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Abstract

Automated defect detection in Printed Circuit Boards (PCBs) is essential for en-
suring the quality and reliability of electronic components. This project leverages
a dataset from Peking University’s Open Lab on Human Robot Interaction, con-
taining six types of PCB defects: missing holes, mouse bites, open circuits, shorts,
spurs, and spurious copper. High-resolution images from this dataset were aug-
mented and processed into 600 x 600 sub-images, resulting in a training set of
over 10,000 samples.

We employ a Single Shot MultiBox Detector (SSD) with a ResNet50 backbone
for defect classification and localization. The model achieved an overall accuracy
of 93.02% and a test loss of 0.2216, demonstrating robust performance across
defect types. Class-specific analysis revealed that the model performed best on
missing holes and faced challenges with mouse bites. These results indicate
strong generalization with minimal overfitting, as reflected in balanced training
and validation metrics.

Future improvements will focus on enhancing the model’s precision for challenging
classes through advanced feature extraction and additional data augmentation.
This work underscores the potential of deep learning in PCB defect detection,
contributing to efficient quality control in electronics manufacturing.

1 Introduction

This project aims to enhance Printed Circuit Board (PCB) defect detection using advanced image-
based techniques. Given that PCBs are the backbone of modern electronics, defects like open circuits
and scratches can lead to significant performance issues. Current research emphasizes the need for
more accurate and reliable inspection systems to reduce such defects.

Zhou et al. [27] discuss advancements in vision-based defect detection, particularly the use of
automated optical inspection (AOI) systems and machine learning for image recognition, which
are essential for improving defect detection accuracy. Wei et al. [22] demonstrated the superiority
of convolutional neural networks (CNNs) over traditional methods, achieving high accuracy in
classifying PCB defects.

However, these studies are conducted with an assumption of balanced and clean data with labeling.
In most industry applications, obtaining manual labels for such datasets is often costly and time-
consuming. As the result, performance of pre-mentioned models are induced by noise introduced by
ambiguous labels, environmental conditions, and inevitably unbalanced data .[[18]] Researchers like
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Silva et al.[17]] have introduced methods that make model robust against noisy labels, and Strelcenia et
al.[19] surveyed several methods that mitigate the effect of unbalanced data by generating imaginary
data with Generative Adversarial Networks (GAN).

Inspired by these previous works, we aim to address similar problems of noised and unbalanced data
for circuit defect detection tasks. The dataset used for this study consists of inspection and reference
images, with various defect types such as PSR peel-off, pollution, foreign particles, and scratches
labeled for analysis. By refining defect detection methods and improving the classification of smaller
or less obvious defects, the project aims to contribute to more efficient manufacturing processes and
higher product reliability in the electronics industry.

2 Literature Review

In this section, we will discuss three types of PCB defect detection solutions [3]]: one-stage, two-stage,
and transformer-based algorithms. One-stage algorithms, known for their high detection accuracy
and speed, are particularly suited to real-time PCB defect detection. In contrast, two-stage algorithms,
although typically slower, excel in detecting intricate defects due to their superior accuracy, making
them popular in applications where speed is less critical. Transformer-based algorithms, using
transformer models as the backbone, are also rapidly evolving. Additionally, transformer models have
shown impressive performance in other fields, suggesting strong potential for PCB defect detection.

2.1 One-Stage Algorithms

Single-stage algorithms, notably represented by the single shot multibox detector (SSD) [[10] and
You Only Look Once (YOLO) [13] [14]]. The YOLO algorithm offers a unique approach by framing
target detection as a regression problem. It does this by dividing the input image into a grid and
simultaneously predicting the class and bounding box attributes for multiple targets within each
grid cell. YOLO performs target detection in a single-shot forward propagation pass, making it
exceptionally fast, though it may be less effective for small target detection. Similarly, SSD predicts
target classes and bounding boxes on feature maps at different scales, accommodating various target
sizes through multiple anchor boxes of different dimensions. This design enables SSD to perform
well with small and multi-scale targets.

To address stability and accuracy issues in PCB defect detection models, Xin et al. [24]] introduced
an improved YOLOv4 model. This model uses mosaic data augmentation during input processing
and replaces the leaky rectified linear unit (Leaky-ReLLU) activation in the network backbone with
the Mish activation function. Similarly, to tackle the challenge of detecting small defects against
complex PCB backgrounds, Zhang et al. [26] proposed a lightweight single-stage defect detection
network. This network incorporates a dual attention mechanism and a path-aggregation feature
pyramid network (PAFPN) to improve the detection of small defects. MobileNetV2, a lightweight
backbone neural network, replaces ResNet101, significantly reducing model parameters, while the
dual attention mechanism ensures efficient feature extraction. Li et al. [7] developed a dataset for
PCB assembly scene object detection to address detection challenges related to anchor box sizes.

Wan et al. [20] proposed a defect detection method with a data-expanding strategy (DE-SSD)
and evaluated it using YOLOVS5 on both labeled and unlabeled samples. This approach reduces
dependency on labeled data by utilizing both types of samples, while the data-expanding strategy
helps mitigate the challenges posed by unlabeled data. The improvement is particularly noticeable
with smaller data volumes, although the effect decreases as data size increases. In a related study,
Wau et al. [23] introduced GSC YOLOVS, a deep learning detection method combining a lightweight
network with a dual-attention mechanism. This modified algorithm integrates Ghost Conv and Ghost
Bottleneck structures to significantly reduce model parameters and floating-point operations. The
inclusion of SE and CBAM modules further enhances accuracy and detection speed. Zhao et al. [21]
extended YOLOVS by incorporating adaptive spatial feature fusion (ASFF) [9], allowing adaptive
fusion of feature information across different spatial levels. Additionally, they introduced the global
attention mechanism (GAM) to boost the model’s information extraction capabilities. Lim and
colleagues [8] developed a novel multi-scale feature pyramid network using YOLOVS, specifically
targeting the detection of tiny PCB defects by leveraging contextual insights. This network also
integrates the CIoU loss function to improve the precision of spatial parameter estimation, effectively
pinpointing defect locations.



In summary, these studies have made notable advancements in PCB defect detection using one-stage
algorithms. Innovations include attention mechanisms, data enhancement strategies, and advanced
backbone networks. However, challenges remain, including reduced performance in complex defect
scenarios, high dependence on limited sample data, and the need for further improvements to handle
varied angles and lighting conditions effectively.

2.2 Two-Stage Algorithms

While single-stage algorithms offer faster processing, two-stage algorithms are known for their
superior detection accuracy. Prominent two-stage algorithms include Region CNN (R-CNN) [3],
Fast R-CNN [4]], Faster R-CNN [[15]], and Mask R-CNN [6]. These approaches divide PCB defect
detection into two phases: first, region proposal (RP), where pre-selected boxes are generated to
identify areas likely containing defects; second, classification is performed on these regions using
CNN:Es.

The R-CNN algorithm begins by creating a series of candidate regions (Region Proposals) within the
input image. Each region undergoes CNN feature extraction, and the resulting features are passed to
classifiers and bounding box regressors for target detection. While R-CNN achieves high accuracy,
its speed is limited due to the need for separate CNN feature extraction for each candidate region.
Faster R-CNN, an improved version, introduces the region proposal network (RPN), a learnable
network designed to quickly generate candidate regions. By seamlessly integrating the RPN with
classifiers and bounding box regressors, Faster R-CNN forms an end-to-end detection network,
enabling candidate region generation and feature extraction within a single network and substantially
improving detection speed.

In summary, while fewer studies focus on two-stage algorithms compared to one-stage approaches,
two-stage methods clearly offer advantages in detection accuracy. Recently, one-stage algorithms
have become popular due to their ability to meet real-time detection speed requirements, with only a
slight difference in accuracy compared to two-stage algorithms. Consequently, there is relatively less
research centered on two-stage methods.

2.3 Transformer-Based Algorithms

Although transformers have shown strong performance in computer vision (CV) and natural lan-
guage processing (NLP), they face limitations in visual inspection tasks, particularly due to time
constraints. These challenges have led to limited research on transformer applications in PCB defect
detection. However, despite these barriers, recent studies have begun exploring ways to overcome
these limitations, aiming to fully leverage transformer capabilities for PCB defect detection.

Despite the limited use of transformers in PCB defect detection, advancements in computer vision
and computational power have driven the development of numerous transformer models. In 2021,
Liu et al. [12]] trained a Swin Transformer v2 model with three billion parameters, incorporating
post-normalization and scaled cosine attention techniques. This model achieved state-of-the-art
(SOTA) results across various visual tasks. As of 2023, the Swin Transformer v2 backbone network
remains an active research area, consistently demonstrating exceptional performance.

An et al. [1] introduced a label-robust and patch-correlation-enhanced ViT (LPViT). Their ViT model,
based on LPVIiT principles, emphasizes robustness and leverages relationships among distinct regions
of PCB images. Additionally, random masking or substitution of certain blocks enhances the mutual
understanding of different image regions. Chen [2] employed an enhanced clustering algorithm to
generate optimized anchor frames tailored to the PCB defect dataset. In this approach, CNNs were
replaced with a shifted window transformer (Swin Transformer) for network feature extraction, and
channel ordering in the feature map was adjusted to allow the network to prioritize more valuable
information. Yang et al. [25] proposed an enhanced YOLOv7 model with the SwinV2_TDD module,
which includes an added convolutional layer to facilitate local PCB information extraction.

These innovative transformer models, designed for visual macro-models, capture multi-scale features
and excel in dense prediction tasks. Such capabilities are intrinsic to transformer-based PCB defect
detection, highlighting transformers’ potential in this field.



2.4 Summary

In comparing two-stage and single-stage algorithms, the two-stage algorithm offers higher accuracy
but is time-consuming, making it unsuitable for real-time detection tasks. In contrast, the single-
stage algorithm is faster but has relatively lower accuracy. Transformer-based PCB target detection
algorithms, built on the Transformer architecture, achieve excellent detection accuracy; however, they
have slower detection speeds, require higher computational resources for training, and depend on
large amounts of data.

3 Baseline Model

3.1 Baseline Selection

The 2023 study by Sharma et al. [16]] establishes SSD ResNet50 as the baseline model and serves
as the baseline paper for PCB defect detection, highlighting the effectiveness of ResNet50’s deep
residual network for this task. With its 50-layer architecture, ResNet50 excels in feature extraction
by enabling the propagation of gradients through residual connections, which mitigates issues such
as vanishing gradients. This structure is particularly valuable in PCB defect detection, where subtle
variations in defect patterns, like minor scratches or PSR peel-off, require nuanced and detailed
feature extraction to achieve high classification accuracy [6]].

While the SSD framework adds efficiency by combining localization and classification in a single-
stage approach, the ResNet50 backbone is the core of this model’s strength. Its robust feature
representation and deep layer structure allow it to capture high-level semantic features, making it
well-suited for distinguishing complex defect types. This depth enables precise localization of defect
regions, even in high-resolution images, supporting applications where timely and accurate defect
identification is essential to maintaining manufacturing quality and throughput [11].

As the baseline model validated by Sharma et al. [[L6], SSD ResNet50 leverages ResNet50’s powerful
feature extraction capabilities, making it a reliable solution for real-time PCB quality control. Its
adoption as a baseline in defect detection research underscores ResNet50’s advanced capacity to
handle high-dimensional, complex data—meeting the stringent demands of industrial-scale PCB
inspection.

3.2 Baseline Model Description

ResNet50 is a 50-layer deep residual network known for its powerful feature extraction capabilities,
making it well-suited for complex image classification tasks. With residual connections that facilitate
efficient gradient flow, ResNet50 enables deep and nuanced feature representation, capturing intricate
details essential for distinguishing subtle variations, such as those found in PCB defects. This depth
and robustness in feature extraction allow ResNet50 to handle high-dimensional data with precision,
making it an ideal choice for tasks requiring high accuracy and reliability. When paired with detection
frameworks, such as SSD, ResNet50 becomes highly effective for real-time inspection applications.

3.3 Mathematical Description

Given an input printed circuit board (PCB) image X € R7*WxC we perform feature extraction

using a ResNet-50 network. Let fregner : REXWXC 5 RAXwXd denote the feature extraction
process, yielding the feature map F' € R?"*%*d guch that:

F= fResNet(X)

where h and w are the spatial dimensions of the feature map, and d is the feature depth.

To detect objects within the PCB image, the base model apply the Single Shot MultiBox Detector
(SSD)[IL1]] approach on the feature map F'. The SSD process involves the following steps:

1. Anchor Boxes: We define a set of anchor boxes, also known as *default boxes*, at each spatial
location of F'. Let A = {(x;,y:, w;, h;) };=, denote the set of anchor boxes, where (z;, y;) are the
center coordinates, and w; and h; are the width and height of the i-th anchor box. Each anchor box
has a predefined aspect ratio and scale.



2. Offset and Class Prediction: For each anchor box (z;, y;, w;, ki) € A, SSD predicts:

* Class probabilities p; = (p;1,pi2,--.,Pi,c41) € RE*1, representing the probability
distribution over C object classes and an additional background class.

* Bounding box offsets d; = (tm, ty.iy tuw,is th,i) € R*, which are adjustments to the center
coordinates and dimensions of the anchor box, refining it to fit detected objects.

3. Loss Function: The objective function for SSD is a weighted sum of the classification and
localization losses, applied across all anchor boxes:

1
L= N (Lconf + OéLloc)

where NN is the number of matched anchor boxes, and « is a weighting factor. The components of the
loss function are defined as follows:

¢ Classification Loss Lcon: This is a cross-entropy loss applied to the predicted class probabil-
ities p; for each anchor box, defined as:

M C+1
Lconf = - Z Z Yi,c IOg(pi,c)
=1 c=1
where y; . is the ground truth label (one-hot encoded) for class c of anchor box :.

* Localization Loss Lj,: This is a Smooth L1 loss applied to the bounding box offsets for the
matched anchor boxes:

M
Lioc = Z Z SmoothLl(cimn —dim)

i=1 me{w.y,w,h}

where dAlm is the predicted offset and d; , is the ground truth offset for anchor box 7 along
dimension m, and the Smooth L1 loss is defined as:

0.522 if |z] <1

S thL1 =
moothL1(z) {|x_0,5 otherwise

4. Final Detection: After computing the class probabilities and bounding box offsets, Non-Maximum
Suppression (NMS) is applied to eliminate redundant detections, retaining only the highest-confidence
predictions for each detected object. This completes the SSD-based object detection process for the
PCB image.

4 Baseline Implementation

The proposed approach for printed circuit board (PCB) defect classification leverages a transfer
learning strategy using the ResNet-50 architecture. The primary objective is to detect and classify six
common defect types: mouse bites, shorts, open circuits, spurs, missing holes, and spurious copper.
The implementation consists of data preprocessing, model training, evaluation, and visualization
components.

4.1 Data Preparation and Preprocessing

The dataset was sourced from PCB images formatted following the PASCAL VOC structure. Image
annotations were stored in XML format, containing detailed defect class information. The PCB
Dataset class was created to load images and their respective labels by parsing the XML annotation
files. The images were transformed using standard normalization and resizing operations to ensure
compatibility with ResNet-50, which requires 224x224 pixel inputs.

Key transformations included:

* Resize: Images were resized to 300x300 pixels.

* Normalization: Mean and standard deviation values specific to ImageNet were applied for
data normalization.



4.2 Model Architecture

The ResNet-50 model, pre-trained on ImageNet, was adapted for multi-class classification by modi-
fying its final fully connected layer. The original output layer was replaced with a new linear layer
to output predictions for six classes. This adaptation retained the feature extraction capabilities of
ResNet-50 while fine-tuning the network for PCB defect classification.

4.3 Training Process
The model was trained using the following settings:

* Optimizer: AdamW optimizer with a learning rate of 0.0001.
* Loss Function: Cross-entropy loss.

* Scheduler: A ReduceLROnPlateau scheduler was employed to reduce the learning rate
when the validation loss plateaued, ensuring stable convergence.

 Batch Size: 256 for training and testing, with 8 for validation.

Training and evaluation metrics were tracked for each epoch, including overall and per-class accuracy,
and loss.

5 Baseline Model Evaluation

The classification model was trained and evaluated on a dataset consisting of six defect classes:
Mouse Bites, Shorts, Open Circuits, Spurs, Missing Holes, and Spurious Coppers. The evaluation
metrics include per-class accuracy and loss, overall accuracy, and loss trends during training and
validation.

5.1 Per-Class Test Performance

The performance across the different classes was evaluated using accuracy and loss. The results show
a variance in model effectiveness across the defect types:

* Mouse Bites: The model achieved an accuracy of 89.55% with a test loss of 0.2928. This
indicates a relatively high loss compared to other classes, which suggests that Mouse Bites
were among the more challenging classes for the model to classify accurately.

* Shorts: The accuracy was 91.93% with a loss of 0.2679. While the accuracy is above 90%,
the associated loss highlights some classification uncertainty.

* Open Circuits: This class performed well with an accuracy of 93.64% and a test loss of
0.2229, showing that the model handled these defects effectively.

* Spurs: Achieved an accuracy of 90.68% and a test loss of 0.2706, comparable to the Shorts
class.

* Missing Holes: This was the best-performing class with a high accuracy of 98.64% and the
lowest test loss of 0.0334, indicating that the model had a strong ability to correctly identify
these defects.

* Spurious Coppers: An accuracy of 94.01% and a loss of 0.2412, showing robust perfor-
mance with moderate confidence.

5.2 Overall Model Performance
The overall test accuracy reached 93.02%, demonstrating that the model generalizes well across

the dataset. The final overall test loss was 0.2216, reflecting the model’s effective minimization of
classification errors.
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5.3 Training and Validation Analysis

The training and validation curves (Figures 3 and 4) illustrate the learning behavior of the model
across epochs:

* Training and Validation Accuracy: The model showed a steady increase in both train-
ing and validation accuracy, reaching convergence around epoch 20. This consistent im-
provement highlights the effectiveness of the model’s learning capacity without significant
overfitting.

* Training and Validation Loss: Both training and validation loss curves decreased progres-
sively, indicating effective learning. After epoch 20, the loss values plateaued, signifying
that further training beyond this point offered diminishing returns.

5.4 Discussion

The per-class performance revealed variability in the model’s ability to classify certain defect types,
with Missing Holes standing out as the most accurately classified defect, while Mouse Bites posed a
greater challenge. The balanced trend between training and validation performance suggests that the
model maintained generalization without overfitting, which was further supported by the absence of
divergence between training and validation metrics over epochs.

The promising performance across various metrics positions this model as a reliable tool for defect
classification. However, further improvements may focus on enhancing the precision for challenging
classes such as Mouse Bites through additional data augmentation, feature extraction, or algorithmic
adjustments.

6 Proposed Model Extension

1. Since the training process is highly influenced by unlabeled samples, data-expanding strategy
should be helpful to further augment our dataset, thus improving model performance.

2. Inspired by ViT models, selectively masking or substituting regions of the PCB image may
help the network understand context better and improve its robustness against occlusion and
noise.



3. Mosaic data augmentation is widely used in models like YOLOV5 and imrpoves performance
by combining different images. This is particularly useful in defect detection, where data
diversity is often limited.

4. Using more advanced Loss functions should give birth to better training result. Replace the
standard loss function with the Complete Intersection over Union (CloU) loss, which has
shown to be effective in models like YOLOv4 and YOLOVS for accurately locating object
boundaries.

5. Adding an FPN layer to ResNet50 can improve multi-scale detection, allowing the model to
identify defects of varying sizes by merging information from multiple layers.

6. Incorporating attention modules like the Squeeze-and-Excitation (SE) or Convolutional
Block Attention Module (CBAM) can help ResNet50 better focus on critical regions and
enhance feature extraction. These modules have shown success in improving the accuracy
of defect detection by selectively emphasizing important features.

7. Replacing parts of ResNet50 with MobileNetV2 layers can reduce model size and speed up
processing. MobileNetV2’s inverted residuals and linear bottlenecks help maintain accuracy
while being more resource-efficient, which is advantageous for real-time applications.

8. If computational resources permit, we consider replacing ResNet50 with a hybrid backbone
such as Swin Transformer, which performs well on both large and small defect detection
tasks. Further experiments are required.

7 Division of work

1. Zepeng Zhao: Literature review, and proposed model extension
2. Frank Hu: Introduction, baseline model selection and description
3. Lehong Wang: Mathematical description, report formatting

4. Sungmyeon Park: Baseline model implementation
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