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Abstract: With the continuous development of electronic technology, printed circuit boards (PCBs) are evolving
toward higher density and precision. However, traditional surface defect detection methods face issues such as low
accuracy and poor real-time performance, making it difficult to meet modern production requirements. This paper
uses YOLOVS as the base network and addresses the challenges of model deployment in resource-constrained
scenarios and slow detection speeds. It proposes a lightweight PCB defect detection method, PDE-YOLO, based on
partial convolution. Additionally, considering the challenges of identifying small defects, insufficient accuracy due
to insignificant features, and false positives and false negatives in PCB defect detection, we propose another method,
YOLOvV8-MPSW, which combines multi-scale feature enhancement and attention mechanisms. Based on the
proposed PDE-YOLO and YOLOv8-MPSW algorithms, we have developed a simple and efficient PCB surface
defect detection system. Experimental results show that the PDE-YOLO algorithm achieves an mAP of 95.8%, with
recall rates improved by 3.2% and 4.76% compared to Faster R-CNN and YOLOVS, respectively, reaching 90.4%,
demonstrating significant reliability. The YOLOv8-MPSW algorithm achieved an mAP of 97.79%, which is 3.34%
higher than the detection accuracy of YOLOvVSs, meeting the high-precision requirements of industrial detection
applications.
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1. Introduction

Printed circuit boards (PCBs) serve as the primary connection medium for electronic components and
are often referred to as the “mother of electronic products.” As the foundation of electronic devices,
PCBs provide robust mechanical support for various components within circuits, ensuring the realization
of'intended circuit functions. They find widespread application across industries such as communications,
electronics, and computing [1-2]. Additionally, the development level of the PCB industry directly
reflects a nation or region's manufacturing technology capabilities and information technology industry
strength [3]. According to relevant statistics, the global PCB industry's total output value reached 73.565
billion U.S. dollars in 2024. China, as the world's largest PCB producer, accounted for 56% of the global
market. With the rapid development of artificial intelligence and the Internet of Things, the importance of
PCBs in electronic devices has become increasingly evident. The PCB manufacturing industry has
become a vital pillar of the electronics and information technology sector, playing an immeasurable role
in driving the progress and development of the entire electronics industry [4-6].

With the rapid development of the electronics manufacturing industry and continuous advancements
in packaging technology, electronic products are evolving toward miniaturization. This trend has led to a
continuous reduction in the surface area of PCBs, thereby imposing higher demands on PCB production
processes [7-9]. During PCB production, a series of complex processes must be undergone, including
substrate selection, pattern transfer, and soldering. Each production stage requires precise process control;
otherwise, various defects may appear on the PCB surface, including but not limited to via defects,
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copper contamination, burrs, open circuits, and short circuits [10-12]. Due to factors such as material
quality, equipment performance, and production environment, some PCBs inevitably have defects. Once
these defective PCBs are put into use, they may cause equipment malfunctions, and in severe cases, even
trigger safety accidents [13]. Therefore, PCB surface defect detection is not only an important part of
quality control but also an indispensable key step in the PCB production process.

Traditionally, PCB defects were manually inspected by professionals, a method that was extremely
costly and inefficient. As a result, electrical testing methods were adopted, primarily relying on electrical
performance to identify surface defects on PCBs. However, this approach was difficult to implement due
to the high cost of fixtures required for testing, as well as the lengthy programming and debugging times
involved [14]. In recent years, Automatic Optical Inspection (AOI) systems have gradually replaced
traditional PCB defect detection methods. Although AOI has many advantages in PCB defect detection,
Chen et al. [15] pointed out that AOI has a high false positive rate, and manual secondary quality
inspection increases costs. In contrast, PCB defect detection using deep learning algorithms achieves an
accuracy rate of approximately 95%, with a single image detection time of 0.027 seconds. Additionally,
AOI detection has poor robustness, and the investment and maintenance costs of AOI equipment are
relatively high, particularly for small-batch PCB manufacturing companies, where it may not be
cost-effective [16].

As deep learning technology continues to mature, an increasing number of researchers are beginning
to explore its applications in PCB defect detection. Compared to traditional algorithms, deep learning
offers several significant advantages. First, deep learning can automatically learn defect features without
the need for manual extraction, thereby addressing the issue of human intervention required in traditional
algorithms. Second, deep learning can handle high-dimensional data and exhibits excellent
generalization performance, enabling it to adapt more effectively to various scenarios [17]. Additionally,
by leveraging end-to-end learning through neural network structures, the overall efficiency of PCB
surface defect detection can be enhanced [18]. Zhou et al. [19] developed a lightweight object detection
model for detecting small defects on PCB surfaces using an adaptive training sample selection strategy, a
detail-enhancing convolutional module, a shared lightweight detail-enhancing detection head, and a loss
function. The model achieved detection accuracy and precision of 97.8% and 99.6%, respectively, while
reducing model size and computational complexity. Lei et al. [20] aggregated multiple convolutional
kernels to form a reliable and lightweight adaptive convolutional network, optimized the network
through tensor decomposition, and processed dataset noise under collaborative learning and confidence
assessment. This method achieved excellent feature representation capability, visual interpretability, and
robustness in PCB surface defect detection. Shen et al. [21] utilized object detection technology and
character recognition technology based on deep convolutional neural networks to jointly construct a PCB
defect detection system, improving overall detection accuracy while maintaining real-time performance.
However, the use of multiple algorithms can lead to a significant increase in computational load, which
not only consumes a large amount of time and computational resources but may also affect the accuracy
of the processing results. Aiswarya [22] developed a deep convolutional neural network based on
improved fault features in PCB images for detecting surface defects, achieving an accuracy rate of
95.70% and a precision rate of 96.88%. Zhao et al. [23] proposed a lightweight PCB surface defect
detection model under a multi-branch streamlined convolutional structure, a simplified GDLite
architecture, and a lightweight coordinate attention module, achieving a detection accuracy of 98%.
However, deep learning algorithms also have some issues. As the number of convolutional layers
increases, the model's parameter count becomes very large and the model structure becomes complex,
leading to longer training and prediction times, which are difficult to meet the real-time industrial
detection requirements. Additionally, deep learning models often face issues such as overfitting and
underfitting, which require further improvement [24-25].

To address the aforementioned issues, researchers have turned their attention to improving YOLO as
a foundational algorithm. The YOLO series is widely applied in the field of PCB surface defect detection
due to its high detection accuracy and fast speed [26]. Zhang and Xi [27] improved YOLOv4 and
detected PCB surface defects with the assistance of K-means++ clustering, achieving an accuracy rate of
up to 99.34% and reducing false negatives and false positives. Additionally, relevant researchers
introduced attention mechanisms to optimize defect detection. Hu et al. [28] developed a real-time
detection model for PCB surface micro-defects based on residual networks and a novel attention
mechanism, improving accuracy and precision. Subsequently, attention mechanisms were utilized or
combined to improve the YOLO algorithm for defect detection. Zhao et al. [29] introduced a
ShuffleNetV2-YOLOvVS5 model incorporating attention mechanisms and multi-source information fusion
for rapid detection of PCB surface defects, achieving improvements in accuracy and computational
efficiency. Wang et al. [30] utilized the C2f SHSA attention mechanism, C2f IdentityFormer structure,
and PloU to improve the YOLOvV8n baseline model, achieving a PCB surface defect detection algorithm
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with higher accuracy, efficiency, and real-time performance.

Currently, there are three major development directions for multi-scale feature enhancement
technology: feature pyramid optimization, dynamic receptive field mechanisms, and lightweight design,
which inject new momentum into PCB surface defect detection. In the development of multi-scale
feature enhancement technology, researchers initially relied on manual feature design to achieve
multi-scale analysis, such as using the SIFT (Scale-Invariant Feature Transform) algorithm to extract key
point features from images. While this method can capture multi-scale information to some extent, it
depends on human experience and has high computational complexity [31-33].

Since the beginning of the 21st century, with the rise of deep learning technology, multi-scale feature
enhancement methods based on convolutional neural networks have gradually become the mainstream
[34-35]. In recent years, researchers have further explored fusion methods combining multi-scale
features with attention mechanisms to better highlight important features and suppress noise. These
methods have achieved significant results in tasks such as object detection and image segmentation,
effectively enhancing the representational capabilities of multi-scale features and driving the
development of multi-scale feature enhancement algorithms [36-38]. Wang et al. [39] developed a
few-shot PCB surface defect detection model based on feature enhancement and multi-scale fusion,
effectively balancing detection accuracy and efficiency. Hou and Zhang [40] established a lightweight
PCB defect detection model based on YOLOVS, which integrates an advanced feature fusion module, an
enhanced advanced filtering feature fusion pyramid network, an improved detection head, and a
multi-scale convolutional block attention module, thereby reducing computational complexity and
improving detection speed. Liu and Wen [41] introduced the k-means clustering algorithm,
MobileNetV2, spatial pyramid pooling structure, and feature pyramid network to respectively obtain
defect anchor boxes, backbone networks, and enhanced image perception ranges from PCB surface
images, and perform multi-scale feature fusion to rapidly detect PCB surface defects. This approach
reduces model size and offers real-time performance and portability. Zhu et al. [42] combined a receptive
field expansion network, multi-scale features, a coordinate information interaction mechanism, Varifocal
Loss, Complete Intersection over Union Loss, and a multi-dimensional dynamic convolutional
prediction head based on a multi-dimensional attention mechanism to construct a fine-grained defect
detection network capable of more accurately detecting minute defects on lightweight PCB surfaces.
Chen et al. [43] designed a lightweight CenterNet with enhanced local and global context by utilizing a
dual-branch lightweight visual transformer module, coordinate attention, dual-level wiring attention,
path aggregation network feature fusion structure, and a lightweight deep convolutional prediction head.
Compared to YOLOVSs, this method achieves more precise PCB surface defect detection, simplifies
parameters, and offers superior real-time performance and robustness. Lang and Lv [44] designed a PCB
defect detection algorithm named SEPDNet, which uses a re-parameterizable convolutional network as
the backbone and a neck network optimized by a feature pyramid network. With a single detection head,
the detection accuracy is improved, and the model parameters are further simplified compared to
YOLOvV9u-s. Zhang et al. [45] enhanced PCB defect image features using a lightweight feature
extraction network and downsampling methods. They employed a multi-scale aggregation network and
its attention module for feature map information sharing and interference removal, and used a
lightweight decoupled head for detection, forming a high-precision, high-speed, and computationally
balanced PCB defect detection network that performs excellently on edge systems or
resource-constrained embedded devices. Yu et al. [46] developed a lightweight PCB defect detection
algorithm based on YOLO, utilizing GhostNet (backbone network), deep separable convolutions (neck
network optimization), the C3STR module (SwinTransformer + neck network C3 module to address
image background and classification interference), and a bidirectional feature pyramid network
(multi-scale feature fusion). The model parameters were reduced, and accuracy was improved.

In recent years, the development of the electronics manufacturing industry has entered a fast-track
phase, with printed circuit boards (PCBs) playing an increasingly important role in industrial production.
As a result, defect detection for PCB products has become an indispensable component of the electronics
manufacturing process. To address the challenges of model deployment in resource-constrained
environments and the issue of slow detection speeds, this paper proposes a lightweight PCB defect
detection method based on partial convolutions, named PDE-YOLO. This method uses YOLOVS8n as its
base network, combining the partial convolution PConv with the C2f module in YOLOv8n to introduce
the C2f PConv_Block, effectively reducing the network's computational load and parameter count,
thereby achieving network lightweighting; Additionally, a lightweight upsampling operator, DySample,
is introduced as the network's upsampling method. By utilizing point sampling, it addresses the poor
adaptability of traditional upsampling operators, thereby compensating for the accuracy degradation
caused by network lightweighting. Finally, EIoU Loss replaces CloU Loss as the network's loss
function, further accelerating model convergence and improving overall detection accuracy. When
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addressing the challenge of detecting small defects in PCB surface defect detection, this paper proposes a
PCB defect detection method based on multi-scale feature enhancement and attention mechanisms,
named YOLOvV8-MPSW. This method replaces the C2f module with a mixed aggregation network
(MANet) to enhance the feature extraction capabilities of the backbone network; by combining hollow
convolutions with different sampling rates and the CBAM attention mechanism, a multi-scale pyramid
fusion module (MPAF) is constructed to replace the SPPF module, thereby enhancing the expression
capability of multi-scale features; in the neck network, the SE attention mechanism is added to enhance
the perception of small defects and the model's generalization performance; simultaneously, the efficient
WloUv3 loss function is adopted to further optimize detection performance. Finally, based on the
PDE-YOLO and YOLOVS-MPSW algorithms, we combined Python programming, the PyCharm IDE
environment, and the graphical design tool Qt Designer in PyQt5 to design a human-machine interface,
thereby constructing a PCB surface defect detection system. We then tested the system's defect detection
performance and defect classification performance.

2. Lightweight PCB performance defect detection method based on partial
convolution

Printed circuit boards (PCBs) are core components of electronic products, and surface defects directly
affect product performance. This paper addresses two key challenges in PCB defect detection:
lightweight deployment and micro-defect detection. It proposes two improved algorithms based on
YOLOv&n.

This chapter addresses the challenges of model deployment and poor detection speed in scenarios
with limited computing resources by proposing a lightweight PCB defect detection method based on
partial convolution.

2.1. PDE-YOLO

In response to the challenges of model deployment and low detection efficiency caused by limited
computing resources in actual industrial scenarios, this chapter proposes a lightweight PCB defect
detection method based on partial convolution, named PDE-YOLO.

First, we propose the PConv_Block module, which uses partial convolution (PConv) as its core
structure. Then, we replace the Bottleneck structure in the C2f module of YOLOv8n with the
PConv_Block module, further proposing the C2f PConv_Block module, which significantly reduces
convolution operations and lowers memory access [47]. In edge computing scenarios, this effectively
alleviates memory pressure: simultaneously, all upsampling modules in the network's neck region are
replaced with the lightweight upsampling operator DySample, which effectively addresses the
limitations of traditional upsampling operators in terms of adaptability using a point sampling method,
thereby mitigating the accuracy degradation caused by network lightweighting: Finally, the EIOU loss
function is adopted to replace the previous loss function, more accurately measuring the matching degree
between bounding boxes and accelerating convergence speed [48].

2.2. Improved C2f module

2.2.1. Partial Convolution
The formula for the number of floating-point operations (FLOPs) for partial convolution PConv is
shown in Equation (1):
FLOPs = hxwxk* xc* (D
Among these, & and w represent the width and height of the feature map, k represents the size of
the convolution sum, and ¢ represents the number of channels. Typically, the number of channels used
is one-quarter of the conventional number of channels. Therefore, the FLOPs of PConv are only

one-sixteenth of those of conventional convolution.
The memory access count (MAC) formula for PConv is shown in Equation (2):

MAC = hxwx2c+k*xc* = hxwx2¢ )
Among them, 4 and w are the width and height of the feature map, k is the size of the convolution
sum, and ¢ is the number of channels affected by the regular convolution.
PConv's memory access is only 1/4 that of conventional convolution.

2.2.2. C2f module integrating PConv

This paper takes the novel PConv as the main structure and further proposes PConvBlock. Each
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PConvBlock module consists of a partial convolution PConv layer and two ordinary convolution layers,
which together form an inverted residual structure.

This paper replaces the Bottleneck module in C2f with PConv_Block, proposing C2f PConv_Block,
which makes spatial feature extraction more efficient while reducing redundant calculations and memory
accesses, thereby lowering memory access costs.

2.3. Improved upscaling module
2.3.1. Upsampling Module

In convolutional neural networks, transposed convolution is a key operation for implementing
upsampling on feature maps. Considering the most basic case, when the stride is set to 1 and no padding
is performed, assume that the input feature map size is nxn and the convolution kernel size is kxk. This
operation involves the following key steps: First, the convolution kernel slides with a unit stride in the
spatial dimension, generating n? intermediate feature maps; second, each intermediate feature map is
initialized as a kxk zero matrix, and its update rule is to multiply each element of the input feature map
with the convolution kernel element-wise and fill the results into the corresponding subregions; finally,
the output result is obtained by stacking all intermediate feature maps.

2.3.2. Lightweight Upsampling DySample

YOLOvVS employs the nearest neighbor interpolation method, which achieves upsampling by directly
copying the values of adjacent pixels [49]. In contrast, transposed convolution upsampling relies on
transposed convolution layers, which expand the feature map size by training the convolution kernel
parameters. Although these two traditional upsampling methods are widely used in image processing,
they lack the ability to adjust sampling points based on feature map content, which often leads to the loss
of some feature information in the image, affecting the accuracy of subsequent recognition. To overcome
this limitation, this paper proposes introducing the lightweight upsampling operator Dysample into the
YOLOVS8n network.

DySample is a dynamic upsampler with universal and fast characteristics. It uses a grid sampling
function to perform bilinear interpolation sampling on the input X , thereby generating an upsampled

feature map X of size Cx H , XW, . As shown in Equation (3):
X' = gridsample( X, S) 3)
By rearranging pixels, offset O is reshaped into the form of 2 x sH x sW . Finally, offset O is
added to the original grid sample g to obtain sample set S, thereby completely realizing the sample set
generation process, as shown in Equation (4).
S=g+0 @)
By performing a linear projection on the input features, a point-by-point “dynamic range factor” is
generated, with the aim of enhancing the flexibility of the offset. In terms of dynamic range settings, the
sigmoid function is employed. The key role of this dynamic range factor lies in its ability to dynamically
adjust the offset based on the characteristics of the input image, thereby improving the effectiveness of
upsampling. This addresses the limitation of poor adaptability in traditional upsampling operators,
thereby enhancing the detection accuracy of PCB images. The calculation formula is shown in Equation
%)
0 =0.5sigmoid(linear,(X))-linear,(X) %)

2.4. Improved loss function

2.4.1. Common loss functions

The Intersection over Union (IoU) loss function is a metric used to evaluate the degree of alignment
between a model's predicted results and the true targets. Although the IoU loss function is widely used in
object detection tasks, it has significant limitations. To address this, this paper proposes the Generalized
Intersection over Union (GloU) loss function. This method builds upon the traditional IoU calculation by
introducing the minimum bounding rectangle as a penalty term. As shown in Equation (6), the GIOU loss
function not only considers the proportion of the overlapping area but also adjusts the loss value by
calculating the proportion of the non-overlapping area relative to the bounding rectangle:
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Although GloU effectively addresses some of the limitations of IoU, its penalty mechanism becomes
ineffective when the ground truth box and the predicted box exhibit an inclusion relationship, causing
GIoU to degrade into a standard IoU form. To address this issue, researchers have proposed the Distance
Intersection over Union (DIoU) loss function. This method builds upon the traditional IoU evaluation
framework by simultaneously considering the overlapping area between the predicted box and the
ground truth box, as well as the spatial distance between their center points. As shown in Formula (7),

DIoU can more accurately characterize the spatial differences between predicted and ground-truth
bounding boxes:

(6)
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Building upon the DIoU method, this paper further proposes the complete intersection over union
(CIoU) loss function. The innovation of CloU lies in its integration of three key geometric features. The
ClIoU calculation framework consists of three core components: the overlap area term evaluates the
coverage of the bounding box, the center distance term measures spatial position deviation based on
Euclidean distance, and the aspect ratio term quantifies shape similarity through parameter v . Here, w
and & represent the width and height of the predicted box, respectively, while the balancing coefficient
«a adjusts the weight ratios of each term:
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2.4.2. EloU loss function

The original loss function used by YOLOvVS8 is CloULoss. Although CloULoss has achieved
significant results in bounding box regression tasks by comprehensively considering geometric features
such as overlap area, center point distance, and aspect ratio, there is still room for improvement in its
handling of aspect ratio differences. Specifically, CloULoss mainly focuses on changes in aspect ratio
and fails to fully consider the independent effects of width and height on target confidence. To address
this issue, this paper adopts EloULoss as an alternative to the original loss function. Compared to CloU,
the innovation of EloU lies in treating width error and height error as independent optimization items
rather than simply coupling them through the aspect ratio. The EloU loss function expression is shown in
Equation (11):

Ly =Ly + Ly +L,,
p’(b,b*)
WY +(r)

P Inw) pP(hh*)
ey (h°)*

EloU loU

=1-IoU + (11)

2.5. Experiments and Analysis of Results
2.5.1. Setting up the experimental environment

The hardware and software configuration used in the training environment for this study is shown in
Table 1. The experimental platform configuration is as follows: 12th Gen Intel(R) Core(TM) i5-12500H
CPU, NVIDIA GeForce RTX 3060, and 32 GB of RAM. The software environment includes Python 3.8,
PyTorch 1.13.0, and CUDA 11.7. Further details will not be repeated in the subsequent experiments.



Table 1. Hardware and software environment.

Environmental configuration Name Information
CPU 12th Gen Intel(R) Core(TM) i5-12500H
GPU operating NVIDIA GeForce RTX 3060
Hardware and software system Windows1 1
environment Python version 3.8
Pytorch version 1.13.0
CUDA version 11.7

2.5.2. Dataset and Expansion

The dataset used in this paper is the PCB defect dataset (PCB_DATASET) publicly available from
the Beijing University of Technology Intelligent Robotics Open Laboratory. It contains six types of PCB
defects: The experiment utilized a PCB defect dataset provided by an open laboratory at a certain
university, comprising 705 images covering six defects: missing holes, rodent bites, open circuits, short
circuits, burrs, and excess copper. To simulate complex scenarios, the dataset was expanded to 3,576
images using techniques such as random brightness adjustment, noise addition, rotation, cropping,
scaling, and mirroring.

2.5.3. Analysis of ablation experiment results

To validate the impact of the improved modules proposed in this paper on PCB surface defect
detection in the YOLOvV8n model, ablation experiments were conducted under identical experimental
parameters. The results are shown in Table 2. In the table, “\” indicates that the method was used to
improve the model in the experiment, while “X” indicates that it was not used. The ablation test results
indicate that the improved modules proposed in this study (C2f PConv_Block, DySample, EIOU)
significantly optimize the overall performance and computational efficiency of the YOLOv8n model,
achieving optimal model performance. When all three innovative modules are fully integrated into the
YOLOv8n model, the recall rate R reaches 0.904 (an improvement of 5.73% compared to the unmodified
model), mAP@0.5=0.968 (an improvement of 2.7%), and GFLOPs remains stable at 7.1.

Table 2. Ablation experiments.

Experimental serial YOLOvVS | DCNv | MultiSEA | Elo | GFLOP | R(% | mAP@O.
number n 2 M U S ) 5
1 N x x x 8.2 0'585 0.931
2 \ N x x 8.1 0'56 0.934
3 N x N x 75 0'387 0.938
4 v x x v 8.2 0‘59 0.941
5 v N N v 7.1 Of 0 0.958

The detection performance of the model on the test set was quantified using the P-R curve, as shown
in Figure 1. The curve of the improved model in this paper shows a balanced characteristic of high
accuracy and high recall rate, with an area under the curve (AUC) of 0.958. This proves that the improved
model can balance lightweight and detection accuracy.
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Figure 1. The P-R graph of the improved model.

Multivariate validation of PR curves and ablation experimental data shows that the optimization
strategy proposed in this study significantly improves the generalization ability and practicality of the

model in PCB defect detection tasks.

2.5.4. Analysis of comparative experimental results
1) Loss Function Comparison Experiment

To validate the superiority of the EIOU loss function, a comparison experiment was conducted
between the EIOU loss function and several mainstream loss functions, including IoU, GIoU, DIoU, and
CloU. While keeping other training conditions unchanged, only the loss function was altered in the
experiment. The comparison results of different loss functions are shown in Figure 2. As shown in the
figure, the EIOU loss function exhibits the fastest convergence rate and stable regression performance,

providing more reliable target localization accuracy for PCB defect detection tasks.
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Figure 2. Comparison of different loss function results.
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2) Algorithm Comparison Experiment

To validate the performance advantages of the algorithm proposed in this paper for PCB surface
defect detection tasks, six mainstream object detection models were selected for comparison experiments.
All models were trained and tested on the same training and testing datasets, using uniform parameter
settings and hardware configurations to ensure the fairness and reproducibility of the evaluation. The
experimental results are summarized in Table 3. In terms of overall performance, Improved algorithm
mAP@0.5~95.8%, significantly outperforming other algorithms. In terms of recall rate, the proposed
algorithm achieved a high of 90.4%, outperforming Faster R-CNN and YOLOvS8 by 3.2% and 4.76%,
respectively. The proposed algorithm PDE-YOLO achieves good detection performance while saving
computational resources.

Table 3. Comparison test.

Model mAP@0.5(%) Recall(%)
Faster R-CNN 93.94 87.2
SSD 87.72 84.44
YOLOX 90.35 85.64
YOLOv5S 93.23 86.5
YOLOvV7 92.67 86.25
YOLOVS 93.4 86.44
YOLOvVI0 93.77 86.96
Improved algorithm in this paper 95.8 90.4

3. PCB surface defect detection method based on multi-scale feature enhancement

This preliminary study achieved lightweight improvements to the model by using partial convolution
and dynamic upsamplers. However, in actual production, PCB defects are mostly small targets with low
contrast between defects and the background, making it difficult for the model to extract features
effectively and thus affecting detection accuracy. Therefore, this chapter will focus on enhancing the
model's performance in multi-scale object detection, strengthening its ability to extract features from
multi-scale objects, and proposing the YOLOv8-MPSW algorithm to improve the detection accuracy of
small objects.

3.1. MANet Backbone Network

In the field of PCB defect detection, most defects are very small in size, which poses a significant
challenge to detection algorithms when locating defects. Inspired by the Hyper-YOLO architecture
proposed by Tsinghua University, this section innovatively integrates the Mixed Aggregation Network
(MANet) into the backbone network of YOLOVS. This architecture synergistically fuses three typical
convolutional variants: 1x1 bypass convolutions for channel-level feature recalibration, Deep Separable
Convolutions (DS Conv) for efficient spatial feature processing, and the C2f module for enhancing
feature hierarchy integration. During training, this fusion generates more diverse and abundant gradient
flows, significantly enhancing the semantic depth of the base features in each stage of PCB defect feature
extraction. The MANet formula is expressed as Equation (12):

X, .. =Conv,(X,)

X, =Conv,(X,;)

X, =DSConv(Conv (X))
Xy, X, =Spliv(X,,;)

X = Bottleneck,(X,)+ X,
X, = Bottleneck,(X;)+ X,

(12)

X,,, = Bottleneck (X, )+ X,,,

Among these, input processing uses Conv to perform preliminary processing on the input features,

+n

generating intermediate feature map X, . It then uses 1x1 convolutions and depth-separable

convolutions to extract features from multiple branches of the intermediate feature map in parallel.
Subsequently, multiple Bottleneck modules are used to enhance the branch features, and finally, all
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branch features are concatenated and fused and compressed through 1x1 convolutions, generating an

output feature map X, with 2c channels. as shown in Formula (13):

X, =Conv, (X || X, |-+ X,.,) (13)

Through the above operations, MANet can effectively extract and fuse feature information from
different levels and scales, thereby improving the model's ability to express key features and its level of
diversity perception, further enhancing the feature extraction effect and detection performance of the
backbone network.

t

3.2. Multi-scale Pyramid Fusion Module MPAF

In order to further effectively guide the network to focus on key features of PCBs and suppress
background interference, thereby improving the network's discrimination ability, the CBAM hybrid
attention mechanism is introduced. CBAM combines channel attention and spatial attention mechanisms,
aiming to simultanecously consider the spatial location of input data and the relationships between
different channels, thereby enhancing the performance and generalization ability of neural networks [50].

The CBAM module enhances key features through a combination of channel attention and spatial
attention mechanisms. In the channel attention stage, global average pooling and max pooling operations
are first applied to the input feature map along the width and height directions, respectively, yielding two
Ix1x C channel feature maps (where C is the number of channels). This process essentially compresses
spatial-dimensional information into a single description for each channel, thereby extracting global
channel features.

3.3. Neck network integrating SE attention mechanism

This section proposes the introduction of the SE attention mechanism to enhance the feature
processing capabilities and information fusion efficiency of the neck network. The SE attention
mechanism is a channel-based attention mechanism whose core idea is to improve the model's
performance through two operations: Squeeze and Excitation.

In the object detection network architecture, the neck network plays a central role in connecting the
backbone network with the detection head. Its efficiency in processing and fusing features directly
impacts the accuracy and efficiency of object detection. Given this, this paper implements optimization
measures in the neck network, replacing the original C2f module with the C2fSE module. The C2{SE
module leverages the SE attention mechanism to adaptively allocate weights based on the importance of
feature channels, effectively reinforcing key channel features and significantly enhancing the network's
ability to capture feature information at different scales. This particularly enhances the network's
sensitivity and representational capability in perceiving small defects in electrical PCB features. The
overall architecture of the improved backbone network and neck network is detailed in Figures 3—7. In

these figures, the orange sections clearly indicate the precise locations where the C2fSE module has been
added.

3.4. Improvement of the loss function

The design of IoU-based loss functions has become a key element in improving localization accuracy
in modern object detection algorithms, and its effectiveness has been verified in multiple benchmark tests.
By minimizing the IoU difference between the predicted box and the ground truth box, the detector can
gradually optimize its localization capabilities, thereby achieving more accurate object detection results.
The IoU definition is expressed as in Equations (14) and (15):

oy =408 (14)
AUB
L, =1-IoU (15)

However, this type of IoU-based loss function has a significant drawback: when the predicted
bounding box has no overlapping area with the ground truth bounding box, the IoU value becomes zero,
leading to the vanishing gradient problem. To address this issue, we propose the WloU innovative
dynamic focusing mechanism, which reconstructs the bounding box loss function by embedding an
attention mechanism.

WloUvl combines a distance-based attention mechanism, resulting in a model with two layers of
attention mechanisms, defined as in Equations (16) and (17):
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Here, x and y represent the coordinates of the center point of the detection box, while W_ and H

represent the size of the minimum bounding box. The superscript * indicates that W_ and H_ are

separated from the computational graph to mitigate the impact of the penalty term on the convergence of
gradient descent.

Based on WloUv1, additional enhancement is achieved by introducing a monotonic focus mechanism
using cross-entropy. This requires defining monotonic focus coefficients to emphasize challenging
examples and enhance them, resulting in WIoUv2, defined as in Equation (18):

*

= Loy w g,

WioUN2 L Wount ? v> 0 (18)
loU
In WIoUv3, an outlier factor is introduced and defined as in equation (19):
L*
f =—"%€[0,+0) (19)
loU

[ indicates the high quality of the predicted bounding box. When the outlier factor is small, a

smaller gradient gain is assigned. Conversely, when handling predicted bounding boxes with large
outlier factors, a smaller gradient gain is assigned. This strategy mitigates the risk of low-quality samples
producing significantly harmful gradients, thereby enabling bounding box regression to prioritize
high-quality predictions. WIoUv3 is defined as in Equation (20):

B

Lysovvs = PRypov Lioyr > = 500 (20)

In the definition of WIoUv3, o and & are used as hyperparameters. When 3 equals &, 7 equals

1. If the outlier factor S of the predicted bounding box matches a specific constant value C , the

bounding box is awarded the highest gain. This mechanism ensures that WIoUv3 dynamically adjusts its
gradient gain allocation strategy based on the current situation.

Therefore, this paper uses Wise-loUv3 (WIoUv3) instead of the CloU loss function in YOLOVS to
better meet the complex requirements of PCB defect detection.

3.5. Experiments and Analysis of Results

3.5.1. Data Set Selection

This paper selected the DeepPCB dataset to validate the effectiveness of the proposed
YOLOvV8-MPSW algorithm in PCB surface defect detection tasks. The DeepPCB dataset is a publicly
available PCB defect dataset released by the Institute of Image Processing and Pattern Recognition at
Shanghai Jiao Tong University. The dataset includes six categories of PCB surface defect images: holes,
mouse bites, open circuits, short circuits, burrs, and stray copper. Each defect image contains multiple
defects of different types, with a total of 1,068 images.

3.5.2. Analysis of Experimental Results of Improved Loss Function

This section compares mainstream loss functions such as DIoU, Inner-IoU, and MPDIoU with the
WIoUv3 loss function used in this paper. During the experiments, a unified experimental configuration
and standardized dataset were used. In the experiments, each loss function was applied to the training of
the YOLOV8 model, and performance was recorded at a fixed number of iterations, as shown in Figure 3.
The loss function curves reflect the trends observed during the training process. The experimental results
indicate that WIOUv3 demonstrates outstanding performance in terms of model convergence. Compared
to other loss functions, the YOLOvV8 model using WIOUv3 exhibits less overfitting and higher
recognition accuracy. Therefore, this study selects the WIOUv3 loss function to replace the original
YOLOVS model loss function, aiming to achieve better performance in PCB surface defect detection.
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Figure 3. Comparison diagram of bounding box loss.

3.5.3. Analysis of comparative experimental results

On the DeepPCB dataset, the YOLOv8-MPSW algorithm proposed in this paper was compared with
Fast-RCNN, SSD, YOLOX, YOLOv3, YOLOv7, PCB-YOLO, YOLO-MBBi, YOLOvVSs, and
YOLOVSs under the same experimental conditions. The Average Precision (AP) value was used as the
performance evaluation metric, with higher AP values indicating better detection performance. The
experimental results are shown in Figure 4. As shown in the figure, for the two types of defects—hole
defects and copper contamination—that are morphologically similar and easily confused, the
YOLOVS-MPSW algorithm achieved high-precision detection rates of 99.41% and 98.31%, respectively,
demonstrating its excellent feature discrimination capability. For other types of defects, such as rodent
bites (98.54%), open circuits (98.95%), short circuits (98.32%), and burrs (97.79%), the algorithm also
achieved high detection accuracy, demonstrating its excellent versatility.

AP (%)
L L] I T T ]\
54.60 63.64 72.68 81.72 90.76 99.80

Proposed algorithm 4 9941 98.54 98.95 98.32 98.31 D75
YOLOvSs | 96.06 94.13 92.64 93.96 98,57 94.45

YOLOvSs 4 9885 95.88 93.13 90.16 9331 89.1
YOLO-MBBi - 9849 92.66 97.49 98.34 96.49 96.02
,—E_, PCB-YOLO 99.63 96.24 93.39 93.97 98.39 96.03
Eﬁ YOLOv7 4 9872 97.09 96.56 95.65 97.17 98.15
& YOLOv3 4 9942 9728 9751 96.72 9435 97.97
YOLOX 4 988 95.44 95.36 93.98 96.63 98.48

SSDH 757 5637 54.65 79.94 7333 67.9
Fast-RCNN - 81.65 79.03 80.62 85.8 76.39 74.71

l “o\e ' b“e ' 3 ‘C“'\\ l \ I 0‘,@6{ '
NN S g # S0
Types of defects

Figure 4. Comparison results on DeepPCB dataset.
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We compared the improved YOLOV8-MPSW algorithm with the baseline YOLOvS8s algorithm to
evaluate their performance in PCB surface defect detection tasks. The experimental results are shown in
Figure 5. Figures (a) to (c) correspond to recall, mAP, and the loss function, respectively. Specifically,
the YOLOvVS-MPSW algorithm achieves an mAP of 97.79%, which is 3.34% higher than the detection
accuracy of YOLOv8s. Additionally, YOLOv8-MPSW also shows improvements in F1 score, average
recall rate for different defect types, and average precision rate for different defect types, which validates
the effectiveness of the YOLOvV8-MPSW optimization strategy.
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Figure 5. Comparison of performance indicators before and after improvement.

To further evaluate the applicability of the YOLOv8-MPSW algorithm in PCB surface defect
detection tasks, the DeepPCB dataset was selected for experimentation. Since the initial dataset
contained only 1,068 images, it was expanded to 4,000 images. YOLOv3, YOLOS53, YOLOv7, and
YOLOVS8 were selected as comparison algorithms. The experimental comparison results are detailed in
Table 4. As can be seen, the YOLOvVS8-MPSW algorithm achieves an accuracy of 97.67% on the
DeepPCB dataset, representing a significant improvement over some mainstream algorithms.

Table 4. Comparison results on DeepPCB dataset.

Missing_hol Mous | Open Spurious_coppe
Algorithm o e _circui | Short . Spur | MAP (%)
bite t

YOLOV3 97.76 92.17 | 93.68 9;4 94.5 885'7 93.05
YOLOV7 95.85 96.25 | 9527 957'6 86.17 923 | 9359
YOLOVSs 94.72 94.96 | 93.65 953'3 93.69 969'3 94.79
YOLOVSs 97.47 949 | 96.11 9‘;'0 94.04 91'1 95.12
Proposed 98.67 97.87 | 9632 | 204 98.85 78 1 9767
algorithm 8 4

The YOLOVS-MPSW algorithm proposed in this paper not only demonstrates excellent detection
performance in PCB surface defect detection tasks but also maintains precise localization and high
accuracy. This indicates that the proposed algorithm can ensure excellent detection results when applied
to PCB industrial defect detection tasks.

4. PCB Surface Defect Inspection System

In practical applications, to meet the inspection requirements of the PCB industry's production
process, this chapter will build a simple and efficient PCB surface defect detection system based on the
PDE-YOLO and YOLOvV8-MPSW algorithms proposed in this paper.
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4.1. Overall System Architecture

The overall framework of the system is shown in Figure 6. It mainly consists of three parts: tools,
functions, and users. The tools used include Python, PyCharm IDE, Qt Designer, and PyUIC. In terms of
system functions, it is divided into target detection and information detection modules, model loading
and initialization modules, and image, video, and camera loading modules.

Tools | Python PyCharm IDE Qt Designer PyUIC

A

A 4

Model loading and Picture, video and
initialization module camera loading module
Function
Target detection and
detection information module

A

\ 4
User Human-computer interaction interface

Figure 6. Overall system structure.

4.2. Interface Design and Function Implementation

4.2.1. Human-computer interaction interface design based on Qt Designer

PyQt5 is a Python implementation based on the Qt framework, making it one of the most powerful
GUI libraries available. When designing human-computer interaction interfaces, developers utilize the
visual graphical interface editor Qt Designer, which is part of PyQt5. Using Qt Designer, you can quickly
create graphical interface files (*.ui), which can then be converted into *.py files using PyUIC, a tool
configured in the PyCharm environment. These *.py files can be integrated into the source code,
fulfilling the “what you see is what you get” (WYSIWYG) requirement, thereby making interface layout
design extremely straightforward.

4.2.2. System Function Implementation

The Python program is the core component of the PCB defect detection system, with its functional
architecture illustrated in Figure 7. The functional modules of the entire system can be summarized as
follows: model loading and initialization module, image/video and camera loading module, and target
detection and detection information module. The model loading and initialization module is primarily
used to select different weight files and initialize them, primarily utilizing the initialization method from
the original YOLOVS, with key parameters configurable.
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Figure 7. Functional module architecture.

The operation area is divided into three main parts: the function selection area, the detection result
display area, and the detection information display area. The function selection area includes selecting
weights, initializing the model, image detection, video detection, camera detection, pause/resume
detection, and end detection. The detection results for images are exported and saved to the
corresponding folder, while video and camera detection are real-time detections and only display
detection information.

The functional buttons and their corresponding event links utilize the relevant interfaces provided
when the model was established, so it is only necessary to reuse the detection function, model reading
function, and separate the initialization function. The display of detection information in the interface is
achieved by reading the detection information into a text box using the interface provided by the original
YOLO model developer, and then further encapsulating it. The method for processing the camera video
stream utilizes OpenCV's cv2.VideoCapture(), with its parameters set to 0, to achieve the functionality of
reading the local camera.

1) Function Selection Area: Primarily responsible for selecting and initializing weight files, loading
images, importing videos, opening the camera, pausing or directly ending the detection process during
detection, etc.

2) Detection Result Display Area: Loaded images, imported videos, camera-detected scenes, and
defects identified within them are displayed synchronously in this area in real time. When users perform
operations, corresponding operation responses are also displayed in this area.

3) Detection Information Display Area: The position coordinates, defect categories, and confidence
levels of detected defects are displayed in this area.

4.3. System Function Testing

4.3.1. Defect detection performance testing

Three random sets of PCB images containing defects were selected from the DeepPCB dataset,
named G1 to G3, each containing 100 images with a resolution of 2240x2016 pixels, for performance
testing of defect detection. The detection performance was evaluated based on the number of defects in
the images, testing for missed detections and false positives, while also measuring the detection time.
The relevant test results are shown in Table 5. Based on the defect detection test results, the false negative
rate is low, meeting the application requirements. Additionally, the false positive rate remains below 5%,
meeting the standards. In terms of detection time, the process takes approximately 21 seconds,
demonstrating fast processing speed.
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Table 5. Defect detection performance test.

Gro | Number of Number of Missing Number of false | Misdetecti | Detection
ups defects missed detections | detection ratio detections on ratio time (s)
Gl 188 6 3.19% 4 2.13% 21.62
G2 214 4 1.87% 2 0.93% 21.55
G3 126 5 3.97% 3 2.38% 20.47

4.3.2. Defect Classification Performance Testing

Three PCB boards of different sizes and component types were prepared for testing. The specific
testing results are shown in Table 6. As the size of the PCB board increases, the corresponding accuracy
decreases, and the average processing time increases. This may be related to the quality of the images
captured. However, as shown in the table, in the surface defect detection work of the three different types
of PCB boards (X, Y, and Z), the detection accuracy of the system in this paper is all greater than 98%,
and the average processing time is controlled within 10 seconds, which can meet the requirements for
PCB surface defect detection in everyday applications.

Table 6. Statistics of image Mosaic detection results

Mod | Total number of circuit | Template pixel size Pixel size Accuracy | Average time
el boards (pixel) (pixel) (%) (ms)
X 20 450x720 410x685 98.43 6.55
Y 15 550x860 515%780 98.37 7.29
W 10 800x1400 842x1175 98.75 8.64

Further testing was conducted on the system's defect classification performance. Six hundred images

were randomly selected from the DeepPCB dataset, and predictions were made for six types of PCB
defects. The relevant test results are shown in Table 7. It can be seen that the average test accuracy of the
system for the six common types of PCB defects, such as holes, notches, and open circuits, reached
98.33%, which is a good defect classification result. This can effectively help predict defect types and

assist in defect analysis.

Table 7. Defect classification performance test

Defect type Number of Accurate recognition Number of Recognition

images number misidentifications accuracy (%)
Hole 100 97 3 97.00%
Gap 100 100 0 100.00%
Open road 100 100 0 100.00%
Short circuit 100 99 1 99.00%
Burr 100 98 2 98.00%
Residual 100 96 4 96.00%

copper

Total 600 590 10 98.33%

Overall, the PCB surface defect detection system proposed in this paper has excellent defect detection
performance and can help to better complete the task of detecting defects on the surface of PCBs during

the production process.
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5. Conclusion

To address the issues of lightweight deployment and detection of minute defects in PCB surface
defect detection, this paper proposes two improved algorithms based on YOLOVS: the lightweight PCB
surface defect detection method PDE-YOLO based on partial convolution, and the PCB surface defect
detection method YOLOv8-MPSW based on multi-scale feature enhancement. Based on the
PDE-YOLO and YOLOv8-MPSW algorithms, a PCB surface defect detection system is constructed.

Experimental testing was conducted to evaluate the performance of the PDE-YOLO algorithm for
PCB surface defect detection. Ablation experiment results showed that when C2f PConv_ Block,
DySample, and EIOU were all incorporated into the YOLOv8n model, the recall rate and mAP reached
90.4% and 96.8%, respectively, with GFLOPs remaining stable at 7.1. When comparing several
mainstream loss functions such as IoU, GloU, DIoU, and CloU, the EIOU loss function used by
PDE-YOLO has the fastest convergence speed and stable regression loss. In terms of overall
performance, PDE-YOLO Algorithm mAP@0.5, recall rate reached 95.8% and 90.4%, achieving an
effective improvement in detection performance.

The performance of YOLOvV8-MPSW in PCB surface defect detection tasks was verified and
analyzed. Compared to mainstream loss functions such as DIoU, Inner-IoU, and MPDIoU, the WIoUv3
loss function used by the YOLOv8-MPSW algorithm demonstrated outstanding model convergence,
exhibiting less overfitting and higher recognition accuracy. Across various PCB surface defect types
such as holes, mouse bites, open circuits, short circuits, burrs, and stray copper, YOLOv8-MPSW
consistently achieves detection accuracy exceeding 97%. Compared to the baseline YOLOv8s algorithm,
the mAP of the YOLOv8-MPSW algorithm in this paper reached 97.79%, which is 3.34% higher than the
baseline, and there were also improvements in F1 scores and average recall and precision rates for
different defect types.

Finally, the functionality of the PCB surface defect detection system constructed in this paper was
evaluated. In terms of defect detection performance, the system has a low false negative rate, while the
false positive rate remains consistently below 5%, meeting the standards. The detection time is stable at
around 21 seconds, demonstrating fast processing speed. In terms of defect classification performance,
when conducting surface defect detection on three completely different types of PCB boards (X, Y, and
Z), the detection accuracy rate of the system exceeds 98% for all cases, with an average processing time
controlled within 10 seconds, showcasing excellent performance. For six common PCB defect types such
as holes, notches, and open circuits, the average test accuracy rate reaches 98.33%. Clearly, the PCB
surface defect detection system constructed in this paper can play an effective role in PCB surface defect
detection work.
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