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ABSTRACT. MRS-YOLO is an improved YOLOvS8 model for steel surface defect detec-
tion, aiming to solve the problems of insufficient defect detection and low accuracy of
traditional methods at different scales. The model enhances the target attention capa-
bility by introducing the MSCA Attention attention mechanism, replaces the traditional
conwvolution with RFCAConv to improve the feature extraction accuracy, and incorporates
the SPD module to enhance the processing capability for small targets and low-resolution
images. In addition, a new C2f-GhostBottleneckV2 module is designed to reduce the
number of model parameters. The experimental results show that MRS-YOLO achieves
92.1% and 77.4% mean accuracies (mAP) on the NEU-DET and GC10-DET datasets,
respectively, which are improved by 12.5% and 9.5% compared to the original model, while
the model parameters are reduced by 9.6%. These improvements make MRS-YOLO more
accurate and efficient in detecting steel surface defects, providing an effective solution for
industrial applications.

Keywords: steel defect detection; object detection; attention mechanism; receptive field
attention convolution; lightweighting

1. Introduction. Steel is the foundation and raw material for many industries and prod-
ucts, so the quality of the steel produced is crucial. However, during the production of
steel, various types of defects such as cracks, holes, scratches, and other defects may
form on the surface of the product due to the quality of raw materials, manufacturing
equipment, and the production environment [1]. These defects can lead to serious acci-
dents such as car accidents, bridge collapses and other manufacturing accidents. From
the point of view of ensuring product quality control, ensuring safety in the use of steel,
and controlling production costs, the development of defect detection technology for steel
surfaces is crucial and in high demand. Initially, defect detection relied more on manual
methods, which were not only time-consuming and laborious, but also very inefficient.
However, with the development of artificial intelligence, many tasks previously performed
by manual labor are gradually replaced by automated equipment [2].

The emergence and development of deep learning has led to the emergence of many
target detection algorithms that can be applied in the field of defect detection. Cur-
rently, deep learning methods in the field of target detection algorithms are mainly cate-

gorized into two types according to the complexity of their detection process: two-stage
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(Two Stages) target detection algorithms and one-stage (One Stage) target detection
algorithms [3].

Two Stages target detection algorithms are target detection algorithms based on region
suggestions, such as R-CNN [4], Fast R-CNN [5] and Faster R-CNN [6], which have a
slower detection speed. Single-stage target detection algorithms, also known as regression-
based target detection algorithms, do not directly generate the region of interest but
directly generate the class probability and location coordinate values of the object, after
a single detection can be directly obtained the final detection results, and therefore have
a faster detection speed. Such as YOLO [7], YOLOv3 [8], YOLOv4 [9], YOLOv5 [10],
SSD [11], RetinaNet [12] and so on.

Iron and steel surface defects inspection technology has experienced the development
of manual inspection to automated inspection: manual inspection: initially, the steel sur-
face defects detection is mainly carried out manually, through visual observation or the
use of simple tools for inspection. This method has the disadvantages of low efficiency,
susceptible to subjective factors, difficult to find small defects. Machine vision inspec-
tion: With the continuous development of computer vision technology, machine vision
inspection technology is gradually applied to steel surface defect detection. This method
automatically recognizes and classifies the defects on the steel surface through the steps
of image acquisition, pre-processing, feature extraction and defect classification.

Compared with manual inspection, machine vision inspection has the advantages of
high efficiency, high precision and good stability, but there are still some limitations,
such as high sensitivity to environmental factors such as light and surface reflection, and
difficulty in dealing with complex shapes and large-area defects.

In recent years, deep learning technology has made breakthroughs in the field of target
detection and has been gradually applied to steel surface defect detection. Deep learning
detection methods do not need to manually design features, can automatically learn the
features in the image and defect recognition, with higher accuracy and robustness. Al-
though deep learning detection methods have achieved significant results in the detection
of steel surface defects, there are still some shortcomings: Inadequate detection of defects
at different scales: the existing deep learning detection models tend to be more effective
in detecting medium-sized defects, but less effective in detecting tiny defects or large-area
defects. Detection accuracy needs to be improved: the steel surface defects of a wide
variety of complex morphology, and there is a certain degree of similarity, which makes it
difficult to identify defects, the existing detection model still has a certain false detection
rate and leakage rate. The number of model parameters is large: the training of deep
learning models requires a large amount of data and computational resources, and the
number of model parameters is large, resulting in a high cost of model deployment and
application.

Aiming at the shortcomings of existing methods, this paper proposes an improved
YOLOVS algorithm, called MRS-YOLO, for steel surface defect detection. The algorithm
effectively improves the model’s ability to detect defects at different scales, detection
accuracy and robustness, and reduces the number of model parameters by introducing
improvements such as the attention mechanism, sensory field attention convolution, SPD
module, and lightweight module, which provides new ideas and methods for the develop-
ment of the steel surface defect detection technology. The performance of the algorithm
is validated on the public datasets NEU-DET and GC10-DET. The main contributions
of this paper are:

(1) Embedding the attention module MSCAAttention into the neck of YOLOv8 to
improve the feature extraction capability of the model, so that the model pays more
attention to and learns useful information.
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(2) Replacing Conv in the original model with the sensory field attention convolution
RFCAConv to emphasize the importance of different features within the sensory field
slider and to solve the problem of convolution kernel parameter sharing.

(3) Add a layer of SPD module behind each sense field attention convolution to ef-
fectively avoid the loss of fine-grained information less efficient learning of feature rep-
resentation and improve the model’s ability to handle low-resolution images and small
objects.

(4) The C2f_GhostBottleneckV2 module is designed to replace the traditional C2f mod-
ule to reduce the number of model parameters.

2. Related work.

2.1. Traditional detection methods. The main processes of traditional machine vision-
based steel surface defect detection methods include: image preprocessing, ROI (Region of
Interest) detection, image segmentation, feature extraction, and defect classification [13].
Ohkubo et al. proposed an inspection system with reflective prisms and columnar mirrors
as the optics, laser as the scanning light source, and photomultiplier tubes to receive the
detection system [14, 15]; Liu et al. proposed the eddy current detection theory and suc-
cessfully used eddy current detection technology to detect barium metal [16]; Choudhary
et al. developed an online automatic inspection system for surface defects on continu-
ous casting billets [17]; Dombrowski et al. chose a fully programmable image digitizer
and a fully programmable high-speed digital signal processor to process the digital im-
age signals and used the system for cold rolled strip steel surface, edge cracks and other
edge detection [18]; Shu et al. studied the strip steel surface inspection system, ana-
lyzed the CCD(Charge-Coupled Device) detection methods and proposed some effective
algorithms [19]; Hossam et al. used computer image processing technology and pattern
recognition technology for image processing and defect classification algorithms for ef-
fective surface defect detection [20]. These traditional detection methods have problems
such as the need for manual feature extraction, high time cost, slow detection speed and
poor robustness.

2.2. Deep Learning Methods. Deep learning based steel surface defect detection method
will be divided into three aspects to be introduced: attention mechanism, convolution, and
lightweighting. Attention mechanism can make the model more useful information, com-
monly used attention mechanisms include CBAM (Convolutional Block Attention Mod-
ule), CA (Coordinate Attention), SE (Squeeze-and-Excitation), ECA (Efficient Channel
Attention), etc., Lv et al. added SE attention network in YOLOv5 backbone network
to improve the model’s attention to defect targets [21]; Zeng et al. added CA atten-
tion mechanism to YOLOv) to improve the network’s performance in detecting faults of
various sizes [22]; Luo et al. integrated the CBAM attention mechanism into the back-
bone network of YOLOvVT7 to enhance the model’s ability to extract and process image
features [23].

Convolution is an important component of neural networks to reduce redundant in-
formation and extract useful features. Song proposed an improved convolution with de-
formable convolution to enhance the detection performance of large-scale defects with
complex and irregular shapes [24]; Li utilized zero convolution with different expansion
coefficients in YOLOv4-tiny for parallel sampling to capture the multi-scale contextual
information [25]; Yu can increase the sensory field of the model without increasing the
computation of the model by expanding the convolution [26].

Lightweight networks imply that the number of parameters and computation is small,
and the model generated by training occupies less physical storage space. Commonly used
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lightweight networks include MobileNetV3, GhostNet, ShuffleNetv2, etc. Hao proposed a
lightweight target detection framework based on the MobileNetv3 backbone model [27];
Sun replaced the CSPDarknet of YOLOv4 with Ghostnet to enhance the ability of the
backbone network to extract defective features [28]; Yan used the ShuffleNetv2 module
as the backbone of YOLOV5 to reduce the number of gigaflops per second floating point
operations and parameters [29]. Deep learning based methods no longer need to extract
features manually compared to traditional methods, and they also have high accuracy
and robustness. In this paper, we choose YOLOvVS8 as a benchmark model and improve it
to make it more suitable for industrial defect detection scenarios.

3. Methods.

3.1. Improved YOLOvV8 model. YOLOvVS is a newly proposed model in YOLO se-
ries, which consists of three parts: feature extraction network (Backbone), feature fusion
network (Neck), and detection head (Head). MRS-YOLO is a new steel surface defect
detection model proposed with YOLOvVS as the baseline, and the overall framework of the
network is shown in Figure 1.

3.2. Multiscale Convolutional Attention MSCA Attention. Multi-scale Convolu-
tional Attention (MSCAAttention) is an innovative architecture used for feature extrac-
tion in encoders, the structure of which is shown in Figure 2. The core of the MSCA
module [30] consists of three parts: a depth-splittable convolution, a multi-branch depth-
splittable banded convolution (used to capture multi-scale contexts), and a 1x1 convolu-
tion (used to model the relationship between different channels). These three components
work in tandem to enable the module to efficiently attend to information at different scales,
thus better capturing local and global features in the image. Currently, traditional spatial
attention mechanisms utilize an attention map obtained by learning to highlight the im-
portance of each feature. The spatial attention mechanism for highlighting key features
can be simply expressed as follows:

F1 :Xl X Al

F2 :X2 X A2

(1)
FN:XN XAN

Here, F; represents the value obtained after the weighting operation. X; and A; represent
the values of the input feature map and the learned attention map at different positions,
respectively, NV is the product of the height and width of the input feature map, which
represents the total number of pixel values.

In contrast to the traditional spatial attention mechanism, in the MSCA module, depth-
separable convolution is used to generalize local information, while multi-branch depth-
separable strip convolution is used to capture contextual information at different scales.
1x1 convolution is used to model the relationship between different channels to enhance
the feature representation by introducing channel correlation:

3
Att = Convy (Z Scale;(DW — Conv(F))) (2)
=0
Out = Att @ F (3)

Where Att denotes the attention map, Out denotes the output, Convyy; is a 1x1 con-
volution operation, DW-Conv is a depth divisible convolution, and Scale; is a multiscale
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Figure 1. MRS-YOLO Network Structure Diagram

bar convolution operation for the ith branch. This design fully utilizes the lightweight
nature of depth-divisible convolution and the adaptability of multi-scale bar convolution
to improve the efficiency and flexibility of feature extraction.

The comparison results with the original YOLOvVS using precision (P), recall (R), mean
accuracy (mAP), and parameter count (Param(M)) as evaluation metrics are shown in
Table 1.

Table 1. MSCA Attention Attention Module

Scheme P R mAP Param(M)
Yolov8 0.789 0.73 0.816 3.01
Yolov8+ MSCAAttention 0.818 0.74 0.84 3.1
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Figure 2. MSCAAttention structure diagram

3.3. Feeling Wild Attention Convolution RFCAConv with SPD Module. Receptive-
Field Attention Convolution RFCAConv (Receptive-Field Channel Attention Convolu-
tion) is a convolutional operation in Convolutional Neural Networks (CNNs), which is
designed to optimize by introducing the innovative Receptive-Field Attention (RFA) [?]
concept for feature extraction, the structure of which is shown in Figure 3.

RFA is a novel receptive-field attention mechanism that emphasizes the importance of
different features within the sliding window of the convolutional kernel while prioritizing
the spatial features of the receptive field. By solving the convolutional kernel parameter
sharing problem, the computation of RFA can be expressed as:

F = Softmax(g1x1(Avgpool(X))) x ReLU(Norm(gxxx(X))) = Ayf X Fyy (4)

Denotes the grouped convolution of size k x k, k denotes the size of the convolution kernel,
Norm denotes normalization, X denotes the input feature mapping, and F' is obtained by
multiplying the attention map with the transformed receptive field space features.

Currently, the most commonly used kernel sizes in convolutional neural networks are
1 x 1 and 3 x 3. The convolution operation for extracting features after the introduction
of the spatial attention mechanism is a 1 x 1 or 3 x 3 convolution operation. To visualize
this process, the spatial attention mechanism is inserted in front of the 1 x 1 convolution
operation. The whole process of weighting the input feature map by the attention map
(reweighting ”x”) and finally extracting the slider feature information of the receiver field
by the 1 x 1 convolution operation can be represented as:

F1:X1XA1XK
FQZXQXAQXK
()

FN:XNXANXK

Here, the convolution kernel K represents only one parameter value. The value of
A; x K is used as a new convolution kernel parameter.
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However, when the spatial attention mechanism is inserted in front of the 3 x 3 convo-
lutional operation, it will be limited. As mentioned above, if we take the value of A; x K
as a new convolution kernel parameter, the Equation below completely solves the problem
of parameter sharing for large-scale convolutional kernels.

Fy =X x A x K4+ X X Ajg X Ko + -+ -+ X9 X Ajg x Ky

FQZXQIXAQIXK1+X22XAQQXKQ+"'+X29XA29XK9 (6)

FN:XNlXANlXKl—I—XNQXANQXK2+"'+XN9XAN9XK9

Traditional convolution has two limitations: on the one hand, the parameters used to
extract features in each receptive field in the convolution kernel of traditional convolu-
tion are the same in the operation process, without taking into account the difference
information in different locations; on the other hand, the extraction of features in the
convolution process is not sufficient and comprehensive, which greatly affects the effect of
feature extraction. The traditional convolution operation utilizes a sliding window with
shared parameters to extract feature information, which overcomes the problem of multi-
ple parameters and large computation inherent in neural networks constructed with fully
connected layers. Let X € RFXWXC he the input feature map, where C, H, and W are
the number of channels, height, and width of the feature map, respectively. In order to
clearly demonstrate the feature extraction process through the convolution kernel, using
the example of C' = 1, the convolution operation for extracting feature information from
each receptive field slider can be expressed as:

F1:X11XK1+X12XK2—|—"'+X15XKS
Fy = Xo1 X K1+ Xop X Ky + -+ + Xog X Kg

Fn =Xyt X K+ Xy X Ko+ -+ Xyg X K

Here, F; represents the value obtained by each convolutional slider after computation, X;
represents the pixel value at the corresponding position within each slider, K represents
the convolutional kernel, S denotes the number of parameters in the convolutional kernel,
and N represents the total number of the receptive-field slider.

RFCAConv introduces receptive field attention into the convolution operation, aiming
to address the above two limitations of conventional convolution.

Space-to-depth (SPD) module is a space-to-depth layer, a feature map downsampling
technique in convolutional neural networks (CNNs), which is used to downsample the
feature maps while retaining all the information in the channel dimensions, thus causing
no information loss, and its structure is shown in Figure 4. The method cuts the original
feature maps into sub-feature maps and realizes effective downsampling of feature maps by
cutting and recombining them in the spatial dimension. The basic principle of SPD [?] is
to form a series of sub-feature maps by cutting on the original feature maps and connecting
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these sub-feature maps in the channel dimension. The calculation formula is shown below:
foo = X][0:5 :scale,0: S : scale],
fio=X[1:S5:scale,0: S : scale], ...,
fscate—1,0 = X|[scale —1: S : scale,0 : S : scale];
for=X[0:S5 :scale,1: 8
fin=X[1:S5:scale,1: 8 : scalel, ..., (8)
fscate—11 = X[scale — 1 : S : scale,1: S : scalel;
fo.scate—1 = X[0: S : scale, scale — 1 : S : scale],

fiscate—1 = X[1: S @ scale, scale — 1 : S : scale], ...,

: scale],

fscate—1,scate—1 = X[scale — 1 : S : scale, scale — 1 : S : scalel;

For an intermediate feature map X of size S x § x (', the sub-feature map f, , consists
of all those entries in the original feature map X that satisfy that i + = and j + y are
integrable by scale. This step results in each sub-feature map downsampling the origi-
nal feature map by a factor of scale. These sub-feature maps are connected along the
channel dimensions to form a new feature map X,. This shape adjustment implements
a dimensional transformation of the original feature map by means of space-to-depth.
With SPD, the dimensionality of the feature map can be flexibly adjusted, providing an
effective method of dimensionality reduction for the model, while improving the detection
accuracy of the model while maintaining certain information. The comparison results
with the original YOLOvVS are shown in Table 2.

T e | B
u
P rrT) 323 Cony, stride=

Adjust Shape ]

Recetive-Field Spatial Feature

Figure 3. RFCAConv structure diagram

Table 2. Comparison of RFCAConv+SPD and Traditional Conv

Scheme P R mAP Param(M)
YOLOvVS 0.789 0.73 0.816 3.01
YOLOvV8+RFCAConv+SPD 0.867 0.804 0.889 3.51
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Figure 4. SPD structure diagram

3.4. C2f_GhostV2Bottleneck Module. The structure of C2f_GhostV2Bottleneck is
shown in Figure 5. GhostNet employs a lightweight design in order to operate efficiently
even when computational resources are constrained, and it mainly consists of a series of
lightweight convolutional layers and feature-processing modules. The bottleneck structure
of GhostV2Bottleneck is a GhostNet [33], it can generate more feature mappings to replace
the original convolution. Given an input feature X € R7*W*C with height H, width W
and channel C'; a Ghost module can replace a standard convolution in two steps. First,
the endowment features are generated using a 1 X 1 convolution, i.e.,

Y = X % Fiy, 9)

where * denotes the convolution operation. Fi,; is the pointwise convolution and Y’ €
RHXWXC" i the intrinsic feature, whose size is usually smaller than the original output
feature, i.e., C' < Cyy. Deep convolution, etc., is then used to generate more features
based on the intrinsic feature. The two parts of the feature are concatenated along the
channel dimension, i.e.,
Y = Concat ([Y', Y % Fyl) . (10)
where Fy, is the depth-wise convolutional filter, and Y € R¥*WxCout ig the output feature.
One of the key components utilizes a reverse residual bottleneck design. This design
subtly separates the ”expressiveness” and ”capacity” of the model through two Ghost
modules. The GhostV2 bottleneck starts with the first Ghost module generating extended
features, increasing the number of channels. The Ghost module is an efficient operation
that generates some of the features through cheap arithmetic, but may affect the expres-
siveness and capacity of the model. This is because only half of the features in the Ghost
module interact with other pixels, limiting the capture of spatial information. To ame-
liorate this problem, DFC (Depthwise Feature Correlation) attention is introduced. DFC
attention employs the operation of depthwise separable convolution, which is effective in
reducing the number of parameters and computational complexity, and thus suitable for
lightweight network design, by calculating the correlation matrix of the feature map in
the deep convolutional network, so as to obtain the correlation information between the
features. Given a feature Z € RF*WXC it can be seen as HW tokens Z; € R, i.e.,
Z ={z11,219,...,2uw}. A direct implementation of FC layer to generate the attention
map is formulated as:

Ahw = E Fhw,h/,w’ O 2w’ (11>
h' w'

where o is element-wise multiplication, F' is the learnable weights in the FC layer, and
A = {ay1,a12,...,agw} is the generated attention map. Equation (11) can capture
the global information by aggregating all the tokens together with learnable weights,
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which is much simpler than the typical self-attention as well. However, its computational
process still requires quadratic complexity w.r.t. feature’s size, which is unacceptable in
practical scenarios especially when the input images are of high resolutions. For example,
the 4-th layer of GhostNet has a feature map with 3136 (56 x 56) tokens, which incurs
prohibitively high complexity to calculate the attention map. Actually, feature maps in
a CNN are usually of low-rank, it is unnecessary to connect all the input and output
tokens in different spatial locations densely. The feature’s 2D shape naturally provides
a perspective to reduce the computation of FC layers, i.e., decomposing Equation (11)
into two FC layers and aggregating features along the horizontal and vertical directions,
respectively. It can be formulated as:

H
by, = ZFH(h,h’)zh,w, h=1,2,....H; w=1,2,..., W (12)
h'=1
w
Ay = Z Fy(w, w2y, h=1,2,....H; w=1,2,..., W (13)
w/=1

where Fy and Fy, are transformation weights. Taking the original feature Z as input,
Equation (12) and Equation (13) are applied to the features sequentially, capturing the
long-range dependence along the two directions, respectively. This operation is Decoupled
Fully Connected (DFC) Note.

The input features X € RF*W*C are sent to two branches, one where the Ghost module
produces the output features Y (Equation (9) and Equation (10)), and the other is the
DFC module that produces the attention map A (Equation (12) and Equation (13)),
using a 1 x 1 convolution that converts the module’s input X to the DFC’s input z. The
module’s final output is the product O € R¥*W*C of the outputs of the two branches,
ie.,

O = Sigmoid(A) o V(X) (14)
where o is the element-wise multiplication and Sigmoid is the scaling function to normalize
the attention map A into range (0, 1). V(X) is the feature map obtained by linear
transformation of the input feature X.

GhostV2 bottleneck better balances the expressiveness and capacity of the model while
maintaining lightweight and efficiency. The results of the comparison experiments in
which the C2f module is replaced with the C2f_GhostV2Bottleneck module are are shown
in Table 3.

Table 3. Comparison of C2f_GhostV2Bottleneck and C2f

Scheme P R mAP Param(M)
YOLOvS 0.789 0.73 0.816 3.01
YOLOv8+C2f_GhostV2Bottleneck 0.724 0.666 0.741 2.12

4. Experiment.

4.1. Experimental environment and dataset. This experiment is done in PyTorch
framework with the environment configuration of Windows 11, Python 3.8, Pytorch 1.12,
and Nvidia RTX3070 GPU. In this experiment, the size of BatchSize is set to 16, Mo-
mentum is set to 0.937, decay coefficient is set to 0.0005, the number of training rounds
of Epoch is set to 300, the initial size of the learning rate is set to 0.01, and finally after
completing the 300 rounds of training, we will get the trained model. In this experiment,
we use the publicly available datasets NEU-DET [34] and GC10-DET to validate the
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performance of the proposed model. The NEU-DET steel defect detection dataset is pub-
lished by Northeastern University (NEU). DET steel defect detection dataset is a surface
defect database published by Northeastern University (NEU), which collects six typical
surface defects of hot rolled steel strip, i.e., rolled oxide skin (RS), plaque (Pa), cracking
(Cr), pitting surface (PS), inclusions (In), and scratches (Sc). The dataset consists of
1800 grayscale images: six different types of typical surface defects, each containing 300
samples. GC10-DET is a dataset of surface defects collected in a real industry. A real
industry. It contains ten types of surface defects, i.e. Punch (Pu), Weld (W1), Crescent
Gap (Cg), Water Spot. Oil Spot (Os), Silk Spot (Ss), Inclusions (In), Rolled Pits (Rp),
Creases (Cr), Waist Folds (Wf). The collected defects are on the surface of the steel plate.
The dataset consists of 3570 grayscale images.

4.2. Evaluation metrics. The experiments used Size(MB), mAP, P, R, F1 and Param-
eter count (Param) as evaluation metrics to assess the performance of the model. Size
denotes the size of the model and mAP denotes the mean average precision mean, through
which five metrics are used to evaluate the model performance.

Precision = ———. (15)
recision = TP i P
TP
R,GC&H = m—m (16)
ap=13"ap (17)
m = — [
¢ n=1
2T'P

F1

T QTP+ FN+ FP
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TP denotes correctly predicted defects, FP denotes incorrectly predicted defects, and
FN denotes incorrectly predicted non-defects. n is the defect category and ¢ is the number
of defect categories.

4.3. Experimental results. Trained on NEU-DET and GC10-DET datasets, the train-
ing results of YOLOVS are shown in Figure 6, and the training results of MRS-YOLO are
shown in Figure 7. Some of the detection results of MRS-YOLO are shown in Figure 8.
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Figure 6. (a) and (b) separately denote the training results of YOLOv8 on NEU-
DET and GC10-DET datasets
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Figure 7. (a) and (b) separately denote the training results of MRS-YOLO on
NEU-DET and GC10-DET datasets

4.4. Ablation experiments. Ablation experiments were performed on the NEU-DET
dataset and the GC10-DET dataset to verify the validity of each module added, and
the results of the ablation experiments on these two datasets are represented in Table 4
and Table 5, respectively. Experiment 1 denotes Yolov84+ MSCA Attention; Experiment 2
indicates that Yolov8+ MSCAAttention +RFCAConv+SPD. Combining the data in the
tables, it can be seen that the model proposed in this study has a great improvement
over the original model. The improved convolution can better capture local and global
information in the image, help the model to understand the context and relevance of the
image more comprehensively, and improve the perception of defects. SPD further improves
the model’s perceptual ability, which helps the model to capture small targets in the
image as well as have good processing ability for low-resolution images. The attentional
mechanism increases the nonlinear representation of the model, and different levels of
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(a) NEU-DET (b) GC10-DET

Figure 8. (a) and (b) separately represent the detection results of MRS-YOLO
on NEU-DET and GC10-DET datasets

features can be learned at different stages, allowing the model to adapt to features of
different scales and complexity. It makes the number of parameters of the model decrease
while maintaining the detection accuracy, improves the feature extraction ability of the
model, and reduces the computation time of the model.

Table 4. Ablation experiment on NEU-DET

Scheme F1 p R mAP Size Param(M)
Yolov8 0.75 0.789 0.73 0.816 6.2 3.01
Experiment 1 0.78 0.818 0.74 0.836 6.4 3.1
Experiment 2 0.83 0.821 0.769 0.853 6.6 3.15
MRS-YOLO 0.86 0.882 0.84 0.921 5.8 2.72

Table 5. Ablation experiment on GC10-DET

Scheme F1 p R mAP Size Param(M)
Yolov8 0.66 0.724 0.63 0.679 6.2 3.01
Experiment 1 0.68 0.73 0.622 0.696 6.4 3.1
Experiment 2 0.78 0.77 0.635 0.735 6.6 3.15
MRS-YOLO 0.75 0.808 0.719 0.774 5.8 2.72

4.5. Comparative experiments. In order to verify the validity of the model, it was
compared with some common detection models YOLOv5, YOLOvV7 [35], YOLOv8, YOLOvS8-
SSDW [36], YOLOv8-DSG [37], SCFNet [38], YOLO-RDP [39], EC-YOLO [40] on the
NEU-DET and GC10-DET dataset. The Size, mAP, F1 and the number of parameters of
the different models on the NEU-DET dataset and the GC10-DET dataset are shown in
Table 6 and Table 7. On the NEU-DET dataset, MRS-YOLO is optimal in all metrics and
has the smallest and least number of Size and number of parameters. In order to further
verify the robustness of the model, a comparison test is conducted on the GC10-DET
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dataset, and MRS-YOLO is also optimal in all the metrics, and the Size and the number
of parameters are also the smallest and least. From the experimental results, it can be
seen that MRS-YOLO has achieved good results in improving the detection accuracy and
reducing the model size.

Table 6. Results of different models on NEU-DET

Scheme F1 p R mAP Size Param(M)
Yolovh 0.77 0.807 0.739 0.804 14.3 7.03
Yolov7 0.67 0.704 0.664 0.724 12.3 6.03
Yolov8 0.75 0.789 0.73 0.816 6.2 3.01
YOLOv8-SSDW 0.81 0.832 0.789 0.855 8.38
YOLOv8-DSG  0.76 0.77 0.743 0.8 3.18
SCFNet 0.75 0.786 0.715 0.812 2
YOLO-RDP 0.72 0.67 0.779 0.798 3.5
EC-YOLO 0.8 0.814 0.783 0.834

MRS-YOLO 0.86 0.882 0.84 0.921 538 2.72

Table 7. Results of different models on GC10-DET

Scheme F1 p R mAP Size Param(M)
Yolovh 0.63 0.672 0.635 0.624 14.3 7.03
Yolov7 0.61 0.695 0.582 0.629 12.3 6.03
Yolov8 0.66 0.724 0.63 0.679 6.2 3.01
EC-YOLO  0.69 0.66 0.718 0.706

YOLO-RDP 0.76 0.801 0.727 0.764 4.21

MRS-YOLO 0.75 0.808 0.719 0.774 5.8 2.72

5. Conclusion. In this study, the MSCA Attention attention module is added to YOLOvVS8
to help the model pay better attention to the feature information; the convolution module
is replaced with RFCAConv to improve the model’s ability to perceive defects; a layer
of SPD module is added to each layer of RFCAConv, which helps in the detection of
small targets; and the C2f module in the feature fusion network is replaced with the
C2f_GhostV2Bottleneck module, which helps to reduce the number of model parameters
and make the model lightweight. The performance of the model is evaluated on two
datasets with different resolutions, and the experimental results show that our proposed
model significantly improves the overall accuracy while decreasing the number of parame-
ters, which well mitigates the problems of misdetection and omission. In future research,
we still need to face some challenges and directions for improvement. First, a better bal-
ance between detection speed and detection accuracy needs to be found to ensure that the
model can still remain efficient and accurate in scenarios with high real-time requirements.
Second, considering the complexity and diversity of industrial environments, the gener-
alization ability of the model is an important research direction, and we need to further
optimize the model so that it can adapt to different industrial scenarios and challenges. In
addition, with the development of technology, new algorithms and hardware may provide
possibilities for further optimization of the models, so it is also necessary to continuously
track the latest research progress and integrate them into the existing models. Finally,
the quality and diversity of the dataset is crucial for model training. In future work,
we may consider collecting and organizing more challenging industrial scenario data to



Improved Yolov8 Algorithm for Steel Surface Defect Detection 1617

further improve the robustness and usefulness of the model. Meanwhile, interdisciplinary
cooperation may also bring new perspectives and methods to solve the industrial target
detection problem.
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