.987 

Physical damage 0.946 0.932 0.982 0.948 0.919 0.979 

Snow covered 0.993 0.987 0.997 0.990 0.971 0.989 

Precision values obtained by the proposed model reached 

0.856 in bird drop, 0.795 in clean surfaces, and 0.837 in 

dusty samples, corresponding to the highest precision 

values in these three categories. In physical damage, 

precision remained at 0.804, exceeding ResNet50, ViT, and 

baseline MobileNet, while snow-covered samples reached 

0.926, remaining close to the highest value of 0.961 

obtained by EfficientNetB0. Similar behavior was observed 

in F1-score values, where the proposed architecture 

achieved 0.858 in bird drop, 0.812 in dusty panels, and 

0.904 in snow-covered samples, maintaining leading or 

near-leading performance in most classes. 

 

To further validate the contribution of the proposed SE-

based channel-wise feature recalibration mechanism, an 

additional paired statistical analysis was conducted using 

the fold-wise Macro F1 scores obtained from the five-fold 

cross-validation experiments. Macro F1 was selected as the 

reference metric because the dataset exhibits class 

imbalance, and this metric evaluates each class with equal 

importance regardless of class frequency. Therefore, it 

provides a more balanced assessment of the model’s ability 

to distinguish different PV surface fault categories, 

particularly minority classes. Table 5 presents the fold-wise 

Macro F1 scores of MobileNet and SE-MobileNet, together 

with the paired statistical comparison results.  
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Table 5. Fold-wise Macro F1 scores and statistical comparison between MobileNet and SE-MobileNet 

Fold/Statistic MobileNet SE-MobileNet Difference 

Fold 1 0.8464 0.8651 +0.0187 

Fold 2 0.7563 0.8679 +0.1116 

Fold 3 0.7077 0.8211 +0.1134 

Fold 4 0.7721 0.7917 +0.0195 

Fold 5 0.7951 0.8372 +0.0421 

Mean ± SD 0.7755 ± 0.0510 0.8366 ± 0.0318 +0.0611 ± 0.0478 

95% CI - - [0.0016, 0.1205] 

p-value - - 0.0463 

As shown in Table 5, SE-MobileNet achieved higher Macro 

F1 scores than the baseline MobileNet in all folds. The 

mean Macro F1 score increased from 0.776 to 0.837, 

corresponding to a mean improvement of 0.0611. The 

paired t-test yielded a two-sided p-value of 0.0463, 

indicating that the improvement was statistically significant 

at the 0.05 level (p < 0.05). Moreover, the 95% confidence 

interval for the paired mean difference was [0.0016, 

0.1205]. These findings statistically support the 

effectiveness of the proposed SE-based channel-wise 

feature recalibration mechanism in enhancing feature 

representation for PV surface fault classification. 

In this study, the effect of data augmentation on the 

proposed model's performance was also investigated. For 

this purpose, the results obtained by SE-MobileNet with 

and without data augmentation were comparatively 

analyzed. Table 6 demonstrates the PV panel fault 

classification results of SE-MobileNet under both training 

settings. The reported values represent the average results 

obtained after five-fold cross-validation. Furthermore, the 

percentage performance improvement achieved with data 

augmentation compared with the non-augmented setting is 

also presented in Table 6. 

As shown in Table 6, the application of data augmentation 

improved the overall classification performance of SE-

MobileNet. The reported values represent the average 

results obtained after five-fold cross-validation. Sensitivity 

increased from 0.778 to 0.836, corresponding to a 7.46% 

improvement, while precision improved from 0.768 to 

0.846, yielding a 10.11% increase. Similarly, the F1-score 

increased from 0.765 to 0.837, corresponding to a 9.41% 

improvement. In addition, accuracy, specificity, and AUC 

values also demonstrated performance improvements 

compared with the non-augmented training setting. 

Complexity Analysis 

In addition to classification accuracy, computational 

efficiency is critical for near real-time potential. Metrics 

such as inference time, FPS, and the number of model 

parameters play a key role in evaluating the practical 

applicability of deep learning models. Table 7 presents a 

comparison of the computational efficiency across all 

models. 

The comparative complexity analysis demonstrates that the 

proposed SE-MobileNet model achieves a favorable trade-

off between classification performance and computational 

efficiency. In terms of classification performance, the 

proposed model achieves a macro F1-score of 0.837 and a 

weighted F1-score of 0.838, which are among the highest 

across all benchmarking models. 

From a computational efficiency perspective, SE-

MobileNet achieves an inference time of 12.73 ms and a 

frame rate of 78.54 FPS, indicating efficient inference 

performance for visual applications. While EfficientNet-B0 

provides comparable classification accuracy, it yields a 

significantly higher computational cost (37.50 ms inference 

time and 26.66 FPS), making it less suitable. Similarly, 

DenseNet121 and ViT exhibit substantially slower 

inference speeds (approximately 60 ms and 16 FPS) without 

providing a clear advantage in terms of F1-score. 

 

 

 

Table 6. Effect of data augmentation on the performance of SE-MobileNet 

Training Strategy Accuracy Sensitivity Specificity Precision F1-score AUC 

Without data augmentation 0.923 0.778 0.953 0.768 0.765 0.954 

With data augmentation 0.946 0.836 0.966 0.846 0.837 0.974 

Improvement (%) +2.49 +7.46 +1.36 +10.11 +9.41 +2.12 
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Table 7.  Comparison of computational efficiency across all models 

Model Parameter size Inference time (ms) FPS Macro F1-score Weighted F1-score 

Resnet50 23493766 10.75 92.96 0.789 0.794 

MobileNet 2248614 12.08 82.80 0.776 0.779 

Efficient-B0 4036242 37.50 26.66 0.838 0.830 

DenseNet-121 18121478 61.70 16.21 0.826 0.824 

ViT 57746694 60.70 16.48 0.771 0.766 

SE-MobileNet 2625542 12.73 78.54 0.837 0.838 

 

Discussion 

In PV panel surface fault detection, the robustness of deep 

learning models should not be evaluated only based on their 

classification accuracy, but also in terms of their 

computational efficiency and suitability for practical 

deployment. In this regard, lightweight architectures play a 

critical role in enabling real-world applications. In this 

study, a lightweight convolutional neural network was 

adopted as the backbone and further enhanced with an 

effective channel attention mechanism to improve both 

detection and classification performance. The MobileNet 

architecture, which is specifically designed for embedded 

systems and offers a lightweight yet competitive 

classification performance, was selected as the backbone 

network. To further enhance channel-wise feature 

representation capability, the architecture was augmented 

with an SE block. The experimental results reveal that, 

while achieving a significant improvement in classification 

accuracy, the model renders no significant increase in 

computational cost. These results indicate that the proposed 

model achieves an effective trade-off between classification 

accuracy and computational efficiency. 

In this study, rather than focusing solely on a binary 

classification task for PV panel fault detection, the emphasis 

is placed on distinguishing between different fault types. 

Different types of contamination can have varying impacts 

on PV power generation [1], [30]. In addition to surface 

contamination, electrical and physical faults may pose 

serious safety and irreversible risks [4]. Therefore, 

accurately and timely identifying and distinguishing fault 

types is of critical importance for reliable and safe PV 

system operation. The ability of the proposed model to 

accurately distinguish between six different fault types, 

while maintaining high inference speed (FPS), highlights 

the practical relevance and effectiveness of the proposed 

approach for real-world PV monitoring potentials. 

RGB imaging provides a practical and cost-effective 

solution for detecting surface-level defects in PV panels, 

including dust deposition, bird droppings, and physical 

damage [18]. In recent years, RGB-based approaches have 

been widely adopted in PV fault detection studies, with 

several works utilizing the same benchmark dataset 

employed in this study [2], [18], [20], [21], [31], [32]. 

Although these studies report competitive class-level 

performance using state-of-the-art models, conducting a 

fair benchmark comparison remains challenging due to 

variations in experimental protocols, including data 

splitting strategies, cross-validation schemes, evaluation 

metrics, and data augmentation techniques. 

In this context, the proposed SE-MobileNet model achieves 

macro and weighted F1-scores of 0.837 and 0.838, 

respectively, across six fault classes. These results indicate 

that the model provides a favorable balance between 

computational efficiency and classification performance. 

However, a direct and absolute performance comparison 

with existing studies may not be entirely appropriate due to 

the aforementioned methodological differences. 

Conclusion 

This study proposes a lightweight channel attention-based 

architecture for photovoltaic panel fault classification, built 

upon a MobileNet backbone to maintain computational 

efficiency. In order to enhance representational robustness 

without introducing significant overhead, a channel-wise 

attention mechanism is incorporated, enabling adaptive 

feature recalibration that prioritizes informative responses 

while suppressing less relevant ones. 

The experimental findings indicate that this modification 

leads to a notable improvement in classification 

performance while maintaining high inference efficiency. 

In particular, the macro F1-score increases from 0.776 to 

0.837, demonstrating the effectiveness of channel-wise 

refinement. These results demonstrate that the proposed 

design provides a favorable balance between accuracy and 

model complexity, highlighting its suitability for practical 

and real-time deployment scenarios. 

In future work, the integration of multi-modal data is 

planned to improve diagnostic ability. Prior to the 

classification process, the semantic segmentation or 

bounding-box-based localization of defective regions on 

PV panels will be investigated to better distinguish 

contamination-related conditions, such as dust and bird 

droppings, from damage-related defects. This direction is 

expected to enable the proposed approach to extract more 

meaningful features directly from the regions of interest 

(RoI) rather than from the entire image. In addition to fault 

detection and classification, further efforts will focus on 

localizing the spatial distribution of faults on the panel 

surface and quantitatively estimating the associated power 

losses. Furthermore, the exploration of a lightweight hybrid 

framework that integrates segmentation and classification 

models is planned to improve both fault localization and 

diagnostic performance while maintaining computational 

efficiency. 
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  p r e c i s i o n =   T P  T P + F P                                                                                                                   ( 9 )


  F 1 − s c o r e =   2 T P  2 T P + F P + F N                                                                             ( 10 )


  F 1 − s c o r e =   2 T P  2 T P + F P + F N                                                                             ( 10 )


  A U C =   ∫ 0 1  T P R ( F P R ) d ( F P R )                                                                                 ( 11 )


  A U C =   ∫ 0 1  T P R ( F P R ) d ( F P R )                                                                                 ( 11 )
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