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ABSTRACT— This research presents an 

automated deep learning-based methodology 

for detecting defects in solar cell images, 

emphasizing the practical application of the 

Xception architecture. Solar energy 

production relies heavily on the quality and 

efficiency of solar cells, making accurate 

defect detection critical for minimizing 

energy losses and production costs. 

Traditional manual inspection methods are 

time-consuming, inconsistent, and prone to 

human error, limiting scalability in industrial 

settings. By leveraging the depthwise 

separable convolutions and efficient 

architecture of Xception, the proposed 

system effectively extracts complex features 

from high-resolution solar cell images. This 

enables precise differentiation between 

defective and non-defective cells while 

maintaining computational efficiency, 

allowing the model to function effectively 

even in environments with limited hardware 

resources. A balanced and well-curated 

dataset of solar cell images was used to train 

and validate the Xception-based model. The 

dataset includes diverse defect types, 

capturing variations in cell surface 

anomalies, scratches, cracks, and other 

imperfections that impact performance. The 

model undergoes rigorous preprocessing, 

including image normalization, resizing, and 

data augmentation techniques, to improve 

generalization and reduce overfitting. 

Experimental results demonstrate that the 

Xception model achieves high classification 

accuracy while maintaining a lightweight 

footprint suitable for deployment in industrial 

scenarios. Performance metrics, such as 

precision, recall, and F1-score, confirm the 

model’s reliability in identifying defective 

cells, highlighting its potential to enhance 

automated quality control in solar panel 

manufacturing. 
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Index Terms – Solar cell defect detection, 

Xception, deep learning, convolutional 
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inspection, automated quality control, defect 

classification, image preprocessing, data 
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I. INTRODUCTION  

The growing demand for renewable energy 

has made solar energy one of the most 

important and sustainable sources of power. 

Solar panels, composed of multiple solar 

cells, play a critical role in converting 

sunlight into electricity. The performance 

and efficiency of these panels largely depend 

on the quality of individual solar cells. 

Defective solar cells, caused by micro-

cracks, scratches, or other surface anomalies, 

can significantly reduce the energy output 

and longevity of solar panels. Therefore, 

accurate and efficient defect detection is 

essential to ensure high-quality production 

and minimize operational losses in the solar 

energy industry. 

Traditional quality inspection methods rely 

on manual visual inspection, which is labor-

intensive, time-consuming, and prone to 

errors. Classical image processing techniques 

and basic machine learning approaches have 

been applied to automate defect detection, 

but they often fail to generalize to diverse 

defect patterns or varying imaging 

conditions. These limitations highlight the 

need for a robust, automated, and scalable 

solution capable of handling large datasets 

while maintaining high accuracy. 

In response to these challenges, this research 

proposes a deep learning-based approach 

using the Xception model. Xception 

leverages depthwise separable convolutions 

to efficiently extract complex features from 

solar cell images. By classifying cells as 

defective or non-defective, the system 

provides a highly accurate, automated, and 

lightweight solution for solar cell quality 

inspection. The model is suitable for 

deployment in resource-constrained 

environments and has the potential to 

significantly improve productivity, reduce 

manual intervention, and ensure higher 

reliability in solar energy production.  

II. RELATED WORK  

A. Assessing machine learning approaches 

for photovoltaic energy prediction in 

sustainable energy System 

This study evaluates various machine 

learning models for predicting photovoltaic 
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energy output in sustainable energy systems. 

The work emphasizes accurate forecasting 

under diverse environmental conditions to 

optimize energy management. By analyzing 

historical solar energy data, the study 

identifies models capable of capturing 

complex relationships between irradiance, 

temperature, and energy production.  

The research highlights the importance of 

robust model selection and feature 

engineering to enhance predictive 

performance. Results indicate that machine 

learning approaches can effectively support 

energy planning and operational decision-

making, reducing uncertainty in renewable 

energy integration and improving overall 

system reliability. 

B. Detecting dusty and clean photovoltaic 

surfaces using MobileNet variants for 

image classification 

This work proposes using MobileNet-based 

deep learning models to classify solar panels 

as dusty or clean from surface images. The 

approach leverages lightweight CNN 

architectures to extract visual features 

efficiently, enabling deployment in real-time 

industrial settings. The study uses a curated 

dataset of PV module images and applies data 

augmentation techniques to enhance model 

generalization. Performance metrics, 

including accuracy and F1-score, 

demonstrate the effectiveness of MobileNet 

variants in identifying soiling conditions.  

The methodology provides an automated 

alternative to manual inspection, reducing 

operational costs and improving the 

maintenance and performance of solar energy 

systems. 

C. Adaptive automatic solar cell defect 

detection and classification based on 

absolute electroluminescence imaging 

This research introduces an adaptive deep 

learning framework for automatically 

detecting and classifying defects in solar cells 

using absolute electroluminescence (EL) 

images.  

The system segments solar cells and 

identifies defect regions, enabling precise 

classification of anomalies. By leveraging EL 

imaging and feature extraction, the approach 

improves defect detection accuracy while 

reducing human involvement in quality 

control. Experimental results demonstrate 

robustness against variations in imaging 

conditions, enhancing the reliability of solar 

cell inspection processes. The study 

showcases the potential of AI-powered 

automated systems in streamlining 

manufacturing and ensuring high-quality 

solar energy production. 

http://www.ijerst./


Int. J. Engg. Res. & Sci. & Tech. 2026 
 
 
 

ISSN 2319-5991                                www.ijerst.org               Vol. 22, No. 2(4), 2026              1269 

D. Fault classification of photovoltaic 

module infrared images based on 

transfer learning and interpretable 

convolutional neural network 

This study applies transfer learning and 

interpretable convolutional neural networks 

(CNNs) to classify faults in photovoltaic 

(PV) modules using infrared (IR) imaging. 

The method utilizes pre-trained deep learning 

models fine-tuned for defect detection, 

achieving high accuracy even with limited 

datasets. The interpretability of the CNN 

allows understanding of which regions 

contribute to classification, improving trust 

in automated inspection. Experimental 

evaluation demonstrates effective detection 

of hotspots and other anomalies in PV 

modules, highlighting the advantages of 

combining deep learning with IR imaging for 

sustainable and efficient solar energy 

monitoring. 

III. PROPOSED METHODOLOGY  

To address the limitations of existing solar 

cell defect detection methods, this research 

proposes an automated deep learning-based 

approach using the Xception architecture. 

Unlike traditional manual or classical image 

processing techniques, the proposed system 

eliminates human intervention and reduces 

the risk of errors. The Xception model, based 

on depthwise separable convolutions, 

efficiently extracts high-level features from 

solar cell images, capturing subtle defects 

such as micro-cracks, scratches, or surface 

irregularities that are often missed by 

conventional methods. 

The system employs a balanced and well-

curated dataset of solar cell images, 

encompassing diverse defect types, to train 

and validate the model. Advanced 

preprocessing techniques, including 

normalization, resizing, and data 

augmentation, improve model generalization 

and robustness. Once trained, the model can 

classify solar cells as defective or non-

defective with high accuracy, significantly 

enhancing the efficiency of quality control 

processes. 

 

Fig. 1: System Overview 

1. Data Collection Module 

The Data Collection Module is the 

foundation of the project, responsible for 

http://www.ijerst./


Int. J. Engg. Res. & Sci. & Tech. 2026 
 
 
 

ISSN 2319-5991                                www.ijerst.org               Vol. 22, No. 2(4), 2026              1270 

gathering a large and diverse dataset of solar 

cell images. Images include both defective 

and non-defective cells, covering different 

types of anomalies such as cracks, micro-

cracks, scratches, discoloration, and surface 

impurities.  

Proper data collection ensures that the model 

can learn representative patterns and 

generalize effectively to real-world 

scenarios. This module may also involve data 

labeling and annotation, which is critical for 

supervised learning, ensuring that each image 

is correctly categorized for accurate model 

training. 

2. Preprocessing Module 

The Preprocessing Module prepares raw 

images for effective model training. It 

involves resizing images to a uniform 

dimension, normalizing pixel values, and 

converting color spaces if required.  

Data augmentation techniques, such as 

rotation, flipping, zooming, and brightness 

adjustments, are applied to increase dataset 

diversity, prevent overfitting, and improve 

the model’s robustness. Noise reduction and 

contrast enhancement may also be performed 

to highlight defects. This module ensures that 

the input data is clean, consistent, and 

suitable for the Xception model to learn 

relevant features efficiently. 

3. Feature Extraction Module 

The Feature Extraction Module utilizes the 

Xception deep learning architecture to 

automatically extract hierarchical features 

from images. Unlike traditional feature 

extraction methods that rely on handcrafted 

features, Xception uses depthwise separable 

convolutions to efficiently capture spatial and 

channel-wise patterns. The extracted features 

include subtle textures, edges, and defects 

that may not be visible to the human eye. This 

module significantly improves the model’s 

ability to detect minute defects, providing a 

more accurate and robust representation of 

solar cell conditions. 

4. Model Training Module 

In the Model Training Module, the extracted 

features are fed into the classifier for 

supervised learning. The Xception model is 

trained using a suitable optimizer (like 

Adam) and a loss function (like categorical 

cross-entropy or binary cross-entropy). 

Hyperparameters such as learning rate, batch 

size, and number of epochs are carefully 

tuned to maximize accuracy and reduce 

overfitting. This module also incorporates 

techniques like early stopping and model 

checkpointing to ensure optimal 

performance. The result is a trained model 
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capable of reliably distinguishing defective 

cells from non-defective ones. 

5. Evaluation and Testing Module 

The Evaluation and Testing Module 

measures the performance of the trained 

model using a separate test dataset. Key 

metrics such as accuracy, precision, recall, 

F1-score, and confusion matrix are calculated 

to assess the model’s efficiency. This module 

ensures that the model is not just memorizing 

training data but can generalize well to new, 

unseen images. It also identifies strengths and 

weaknesses of the model, helping to refine 

preprocessing, feature extraction, and 

training strategies. 

6. Prediction and Deployment Module 

The Prediction and Deployment Module 

allows the model to classify solar cell images 

in real-time. Lightweight architecture and 

optimized computations enable deployment 

in resource-constrained environments like 

factory production lines or edge devices. The 

system provides automated visual inspection, 

reducing manual labor, minimizing errors, 

and ensuring consistent quality control. This 

module also supports scalability, allowing 

integration into larger monitoring systems for 

industrial solar energy plants, ultimately 

improving operational efficiency and energy 

production quality. 

 

IV. EXPERIMENTAL RESULTS AND 

ANALYSIS 

The experimental results show that the 

proposed Xception-based deep learning 

model accurately detects defects in solar cell 

images with high classification performance. 

The use of image preprocessing and data 

augmentation improves model generalization 

and reduces overfitting. Performance metrics 

such as precision, recall, and F1-score 

demonstrate reliable identification of 

defective and non-defective cells. Overall, 

the model provides an efficient and 

lightweight solution for automated quality 

inspection in solar panel manufacturing.  

Fig. 2: Login 
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Fig. 3: Choose File 

 

Fig. 4: Prediction 

 

Fig. 5: Accuracy 

V. CONCLUSION 

In this project, an automated deep learning-

based approach using the Xception 

architecture was successfully implemented to 

detect defects in solar cell images. The model 

effectively distinguishes between defective 

and non-defective cells with high accuracy, 

precision, recall, and F1-score, 

demonstrating its reliability for quality 

control in solar panel manufacturing. By 

leveraging depthwise separable convolutions 

and efficient feature extraction, the system 

maintains computational efficiency, making 

it suitable for deployment even in resource-

constrained environments. The proposed 

approach not only reduces dependence on 

manual inspection but also enhances 

scalability and consistency in industrial 

settings. Overall, this work highlights the 

potential of deep learning models like 

Xception to improve automated defect 

detection, minimize production losses, and 

contribute to the advancement of solar energy 

technology. 
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