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Abstract
An enhanced approach for detecting defects in Printed Circuit Boards (PCBs) using a significantly improved version of the 
YOLOv8 algorithm is proposed in this research, the proposed method is referred to as YOLOv8-TDD (You Only Look Once 
Version8-Targeted Defect Detection). This novel approach integrates cutting-edge components such as Swin Transformers, 
Dynamic Snake Convolution (DySnakeConv), and Biformer within the YOLOv8 architecture, aiming to address and over-
come the limitations associated with traditional PCB inspection methods. The YOLOv8-TDD adaptation incorporates Swin 
Transformers to leverage hierarchical feature processing with shifted windows, enhancing the model’s efficiency and capabil-
ity in capturing complex image details. Dynamic Snake Convolution is implemented to dynamically adapt filter responses 
based on the input feature maps, offering tailored feature extraction that is highly responsive to the varied textures and defects 
in PCBs. The Biformer, with bidirectional processing capability, enriches the model’s contextual understanding, providing 
a comprehensive analysis of the PCB images to pinpoint defects more accurately. Experimental results demonstrate that 
YOLOv8-TDD model, achieves a precision of 97.9%, a mean Average Precision (mAP0.5) of 95.71%. This enhanced model 
offers significant potential for practical applications in PCB manufacturing, promising to elevate quality control standards 
through more reliable defect detection.
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1  Introduction

Printed Circuit Boards (PCBs) are essential for electronic 
devices, serving as the backbone that interconnects vari-
ous electronic components. Quality assurance in PCBs is 
crucial for the reliability and functionality of these devices. 
However, manufacturing defects like scratches, cracks, and 
soldering issues can degrade performance or cause complete 

failure. Traditional PCB inspection methods, such as manual 
visual inspection and automated optical inspection (AOI), 
are often time-consuming, labor-intensive, and susceptible 
to human error.

As PCBs become more integrated and miniaturized, 
detecting smaller and more complex defects becomes 
increasingly challenging. Implementing comprehensive 
defect detection strategies is critical for improving product 
quality and reducing manufacturing costs [1]. Traditional 
defect detection methods include manual visual inspection, 
electrical testing, and AOI [2]. Manual inspection is increas-
ingly inadequate due to the precision required in modern 
PCB production, characterized by poor detection reliability 
and efficiency. Electrical testing, while effective, requires 
elaborate setups and is limited in evaluating multi-layered 
PCBs, with the risk of secondary damage.

AOI uses machine vision technology and sophisticated 
image processing algorithms to provide stable, accurate, 
and fast defect detection without compromising PCB 
integrity [3, 4]. Advances in deep learning have led to the 
development of contactless automatic detection techniques. 
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Detection networks are categorized into one-stage and two-
stage methods. One-stage networks, such as Single Shot 
Detector (SSD) and YOLO [5, 6], predict defect locations 
and categories directly after feature extraction. Two-stage 
networks, like R-CNN and its variants [7–9], first generate 
defect proposals and then refine these into precise detec-
tions. While two-stage networks are thorough, they are 
slower due to extensive candidate frame generation. One-
stage networks integrate training and detection, enhancing 
speed and efficiency.

This paper refines the YOLOv8 model for real-time 
industrial applications [10]. The Swin Transformer V2 
addresses three major challenges in large-scale visual model 
training: instability, resolution discrepancies, and the scar-
city of annotated datasets. It introduces hybrid cosine atten-
tion mechanisms, logarithmic space techniques for resolu-
tion scaling, and SimMIM, a self-supervised pretraining 
method, reducing reliance on extensive labeled data. Swin 
Transformer V2 also integrates SwinV2 CSPB modules to 
enhance efficiency [11]. In machine learning, the attention 
mechanism is crucial for improving model performance. 
Shuffle Attention (SA) advances this by permuting and 
resequencing input sequences before computing attention 
weights, enhancing computational efficiency and model gen-
eralization [12].

This research paper is structured as follows: Sect.  2 
reviews existing literature. Section 3 details the techniques 
incorporated into the enhanced defect detection method. 
Section 4 presents the empirical evaluation of the proposed 
method. Sections 5 and 6 conclude with the key findings of 
the research.

2 � Related Work

The traditional approach to detecting visual anomalies in 
artificial systems often involves high costs, low efficiency, 
and susceptibility to errors. To address this, leveraging the 
electrical properties of components has been proposed for 
defect detection in printed circuit boards (PCBs) through a 
semi-automatic, manual method that incorporates online and 
functional testing [13]. Researchers have pursued various 
enhancements to this approach, such as using wavelet trans-
forms to compress images and reduce memory and computa-
tional demands [14]. Additionally, traditional machine learn-
ing algorithms have been applied to improve defect detection 
[15], alongside the development of low-complexity neural 
networks and machine vision techniques [16]. Other inno-
vative strategies include Fourier image reconstruction for 
identifying minute defects [17] and ultrasonic laser thermal 
imaging for real-time defect detection [18]. Despite potential 
cost reductions, these methods remain limited due to factors 

like non-reusability of the testing process, high equipment 
costs, and complex programming requirements.

Machine vision detection techniques have emerged as an 
effective alternative, gaining traction in modern industrial 
applications [19]. Specific image segmentation techniques 
used include threshold segmentation, edge segmentation, 
and region segmentation. For instance, Ardhy et al. utilized 
adaptive Gaussian threshold segmentation for rapid defect 
detection with minimal parameter adjustments, though 
effectiveness varied across different areas, especially those 
affected by lighting [20]. Baygin et al. applied the Hough 
transform for edge detection combined with the Canny oper-
ator to improve detection efficiency [21]. Ma et al. enhanced 
the region growth algorithm for better defect identification 
outcomes [22]. While these techniques offer improved detec-
tion capabilities, they often require manual tuning of model 
parameters, leading to suboptimal accuracy and efficiency.

Automated optical inspection (AOI) methods have been 
highlighted for their superior accuracy. However, AOI sys-
tems are sensitive and governed by stringent parameter-
setting requirements, often leading to missed defects and 
necessitating subsequent manual reviews [23]. Conversely, 
deep learning technologies have advanced rapidly, offering 
promising alternatives for defect detection.

DenseNet has been used effectively due to its architec-
ture that densely connects all layers both forwards and back-
wards, facilitating feature reuse and reducing the need for 
many parameters and computational resources [24]. Huang 
et al. designed a convolutional neural network that enhances 
detection accuracy and efficiency by connecting each layer 
in a sequential, feedforward manner [25].

Deep learning algorithms are known for their strong non-
linear capabilities, robustness, and suitability for complex 
scenarios, contributing to superior performance over con-
ventional machine vision methods. For example, a method 
proposed in [26] achieved an accuracy rate of 96.91%. Geng 
et al. used focal loss with a ResNet50 backbone to increase 
detection accuracy to 96.65% [27]. Ding et al. developed 
TDD-net, a network tailored for detecting tiny PCB defects, 
employing a multi-scale fusion strategy and online hard 
example mining to improve the certainty of region-of-
interest (ROI) proposals, resulting in a detection accuracy 
of 98.90% [28].

Hu et al. introduced UF-Net, preserving more defect tar-
get information through the Skip Connect method, achieving 
a detection accuracy of 98.6% [29]. Li et al. enhanced the 
mean Average Precision (mAP) to 98.71% by integrating a 
residual structure unit CSP into the YOLOv4 algorithm’s 
trunk [30]. Wang et al. proposed a lightweight model using 
the ShuffleNetV2 structure within the YOLOv5 backbone, 
reaching an accuracy of 95% [31]. YOLOv7 has emerged 
as a benchmark in target detection algorithms, surpassing 
previous iterations of the YOLO series in terms of both 
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detection speed and accuracy, showcasing the ongoing 
evolution and effectiveness of deep learning in practical 
applications.

This manuscript introduces a novel methodology for 
detecting defects in PCBs, based on an extensive analysis 
of the aforementioned algorithms. The key enhancements of 
this methodology involve integrating a YOLOv8-TDD archi-
tecture into the core network framework. This integration 
aims to augment image resolution, reinforce model stabil-
ity, and refine local feature extraction within PCB imagery, 
thereby facilitating more accurate anomaly identification.

3 � Proposed Methodology

The architecture depicted in Fig. 1 incorporates a series of 
specialized components designed to process and transform 
input data for object detection tasks. Here’s a detailed expla-
nation of the workflow and functionality of each component 
within the proposed architecture:

3.1 � Existing Architecture

Backbone  The backbone is responsible for extracting fea-
tures from the input image. It consists of a series of convolu-
tional layers (Conv) that progressively capture higher- level 
features. The convolution operation in a layer can be math-
ematically described as:

(1)Oij =
∑

m

∑

n

I(i+m)(j+n)Kmn

Here, O is the output feature map, I is the input feature 
map, K is the convolutional kernel, and m, mn, n are the 
indices that run over the kernel size.

Spatial Pyramid Pooling‑Fast (SPPF)  Located at the end of 
the backbone, SPPF is a layer designed to aggregate con-
text information by applying different-sized pooling opera-
tions. It helps the network maintain spatial hierarchies and 
improves the robustness of the feature maps against object 
scale variations. The SPPF can be represented by a pooling 
operation over varying window size. Let’s denote Pl(I) as the 
pooling operation at level l of the pyramid:

where Sl is the pooled output at level l, and I is the input 
feature map to the SPPF layer.

C2f  The blocks, marked as C2f, are special feature process-
ing layers. It performs operations that enhance the channel-
wise or spatial features before passing them to subsequent 
layers or before fusing them with other feature maps.

Conv Layers  Standard convolutional layers are used through-
out the architecture to apply learned filters to the incoming 
feature maps. These layers are the building blocks of the 
network, responsible for detecting patterns such as edges, 
textures, and more complex shapes in deeper layers.

Split and Bottleneck  The ‘Split’ operation implies a diver-
gence in the pathway, where the feature map is divided, and 
separate transformations are applied in parallel paths.

Upsample  Upsampling is critical in object detection to 
allow for precise localization of objects after the resolution 
has been reduced by previous convolutional and pooling 
layers. For nearest-neighbor up-sampling, mathematically:

where U is the up-sampled image, I is the input image, x, 
y are the coordinates in the up-sampled image, and s is the 
scaling factor.

Concat  The ‘Concat’ operation merges feature maps from 
different sources. This is a crucial step in object detection 
architectures, as it allows the network to consider informa-
tion from various stages of processing, combining low-level 
details with high-level semantic information. Concatenation 
of feature maps along the channel dimension can be repre-
sented as:

(2)Sl = Pl(I)

(3)U(x, y) = I(⌊x∕s⌋, ⌊y∕s⌋)

(4)C = concat
(
F1,F2, ...,Fn

)

Fig. 1   Proposed Architecture
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where C is the concatenated output, and F1,F2, ...,Fn are the 
feature maps being concatenated.

Head and Detect  The’Head’ includes the final layers of the 
network that make predictions based on processed feature 
maps. The’Detect’ blocks are specialized layers/modules 
responsible for producing the final object detection output, 
which includes determining the presence of objects, their 
locations, and their categories. The encoder (Backbone and 
SPPF) captures the context, while the decoder (formed by 
Upsample and Concat operations, as well as the attention 
mechanisms) reconstructs the spatial details required for 
accurate localization.

Attention Mechanism  An attention mechanism can be rep-
resented as:

where Attention is the attention output, Q, K, and V represent 
the queries, keys, and values in the attention mechanism, 
respectively, and dk is the scaling factor. Transformers (gen-
eral form): Transformer layers contain a multi-head self-
attention mechanism and can be described as:

where X is the input, WQ

i
 are weight matrices for the i th 

attention head, WO is the output weight matrix, and h is the 
number of heads.

3.2 � Newly Added Architecture

3.2.1 � Swin Transformers [32]

As shown in Fig. 2, Swin Transformers are a type of vision 
transformer that computes self-attention within local win-
dows, which are shifted across layers. This architecture 
enables hierarchical feature representation, similar to that 
of CNNs, while the local windowing mechanism reduces 
computational complexity. By shifting the windows in sub-
sequent layers, Swin Transformers allow for cross-window 
connections and a broader receptive field, enhancing fea-
ture extraction over multiple layers. Compared to traditional 
global self-attention, Swin Transformers reduce computa-
tional costs while preserving the global feature extraction 
capabilities of Transformers.

(5)Attention(Q,K,V) = Softmax

�
QKT

√
dk

�
V

(6)MHSA(X) = Concat(head1, head2, ..., headh)W
O

(7)headi = Attention
(
XW

Q

i
,XWK

i
,XWV

i

)

Swin Transformers exhibit strong feature extraction, par-
ticularly with large-scale data, and their window-based mecha-
nism enables better capture of fine details in complex scenes, 
potentially improving detection accuracy. Therefore, we inte-
grate Swin Transformers into YOLOv8 to enhance its ability 
to extract features from large-scale PCBs data, capture finer 
details in complex scenarios, and ultimately improve detection 
performance.

Here, Q, K, and V are the query, key, and value matrices 
computed within each window, and dk is the dimensionality 
of the keys.

3.2.2 � DySnakeConv [33]

As shown in Fig. 3, DySnakeConv is a dynamic convolutional 
architecture designed to capture object edges and contours. It 
dynamically adjusts the shape of convolutional kernels to bet-
ter align with object boundaries, making it highly effective for 
detecting objects with complex or irregular shapes. In object 
detection, edge features are crucial for accurate localization. 
By enhancing YOLOv8's ability to detect and localize objects 
with varying shapes and boundaries, DySnakeConv improves 
performance, particularly for irregularly shaped objects.

Therefore, we incorporate DySnakeConv to better capture 
the edges and contours of defective parts on PCBs, thereby 
improving detection accuracy.

The general form could be expressed as:

(8)Attention(Q,K,V) = Softmax

�
QKT

√
dk

�
V

(9)y(x) =

N∑

i=1

ai(x) × fi(x)

Fig. 2   Swin Transformer Architecture
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where y(x) is the output, fi(x) represents the convolutional 
operations with different kernels, and αi is the input-depend-
ent weights.

3.2.3 � Biformer [34]

As illustrated in Fig. 4, Biformer is a bidirectional Transformer 
architecture that leverages the strengths of both self-attention 
mechanisms and convolutional neural networks to enable effi-
cient feature fusion and information exchange. This design 
allows it to capture both long-range dependencies and local 
details effectively.

The bidirectional nature of Biformer enhances multi-scale 
object detection and feature fusion in YOLOv8. By facilitating 
the integration of global and local information, it improves 
the model's accuracy in detecting PCBs of varying sizes and 
scales. Bidirectional transformers generally compute represen-
tations as follows:

(10)Hbi =
[
��⃗H; �⃖�H

]

Wher Hbi is the combined bidirectional representation,��⃗H 
is the forward pass representation, and �⃖�H is the backward 
pass representation.

3.2.4 � CIoU, SIoU, EIoU (Different IoU loss functions)

1.	 CIoU (Complete IoU)

CIoU improves upon standard IoU by considering not just 
the overlap between bounding boxes but also their aspect 
ratio and center point distance. It helps optimize the align-
ment between predicted and ground truth boxes, especially 
in cases where objects have different shapes or orientations. 
Integrating CIoU into YOLOv8 can improve localization 
accuracy by ensuring that predictions are better aligned with 
ground truth, particularly for objects with varying aspect 
ratios or off-center placements. This helps reduce bounding 
box regression errors.

2.	 SIoU (Skew IoU)

Fig 3   Dynamic Snake Convolution Architecture

Fig. 4   Biformer Architecture
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SIoU introduces a penalty for misalignment between 
bounding boxes by focusing on their geometric properties 
and orientation. It accounts for the skewness and angle of 
the predicted box relative to the ground truth, which is use-
ful in detecting rotated or irregularly shaped objects. SIoU 
can improve the detection of objects that are not aligned 
with the horizontal or vertical axis, making YOLOv8 more 
robust in scenarios where object rotation and skewness are 
significant. This can lead to better performance in detecting 
rotated or slanted objects.

3.	 EIoU (Efficient IoU)

EIoU enhances IoU by focusing on the distance between 
bounding box centers, aspect ratio, and overlap area, similar 
to CIoU but with a more efficient approach to penalize mis-
matches. It reduces the computational burden while main-
taining high accuracy in bounding box regression. EIoU can 
offer improved computational efficiency for bounding box 
regression while maintaining high localization accuracy. 
This makes it a good fit for real-time detection tasks where 
performance and speed are critical, enhancing YOLOv8's 
efficiency in processing large-scale datasets.

where ρ is the Euclidean distance between the box centers b 
and bgt, c is the diagonal distance of the smallest enclosing 
box covering both the predicted and ground truth boxes, v 
is a measure of consistency of aspect ratio, and a is a trade-
off parameter.

4 � Experiments

This section discuss the dataset, performance measures and 
the environment for simulations.

4.1 � Dataset Used

The dataset we used for our experiments is PCB (Printed 
Circuit Boards) images [35] have different kinds of defects. 
It has training and validation size 8702 out of which the 
training size is 7831.

As shown in Table 1, each category in the dataset rep-
resents a different class of fault that the machine learning 
model will learn to detect. The numbers, which indicate the 
instances of each fault type, show that a well-distributed set 
of examples is available. This distribution is advantageous 
as it allows the model to learn effectively from a sufficient 
number of examples. Table 1 demonstrates that the dataset is 
well-prepared and categorized for PCB fault detection, with 

(11)LCIoU = 1 − IoU +
�2(b, bgt)

c2
+ av

text files generated to be compatible with machine learning 
frameworks such as TensorFlow or PyTorch. The relatively 
balanced class distribution is beneficial for training robust 
models that can generalize well across various PCB fault 
types.

As shown in Fig. 5, the following are the details regarding 
types of PCB faults:

•	 FalseCopper: (Fig. 5.a) FalseCopper refers to defects 
where copper is present where it should not be, such as 
unintended copper traces on the PCB.

•	 MissingHole: (Fig. 5.b) These are the defects character-
ized due to the absence of a hole that should have been 
drilled into the PCB.

•	 MouseBite: (Fig. 5.c) ‘mouse bite’ is a term used in PCB 
manufacturing to describe a series of small notches that 
may appear along the edge of a PCB.

•	 OpenCircuit: (Fig. 5d) OpenCircuit occurs when there is 
a break in the circuitry, preventing current from flowing 
as intended.

•	 PinHole: (Fig. 5e)PinHoles are small holes in the solder 
mask or on the PCB that are unplanned and can cause 
issues in the circuitry.

•	 Scratch: (Fig. 5f). Scratches on the PCB can lead to 
exposed copper and potential short-circuits, an example 
of this type of fault can be seen in Fig. 5f.

•	 ShortCircuit: (Fig. 5g), ShortCircuit happens when there 
is an unintended connection between two points in the 
circuit, causing a short.

•	 Spur: (Fig. 5h) A spur is an unwanted copper trace that 
comes off of a pad or a trace.

4.2 � Performance Measures Used

P (Precision)  The ability of the model to identify only the 
relevant objects. Higher is better. Precision is the ratio of 
correctly predicted positive observations to the total pre-
dicted positive observations.

(12)P =
TP

TP + FP

Table 1   Dataset Classes and 
their Counts

Class Count

False Copper 4348
Missing Hole 4321
Mouse Bite 7075
Open Circuit 7275
Pin Hole l6684
Scratch 4918
Short Circuit 6053
Spur l5682
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where TP is true positives and FP is false positives.

R (Recall)  The ability of the model to identify all relevant 
objects. Higher is better. Recall is the ratio of correctly 

predicted positive observations to all observations in actual 
class.

where TP is true positives and FN is false negatives.

mAP0.5 (mean Average Precision at IOU = 0.5)  This is 
the average precision at an Intersection Over Union (IOU) 
threshold of 0.5. Higher is better

Where N is the number of classes and APi is the average 
precision for class i at IOU = 0.5.

mAP0.5:0.9  This is the mean Average Precision calculated 
over different IOU thresholds from 0.5 to 0.9. Higher is gen-
erally better, indicating good performance across a range of 
IOU thresholds

Where T is the number of thresholds, APt
i
 is the average 

precision for class i at threshold t.

FPS (Frames Per Second)  The number of frames the model 
can process in one second. Higher is better, indicating a 
faster model.

4.3 � Simulation Environment

Windows11, Python version 3.10.13, torch-2.0.0, CUDA- 
11.8, cudnn-8.4.1 (NVIDIA GeForce RTX 3060 Ti), 
epoch = 100, batch = 16, Imgsz = 640, Lr = 0.01, Momen-
tum = 0.937. Weight decay = 0.0005.

5 � Results

5.1 � Attention Mechanism

The Table 2 lists the results of an experiment comparing the 
performance of different attention mechanisms in the same 
computational model(YOLOv8) for a PCBs computer vision 
task given the context of the mAP% metric.

CA, or Channel Attention, focuses on the inter-chan-
nel relationships of features. ECA, or Efficient Channel 

(13)R =
TP

TP + FN

(14)mAP0.5 =
1

N

N∑

i=1

APi

(15)mAP0.5 ∶ 0.9 =
1

N

N∑

i=1

1

T i

0.9∑

t=0.5

APt
i

(16)FPS =
(Number of processed frames)

(Time in Seconds)

(a) False Copper             (b) Missing Hole

(c) Mouse Bite  (d) Open Circuit

(e) Pin Hole             (f) Scratch

(g) Short Circuit       (h) Spur

Fig. 5   PCB fault types sample images (a) False Copper (b) Missing 
Hole (c) Mouse Bite (d) Open Circuit (e) Pin Hole (f) Scratch (g) 
Short Circuit (h) Spur
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Attention, is a computationally more efficient version of 
Channel Attention. CBAM, or Convolutional Block Atten-
tion Module, integrates both spatial and channel-wise 
attention within a single module. DAT, or Dual Attention, 
combines two different attention mechanisms that address 
various aspects of the input data or stages of the processing 
pipeline, such as self-attention with cross-attention or local 
attention with global attention. Biformer refers to a bidirec-
tional transformer-based attention mechanism.

The results indicate that Biformer stands out with the 
highest precision (0.939), recall (0.896), and mAP0.5 
(0.938), making it the best performer in detection accuracy, 

though its FPS (333.33) is lower than CA (434.78) and 
ECA (377.78). CA and ECA also demonstrate strong per-
formance, with ECA having slightly better precision (0.918) 
and mAP0.5 (0.923) than CA, but CA maintains the fastest 
processing speed. CBAM and DAT, while improving detec-
tion metrics over simpler models, lag behind in both speed 
and some accuracy measures compared to the other attention 
mechanisms. Overall, Biformer offers the best detection per-
formance, while CA and ECA provide an excellent balance 
of accuracy and speed. So we choose Biformer as the atten-
tion mechanism to be added to YOLOv8-TDD.

5.2 � Module Ablation Experiment

Figure 6 shows the validation batch results, here are some 
key observations from this Fig; The confidence scores seem 
to be consistently high across various defect types, which 
is a good indicator of the model’s reliability. Some defects 
appear to have multiple overlapping bounding boxes, which 
might indicate a level of uncertainty in the model when 
localizing the defect. The readability of labels is crucial 
for practical applications. Figure 6 shows clear labeling of 

Table 2   Attention Mechanisms Performance Comparison

Attention P R mAP0.5 FPS

YOLOv8 + CBAM 0.883 0.843 0.882 317.39
YOLOv8 + DAT 0.883 0.874 0.912 244.93
YOLOv8 + CA 0.895 0.881 0.915 434.78
YOLOv8 + ECA 0.918 0.882 0.923 377.78
YOLOv8 + Biformer 0.939 0.896 0.938 333.33

Fig. 6   Validation Batch Results
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detected defects, which is beneficial for end-users such as 
quality control engineers to verify and take action on the 
detections.

The Table  3 compares different configurations of a 
YOLOv8-based object detection system, with variations in- 
cluding additional architectural features or techniques like 
Swin Transformer, DySnakeConv, Biformer, and various 
inter- section over union (IoU) loss functions such as CIoU, 
SIoU, and EIoU.

Here’s a detailed look at what each column signifies and 
an analysis of the results; it can be seen in the Table 4, The 
addition of Swin Transformer, DySnakeConv and Biformer 
respectively improves the accuracy and maintains the recall 
rate while keeping the mAP scores relatively stable. FPS 
slightly decreases with the inclusion of the Swin Trans-
former components, which is expected due to the increased 
computational load. The full configuration with all features 
and CIoU /SIOU loss achieves high precision and recall but 
does not substantially improve the mAP0.5:0.9 compared to 
the base model. The model combining the three architectures 
and EIOU achieved the best performance with a precision 
of 0.97, recall of 0.91, and mAPs of 0.95 (at IoU 0.5). Its 
computational efficiency is notable with high FPS.

Replacing CIoU with SIoU or EIoU in the full-featured 
model results in different trade-offs. The SIoU variant in- 
creases precision but lowers the mAP across IoU thresholds, 
suggesting a more conservative detection with fewer false 
positives but possibly more false negatives. The EIoU vari-
ant shows the best results in terms of precision and recall, 
and it significantly improves the mAP0.5:0.9, suggesting 
that this IoU loss function is better at balancing different 
types of detection errors across various IoU thresholds.

Overall, the inclusion of advanced architectural features 
and IoU loss functions seems to offer improved precision 
and recall, with varying impacts on the mean average preci-
sion and computational cost. The choice of configuration 
might depend on the specific requirements of the use case, 
such as the need for speed (high FPS) versus the need for 
accuracy (high mAP). The EIoU variant seems to offer 
the best overall performance at the cost of computational 

complexity. By evaluating the comprehensive metrics of 
the architecture, the YOLO-TDD algorithm for PCB defect 
detection was determined, incorporating Swin Transformer, 
DySnakeConv, Biformer, and the EIOU loss function.

5.3 � Performance Comparison of Proposed Method

Table 4 shows the performance comparison of different 
object detection methods and the proposed model in PCBs 
defect detection. Each model is evaluated based on the above 
common indicators:

From Table 4, it is evident that YOLOv8-TDD achieves 
the highest accuracy and recall, and also has the highest 
mAP score, indicating that it is the most accurate model 
among all tested. On the other hand, YOLOv10 has the high-
est FPS.

In summary, for PCB defect detection tasks, YOLOv10 
demonstrates the highest FPS, indicating that it processes 
more images per second, which allows for faster response 
in real-time applications and makes it well-suited for sce-
narios with high-speed requirements. In terms of accuracy, 
YOLOv5 and YOLOv8-TDD perform excellently, with 
YOLOv8-TDD striking a good balance between precision, 
speed, and computational efficiency. It achieves strong 
accuracy and recall across all categories, offering the best 

Table 3   Module Ablation 
Experimental Results

YOLOv8 Swin 
Trans-
former

DySnakeConv Biformer CIoU SIoU EIoU P R mAP
0.5

FPS

√ √ 0.85 0.86 0.89 270.2
√ √ √ 0.91 0.89 0.92 222.2
√ √ √ 0.87 0.87 0.90 357.1
√ √ √ 0.93 0.89 0.93 333.3
√ √ √ √ √ 0.91 0.89 0.93 289.3
√ √ √ √ √ 0.88 0.87 0.90 312.5
√ √ √ √ √ 0.97 0.91 0.95 309.5

Table 4   Performance Comparison of Proposed Method

model P/% R/% mAP0.5/% mAP0.5:0.9/% FPS

Faster RCNN 0.872 0.786 0.752 0.435 133.79
SSD 0.868 0.608 0.737 0.499 90.5
Tiny-RetinaNet 0.674 0.681 0.684 0.417 110.6
Efficient 0.714 0.653 0.703 0.402 101.2
YOLOv5 0.942 0.901 0.923 0.452 256.41
YOLOv7 0.873 0.826 0.877 0.415 116.27
YOLOv8 0.851 0.864 0.892 0.462 270.27
YOLOv9 0.867 0.841 0.875 0.446 263.16
YOLOv10 0.881 0.835 0.908 0.482 335.13
YOLOv8-TDD 0.979 0.913 0.957 0.534 309.54



654	 Journal of Electronic Testing (2024) 40:645–656

Fig.7   YOLOv8-TDD Results 
for PCB Defects Detection (a) 
Confidence Recall Curve (b) 
Confidence Precision Curve (c) 
Precision Recall Curve

(b) Confidence Precision Curve

(c) Precision Recall Curve
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overall detection performance and the second highest FPS. 
The improved YOLOv8 stands out as the most accurate and 
fastest model; if larger size and increased parameter count 
are not limiting factors, it is a highly recommended choice.

5.4 � YOLOv8‑TDD Results for PCB Defects Detection

Confidence-Recall curve, (Fig. 6a) evaluates the recall of the 
detection system at different confidence thresholds for vari-
ous defect categories. High recall at high confidence levels is 
desirable, indicating that the system is accurately detecting a 
large proportion of actual defects. From the curve, it appears 
that all defect categories achieve near-perfect recall (0.98) 
for most of the confidence interval, with a slight decrease 
as confidence approaches 1. This suggests that the model is 
very effective in detecting defects when it is confident about 
its predictions.

Confidence-Precision curve, (Fig. 6b) shows the preci-
sion of the defect detection system across different confi-
dence thresholds. Precision is a measure of how many of the 
detected items are actual defects. The ideal scenario is high 
precision across all levels of confidence. The curve shows 
that precision for all defect categories is maintained at a high 
level across most confidence thresholds and reaches 1.0 at 
a confidence of approximately 0.979, indicating excellent 
precision.

Precision-Recall curve, (Fig. 6c) shows the precision of 
each defect category at different levels of recall. The area 
under this curve (AUC) gives the mean Average Precision 
(mAP). The provided curve demonstrates high precision 
across all levels of recall, which is an indicator of outstand-
ing performance. The legend shows mAP at 0.5 IOU for all 
classes combined is 0.957, which is an excellent score for 
this type of detection task Fig. 7.

In summary, the defect detection model(YOLOv8-TDD) 
exhibits high performance, with excellent recall and preci-
sion across various defect categories, as evidenced by the 
close-to-perfect mAP of 0.957 at an IOU of 0.5. Such results 
indicate a well-trained model that is both accurate and reli-
able in detecting PCB defects, which is crucial for automat-
ing quality control in PCB manufacturing. The consistency 
across all categories suggests the model has been effectively 
generalized to various types of defects and can serve as a 
robust tool in industrial settings.

6 � Conclusion

Our research work has successfully demonstrated the effec-
tiveness of the YOLOv8-TDD algorithm in detecting PCB 
defects, achieving superior performance metrics in both 
detection accuracy and processing speed. Through strategic 
enhancements in the model architecture and training process, 

including dataset augmentation and optimization of the loss 
function, the YOLOv8-TDD algorithm shows a substantial 
improvement over traditional defect detection methods and 
existing deep learning models. These advancements substan-
tiate the potential of deep learning-based solutions in indus-
trial quality control, specifically in environments where pre-
cision and efficiency are paramount. Future research could 
explore the integration of additional deep learning innova-
tions to further refine detection capabilities and expand the 
model’s applicability to other complex manufacturing tasks.
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