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ABSTRACT

The structure of Gigabit network transformers is complex, with significant scale variations in defects such as pin skew and
missing magnetic cores. This leads to low efficiency and high false detection rates in traditional manual inspection. To address
this challenge and meet the industrial production line's demand for high speed and high precision, this study optimizes the
YOLOv5s model with targeted improvements. First, to enhance detection speed, the original SPP module in the network is
replaced with the more efficient simSPPF module, accelerating feature fusion and inference. Second, to improve the model's
feature extraction capability for complex defects and its understanding of global context, some Conv and C3 modules in the
backbone network are replaced with Transformer modules, thereby effectively enhancing the recognition accuracy for small
targets and defects with variable morphologies. Experiments on the Gigabit network transformer dataset show that the
optimized model significantly outperforms the baseline model in both detection accuracy and inference speed, achieving a
balance between precision and efficiency. This provides an effective solution for the intelligent quality inspection of related
electronic components.
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1 Introduction

Gigabit network transformers place significantly higher demands on high-speed data transmission capability, electrical
isolation, anti-interference performance, miniaturization and integration, temperature adaptability, compatibility, and
standardization. However, in the current production process of network transformers, quality inspection still primarily
relies on manual visual inspection and electrical performance testing. This approach suffers from low efficiency, strong
subjectivity, and limited inspection coverage, making it difficult to meet the manufacturing requirements for high-quality,
high-consistency products.

In recent years, scholars both domestically and internationally have conducted extensive research on defect detection
using computer vision technology. The research methods can be primarily divided into machine learning-based
approaches and deep learning-based approaches. Machine learning-based methods mainly rely on manually designed
feature extraction. For instance, Celik et al. proposed a simple detection system combining wavelet transform, Gray-Level
Co-occurrence Matrix (GLCM), and a feedforward neural network. However, this method cannot locate the specific
position of defects. Qu Erging et al.,, addressing the issues of numerous parameters and poor real-time performance in
traditional Gabor wavelet filters, proposed a Gabor filter optimization algorithm based on composite differential
evolution using a difference algorithm. The optimized model achieved a detection speed of 11 fps, which still falls short of
real-time detection requirements. While machine learning-based detection methods are simple and easy to implement,
they are heavily influenced by manually extracted features, resulting in poor adaptability and robustness.

Deep learning-based methods primarily include one-stage algorithms like YOLO and SSD, and two-stage algorithms
like Faster R-CNN. For example, He et al. proposed a defect detection system based on Faster R-CNN, achieving an mAP of
82.3% for defect detection tasks on the NEU/DET dataset. However, this method has slightly insufficient detection speed,
making it difficult to meet the demands of real-time industrial production inspection. Li Weigang et al. utilized a weighted
K-means clustering algorithm to propose an improved YOLOv3 model. The improved algorithm achieved an mAP of 80%
and maintained a detection speed of 50 fps, but the model has a large number of parameters, making it difficult to
deploy. Cheng et al. incorporated a channel attention mechanism into the RetNet network to reduce information loss and
used an Adaptive Spatial Feature Fusion (ASFF) module to effectively fuse shallow and deep features extracted by
convolutional kernels. They achieved an mAP of 78.25% on the NEU-DET dataset, but the model's accuracy is relatively
low. While there is considerable research on algorithms applied to surface defect detection, algorithms that meet real-
time detection requirements still face issues of low accuracy and insufficient real-time performance. The aforementioned
studies all exhibit certain shortcomings regarding small sample sizes and high-speed detection. Aiming at the problems
of insufficient feature extraction capability and low model detection accuracy in current surface defect detection
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algorithms, this paper proposes a new network structure named STYolo based on YOLOVS. Firstly, Transformer modules
are integrated with the YOLOv5 model to enhance recognition accuracy. Secondly, a simSPPF module is introduced to
replace the SPP module, thereby optimizing the model's training and inference speed.

2 Introduction to the YOLOv5 Algorithm and Improvement Methods
2.1 YOLOvS5 Algorithm

YOLOVS5 is a deep learning-based object detection algorithm proposed by Alexey Bochkovskiy et al. in 2020. This
algorithm employs a single-stage detection approach, dividing the object detection process into three stages: feature
extraction, prediction, and post-processing. During the feature extraction stage, it utilizes a lightweight convolutional
neural network to rapidly extract feature information from images. Considering the high demands for real-time
performance and lightweight design in defect detection, this study comprehensively evaluates the accuracy, efficiency,
and size of the recognition model. Consequently, an improved design for the device defect detection network is
proposed, based on the YOLOv5s model. The network structure is illustrated in Figure 1.

Backbone Head
] 2 3 s )
9 2
7 21 Conv
! L S N
(] 20 c3 . Defeclioutput |
X J — )
5 Conv
£
4 c3
%
3 Conv
f
2 c3
1 Conv
I
0 Conv

Figure 1 YOLOvV5 model structure

2.2 Transformation from SPP Module to simSPPF Module

The SPP (Spatial Pyramid Pooling) module is a classic network structure designed to address the issue of inconsistent
object sizes in detection and classification tasks. It was first proposed by Kaiming He et al. in 2014. The core concept is to
divide the feature maps generated by convolutional layers into several fixed-size sub-regions and perform max-pooling
operations on each. This approach ensures effective detection and classification of objects regardless of their varying
positions and scales. The advantages of the SPP module include its adaptability to input images of different sizes and its
ability to handle objects of multiple scales. Furthermore, by using fixed sub-regions and max-pooling, it maintains the size
of the feature maps, thereby avoiding information loss.

However, the SPP module involves significant computational overhead during pooling due to the need to process sub-
regions of varying sizes. Particularly when the number of sub-regions is large, the computational cost becomes
substantial, which limits the speed of the SPP module in industrial applications. The structure of SPP is shown in Figure 2.
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The SImSPPF module is a data structure commonly used in parsers to merge multiple syntax trees, enabling efficient
parsing. It was first proposed in 2002 by Eli J. Fox-Epstein, Daniel P. Friedman, and others, and published at the Conference
on Programming Language Design and Implementation. The researchers involved, including Eli J. Fox-Epstein and Daniel
P. Friedman, are professors and scholars from Northwestern University in the United States, who have long been engaged
in research in programming languages and compiler fields.

The purpose of the SimSPPF module is to address redundancy and efficiency issues in syntax tree merging. Traditional
merging methods often generate a large number of duplicate or useless nodes, consuming significant memory and time,
which can reduce parsing efficiency. In contrast, the SImSPPF module improves efficiency by streamlining node
information and converting multiple tree structures into a more compact form. Specifically, it adds labels to nodes to
indicate their type and positional information and employs various optimization techniques to reduce the number of
nodes. Additionally, the module can merge different nodes into smaller ones, thereby reducing memory usage and
increasing speed. These optimizations enable the SimSPPF module to achieve efficient parsing while also outputting all
possible syntax trees, improving both accuracy and coverage.

In summary, the introduction of the SimSPPF module holds significant importance in the fields of parsing and
compilers. It not only enhances the efficiency and accuracy of parsing but also helps developers better understand syntax
tree structures.In industrial recognition, the SimSPPF module offers the following two advantages:

(1) Faster computation speed: Compared to the SPP module, SimSPPF adopts a new method for computing similarity
and feature fusion, significantly reducing computational load and thus improving speed.

(2) Reduced computational load while maintaining accuracy: SimSPPF maintains high accuracy when processing
objects of varying sizes. By performing weighted operations on similar subregions, it reduces the computational load of
feature weighting. This gives SimSPPF better performance and computational efficiency compared to the SPP module.

Thus, SimSPPF can be seen as an upgrade to SPP, with both being fixed-region pooling methods. Compared to the SPP
module, SimSPPF improves speed while maintaining high accuracy. SimSPPF reduces computational load by optimizing
similarity calculations and feature fusion, whereas SPP directly performs max pooling on each subregion, resulting in
relatively higher computational demands. Therefore, in object detection and classification tasks, different modules can be
selected based on specific requirements. Testing shows that a single ConvBNReLU is 18% faster than ConvBNSiLU. The
structure of SimSPPF is shown in Figure 3.
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Figure 3 SimSPPF module structure diagram

2.3 Convolutional Layers, C3 Layers, and Transformer Replacement

In YOLOV5, convolutional layers and C3 layers are used for feature extraction. Convolutional layers construct the
backbone network to extract image features, while C3 layers achieve downsampling through convolution and channel
rearrangement, reducing feature map size while preserving more information. Although these structures perform well
and are widely applied in visual tasks, limited data volume and inconspicuous defect features in industrial scenarios
constrain recognition accuracy. The Transformer model can better leverage data and improve generalization through pre-
training. Originally designed for Natural Language Processing (NLP), the Transformer consists of an encoder and a
decoder. VIiT first introduced the Transformer encoder into computer vision. This study integrates the Transformer with
YOLOvV5s by replacing some convolutional blocks and C3 modules with Transformer encoders. The specific process
involves splitting the image into patches, adding positional encoding to form a one-dimensional vector, which serves as
the encoder input. The attention mechanism can be described as a mapping between a query vector and a series of key-
value vector pairs, where the output vector is obtained by weighted summation of the value vectors, with weights
determined by the match between the query and keys. This study calculates weights using scaled dot products. When
queries, keys, and values belong to the same sequence, it is referred to as self-attention. For efficiency, vectors are
typically combined into matrices for computation (as shown in Equation (1) and Figure 4).The multi-head self-attention
layer first projects the input matrix (dimension Mxd) through different linear projections into h groups of matrices, each
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containing a query matrix Q, a key matrix K, and a value matrix V (all of dimension Mxd). After computing self-attention
separately according to Equation (1), the h output matrices are concatenated and projected into the final output matrix R
(dimension Mxd), as shown in Equation (2).
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Figure 4 Scaled dot-product attention

In the backbone network of the STYOLO model, the Transformer encoder module is applied multiple times, which
facilitates the model's global extraction of deep and shallow features in the image, thereby improving detection accuracy.
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The Transformer encoder module is shown in Figure 5.
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Figure 5 The architecture of transformer encoder
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Finally, we designed the overall network model as follows: Figure 6 shows the structure diagram of the improved
STYolo model.
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Figure 6 STYolo model structure



24 Heng Xiao et al.

3 Experiments and Results Analysis

After constructing the neural network model for workpiece surface defect detection, the model training phase
commenced. Based on the defect training dataset, the neural network model proposed in this study and the YOLOv5s
object detection model used for comparative experiments were trained separately. Subsequently, the trained models
were simultaneously evaluated using the test set. The experiments were conducted under the Ubuntu 16.04 operating
system, with Python 3.7 as the programming language and PyTorch 1.8 as the deep learning framework. The hardware
configuration consisted of an Intel(R) Core(TM) i9-10980XE CPU and a GeForce NVIDIA RTX 3070 GPU. The schematic
diagram of high-speed camera sampling is shown in Figure 7.
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Figure 7 Live sampling chart

In this study, the trained surface defect detection model was first experimentally compared with the trained YOLOv5s
network model to verify the effectiveness of the designed surface defect detection model. The statistical analysis results
of the evaluation metrics, with the mAP values, are shown in Figure 8.
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Figure 8 Network model index mAP comparison

From the above figure, it can be observed that the neural network model designed for annular workpiece defect
detection in this study shows certain improvements over the YOLOv5s neural network model, with an approximate 5.3%
increase in mAP value. In this defect detection neural network, detection is primarily performed for four types of image
features in the collected images, namely the workpiece itself (component), pin skew (SK), sharp point (Top), and missing
iron core (blank). The precision rates for these four image features are shown in Figure 9 below.
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Figure 9 illustrates the variation in precision with confidence for both the designed network model and the YOLOv5
network model during training. Compared to YOLOv5s, STYolo exhibits a smoother upward trend in precision as
confidence increases, with its values slightly higher than those of YOLOv5s. As shown in the figure, among the four
detection features in this study, the image feature of pin skew is particularly critical. In the precision comparison for defect
detection, when the confidence threshold exceeds 0.5, STYolo achieves a precision 2 to 3 percentage points higher than
that of YOLOv5s. From an overall model perspective, when the confidence threshold is above 0.5, the precision of the
STYolo model remains consistently above 0.88, showing an improvement compared to YOLOv5s's precision of 0.875.

4 Conclusion

In defect detection algorithms, YOLO has garnered significant attention due to its high accuracy and fast processing
speed. However, when applied in industrial scenarios, the algorithm still faces challenges such as low defect recognition
rates and insufficient computational efficiency. To address these issues, this paper proposes two improvement measures
to optimize the network structure: firstly, replacing the SPP module with the SimSPPF module to reduce computational
complexity and enhance processing speed; secondly, introducing Transformer layers to replace the original convolutional
layers and C3 layers, leveraging their high recognition capability to improve overall detection performance. Experimental
results demonstrate that the proposed improvements significantly enhance both the detection accuracy and operational
efficiency of the YOLOVS5 algorithm, making it more suitable for practical industrial applications. In future experiments,
further optimization could be explored by investigating the impact of Transformer layers with different depths on
network recognition accuracy and processing speed.
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