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Abstract: An improved CSYOLOvV8 model based on YOLOv8 model is developed specifically for identifying defects in printed circuit board
(PCB) . Firstly, a composite backbone network is designed to carry out additional feature extraction, which enriches the expression ability of
features and enhances the detection accuracy of the model. Secondly, a YOLO-FPN (Feature pyramid network) structure is designed to supplant
the original neck network, which enhances the feature fusion ability of the model and improves the detection accuracy of small target objects.
Furthermore, to enhance the model’s capability to extract tubular features, dynamic snake convolution is implemented. Finally, MPDIoU loss
function is employed to enhance both the convergence rate and the precision of the model. Experiments show that the mA P of the improved model
on the PCB defect dataset reaches 96.6 % , which is 4.5% higher than that of the YOLOv8 model, and the number of parameters is only 3 256

862, and the average detection speed 1s 51.8 frames per second, which meets the requirements of detection accuracy and efficiency.
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0 Introduction

As the electronics manufacturing industry advances
rapidly, electronic products are increasingly designed to be
multifunctional, intelligent, and compact. Printed circuit
boards (PCBs) , being essential precision components in
these products, significantly influence their overall
performance. Consequently, the technology for detecting
defects in PCBs has become crucial in today’ s electronics
industry™.

In recent years, advancements in deep learning have
led to notable progress in target detection algorithms.
Among the notable two-stage detection algorithms,
Fast region-based convolutional neural network (Fast
R-CNN) ® and Faster R-CNN®' stand out, while
examples of single-stage detection algorithms include
single shot multibox detector (SSD) * and you only look
once (YOLO) ", among others. These algorithms
have been widely applied in various fields, including
PCB defect detection. To tackle the difficulties
associated with PCB defect detection, Ding et al. "”
proposed a tiny defect detection network (TDD-Net).
The network was built on Faster R-CNN architecture
and employed ResNet-101 as its backbone. It integrated

feature pyramid networks"” (FPN) for multi-scale
feature fusion and makes use of “anchor” boxes of
different sizes (152, 252, 402, 602, 802) for detection,
yielding strong performance on a public PCB defect
dataset. Shi et al. "™ enhanced the SSD algorithm by
incorporating attention mechanisms and multi-layer
feature fusion, which led to improved detection
accuracy. The efficacy of this enhanced algorithm was
demonstrated on both the PCB defect dataset and the
Pascal VOC2007 dataset.

The YOLO algorithms, along with their enhanced
variants, have yielded substantial advancements in the
realm of object detection and have found extensive
application in the detection of PCB defects"”. For
instance, Bian et al. ™ introduced the AT-YOLO
algorithm, which built on YOLOv3 by substituting the
backbone network with ResNeSt50"” and incorporating
a spatial pyramid pooling (SPP) module to combine
features from various receptive fields. They also applied
the K-means algorithm for re-clustering and generating
anchor boxes, improving object detection accuracy.
Tang et al. " enhanced YOLOv5 by adding a layer
specifically for small object detection and incorporating a
backbone

Transformer into the network. This
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integration helped minimize interference between the
foreground and background, thereby boosting the
network’s analytical performance. Despite the good
results achieved by these algorithms in PCB defect
still high

computational costs and slow detection speeds.

detection, there are issues such as

To tackle these issues, we introduce an enhanced
CSYOLO defect detection model derived from the
YOLOVS8 detection network. The model significantly
improves the accuracy of PCB defect detection while not
significantly increasing computational resources. The
main improvements include: 1) Designing a composite
backbone network that fuses the features extracted from
the lead backbone and assistant backbone through
multiple composite blocks, thereby enriching the
network’ s feature expression capabilities and enhancing

defect detection accuracy; 2) Developing a YOLO-FPN

feature fusion network inspired by BiFPN"" to establish
cross-scale connections and execute weighted feature
fusion. This approach aims to harness contextual
information to enhance the model’ s feature integration
capabilities; 3) Introducing dynamic snake convolution
(DSC) " to enhance the extraction of tubular features;
4) Adopting a more efficient loss function, MPDIoU",
to enhance the model’ s convergence speed and accuracy.

1 CSYOLOvVS8 model

The improved model CSYOLOVS based on YOLOVS
mainly consists of four modules: input, composite backbone
network, YOLO-FPN, and head. The overall structure is
shown in Fig.1, where the improved blocks are highlighted
by the red area, while the other unchanged YOLOvS8 blocks
are represented by the gray area.

Input Composite backnone

YOLO-FPN

CBS] Coneat | c2r Jo{CBS] Concar | C2t Jo{CBS] Concar | car [ sPPF}

(Upsample)

. ——{CBS|CBS| Concat

cor
640x640%3

CBS| C2f CBS| c2f

P, Py

Py Ps

@ @0

Head

Fusion

Fusion

[Bottleneck] = -I:{ cs[cBs]add}—

’BotlleneckaSC l = -

{cBs] Fusion| c2r F——{ Detect]

SPPF | =|CBS | Maxpool Maxlpool I Maxpool] Cnr;cal ]CBSI—> - 1::?:5 loss
[ ] Improed block
= lCBS [Sl)'hl] Bnitlenelck_DSC lBottleneck_DSC l Coical ICBS]—D = ICBS [Sl?mlBOttlTneCk[BouleneCkl Coical ]CBS l—> I: Unchanged block

Fig.1 Structure of CSYOLOV8 model

The input adopts the Mosaic data augmentation
method,
dataset

which significantly enhances the training

and boosts the network’s generalization
capabilities and robustness. The composite backbone is
responsible for extracting defect features from the input
PCB images and generating four feature maps of
different scales (P,, Py, P,, P;) , namely P,, n€{2,3,4,
5}, where P, represents the size of the feature map being
2" times the size of the mmput image. The YOLO-FPN
structure fully utilizes the multi-scale features extracted
by the backbone network, enhancing the network’s
semantic expression and localization ability at different
scales. Compared to the traditional coupled head design,
CSYOLOVS employs a decoupled head architecture,
enabling the regression and classification branches to be
This

significantly reduces the network’ s parameter count and

processed  separately. approach not only

computational demands but also enhances detection

accuracy.

1.1 Improvement of backbone network

1.1.1 Composite backbone

The performance of modern target detectors depends
heavily on the backbone networks. In general, the more the
representative features are extracted from the backbone
network, the better the performance of the detector is. To
achieve higher accuracy, mainstream detectors tend to
adopt wider and deeper backbone networks. But wider and
deeper backbone networks may increase the complexity of
the model, thus requiring large computational resources.
To balance the performance and the model complexity, we
design two different composite backbone networks, as
shown in Fig.2.

The network cascades multiple identical composite
blocks and utilizes the C2f module to further extract and
transform the features extracted by the composite
blocks, with
representational capabilities.

thereby generating outputs stronger
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Fig.2 Two structures of composite backbone network

The composite backbone network integrates the high-
level and low-level features of two different backbone
networks, enabling this network to perform PCB defect
detection tasks more effectively. Specifically, structure
A consists of four stages, each of which includes a
composite module and a C2f module, where the C2f
module in stagel specifically introduces dynamic snake
convolution to enhance the extraction effect of tubular
features in PCB defects. In contrast, structure B is
designed more succinctly with only three stages. To
ensure the consistency of the output feature map size,
structure B adds a convolutional module before stagel
and continues to use dynamic snake convolution in the
C2fmodule.

Two different composite blocks are shown in Fig. 3.
Each composite module consists of a lead backbone and
an assistant backbone. The lead Backbone includes
downsampling and concatenation operations, which are
used to extract features and adjust the size of the feature

maps.

Lead backbone

o—f—o-fl-

Assistant backbone

@ Downsmapling @ Split

(a) Composite block1

Lead backbone

(b) Composite block2
Fig. 3 Structures of composite blocks

The assistant backbone is composed of two different
structures: the first structure first performs downsampling
to match the size of the feature maps with those of the lead
backbone and increases the number of channels of the
feature maps. Then, the feature maps are split into two
parts, one of which is directly used for subsequent
concatenation, while the other part undergoes convolution
operations to extract deeper features. By element-wise
addition, these features at different levels are fused, thus
improving the efficiency of gradient propagation and
information flow. Finally, the fused features are merged
with the feature maps from the lead backbone through
channel concatenation. The second structure first performs
channel splitting to process features at different levels, then
executes downsampling operations, and finally
concatenates with the feature maps generated by the lead
backbone.

Since the lead backbone and the assistant backbone
networks jointly participate in feature extraction, even if
one backbone network has deficiencies in some feature
extraction, the other backbone network can supplement
its shortcomings, so as to improve the robustness of the
overall feature extraction. At the same time, using a
composite backbone can effectively reduce the design
and training costs required for designing new backbone
networks, and while effectively controlling the
complexity of the model, it improves the performance of
the detection model.

1.1.2 Dynamic snake convolution

The characteristics of tubular targets are typically
manifested as slender and complex, where standard
convolutions and dilated convolutions cannot adaptively
adjust their receptive fields to match the morphology of
the target. In contrast, deformable convolutions can
adjust the shape of the region of interest through adaptive

learning, however, for tubular targets, deformable
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convolutions cannot effectively restrict the connectivity
of the receptive field. Dynamic snake convolution adopts
an iterative strategy on the basis of introducing the
deformation offset to ensure the continuity of the
perception area during the deformation process and avoid
the perception area deviating from the target due to
excessive deformation offset. This continuity helps
better capture the complete structural information of the
target. Given the complexity of PCB defects, especially
for the detection of slender defects (such as open circuit,
short circuits, and spurious copper), we introduce
dynamic snake convolutions into the first C2f module of
the proposed CSYOLOvVS8 model to improve the
detection effect of these slender defects.

The dynamic snake convolution process is as follows:

Given the center coordinates of the standard convolution
kerel as K, = (x;, y), a 3X3 convolution kernel is

represented as
K={(z—1.y—1)(x—1.y) (a2 +1.y+1)}.
(1)

To endow the convolutional kernel with greater
flexibility, enabling it to effectively focus on the complex
geometric features of PCB defect targets, the dynamic
snake convolution introduces a deformation offset A.
The offset is obtained by applying a 3>}X 3 convolution on
the input feature map to obtain an offset map, and then
limiting the offset to [— 1, 1] by the tanh function, so that
the final offset A€[—1, 1] is obtained.

Taking the transformation along the z-axis as an
example, for each position K., within the convolutional
kernel, c&€{1, 2, 3, 4} represents the horizontal distance
from the central grid. The offset is obtained through
iterative calculations. Starting from the central point K,
the offset for each position is accumulated based on the
offset of the previous position. This process ensures the
continuity of the convolutional kernel and its adaptability
to tubular structures. The offset is represented as

Ay=2.8y. 2)

Updating the coordinates of each position in the kernel

based on the calculated offset by

K,vi(:(x,i— c,yHrAy). 3)

Similarly, in the y-axis direction, the offset and

coordinate changes are represented as

AxZZAx, 4)

j*Ec
KjiL:<Ij+Ax,y/ic>. (5

Since offsets are usually fractional, bilinear interpolation

1s used to calculate the values of the convolution kernel at
integer positions. Bilinear interpolation is represented as
I(x,y)=(y,— y)(x,—x)I(20,y,)+
(yi—y) (x—2) I (z1,y0)+(y— y)a,— )
I(xo,y )T (y—yo)(x—a0)I(x,y,), 6)
where (xo, v0), (x1,30), (2o, y1), (x1,y1) are the four
nearest integer coordinate points around the non-integer
coordinate point (x,y) .

Due to the stretching deformation of the dynamic snake
convolution in both the horizontal and vertical directions,
it is capable of covering a 9>} 9 area. This snake convolution
based on dynamic structures exhibits higher adaptability
when dealing with elongated tubular structures, enabling
it to perceive key features more accurately, thereby
enhancing the feature extraction capability for slender
defects. Especially in PCB defect detection, dynamic snake
convolution can effectively improve the extraction accuracy
of elongated structural defects, thus increasing the overall
detection accuracy.

1.2 YOLO-FPN feature fusion module

The detection of small objects has long posed a
significant challenge in the realm of PCB defect detection.
With the deepening of network layers, the features of large
objects can be well preserved, while the features of small
objects often gradually disappear after multiple
convolutions. To address this issue, the introduction of
structures like FPN and PANet® has improved the
detection of small objects to some extent, as shown in
Fig.4 (a) and (b). However, the top-down feature fusion
method in FPN is limited by a unidirectional information
flow, and the improvement in accuracy is relatively limited.
To further improve detection accuracy, PANet integrates
a bottom-up information pathway in addition to FPN,
enabling the feature maps to incorporate more
comprehensive semantic and positional information.
However, this improvement also results in an increase in
the number of parameters. BiFPN, inspired by PANet,
combines more features at a lower computational cost
through weighted bidirectional cross-scale connections, as
shown in Fig.4 (c) . Inspired by this, we propose a new
feature extraction module, YOLO-FPN, under the BiIFPN
framework, by adding the input and fusion paths of shallow
feature maps to better adapt to the output of composite
backbone networks and further improve the effect of feature
fusion. Its specific structure is shown in Fig.4 (d) .

In the YOLO-FPN fusion process, initially, the four
different scale PCB feature maps P.,, P;, P,, P;s

generated by the composite backbone network need to
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undergo 1X1 convolutions to adapt the number of
channels, resulting in Py, Pan, Puy, Psx. Then, Pyyis
upsampled and fused with Py to obtain Pyry,. Next, Py
is upsampled and fused with Py to obtain Py, and then

—_— — — -

1

(a) FPN

Py, 1s fused with Py to get Pyour. After that, Pyour 18
downsampled and fused with P,y and P,;, to obtain
P,yyr. Finally, P,oyr 1s downsampled and fused with Py

to get Poyr.

(d) YOLO-FPN

Fig. 4 Comparison of feature pyramid networks

In the course of the aforementioned procedure, the
fusion and transference of PCB feature maps across
various scales are accomplished, thereby enhancing the
model’ s precision and robustness in detecting targets of
varying sizes.

However, the four different scale PCB feature maps P,,
P,, P,, P; have different resolutions, and their contrib-
utions to feature fusion are different. To effectively learn the
importance of various input features, it is essential to
differentially integrate these features. To this end, we adopt
a simple and efficient fast normalization fusion method—

fusion, as shown below

0= ZS"‘Z’U

where v, denotes a learnable weight corresponding to the ith

(7)

input feature (7=1, 2, --+). To guarantee non-negative
weights, a Rel.U activation function is applied after v,,
ensuring v,~>0 and preventing the complete suppression of
any input feature. The term Z'Uj computes the sum of all

7
learnable weights (j=1, 2, ---), which serves as the
denominator for weight normalization. Ii represents the ith
input feature map, which typically originates from different
scales or branches within the network. e is a small constant
(e.g., 0.000 1) introduced to avoid numerical instability
caused by division by zero.

Through the bidirectional (top-down and bottom-up)
paths and weighting mechanism, YOLO-FPN can
better aggregate feature information at different scales,
highlight important features, and improve the accuracy
and robustness of feature representation. At the same
time, the network has a simple structure and efficient
calculation, is easy to implement and optimize, and can
information from the

better process the feature

composite backbone network, thereby improving the

accuracy of PCB defect detection.
1.3 MPDIoU loss function

In PCB defect detection applications, most defects have
small areas, which poses a significant challenge for
detection algorithms when locating defects. To enhance the
training effectiveness of bounding box regression, and to
boost convergence speed and regression precision, we
introduce a new intersection of union (IoU) -based metric
method—MPDIoU. This approach enhances the regression
process by directly minimizing the distance between the top-
left and bottom-right points of the predicted bounding box
and those of the actual bounding box.

The calculation for MPDIoU loss function is given as

Bprd :( l,prd’yfrd,fprd yprd ), (8)

Bgl:(-rgl{lvyftvxil?y;l)y (9)

where B,,; denotes the predicted bounding box, with (™,

W) and (x5, y5") representing the coordinates of the top-

left and bottom-right points of the predicted bounding box,
respectively. Conversely, B, signifies the ground truth
bounding box, where (x%',y{) and (2§, %) correspond to
the coordinates of the top-left and bottom-right points of the
ground truth bounding box, respectively. Assumming that
d, represents the distance separating the top-left points of
the predicted and ground truth bounding boxes and d,
signifies the distance between their bottom-right points,

they can be calculated by

di =(a" — 28 P+ (" — i ), (10)
di=(ab" — 2§ ) + (2 — y§ 7. (11)
Thus, the MPDIoU loss function is expressed as
Lyviepiou =1 — MPDIoU, (12)
df d;
MPDIoU = IoU — —; S -, (13)
w’+ h w’ + h*
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where w and & denote the width and height of the input
image, respectively.

It is evident that the MPDIoU loss function takes into
account the minimum point distance between any two
bounding boxes, thereby enhancing accuracy and
accelerating convergence in the regression of bounding
boxes. This point-distance-based calculation method is
more concise and more efficient than some complex
geometric calculations, reducing the computational
complexity and improving the computational speed.
While retaining the advantage of the existing iou-based
indicators. When being applied to PCB defect detection,
it can markedly enhance the precision of detection and

accelerate the convergence speed of the model.
2 Experiment and analysis

2.1 Dataset and experimental environment

The dataset employed in this experiment is the PCB
defect dataset, provided by the Intelligent Robot Open
Laboratory at Peking University. As shown in Fig.5, this
dataset includes six types of PCB defects: “missing hole”,

“mouse bite”, “open circuit”, “short circuit”, “spur”, and

“spurious copper”, with a total of 693 images. Due to the
small number of samples, the dataset was augmented by
adjusting brightness,
cropping,
4 158 images. The experimental environment in this study
is detailed in Table 1.

flipping, rotating, scaling, and

resulting in  an augmented dataset of

b) Mouse bite () Short circuit

d) Open circuit e) Spur (f) Spurious copper

(a)Missing hnle

Fig.5 Six types of defects

Tablel Experimental environment

Designation Version
CPU Intel(R) Xeon(R) Platinum 8255C CPU @
. 2.50GHz
GPU NVIDIA GeForce RTX 3080
Python 3.8

Deep learning framework Pytorch 1.8.1 CUDA 11.1

2.2 Experimental parameter settings

In the training process, the input image dimensions were
established at 640X 640, and the dataset was partitioned
into three subsets: training, validation, and test sets, in the
ratio of 7:1:2. The experiment employed the stochastic
(SGD)

initializing the learning rate at 0.01,

gradient descent algorithm for parameter
optimization,
momentum at 0.937, weight decay at 0.000 5, batch size at
16, and setting the total number of training epochs to 250.
After training process, the optimal weight file and the last

weight file were saved.
2.3 Evaluation metrics

recall (R) ,

average precision (mAP) as primary indicators to evaluate

We employed precision (P) , and mean
the detection accuracy of models, offering a comprehensive
mAP
represents the average precision at an intersection of union
(IoU) threshold of 0.5. Additionally, the detection speed
of the model was assessed by the number of image detection

assessment of their performance. Among them,

frames per second. Floating-point operations (FLOPs)
were employed to measure the computational complexity
of the model, whereas the total count of parameters was
used to evaluate the model’s overall complexity.

__w (14)
TP+ FP
- mw (15)
TP+ FN
ZAP
mAP="~—"1—— » , (16)

AP:J P(R)dR = ZP( YAR(E),  (17)

E=1
where P measures the accuracy of detection, whereas R
indicates the rate of missed detection. In this context,
TP signifies true positives, FP represents false
N is the total
and n denotes the total

positives, [N denotes false negatives,
number of predition samples,
number of defect categories.

2.4 Comparison of experimental results

2.4.1 Module optimization experiment

As shown in Table 2, the design of structure is more
thus its parameters and GFLOPs are both
lower than those of structure A, but its accuracy
the different
bottleneck structure is relatively simple and fails to fully

concise,

decreases. Among fusion modules,
process the fusion of feature maps of different sizes.

Therefore, as an assistant backbone fusion module, its
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contribution to the overall model accuracy is limited. In
contrast, the C2f module is capable of capturing more
comprehensive gradient flow information and improving
the performance of the model without compromising on
its lightweight nature. The C2f_Faster module, which is
an improvement based on the C2f module, further
diminishes the computational burden and complexity of
the model. However, it does experience a marginal
reduction in accuracy when contrasted with C2f.

Table 2 Results of different composite backbone experiments

and the number increases, the number of model parameters
correspondingly increases. Specifically, adding DSC to the
first C2f module significantly improves the mAP, reaching
a value of 96.6 %. At this point, although the changes to the
network structure are minor, with only 3 256 862
parameters, the improvement in accuracy is the most
significant. Therefore, DSC is chosen to be added to the
first C2{ module in our work as the final experimental
scheme.

Table 3 Effect of DSC on experimental results

Module  Structure Number of Parameters FLOPs/G  mAP/%

A 4 265458 10.9 94.4

Bottleneck
B 3772 370 10.6 93.4
Cof A 4194 690 11.0 95.3
] B 3754 626 10.7 94.1
A 3833490 9.9 95.0

C2f_Faster
B 3620098 9.7 93.4

Since the CSYOLOvS8 backbone network contains four
C2f modules, we design a set of experiments aimed at
exploring the impact of the addition position of DSC on the
mAP. In the experiments, the position and number of
DSCs were altered, and the experimental results are shown
in Table 3, where “~/” indicates the use of DSC at that
position. By comparing the experimental results, it can be
found that as the position of DSC addition becomes deeper

DSC location

mAP/ % Number of

First C2f Second C2f Third C2f Fourth C2f parameters
v 96.6 3256862

N 94.9 3289414

N, 96.3 3389062

NG 95.2 3511906

NG NG 95.6 3649 834

N, N, N/ 95.8 3688114

N / </ J 95.9 3693862

2.4.2 Ablation experiment

To verify the impact of various improved modules on
the model, a set of ablation experiments were conducted
based on YOLOv8n as the baseline model. The specific
results of the ablation experiments are shown in Table 4,
where “~/” indicates the use of that module.

Table 4 Results of ablation experiments

Frame rate/

Model Cb  YOLO-FPN MPDIoU DSC Number of parameters FLOPs/G P/%  R/% mAP/%
frame per scond
Baseline 3012018 8.2 93.5  85.2 92.1 113.6
2 N/ 4194 690 11.0 95.6  88.3 95.3 84.7
3 N 1992 494 7.1 945  87.2 93.1 104.1
4 Ni 3012018 8.2 93.9  89.0 93.5 103.1
5 N/ 3012 566 8.3 94.7  89.2 93.9 75.8
6 N N 3251 134 9.9 94.3 90.7 95.7 78.7
7 N N N 3251 134 9.9 94.2 91.6 96.0 76.3
Ours J NG J NG 3259 862 10.2 96.3 90.5 96.6 51.8

It can be seen that the proposed modules in this study
exhibit superior performance on the PCB defect detection
dataset. Among them, the composite backbone network
contributes the most. By integrating the high-level and low-
level features of two backbone networks, the improved
model can more comprehensively capture various features
of the target objects, thereby enhancing the richness and
accuracy of feature representation. Although the addition of
the assistant backbone increases the computational load and
complexity of the model, the precision (P) , recall (R),
and mean average precision (mAP) are improved by 2.1%,
3.1%, and 3.2% respectively compared to those of the
baseline model. This indicates that the composite backbone
network plays a significant role in improving the accuracy
of the model.

By replacing the neck network in the baseline model

with YOLO-FPN, not only is the mAP increased by
1.0%, but the number of model parameters is also
significantly reduced, from 3 012 018 to 1 992 494, and
the number of floating-point operations is reduced from
8.2 G to 7.1 G. Therefore, the YOLO-FPN feature
fusion module simplifies the network structure and
reduces unnecessary computations, thereby lowering the
model’ s complexity and computational cost. This allows
the model to maintain high performance while adapting
to various resource constraints.

Fig.6 shows the training results for the box loss. It can
be observed that the model loss curve using the
MPDIoU loss function drops faster and the curve is
smoother. Furthermore, it can be seen from Table 4 that
the model using the MPDIoU loss function has higher
accuracy compared to the baseline model. This suggests
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that the MPDIoU loss function is able to effectively
reduce training time and improve convergence efficiency

without sacrificing accuracy.

6
— YOLOv8
YOLOv8+Ch
—— YOLOv8+Ch+YOLO-FPN
5 —— YOLOv8+Cb+YOLO-FPN+MPDIoU

—— YOLOv8+Cbh+YOLO-FPN+MPDIoU+DSC

0 50 100 150 200 250
Epoch

Fig. 6 Training results for box loss

As shown in Fig. 7, we demonstrate the different
processing results of the C2f module and the C2f DSC
module when facing the same defect. With the introduction
of DSC in the C2f module, the model can more effectively
distinguish the key features of PCB defects from the
background and maintain the continuity of perception,

making it easier to extract elongated tubular features.

() C2f

(b) C2f_DSC

Fig.7 Heatmap visualization

With this improvement, the model significantly enhances
the detection accuracy in PCB defect detection while
maintaining almost the same number of parameters,
resulting in an increase of 1.2%, 4.0%, and 1.8% in
precision (P), recall (R), and mean average precision
(mAP) , respectively. As the various improved modules
are gradually stacked, the average precision of the improved
model in PCB defect detection increases significantly from
92.1% to 96.6%. In summary,
experiments, the improved model is comprehensively
verified. The indicate that the
CSYOLOvVS can significantly enhance the accuracy of PCB

through ablation

results improved

defect detection. Moreover, it maintains real-time
performance, striking a favorable equilibrium between

detection accuracy and operational efficiency.

Table 5 shows the impacts of the model proposed in this
study against the YOLOvVS8 baseline model across six
categories of PCB defect detection. The experimental
results of AP across various defect categories reveal that the
model presented in this paper outperforms the YOLOvVS
baseline model in detecting all six categories. especially in
the detection of “mouse bite”, “open circuit”, “short
circuit”, and “spur”, with improvements of 8.9% , 4.2%,
3.6%, and 6.9% , respectively.

Table 5 AP with different defect categories

AP/Y%
Defect category Improvement/ %
YOLOvVS Ours

Missing hole 99.3 99.5 0.2
Mouse bite 86.8 95.7 8.9
Open circuit 92.0 96.2 4.2
Short circuit 93.3 96.9 3.6
Spur 87.4 94.3 6.9
Spurious copper 96.7 97.0 0.3

Particularly, as shown in the detection results of
Fig.8, the improved model not only effectively reduces
the issues of missed and false detection of open circuits
and spurious copper defects in the YOLOVS8 baseline
model, but also improves the problem of misjudging
short circuits as spurs in short circuit defect detection. In
addition, the improved model also enhances the overall

detection accuracy.

YOLOv8

Ours

Example 1

Example 2 Example 3

Fig. 8 Different defect test results

2.4.3 Comparative experiments

To ascertain the efficacy of the model, we conducted a
comparative analysis between the proposed enhanced
model based on YOLOV8 and various other object
detection models. The experimental outcomes are
presented in Table 6.

The experimental results indicate that in the
application scenario of PCB defect detection, the
detection accuracy values of Faster-RCNN, SSD, and
RT-DETR models are relatively low, with mAPs of
85.2%, 75.6% , and 83.4% , respectively. In contrast,
the YOLO models have a clear advantage in accuracy,
with the improved CSYOLO model achieving the
highest mAP 0 96.6%.
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Table 6 Comparison of results of different models

Model Model size/MB Number of parameters FLOPs/G P/% R/% mAP/ %
Faster-RCNN 108 136 811 934 369.9 92.3 79.8 85.2
SSD 93.2 26 285 486 62.7 79.7 67.7 75.6
RT-DETR?! 108.4 29 276 390 105.2 81.0 76.2 83.4
YOLOvS 5.3 2504 114 7.1 95.2 87.3 91.7
YOLOV6 8.7 4500 080 13.1 90.9 81.9 88.6
GOLD-YOLO™ 11.9 5620162 11.1 92.8 86.9 93.6
Mamba-YOLO® 87.2 21 837 562 49.7 93.9 89.0 93.5
YOLOv8n 6.1 3012018 8.2 93.5 85.2 92.1
YOLOVS8s 21.5 11137 922 28.4 94.8 94.2 96.4
Ours 6.5 3256 862 10.2 96.3 90.5 96.6

Compared with the YOLOv8s model, the improved
model maintains the same accuracy, but the model size,
number of parameters, and GFLOPs are only 0.29,
0.36, and 0.3 times that of YOLOVSs, respectively.
This means that the model size of the improved model is
smaller, and the requirements for storage and computing
resources are lower, which is conducive to deployment
on  resource-constrained  devices.  Furthermore,
compared to models such as YOLOv5, YOLOv6, and
YOLOv8n, the improved model also demonstrates
superior performance in accuracy. Overall, the improved

model provides excellent performance while keeping

computational resource consumption low, which is a
significant advantage in the field of PCB defect detection.
2.4.4 DeepPCB dataset

To verify the generalization ability of the model, we
designed a set of experiments on the DeepPCB dataset®".
The DeepPCB dataset comprises 1 500 pairs of images,
each consisting of a defect-free template image and a
corresponding test image annotated with defects. These
images cover six of the most common types of PCB defects:
“mouse bite”, “short circuit”, “spur”, “spurious copper”,
“pin hole”, and “open circuit”. The experimental results are

presented in Table 7.

Table 7 Comparison of accuracy of the proposed model with other models on the DeepPCB dataset

AP/ %
Model mAP/%
Mouse bite Short circuit Spur Spurious copper Pin hole Open circuit

Faster-RCNN 94.2 91.0 93.8 93.8 94.6 94.7 93.7
SSD 91.4 93.5 92.7 95.2 93.2 95.3 93.2
RT-DETR 94.4 91.2 94.4 94.1 94.1 95.3 94.8
YOLOvV5 98.3 94.8 98.3 98.7 97.9 98.5 97.8
YOLOv6 98.3 93.3 97.4 98.3 98.0 98.6 97.3
GOLD-YOLO 97.6 92.7 98.6 98.3 97.7 98.1 97.2
Mamba-YOLO 95.2 96.9 96.3 98.8 97.9 98.9 97.3
YOLOv8n 96.7 95.3 96.8 98.9 97.6 97.9 97.2
YOLOVSs 98.5 94.8 98.5 98.5 98.4 98.6 97.9
Ours 96.4 98.5 97.7 99.2 98.2 99.3 98.2

The model enhanced in this study demonstrates superior
performance on the DeepPCB dataset, with a mAP of
98.2% , which is a 1.0% improvement over that of the
baseline model. Especially in short circuit and open circuit
defects, the target feature size is small, feature similarity is
high, and feature extraction is difficult, which is not
conducive to detection. The improved model also
demonstrates superior performance in addressing the issue,
achieving 3.2% and 1.4% increases in detection accuracy
for the two types of defects.

Fig. 9 shows the detection results of the improved
model and the baseline model. This suggests that the
model commendable

proposed  herein  possesses

generalization capabilities.

YOLOvS!
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Fig. 9 Experimental results on DeepPCB dataset

3 Conclusions

To address the problem of PCB defect detection, we
proposed an improved model based on YOLOvS8, which

significantly enhances detection accuracy while ensuring



160 Journal of Measurement Science and Instrumentation

Vol. 17 No. 1, Mar. 2026

detection efficiency. The model enhances feature
expression by introducing a composite backbone network
and dynamic snake convolution, thereby improving
detection accuracy. At the same time, by replacing the
traditional neck network with YOLO-FPN, the feature
fusion capability is further strengthened, improving the
detection accuracy for small objects. In terms of the loss
function, replacing the original YOLOVS loss function with
the MPDIoU loss function significantly improves the
convergence rate and accuracy of the model. Experiments
on the PCB defect dataset have verified that the improved
CSYOLOv8 model performes well and is effective in the
task of PCB defect detection.

The next step will continue to study the improvement
of model performance and optimize the detection
capability for small defects in densely packed PCBs. It is
expected to address defect detection tasks in different

scenarios.
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