
  ISSN2277-2685 

IJESR/April. 2026/ Vol-16/Issue-2s1/130-137 

Mohd Zaki et.al.,/International Journal of Engineering &Science Research 

130 
 

Full Length Article 

Deep Learning-Based Automated Defect Detection in Solar Cell 
Images 

Mohd Zaki1, Shaik Faisal2, Zaafir Aziz Khan3, Syed Mujeeb Ul Hasan4 

1,2,3B.E.Students; Department of Information Technology, ISL Engineering College, Hyderabad, India. 
4Assistant Professor; Department of Information Technology, ISL Engineering College, Hyderabad, India. 

Mail Id; mohdzaki12026@gmail.com, Faisalshaik984@gmail.com, Zaafiraziz54@gmail.com, 
syedmujeebul@gmail.com 

Accepted 25-04-2026 
Author(s) Retains the Copyrights of This Article 

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. 
 
Keywords: Deep Learning, Solar Cell Defect Detection, Xception Architecture, Image Classification, Computer 
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Introduction 
The rapid growth of renewable energy has made 
solar energy a key solution for sustainable power 
generation. Solar panels consist of multiple solar 
cells, and their efficiency depends heavily on the 
quality of these individual cells. Even small defects 
such as micro-cracks, scratches, or surface 
irregularities can significantly reduce energy output 
and shorten the lifespan of solar panels.  
Traditionally, defect detection in solar cells has been 
performed through manual visual inspection, which 
is time-consuming, inconsistent, and prone to human 
error. Although basic image processing and machine 
learning techniques have been introduced, they often 
struggle with complex defect patterns and varying  
image conditions, limiting their effectiveness in 
real-world industrial environments.  
Problem Statement 
With advancements in deep learning, especially 
convolutional neural networks (CNNs), automated 
visual inspection has become more powerful and 
reliable. Models like MobileNetV2 offer efficiency 
but may lack the ability to capture subtle defects. 
This creates the need for a more robust and accurate 
approach. The efficiency and reliability of solar 

panels depend on the quality of individual solar 
cells, but detecting defects such as cracks, scratches, 
and surface irregularities remains a major challenge. 
Significance of the Study 
This study is significant as it introduces an 
automated deep learning-based approach for 
accurate detection of defects in solar cell images, 
addressing the limitations of manual and traditional 
inspection methods. By utilizing the Xception 
architecture, the system enhances defect detection 
accuracy, reduces human intervention, and 
minimizes errors in quality control processes. The 
proposed solution improves efficiency, scalability, 
and reliability in solar panel manufacturing, making 
it suitable for real-time industrial applications and 
resource-constrained environments. Ultimately, this 
study contributes to improving solar energy 
production by ensuring higher quality standards and 
reducing operational losses. 
Research Gap 
Despite significant progress in automated solar cell 
defect detection, existing approaches still suffer 
from important limitations that restrict their 
effectiveness in real-world applications. Traditional 
manual inspection methods are labor-intensive, 
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time-consuming, and prone to human error, leading 
to inconsistent results and reduced scalability in 
industrial environments. Similarly, conventional 
image processing and machine learning techniques 
rely heavily on handcrafted features, which often fail 
to capture complex and subtle defect patterns and 
struggle to generalize across diverse datasets and 
varying imaging conditions such as changes in 
lighting, noise, and surface variations. 
Although lightweight deep learning models like 
MobileNetV2 offer computational efficiency and 
faster inference, they often compromise on feature 
extraction depth, resulting in reduced accuracy when 
detecting fine-grained defects such as micro-cracks, 
scratches, and minor surface anomalies. These 
models may also face challenges in handling high-
resolution images and complex defect distributions 
commonly found in industrial settings. 
Therefore, a significant research gap exists in 
developing a robust and scalable solution that can 
effectively balance high detection accuracy with 
computational efficiency. Such a model should be 
capable of reliably identifying subtle defects across 
diverse conditions while remaining suitable for real-
time deployment in industrial environments. 
Addressing this gap is essential for improving 
automated quality control systems and enhancing 
the overall performance and reliability of solar 
energy production. 

Novelty of the Proposed Work  
The proposed work introduces a novel approach to 
solar cell defect detection by effectively leveraging 
the Xception architecture, which is specifically 
designed to enhance feature extraction using 
depthwise separable convolutions. Unlike 
traditional convolutional neural networks and 
lightweight models such as MobileNetV2, the 
Xception model separates spatial and channel-wise 
feature learning, enabling it to capture fine-grained 
details and subtle defect patterns such as micro-
cracks, scratches, and surface inconsistencies with 
greater precision. This capability significantly 
improves detection accuracy, especially in complex 
and high-resolution solar cell images where minor 
defects can have a major impact on performance.  
Another key novelty lies in the integration of a 
comprehensive preprocessing pipeline, including 
normalization, resizing, and advanced data 
augmentation techniques. These steps ensure 
improved model generalization, robustness against 
variations in lighting and imaging conditions, and 
reduced overfitting. The use of a balanced and 
diverse dataset further strengthens the model’s 
ability to perform reliably in real-world industrial 
environments, addressing a common limitation in 
previous studies where models fail to generalize 
beyond controlled datasets.  

Table 1: Comparison of Existing Approaches with Proposed System 
Aspect Existing Works (Recent 

Studies) 
Limitations in Existing 
Works 

Proposed System 

Primary Focus Object detection using YOLO 
variants (YOLOv7, YOLOv8, 
YOLOv9) 

Focus mainly on detecting 
objects, not defect 
behavior 

Focuses on defect 
detection and analysis 
using deep learning 

Detection Capability High accuracy in identifying 
objects 

Cannot detect subtle or 
complex defects 
effectively 

Detects micro-cracks, 
scratches, and anomalies 
accurately 

Anomaly Detection Uses basic motion/anomaly 
detection 

Often offline or 
computationally heavy 

Real-time anomaly 
detection using Xception 

IoT Integration Used for data collection and 
communication 

Limited intelligent 
response 

Supports automated alerts 
and integration 

Real-Time 
Performance 

Improved speed in recent 
models 

Not fully optimized for 
real-time end-to-end 
systems 

Achieves fast and efficient 
real-time processing 
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System Integration Focus on single task 
(detection) 

Lack of complete 
framework 

Unified system (Detection 
+ Analysis + Deployment) 

Edge/Lightweight 
Models 

Lightweight but limited 
accuracy 

Trade-off between speed 
and accuracy 

Balanced performance 
with high accuracy 

Environmental 
Robustness 

Handles some variations Performance drops in 
complex conditions 

Robust across varying 
conditions 

Scalability Supports scalability in some 
systems 

Not optimized for large-
scale deployment 

Designed for scalable 
industrial use 

Response 
Mechanism 

Delayed or limited alerts No direct link between 
detection and action 

Instant automated 
response/alerts 

Computational 
Efficiency 

High performance but GPU 
dependent 

High resource 
requirements 

Optimized for moderate 
computational resources 

Research 
Contribution Type 

Mostly model-level 
improvements 

Lack of system-level 
innovation 

Complete system-level 
integrated solution 

Literature Review 
The rapid advancement of solar energy systems has 
driven significant research in improving the 
efficiency and reliability of photovoltaic (PV) 
modules through automated defect detection and 
performance analysis. Early approaches relied on 
traditional image processing techniques, such as 
edge detection, thresholding, and morphological 
operations, to identify defects in solar cell images. 
Although these methods are simple and 
computationally efficient, they are highly sensitive 
to noise, lighting variations, and complex 
backgrounds, making them less effective in real-
world industrial environments.  
To address these limitations, researchers introduced 
machine learning-based methods, where 
handcrafted features are extracted and used with 
classifiers like Support Vector Machines (SVM). 
These approaches improved detection accuracy 
compared to traditional techniques but depended 
heavily on manual feature engineering and often 
failed to generalize across diverse datasets and 
defect types.  
With the emergence of deep learning, Convolutional 
Neural Networks (CNNs) have become the 
dominant approach for solar cell defect detection. 
CNN-based models automatically learn hierarchical 
features from raw images, enabling better detection 
of complex patterns. Lightweight architectures such 
as MobileNet variants have been widely used for 

real-time applications due to their efficiency; 
however, they often struggle to detect subtle and 
fine-grained defects because of limited feature 
extraction capability.  
Several studies have also explored transfer learning 
and deep CNN architectures like ResNet, which 
leverage pre-trained models to achieve high 
accuracy even with limited datasets. While these 
models enhance performance and robustness, they 
typically require higher computational resources and 
may not be suitable for resource-constrained or real-
time industrial environments.  
In addition, advanced techniques using 
electroluminescence (EL) and infrared (IR) imaging 
have been applied to detect internal defects such as 
micro-cracks and hotspots. These methods 
significantly improve detection accuracy and 
provide deeper insights into defect characteristics. 
However, they rely on specialized imaging 
equipment, increasing system cost and limiting 
scalability in large-scale production settings.  
Recent research also incorporates object detection 
frameworks such as YOLO variants and automated 
inspection systems, enabling faster detection and 
localization of defects. While these approaches 
improve speed and automation, they often focus on 
general object detection and may not effectively 
capture subtle or fine-grained defects in solar cells.  
Despite these advancements, existing methods still 
face challenges such as limited generalization, high 
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computational complexity, dependency on 
specialized imaging systems, and difficulty in 
detecting subtle defects consistently. These 
limitations highlight the need for a more balanced 
approach that combines accuracy, efficiency, 
scalability, and ease of deployment. 
Therefore, the proposed work adopts the Xception-
based deep learning model, which enhances feature 
extraction using depthwise separable convolutions 
while maintaining computational efficiency. This 
approach aims to overcome the limitations of 
existing methods by providing a robust, accurate, 
and scalable solution for automated solar cell defect 
detection in real-time industrial environments. 
 
Methodology                                                                          
The proposed approach focuses on developing an 
automated deep learning-based system for detecting 

defects in solar cell images using the Xception 
architecture. The system begins with the collection 
of a diverse dataset containing both defective and 
non-defective solar cell images. These images 
undergo preprocessing steps such as resizing, 
normalization, and data augmentation to improve 
quality and enhance model generalization. The 
preprocessed data is then fed into the Xception 
model, which performs efficient feature extraction 
using depthwise separable convolutions to capture 
both simple and complex defect patterns.  
The model is trained using supervised learning with 
optimized hyperparameters and evaluated using 
metrics like accuracy, precision, recall, and F1-
score. It is then deployed for real-time prediction to 
classify solar cells as defective or non-defective, 
ensuring an efficient and scalable quality control 
solution. 

 

Figure 1: Deep Learning-Based Solar Cell Defect Detection using Xception. 
Data Acquisition and Image Preparation 
The first step involves collecting a dataset of solar 
cell images from available sources, including both 
defective and non-defective samples. These images 
represent various defect types such as cracks, 
scratches, and surface irregularities. Since the 
system works on images, the collected data is 
organized and labeled appropriately for supervised 
learning. A balanced dataset is maintained to ensure 
unbiased training and better model performance. 
Feature Extraction using Xception Model 
The preprocessed images are passed into the 
Xception deep learning model, which performs 
feature extraction using depthwise separable 
convolutions. This allows the system to capture both 
simple and complex patterns, including subtle 

defects that may not be easily visible. The model 
efficiently learns spatial and channel-wise features, 
improving detection accuracy. 
Prediction and Deployment 
Once the model is validated, it is deployed for real-
time prediction in industrial environments. New 
solar cell images are continuously fed into the 
system, where they undergo the same preprocessing 
steps before being passed to the trained Xception 
model. The model analyzes each image by 
extracting relevant features and classifies it as 
defective or non-defective with high accuracy. The 
system generates instant results, allowing quick 
identification of faulty cells. This automated process 
reduces manual inspection efforts, minimizes human 
error, and ensures consistent and reliable quality 
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control. Additionally, the real-time capability 
enables faster decision-making in production lines, 
improving overall efficiency and productivity in 
solar panel manufacturing 

 
Figure 2: Solar cell defect detection process flow 
Performance Evaluation and Results 
System Configuration and Dataset 
To evaluate the performance of the proposed solar 
cell defect detection system, extensive experiments 
were conducted using a well-structured dataset 
comprising both defective and non-defective solar 
cell images. The dataset includes a variety of defect 
types such as micro-cracks, scratches, discoloration, 
and surface irregularities, ensuring a comprehensive 
representation of real-world scenarios. 
All experiments were implemented using Python 
along with deep learning frameworks such as 

TensorFlow and Keras. The Xception architecture 
was selected due to its efficient feature extraction 
capability and computational performance. The 
dataset was divided into training and testing sets, 
enabling the model to learn patterns from training 
data and validate its performance on unseen data. 
Additionally, preprocessing techniques such as 
normalization, resizing, and data augmentation were 
applied to enhance model generalization and 
robustness. 
Comparative Study with Existing Methods 
To validate the effectiveness of the proposed 
approach, the Xception-based model was compared 
with several existing techniques, including 
traditional image processing methods, classical 
machine learning models, and the MobileNetV2 
deep learning architecture. 
Traditional techniques rely on manual feature 
extraction and are sensitive to environmental 
conditions such as lighting and noise. Machine 
learning approaches improve performance but still 
depend heavily on handcrafted features. 
MobileNetV2, although efficient and lightweight, 
may struggle with capturing fine-grained defects due 
to limited feature depth. 
In contrast, the proposed Xception model utilizes 
depthwise separable convolutions to extract 
complex and subtle features more effectively, 
resulting in improved accuracy and robustness 
across different conditions. 
Performance Evaluation Results 
The quantitative results of the comparison are 
presented below: 

 
Figure  3: Performance 

The results clearly demonstrate that the proposed 
model achieves the highest performance across all 
metrics, highlighting its effectiveness in detecting 
both obvious and subtle defects. 
Discussion of Results 
The experimental results confirm that the proposed 
Xception-based system significantly outperforms 
existing approaches. The model is capable of 
identifying even minor defects such as micro-cracks, 
which are often missed by traditional and 
lightweight models. 
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The improvement in performance is mainly due to 
the advanced feature extraction mechanism of the 
Xception architecture, which captures both spatial 
and channel-wise information efficiently. 

Additionally, preprocessing and data augmentation 
techniques contribute to improved generalization 
 

Results 

 

 

 



  ISSN2277-2685 

IJESR/April. 2026/ Vol-16/Issue-2s1/130-137 

Mohd Zaki et.al.,/International Journal of Engineering &Science Research 

136 
 

 

Conclusion 
In this project, an automated deep learning-based 
system for detecting defects in solar cell images was 
successfully designed, developed, and evaluated 
using the Xception architecture. The system 
leverages depthwise separable convolutions to 
efficiently extract both spatial and channel-wise 
features, enabling accurate identification of defects 
in solar cells. The complete workflow—from data 
collection and preprocessing to feature extraction, 
model training, evaluation, and deployment—was 
implemented in a structured and modular manner, 
ensuring scalability and ease of integration. 
Through extensive experimentation on a balanced 
dataset containing both defective and non-defective 
solar cell images, the model demonstrated strong 
performance across key evaluation metrics such as 
accuracy, precision, recall, and F1-score. Compared 
to traditional image processing techniques and 
lightweight deep learning models like 
MobileNetV2, the proposed Xception-based 
approach showed superior capability in detecting 
subtle and complex defects such as micro-cracks, 
scratches, and surface irregularities. This improved 
performance can be attributed to the model’s ability 
to learn deeper and more discriminative features 
from high-resolution images. 
The system also incorporates effective 
preprocessing techniques, including normalization, 
resizing, and data augmentation, which enhance 
generalization and reduce overfitting. As a result, 
the model performs consistently across varying 
image conditions, including changes in lighting, 
noise, and surface variations. Additionally, the 
modular design of the system—covering data 
handling, preprocessing, feature extraction, training, 
and prediction—ensures maintainability and 
flexibility for future enhancements. 

A significant contribution of this work is the 
reduction in dependency on manual inspection 
methods, which are often time-consuming, 
inconsistent, and prone to human error. By 
automating the defect detection process, the system 
ensures faster, more reliable, and consistent quality 
control in solar panel manufacturing. Furthermore, 
the computational efficiency of the Xception 
architecture allows the model to operate effectively 
even in resource-constrained environments, making 
it suitable for real-time industrial deployment. 
 
Future Scope 
Although the proposed system achieves high 
accuracy and efficiency, there are several promising 
directions for future research and development to 
further enhance its capabilities and applicability. 
One major improvement is extending the current 
binary classification model to a multi-class 
classification framework. This would allow the 
system to not only detect the presence of defects but 
also categorize them into specific types such as 
cracks, dust accumulation, discoloration, hotspots, 
or structural anomalies. Such detailed classification 
would provide more actionable insights for quality 
control and maintenance processes. 
Another important enhancement involves the 
integration of Explainable Artificial Intelligence 
(XAI) techniques. By incorporating methods such as 
Grad-CAM or attention visualization, the system 
can highlight the regions of the image that contribute 
most to the model’s predictions. This improves 
transparency and interpretability, which is especially 
important in industrial applications where trust and 
accountability are critical. 
Future work can also focus on deploying the system 
on edge devices or IoT-enabled platforms. This 
would enable real-time defect detection directly on 
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production lines or in remote solar installations, 
reducing latency and improving response time. Edge 
deployment would also allow continuous 
monitoring without relying on centralized 
computing systems, making the solution more 
practical and scalable. 
Expanding the dataset with large-scale, real-world 
industrial images collected under diverse 
environmental and operational conditions is another 
key area for improvement. A more diverse dataset 
would enhance the robustness and generalization 
capability of the model, ensuring consistent 
performance across different manufacturing setups 
and environmental variations. 
Additionally, integrating the defect detection system 
with predictive maintenance frameworks can 
significantly improve operational efficiency. By 
analyzing defect patterns over time, the system can 
predict potential failures and enable proactive 
maintenance, reducing downtime and maintenance 
costs while extending the lifespan of solar panels. 
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