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Improved YOLOv8-Based Defect Detection Model for 
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bingtian.qiao.2024@mumail.ie 

Abstract: Production defects in hot-rolled strip steel, arising from process design issues or variations 
in material properties, adversely affect both economic returns and production safety. Existing deep 
learning–based surface defect detection methods are often too slow and computationally heavy for 
real-time industrial applications. This paper proposes an optimized YOLOv8s algorithm for defect 
detection on hot-rolled steel strips. By integrating Cloformer and CBAM attention mechanisms, the 
model enhances its ability to capture spatial relationships, while the combination of partial 
convolution and depthwise separable convolution substantially reduces computational load. 
Furthermore, the introduction of SimSPPF accelerates inference. Experimental results show that the 
optimized YOLOv8s achieves a mean average precision (mAP) of 80.4% and an inference speed of 
182.4 FPS, with a significant reduction in model size compared to conventional methods. 

Keywords: Hot-rolled strip steel; YOLOv8; attention mechanism; defect detection; lightweight 
convolution 
 

1. Introduction 

Thanks to its excellent plasticity and ease of forming, hot-rolled strip steel is not only essential 
for producing cold-rolled plates but also plays a critical role in fabricating large-scale structural 
elements, forgings, and automotive components. [1]. Nonetheless, limitations in production 
machinery and processes inevitably lead to surface imperfections. As illustrated in Figure 1, the 
primary defects include inclusions, crazing, rolled-in marks, patches, pitted areas, and scratches. 
These flaws not only detract from the product’s appearance but, when the steel is used as a structural 
material, can act as stress concentrators that undermine performance and pose significant safety 
hazards [2]. Consequently, the development of precise and efficient defect detection methods is 
essential for manufacturers to ensure rigorous quality control and enhance overall safety. 

With the rise of the Internet and the vigorous development of deep learning technology, more 
and more machine vision tasks adopt deep learning models. Compared with traditional machine 
vision technology, machine vision defect detection based on deep learning has higher accuracy, 
greater adaptability and a wider range of applications. 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 March 2025 doi:10.20944/preprints202503.1303.v1

©  2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202503.1303.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 16 

 

 
Figure 1. Six types of surface defects of hot-rolled strip steel. 

A common deep learning object detection method is the YOLO series technology. YOLOv1 [3] 
was proposed by Joseph in 2015 and is a pioneering single-stage deep learning detection algorithm 
that improves the speed of object detection while maintaining a certain level of accuracy. As a 
representative single-stage method, YOLO directly generates the existence probability and position 
coordinates of the detected objects during the detection process. Its characteristic is a relatively fast 
speed but at the expense of detection accuracy. In contrast, the two-stage method represented by the 
Faster Region-based Convolutional Neural Networks (Faster R-CNN) [4] first extracts candidate 
boxes and then outputs the detection results. It has an advantage in detection accuracy but has certain 
limitations in real-time performance. To achieve a balance between detection accuracy and speed, 
Feng et al. [5] improved the RepVGG algorithm and combined it with the Spatial Attention (SA) 
mechanism. Shun et al. [6] proposed a YOLOv5-based method for detecting surface defects on hot-
rolled steel strips and demonstrated that it significantly improves accuracy compared to YOLOv4. [7] 
introduced the BI-SPPFCSPC structure into the feature pyramid of YOLOv7 to enhance the feature 
extraction of small objects. Zhang et al. [8] introduced the Content-Aware Reassembly of Features 
(CARE) upsampling operator into the YOLOv8s model, effectively enhancing the feature extraction 
capability. Wang et al. [9] introduced ShuffleNetv2 as the backbone network in YOLOv5s and, 
through depthwise separable convolution and channel shuffling techniques, it dramatically 
decreased the number of model parameters while preserving a high level of accuracy. The above 
studies continuously explore a reasonable balance between model lightweight and detection 
accuracy, effectively improving detection accuracy and reducing inference time. However, they have 
not achieved a perfect balance among model parameters, computational cost, model size, 
computational accuracy, and inference time, and thus cannot fully meet the requirements of real-time 
hot-rolled steel strip defect detection. Given the stringent real-time and edge deployment demands 
in industrial settings [10], making the model more lightweight is extremely important. 

In order to meet the stringent requirements for real-time detection and high accuracy in 
identifying surface defects on hot-rolled steel strips, this study improves the YOLOv8s network by 
focusing on three aspects: enhancing detection precision, reducing model complexity, and 
accelerating inference speed. First, by integrating Cloformer [11] with CBAM [12], the approach 
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maximizes detection accuracy without a significant increase in model parameters. Second, the 
incorporation of depthwise separable convolution (DWconv) [13] alongside partial convolution 
(Pconv) [14] refines the backbone network and C2f module, substantially reducing both model 
parameters and computational complexity. Finally, SimSPPF [15] is employed to effectively extract 
and merge multi-scale features, which not only improves the model's ability to recognize objects of 
varying sizes but also accelerates the inference speed. Together, these improvements enable the 
model to be deployed on-site, meeting the stringent speed and accuracy requirements necessary for 
real-time monitoring. 

2. YOLOv8 Overview 

The YOLO family of algorithms is renowned for its ability to perform real-time object detection 
while learning features effectively and generalizing well across complete images. Leveraging 
improvements from YOLOv5, the latest version, YOLOv8, achieves cutting-edge performance in 
object detection tasks. [16]. Based on network depth and width, YOLOv8 is available in five variants: 
YOLOv8n, YOLOv8s, YOLOv8m, YOLOv8l, and YOLOv8x. For detecting surface defects on hot-
rolled steel strips, this study selects the YOLOv8s model as the foundation to balance detection 
accuracy, speed, and a moderate model size. The YOLOv8s architecture is primarily divided into four 
components: the input module, Backbone, Neck, and Head, as illustrated in Figure 2. 

 

Figure 2. YOLOv8s Network Structure Diagram [17]. 

2.1. Input End 

The input of YOLOv8 is standardized images, supporting multi-scale input (such as 640×640, 
1280×1280, etc.). The preprocessing includes image normalization, data augmentation, and adaptive 
scaling. Image normalization is responsible for normalizing pixel values from [0, 255] to [0, 1]. Data 
augmentation adopts Mosaic data augmentation (random cropping, rotation, flipping, etc.), and 
Mosaic is turned off in the later stage of training to improve accuracy and enhance convergence [18]. 
Adaptive scaling maintains the aspect ratio of the image through the Letterbox method and fills gray 
borders to avoid distortion. 
  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 March 2025 doi:10.20944/preprints202503.1303.v1

https://doi.org/10.20944/preprints202503.1303.v1


 4 of 16 

 

2.2. Backbone  

Backbone is responsible for feature extraction. Its core modules include the C2f module [19] 
(Cross Stage Partial with 2 convolutions and fusion), the SPPF module (Spatial Pyramid Pooling Fast), 
and the basic convolution module (Conv Block). 

2.2.1. C2f 

C2f replaces the C3 module in YOLOv5 with a design inspired by the ELAN structure in 
YOLOv7, incorporating multiple Bottleneck modules and cross-layer connections. The process begins 
by compressing the input channels with a 1×1 convolution, then splitting the output into two 
branches. One branch is processed through several Bottleneck modules, while the other is left 
unchanged. After merging these two branches, a 1×1 convolution is applied to restore the channel 
dimensions. Compared to C3, the C2f module reduces the number of parameters by about 20% while 
enhancing gradient flow and feature reuse. 

2.2.2. SPPF 

The SPPF module achieves multi-scale feature fusion by concatenating multiple 5×5 max pooling 
layers in series. The input passes through three pooling layers (stride = 1, padding = 2) in sequence, 
and the results are concatenated and compressed through convolution. This can expand the receptive 
field and enhance the adaptability to targets of different sizes. 

2.3. Neck 

The Neck module is tasked with fusing multi-scale features using an enhanced PAN-FPN 
architecture. In this design, the FPN pathway conveys high-level semantic information from smaller 
feature maps downwards, while the PAN pathway transmits low-level location details from larger 
feature maps upwards. The process involves first aligning feature map sizes via upsampling (for 
example, through nearest neighbor interpolation), then concatenating features from various 
Backbone stages, and finally applying the C2f module to further integrate the fused features. 

2.4. Head 

Head is responsible for object detection and classification, adopting a decoupled head and 
anchor-free mechanism. 

2.4.1. Decoupled Head 

The decoupled head uses BCE Loss to predict the category probability and a combination of DFL 
Loss [22] and CIOU Loss [23] to predict the offset of the center point and the width and height of the 
bounding box. 

2.4.2. Anchor-Free 

It directly predicts the target center point (x, y) and width and height (w, h), eliminating the need 
to adjust hyperparameters of preset anchor boxes [24]. The formula is: 

𝑥 = 2𝜎(𝑡௫) − 0.5 + 𝑐௫ ,  𝑦 = 2𝜎൫𝑡௬൯ − 0.5 + 𝑐௬ 

𝑤 = ൫2𝜎(𝑡௪)൯
ଶ

× 𝑠௪ ,  ℎ = ൫2𝜎(𝑡௛)൯
ଶ

× 𝑠௛ (1)

where 𝑐௫,𝑐௬ are grid coordinates and 𝑠௪ ,𝑠௛ is the stride of the feature map. 
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3. Improved YOLOv8s Object Detection Algorithm 

3.1. Cloformer and CBAM Attention Mechanism 

Lightweight surface defect detection models for hot-rolled strip steel often suffer from 
insufficient accuracy. A common solution to this problem is to introduce an attention mechanism. 
CBAM aims to overcome the limitations of traditional convolutional neural networks in handling 
information of different scales, shapes, and directions. To this end, CBAM introduces two attention 
mechanisms: channel attention and spatial attention. Channel attention helps enhance the feature 
representation of different channels, while spatial attention helps extract key information at different 
positions in the space. CBAM consists of two key components: the channel attention module (C-
channel) and the spatial attention module (S-channel). These two modules can be integrated into 
various layers of the CNN to bolster feature representation. As depicted in Figures 3 and 4, the 
channel attention module and the spatial attention module operate on distinct principles. In CBAM, 
the outputs from these modules are multiplied element-wise to produce the final attention-enhanced 
features (see Figure 5). These enhanced features are then passed to subsequent network layers, 
effectively preserving essential information while filtering out noise and irrelevant details. 

 

Figure 3. The principle of the channel attention module [12]. 

 

Figure 4. The principle of the spatial attention module [12]. 

 
Figure 5. Hybrid Attention Module [12]. 

CloFormer introduces a module named AttnConv that combines the attention mechanism and 
convolution operation, capable of capturing high-frequency local information. Compared with 
traditional convolution operations, AttnConv uses shared weights and context-aware weights, which 
can better handle the relationships between different positions in the image. Experimental results 
indicate that CloFormer consistently outperforms in image classification, object detection, and 
semantic segmentation tasks. 
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Figure 6. The illustration of CloFormer. CloFormer is constructed by connecting Clo block and ConvFFN in 
series. Alldepth-wise convolutions in the local branch have the stride of 1 [11]. 

Although CBAM is lightweight, its performance gains are modest. In contrast, while Cloformer 
can significantly boost accuracy, it also greatly increases the model’s parameter count and 
computational overhead. To optimize accuracy without substantially inflating the model size, this 
paper integrates both CBAM and Cloformer into the Neck module and investigates how various 
combinations affect accuracy and detection speed. As shown in Table 1, experiments 1-3 apply CBAM 
to the small, medium, and large object detection heads respectively, with the remaining heads 
receiving Cloformer input. Conversely, experiments 4-6 assign Cloformer to the small, medium, and 
large detection heads while using CBAM for the others. Scenarios that completely omit either CBAM 
or Cloformer are not considered, with the other two detection heads receiving input from CBAM. 
Scenarios that completely omit either CBAM or Cloformer were not considered in our experiments. 

Table 1. The influence of CBAM and Cloformer at different positions on the model. 

Experiments mAP@0.5 Params(M) FLOPs(G) FPS 

1 76.8 12.69 15.17 98.8 

2 77.4 12.51 15.48 94.6 

3 77.5 11.81 15.52 89.1 

4 77.1 11.57 15.09 102.3 

5 76.6 11.75 14.79 102.9 

6 76.1 12.45 14.74 102.7 

Taking into account model size, detection speed, and accuracy, this paper adopts the 
combination strategy from Experiment 4. In this setup, the medium and large object detection heads 
utilize outputs from CBAM, while the small detection head uses Cloformer outputs. This 
configuration improves detection accuracy by 1.42% with an increase of only 0.4M parameters. 

3.2. Model Lightweight Design 

Efforts to develop lightweight models for hot-rolled strip steel surface defect detection often 
involve replacing the backbone with networks such as MobileNet or ShuffleNet Error! Reference source not found.. 
However, this approach, while reducing computational load, it increases memory access overhead. 
This approach not only fails to solve network latency issues but also slows down the model’s 
inference speed, hindering real-time detection of surface defects on hot-rolled strip steel. 
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Depthwise separable convolution (DWConv) is a lightweight convolution operation method 
specifically designed to enhance memory access efficiency and operational speed. Compared with 
ordinary convolution, depthwise separable convolution can effectively reduce the number of 
parameters and computational load, alleviate overfitting, and improve inference speed and real-time 
detection performance. It has been proven to perform well in various lightweight models, 
significantly reducing the computational and storage requirements of the model while maintaining 
high accuracy [25]. DWConv can significantly reduce the computational complexity by decomposing 
standard convolution into two steps: depthwise convolution and pointwise convolution [26], as 
shown in Figure 7 and Figure 8. Suppose the size of the convolution kernel is DK*DK, the number of 
input channels is M, the number of output channels is N, and the size of the output feature map is 
DF*DF, then the number of parameters and the computational cost of the ordinary convolution are: 

𝑃𝑎𝑟𝑎𝑚𝑠 =  𝐷௄ ∗ 𝐷௄ ∗ 𝑀 ∗ 𝑁  (2)

FLOPs =  𝐷௄ ∗ 𝐷௄ ∗ 𝑀 ∗ 𝑁 ∗ 𝐷ி ∗ 𝐷ி  (3)

The difference between depthwise convolution (DConv) and standard convolution lies in that 
the convolution kernel of depthwise convolution is in single-channel mode, and convolution needs 
to be performed on each channel of the input. Thus, the output feature map will have the same 
number of channels as the input feature map. That is, the number of input feature map channels = 
the number of convolution kernels = the number of output feature map channels. Therefore, its 
parameter quantity and computational cost are:  

𝑃𝑎𝑟𝑎𝑚𝑠 =  𝐷௄ ∗ 𝐷௄ ∗ 𝑀  (4)

FLOPs =  𝐷௄ ∗ 𝐷௄ ∗ 𝑀 ∗ 𝐷ி ∗ 𝐷ி  (5)

In depthwise convolution, the number of input feature map channels is equal to both the number 
of convolution kernels and the number of output feature maps. This can result in an insufficient 
number of output feature maps, which may compromise the integrity of the information. To 
counteract this, a pointwise convolution is applied. Pointwise Convolution (PWConv) essentially 
serves as a dimensionality expansion operation using a 1×1 convolution kernel. Consequently, its 
parameter count and computational complexity are: 

𝑃𝑎𝑟𝑎𝑚𝑠 =  𝑀 ∗ 𝑁 (6)

𝐹𝐿𝑂𝑃𝑠 =  𝑀 ∗ 𝑁 ∗ 𝐷ி ∗ 𝐷ி  (7)

By combining depthwise convolution with pointwise convolution, depthwise separable 
convolution can reduce the parameter count and computational cost to roughly 1/(D_K²) of that of a 
standard convolution, particularly when N is large. 

Params Ratio:
𝐷௄ × 𝐷௄ × 𝑀 + 𝑀 × 𝑁

𝐷௄ × 𝐷௄ × 𝑀 × 𝑁
=

1

𝑁
+

1

𝐷௄
ଶ  (8)

FLOPs Ratio:
𝐷௄ × 𝐷௄ × 𝑀 × 𝐷ி × 𝐷ி + 𝑀 × 𝑁 × 𝐷ி × 𝐷ி

𝐷௄ × 𝐷௄ × 𝑀 × 𝑁 × 𝐷ி × 𝐷ி

=
1

𝑁
+

1

𝐷௄
ଶ   (9)
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Figure 7. Depthwise Convolution. 

     

Figure 8. Pointwise Convolution. 

In addition, we have observed a significant redundancy among different channels in the feature 
maps. Partial Convolution (PConv) leverages this redundancy by applying regular convolution to 
only a selected subset of consecutive channels—such as the first or last c channels—while leaving the 
remaining channels unchanged. This approach reduces both the computational cost and the number 
of parameters. The output feature map maintains the same dimensions as the input.  

To ensure that information from all channels is fully utilized, a pointwise convolution (PWConv) 
is applied immediately after PConv. Together, these operations create an effective receptive field that 
resembles a T-shaped convolution, which emphasizes the central region more than standard 
convolution. This decomposition into PConv and PWConv further exploits the redundancy between 
filters and reduces FLOPS, as illustrated in Figure 9. 

 
Figure 9. Comparison of convolutional variants. A PConv followed by a PWConv (a) resembles a T-shaped Conv 
(b), which spends more computation on the center position compared to a regular Conv (c) [14]. 
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Experiments have demonstrated that PConv is effective in extracting spatial features. By 
constructing a simple network composed of PConv and PWConv and training it on a dataset of 
feature maps extracted from a pre-trained ResNet50, the results show that PConv + PWConv achieves 
the lowest test loss and better approximates the feature transformation of conventional convolution, 
indicating that capturing spatial features from only partial feature maps is sufficient and efficient [14]. 

To integrate DWConv and PConv, this paper replaces the standard convolution in the backbone 
with DWConv and enhances the C2f module. Specifically, the conventional convolution operations 
in both the C2f module and the Bottleneck are substituted with a combination of PConv and PWConv, 
resulting in a significant reduction in model parameters and improved accuracy. The architectures of 
the modified C2f module and Bottleneck are depicted in Figures 10 and 11. 

 
Figure 10. Bottleneck_PConv. 

 
Figure 11. C2f_PConv. 

3.3. Improvement of the SPPF Module 

Spatial Pyramid Pooling (SPP) is mainly designed to address the issue of variable input image 
sizes. In traditional convolutional neural networks, it is usually required that input images have a 
fixed size, which brings many inconveniences in practical applications. Spatial Pyramid Pooling can 
generate fixed-length outputs for input images of different sizes, enabling the network to accept 
images of any size. SPPF (Spatial Pyramid Pooling - Fast) is an improved version of spatial pyramid 
pooling [27]. However, while SPPF reduces the computational load, it increases the number of model 
parameters, which can have a certain impact on the training and inference speed of the model. To 
further enhance the detection speed of the model, this paper introduces SimSPPF. 
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The SimSPPF (Simplified Spatial Pyramid Pooling Fast) module, introduced in YOLOv6, is a 
streamlined spatial pyramid pooling approach designed for feature extraction in computer vision 
tasks. As illustrated in Figure 12, SimSPPF comprises two primary components. The first component 
consists of a series of convolution operations, starting with an initial SimConv layer that processes 
the input feature map and reduces its channel count by half. SimConv is a custom module that 
integrates convolution, batch normalization, and ReLU activation; it extracts features from the input, 
accelerates training and stabilizes the model via batch normalization, and enhances expressive power 
through the nonlinearity provided by ReLU. The second component involves multiple max pooling 
and concatenation operations to fuse features from different scales, followed by a final SimConv layer 
that converts the fused feature map to the desired output channel number. 

 

Figure 12. The structure of SimSPPF. 

Replacing the original model’s SPPF module with the SimSPPF module resulted in an 
approximate 20% boost in inference speed. Figure 13 presents the overall network architecture of the 
enhanced YOLOv8s. 

 
Figure 13. The optimized YOLOv8s network structure. 

4. Experimental Results and Analysis 

4.1. Experimental Dataset 

The dataset used in this paper is the public dataset NEU-DET for hot-rolled steel strip. The 
dataset contains six types of defects, including crazing (Cr), inclusion (In), patches (Pa), pitted surface 
(Ps), rolled-in scale (Rs), and scratches (Sc). There are 300 grayscale images for each of the six types 
of steel surface defects, with a pixel size of 200px × 200px. Some images have more than one defect. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 March 2025 doi:10.20944/preprints202503.1303.v1

https://doi.org/10.20944/preprints202503.1303.v1


 11 of 16 

 

We randomly divided them into a training set and a test set at a ratio of 9:1. Examples of the dataset 
are shown in Figure 1. 

4.2. Experimental Environment and Parameter Settings  

The hardware environment of this experiment is an Intel Core i7-13700KF, with a GPU of 
NVIDIA GeForce RTX 4060Ti. The software environment includes Windows 11, Python (version 3.10), 
PyTorch (version 2.6.0), and CUDA (version 12.6).  

In this paper, the initial learning rate for all YOLO models is 0.0003, which linearly decreases 
with the epochs, and the final learning rate is 1% of the initial value. The optimizer used is AdamW 
(Adam with Decoupled Weight Decay) [28]. The batch size is set to 8, the number of training rounds 
is 500, and an early stopping mechanism is adopted with a patience of 80. The input image size is 
uniformly scaled to 640px × 640px, and data augmentation is performed using Albumentations [29]. 

4.3. Evaluation Indicators 

There are numerous algorithms for detecting surface defects on hot-rolled strip steel, making it 
essential to use a comprehensive set of evaluation metrics to assess performance. This work employs 
conventional object detection metrics—such as model parameters (Params), computational 
complexity (FLOPs), defect-specific accuracy, average precision (AP), mean average precision (mAP), 
and frames per second (FPS)—to comprehensively assess performance. The Params and FLOPs 
metrics are used to evaluate the network’s lightweight characteristics, while FPS measures its real-
time detection capability. Generally, achieving an FPS above 30 indicates that the model meets the 
real-time detection requirements. 

Accuracy is used to evaluate the proportion of surface defects of hot-rolled strip steel correctly 
detected in all detection boxes. It is usually measured by precision (P) and recall (R). Precision, also 
known as the positive predictive value, is the proportion of correct samples in the predicted results; 
Recall, also known as the true positive rate, is the proportion of detected samples. The calculation 
formulas for precision P and recall R are: 

𝑃 =
𝑇୔

𝑇୔ + 𝐹୔

      𝑅 =
𝑇୔

𝑇୔ + 𝐹୒

 (10)

In Equation (10): 𝑇୔  represents the number of correctly predicted positive samples; 𝑇୒ 
represents the number of correctly predicted negative samples; 𝐹୔  represents the number of 
incorrectly predicted negative samples; 𝐹୒ represents the number of incorrectly predicted positive 
samples. 

The calculation formulas for precision and average precision are: 

𝐴𝑃 = න 𝑝
ଵ

଴

(𝑅)d𝑅      𝑚𝐴𝑃 =
∑ 𝐴𝑃(𝑖)௡

௜ୀ଴

𝑛
 (11)

The performance of mAP varies at different thresholds. The most commonly used one is 
mAP@0.5, which represents the average precision of all categories when the threshold IOU is 0.5. 

4.4. Melting Experiments and Result Analysis 

To evaluate how these five enhancements influence the model’s detection performance and 
complexity, we carried out ten experiments under consistent environmental and parameter 
conditions. Each experiment was trained five times, and the trial achieving the highest accuracy was 
recorded. Table 2 presents the outcomes, where “√” denotes the incorporation of the corresponding 
module. 
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Table 2. Ablation experiments on improvement points. 

Experim
ent 

CBA
M 

DWCo
nv 

PCo
nv 

CloFo
mer 

SimSP
PF 

Para
ms 

FLO
Ps 

P R 
mAP

50 
FPS 

1 / / / / / 11.17 14.36 
74.
4 

9
5 

75.68 
107.

8 

2 √ / / / / 11.51 14.36 
74.
3 

9
5 

76.65 
102.

4 

3 / √ / / / 9.61 12.5 
79.
4 

9
5 

77.61 
136.

7 

4 / / √ / / 8.31 10.35 
71.
1 

9
7 

75.23 
173.

5 

5 / / / √ / 12.75 15.9 
77.
2 

9
6 

76.82 83.6 

6 / / / / √ 11.17 14.36 
76.
8 

9
4 

75.88 
129.

9 

7 √ √ / / / 9.95 12.5 
74.
9 

9
6 

78.43 
122.

6 

8 √ √ √ / / 7.10 8.49 
72.
9 

9
7 

77.27 
191.

7 

9 √ √ √ √ / 8.27 9.31 
77.
2 

9
8 

79.08 
180.

7 

10 √ √ √ √ √ 8.28 9.31 
77.
5 

9
8 

80.41 
182.

4 

Table 2 indicates that augmenting YOLOv8s with either CBAM or Cloformer substantially raises 
the average detection accuracy for identifying defects on hot-rolled steel strips. Conversely, 
introducing DWConv lowers the model’s parameter count and computational overhead, thereby 
markedly increasing detection speed while also improving accuracy. Although using partial 
convolution results in a slight 0.45% decrease in accuracy, its major benefits in lowering parameters 
and computational cost—and the corresponding speed gains—are considerable. Additionally, the 
combination with SimSPPF not only improves detection accuracy marginally but also increases 
inference speed by approximately 20%. Ultimately, the fully enhanced YOLOv8s model 
(YOLOv8s+CBAM+DWConv+PConv+Cloformer+SimSPPF) achieves superior performance in 
detection accuracy, precision, and recall. Its outstanding detection speed is particularly critical for 
industrial defect detection scenarios with high real-time demands. Therefore, the proposed improved 
algorithm delivers both high accuracy and exceptional real-time performance in detecting surface 
defects on hot-rolled steel strips, proving its effectiveness in practical applications. 

4.5. Controlled Experiment  

4.5.1. Comparison Before and After Improvement 

To verify the detection effect of the algorithm RM-YOLOv8 proposed in this paper on various 
types of surface defects of steel strips, the average precision of the original YOLOv8 and RM-YOLOv8 
in detecting various types of defects on hot-rolled steel strips was compared. The comparison results 
are shown in Figure 14. 

As can be seen from Figure 14, the algorithm proposed in this paper has good detection accuracy 
for all types of defects. Among them, the mAP of crazing defects increased by 8.6%, the mAP of 
rolled-in scale defects rose by 4.62%, and the mAP of the remaining defect types also increased by 
approximately 3–4% each.. 

Furthermore, to assess the attention module’s focus on the target, Gradient-weighted Class 
Activation Map++ (Grad-CAM++) [30] was used to visualize the defect locations.. When the model 
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predicts a defect, a brighter, more concentrated color at the defect location indicates a more accurate 
localization by the model. The comparison effect of the heat map is shown in Figure 15. 

Based on the heat map in Figure 15, incorporating both the CBAM and Cloformer attention 
mechanisms noticeably enhances the model’s focus on steel strip defects, the improved YOLOv8s 
model exhibits a stronger response at the steel strip’s defect locations compared to the original 
YOLOv8s. 

 

Figure 14. Comparison of average detection accuracy of various defects before and after improvement. 

 

Figure 15. Comparison of heatmap results before and after the improvement of the YOLOv8 model. 

4.5.2. Comparison with Other Algorithms    

To further validate the detection performance of the improved algorithm, a comprehensive 
comparison was conducted on the NEU-DET dataset under consistent experimental conditions and 
parameter settings. The evaluation included representative models such as SSD [31], Faster R-CNN, 
EfficientDet-D1 [32], along with classic YOLO series models (YOLOv5s and YOLOv6s). The 
experimental results are detailed in Table 3. 

In terms of performance, the improved YOLOv8s model achieves the best balance between 
accuracy and efficiency on the NEU-DET dataset. When benchmarked against the conventional two-
stage Faster R-CNN, our enhanced YOLOv8s model achieves a 4.01% increase in mAP, cuts down 
parameters by 80.2%, and delivers an 8.3-fold improvement in inference speed. Moreover, compared 
to YOLOv5s, it attains a 4.8% higher detection accuracy while keeping the inference speed nearly 
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unchanged. These results confirm the advantages of the proposed method in industrial defect 
detection scenarios, as it combines high accuracy with low resource consumption. 

Table 3. Performance Comparison of Various Algorithms. 

Method mAP FLOPs Params FPS 

YOLOv5s 75.6 7.2 8.7 195 

YOLOv6s 78.2 9.8 12.4 165 

Faster R-CNN 76.4 41.5 134.2 22 

SSD 68.9 26.8 35.4 125 

EfficientDey-D1 73.8 13.6 10.5 95 

Ours 80.41 8.21 9.31 182.4 

5. Discussion 

The excellent performance of the improved YOLOv8s on the NEU-DET dataset validates the 
effectiveness of lightweight design and task-specific optimization. Compared with YOLOv5s, 
although the number of parameters has slightly increased, the mAP has improved by 4.8%, mainly 
due to the introduction of the Cloformer and CBAM modules, which significantly enhance the 
model's ability to locate tiny cracks. Meanwhile, by introducing DWConv and PConv, the model 
significantly reduces redundant computations while retaining the ability to extract key features. The 
number of parameters is 80.2% less than that of Faster R-CNN, and the computational cost is only 
26.3% of SSD300. However, it was observed that when defect size falls below 10×10 pixels (as with 
crazing defects), detection accuracy drops by around 20%. This decline is likely due to the low-
resolution limitations of the feature pyramid at the lower levels.. Moreover, the deployment 
efficiency of the model on embedded devices has not been verified and still requires further 
experimental verification and optimization. Future research will explore the joint optimization of 
super-resolution reconstruction and detection tasks to further enhance the sensitivity to microscopic 
defects. 

6. Conclusion 

Addressing the challenges of designing lightweight networks and detecting small targets for 
hot-rolled strip steel surface defects, this paper proposes an optimized YOLOv8s model.. The findings 
reveal that, compared to the original YOLOv8s, the optimized version significantly enhances 
detection accuracy, reduces model size, and accelerates detection speed. Moreover, when measured 
against current mainstream surface defect detection algorithms, the improved YOLOv8s not only 
boosts detection speed but also offers a lightweight design that is well-suited for edge deployment in 
industrial scenarios. These results provide valuable insights and serve as a reference for advancing 
surface defect detection in hot-rolled strip steel. 
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