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Abstract

Printed Circuit Boards (PCBs) are crucial components in modern electronic devices. Detecting defects in PCBs is essential for ensuring product
reliability. Traditional inspection methods are time-consuming and prone to human error. This paper presents an automated PCB defect detection
system using deep learning, specifically YOLOVS, to identify defects such as missing holes, mouse bites, spurs, spurious copper, short circuits,
and open circuits. The system operates by processing input PCB images through the YOLOv8 model, which detects and classifies defects with
bounding box annotations. Post-detection, a structured defect report is automatically generated, providing detailed information such as defect
type, exact location on the PCB, and severity level. A dataset of PCB images is utilized for training the model, followed by performance
evaluation using accuracy. The results demonstrate a high detection rate, enabling efficient defect identification and improving quality control in

manufacturing.
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1. Introduction

Printed Circuit Boards (PCBs) are fundamental in the
electronics industry, serving as the backbone for electronic
circuits. Any defect in a PCB can lead to product failure,
increased production costs, and reduced reliability.
Traditional PCB defect detection methods can be broadly
categorized into manual inspection and automated machine
vision systems. Manual inspection involves human operators
visually examining PCBs under magnification to identify
defects. While this method is flexible and requires minimal
setup, it is highly subjective, labor-intensive, and prone to
errors, especially when dealing with high-volume production
or intricate designs. Automated machine vision systems, on
the other hand, use cameras and image processing algorithms
to detect defects. Recent advancements in artificial
intelligence and deep learning have enabled automated defect
detection using image-based techniques. The project provides
environmental and sustainability benefits by reducing
electronic waste. By minimizing the production of defective
units, the system contributes to reducing electronic waste,
aligning with sustainability goals. This study focuses on
developing an intelligent PCB defect detection system using
the YOLOV8 object detection algorithm.

2. Literature Review

*Corresponding Author: Dr. Krishnaveni Sakkarapani

Further studies by Gupta et al. (2022) P! in the International
Journal of Industrial Automation focus on real-time PCB
defect detection using YOLO-based object detection
frameworks. The study evaluates multiple YOLO versions
(YOLOVS, YOLOv6, and YOLOv7) for detecting defects
such as missing holes, mouse bites, and short circuits.
Findings reveal that YOLOv7 achieves the highest precision
(92%) in detecting small-scale defects, demonstrating its
effectiveness for high-speed quality control in PCB
manufacturing lines.

Research by Lee et al. (2023) P! in the Journal of Intelligent
Manufacturing explores the application of Generative
Adversarial Networks (GANs) for synthetic PCB defect data
generation. The study highlights how GAN-based
augmentation techniques improve model robustness,
especially for rare defect classes. Experimental results
indicate that training defect detection models with GAN-
augmented datasets enhances overall defect classification
accuracy by 28%.

A study by Kim et al. (2022) ") in the International Journal of
Computer Vision investigates anomaly detection techniques
for PCB defect identification. Their research applies
autoencoders, Isolation Forest, and One-Class SVM to detect
unseen defect patterns. The findings show that autoencoder-
based methods achieve 94% accuracy in anomaly detection,
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making them suitable for identifying novel defect types that
are not present in the training data.

Recent research by Wang et al. (2023) '8 in the Journal of Al
in Manufacturing examines Reinforcement Learning (RL)-
based adaptive inspection strategies. The study compares
fixed-threshold defect detection with RL-based dynamic
inspection, demonstrating that RL models reduce unnecessary
inspections by 40% while maintaining defect detection rates
above 95%. The results suggest that adaptive inspection can
optimize resource allocation in automated PCB quality
control systems.

Research by Kumar et al. (2022) ! in the Journal of Machine
Vision and Automation explores the impact of multi-sensor
fusion in PCB defect detection. Their study combines visible
light imaging with thermal and X-ray inspections to enhance
defect identification accuracy. The research concludes that
integrating multi-modal sensor data improves defect detection
rates by 32% compared to using a single imaging modality,
particularly for detecting hidden defects such as open circuits
and spurious copper.

Further insights are provided by Singh ef al. (2023) 'l in the
International Journal of Embedded Systems, which discusses
edge Al-based PCB defect detection. The study evaluates the
deployment of lightweight CNN models on embedded devices
for real-time defect classification. Results indicate that edge
Al solutions achieve latency reductions of 45% compared to
cloud-based inference while maintaining accuracy levels
above 90%, making them suitable for on-device quality
control.

A study by Brown et al. (2022) ™ in the Journal of
Electronics  Inspection  Technologies examines the
effectiveness of transfer learning for PCB defect detection.
Their research applies pre-trained deep learning models such
as ResNet, EfficientNet, and MobileNet to small-scale PCB
defect datasets. Findings reveal that transfer learning
improves training efficiency and achieves competitive
performance with limited training samples, reducing data
annotation requirements by 50%.

A study by Rodriguez et al. (2023) ! in the Journal of
Advanced Manufacturing Technologies explores the impact
of deep learning-based super-resolution techniques on PCB
defect detection. The research applies Generative Adversarial
Networks (GANs) and Convolutional Neural Networks
(CNNs) to enhance the resolution of low-quality PCB images.
Findings indicate that using super-resolution preprocessing
improves defect detection accuracy by 29%, particularly for
defects in low-contrast or noisy images. The study highlights
the importance of high-resolution imaging in automated
inspection systems for enhanced defect identification.
Research by Nguyen et al. (2023) ['?! in IEEE Transactions on
Industrial Informatics investigates the use of federated
learning for privacy-preserving PCB defect detection. Instead
of centralized training, the study proposes a decentralized
learning framework where multiple factories collaboratively
train deep learning models without sharing raw PCB defect
data. The approach maintains data privacy while achieving
91% detection accuracy, comparable to traditional centralized
models. The study demonstrates that federated learning can
enable secure and efficient Al deployment across different
manufacturing facilities.

Another perspective is offered by Wilson et al. (2023) 1 in
the Journal of Sustainable Manufacturing, which discusses the
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role of Al-driven defect prevention in PCB production. Their
research highlights predictive maintenance strategies that use
machine learning models to forecast potential defect
occurrences, enabling proactive adjustments in manufacturing
parameters. Findings reveal that predictive maintenance
reduces defect rates by 37% and minimizes material wastage.
Additionally, research by Tanaka et al. (2023) !'7) in the IEEE
Transactions on Computer Vision explores the use of self-
supervised learning for PCB defect segmentation. Their study
compares self-supervised contrastive learning methods
against supervised learning, showing that self-supervised
models achieve 89% segmentation accuracy with significantly
reduced labeled data requirements.

3. Methodology

Data Visualization and Analysis: Various visualization
techniques such as defect density heatmaps, frequency charts,
and violin plots were used to analyze the defect distribution
and detection performance.

Data Annotation and Labelling: PCB defect images were
annotated and labeled using Roboflow to create a well-
structured dataset. The annotation process involved manually
marking the defect regions and assigning corresponding
defect labels to facilitate training.

Model Training in Roboflow: The labeled dataset was
utilized for training a YOLOv12 model within Roboflow’s
training environment. The platform provided pre-processing,
augmentation, and model optimization tools to enhance the
learning process and improve detection accuracy.

Defect Detection in Python: Once trained, the YOLOvI2
model was deployed in a Python environment using Jupyter
Notebook. The trained model was loaded and applied to test
images, successfully identifying and localizing defects in PCB
samples.

Report Generation: The defect detection results, including
detected defect types, bounding box coordinates, and
confidence scores, were compiled into a structured report.
This report served as a basis for evaluating the model’s
effectiveness and guiding further improvements.

Data Visualization and Analysis: Various visualization
techniques were employed to analyze the defect distribution
and detection performance. Heatmaps illustrated defect
density across PCB samples, frequency charts highlighted the
prevalence of different defect types, and violin plots provided
insights into the severity distribution of detected defects.
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Fig 1: Types of defects on PCB
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Fig 2: Process Flow

5. Result And Analysis

The model was trained on a dataset comprising thousands of
PCB images with labeled defects. The evaluation metrics
indicate high detection accuracy of 81%, showcasing the
model's effectiveness in identifying various defect types. The
confusion matrix highlights the model’s classification ability,
while defect density heatmaps provide insights into defect-
prone areas on the PCB.

PCB Defect Density Heatmap that visually represents the
concentration of defects on a printed circuit board (PCB). The
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X and Y coordinates denote spatial locations on the PCB,
while the color intensity indicates defect density. The red
regions signify areas with a high concentration of defects,
whereas the blue and lighter areas represent lower defect
densities. Black dots indicate individual defect points. The
color bar on the right provides a density scale, with yellow-
green representing the highest density and purple-blue the
lowest. This heatmap helps in identifying critical defect-prone
zones for quality control and process optimization in PCB
manufacturing.
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Fig 3: PCB Defect Density Heatmap

Violin plot representing the distribution of PCB defects by
severity level. The X-axis categorizes defects into Low,
Medium, and High severity, while the Y-axis represents the
Defect ID Distribution. Each violin plot shows the density and
spread of defects within each severity level, with wider
sections indicating a higher concentration of defects. The
central white dot represents the median, and the thick bar in
the middle shows the interquartile range (IQR). This
visualization helps in understanding how defects are
distributed across different severity levels, aiding in
prioritizing quality control measures.
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Fig 4: Distribution of Defects by Severity

Horizontal bar chart depicting the frequency of different PCB
defect types. The X-axis represents the number of defects,
while the Y-axis lists the types of defects, including Mouse
Bite, Short, Missing Hole, Spurious Copper, Open Circuit,
and Spur. The length of each bar indicates the occurrence of
each defect, with Mouse Bite having the highest frequency
and Spur the lowest. This visualization helps in identifying
the most common defect types, enabling manufacturers to
focus on critical quality control measures.
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Fig 5: Frequency of Defect Types

Conclusion

The detection of PCB defects plays a crucial role in ensuring
the reliability and performance of electronic circuits. Defects
such as missing holes, mouse bites, spurs, spurious copper,
shorts, and open circuits can lead to electrical failures, signal
integrity issues, or even complete malfunction of electronic
devices. Automated PCB defect detection aims to enhance
manufacturing quality control by identifying these issues
early in the production process, reducing costs associated with
defective units and minimizing the risk of product failures in
the market.

Early identification of issues such as short circuits or missing
holes allows manufacturers to address defects before they
propagate through the assembly process, ultimately reducing
rework and material wastage. Additionally, an effective defect
detection system ensures compliance with industry standards,
improving customer trust and satisfaction.

The implementation of deep learning-based PCB defect
detection significantly enhances quality control in electronics
manufacturing. YOLOVS effectively identifies PCB defects
with high accuracy, reducing manual inspection efforts.
Future work will focus on expanding the dataset and
optimizing model performance for real-time deployment in
industrial settings.

References

1. Brown C, Taylor R & Adams J. Transfer learning for
PCB defect detection using pre-trained deep learning
models. Journal of Electronics Inspection Technologies.
2022; 19(3):150-165.

2. Chen X, Wang L & Liu Y. Hybrid Al-human
collaboration models for PCB quality assurance. IEEE
Transactions on Automation Science. 2023; 40(5):580-
595.

3. Chen Y, Xu F & Zhang M. PCB defect detection using
graph neural networks for structural analysis.
International Journal of Electronics and Automation.
2023; 29(5):401-418.

4. Gomez R, Silva P & Torres L. Self-attention transformers
for PCB defect segmentation. Journal of Machine
Learning in Manufacturing. 2023; 12(1):87-102.

5. Gupta R, Sharma P & Verma K. Real-time PCB defect
detection using  YOLO-based object detection
frameworks. International Journal of Industrial
Automation. 2022; 17(2):89-103.

6. Huang J, Lin W & Zhao Y. Attention mechanism-based
deep learning for PCB defect classification. IEEE
Transactions on Industrial Electronics. 2023; 70(3):3201-
3215.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

<36 >

https://academicjournal.ijraw.com

Kim H, Choi B & Yoon M. Anomaly detection
techniques for PCB defect identification using
autoencoders and Isolation Forest. International Journal
of Computer Vision. 2022; 46(3):210-225.

Kumar V, Mehta R & Singh N. Multi-sensor fusion for
enhanced PCB defect detection. Journal of Machine
Vision and Automation. 2022; 28(5):188-205.

Lee D, Kim S & Park J. Synthetic data generation for
PCB defect detection using Generative Adversarial
Networks (GANS). Journal of Intelligent Manufacturing.
2023; 35(1):55-72.

Lopez M, Fernandez R & Torres G. Al-driven design rule
checks (DRC) for defect prevention in PCB layout
optimization. International Journal of Computer-Aided
Design. 2022; 26(2):99-115.

Martinez J, Gonzalez P & Ruiz C. The role of
explainable Al (XAI) in PCB defect detection. Journal of
Electronics Quality Assurance. 2023; 31(2):130-147.
Nguyen D, Pham H & Le T. Federated learning for
privacy-preserving PCB  defect detection. IEEE
Transactions on Industrial Informatics. 2023; 59(4):890-
905.

Park S, Kim J & Lee T. Efficient defect detection in
PCBs using lightweight convolutional neural networks.
Journal of Computer Vision and Automation. 2022;
18(4):245-260.

Patel K, Desai A & Shah R. Comparative analysis of
robotic vision and human inspection for real-time PCB
defect detection. International Journal of Robotics and
Automation. 2022; 14(3):220-237.

Rodriguez S, Morales F & Ramirez T. Enhancing PCB
defect detection with deep learning-based super-
resolution  techniques.  Journal  of  Advanced
Manufacturing Technologies. 2023; 22(3):175-190.

Singh P, Agarwal S & Patel B. Edge Al-based PCB
defect detection for real-time quality control.
International Journal of Embedded Systems. 2023;
15(4):320-335.

Tanaka H, Nakamura Y & Suzuki K. Self-supervised
learning for PCB defect segmentation: A contrastive
learning approach. IEEE Transactions on Computer
Vision. 2023; 51(6):1021-1038.

Wang L, Zhou F & Han J. Reinforcement learning-based
adaptive inspection strategies for PCB quality control.
Journal of Al in Manufacturing. 2023; 12(2):75-92.
Wilson D, Carter J & Hall P. Al-driven defect prevention
strategies in PCB manufacturing. Journal of Sustainable
Manufacturing. 2023; 9(1):45-62.

Zhang Y, Liu H & Wang X. Computer vision and deep
learning for PCB inspection: A comparative study.
Journal of Electronics Manufacturing. 2021; 29(4):112-
128.


https://academicjournal.ijraw.com/

