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 Solar power as renewable energy can be an alternative to fossil-based power 

where it is carbonless, environmentally friendly, and combats climate 

change. In solar panel systems, manual assessment by personnel is time-

demanding and prone to human error, necessitating automated solutions. The 

implementation of smart systems that can automatically detect objects that 

hinder the solar panel from receiving solar energy can be very helpful in 

reducing the potential threat of decreasing performance in power generation. 

This study proposes a convolutional neural networks (CNN)-based image 

classification approach to automatically identify common solar panel 

conditions using visual data. The dataset used was a public dataset titled 

“Solar Panel Images: Clean and Faulty Images”, obtained from Kaggle, 

containing six classes for multiclass classification. The most effective pre-

trained CNN-based deep learning model for uncovering issues in solar 

panels was inception-V3, achieving an overall accuracy of 91% and the 

highest F1-score in four categories: clean, electrical damage, physical 

damage, and snow coverage. These outcomes confirm the potential of 

implementing deep learning image classification for enhancing solar panel 

maintenance and monitoring systems in real-world applications. 
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1. INTRODUCTION 

Renewable energy sources, including solar, wind, hydrological, tidal, wave, and geothermal energy, 

are deemed sustainable and ecologically benign in contrast to fossil fuels, which are limited and substantially 

contribute to environmental deterioration and climate change [1]. According to the data, fossil fuels account 

for 83% of total world energy use [2]. As people become more aware of the harmful effects of traditional 

carbon-emitting power production methods, the adoption of renewable energy sources is fast increasing. 

Solar panels have the potential to be a novel approach for combating climate change and lowering carbon 

emissions. Deep learning, an approach for acquiring multi-tiered representations of data and their 

distributions, has demonstrated exceptional performance in a variety of environmental monitoring 

applications, such as indoor climate prediction [3] and water quality parameter forecasting [4]. For many 

years, deep learning has considerably boosted machine learning (ML) research by solving high-dimensional 

data issues [5], making it especially ideal for complicated visual identification applications like solar panel 

fault detection. However, solar panel efficacy can be affected by factors such as solar direction and radiation, 

dust collection, and system temperature [6]. The accumulation of dust on solar panel surfaces is a significant 

https://creativecommons.org/licenses/by-sa/4.0/
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issue that diminishes energy yield, as evidenced by a scientific paper indicating that the presence of dust, 

such as coal dust, fine sand, and gypsum, can result in energy yield losses of up to 64% [7]. Another cause of 

inefficiency of solar panels is the shading effect of bird droppings, which can reduce energy yield to as much 

as 38% [8]. During winters, solar panels also can reduce their performance to 90%-100% for monthly 

electricity generation by covering the solar panel surface [9].  

In recent years, several studies have applied deep learning, especially convolutional neural networks 

(CNNs), to detect diverse fault types in solar photovoltaic (PV) panels, including dust accumulation, bird 

excrement, snow, structural/material damage, and electrical anomalies. Rudro et al. [10] proposed solar panel 

fault network (SPFNet), a hybrid U-network (UNet)/InceptionV3 model enhanced with  

squeeze-and-excitation and residual blocks demonstrating significantly improved segmentation-based 

classification performance. An explainable VGG16-based CNN model was evaluated in 2024 for detecting 

dust and bird-dropping contaminants, with balanced dataset augmentation and oversampling techniques [11]. 

A comparative analysis using several pretrained architectures—including MobileNetV3, VGG16/19, and 

residual network (ResNets)—on six fault categories reported up to 96.11% test accuracy with MobileNetV3, 

underscoring the efficacy of lightweight CNNs in real-time solar panel monitoring [12]. Additionally, a 

review of deep learning methods in PV defect detection highlights gaps such as dataset imbalance and 

generalization challenges, while identifying opportunities in physics-aware and interpretable model design 

[13]. Finally, the 2025 study by Kabir et al. [14] proposed a low-cost light-sensor–based system combined 

with image processing and ML to detect dust and bird/insect droppings in situ; they reported up to 55% 

visible light obstruction and associated energy loss quantification for proactive maintenance. 

Another popular severe problem in solar panels is potential induced degradation (PID), which, as 

time passes, can appear, impacting the power output drop dramatically with a 27% to 39% drop in power 

[15]. There are two frequent varieties of solar panel damage, like physical damage and electrical damage, 

where physical damage refers to the existence of material cracks, fractures, and surface defect marks on the 

panel surface that are usually affected by weather conditions, impact from fallen objects, or manufacturing 

failure, and electrical damage refers to issues in electrical circuitry and connections related to the ability of 

solar panels to produce and deliver electrical energy with high efficiency that are usually caused by hot spots, 

corrosion, defective bypass diodes, or other problems [16]. Given the wide range of failure modes that reduce 

solar panel efficiency, automated detection and classification systems are vital to sustain peak energy 

performance. So, this research concentrated on identifying solar panel failures for monitoring reasons to 

optimize energy yield efficiency using a deep learning approach to detect the presence of some failures such 

as bird droppings, dust, snow, physical damage, and electrical damage with a computer vision approach. This 

research focuses on the implementation of pretrained CNN-based models with ResNet50, EfficientNetB0, 

EfficientNetB1, EfficientNetB2, EfficientNetB7, EfficientNetV2-M, InceptionV3, InceptionResNetV2, and 

Xception, for image-based multiclass solar panel condition classification. As a research contribution, this 

study conducts a comparative evaluation of multiple pre-trained CNN architectures for multiclass solar panel 

fault detection on a newly available public dataset, addressing the lack of benchmark studies in this area. 

 

 

2. METHOD 

2.1.  Dataset 

This research on solar panel faults used a publicly available image dataset titled “Solar Panel Images 

Clean and Faulty Images” containing six class labels for multiclass classification tasks such as bird 

droppings, clean, dusty, electrical damage, physical damage, and snow coverage obtained from Kaggle with 

the link (https://www.kaggle.com/datasets/pythonafroz/solar-panel-images?resource=download). The dataset 

used in this study is relatively recent, having been made publicly available on Kaggle in early 2025. As a 

result, this work provides one of the earliest empirical evaluations of CNN-based models on this dataset, 

offering baseline performance results that may serve as a reference for future studies. 

This research split into three parts, such as 619 images for the training set, 129 images for the 

validation set, and 137 images for the testing set, as detailed in Table 1. For deep learning research, this 

dataset is too little and not balanced, where the top three classes (bird-drop, clean, and dusty) contributed 

more than 66% of the overall data and the physicaldamage class, the least class, became underrepresented, 

containing only ∼7.8% of the overall dataset. The samples of each class are depicted in Figure 1. This 

unbalanced data can become a problem for deep learning research, but research did not use any image 

generation techniques to balance the data. This is because this is our early research in computer vision for 

detecting faulty solar panels using a deep learning approach and investigating the capability of a pre-trained 

CNN-based model. We plan to apply balanced techniques in future work. 
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Table 1. Number of images per class in the training, validation, and testing datasets 
Class Total images of training set Total images of validation set Total images of testing set 

Bird-drop 145 images 30 images 32 images 
Clean 135 images 28 images 30 images 

Dusty 133 images 28 images 29 images 

Electrical damage 72 images 15 images 16 images 
Physical-damage 48 images 10 images 11 images 

Snow-covered 86 images 18 images 19 images 

Total 619 images 129 images 137 images 

 

 

  
 

Figure 1. Representative dataset samples from each of the six solar panel fault classes 

 

 

2.2.  Model overview 

The detection of solar panel failures through image analysis presents a complex computer vision 

problem that requires sophisticated pattern recognition capabilities. The most powerful method for such 

image inspection tasks is deep learning, and in particular, CNNs because they automatically learn and 

develop hierarchical feature representations from the image data [17]. Deep learning demonstrates 

exceptional suitability for solar panel failure detection due to several key characteristics of the problem 

domain. Solar panel defects manifest as subtle visual anomalies including micro-cracks, hot spots, 

discoloration, and soiling patterns that are often difficult to detect through traditional image processing 

methods [18]. These defects can vary significantly in appearance, scale, and location across different panel 

types and environmental conditions, making rule-based detection systems inadequate. CNNs excel at this 

task because they can automatically learn complex feature hierarchies that capture both low-level texture 

patterns and high-level semantic information relevant to defect identification. The convolutional layers 

extract local features such as edges, corners, and texture patterns, while deeper layers combine these features 

to recognize more complex defect patterns [19]. 

Deep neural networks' hierarchical feature learning capabilities is especially useful for solar panel 

inspection, because errors might manifest as combinations of several visual cues rather than basic geometric 

patterns. Furthermore, deep learning models can account for the inherent heterogeneity in solar panel images 

produced by varying lighting circumstances, viewing angles, panel manufacturers, and installation 

environments. The capacity to build robust feature representations that generalize across these differences is 

critical for developing realistic failure detection algorithms that can function well in real-world deployment 

scenarios [20]. Due to the capabilities of deep learning especially pre-trained CNN deep architectures which 

is implemented in many multidisipline area, has motivated this research to implement it for energy domain 

problem especially for solar panel failure detection. Pre-trained models offer significant benefits compared to 

training from the ground up, particularly when working with constrained domain-specific datasets [21]. 

Transfer learning with pre-trained CNNs is a great way to identify troubles with solar panels because these 

models have already learned basic visual signals from big datasets like ImageNet. These learned traits, such 

edge detectors, texture analyzers, and shape recognizers, are great places to start when looking for problems 

with solar panels [22]. 
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2.2.1. ResNet 

He et al. [23] introduced ResNet in 2015 to address the challenge of training very deep neural 

networks. As deep networks add more layers, a performance contradiction known as the degradation problem 

arises. This paradox, as stated by ResNet, occurs in both the training and testing datasets. What creates this 

contradiction is difficult to pinpoint; in fact, the underlying problem derives from the difficulty to obtain an 

adequately optimized network. More specifically, deep networks struggle to extract meaningful gradients due 

to the vanishing gradient problem. Insightfully, ResNet identifies the inability to learn the identity mapping 

function as a critical weakness. An innovative aspect of ResNet is the residuals or skip connections that 

enable the transfer of information from earlier to deeper layers without any processing. Rather than learning a 

direct mapping H(x), ResNet learns a residual mapping F(x)=H(x)-x. This helps the network to learn identity 

functions whenever required. These innovations help train networks with hundreds or even thousands of 

layers without degrading performance [24]. ResNet-50 is a 50-layer deep residual network and is one of the 

most popular architectures for image classification tasks [25]. 

 

2.2.2. EfficientNet 

In 2019, Tan and Le [26] presented EfficientNet, which changed CNN architectural design by 

proposing a principled way to scaling neural networks. The motivation behind EfficientNet was the 

observation that previous methods for improving CNN performance typically scaled only one dimension of 

the network at a time, such as depth, width, or resolution. This approach was suboptimal because these 

dimensions are interdependent, and scaling them in isolation often led to diminishing returns. With 

EfficientNet, mobile inverted bottleneck blocks (MBConv) with squeeze-and-excitation optimization was 

considered drastically less inaccurate for its given efficiency, which enabled balanced scaling of all three 

dimensions depth, width, and resolution using a simple compound coefficient, and thus, compound scaling 

was born. Effective scaling led to positive improvements with accuracy, and efficiency and its gains have 

been extensively documented in previous literature. The foundation was built with a baseline neural 

architecture search (NAS) which resulted in EfficientNet-B0, and its foundation unlocked the potential for 

positive outcomes stemming from the application of compound scaling in its larger variants [27]. 

EfficientNet-B0 serves as the baseline model with approximately 5.3 million parameters and uses a 

compound scaling coefficient of 1.0. EfficientNet-B1 scales up from B0 with a coefficient of 1.1, resulting in 

about 7.8 million parameters and improved accuracy. EfficientNet-B2 continues this scaling with a 

coefficient of 1.2, reaching approximately 9.2 million parameters. EfficientNet-B7, the largest commonly 

used variant, employs a compound coefficient of 2.0, resulting in about 66 million parameters and  

state-of-the-art performance on ImageNet [28]. 

 

2.2.3. Inception 

Szegedy et al. [29] first proposed the inception architecture in 2014, with the goal of creating deeper 

and larger networks while keeping computational costs under control. The essential idea behind Inception 

was that different sized convolution filters may be best for recognizing characteristics at different scales 

within the same image. Traditional methodologies necessitated selecting a single filter size, whereas 

Inception proposed utilizing many filter sizes in parallel inside the same layer, allowing the network to 

capture multi-scale characteristics. The original Inception module used 1×1, 3×3, and 5×5 convolutions, as 

well as 3×3 max pooling, in simultaneously, concatenating the results to generate the input to the next layer. 

However, this simplistic method was computationally expensive. The novel idea of employing 1×1 

convolutions as dimensionality reduction modules before expensive operations dramatically lowered 

computational complexity while retaining representational power [30]. Inception V3, which was released in 

2015, improved the original design by dividing larger convolutions into smaller ones, replacing 5×5 

convolutions with two 3×3 convolutions, and factoring 3×3 convolutions into asymmetric 1×3 and 3×1 

convolutions. This factorization decreased parameter and computational costs while boosting network depth. 

Inception V3 has roughly 24 million parameters and adds new regularization techniques such batch 

normalizing and label smoothing [31]. Inception-ResNet V2 represents a hybrid architecture that combines 

the multi-scale feature extraction capabilities of Inception modules with the training advantages of residual 

connections from ResNet [32]. 

 

2.2.4. Xception 

Basing his claims on the inception architecture, Francois Chollet suggested a new design, extreme 

inception (Xception) in 2016 [33]. He sought reasoning on if channel interactions on CNNs could be 

decoupled, cross-channel correlations and spatial correlations could be treated separately. The Inception 

module as depthwise separable convolution is the main idea behind Xception. A depthwise separable 

convolution spatially convolves and then applies pointwise convolution on the merged outputs. The 

motivation for Xception stemmed from the observation that regular convolutions perform channel mixing 
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and spatial correlation modeling simultaneously, which may not be optimal. Depthwise separable 

convolutions, the core building block of Xception, first apply a spatial convolution to each input channel 

separately, then use a 1×1 convolution to combine the results. This approach significantly reduces the 

number of parameters and computational cost while often maintaining or improving performance [34]. 

Xception outperformed many traditional networks while having a lower parameter count with 22.9 million 

parameters on ImageNet. Because of the architecture’s efficiency in parameters and computation, it is well 

suited for transfer learning, particularly in the case of automated solar panel inspection systems where 

computational resources are limited [35]. 

 

2.3.  Experiment and parameter training 

This research faced the limitation of computation problems due to the research budget, which 

caused hyperparameter searches using some techniques like grid search or random search to be unable to be 

done. This research used a guessing or trail-and-error approach to figure out how many neurons to use in 

each dense layer of the classifier part of the deep learning models, as shown in Figure 2. Firstly, this research 

used 128 neurons for the first dense layer and 64 neurons for the second dense layer in classifier parts of each 

CNN. Pretrained-based model, then we increased the number of each neuron and decreased the dropout if the 

result was underfit, and we decreased the number of neurons and increased the dropout if the result was 

overfit. This research performs three to five experiments of each deep learning model, and then we choose 

the best model achieving the best testing result. 

 

 

 
 

Figure 2. The architectural designs of the nine pre-trained CNN models used in this research, illustrating the 

feature extractor and classifier components 
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The data augmentation mechanism performed in this research used the ImageDataGenerator class, 

including the preprocessing function, filling mode, rotating, shifting, shearing, zooming, and flipping. This 

research set filling mode, rotating, width shifting, height shifting, shearing, zooming, and horizontal flipping 

with values “nearest,” 20, 0.2, 0.2, 0.2, 0.2, and “True,” respectively. Meanwhile, for the preprocessing 

function, every model used a different preprocessing function setup as described in Table 2 and a different 

input size as depicted in Figure 2. All pre-trained CNN-based deep learning architecture used in this research 

used ImageNet weights as previous knowledge and used a different number of unfrozen layers for every 

architecture model based on trial-and-error experiments. The preprocessing function for each CNN, as in 

Table 2, was selected according to the normalization scheme used during its original ImageNet pretraining, 

ensuring consistency in input distribution and preserving pretrained feature representations. 

 

 

Table 2. Model-specific input preprocessing functions applied for each pretrained CNN architecture 
Pretrained CNN-based model Preprocessing function 

ResNet50 from tensorflow.keras.applications.resnet50 import preprocess_input 

EfficientNetB0 from tensorflow.keras.applications.efficientnet import preprocess_input 

EfficientNetB1 from tensorflow.keras.applications.efficientnet import preprocess_input 

EfficientNetB2 from tensorflow.keras.applications.efficientnet import preprocess_input 
EfficientNetB7 from tensorflow.keras.applications.efficientnet import preprocess_input  

EfficientNetV2-M from tensorflow.keras.applications.efficientnet import preprocess_input 
InceptionV3 Rescale=1./255 

InceptionResNetV2 from tensorflow.keras.applications.inception_resnet_v2 import preprocess_input 

Xception from tensorflow.keras.applications.xception import preprocess_input 

 

 

3. RESULTS AND DISCUSSION 

This research sets 50 epochs for each pre-trained deep learning model, where the learning process is 

illustrated in Figure 3 for accuracy history. Looking at the accuracy history in Figure 3, ResNet50, 

EfficientNetB2, and Xception maintained a steady accuracy of around 90% or higher and did not show signs 

of overfitting. EfficientNetV2-M has the lowest accuracy and is unstable, which shows inadequate 

performance in this dataset. The InceptionResNetV2 tends to show the overfitting indication with training 

accuracy near and almost 100% but having a wider gap with validation accuracy. Overall, these Figure 3 

highlight the importance of evaluating both accuracy jointly to assess model robustness, generalization, and 

suitability for real-world solar panel fault detection applications. 

 

 

 
 

Figure 3. Training and validation accuracy curves across epochs for all pretrained deep learning models 
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The evaluation testing results, which used 20% of the dataset to classify six categories, such as bird 

excrement, clean, covered in dust, electrical malfunction, material/structural damage, and snow-covered, are 

displayed in Tables 3 and 4. The Table 1 dataset distribution noted the number of images used in evaluation 

testing for Tables 3 and 4. Overall, the best models were InceptionV3 and InceptionResNetV2, both reaching 

91% accuracy, while the lowest accuracy was 78% from EfficientNetV2-M. Overall, InceptionV3 and 

InceptionResNetV2 achieved 91% accuracy, while EfficientNetV2-M achieved the lowest accuracy at 78%. 

The physical-damage class is becoming the most challenging class to predict because almost all models 

achieved low recall scores under 75%, such as ResNet50 with 73%, EfficientNetB0 with 55%, 

EfficientNetB1 with 64%, EfficientNetB2 with 64%, EfficientNetV2-M with 27%, and Xception with 73%. 

This can be a sign of the visual or physical damage class, maybe similar to other classes. It seems that all 

models were very good at predicting snow-coverage class, where all models were above 88% in F1-score. If 

we look at the F1-score for the harmonic mean of precision and recall, the InceptionV3 can achieve the best 

F1-score between all models in four different classes, such as clean, electrical malfunction, 

material/structural damage, and snow obstruction, so that InceptionV3 deserves to be crowned the best model 

overall. 

For future work, this research may apply for any grant with the aim of financing the computing 

process to perform hyperparameter tuning by conducting grid search or random search to search optimal 

settings for all deep learning models. The multi-label classification approach will be explored further 

because, in a real case, the problem in the solar panel may occur together with other faults. Image 

augmentation may be explored further in future work for better evaluation testing results. 

 

 

Table 3. Testing performance metrics (accuracy, precision, recall, and F1-score) for the bird droppings, clean, 

and dusty classes across all pretrained CNN models 

Index Model 

Overall Bird-drop Clean Dusty 

Overall 
accuracy 

Precision Recall 
F1-

score 
Precision Recall 

F1-
score 

Precision Recall 
F1-

score 

1 ResNet50 0.88 0.85 0.97 0.88 0.84 0.87 0.85 0.89 0.83 0.86 

2 Efficient-NetB0 0.85 0.74 0.88 0.80 0.82 0.90 0.86 0.88 0.76 0.81 
3 Efficient-NetB1 0.83 0.82 0.84 0.83 0.74 0.97 0.84 0.86 0.66 0.75 

4 Efficient-NetB2 0.81 0.84 0.81 0.83 0.72 0.97 0.83 0.84 0.72 0.78 

5 Efficient-NetB7 0.87 0.88 0.88 0.88 0.89 0.80 0.84 0.85 0.79 0.82 
6 Efficient-NetV2-

M 

0.78 0.80 0.88 0.84 0.76 0.53 0.63 0.57 0.83 0.68 

7 Inception-V3 0.91 0.88 0.88 0.88 0.88 1.00 0.94 0.92 0.79 0.85 
8 Inception-

ResNetV2 

0.91 0.88 0.94 0.91 0.88 0.97 0.92 0.96 0.79 0.87 

9 Xception 0.88 0.85 0.91 0.88 0.85 0.93 0.89 0.96 0.86 0.91 

 

 

Table 4. Testing performance metrics (precision, recall, and F1-score) for the electrical damage, physical 

damage, and snow coverage classes across all pretrained CNN models 

Index Model 

Electrical-damage Physical-damage Snow-coverage 

Precision Recall 
F1-

score 
Precision Recall 

F1-
score 

Precision Recall 
F1-

score 

1 ResNet-50 0.89 0.83 0.86 0.80 0.73 0.76 1.00 0.95 0.97 

2 Efficient-NetB0 0.89 1.00 0.94 1.00 0.55 0.71 1.00 0.89 0.94 

3 Efficient-NetB1 0.82 0.88 0.85 1.00 0.64 0.78 0.95 0.95 0.95 

4 Efficient-NetB2 0.72 0.81 0.76 0.88 0.64 0.74 1.00 0.79 0.88 

5 Efficient-NetB7 0.80 1.00 0.89 0.82 0.82 0.82 0.95 1.00 0.97 
6 Efficient-NetV2-M 0.86 0.75 0.80 0.50 0.27 0.35 0.95 0.95 0.95 

7 Inception-V3 1.00 0.94 0.97 0.83 0.91 0.87 1.00 1.00 1.00 

8 Inception-ResNetV2 0.88 0.88 0.88 0.90 0.82 0.86 0.95 1.00 0.97 
9 Xception 0.83 0.94 0.88 0.80 0.73 0.76 1.00 0.84 0.91 

 

 

4. CONCLUSION 

This work offers a comparative analysis of various pre-trained CNN architectures for the 

identification of faults in image-based solar panels. Inception-V3 was the best of the models tested, with an 

accuracy of 91% and excellent generalization across fault categories. The results demonstrate that transfer 

learning utilizing CNN-based architectures is efficacious for facilitating automated monitoring and 

maintenance of solar systems, thereby diminishing reliance on manual inspection and enhancing the 

reliability of renewable energy generation. This study is one of the first to use this publicly available dataset. 

It sets baseline performance standards for future research on how to find problems with solar panels. Future 
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research may concentrate on more extensive and balanced datasets, sophisticated data augmentation 

techniques, and the incorporation of physics-informed or hybrid models to further improve detection 

precision. 
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