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Abstract: To address the current steel surface defect detection algorithms in practical applications
involving low detection accuracy, an efficient and highly accurate strip steel surface defect detection
algorithm, DEW-YOLO, is proposed in this paper. Firstly, by combining the advantages of deformable
convolutional networks (DCNs), this paper innovates the C2F module in YOLOv8 and proposes a
C2f_DCN module that can flexibly sample features to enhance the abilities of learning and expressing
defect features of different sizes and shapes. Secondly, the explicit visual center (EVC) is introduced
into the backbone network, which enhances feature extraction capabilities and adaptability and
enables the model to better adjust features at different levels and scales. Finally, the original loss
function is replaced with the Wise-IoU (WIoU) loss function to accurately measure the similarity
between the target frames and improve the defect detection performance of the model. The exper-
imental results on the NEU-DET dataset demonstrate that the algorithms proposed in this paper
achieved a mean average precision (mAP) of 80.3% in steel surface defect detection tasks, which
was a 3.9% improvement over the original YOLOv8 model. The model’s inference speed reached 91
frames per second (FPS). DEW-YOLO effectively enhances the accuracy of steel defect detection and
better satisfies industrial inspection requirements.

Keywords: steel surface defect detection; YOLOv8; deformable convolution; explicit visual center;
Wise-IoU

1. Introduction

Steel is an essential and important material for national construction with widespread
applications, particularly in infrastructure development, where it plays an irreplaceable
role. Currently, the majority of steel materials are produced through pressure processing of
raw materials to obtain materials with specific shapes and properties. During the process
of pressure processing, steel is inevitably subject to defects due to factors such as cost
constraints, equipment limitations, existing technologies, and surface roughness [1]. These
defects may include cracks, inclusions, patches, pitting, and other imperfections [2]. Once
these defects appear in the steel, its ability to withstand compression, tension, corrosion,
and other factors will inevitably be affected to varying degrees. Therefore, defect detection
is particularly important before the production of steel materials.

Currently, defect detection methods can be broadly categorized into three types:
traditional defect detection, machine vision-based defect detection, and deep learning-based
defect detection. Traditional defect detection methods mainly contain manual sampling [3],
infrared detection [4], and magnetic flux leakage detection [5]. The artificial sampling
method randomly chooses and tests the sample with the naked eye, but there are sampling
imbalances, resulting in large errors. This is highly susceptible to human factors and
other issues. The infrared detection method detects defects through temperature changes
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caused by different surfaces of the steel material, which is limited to the infrared absorption
capacity of steel and is unable to accurately classify defects. Magnetic flux leakage detection
tests defects by detecting the presence of magnetic features on defective steel surfaces. This
technique is not capable of accurate identification of fine and narrow cracks, thus limiting
the types of defects which can be detected.

Machine vision inspection technology is an improvement to traditional inspection
which reduces staff workload and is not affected by the environment. Machine vision-based
defect detection methods are mainly classified into four categories: defect detection based
on image preprocessing, the classifier, feature extraction, and image segmentation. Machine
vision inspection methods have made tremendous progress in the task of recognizing steel
surface defects, which are more efficient and practical than traditional defect detection
methods. However, they generally have problems such as poor classification of multiple
defect types, the need for manual extraction of features, and performing well in real time
but having poor accuracy.

Therefore, deep learning-based defect detection technology has emerged as an impor-
tant research direction. Deep learning inputs data and automatically extracts features, not
only retaining the advantages of no manual labor and avoiding an environmental impact
but also eliminating the need to manually extract features. This end-to-end modeling archi-
tecture simplifies the industrial production process. The mainstream deep learning target
detection algorithms include two-stage [6] methods such as R-CNN [7], Fast R-CNN [8],
Faster R-CNN [9], and Mask R-CNN [10], and one-stage [11] methods like SSD [12], the
YOLO [13] algorithm, and object detection algorithms based on the Transformer archi-
tecture, like DETR [14]. The two-stage target detection algorithm has a relatively high
detection accuracy, but it detects targets more slowly than the one-stage target detection al-
gorithm because it generates a series of candidate frames during the detection process. The
one-stage target detection algorithm turns them into a regression problem. Zhao et al. [15]
proposed a Faster R-CNN algorithm based on deformable convolution and multi-scale
fusion. While their proposed model performed well in detecting surface defects on steel,
it struggled to meet industrial requirements in terms of detection speed. The accuracy of
the one-stage target detection algorithm is relatively low, but it has a high detection speed,
making it well suited to the task of detecting steel surface defects in industry. Lin et al. [16]
proposed an improved SSD model to enhance the performance of steel surface defect detec-
tion and a deep residual network (ResNet) for defect classification. Kou et al. [17] proposed
an improved YOLO-V3 defect detection model which utilizes the anchor-free mechanism
to optimize the detection performance at multiple scales and shorten the detection time.
Ling Wang et al. [18] proposed an improved YOLOv5 method for real-time detection of
surface defects on strip steel which uses an attention mechanism and a multi-scale detection
block to enhance the detection capability of the model. The detection speed of the model
was improved to a certain extent, and it had an mAP value of 72% in the steel surface
defect detection task. Kewen Xia et al. [19] introduced the reparameterized C3 module
into the C3 module of YOLOv5s and constructed a feature fusion structure using the
multipath spatial pyramid pooling module, which resulted in improved model detection
accuracy. The model had an mAP of 76.8% on the NEU-DET dataset, and the detection
speed was relatively fast. Yi Qu et al. [20] proposed an improved PP-YOLOE model for
small targets. The model introduces coordinate attention into the backbone structure and
simplifies the traditional PAN + FPN component into an optimized FPN feature pyramid
structure, which improved the performance and overall accuracy of the model for small
target detection. Zheng et al. [21] proposed the EW-YOLOv7 defect detection model. The
model combines the GhostNetV2 module and the Acmix attention machine to effectively
optimize the performance of the model’s defect detection.

Although these detection methods, compared with traditional defect detection and
machine vision defect detection, were improved in terms of detection speed, the detection
accuracy still could not meet practical work requirements. Aiming at the existing algorithms
that are difficult to practically apply in industrial environments due to factors such as low
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accuracy and slow speed in steel defect detection, this paper proposes a new algorithm for
detecting surface defects on strip steel, DEW-YOLO, based on the YOLOv8n algorithm. In
summary, the main contributions of this paper are as follows:

• The DCN is introduced and combined with the C2F module to form the C2F_DCN
module, which enables the model to be more flexible in extracting the features of
complex textures and irregularly shaped defects.

• We embed the EVC structure into the backbone network of YOLOv8 to achieve adjust-
ment and optimization for different feature scales. This enables the model to better
capture global information and local details at various scales, thereby enhancing the
accuracy and robustness of object detection.

• The WIoU loss function is used to replace the original YOLOv8 bounding box loss
function, providing more stable and reliable detection results, especially for real
industrial inspection scenarios.

2. Materials and Methods
2.1. Datasets

This study employed the NEU-DET [22] dataset from Northeastern University, which
consists of six common steel surface defects: crazing (Cr), inclusion (In), patches (Pa), a
pitted surface (PS), a rolled-in scale (RS), and scratches (Sc). There are 300 images for each
category, totaling 1800 images with an image size of 200 × 200. The dataset is provided
with annotations labeling the location of the defective image and category information.
For better experimentation, 1440 images were randomly selected for the training set, with
180 images for the validation set and 180 images for the testing set (i.e., the dataset was
allocated at a ratio of 8:1:1. The categories of steel surface defects in the NEU-DET dataset
are illustrated in Figure 1.
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Figure 1. Six types of surface defects on steel strips: (a) crazing; (b) inclusion; (c) patches; (d) pitted
surface; (e) rolled-in scale; (f) scratches.

2.2. YOLO Algorithm

A real-time object detection technique called You Only Look Once (YOLO) splits an
image into grid cells and predicts the bounding boxes and classes for items in each cell at
the same time, making object detection quick and precise. YOLOv1 is the first version of
the YOLO algorithm, which utilizes a single-scale fully convolutional neural network for
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object detection, known for its real-time and high efficiency characteristics. Building upon
YOLOv1, YOLOv2 [23] introduced multiscale feature maps and anchor boxes, enhancing
detection accuracy and robustness. YOLOv3 [24] further improved the network structure by
adopting the deeper Darknet-53 structure as the feature extraction network and introducing
multiscale prediction and cross-scale connections, thereby enhancing detection speed and
accuracy. YOLOv4 [25] introduced the CSPDarknet53 and SPP structures based on YOLOv3,
further improving detection performance and speed. YOLOv5 [26] enhanced the detection
speed and robustness by introducing a lighter network structure and multiscale training.
YOLOv7 [27] introduced strategies such as the E-ELAN, a scalable and efficient layer
aggregation network, an innovative transition module, and a parameterized structure
to enhance the capability of feature extraction and semantic information representation,
further optimizing the target detection results.

The YOLO algorithm has undergone iterations and has been upgraded to YOLOv8,
offering models of different sizes, including N, S, M, L, and X scales based on the scaling
factors. The architecture of the YOLOv8 algorithm draws inspiration from the design
philosophy of the YOLOv7 ELAN. It incorporates the C2f structure from YOLOv5 into the
backbone and neck networks to obtain a richer gradient flow. In the head network, YOLOv8
separates the classification and detection heads with a decoupled head structure. In addi-
tion, YOLOv8 employs the TaskAlignedAssigner strategy for positive sample assignment
and introduces the distribution focal loss as a regression loss. With these improvements,
YOLOv8 has made significant progress in terms of loss computation and network structure.
It is evident that the official Ultralytics team has made considerable efforts in achieving a
balance between model lightweighting and performance. Figure 2 illustrates the network
architecture of YOLOv8.
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3. The Proposed Method

To increase the performance, efficiency, and generalization capability of the defect
detection model, this paper improves upon the YOLOv8n model and proposes a new
model for the detection of steel strips named DEW-YOLO, whose network structure is
illustrated in Figure 3. Firstly, the C2f_DCN module takes the place of the original C2f
module in the backbone network of YOLOv8n, enhancing the model’s capability to capture
the features of complex shapes and irregular objects. Then, the ECV module is introduced.
By implementing global centralization adjustment at different levels, the model can better
utilize global information from the deepest layers to adjust shallow features, thereby
obtaining richer and more global feature representations. Finally, WIoU replaces the
original loss function, which effectively improves the model detection capability and
reduces leakage and misdetection. By improving YOLOv8n in the aforementioned three
aspects, the model’s accuracy in detecting surface defects on steel has been enhanced.
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3.1. C2F_DCN

Deformable convolution is a type of convolution operation based on spatial defor-
mations. It is commonly used in convolutional neural networks to handle images with
spatial deformation characteristics [28]. Compared with traditional convolution operations,
deformable convolution has stronger adaptability and better control over the receptive
field. It can perceive and locate irregular shapes of objects more accurately. In deformable
convolution, sampling positions are not confined to regular grid positions. Instead, an
additional offset is introduced, allowing the convolution kernel to adaptively adjust based
on the spatial variations of the input feature map. The output formula for deformable
convolution is as follows:

y(p0) = ∑
pn∈R

w(pn) · x(p0 + pn + ∆pn), (1)
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where ∆pn represents the offset, w(pn) denotes the weight of the convolutional kernel at
position pn, and x(p0 + pn + ∆pn), and y(p0) represent the mapping relationship between
the original image and the feature map obtained by convolution. The operation process of
deformable convolution is illustrated in Figure 4.
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First, feature maps are extracted using traditional convolutional kernels, resulting
in a feature response map. The obtained feature response map from the previous step is
used as the input for the deformable convolution operation. A new convolutional layer is
applied to it, generating a feature map with 2N channels, where N represents the size of the
convolutional kernel. Each pair of channels represents a coordinate offset, which describes
the displacement distance of the convolutional kernel at that position. These offsets can be
continuously adjusted during training to adapt to different input images. Then, bilinear
interpolation on the offset feature map is performed to upsample it to the same size as the
input feature map, enabling the use of the offset feature map to adjust the position and size
of the convolutional kernel later on. Finally, by combining the upsampled offset feature
map with the original input feature, both are learned simultaneously through optimization
of the backpropagation algorithm to obtain the ability to dynamically adjust the position
size of the deformable convolutional kernel.

To enhance the multi-scale feature extraction capability, the C2f module needs to
integrate feature maps of different scales. Deformable convolution can learn nonlinear
deformation fields, which facilitate better capturing of the correspondence between feature
points across different scales. This is advantageous for extracting contextual information
from multi-scale features. Deformable convolution can establish more complex correspon-
dence relationships between feature points across different scales through deformable
convolution kernels. This is more suitable for the C2f module to learn the transformations
of feature points across scales compared with ordinary convolution.

In deep networks, the deformation characteristics of objects are often more complex.
Therefore, this paper improves the C2f structure in the YOLOv8 backbone network by
replacing the ordinary convolution in the bottleneck structure of the C2f structure with
deformable convolution. The improved C2f_DCN structure is illustrated in Figure 5.
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In the improved bottleneck structure, two layers of deformable convolution are in-
troduced, allowing the model to freely sample the input feature map. This enables better
learning of information related to the scale, background, and deformation of the target
objects. After the convolutional layers, the output and input feature maps are fused to
use residual connections. This allows the improved module to adaptively learn objects of
different sizes and better understand the characteristics of different steel defects, thereby
possessing stronger robustness and generalization ability.

3.2. Explicit Visual Center

The explicit visual center is composed of the multilayer perceptron (MLP) and the
learnable visual center (LVC), whose architecture is shown in Figure 6. While the lightweight
MLP architecture is for capturing long-range dependencies, the LVC is for aggregating local
corner regions of the input image [29]. In addition, for smoothing the feature, a Stem block,
contributed by a 7 × 7 convolution, a batch normalization (BN) layer, and an activation
function layer, is added between these two parallel blocks.
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The MLP is composed of two residual modules: a depth-separable convolution-based
module and a channel MLP-based module. In this case, the input of the MLP module is
the output of the depth-separable convolution module. Both modules undergo channel
scaling and tuning operations to improve feature generalization and robustness. The input

for the depth-separable convolution module is the group-normalized feature map
∼
Xin, and

the output result
∼
Xin can be expressed as

∼
Xin = DConv(GN(Xin)) + Xin (2)

The input for the channel MLP module is the output of the depth-separable convolu-
tion module, which is group-normalized before the channel MLP operation. The process
can be expressed as

MLP(Xin) = CMLP
(

GN
(∼

Xin

))
+

∼
Xin (3)

The LVC is an encoder with an intrinsic dictionary, consisting of an intrinsic codebook
and a set of learnable vision-centered scale factors. The processing of LVC consists of two
steps. The input features are convolved using a convolutional layer with CBR processing
firstly, and then the features processed in the first step are combined with the codebook by

means of a learnable scale factor, which maps the position information to
∼
Xi and bk. The

formula is as follows:

ek =
N

∑
i=1

e−Sk∥
∼
Xi−bk∥

2

∑K
j=1 e−Sk∥

∼
Xi−bk∥

2

(∼
Xi − bk

)
, (4)

where S is the scale factor,
∼
Xi is the ith pixel, and bk is the kth visual code. The ReLU and BN

computations are implemented using ϕ with all ek combined, followed by channel multipli-
cation and channel addition of the input Xin and the local features Z. The computational
formulas are given below:

e =
K

∑
k=1

ϕ(ek), (5)

Z = Xin ⊗ (δ(Conv1×1(e))), (6)

LVC(Xin) = Xin ⊕ Z (7)

Using the channel dimension, the feature maps of the two modules are stitched
together as the output of the EVC. The output expression is as follows:

X = cat(MLP(Xin); LVC(Xin)), (8)

where MLP(Xin) represents the long-range dependencies and LVC(Xin) represents the
local corner regions. The integrated signature encompasses the strengths of both modules,
allowing the detection model to learn a full range of discriminative feature representations.
ECV assigns the features in the feature pyramid to different targets, and it achieves this
by computing information such as the size, shape, and position of each target, assigning a
region of interest (ROI) to each target, and then weighting the fusion of these ROIs with
features from the feature pyramid. This enables better detection of targets of different sizes.

3.3. Wise-IoU Loss

In the YOLOv8 model, DFL loss and CIoU loss [30] are applied as the marginal
regression loss functions. The DFL loss function helps focus the detection network faster on
the defect target location as well as the neighboring regions, while the CIoU loss function
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evaluates the accuracy of the bounding box prediction in the defect detection model. The
CIoU formula is as follows:

LCIoU = LIoU +

(
x − xgt

)2
+

(
y − ygt

)2(
W2

g + H2
g

) , (9)

α =
v

LIoU + v
, (10)

v =
4

π2

(
arctan

w
h
− arctan

wgt

hgt

)2
, (11)

LIoU =
Wi Hi

wh + wgthgt − Wi Hi
(12)

The expression for LIoU is illustrated in Figure 7. In this equation, α represents the
weight function, used for balancing parameters, v is the aspect ratio measure function,
used to assess the aspect ratio consistency. w, h, and (x, y) represent the width and height
dimensions and the center coordinates of the prediction box, respectively, wgt, hgt, and(

xgt, ygt
)

represent the width and height dimensions and the center coordinates of the real
box, respectively, Wi and Hi represent the intersection width and height, respectively, and
Wg and Hg represent the minimum border width and height, respectively. In the prediction
frame regression process, there are cases where the penalty term of the CIoU degrades to
zero when the prediction frame is linear in the aspect ratio of the real frame, while either
high- or low-quality anchor frames can be harmful to the regression losses.
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The accuracy of the model’s bounding box prediction can be affected by the diversity
of target sizes and shapes of various defect types in the strip surface defect dataset, as
well as the distribution differences in the images. To solve this problem, the WioU [31] is
introduced in this paper to replace the CIoU loss function, improving the precision of the



Appl. Sci. 2024, 14, 5171 10 of 17

common mass anchor frame and enhance the fitting ability of the bounding box loss. The
WIoU loss function is shown below:

LWIoU = rRWIoU LIoU , RWIoU ∈ [1, e), LIoU ∈ [0, 1]. (13)

The distance-focusing mechanism RWIoU in the formula is used to amplify the LIoU
of ordinary appropriate anchor boxes, and the non-monotonic focusing factor r is used
to focus on anchor boxes of normal quality. The expressions for RWIoU , r, and the outlier
factor β are as follows:

RWIoU = exp

(
x − xgt

)2
+

(
y − ygt

)2(
W2

g + H2
g

)∗
, (14)

r =
β

δαβ−δ
, (15)

β =
L∗

IoU

LIoU
∈ [0,+∞), (16)

where LIoU represents the dynamic moving average. Relatively small gradient gains are
allocated for both large and small values, reducing the impact on bounding box regres-
sion. Meanwhile, α and δ represent hyperparameters. By lowering the contribution of
high-quality samples to the loss value, r dynamically assigns gradient gains to bounding
boxes, decreasing the harmful gradients produced by low-quality anchor boxes in the later
stages of training. Moreover, it focuses on ordinary quality anchor frames to improve
model localization.

WIoU removes the aspect ratio penalty term from the CIoU while balancing the
impact of both high-quality and ordinary-quality anchor boxes on model regression, which
increases the model’s generalization capability and overall performance. Therefore, this
paper adopts WIoU to replace the original model’s boundary loss function for optimizing
the model’s loss function.

4. Experiments
4.1. Experimental Environment and Parameter Configuration

This experimental environment used the Windows 11 operating system, 16 GiB of
RAM, an Intel(R) Core(TM) i7-13700H @ 2.40 GHz CPU (Intel, Santa Clara, CA, USA), an
NVIDIA GeForce RTX 4060 Laptop graphics card (NVIDIA, Santa Clara, CA, USA) with
8 GB of video memory, and PyTorch 2.0.1 as the deep learning framework. The Python
version was 3.8.18, the CUDA version was 11.7, and the cuDNN version was 11.7. The
experimental parameters were set as shown in Table 1.

Table 1. Experimental parameter settings.

Parameter Setting

Epochs 300
Input image size 640 × 640

Batch size 16
Initial learning rate 0.01

Momentum 0.937
Optimizer SGD
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4.2. Evaluation Indicators

The commonly used evaluation indexes for assessing the detection accuracy and speed
of the strip steel surface defect detection model are the precision (P), recall (R), and mAP.
The specific calculations are shown in the following equations:

Precision =
TP

TP + FP
, (17)

Recall =
TP

TP + FN
, (18)

mAP =
1
n

n

∑
i=1

APi, (19)

In the equations, TP represents the true cases, FN represents the false negative cases,
FP represents the false positive cases, and n represents the total number of cases.

Additionally, evaluation metrics also include the model computational complexity
(GFLOPs), model parameter count (parameters), and frames per second (FPS). Model
computational complexity and model parameter count are the key metrics for assessing
model efficiency and capacity, respectively, while the detection speed evaluates the ability
to process image frames every second.

5. Experiment Results and Analysis
5.1. Ablation Experiments

To verify the effectiveness of the proposed improvement strategies, a set of compara-
tive ablation experiments were conducted. The experiments took YOLOv8n as the baseline
model, and the results are presented in Table 2. In the table, C2f_DCN, EVC, and WIoU
represent the three proposed improvement points in this study. The symbol

√
denotes the

adoption of the improvement point.

Table 2. Ablation experiment results.

Sequence C2f_DCN EVC WIoU mAP @ 0.5 FPS Params (M) GFLOPs

1 76.4 132 3.01 8.2
2

√
78.7 104 3.16 7.6

3
√

77.9 101 7.29 11.6
4

√
77.0 156 3.01 8.2

5
√ √

79.6 96 7.45 11.0
6

√ √ √
80.3 91 7.45 11.0

According to the ablation experiment results in Table 2, the first group directly em-
ployed YOLOv8n with an mAP value of 76.4%. In the second group, the C2F_DCN module
network replaced the C2F module in the backbone. This enhancement allowed the model
to strengthen the fusion of multi-level features and effectively adjust the positions and
sizes of receptive fields, enabling more flexible handling of complex surface defects on
steel materials, which optimized the detection accuracy of the model, with the mAP value
increasing to 78.7%. The third group embedded the EVC module into the backbone net-
work of YOLOv8n, and the model fused the displayed explicit visual center of CFPNet to
capture the long-range dependence of features and improve the detection of small targets.
The mAP value of the model was improved by 1.5%, indicating that the EVC module
could effectively improve the model’s detection accuracy. The fourth group replaced the
loss function of YOLOv8n with the WIoU loss function. The number of parameters of
the model and the amount of computation were basically unchanged, and the accuracy
slightly improved, but the detection speed of the model was improved by 18%, which
proves that the addition of WIoU can make the model more accurate in localization and
classification. The fifth group added the EVC module to the second group to enhance the
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model’s adjustment and optimization for different feature scales. This allowed the model
to better capture both global information and local details across different scales. Although
adding the EVC module resulted in an increase in Params and GFLOPs, the experimental
results prove that the improvement effectively increased the detection accuracy, resulting
in an mAP value of 79.6%. Finally, the sixth group replaced the original loss function with a
WIoU loss function based on the fifth group, which reduced the difference in gradient gain
between the high-quality and low-quality samples, strengthened the model’s localization
performance, and improved its generalization ability, with an mAP value of 80.3%.

The sixth experiment’s minimum frame rate was 91 frames per second, which is
within an acceptable range and can satisfy the real-time needs of industrial inspection,
even though each improvement may somewhat lower the FPS. The above ablation experi-
ments demonstrate the effectiveness of the three improvement points and also show the
contribution that each one makes to the model’s detection effectiveness.

5.2. Comparative Experiments

To demonstrate the detection effect of the algorithm proposed in this paper visionally,
the YOLOv8n model was compared with the confusion matrix of the proposed model in
this paper in a comparison experiment, and the comparison results are shown in Figure 8.
The true and predicted categories are represented by the rows and columns of the confusion
matrix, respectively. The proportions of successfully predicted categories are represented
by the values in the diagonal regions, while the proportions of wrongly predicted categories
are represented by the values in the other regions.
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The comparison results in Figure 8 show that the diagonal region of the DEW-YOLO
confusion matrix is darker than the diagonal region of the YOLOv8n confusion matrix, and
the values in the DEW-YOLO diagonal region were also larger than those in the YOLOv8n
diagonal region. This suggests that the model suggested in this paper is much better at
accurately predicting the object categories. In addition, DEW-YOLO effectively reduced
the false positive rate compared with YOLOv8n.

As shown in Figures 9 and 10, the PR curve graphs depict a comparison of mAP values
for YOLOv8n and DEW-YOLO, respectively. The PR curve graph reflects the mAP values
for various defect categories, where “all-classes” denotes the average mAP value across
all categories. Compared with the results before improvement, the overall mAP value
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increased from 76.4% to 80.3%, showing an improvement of 3.9%. The results prove that
the improved model can enhance the detection accuracy across multiple defect categories.
Except for the rolled-in scale defect, which had a slight decrease of 0.1% in its mAP value,
the other five defects had different levels of improvement, especially patches, which had a
6.7% increase in its mAP value from 83.9% to 90.6%, and scratches, which had the highest
mAP value, reaching 97.3%.
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5.3. Visualization of the Results

To compare the effectiveness of the proposed algorithm with the YOLOv8n algorithm
in detecting surface defects on strip steel more intuitively, the DEW-YOLO model and the
YOLOv8n model were applied to detect defects in the same test set, and some of the defect
detection effects are shown in Figure 11. As can be gleaned from the figure, the original
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YOLOv8n model suffered from the problem of missed detection or low accuracy, with
some categories of detection performance being especially poor, while the DEW-YOLO
model was significantly better than the original YOLOv8n model in terms of effect; it could
more comprehensively identify the defective targets when detecting some of them, and the
detection accuracy also significantly improved. The DEW-YOLO model detected defects
that were missed by the baseline model and had a higher confidence level than the baseline
model in detecting defects in the same location. The test results verify the effectiveness of
the DEW-YOLO model for defect detection and provide solid support for quality control in
the strip production process.
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5.4. Comparison Experiment with Different Models

The ablation experiments demonstrated the feasibility of the proposed algorithm.
To further validate its performance, the results of the improved model proposed in this
paper were compared with those of six mainstream models, namely SSD, Faster R-CNN,
DETR, and the YOLO series models, under the same dataset partition conditions. The
experimental results can be seen in Table 3.

Table 3. Comparison of experimental results of different network models.

Type SSD Fast R-CNN DETR YOLOv5s YOLOv7 YOLOv8n DEW-YOLO

Crazing 0.452 0.474 0.293 0.445 0.417 0.494 0.558
Inclusion 0.818 0.849 0.746 0.861 0.864 0.852 0.904
Patches 0.880 0.916 0.876 0.835 0.859 0.839 0.906

Pitted surface 0.842 0.851 0.814 0.852 0.825 0.85 0.853
Rolled-in scale 0.602 0.541 0.523 0.52 0.566 0.624 0.623

Scratches 0.722 0.947 0.925 0.906 0.887 0.926 0.973
mAP (%) 71.9 76.3 67.2 73.7 73.6 76.4 80.3

FPS 69 19 12 108 38 132 91
GFLOPs 62.7 370.2 100.9 15.8 103.2 8.2 11.0

As can be seen from the experimental results in Table 3, the mAP value of the DEW-
YOLO model proposed in this paper improved by 8.4%, 4%, and 13.1% compared with SSD,
Fast R-CNN, and DETR, respectively, with a significant improvement in accuracy. The SSD
and Faster R-CNN detection models have slow detection speeds and are computationally
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intensive, and thus they do not redound to deployment and utilization on devices with
limited computational resources. DETR is a Transformer-based target detection algorithm.
When detecting multi-class steel defects, this model may encounter problems such as high
memory consumption and slow convergence due to the global self-attention mechanism,
which makes the DETR model less effective, and its mAP value was the lowest, being only
67.2%. In the case of diverse types and complex defects in steel, the detection accuracy of
YOLOv5s and YOLOv7 was also unsatisfactory. Compared with YOLOv5s and YOLOv7,
the mAP values of the DEW-YOLO model improved by 6.6% and 6.7%, respectively,
resulting in a significant improvement in detection accuracy. And all six types of defect
detection accuracies of the DEW-YOLO model were higher than YOLOv5s vs. YOLOv7.
YOLOv8n was the fastest detection algorithm with a relatively small number of calculations,
but its detection accuracy still needs to be improved. The DEW-YOLO algorithm achieved
comprehensive improvements in detection performance. Although there was a slight
decrease in detection speed, it still met the detection requirements in industrial applications,
and the calculation count remained at a satisfactory level. In summary, the DEW-YOLO
algorithm proposed in this paper outperformed the other algorithms in the task of detecting
defects on steel surfaces, effectively recognized a wide range of defect classes, and met the
terminal detection speed requirements.

6. Conclusions

In order to solve problems such as low detection accuracy for current strip steel surface
defect detection algorithms in practical applications, this paper proposed an effective steel
surface defect detection algorithm, DEW-YOLO, on the basis of YOLOv8. The algorithm
introduces deformable convolution into the C2f network structure, which constitutes the
C2f-DCN and replaces the C2f in the backbone network with the C2f-DCN. This allows
the model to realize adaptive adjustment of the sensory field, which enhances the model’s
ability to extract features for multiple classes of defects. Then, the model fuses the explicit
visual center of CFPNet to capture the long-range dependence of features and improve
the model’s ability to detect small targets. Finally, the CIoU loss function was replaced
with the WIoU loss function to improve the accuracy of the common mass anchor frames
and enhance the fitting ability of the bounding box losses. Extensive experiments and
comparisons with other algorithms validated the feasibility of the proposed method and
highlighted the sophistication of the methodology of this paper, as it effectively improved
the detection accuracy and maintained the detection speed. The mAP of this algorithm
reached 80.3% on the NEU-DET strip surface defects dataset, which was 3.9% higher than
the original algorithm, and a real-time detection speed of 91 frames/s could be realized in
the defect detection of strip production, which made it more efficient and flexible in actual
strip production. Although the improved model had a slight increase in computations
compared with the original model, it offered significantly better detection accuracy and still
remained suitable for deployment on mobile devices. The proposed method is applicable
to the current demand for surface defect detection in steel strips.

Using computer vision technology to address surface defect detection in steel strips
has practical significance and provides reference value for defect detection problems in
other industrial sectors. In future work, the detection precision of the proposed method
will be further developed, and the model will be optimized for lightweight deployment to
enhance detection speed.
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