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ABSTRACT

Printed Circuit Board (PCB) defects can lead to significant failures in electronic devices, affecting reliability and performance.
Traditional manual inspection methods are time-consuming and prone to errors, making automated defect detection essential for
industrial applications. This paper presents a deep learning-based approach utilizing Convolutional Neural Networks (CNN) to
identify defects in PCB images. The proposed model is trained on a dataset containing various types of PCB defects such as
missing components, soldering issues, and broken traces. The evaluation is conducted using accuracy, precision, recall, and F1-
score metrics. Experimental results demonstrate that CNN-based detection significantly improves defect identification accuracy,

highlighting its potential in industrial quality control.
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I.  INTRODUCTION

Printed Circuit Boards (PCBs) are crucial components in
electronic devices, serving as the foundation for electrical
connections. Defects in PCBs can lead to device failures,
increased production costs, and potential safety hazards.
Traditional inspection methods involve manual visual
inspection or rule-based automated optical inspection (AOI),
which are often inefficient and prone to misclassification.
Recent advancements in Artificial Intelligence (Al) and Deep
Learning (DL) have demonstrated significant improvements in
various image processing tasks, including defect detection in
industrial ~ applications. ~ Among  these  techniques,
Convolutional Neural Networks (CNNs) have emerged as a
powerful tool for detecting and classifying defects in PCB
images due to their ability to learn intricate patterns and
spatial hierarchies within image data. CNNs can automatically
extract features, recognize complex defect patterns, and
provide robust, real-time defect detection with higher
accuracy compared to traditional methods.

This paper explores the application of CNN-based deep
learning models for smart PCB defect detection in industrial
settings. The study presents a comprehensive approach,
including dataset preparation, preprocessing techniques,
model selection, and performance evaluation using multiple
deep learning architectures. By leveraging CNNs for defect
detection, manufacturers can achieve enhanced quality control,
reduce false detections, and improve the overall efficiency of
PCB inspection processes. The results of this study
demonstrate the potential of CNN-based automated defect
detection systems to revolutionize industrial PCB
manufacturing, ensuring higher reliability and lower
production costs.

I1. METHODOLOGY

A. Dataset

The dataset used in this study comprises high-resolution
images of Printed Circuit Boards (PCBs), capturing a diverse
range of defects such as missing components, soldering issues
(cold solder joints, excess solder, insufficient solder), short
circuits, open circuits, broken or misaligned traces, and
component misplacement. These images were sourced from
publicly available industrial defect repositories and annotated by
experts to ensure accurate classification. To facilitate model
training and evaluation, the dataset was divided into training,
validation, and test sets, maintaining a balanced representation of
different defect types. The dataset's diversity plays a crucial role
in improving the model’s robustness, enabling it to detect defects
across various PCB designs and manufacturing conditions
effectively.

B. Preprocessing

Preprocessing plays a crucial role in improving the quality of
PCB images and ensuring that the deep learning model
effectively learns defect patterns. The preprocessing pipeline for
this study consists of multiple steps designed to standardize the
dataset, enhance image features, and optimize model
performance.

First, image resizing was performed to ensure that all PCB
images had a uniform dimension of 224x224 pixels, making
them compatible with the CNN model and reducing
computational complexity. Normalization was applied to scale
pixel values within a range of [0,1] by dividing by 255, which
helps in stabilizing the training process and preventing large
gradient updates.

To enhance the model's generalization capability, various
data augmentation techniques were applied to artificially
increase the diversity of training images. These techniques
included random rotation, horizontal and vertical flipping,
contrast enhancement, Gaussian noise addition, and edge
sharpening. Rotation and flipping helped the model recognize
defects from different orientations, while contrast
enhancement improved defect visibility, making it easier for
the model to differentiate between normal and defective PCB
regions. Gaussian noise addition was used to make the model
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robust to real-world noise, and edge sharpening emphasized
the structural features of PCB traces.

To address class imbalance, where certain defect types
were underrepresented, the Synthetic Minority Over-sampling
Technique (SMOTE) was applied. This technique generates
synthetic samples for underrepresented classes by
interpolating between existing data points, ensuring that the
model learns from a balanced dataset and reducing bias
toward majority classes.

Additionally, noise reduction techniques such as Gaussian
filtering and histogram equalization were employed to
minimize unwanted artifacts in the images and enhance
crucial defect features. These preprocessing steps collectively
ensured that the dataset was well-prepared for deep learning
model training, leading to more accurate and reliable defect
detection in PCBs.

C. Model Architecture

We trained several deep learning models for classification:

o ResNet50: A deep residual network designed to
address the vanishing gradient problem and
improve accuracy in complex image classification
tasks.

¢ VGC16: A deep CNN with 16 layers, known for its
simple yet effective architecture for image
recognition.

o EfficientNet: A model optimized for both accuracy
and computational efficiency using compound
scaling.

e Custom CNN: A specifically designed CNN model
tailored for PCB defect detection, incorporating
convolutional, pooling, dropout, and fully
connected layers to optimize classification
performance.

¢ InceptionV3: A CNN architecture that enhances
feature extraction through multiple filter sizes in
parallel.

o MobileNet: A lightweight model designed for mobile
and edge devices, offering efficient computation
with depth wise separable convolutions.

D. Evaluation Metrices

To evaluate the performance of the models, we used the
following metrics to assess their effectiveness in detecting
PCB defects from image datasets. These metrics provide a
comprehensive view of model performance, covering both
classification accuracy and the ability to handle imbalanced
datasets:

e Accuracy: The accuracy metric is defined as the
percentage of correctly classified images out of the
total number of images in the test set. While accuracy
provides an overall measure of model performance, it
can be misleading in the case of imbalanced datasets,
where a model may simply predict the majority class
(e.g., non-defective) more frequently and still achieve
high accuracy.

e Precision: Precision is defined as the proportion of
true positives among the predicted positives. It
measures the accuracy of the positive predictions
made by the model. Precision is particularly
important in PCB defect detection tasks, as a high
precision ensures that a significant proportion of
the predictions made as "defective" are actually
true defective cases. High precision reduces the
risk of false positives, which could lead to
unnecessary rework or scrap in the manufacturing
process.

e F1-Score: The Fl-score is the harmonic mean of
precision and recall and provides a balanced
measure between the two. It is particularly useful
when dealing with imbalanced datasets, where
precision and recall might not be equally
distributed. A high Fl-score indicates that the
model is performing well in terms of both
precision and recall, ensuring that both false
positives and false negatives are minimized.

o Specificity: Specificity is the proportion of true
negatives among all the actual negatives. It is a
measure of the model’s ability to correctly identify
non-defective PCBs. Specificity is important in
reducing false positives and ensuring that the
model does not classify functioning PCBs as
defective, preventing unnecessary wastage and
production delays.

* Area Under  the Receiver ~ Operating
Characteristic Curve (AUC-ROC): The ROC
curve is a plot of the true positive rate (recall)
versus the false positive rate. The AUC-ROC
score represents the area under this curve and
provides an overall evaluation of the model’s
ability to discriminate between defective and non-
defective PCBs. A higher AUC value indicates a
better-performing model, with values closer to 1.0
representing models that perform well in
distinguishing between the two classes.

o Matthews Correlation Coefficient (MCC): MCC is
a metric that considers all four outcomes in the
confusion matrix (true positives, false positives,
true negatives, false negatives). It provides a
balanced evaluation, even in the case of
imbalanced datasets. An MCC score close to +1
indicates a highly reliable classifier, while a score
close to -1 suggests poor performance.

e Logarithmic Loss (Log Loss): Logarithmic loss
evaluates the wuncertainty of the model’s
predictions based on the probability output for
each class. It penalizes incorrect classifications
with higher confidence more heavily than those
made with lower confidence. A lower log loss
indicates better probability estimates by the model.

o Recall: Recall is defined as the proportion of true
positives among the actual positives. It measures
the model’s ability to correctly identify all relevant
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positive instances (defective PCBs). Recall is

critical in industrial applications, as a higher recall

ensures that most actual defective cases are

correctly identified, reducing the risk of

undetected defects reaching final production.
These metrics collectively provide a thorough
assessment of the model’s ability to accurately and
reliably classify images as defective or non-defective.
The combination of precision, recall, F1-score, and
AUC-ROC is particularly important when working
with PCB defect datasets, where the cost of false
negatives (missing a defective PCB) and false positives
(unnecessary rejection of functional PCBs) is high.
Therefore, each of these metrics contributes valuable
insights into the model’s overall classification
performance.

I11.  RESULTS AND DISCUSSION

The trained deep learning models were evaluated on the
test dataset to assess their effectiveness in detecting PCB
defects. The results show that ResNet50 outperformed other
models, achieving the highest accuracy, precision, and recall.
The use of data augmentation and preprocessing techniques
significantly improved model generalization, enabling better
defect detection across varying PCB designs.

To further analyze performance, the AUC-ROC curve was
plotted for all models, with ResNet50 achieving an AUC
value of 0.98, indicating excellent classification capability.
The log loss values confirmed that deeper architectures like
ResNet50 and EfficientNet produced more confident
predictions, whereas MobileNet and VGG16 had higher log
loss values, indicating occasional misclassifications with
lower confidence.

One key observation was the impact of class balancing
techniques. The Synthetic Minority Over-sampling Technique
(SMOTE) improved the model’s ability to correctly detect
rare defects, reducing the bias towards non-defective
classifications. Additionally, preprocessing steps like noise
reduction and edge enhancement played a crucial role in
improving defect visibility, allowing CNNs to detect minute
imperfections that could be missed in traditional AOI systems.

Overall, the results demonstrate that CNN-based defect
detection significantly enhances PCB quality control, reducing
the reliance on manual inspection and improving defect
identification accuracy. These findings validate the potential
of deep learning in transforming defect detection processes in
the electronics manufacturing industry.
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Fig. 1 Final Output

IV.  CONCLUSIONS

This study demonstrates the effectiveness of deep learning-
based approaches, particularly Convolutional Neural
Networks (CNNs), for automated PCB defect detection in
industrial applications. The experimental results show that
CNN architectures, especially ResNet50, EfficientNet, and
VGG16, significantly outperform traditional inspection
methods by achieving high accuracy, precision, and recall in
defect classification.

Overall, deep learning-based PCB defect detection offers a
scalable, efficient, and reliable solution for industrial quality
control, reducing manual inspection errors, minimizing
production costs, and improving the overall reliability of
electronic devices. The findings of this study indicate that
CNN-based models have the potential to revolutionize defect
detection in PCB manufacturing, making the process more
efficient and precise.
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