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A NOVELTY METHOD FOR PCB DEFECT DETECTION ON YOLOvV8 BASIS

To tackle the challenges in PCB defect detection, I've developed a new algorithm built on an improved YOLOVS
framework. This approach is aimed at boosting detection accuracy while reducing model complexity, making it well-suited for
detecting smaller targets and functioning effectively in environments with limited resources. The algorithm starts by introducing a
refined neck network structure, which cuts down on the number of model parameters and computational demands, improving how
efficiently resources are used. Additionally, the inclusion of ShuffleAttention and a BiFPN structure strengthens the model's ability to
fuse features at multiple scales, significantly enhancing its performance with smaller targets.

On top of that, I've replaced the commonly used CloU loss function with a WIoU loss function, which makes the model
more accurate and robust in its detection capabilities. In tests, this enhanced model achieved impressive results, with mAP50 and
mAP90-95 scores reaching 93.4% and 48.3%, respectively. What's more, model parameters, GFLOPs, and weight size were
reduced by 33%, 12%, and 32%, respectively, bringing them down to 1.882M, 7.0, and 4.3M. This makes the solution not only
highly efficient and accurate but also lightweight—perfect for use in constrained environments like mobile devices and embedded
systems.
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JIBYVYK Muxaiiino

HanionansHnii yHiBepcuteT «JIbBiBChKa MOMITEXHIKA»

HOBHIA METO/] BUSIBJIEHHS JJE®EKTIB JIPYKOBAHOI IIJTATA HA OCHOBI
YOLOv8

LLo6 BupiumTy rpo6reMn 3 BUSBIEHHIM ACQEKTIB APYKOBAHOI 11/1aTy, 51 PO3DOOUB HOBMH a/iropuTM, rnobygoBaHmi Ha
BAOCKOHANEHIN CTpyKTypi YOLOVS. Lledi niaxig CripaMOBaHmyi Ha MiABULLEHHS TOYHOCTI BUSIB/IEHHS, OAHOYACHO 3MEHLLYIOYM
CKIBAHICTL MOJEN], O pobUTL HOro [06Pe MpUAATHUM AJ1S BUSIBJIEHHS] MEHLLMX Lined | e@heKkTUBHOro @yHKLIOHYBaHHS B
CepenoBnLLax 3 0OMEXEHNMN Pecypcamu. AJIrOPUTM MOYUHAETLCS 3 YAOCKOHA/IEHOI CTPYKTYPU MEPEXIT Lmi, K3 CKOPOYYE KifIbKiCTb
napameTpis Mogesni 1a OOYUC/IIOBA/IbHUX BUMOI, [OKPALLyOY EQEKTUBHICTL BUKOPUCTAHHS pecypciB. KpiM Toro, BK/IIOYEHHS
ShuffleAttention i ctpyktypmu BiFPN rnocuitoe 34aTHICTe MOAENI 06 €4HYBaTU QYHKLIT B Di3HUX MAcLiTabax, 3Ha4Ho MigsnLyoqu ii
1IPOAYKTUBHICTb 3 MEHLLMMU LiJISMA.

Kpim TOro, s 3aminns riowmpery @yHkuito BTpaty CloU Ha @yHkuilo BTpatw WIoU, wo pobuts MoAe/b TOYHILLIOK Ta
HaZAWIHILIOW Y ii MOX/IMBOCTSX BUSB/IEHHS. [T 4ac BUnpobyBaHb LS BAOCKOHA/IEHa MOJEb [OCAI/Ia BPDAXAIOYUX PE3y/bTarTiB.!
rnokasHuku mAP50 i mAP90-95 gocsirim 93,4% i 48,3% BianosiarHo. binbwe toro, napametpu mogeni, GFLOP 1a po3mip Barv 6ysm
3MeHLWeHI Ha 33%, 12% ta 32% BianoBigHo, 3meHwwBwy ix go 1,882M, 7,0 ta 4,3M. Lle pobuts pilleHHS He Ti/lbku
BUCOKOEQDEKTUBHUM | TOYHUM, ase ¥ JIerkumM — [JeasIbHUM AJ1S BUKOPUCTaHHS B OOMEXEHNX CEPEAOBULILYAX, TaKuX K MOOIIbHI
npucTpoi Ta BOY.AOBAHI CUCTEMH.

Kmoyosi ciosa. BiFPN, BussieHHs1 Ae@eKTiB ApykoBaroi niatv, ShuffleAttention, WioU, YOLOVS.

INTRODUCTION

In today's electronics manufacturing, printed circuit boards (PCBs) are essential as the backbone of
electronic devices. However, because of their complex production processes and the impact of external factors and
operational errors, PCBs often develop defects such as short circuits, missing holes, or burrs. These defects can
compromise performance or even lead to device failure, making accurate and efficient PCB defect detection vital.
Recent advances in deep learning have significantly boosted image processing and computer vision, providing new
avenues for detecting defects in PCBs.

Currently, there are two main types of target detection algorithms. The first is two-stage detection
algorithms, like Faster RCNN, Cascade RCNN, and Mask RCNN. One recent development uses an enhanced Faster
RCNN to detect PCB defects, improving the detection of small flaws [1]. Another innovation, the tiny defect
detection network (TDD-Net), also based on Faster RCNN, achieved an impressive mAP of 98.0% for PCB defect
detection [2]. The second type is single-stage detection algorithms, which include models like YOLO and SSD. A
notable example is a method based on YOLOv3, designed to detect solder joint defects on PCB plug-ins,
incorporating attention mechanisms to improve accuracy to 96.69% [3]. Similarly, an enhanced YOLOv4 model has
been developed for PCB surface defect detection, achieving 98.6% accuracy while reducing model parameters and
computational complexity [4]. Another contribution is PCB-YOLO, a surface defect detection algorithm built on
YOLOVS5, which uses the Swin Transformer and K-means++ to balance performance and computational efficiency,
reaching a mAP of 95.97% at 92.5 FPS [5]. Additionally, a PCB defect detection model based on YOLOv7 was
proposed, utilizing FasterNet with the CBAM attention mechanism to address challenges of speed and accuracy in
defect detection. [6]
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Despite these advancements, many of these models require substantial computational resources, making
them impractical for lightweight and mobile devices. To overcome this, the focus of this study is to refine the
YOLOv8 model for PCB defect detection. The aim is to create lightweight models that reduce size and
computational demands while maintaining strong detection performance, ensuring they can be deployed efficiently
in resource-limited settings like mobile devices. The key contributions of this work include:

v Enhancing the neck network of the original YOLOV8 to improve detection accuracy while
reducing the number of parameters.

v Incorporating the BIiFPN, which improves multi-scale feature integration, enabling better
identification of small target defects [7].

v Adding ShuffleAttention (SA) to the neck network, enhancing the model’s ability to detect small
targets and reducing both false and missed detections [8].

v Replacing the CloU loss function with WloU to improve anchor box quality, reduce detection

difficulty for small targets, and boost accuracy for small defect features [9].

ENHANCEMENTS TO THE YOLOV8 NETWORK ARCHITECTURE

Enhanced YOLOV8 Network Architecture

YOLOVS is one of the latest advancements in the YOLO series, and while its overall architecture remains
similar to YOLOVS5, it has introduced several significant improvements that enhance object detection. One of the
key updates lies in its backbone network, which still uses the CSP approach but replaces the C3 module from
YOLOVv5 with the more efficient C2f module. This adjustment, along with changes in the number of channels across
different scale models, greatly boosts the model's overall performance.

Moreover, the SPPF module from YOLOV5 continues to play a role, ensuring familiarity for those
transitioning from the previous version. However, the neck network has been slightly modified. While it maintains
the PAN architecture, it removes the CBS1x1 convolution structure in the up-sampling phase of PAN-FPN, which
was present in YOLOV5. The head network has undergone even more changes, shifting from a coupling head to a
decoupling head, which separates classification tasks from detection. YOLOv8 also moves from an Anchor-Based
system to an Anchor-Free design, further improving its flexibility.[12]

For loss calculation, YOLOV8 uses the TaskAlignedAssigner strategy and introduces the DFLoss function.
These enhancements make YOLOVS8 highly adaptable and effective across a wide range of applications, from
intelligent security and autonomous driving to object tracking and industrial quality inspection. Its optimized
performance ensures it remains a powerful tool for various computer vision tasks.[13]
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Fig. 1. Enhanced YOLOVS structure scheme
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This article takes the YOLOv8 network model a step further by introducing several key enhancements, as
shown in Figure 1. First, an improved neck network structure is implemented to lower the model’s parameter count
and computational demands. Additionally, the SA (ShuffleAttention) mechanism and BiFPN structure are
incorporated into the neck network, significantly improving the model's ability to fuse multi-scale features. To
further boost performance, the CloU loss function is replaced with the WIoU loss function, which speeds up model
convergence and enhances detection accuracy.

The ShuffleAttention mechanism addresses the challenges of attention mechanisms by combining spatial
and channel attention. There are two main types of attention mechanisms: spatial attention and channel attention.
CBAM (Convolutional Block Attention Module) integrates both, capturing dependencies between channels and
spatial pixel-level relationships, which improves accuracy but at the cost of increased computational complexity.
The ShuffleAttention mechanism, however, resolves this issue by splitting the spatial and channel attention into
separate blocks and running them in parallel. This method effectively enhances accuracy without adding much
computational overhead, making it a more efficient option for complex tasks.[14]
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Fig. 2. Structural scheme of the SA attention mechanism

As illustrated in Figure 2, the ShuffleAttention (SA) mechanism begins by dividing the input features into
multiple groups, referred to as "g groups." Each group is partially processed using a channel attention mechanism,
highlighted in the gray sections of the figure, which functions similarly to the Squeeze-and-Excitation (SE) attention
mechanism [15]. Meanwhile, another portion of the groups undergoes spatial attention processing, shown in the
yellow sections, where group normalization (GN) is applied. These two components are then merged based on the
number of channels, allowing for the fusion of information. Finally, the g groups are shuffled to produce the final
output feature map.

In the realm of PCB defect detection, traditional methods often fall short when handling small defect
features, which are difficult to capture and emphasize. To tackle this issue, this article introduces the SA attention
mechanism, which aims to improve detection accuracy without adding extra computational burden.

Regarding the BiFPN structure, the PANet module [16], used in the neck of the original YOLOvV8 model,
integrates multi-scale features through a top-down information flow, as demonstrated in Figure 3. However, this
approach is computationally expensive. PANet's complexity is notably higher than that of more lightweight
alternatives, leading to slower training and inference times. Additionally, the top-down flow may result in losing
fine details, particularly for smaller targets, which weakens the model’s feature extraction capability. Furthermore,
PANet often requires the storage and processing of multiple feature maps, especially when dealing with high-
resolution images, making it less practical for environments with limited computational resources.

Repeated blocks

PANet (b) BIFPN
Fig. 3. Schemes of PANet and BiFPN structures
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This article swaps out the PANet module in favor of the BiFPN module, as illustrated in part b of Figure 3.
The BiFPN structure offers a two-way information flow, allowing features to move freely between different levels.
This bidirectional approach improves the ability to capture multi-scale features, which is particularly useful for
detecting both small and large targets. Additionally, BiFPN is lightweight and consumes fewer computing resources.
This makes it ideal for object detection tasks in lightweight models or mobile devices, where speed and efficiency
are crucial. Another benefit of BiFPN’s bidirectional flow is that it helps gradients propagate more smoothly back to
the underlying feature maps, which facilitates training deeper and more complex models. This smooth gradient flow
speeds up model convergence and enhances training stability.

The original neck network is usually fine-tuned for specific tasks or datasets, but this can limit performance
when applied across different domains or datasets. In YOLOVS, the original neck network design often adds extra
computational complexity, requiring additional processing of feature maps from the backbone network. This extra
processing can slow down model performance, especially in environments with limited resources, like embedded
systems or mobile devices. Additionally, the original design may struggle to handle very small or very large objects,
losing important details or failing to capture the overall target. This paper aims to refine and optimize the neck
network, specifically focusing on improving small target defect detection in PCBs.
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Fig. 4. Enhanced scheme of the neck network structure

As shown in Figure 4, three convolutional layers are initially added after the backbone network, and the
number of channels in the neck network is fixed at 256. This adjustment helps the network prioritize the quality of
feature fusion over sheer quantity, while also lowering memory usage and computational overhead. Additionally,
the P2 section of the backbone is integrated into the neck network’s feature fusion process, as it contains detailed
information that enhances the detection of smaller targets. By incorporating features from P2, the model improves
the precision of bounding box localization, leading to more accurate target identification. To further boost
performance, three additional layers—Conv, Fusion, and C2f—are introduced into the neck network. The Fusion
layer includes parameters such as Weight, Adaptive, Concat, and BiFPN, with the BiFPN fusion method being
implemented as noted in reference [17].

The original YOLOvV8 model uses the CloU (Complete Intersection over Union) loss function to evaluate
the quality of bounding box predictions in object detection tasks. CloU extends the traditional loU (Intersection over
Union) by providing a more accurate assessment of the overlap between predicted and true bounding boxes. loU
calculates the ratio of the intersection to the union of two bounding boxes, but it has limitations, especially when the
height or width of a box approaches zero, leading to poor gradient calculation. CloU addresses these shortcomings
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by considering factors like the center point distance, width, and height of the bounding boxes, resulting in more
reliable loss gradients and better model training.

p:(h.h[gﬂ}

2
i~

In this formula:

loU represents the traditional ratio of intersection to union between two bounding boxes.

p? refers to the square of the Euclidean distance between the predicted bounding box and the center point
of the actual bounding box.

c¢? is a normalization factor for the center point distance, calculated as the square of the diagonal of the
actual bounding box.

a is a weight parameter that helps balance the effect of the center point distance.

v measures the difference in width and height between the actual and predicted bounding boxes.

While CloU improves the detection of small targets, it still struggles with instability when dealing with
targets that have extremely small or unusual aspect ratios. To tackle this, WloU introduces a dynamic, non-
monotonic focusing mechanism to better assess the quality of the anchor box. It offers a gradient gain allocation
strategy that strengthens the algorithm’s ability to accurately position the target. WloU also builds a two-layer
attention mechanism, improving the model's generalization. The first version of WloU (WIloUv1) is defined:

Lynouvt = Rwiouliou 2

For the formula:

u—%ﬁ+@—nf) @)

Rwiou = exp( Wi+ Hé:lx

Explenation for the formula:
HZ ,W; is the height and width of the minimum anchor block used to create gradients that prevent

convergence.
WIoUv3 is the dynamic non-monotone focusing coefficient r on the basis of WloUv1. Its formula is:

L WIoUv3 — EL WioUvl (5)

T=—F% (6)

B = 12 € [0, +c0) Y
Linn

In this formula:
1ou defines the separation of L;,;; from the calculation graph.
Lia1 it is a moving average value of momentum m.
B is the outlier.
o and & are hyperparameters which control the gradient amplification r.

RESULTS OF THE EXPERIMENT AND ANALYSIS
The PCB defect dataset used in this study comes from the Open Databases and personal experiments. It
consists of images, covering six types of defects: missing hole, mouse bite, open circuit, short, spur, and spurious
copper. The dataset was split into training and validation sets using an 8:2 ratio, with online data augmentation
applied during the training process. Figure 5 provides close-up images of the various defects, with each image
displaying 3 to 5 defects.
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Fig. 5. An example of a circuit board defect

The experimental hardware setup for this study includes an NVIDIA GeForce RTX 3080 with 12GB of
video memory. The software environment is configured with Python 3.8.16, PyTorch 2.0.0, and CUDA 11.8.
Training is performed using the PyTorch framework with the SGD optimizer. The hyperparameters are set as
follows: a batch size of 32, 200 training epochs, an initial learning rate of 0.01, and no pre-trained weights are used
during training.

The evaluation metrics used in this study include precision (P), recall (R), F1 score, mean average precision
(mAP), parameter count (Params), Giga floating-point operations per second (GFLOPs), and model weight
(Weights). The corresponding formulas are as follows:

TP
G TP+EN) )
"= T;J'{F"\I R ©
HIPXR)
Fl1= (P+R) (10)
1 1
mAP = ;Z_zl [ P(R)A(R) (11)
Explenation for the formulas:
4 True Positives (TP) refer to the number of instances where the model correctly predicts positive
examples.
v False Positives (FP) occur when the model mistakenly classifies negative examples as positive.
v False Negatives (FN) represent positive examples that the model incorrectly labels as negative.
v Precision reflects how accurately the model identifies positive examples from its predictions.
v Recall indicates the model’s effectiveness in identifying all the true positive samples within the
dataset.
v The F1 Score provides a balanced measure by combining both precision and recall into a single
metric.
v Mean Average Precision (mAP) evaluates the model’s performance across various categories by
averaging individual precision scores.
v Parameter Count refers to the total number of trainable parameters in the model, with higher

counts usually indicating a more complex architecture.
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v GFLOPs (Giga Floating-Point Operations Per Second) quantify the number of billions of
operations with floating-point the model performs per each second, which gives insight into its computational
requirements and speed.

4 Model Weight refers to the size of the model’s stored parameters, impacting storage needs and
deployment costs, especially important for applications on devices with limited resources, such as mobile platforms.

RESULT ANALYSIS
This article evaluates the effectiveness of replacing the CloU loss function with the WIoU loss function in
the original YOLOV8 model by comparing it to other well-known loss functions, such as DloU [18], EloU [19],
GloU [20], SloU [21], and FocalloU [22]. The comparative findings are summarized in Table 1.

Table 1.
The experiment of comparing the loss function

Loss function mAP50(%) mMAP90-95(%0) P(%) R(%) F1(%)

CloU 90.5 46.3 91.7 85.5 88.0
DloU 91.6 47.4 93.8 86.6 91.0
EloU 90.5 476 92.9 84.7 89.0
GloU 89.8 45.7 90.5 85.5 88.0
SloU 90.3 472 90.7 85.6 88.0
FocalloU 91.9 46.8 92.8 86.8 91.0
WloU 92.8 49.2 915 89.7 92.0

The results clearly show that WloU offers significant advantages across several critical performance
metrics. Notably, it achieves the highest mean Average Precision (mAP), leading to more precise detection of
defective targets. Furthermore, WIoU outperforms the other loss functions in both precision and recall, highlighting
its enhanced ability to predict true positives and capture more actual positives. The F1 score for WloU also
demonstrates its superior performance in the PCB defect detection task discussed in the paper.

The line diagram in Figure 6 illustrates the effect of different IOU calculation methods on the YOLOvVS
model's performance. Specifically, WloU exhibits clear benefits in terms of val/box_loss, showing a lower loss
value compared to other functions. This indicates that WloU is more effective at matching object boundary boxes.
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Fig. 5. Experimental results of various loss functions

To validate the effectiveness of the improvements made to the YOLOV8 network structure, ablation
experiments were conducted on several enhancement points under identical conditions. The findings are
summarized in Table 2. Introduction of the improved neck network: The results showed a notable increase in
accuracy compared to the original YOLOvV8n, while the number of parameters, GFLOPs, and model weight
decreased. Addition of the BiFPN structure: This led to an improvement in mAP, with minimal changes in the
number of parameters and GFLOPs. Incorporation of the SA attention mechanism: This further boosted mAP
without significantly affecting the parameter count or GFLOPs. Replacement of CloU with WIloU loss function:
This substitution enhanced mAP while maintaining a similar number of parameters and GFLOPs. Combination of
the improved neck network with BiFPN: This configuration resulted in fewer parameters, GFLOPs, and a smaller
weight file size compared to the original YOLOv8n, Improvement 1, and Improvement 2, although the mAP was
slightly lower than that of Improvement 1. Addition of the SA attention mechanism to the neck network with
BiFPN: This retained the number of parameters, GFLOPs, and weight file size, while achieving a higher mAP than
the previous configurations. Finally, the algorithm integrates all four improvements into the original YOLOv8n. The
results show that mAP50 increased by 3.4%, while the number of parameters, GFLOPs, and weight file size
decreased by 33%, 12%, and 32%, accordingly.
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Table 2.
The experiment of comparing the loss function
Model New Neck | BiFPN SA WIloU MAP50(%) | Params/M | GFLOPs Weight/M
YOLOvSn 90.5 3.023 8.2 6.3
Improvement 1 N 92.9 2.063 74 45
Improvement 2 N 90.9 3.088 8.4 6.5
Improvement 3 N 91.7 3.013 8.2 6.4
Improvement 4 N 92.8 3.013 8.2 6.3
Improvement 5 \ N 91.9 1.882 7.2 43
Improvement 6 N N N 93.6 1.882 7.2 43
Proposed model V N N N 93.4 1.882 7.2 43

To evaluate the effectiveness of the proposed algorithm, a comparative experiment was conducted, with
results presented in Table 3. The findings highlight several key advantages of the algorithm. Firstly, the proposed
algorithm has a parameter count of only 1.882M, which is significantly lower than SSD's 23.270M [23], which
makes it very suitable for mobile deployment and other environments with limited resources. Additionally, the
algorithm's computational workload is just 7.0 GFLOPs, that is much less than the highest recorded value of 265.3
GFLOPs in other models, ensuring efficient real-time detection on mobile devices. In terms of accuracy, the
algorithm achieves a strong mAP50 score of 93.4%, outperforming most other models and approaching YOLOv8s'
score of 93.9%. Moreover, it performs impressively in the mAP90-95 range, reaching 48.3%, demonstrating its
ability to accurately capture and detect target objects with high reliability.

Table 3.
The experiment of comparing the loss function
Model mAP50(%0) mAP90-95(%0) Params/M GFLOPs Weight/M
SSD 83.6 35.8 23.270 265.3 92.8
YOLOv5n 65.8 27.2 1.758 4.3 3.6
YOLOv5s 86.9 41.9 7.134 15.6 151
YOLOvV6s 90.2 44.8 16.135 43.7 31.9
YOLOv7-tiny 78.5 34.8 6.264 12.6 13.1
YOLOvVS8n 90.7 46.3 3.147 8.3 6.7
YOLOvV8s 93.9 50.5 11.228 28.2 22.8
Proposed model 934 48.3 1.882 7.0 43

In conclusion, the method described in this article is an excellent choice for deployment in resource-constrained
environments like mobile devices. Its lightweight design, low computational requirements, and high detection precision
give it wide potential for applications in real-time object detection, built-in systems, and mobile apps. To further
demonstrate the algorithm's effectiveness in real-world detection scenarios, five experimental comparison sets were
carried out, as in Figure 7, featuring scaled-up images. First, the results from the initial set show that the proposed method
outperforms the default YOLOV8n in detection precision, meaning it identifies defects with greater accuracy. Second, the
outcomes of the Il and 111 sets indicate that the algorithm has a lower rate of missed detections compared to YOLOv8n,
suggesting it captures more potential defects and improves detection coverage. And, finally, the IV and V sets reveal that
this algorithm significantly reduces the number of false detections, leading to fewer normal objects being incorrectly
identified as defects, thus minimizing the risk of false alarm signals. Overall, the method presented in this article has
demonstrated substantial enhancements in detection accuracy, reduced number of missed detections, and fewer false
detections, making it more substantial and effective tool for defect detection.

YOLOV8Nn g
e [

missing hole 0.70

® Aok

Proposed

sssing hole 0. o ~ -
model Oy
3 p——1
a—
—

(
Fig. 7. Comparison table of Visualized Results
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CONCLUSION

This is research introduces an optimized version of the YOLOv8 model tailored for detecting defects on
printed circuit boards (PCBs). Key enhancements include the addition of a new neck network, which significantly
reduces both the number of parameters and the model's computational load, improving its efficiency, particularly in
environments with limited resources. Furthermore, the integration of the ShuffleAttention (SA) mechanism and
BiFPN structure enhances the model's ability to fuse features across multiple scales, making it better suited for
identifying small targets. A crucial change was the replacement of the traditional CloU loss function with the WloU
loss function, leading to a marked improvement in detection accuracy and model reliability. The experimental
outcomes affirm the effectiveness of these upgrades, with the model achieving remarkable results in PCB defect
detection. Specifically, it delivered impressive metrics, with an mAP50 of 94.2% and an mAP90-95 of 49.0%.
Despite these high accuracy rates, the model retains a low parameter count and minimal computational
requirements, making it a strong candidate for deployment on mobile devices and built-in systems in limited
environments. Comparative analysis with other detection models shows this method strikes an excellent balance
between a lightweight design and high performance, suggesting significant potential for real-world applications. In
conclusion, this study presents a method that is both efficient and highly precise for detecting PCB defects, offering
practical benefits for industrial quality control and automated manufacturing. Future work could extend the model's
applicability to other fields and further refine its productivity and potency.
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