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Abstract: Integrating artificial intelligence (AI) technology into student training programs is strategi-
cally crucial for developing future professionals with both forward-thinking capabilities and practical
skills. This paper uses steel surface defect detection as a case study to propose a simulation-based
teaching method grounded in deep learning. The method encompasses the entire process from data
preprocessing and model training to validation analysis and innovation optimization with the goal
of deepening students’ understanding of AI technology and enhancing their ability to apply it to
real-world scenarios. We have designed an experimental framework that incorporates the Efficient
Multi-Scale Attention (EMA) mechanism into the Backbone network. This approach helps students
understand the principles of feature extraction and the core functions of attention mechanisms. Addi-
tionally, we introduced a novel architecture—Convolution 3 Dilated Convolution X (C3DX)—into the
Neck network. This architecture effectively expands the network’s receptive field, improves its ability
to capture multi-scale information, and thus enhances defect detection accuracy. Furthermore, the
implementation of the Efficient Intersection over Union (EIoU) loss function optimizes the bounding
box predictions, further increasing the model’s accuracy and robustness. Overall, the teaching design
not only ensures that the content remains at the cutting edge of technology but also emphasizes its
practicality and operability. This approach enables students to effectively apply theoretical knowledge
to real-world engineering projects.

Keywords: experimental teaching; artificial intelligence; deep learning; object detection; surface
defect detection

1. Introduction

With the rapid development of Artificial Intelligence (AI) technology, AI’s role in
driving industrial upgrading and social progress has become increasingly prominent.
Mastering AI technology has become a core requirement for future professionals. Therefore,
integrating AI education into the talent cultivation system is crucial for training highly
qualified professionals who can meet industry demands. Steel, as a fundamental material
widely used in various industries, often encounters defects such as cracks, scratches, and
spots during production and application. These defects not only significantly reduce
the strength and lifespan of steel but may also pose serious safety risks [1]. Applying
cutting-edge AI algorithms to steel surface defect detection not only effectively solves
real-world engineering problems but also provides students with valuable opportunities to
learn and master advanced technologies. By participating in these experiments, students
can gain a deep understanding of AI concepts and learn how to apply them to practical
problems, thereby acquiring the practical skills needed for future careers in engineering
and technology.
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The development of steel defect detection has undergone three stages, reflecting the
advancements in image processing technology. Initially, traditional manual inspection
required substantial human resources and was prone to subjective errors. This was fol-
lowed by the use of machine vision, which, while more efficient, involved manual feature
extraction and struggled in complex environments. With breakthroughs in deep learning,
researchers began applying these algorithms to steel defect detection, achieving superior
accuracy compared to the conventional methods [2].

Existing object detection algorithms are generally categorized into two-stage and
one-stage approaches [3]. The former is divided into two stages: the first stage creates
region proposals, the second is responsible for classification and localization. Nevertheless,
the latter skips the region proposal stage and obtains the category and location of the
target immediately. So, the two-stage detection algorithms have a high degree of accuracy.
Regions with a CNN (R-CNN) series, including the Faster R-CNN [4] and Cascade R-
CNN, ref. [5] are considered the most representative algorithms of the two-stage detection
algorithms, which are also more frequently used in defect detection [6–9]. The inclusion
of the region proposal network structure limits speed despite improving the detection
accuracy of the R-CNN series algorithms. Meeting real-time requirements becomes more
challenging under specific circumstances.

To fulfill the requirements of industry, relevant researchers presented one-stage object
detection algorithms to obtain lighter and faster network models. The exemplary one-stage
algorithms include RetinaNet [10], You Look Only Once (YOLO) series [11–14], etc. The
one-stage detection algorithm transforms the object detection problem into a regression
problem, thereby achieving an optimal trade-off between speed and accuracy. For instance,
according to the literature [1], the mean average precision (mAP) of YOLOv3 on the steel
surface defect dataset NEU-DET is 1% worse than that of Faster R-CNN, but the speed is
three times that of Faster R-CNN. Numerous academics applied and modified the one-stage
algorithm YOLO series widely due to it performing defect detection exceptionally well.

Guo et al. [15] added a module based on the Transformer [16] to the Backbone of
YOLOv5 in steel surface defect detection to enhance its global feature information extrac-
tion capability. Zhu et al. [17] proposed the LSin Transformer structure for steel surface
defect detection, which significantly improved detection accuracy. However, due to the lim-
itations inherent in the Swim Transformer [18] itself, the model struggles to meet real-time
requirements effectively. Yi et al. [19] introduced the MobileViT module into the Backbone
network of YOLOX [20] for steel surface defect detection to enhance the feature extraction
capability of the network. Incorporating Transformers into the YOLO series algorithms
improves the insufficient feature extraction capability of traditional convolutional methods.
However, its computational complexity and challenging training render it unsuitable for
applications in the industrial domain.

Xie et al. [21] used MobileNetV2 to replace YOLOv4’s feature extraction network and
added Efficient Channel Attention (ECA) to implement adaptive weight assignment and
quickly infer a single image for only 18.44 ms, which achieved 86% mAP and 68% mAP
on the metal surface defect datasets GCT10 and NEU-DET, respectively. Ling et al. [22]
optimized the detection performance of YOLOv5 by combining multi-scale detection blocks
with an attention mechanism. Their model achieved a detection rate of 72% in mean average
precision (mAP) for steel surface defects. The detection speed of these algorithms has been
somewhat enhanced; however, a persistent challenge remains in achieving an overall
satisfactory detection accuracy. Currently, the YOLO algorithm has introduced multiple
versions such as YOLOv7 [23] and YOLOv8 [24]. However, multiple experiments have
shown that these versions of the network are unable to significantly improve detection
accuracy despite the increase in the number of parameters. We have summarized the
limitations of the above study in Table 1.
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Table 1. Comparison of performance of different detection methods.

Model Advantages Disadvantages Improvements

Traditional Manual Inspection Visual identification, capable
of detecting rare defects

Relies on subjective judgment,
low efficiency, inaccurate,
resource-intensive

Not suitable for large-scale or
complex environments, both
efficiency and accuracy are
insufficient

Traditional Machine Vision Automation reduces manual
intervention

Manual feature extraction is
complex, not suitable for
complex environments,
computationally intensive

Feature extraction complexity
and unsuitability for complex
detection environments

R-CNN Series (e.g., Faster
R-CNN)

High accuracy, widely used in
defect detection

Slower speed, challenging to
meet real-time requirements,
computation–ally complex

Region proposal network
limits speed and real-time
performance

YOLO Series
Real-time detection, fast,
suitable for large-scale
detection

Precision for small defects is
insufficient, accuracy slightly
lower

Precision issues, especially for
small-sized defects

Transformer based YOLO
improvements

Enhanced global feature
extraction capability

High computational
complexity, training
difficulties, struggles with
real-time requirements

Computational complexity
and training challenges limit
industrial application

To address these challenges, we propose an improved YOLOv5 model—MSFE-YOLOv5
(YOLOv5 with Multi-Scale Feature Extraction). The model integrates Efficient Multi-Scale
Attention (EMA) and the novel Convolution 3 Dilated Convolution X (C3DX) structure to
enhance the detection accuracy of small defects while maintaining computational efficiency.
Additionally, the model serves as a valuable educational tool for students, allowing them to
engage with real-world AI applications in a hands-on, simulation-based learning environment.
By working with state-of-the-art models and understanding the trade-offs between accuracy
and efficiency, students can develop critical skills that prepare them for future challenges in
AI-driven industries.

The primary contributions of this paper can be summarized as follows:

1. Experimental Design Framework Based on Deep Learning: We propose a deep
learning-based experimental design framework that integrates artificial intelligence
with industrial applications. This framework not only provides an innovative solution
for steel surface defect detection but also serves as a teaching tool aimed at guiding
students to learn and master relevant technologies, equipping them with the skills
necessary for real-world industrial applications.

2. Introduction of Efficient Multi-Scale Attention (EMA) [25] Mechanism: By incorporat-
ing the EMA mechanism into the Backbone network of the YOLOv5 model, pixel-level
relationships are captured through cross-dimensional interactions. Utilizing convo-
lution kernels of varying sizes, the model efficiently fuses multi-scale contextual
information, significantly enhancing the feature extraction capabilities and detection
accuracy with only a slight increase in the computational cost.

3. Proposed Novel C3DX Module: In the Neck of the network, we introduce the Convolu-
tion 3 Dilated Convolution X (C3DX) module. This module uses dilated convolutions
with different dilation rates to capture diverse receptive fields and integrate multi-
scale contextual information, further improving defect detection precision. In addition
to boosting detection performance, this module helps students understand the concept
of receptive fields, fostering their innovative thinking skills.

4. Model Validation Across Multiple Datasets: The improved MSFE-YOLOv5 model has
been validated on the NEU-DET, GC10-DET, Severstal Steel, and Crack500 datasets,
with mean average precision (mAP) increases of 4.7%, 4.5%, 3.1% and 3.0%, respec-
tively. These results demonstrate the model’s excellent performance in detection and
generalization, while the experiments help students develop practical skills and the
ability to solve real-world problems.
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This study aims to bridge the gap between technological innovation and educational
impact, providing a robust solution for steel surface defect detection while cultivating the
next generation of professionals in artificial intelligence and engineering.

A glossary of key concepts and acronyms can be found in Appendix A to facilitate
reader comprehension.

2. Materials and Methods
2.1. YOLOv5

In this section, the specific structure of the YOLOv5 network is introduced to allow
students to understand the specific experimental methods of object detection using neural
networks. This section introduces the structure of the YOLOv5 network to help students
understand the experimental methods for object detection using neural networks. The
YOLOv5, one of the YOLO series algorithms, has four scales: YOLOv5s, YOLOv5m,
YOLOv5l, and YOLOv5x. The s-model is more appropriate for industrial fields because
it has the fewest parameters and computations. The model employed in this study is the
most recent version v6.0, as shown in Figure 1, which is mainly divided into four parts:
Input, Backbone, Neck and Head. Input consists of the three channels of the input image.
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The Backbone network is mostly utilized for feature extraction from input images,
containing the Conv, C3, and SPPF modules. Among them, Conv denotes the combined
module of Conv2d, Batch Normalization (BN), and the SiLU activation function, which is
the basic convolution unit for the YOLOv5 network. C3_T and C3_F are two structures of
C3, which is the primary module of the YOLOv5 network, and the C3_T structure is used
in the Backbone. It employs the CSPNet [26] structure, splitting it into two branches. One
branch decreases the computation by 1 × 1 convolution, while the other branch completes
the main feature learning through N residual units. Ultimately, the two branches are
subjected to the concatenate operation. The SPPF module is composed of three 5 × 5
maximum pooling operations (MaxPools), which can solve the multi-scale problem to a
certain extent.

In the Neck network, Conv and C3 are still included, but C3 in the Neck does not avail
itself of the use of the residual structure. The main role of the Neck is to further process the
features extracted from the Backbone by fusing the multi-layer characteristics utilizing the
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Path Aggregation Network (PAN) [27] architecture, resulting in richer target features and a
greater ability to express features. The PAN is an improvement over the FPN and has two
paths: one is top-down for the up-sampling operation to pass down the stronger semantic
features from the top layer and improve the semantic information throughout the entire
pyramid; the other is bottom-up for down-sampling to pass up the stronger localization
features from the bottom layer and to perform feature fusion for different detection layers
from the Backbone.

For the input feature maps, such as those shown in Figure 1 with dimensions of
640 × 640, the Head module is designed to generate three distinct sizes of feature maps,
specifically measuring 80 × 80, 40 × 40, and 20 × 20. These feature maps are utilized for
the accurate prediction of small-, medium-, and large-target classes as well as bounding
box coordinates.

2.2. Method

To enable students to thoroughly grasp the complete process of object detection using
deep learning and clearly understand the core functions and roles of each stage, we have
conducted an innovative optimization and improvement on the YOLOv5 network structure.
In this study, we propose several enhancements to YOLOv5s for improved detection of steel
surface defects. Firstly, we incorporate an efficiently designed attention mechanism called
EMA into the C3_T module of the Backbone. Secondly, we enhance the receptive field by
introducing dilated convolution to the structure of the C3_F in the Neck. Lastly, we increase
the prediction box accuracy by introducing EIoU Loss. These methods ultimately lead to
an improved accuracy in detecting steel surface defects. The structure of MSFE-YOLOv5s
is illustrated in Figure 2.
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2.2.1. EMA

The attention mechanism is essentially similar to how humans observe things outside
of themselves. In general, when people observe external things, they prefer to first observe
certain important local information about the things before combining the information from
different regions to form an overall impression of the observed thing [28]. It was originally
used for Natural Language Processing and subsequently applied to Computer Vision tasks.
The main idea behind the attention mechanism is for the model to learn to focus on the
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crucial information and ignore the irrelevant information. The process essentially involves
learning the weight assignment using the relevant feature maps, then adding the procured
weights on top of the original feature maps to generate new weights.

Incorporating attention allows the model to better focus on key regions, thereby im-
proving performance. In this paper, we propose embedding the EMA mechanism into the
C3 module of the YOLOv5 model’s Backbone, enabling the model to focus more on ex-
tracting critical features. The EMA mechanism efficiently captures spatial information and
inter-channel relationships, addressing the lack of spatial information in channel attention
mechanisms like Squeeze and Excitation (SE) [29], and the limitations of mixed attention
in CBAM [30] for capturing long-range dependencies. By designing a multi-scale parallel
sub-network, it establishes both short-range and long-range dependencies, overcoming the
limitations of the CBAM in modeling long-range dependencies. Furthermore, by reshaping
parts of the channel dimension into the batch dimension, it significantly reduces the number
of parameters and computational complexity, thereby enhancing the detection speed of the
network. Its specific structure is shown in Figure 3.
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The EMA Block can be viewed as a computational unit capable of taking any inter-
mediate feature tensor X as input and outputting a transformed tensor with the enhanced
characterization Y of the same sizes as the X tensor. The specific operations are as follows:

Given an input feature tensor X ∈ RC×H×W, EMA divides it into G sub-features
along the channel dimension, denoted as X = [X0, X1, . . ., XG−1], where X ∈ RC//G×H×W.
Without loss of generality, choosing G << C, experiments have shown that when G = 8, the
detection performance is optimal, indicating that the Backbone is able to adequately capture
intricate features.
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For the grouped features, the EMA mechanism employs a parallel sub-architecture,
leveraging both 1 × 1 convolution kernels and 3 × 3 convolution kernels for feature extraction.
Specifically, within the 1 × 1 convolution branch, inspired by the handling in CA (Coordinate
Attention) [31], average pooling is introduced to encode features along both the height and
width dimensions, resulting in direction-aware feature maps in these two orientations. Sub-
sequently, these feature maps undergo a concatenation operation followed by a convolution
step, aiming to achieve cross-directional attention–perception interactions.

After applying a sigmoid function for nonlinear transformation, global average pool-
ing is employed once more to extract global spatial information.

ZC =
1

H × W ∑H
j ∑W

i xc(i, j) (1)

This global information, after undergoing nonlinear fitting through a Softmax function,
is then subject to a matrix dot product operation with the local information obtained from
the parallel 3 × 3 convolution branch, resulting in the first globally and locally mixed
encoding matrix.

On the 3 × 3 convolution branch, after performing the corresponding convolutions
and global average pooling to obtain the global information, this information undergoes
nonlinear processing via Softmax. Subsequently, a matrix dot product is conducted between
this processed global information and the features from the 1 × 1 branch after undergoing
the GroupNorm, yielding the second spatial attention matrix.

By simply adding the weight information from both matrices, and then passing the
result through a sigmoid function, we obtain the attention weight matrix. Multiplying the
input features by this matrix results in the feature map processed by the EMA mechanism.

Since EMA aggregates the output features from the two parallel branches through
cross-dimensional interactions, it captures pixel-wise/pair-wise relationships, thereby
enhancing the feature extraction capabilities of the Backbone portion of the YOLO model.

The EMA Block is a light-weight and plug-and-play attention block with long-range
dependencies, which can be added straight to C3_T. The merged module is identified as
C3EMA. It can enhance the extraction ability of feature information while only increasing
a modicum of the computation, and improve the performance of the whole network.
This study compares multiple attention mechanisms and also explores the effects of the
two insertion methods shown in Figure 4a,b on the network. In Section 3.4.1, there is a
detailed analysis. The (a) method with the highest mean average precision is selected for
this paper.
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2.2.2. C3DX

The attention mechanism is simply the process of assigning weights to feature in-
formation, and it is intended to improve the feature representation ability of key regions
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and suppress the unimportant parts. Given that the Backbone’s primary function is fea-
ture extraction and that various features have varying degrees of importance, a feature
weight assignment method will function well in the Backbone and can therefore signif-
icantly improve the network performance. Nevertheless, it is not essential to add the
attention mechanism to the Neck network because the feature weights are already as-
signed in the Backbone from the beginning, signifying the crucial feature information is
already extracted.

More rich feature information is required considering the primary role of the Neck
is feature integration. For this reason, we improve the C3_F module in the Neck by
introducing dilated convolution to design a new structure, C3DX, as shown in Figure 2.
Dilated convolution can enlarge the receptive field of each point on the feature map without
extra parameters, learning more multi-scale contextual information [32].

C3DX remains to execute the CSP structure; it is divided into two branches and the
computation is reduced through 1 × 1 convolution and one of the branches will go through
a multi-branch dilated convolution block. To reduce the computing burden, each branch of
this multi-branch block first undergoes a 1 × 1 convolution, it cuts the number of input
channels in half, and then undergoes dilated convolutions with different dilated rates.
In this paper, the convolution kernel size of the dilated convolution is set to 3 × 3, the
dilation rate is set to 1, 3, and 5 from top to bottom, and the padding operation is used
for size adjustment. This can capture the contextual information of various scale features
without increasing extra parameters. Following a 1 × 1 convolution to resize the number of
channels, the three feature maps integrating the contextual information of different scales
are concatenated, and then the number of channels is restored to the original input channel
number by a 1 × 1 convolution. Finally, after passing through the multi-branch dilated
convolution block, feature integration is performed with another branch of the CSP.

The C3DX module can capture information in different regions of the image with
different dilated rates, that is, different receptive fields, and obtain multi-scale information,
which is more suitable for the front layer of the detection layer. Therefore, the last three
C3_F modules are swapped out for C3DX modules in this paper. When compared to the
original C3_F module, C3DX can obtain more rich feature information. And the average
precision of surface defect detection can be improved with a slightly increased parameter
and computation.

2.2.3. EIoU Loss

The YOLOv5 applies CIoU Loss [33] as a localization loss function, its formula is
shown in Equations (2)–(4):

LCIoU = 1 − IoU +
ρ2(b, bgt)

c2 + αv (2)

v =
4

π2 (arctan
ωgt

hgt − arctan
ω

h
)

2

(3)

α =
v

(1 − IoU) + v
(4)

where IoU is the intersection over the union between the prediction box and the ground
truth (GT) box, LCIoU is the CIoU loss function, ρ2(b, bgt) is the Euclidean distance between
the center point of the prediction box b and the center point of the GT box bgt, c is the
diagonal distance of the closed rectangle containing both the prediction box and the GT
box, α is the balance scale weight factor, v is the similarity factor measuring the aspect ratio
of the prediction box and the GT box, ωgt and hgt are the width and height of the GT box,
and ω and h are the width and height of the prediction box, respectively.

Although CIoU Loss takes into account the overlapping area, center point distance,
and aspect ratio of the bounding box regression, it has a problem in that it uses the aspect
ratio as an influence factor. For example, it is possible that the centers of two bounding
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boxes are the same, and the aspect ratios are also identical, but their specific widths and
heights differ, which may lead to inconsistencies with the regression target. Due to this,
this paper introduces EIoU Loss [34] to replace CIoU Loss. EIoU Loss is based on CIoU by
splitting the aspect ratio, it is transformed to a width and height regression, and its formula
is as follows in Equation (5):

LEIoU = 1 − IoU +
ρ2(b, bgt)

c2 +
ρ2(ω, ωgt)

C2
ω

+
ρ2(h, hgt)

C2
h

(5)

where Cω and Ch represent the width and height of the minimum outer rectangle of the
prediction and ground truth box, respectively. EIoU can accelerate network fitting, improve
regression correctness, and more precisely reflect the width and height difference between
the predicted box and the ground truth box.

3. Results

To effectively teach students how to apply neural networks for steel surface defect de-
tection, we have adopted a comprehensive and structured learning approach, as illustrated
in Figure 5. First, in the introduction and background knowledge phase, we introduce the
significance of steel surface defect detection and its industrial applications. This phase
helps students understand the real-world relevance of the technology and provides them
with a solid theoretical foundation. Next, students proceed to the data preparation phase,
where they learn how to select and process publicly available datasets and apply image
enhancement techniques. This process not only enhances students’ data processing skills
but also improves the model’s adaptability to unknown or complex scenarios. In the model
development phase, students gain a thorough understanding of the YOLO series models,
with a particular focus on the customized MSFE-YOLO model. This phase emphasizes
how the Multi-Scale Feature Fusion (MSFE) mechanism improves detection accuracy, help-
ing students understand the architecture and functionality of the model, appreciate its
performance in practical applications, and develop their innovative capabilities. Subse-
quently, students participate in hands-on activities related to model training and tuning.
By analyzing the detection results to optimize model performance and ensure accuracy in
complex backgrounds, this phase develops students’ practical skills and problem-solving
abilities. In the model deployment and application phase, students learn how to deploy the
trained model in real-world scenarios, detect surface defects in steel materials in real-time,
and analyze detection accuracy and robustness. This phase enhances students’ practical
operation skills and prepares them for applications in industrial environments.
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The overall framework for the experiment, which utilizes neural networks to detect
surface defects in steel materials, is illustrated in Figure 6. In the data preparation phase,
we leveraged the publicly available dataset of steel surface defects to their fullest extent.
Subsequently, a series of image enhancement techniques, including but not limited to
random rotation, non-uniform scaling and cropping, horizontal/vertical flipping, and the
innovative mosaic tiling method, were implemented. These techniques effectively mitigated
the issue of data scarcity while significantly enhancing the model’s adaptability to unknown
or complex scenarios. Following this, we introduced the deeply customized and optimized
MSFE-YOLO model, which, while inheriting the efficient detection characteristics of the
YOLO series, incorporates a Multi-Scale Feature Extraction (MSFE) mechanism. This
integration enables the model to capture nuanced texture variations and defect features
on steel surfaces with greater precision. Through model training and parameter tuning,
we constructed a defect detection model that is both swift and accurate. In the final stage
of the experiment, the trained model was utilized to detect various types of defects on
steel surfaces. The experimental results demonstrate that this model is not only capable
of accurately identifying common defects such as cracks, rust, and scratches but also
maintains stable detection performance against complex backgrounds. The generated
detection outcomes closely align with actual conditions.
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MSFE-YOLO network.

This comprehensive process, spanning from data preparation to model deployment,
incorporates multiple innovative strategies to elevate detection accuracy and efficiency. It
provides students with a hands-on understanding of the entire workflow for industrial
defect detection using neural networks.

3.1. Dataset Preparation and Preprocessing

We used the public dataset NEU-DET [35] for training and testing, which is a dataset
specifically designed for the object detection of hot-rolled steel strip surface defects, pro-
vided by Northeastern University. As shown in Figure 7, it contains 1800 images consisting
of six classes of defects with 300 images of 200 × 200 pixels for each class, including
Crazing (Cr), Inclusion (In), Patches (Pas), Pitted Surface (PS), Rolled-in Scale (RS), and
Scratches (Sc), where the GT box for each defect category is indicated by a red box. The
training set and test set are divided according to the ratio of 8:2, with 1440 images and
360 images, respectively. To improve the generalization ability of the detection model, we
performed image enhancement processing on the images before inputting them into the
neural network, including contrast enhancement, image rotation and flipping, zooming
and cropping, and mosaic enhancement.
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3.2. Experimental Setup

Table 2 lists the hardware and major software configurations utilized in the experi-
ments of this paper. In the process of model training, the Stochastic Gradient Descent (SGD)
optimizer was used with a weight decay of 0.0005 and a momentum of 0.937; a method of
warmup and cosine annealing was used to adjust the learning rate, and the initial learning
rate was set to 0.01; the input image size was 224 × 224, and the Mosaic method was used
at the same time; and the batch size was set to 64 and epochs to 300 times.

Table 2. Parameters of device and environment.

Name Parameter

CPU Intel Core i9-7960X
GPU RTX 3080Ti 12G

Operating System Windows10
Software environment Python 3.7 + Pytorch 1.8.1 + CUDA 11.3

3.3. Evaluation Metrics

It is not sufficient to evaluate the actual defect detection only by the precision metric;
the detection speed also needs to be taken into account. Therefore, this paper evaluated
the model from four aspects: model size, inference time, average precision (AP), and mean
average precision (mAP) @0.5. The model size indicates the size of the model weights
generated after the training was completed; inference time refers to the overall time of the
single image forward inference, it reflects the actual speed of the model.

The AP denotes the average value of precision under different recalls, that is, the
area enclosed by the P–R curve and the coordinate axis, reflecting the comprehensive
performance of precision and recall. The specific calculation of precision P, recall R, and AP
are as follows:

P =
TP

TP + FP
(6)

R =
TP

TP + FN
(7)

AP =
∫ 1

0
P(R)dR (8)
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where TP is true positive samples, FP is false positive samples, and FN is false
negative samples.

The mAP refers to the average precision of all classes, which is one of the most essential
and extensively employed evaluation metrics for the current object detection model, and
can be used to evaluate the overall performance of the model. The mAP@0.5 refers to the
average precision of all classes when the IoU is set to 0.5. The mAP is obtained from the
following Equation (9):

mAP =
∑ AP

N
(9)

where N is the total number of classes detected.

3.4. Performance Evaluation of Each Module
3.4.1. Attention Effectiveness Experiment

In this study, we compared the more widely employed attention modules, such as
SE, CBAM, ECA, [36], etc., and the effect on the networks when using the two insertion
methods is indicated in Figure 4. The results are shown in Table 3. From this, it can be
seen that the mAP@0.5 was generally higher than the (b) method when we chose the
(a) insertion method. When the attention mechanism was added to the residual block, since
the residual block itself has a shortcut connection, the original input information could
be transferred directly to the later layers. This can be tremendously helpful in protecting
information integrity, so that the weights learned by the attention mechanism can act on
the original input feature map, which is more conductive to the expression of essential
feature information. When the attention is added in the last layer, the weights act on the
feature information that has been extracted by the C3 module, but a loss of information is
inevitable during the feature extraction process. Therefore, method (a) is more effective in
this respect. As a result of the additional time required for module computations in the
residual structure, (b) method requires less inference time than (a) method.

Table 3. Multiple attention compared the results in two insertion methods.

Method
(a) (b)

Size (M) mAP@0.5 Time (ms) Size (M) mAP@0.5 Time (ms)

None [14] 13.6 76.1 13.4 13.6 76.1 13.4
SE 13.7 78.7 14.6 13.7 78.1 13.9

CBAM 13.7 78.9 18.1 13.7 78.5 16.4
ECA 13.6 78.7 14.4 13.6 78.3 13.9

Transformer 17.9 79.2 85.1 17.9 79.1 73.8
CA 13.7 79.0 18.0 13.7 78.7 16.1

EMA (G = 4) 13.7 79.2 15.7 13.7 78.7 14.8
EMA (G = 8) 13.7 79.4 16.0 13.7 78.9 15.0

The novel attention module EMA, with G = 8, has the best effect on mAP@0.5 from
Table 3 and (a) method and (b) method have about the same inference time. So, we choose
the (a) method with the highest mAP.

3.4.2. Comparison Experiments

Figure 8 shows the experimental results of training using the identical configuration
before and after improving the YOLOv5 model. As can be seen from the figure, each
category of defect has improved, with the Crazing and Rolled-in Scale being the most
noticeably improved by roughly 9% and 10%, and the mAP@0.5 has increased by 4.7%
compared to 76.1% of the YOLOv5.
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In this paper, the defect images of the test set were detected by the above two models
to compare the actual detection effect before and after improvement more intuitively. Some
comparative results of defect detection are shown in Figure 9. It can be seen that the
MSFE-YOLOv5s network model has a better and more sufficient effect on defect detection.
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Table 4 presents a comparison of the Faster R-CNN, Cascade R-CNN, RetinaNet,
YOLOX, and YOLOv7 using the same dataset division standard to evaluate the effectiveness
of the improved methods proposed in this paper. The results clearly show that the improved
model achieves the highest mAP@0.5. Although the AP value for the Pitted Surface does
not reach the maximum level, the AP values for the other defect categories are the highest.
This indicates that overall, the algorithm outperforms the other models in detecting various
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defects on steel surfaces. Compared to the two-stage networks like Cascade R-CNN
and Faster R-CNN, this model significantly improves detection speed while ensuring
real-time detection capability. Compared to the other YOLO models, this model further
enhances detection accuracy while maintaining inference times at the millisecond level and
keeping computational complexity low, achieving an excellent balance between accuracy
and efficiency.

Table 4. Comparative experimental results.

Model
Size
(M)

AP (%)
mAP@0.5 (%) Time

(ms)Cr In Pa PS RS Sc

Faster
R-CNN 159.5 45.5 84.9 91.5 86.1 68.4 94.0 78.4 100.4

Cascade
R-CNN 264.9 49.3 84.6 93.2 85.7 69.2 95.8 79.6 204.2

RetinaNet 145.1 49.0 82.8 94.0 87.9 66.3 91.0 78.5 54.8
YOLOv3 236.5 48.0 79.4 89.3 79.7 59.6 90.2 74.4 48.4
YOLOv5s 13.6 42.4 86.0 93.9 81.2 61.1 92.3 76.1 13.4
YOLOX 68.5 40.8 85.9 91.8 87.8 61.9 84.2 75.4 18.6

YOLOv7-
tiny 11.6 48.7 82.5 93.5 83.5 53.5 88.9 75.1 11.1

YOLOv7 71.3 50.7 87.0 92.2 84.7 67.5 94.4 79.4 31.9
YOLOv8s 22.5 43.0 81.4 92.6 82.5 64.3 94.6 76.4 16.3

Our
model 14.2 51.9 86.4 94.2 84.9 71.0 96.2 80.8 18.2

In order to verify the generalization of the improved model, this paper conducts
experiments on the public datasets GC10-DET [37], Severstal Steel [38], and Crack500 [39],
respectively. The experimental results are shown in Table 5, and the evaluation standard
uses mAP@0.5. Among them, GC10-DET is a steel surface defect dataset, with a total
of 2306 images of 2048 × 1000 resolution, including 10 types of defects. Severstal Steel
is a steel plate surface defect dataset, which is a Kaggle competition dataset. Its image
resolution is 1600 × 256 and it contains four types of defects. This paper removes the
non-defective images and uses 6666 images for training and testing. The Crack500 is a
dataset about road cracks, with a total of 3000 images with 500 × 500 resolution, including
only the crack defect.

Table 5. Generalization verification of experimental results.

Model GC10-DET Severstal Steel Crack500

YOLOv5s-pre 69.3% 57.5% 77.6
MSFE-YOLOv5s-pre 72.0% (↑2.7%) 59.7% (↑2.2%) 79.8% (↑2.2%)

YOLOv5s 61.9% 55.1% 78.1%
MSFE-YOLOv5s 66.4% (↑4.5%) 58.2% (↑3.1%) 81.1% (↑3.0%)

The experimental training environment remains unchanged, and the division ratio of
the training set and the test set is still 8:2. In order to adapt to large-size images, the size of
640 × 640 is used for training. At the same time, the two cases of using and not using the
pre-training model are compared. The pre-training model refers to the weight parameters
obtained after the original YOLOv5 network is trained on the COCO dataset. The “pre”
suffix in Table 5 indicates that the pre-training model is used. As can be seen from Table 5,
after using the pre-training model on the three datasets, the mAP of the improved model
can be increased by 2~3% compared with the original model, and it can be increased by
3~4% without using the pre-trained model. This shows that the improved model has good
generalization.
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3.4.3. Ablation Study

In order to explore the actual improvement effect of the three methods proposed in
this paper on the YOLOv5 network model, an ablation experiment was conducted on the
NEU-DET dataset with the same environment and parameter configuration. The study
results are shown in Table 6.

Table 6. Results of ablation study.

Method
Size
(M)

AP (%) mAP@0.5
(%)

Time
(ms)Cr In Pa PS RS Sc

YOLOv5s(baseline) 13.6 42.4 86.0 93.9 81.2 61.1 92.3 76.1 13.4
+C3EMA 13.7 48.1 85.3 93.7 86.5 67.8 94.9 79.4 16.0
+C3DX 14.2 50.8 85.8 94.5 85.5 69.3 95.7 80.3 18.2
+EIoU 14.2 51.9 86.4 94.2 84.9 71.0 96.2 80.8 18.2

Table 6 shows that using the EMA mechanism in the Backbone results in the most
significant performance improvement for the Crazing and Rolled-in Scale, both increasing
by approximately 6%. Overall, the mAP@0.5 improves by 3.3%, reaching 79.4%, with only
a 2.6 ms increase in inference time, demonstrating the effectiveness of the EMA mechanism.
Further, replacing C3_F with C3DX results in an additional 0.9% increase in the mAP@0.5.
Replacing the loss function with EIoU further improves the mAP@0.5 by 0.5% without
additional inference time. Although there is a decrease in AP for certain defect categories,
these improvements are still effective overall. The ablation experiments reveal that the
proposed improvements significantly enhance steel surface defect detection. With these
methods, the mAP@0.5 of YOLOv5s on the NEU-DET dataset has increased from 76.1% to
80.8%.

4. Discussion

In the wave of promoting social progress and industrial upgrading, Artificial Intel-
ligence (AI) has emerged as a key driving force. To deepen students’ understanding of
cutting-edge AI technologies, particularly the application of neural networks to solving
complex industrial problems, we have proposed the MSFE-YOLO network and developed
a corresponding steel surface defect detection experimental simulation system. This system
aims to comprehensively cover both the theoretical and practical aspects of AI technology,
ensuring that students can accurately grasp every step from model design to deployment.

Specifically, we have implemented multidimensional optimization strategies for the
MSFE-YOLO network. First, by introducing the EMA mechanism at the Backbone level, we
significantly enhanced the network’s focusing capability during feature extraction, allowing
the model to more effectively concentrate on key defect areas on steel surfaces, thereby
improving the richness and accuracy of feature representation. Second, we meticulously
designed the C3DX module in the Neck part, which effectively addresses the limitations
of the single-scale features in complex defect recognition by fusing multi-scale features,
significantly enhancing the model’s ability to recognize defects of varying sizes and shapes.
Finally, we made targeted improvements to the loss function to reduce the interference of
complex backgrounds with detection results, further improving the network’s detection ac-
curacy and robustness in complex industrial environments. Although these improvements
have shown significant enhancements in feature extraction and defect recognition, there
are still aspects worth noting. For instance, while the C3DX module excels at multi-scale
feature fusion, it may have limitations when handling extreme sizes or special shapes of
defects; furthermore, lightweight modifications to the C3 network could further improve
detection speed.

Our experiments validate the four main contributions mentioned in the introduction,
particularly the significant performance improvements on the NEU-DET dataset. These
results indicate that the proposed improvements are effective in practical applications.
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Future work should explore the potential applications of these methods in other industrial
fields, such as more complex industrial environments or different types of defect detection.
Additionally, further optimization of the existing model is recommended to enhance its
applicability and efficiency in real-world scenarios.

This experiment integrates knowledge from specialized courses like image processing,
pattern recognition, and computer vision. It covers the entire chain of deep learning vision
tasks, including data preprocessing, model construction, parameter tuning, training, and
result evaluation, providing a platform that closely integrates theory and practice.
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Appendix A

To facilitate reader comprehension, we provide a glossary in Table A1, which includes
key concepts and acronyms.

Table A1. Glossary of Key Concepts and Acronyms.

Name Meanings

YOLO
YOLO (You Only Look Once) is a deep learning model widely used for object detection tasks. Its

core idea is to transform the object detection problem into a regression problem, predicting
multiple classes and a bounding box

EMA Efficient Multi-Scale Attention.
C3DX Convolution 3 Dilated Convolution X

C3
The C3 module is a feature extraction structure in the YOLOv5 that enhances feature extraction
and fusion capabilities by incorporating a Cross-Stage Partial (CSP) network. This design further

optimizes the model’s ability to capture and integrate features effectively.

mAP
mAP (Mean Average Precision) is a comprehensive metric used to evaluate a model’s detection

accuracy and localization precision across all categories, with higher values indicating better
performance.
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