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Abstract: Steel surface defect detection plays a crucial role in industrial quality inspection. However, automated
recognition remains challenging due to the complexity and diversity of defect types, such as cracks, pores,
scratches, and dents. Traditional detection methods often struggle to balance accuracy and efficiency, especially
in scenarios with complex backgrounds or small defect sizes. Although mainstream algorithms have made
progress in improving recognition performance, they commonly exhibit limitations in sensitivity to small
defects, robustness against background interference, and practicality for industrial applications. In order to
confront the aforementioned difficulties, this paper proposes an enhanced surface defect detection method
named MBY (MBDNet-Attention-YOLO), which integrates the MBDNet backbone with the YOLO framework.
First, the backbone network incorporates modules such as HGStem, Dynamic Align Fusion, and C2f-DWR to
achieve efficient extraction and fusion of multi-scale features while optimizing computational resource
utilization. Second, in the neck structure, we design a MultiSEAM feature fusion module to enhance synergy
across multi-scale features, thereby strengthening the model’s capability in detecting subtle defects and handling
complex backgrounds. Furthermore, the Inner-SloU cost function is incorporated to improve bounding box
regression accuracy and accelerate training convergence by refining the alignment between predicted and
ground-truth boxes. Experiments conducted on two public steel defect datasets, NEU-DET and PVEL-AD,
demonstrate the effectiveness of our method. The MBY model achieves 85.8% mAP@0.5 on NEU-DET and 75.9%
mAP@0.5 on PVEL-AD, outperforming state-of-the-art defect detection algorithms. These results validate that
the proposed approach not only enhances detection accuracy but also exhibits strong generalization capability
and practical potential.

Keywords: MBDNet, YOLO, dynamic align fusion, MultiSEAM, Inner-SIoU, steel surface defect detection

1. Introduction

The steel industry has become increasingly automated with industrial development. As an
indispensable pillar of global infrastructure construction, the quality of steel is closely linked to
engineering safety and service life. One of the most critical factors affecting steel quality is surface
defect detection [1]. Therefore, steel surface defect detection is of paramount importance [2]. Defects
such as pores, cracks, scratches, pits, and decarburization often result from impurities in raw
materials, improper production processes, or faulty equipment [3]. These defects not only
compromise the aesthetic appeal of steel but also degrade its mechanical properties and corrosion
resistance. For instance, cracks and pores may lead to structural fractures during subsequent
processing or use, significantly reducing safety, while scratches and pits can adversely affect coating
adhesion and surface treatment effectiveness.

Currently, steel surface anomaly identification methodologies can be broadly delineated into
traditional image processing techniques and deep learning-based intelligent detection approaches
[4]. Traditional methods rely heavily on manual experience or handcrafted features, impeding the
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capacity to fulfill the dual imperatives of efficiency and precision in modern manufacturing [5]. In
contemporary times, the burgeoning field of Machine Learning and Cognitive Computing,
particularly deep learning, have made it a dominant direction in steel defect detection. Common
object detection algorithms can be apportioned into two divisions: Dual-Phase methods, illustrated
by the R-CNN series [6], which offer high accuracy but suffer from slow inference speeds due to their
multi-step process; and single-stage methods, such as YOLO [6-8] and SSD [10], which prioritize
efficiency but often at the cost of reduced accuracy. Moreover, steel defects in real-world scenarios
often exhibit irregular shapes and small sizes, further complicating accurate detection. To ensure
robust performance, models must possess strong feature representation capabilities and maintain
stability under varying backgrounds, placing higher demands on algorithm robustness.

Object detection methodologies predicated on Convolutional Neural Networks (CNNs) have
consequently become a research hotspot in Steel Surface Anomaly Identification. Zhao et al. [11] put
forward an enhanced YOLOv5 model called RDD-YOLO, which expands the receptive field using
Res2Net, enhances feature reuse and expression through a dual feature pyramid network (DFPN),
and improves classification and regression independence with a decoupled detection head.
Experimental results show that RDD-YOLO achieves a 4.3% and 5.8% increase in mAP across the
NEU-DET and GC10-DET datasets, correspondingly, while maintaining high detection speeds.
Sunkara et al. [12] introduced the YOGA model, which combines lightweight feature learning with
multi-scale attention mechanisms. By employing a CSPGhostNet backbone and an AFF-PANet
feature fusion network, YOGA improves detection accuracy. The model adopts a two-stage feature
learning pipeline and group convolution to reduce the number of convolutional kernels, thereby
lowering parameters and computational costs while retaining feature learning capabilities. To
optimize multi-scale feature fusion, YOGA incorporates a local attention mechanism in the neck
network, effectively enhancing small object detection. Experiments demonstrate that YOGA achieves
a 15% improvement in average precision (AP) on the COCO validation set compared to YOLOV5,
while reducing computational load and parameters by 29% and 23%, respectively, showcasing strong
adaptability for edge devices.

Shi et al. [13] elaborated an optimized Faster R-CNN model, which adopts a ConvNeXt
backbone and integrates a CBAM module to enhance focus on steel surface defects while reducing
background interference. Additionally, the model optimizes anchor box generation using the k-
means clustering algorithm. Experiments show that the improved Faster R-CNN achieves an mAP of
80.78% on the NEU-DET dataset, outperforming YOLOvV5 by 1.5% and the original Faster R-CNN by
8.4%, with a detection velocity of 26 frames per second, demonstrating superior real-time defect
detection capabilities. Meng et al. [14] introduced a refined YOLOv8n model by replacing the SPPF
module to enhance the accuracy and speed of steel surface defect detection. Experimental results
confirm that the modified YOLOv8n outperforms the original YOLOv8n on the NEU-DET dataset,
validating its excellence in defect detection. Liu et al. [15] proposed an augmented zero-shot
YOLOV10 model (EZS-YOLOvV10) to optimize the detection of tiny steel defects. The model improves
detection accuracy through adaptive multi-scale feature fusion and an enhanced anchor box
mechanism, while incorporating a region feature synthesis network for zero-shot learning.
Experimental results show that EZS-YOLOV10 realizes a 1.5% augmentation in mAP on the COCO
dataset and a 2.7% improvement in mAP for tiny objects, along with a 2.7% mAP gain on the
VisDrone dataset. Guo et al. [16] developed the MSFT-YOLO model, which integrates Transformer's
TRANS module into YOLOVS. By leveraging multi-scale feature fusion and a BiFPN structure, MSFT-
YOLO improves the detection accuracy of steel surface defects, particularly in scenarios with
background interference and small defects. Experimental results indicate that MSFT-YOLO achieves
a 7% increase in mAP on the NEU-DET dataset. Tang et al. [17] proposed an optimized YOLOv5n
model for steel strip surface defect detection. By introducing an attention mechanism within the
foundational network architecture, the model enhances defect feature distillation and accelerates
convergence through an optimized loss function. Experimental findings demonstrate that the refined
model attains an 8.3% increase in recall and a 3.6% improvement in average precision compared to
YOLOv5n, while reducing training time by 44%. Jiang et al. [18] introduced the YOLOv8n-SDEC
model, which replaces the SPPF module with an SPPCSPC module to improve perception of defects
at different scales. The model also incorporates deformable convolution (DCNv2) and CARAFE
modules to optimize feature extraction and upsampling. Furthermore, by replacing the CloU loss
function with EloU, the model enhances regression accuracy and convergence speed. Experimental
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results demonstrate that YOLOv8n-SDEC achieves a 3.3% improvement in mAP on the NEU-DET
dataset, significantly boosting detection accuracy. Zhong et al. [19] articulated an augmented
YOLOV5 model for steel surface defect detection. By introducing an OSA-C3 module to enhance
feature transformation, a BiC-PAN structure to improve multi-scale feature fusion, and a coordinate
attention (CA) mechanism to optimize localization accuracy, the model achieves an mAP of 79.1% on
the NEU-DET dataset, outperforming YOLOvV5 by 2.6% while maintaining high detection speeds.
Zhao et al. [20] formulated an attention-based multi-scale feature fusion module (AMFF), which
enhances steel surface defect detection accuracy through a self-enhanced attention module (SEAM)
and a cross-enhanced attention module (CEAM). SEAM augments feature information using dilated
convolution and internal attention mechanisms, while CEAM optimizes feature fusion through cross-
layer attention. Experiments show that integrating AMFF into FPN and PAFPN significantly
improves detection accuracy and real-time efficacy.

With the objective of confronting these issues, this paper proposes MBY (MBDNet-Attention-
YOLO), a steel surface defect detection method that combines a dual-backbone structure with
attention mechanisms. Specifically, we construct an efficient feature extraction backbone network,
MBDNet, which incorporates HGStem [21], Dynamic Align Fusion [22], and C2{-DWR [23] modules
to enhance multi-scale information perception and expression. Subsequently, the MultiSEAM [24]
module is added to the neck structure to further extract and fuse spatial and channel information
across different scales, adapting to complex texture backgrounds and tiny defect detection
requirements. Additionally, to improve bounding box localization accuracy and accelerate training
convergence, we introduce an improved Inner-SloU [25] loss function to optimize the matching
between predicted and ground-truth boxes. Finally, we validate the proposed method on two public
datasets, NEU-DET [26] and PVEL-AD [27]. Experimental results demonstrate that MBY outperforms
existing mainstream algorithms in both detection accuracy and recall, proving its effectiveness.

The principal advancements of this research are presented hereinafter:

1. We asserted MBY, a steel surface defect detection method that combines the MBDNet
backbone with the YOLO framework, achieving high performance while maintaining inference
efficiency.

2. We design a compact and powerful backbone network, MBDNet, incorporating HGStem,
Dynamic Align Fusion, and C2{-DWR modules to enhance multi-scale feature extraction.

3. We introduce the MultiSEAM module in the detection head to integrate multi-scale spatial
and channel information, improving detection performance for small defects and complex
backgrounds.

4. We propose the Inner-SloU loss function to enhance bounding box regression accuracy and
training stability, improving overall model robustness.

2. Proposed Method
2.1 Backbone Network: MBDNet

In this study, we introduce a novel backbone architecture named MBDNet, characterized by a
dual-backbone framework designed to improve both feature extraction and integration. The
comprehensive structure of the proposed network is depicted in Figure 1. Conventional
convolutional neural networks (CNNs) frequently encounter difficulties in efficiently capturing
multi-scale features, especially when addressing complex defect recognition challenges, which
consequently hinders the comprehensive efficacy of the model.

To address this, we design two specialized modules: HGStem for low-level feature extraction
and C2f for high-level feature fusion, both significantly improving the network’s representational
capacity.

To further boost computational efficiency, we integrate the Depthwise Separable Convolution
(DWConv) module [28]. DWConv decomposes standard convolutions into depthwise and pointwise
operations, drastically reducing computational cost while preserving the ability to extract rich multi-
scale feature information [29].Additionally, to strengthen feature fusion capabilities, we incorporate
the Dynamic Align Fusion module, which aligns and merges feature maps across different scales,
thereby enhancing the model’s multi-scale perception [30]. Ultimately, the Spatial Pyramid Pooling
Fast (SPPF) module is integrated to enhance the perceptual domain, ergo boosting the network's
ability to detect objects of diverse sizes.
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In summary, the core components of MBDNet include HGBlock, DWConv, Dynamic Align
Fusion, and SPPF, collectively enabling efficient and robust multi-scale feature extraction and fusion.
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Figure 1. (a) MBDNet (b) SPPF (c) HGblock (d) HGSteam.

In tasks involving small object detection, standard convolution operations, as depicted in Figure
2(a), tend to capture excessive redundant information, which leads to increased computational
overhead. To address this issue, this study replaces conventional convolution (Conv) with Depthwise
Separable Convolution (DWConv). The DWConv process, illustrated in Figure 2(b), decomposes
convolution into two distinct stages. Initially, depthwise convolution is applied independently on
each input channel, producing a reduced feature map, denoted as . Subsequently, a simpler linear
operation is conducted: group convolution is performed channel-wise, instead of the cross-channel
convolution used in standard methods, resulting in a redundant feature map, denoted as . In the end,

these two feature maps, denoted as X, and X, are merged to produce the final output feature

map with depth, which can be expressed as:

X, =X W, (1)
X, =X ®W, )
Y=X,0X, ®)

In this context, X refers to the feature map at the input layer,while ¥, denotes the standard
convolution kernel, W, denotes the group convolution kernel. ® stands for the standard

convolution operation, @ indicates concatenation along the channel dimension.

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


https://doi.org/10.20944/preprints202506.1598.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 June 2025 d0i:10.20944/preprints202506.1598.v1

5 of 24
M
D
N D M
D N
(a) Conv K D
K
N
D
D
N k N
5 k
(b) DWConv D

Figure 2. (a) conv (b) DWConv.

2.2. Dynamic Align Fusion (DAF)

To mitigate feature alignment errors across multiple backbones, this work introduces a Dynamic
Align Fusion (DAF) mechanism [31]. Because features from different sources often differ in channel
dimensions, spatial layouts, and scales, straightforward concatenation or weighted fusion can
degrade the completeness of feature representations. DAF addresses this by implementing feature
alignment, adaptive weighting, and channel-wise modulation, enabling more precise fusion and
thereby boosting object detection network performance. The working principle of DAF is depicted in
Figure 3. This approach is compatible with various architectures such as YOLOVS, EfficientDet [32],
and PP-YOLO [33], enhancing detection accuracy while keeping additional computational costs low.
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Figure 3. Network architecture of the Dynamic Align Fusion (DAF) mechanism.

In the DAF structure, 1x1 convolutions are first applied to the input features X = {x,,x,} for

channel alignment, ensuring that they can be fused within a common feature space. Since X, and X,

may originate from different backbones and thus have mismatched channel dimensions, the
following adjustments are required:

%, =Conv,,(x,), X, =Conv,,(x,) 4)

Here, W™ and W,"" are 1x1 convolution weights used for channel transformation to
align x,and x, along the channel dimension. This operation balances the information distribution
across channels, providing a foundation for subsequent fusion.

After channel alignment, the aligned features X, and X, are concatenated. To make the fusion

process more adaptive, the Dynamic Align Weight (DAW) mechanism is introduced. Specifically, a

3X3 convolution is performed on the concatenated features to capture high-level integrated
information:

‘xconcat = [‘)el > ‘)%2 ]’ W = O-(Conv3><3 (xconcat ))

align

©)

on . o .
Here, Convy, denotes a 3%3 convolutional layer utilized to derive the fused features from
the concatenated input.

O-() represents the logistic function, which scales the weights to lie within the range (0,1),
enabling adaptive normalization of features from different sources. Subsequently,

align

The output is partitioned along the channel axis into two separate dynamic weight tensors,

W, w
I and "2 :

wl, w2 = split(Walign,?2) (6)

Ultimately, DAF adjusts the contribution of input features through weight allocation, ensuring
that features generated by different backbones can be fused more harmoniously:

X=wO0Ox, %L=wm0%x @)

Here, O represents element-wise multiplication, where dynamic weights are used to assign a
weighted contribution to the input features, ensuring that the effective information from different
sources is more aligned with the fusion requirements. However, relying solely on dynamic weights
may lead to the excessive suppression of certain feature paths. Therefore, we further introduce

Learnable Channel Weights to address this issue. 4, and A, are used to optimize the ratio of the

final fused features, allowing the network is designed to adaptively modify the impact of various
routes according to the input representations:

y=Conv,, (4% +4,-%,) 8)

Here, 4, and A, are trainable parameters, initialized to 0.5, and automatically optimized

during training to enable the model to learn the optimal feature fusion ratio. To prevent A, and 4,
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from experiencing gradient explosion or numerical instability during training, DAF imposes the
following constraints:

A, =clip(| 4 1,1.0)-sign(4), ie{l,2} (9)

This constraint ensures that the channel weights remain within a reasonable range, maintaining
the stability and generalization ability of the network. Finally, we use a 1X1 convolution to adapt
the features for downstream detection tasks.

2.3. C2f-DWR Module

In object detection tasks, YOLOVS utilizes the C2f (Cross Stage Partial Feature Fusion) module
to achieve feature fusion, allowing efficient sharing of information across different layers and
improving both detection accuracy and computational efficiency [34]. Nevertheless, in the domain of
steel surface defect detection, challenges including edge damage
, pits, scratches, and decarburization layers often vary significantly in terms of shape, size, and
distribution. The large scale variation and complex shapes of these defects make it difficult for the
standard C2f structure to capture multi-scale information effectively. When defects have blurred
boundaries or uneven distribution, the model may fail to gather enough contextual information,
which impacts detection performance and may result in false positives or undetected defects.To
address this issue, this paper proposes an enhanced solution — the C2{-DWR module, which
incorporates the Dilated Residual (DWR) mechanism into the original C2f structure to further
improve feature extraction [35].

The structural design of the DWR module is illustrated in Figure 4.This module adopts a dual-
branch structure consisting of Region Residual (RR) and Semantic Residual (SR) components, aimed
at enhancing feature extraction and enabling the model to achieve enhanced proficiency in managing
defects that exhibit a wide range of dimensions.

Initially, the input features are processed with a 3x3 standard convolution.Afterward, the
framework incorporates a normalization technique based on batch statistics, which is succeeded by
an element-wise thresholding operation to introduce nonlinearity into the data flow, thus enabling
the model to perform both normalization and nonlinear transformation effectively. This part belongs
to the RR branch, which is primarily responsible for extracting local detail information, enabling the
model to better recognize small defects.

Next, the features are passed to the SR branch for further feature extraction. Subsequent to the
application of 3X3 depthwise convolution (DConv), the feature maps are subjected to a pair of
3x3 depthwise convolutions, each characterized by distinct dilation rates, thereby facilitating
multi-scale feature extraction. Specifically, one branch employs a dilation rate of 3 (denoted as D-3),
while the other utilizes a dilation rate of 5 (denoted as D-5). This dual-branch approach effectively
expands the receptive field, thereby facilitating the model's capacity to assimilate a more expansive
ambit of contextual intelligence.

Finally, the features from both branches are concatenated, followed by batch normalization (BN)
for data adjustment and a dimensionality-reducing 1X1 convolutional layer is utilized to alleviate
computational burden. Thereafter, the resultant feature map is amalgamated with the initial input
features by means of a residual linkage. This process enables the network to conserve the pristine
information, refine feature depiction, and augment detection precision.

The architectural configuration of the C2f-DWR unit is depicted in Figure 4(b).The core idea is
to introduce different dilation rates into convolution operations to broaden the receptive field,
thereby enabling it to capture a more extensive range of features while maintaining a relatively low
computational complexity.Compared to increasing convolution kernel sizes or deepening the
network layers, this strategy enhances computational efficiency while guaranteeing superior precision
in detection and rapid processing velocity.With this improvement, the model can accurately extract
features, whether for tiny scratches or large surface damages, improving detection stability and
generalization.
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2.4 Detect_MultiSEAM

Steel surface defects exhibit diverse types—including scratches, pits, cracks, oxidation spots, and
peeling—varying widely in size and morphology. These defects are further complicated by complex
textures, illumination variations, and noise interference, posing significant challenges to detection.
To enhance defect feature extraction, the MultiSEAM module is introduced into the detection head
of the YOLOv8n model, as illustrated in Figure 5. This module extracts and fuses deep features output
from the backbone across multiple scales, enabling more comprehensive capture of the spatial
distribution and morphological characteristics of defects. As a result, the model’s capacity to identify
various types of defects is enhanced, thereby minimizing false alarms and reducing the incidence of
undetected defects.Additionally, MultiSEAM mitigates information loss caused by occlusion and
uneven lighting through feature fusion, thereby augmenting the model's robustness and versatility
in steel surface defect detection [36].

MultiSEAM improves detection accuracy by strengthening feature extraction in unoccluded
regions and alleviating the performance degradation caused by object occlusion. Its core component
is the Channel and Spatial Mixed Module (CSMM), which processes input features using parallel
convolution kernels of varying scales to more fully capture multi-scale information, allowing for
more precise defect localization. Within CSMM, depthwise separable convolutions and residual
connections are combined to reduce computational complexity while preserving feature integrity and
improving efficiency. Since handling channel information individually might overlook inter-channel
correlations, a 1x1 convolution is additionally employed to integrate channel features and enhance
feature interactions. The processed features then undergo global average pooling to reduce spatial
dimensions, minimizing redundant information and boosting feature stability. Subsequently, A dual-
layer fully connected network further integrates channel information, thereby reinforcing the
interconnections among distinct features. Finally, channel expansion operations integrate multi-scale
information effectively, significantly reducing detection errors caused by occlusion or complex
background interference.
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Figure 5. Architecture diagram of the MultiSEAM module

2.5 Inner-SloU

Steel surface defects are diverse and often minute, leading to blurred object boundaries that
negatively impact detection accuracy in surface inspection tasks. The traditional Complete IoU
(CIoU) loss function tends to cause false positives and false negatives during bounding box
optimization, which affects both detection precision and model convergence speed [37]. To overcome
these issues, this research employs the Inner-SIoU loss function to augment the efficacy of spatial
localization regression. Expanding on the SloU foundation, Inner-SloU incorporates a ratio-scale
factor that modulates the dimensions of an auxiliary bounding box, thereby stabilizing the loss
computation [38]. In contrast to CloU, which chiefly takes into account the overlap area, center
distance, and aspect ratio,Inner-SIoU further improves directional awareness of the target, enabling
more accurate defect localization in complex steel surface defect detection tasks and accelerating
training convergence.

The Inner-SloU loss modulates the auxiliary bounding box size via the scale factor, making it
adaptable to various datasets and detectors, thereby addressing limitations in detection accuracy of
existing methods. Specifically, as illustrated in Figure 6, the target box (TB) and anchor box (Anchor

Box) are denoted as bgt and b, respectively. making it adaptable to various datasets and detectors,

thereby addressing limitations in detection accuracy of existing methods. Specifically, as illustrated
in Figure 6, the target box (TB) is represented as Box 1, while the anchor box is represented as Box 2.

gt gt
The central coordinates of Box 1 are Yoo Ve ) (xc,y ¢

, and those of Box 2 are ) . The respective

widths and heights of Box 1 and Box2are w,, , hgt and w , h .The scale factor ratio generally
varies between 0.5 and 1.5. When '™ is less than 1, the auxiliary box is smaller than the ground
truth box, resulting in a larger IoU gradient magnitude for the auxiliary box compared to the original

target box. This accelerates the convergence for samples with high IoU values. In contrast, when ratio
is greater than 1, the auxiliary box is larger than the ground truth box, which broadens the regression
range and facilitates learning for samples with low IoU values.

The ratio for Inner IoU is defined as follows:
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We *p We *p
gt _ .8 ratio gt _ .8t ratio
b =x¥ ——— b¥ =xF + ——2

c 2 c
(10)

In this scenario, b signifies the abscissa of the auxiliary bounding box's left edge, whereas

b¥" indicates the abscissa of its right edge.

hgt * 4 8t %
gt __ .,8 ratio gt __ .,8t ratio
b =ys — bf =8y ——e
11)

gt
In this context, " signifies the perpendicular coordinate of the lower edge of the ancillary
gt
spatial localization frame, while * indicates the perpendicular coordinate of the upper edge.

* *

Wr . Wr .
b[ — xc ’/;’atlo ’br — xft + ’/;’atzo (12)
2 2
h*r . h*r. .
b=y =T b, =y ke (1)

In this scenario, b, specifies the lateral position of the left extremity of the auxiliary anchor box;
b, delineates the lateral position of the right extremity; b, denotes the vertical position of the lower
extremity; and b, characterizes the vertical position of the upper extremity of the auxiliary anchor

box.

inter = (min(b%, b, ) — max (b, b)) x (min(b¢, b, ) — max(b¢', b,))
(14)

union = (W* x h®)x (ratio)’ + (wx h)x (ratio)* — inter
(15)

Toymer = 1ter (16)
union

Here, loU™" corresponds to the Inner-IoU metric; inter indicates the area of overlap between
the auxiliary delimiting box and the auxiliary reference box; union denotes the aggregate area
encompassing both boxes.

Compared to the traditional CIoU, SloU offers significant advantages in object detection tasks.
It not only accounts for the basic Intersection over Union (IoU) but also integrates shape
characteristics, central point distance, and angular data, thereby facilitating more accurate bounding
box alignment. The loss function is formulated as:

Lg,, =1-1oU +(A+Q)* 17)

Here, the angle loss A is calculated as follows:
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A:%Z(l—e‘”’), y=2-A (18)

w,h
p.=(wb,=b .y, p,=(hb~b.) 19

The equation for determining the angle A is delineated hereafter:

[ G =2+ 0, =)’

A =sin2sin” - —— : .
mln(| Xy =X |9|ygt_y |)
(20)
The computation of the shape loss € is articulated subsequently:
1 o (W= W, |
Q=—>(1-¢") w=——"—" (1
2 w,h Wmax (W’ Wgt)

In summary, The Inner-SloU loss amalgamates the SloU loss and the Inner-IoU loss to refine
bounding box regression within object detection frameworks. The Inner-SloU loss function is
formulated thusly:

LInner—SIoU - LSIOU +1IoU - lo Uinner (22)
L Winner |
~—
1
1
1
1
&
[N -
s
1
1
1
1
1
= 1
= N
5 g !
ER g z -5
= 3 ’ &
=
(€T (€357)
ot wee
inner
gt
Wge inner
r—————- 1 r=————— |
[ 1 | 1
Target Box InnerTarget Box Anchor Box InnerAnchor Box

Figure 6. Network architecture diagram of SloU

2.6 Object Detection Network MBDNet-Attention-YOLO (MBY)

The initial YOLOVS utilizes a dedicated deep learning framework for object detection tasks. At
the outset, input images are standardized to a consistent size to align with the network's input
specifications. Subsequently, these images are processed through a convolutional neural network
(CNN) to extract salient features, which are then utilized for object prediction across multiple scales.
Finally, the model processes the predictions to output detected object information.

In this research, we introduce the MBY detection algorithm, which is built upon the YOLOvS8
architecture, as delineated in the accompanying graphic. The proposed model is primarily composed
of three essential parts: the backbone, the neck, and the head [39].
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The backbone is entrusted with extracting critical image features and comprises several
modules, including the HGStem module, C2f-DWR module, Dynamic Align Fusion (DAF) feature
fusion module, DWConv convolution module, HGBlock module, and SPPF module. These elements
function collaboratively to capture rich hierarchical feature representations from the input data,
which in turn augments the network's capacity for feature depiction.

The neck primarily integrates and refines feature information. It derives motivation from the
Feature Pyramid Network (FPN) [40] and Path Aggregation Network (PANet) [39,40], enabling the
integration of feature representations at multiple scales. This architecture markedly bolsters the
framework's proficiency in identifying diminutive objects and augments the precision of detection
across diverse object dimensions.

The detection head is tasked with generating the ultimate detection results. Utilizing a
decoupled detection head architecture, the model optimizes classification and regression tasks
independently. Moreover, to boost small object detection performance, an additional dedicated
small-object detection layer is incorporated in the detection head, enabling MBY to reliably detect

minute targets even in complex backgrounds.
______________________________ e
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Figure 7. Architecture diagram of the MBY algorithm

3 Experiments
3.1 Data Description

The ongoing research utilizes the NEU-DET dataset provided by Northeastern University to
evaluate the efficacy of the proposed network [42]. The dataset encompasses six categories of steel
surface defects: cracks (Cr), inclusions (In), patches (Pa), pitted corrosion (Ps), rust spots (Rs), and
scratches (Sc). Each classification consists of 300 images, with each image exhibiting at least one
defect. To additionally scrutinize the framework's capacity for generalization, the PVEL-AD dataset
is employed. Detailed statistics, including the number of images per category as well as the training
and validation splits, are presented in Table 1 [43]. These datasets support the subsequent
experimental investigation and result analysis. Owing to the diverse defect categories, they enable a
thorough assessment of the novel method across various target detection scenarios. Figure 8
illustrates the allocation of defect types in both datasets.

Table 1. Statistics of Dataset Categories and Image Counts.

Name Number of Training Validation set Test set
categories  set
NEU-DET 6 1260 360 180
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Figure 8. Category distribution in the two datasets

3.2 Hyperparameter Settings

To verify the efficacy of the introduced MBY algorithm, all model architectures were realized
using the PyTorch 1.8 framework on an NVIDIA GeForce RTX 3090 GPU. The hyperparameter
configurations for the models are detailed in Table 2.

Table 2. Hyperparameter Settings.

Name NEU-DET PVEL-AD
Optimizer SGD SGD
Learning rate 0.01 0.01
Weight decay factor 0.0005 0.0005
Batch size 32 32

Epoch 300 300

Image size 640x640 640x640

3.3. Evaluation Metrics

In the realm of object detection, Precision (P) and Recall (R) serve as canonical metrics for
gauging the performance of detection models. They are defined as follows:

.. TP
Precision = — (23)
TP+ FP
Recall = _r (24)
TP+ FN
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True Positives (TP) denote the quantity of accurately detected instances, False Positives (FP)
denote the count of erroneously detected instances, and False Negatives (FN) denote the quantity of
identified objectives that eluded detection by the model. To conduct a more rigorous evaluation of
the model's detection capability, Average Precision (AP) is frequently employed to appraise
performance within a single category. A Precision-Recall (PR) curve is delineated, with Recall (R)
delineated on the horizontal axis and Precision (P) on the vertical axis. The area beneath this curve
corresponds to the AP. The mean Average Precision (mAP) is ascertained by computing the mean of
the AP values all categorical divisions. The equation is articulated thusly:

AP ={ P(R)dR 25)
1 K
mAP = = > AP (26)

i=1

In this context, K signifies the total number of object classes within the dataset. The mAP
serves as an indicator of the model's aggregate detection accuracy spanning all genres. A superior
mAP value is indicative of enhanced detection efficacy of the model across all categories.

3.4. An Analytical Comparison of Backbone Networks

To substantiate the potency of the posited MBDNet backbone, correlative analytical researches
were conducted on the NEU-DET and PVEL-AD datasets, juxtaposing it with several other backbone
networks. Table 3 summarizes the performance of YOLOvS, HGNetV2 [44], MobileNetV4 [45],
EfficientFormerV2 [46], and the performance of our proposed MBDNet is assessed with respect to
mAP@0.5, mAP@0.5-0.95, recall and computational complexity (GFLOPs). The findings indicate that
MBDNet attains an optimal trade-off between detection performance and computational cost on both
datasets.

On the NEU-DET dataset, HGNetV2 enhances global information capture by incorporating
Graph Convolutional Networks (GCN), boosting recall to 75.1%, a 2.3% improvement over the
baseline, while maintaining a low computational cost of 6.9 GFLOPs. However, its feature
representation remains limited, yielding an mAP@0.5-0.95 of only 52.0, indicating room for
improvement in overall detection accuracy. MobileNetV4 leverages depth wise separable
convolutions to optimize computational efficiency, with a GFLOPs of 22.5, but achieves an mAP@0.5-
0.95 of merely 53.6. These results suggest that both HGNetV2 and MobileNetV4 exhibit constrained
feature extraction abilities in complex environments, struggling to balance efficiency and accuracy.
EfficientFormerV2 combines TransformerV2 and CNN architectures, effectively balancing efficiency
and accuracy; however, its recall slightly drops by 0.3% compared to the baseline, revealing
deficiencies in cross-scale feature extraction and local information capture. In contrast, the MBDNet
backbone replacement demonstrates outstanding performance, improving mAP@0.5-0.95 by 2.7%
over the baseline and increasing recall to 77.3%, while raising GFLOPs to 11.5. This represents a better
trade-off between accuracy and computation, achieving higher detection precision without excessive
computational burden.

On the PVEL-AD dataset, performance disparities among backbones become more pronounced.
HGNetV2 attains a respectable recall of 70.8% but an mAP@0.5-0.95 of only 47.6%. MobileNetV4,
despite its lightweight design, suffers a steep decline to 42.7% mAP@0.5-0.95 and reduced recall,
indicating poor adaptability to the complex defect classes in this dataset. EfficientFormerV2 achieves
a modest improvement with an mAP@0.5-0.95 of 51.0%, but overall performance remains limited. By
comparison, MBDNet maintains robust performance, achieving an mAP@0.5 of 75.9%, substantially
outperforming YOLOVS8's 64.6%, while maintaining a similar computational cost of 8.1 GFLOPs and
delivering higher recall and detection accuracy.

In summary, the proposed MBDNet backbone consistently delivers excellent detection
performance with lower computational costs across both datasets, demonstrating its strong potential
for defect detection tasks.

Table 3. Performance on NEU-DET and PVEL-AD with Different Backbones.

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


https://doi.org/10.20944/preprints202506.1598.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 June 2025 d0i:10.20944/preprints202506.1598.v1

15 of 24
Dataset Method mAP@0.5 mAP@0.5- Recall GFLOPs
0.95
YOLOVS 80.2 50.5 72.8 8.1
HGNetV2 81.3 52.0 75.1 6.9
NEU- MobileNetV4 82.9 53.6 77.1 22.5
DET
EfficientFormerV2 81.6 51.0 72.5 94
MBDNet 83.0 53.2 77.3 11.5
YOLOVS 64.6 44.1 60.2 8.1
HGNetV2 69.1 47.6 70.8 6.9
PVEL- MobileNetV4 70.7 42.7 65.0 22.6
AD
EfficientFormerV2 67.6 51.0 72.5 9.4
MBDNet 75.9 374 58.8 8.1

3.5. An in-Depth Comparative Investigation of Loss Functions

To address the issues of imprecise bounding box regression and slow convergence associated
with the traditional CloU loss in steel surface defect detection, this study incorporates an improved
Inner-SIoU mechanism into the object localization loss function, thereby enhancing detection
accuracy and convergence efficiency. Comparative experimental outcomes pertaining to diverse loss
functions are delineated in Table 4.

On the NEU-DET dataset, the model using the Inner-SloU loss achieved an mAP@0.5 of 82.5%,
outperforming CloU [47], WIoU [48], Inner-IoU [49], and EloU [50] by 2.3%, 2.5%, 1.3%, and 1.1%,
respectively. For the mAP@0.5-0.95 metric, it improved by 1.0% compared to CloU, reaching 51.5%.
Meanwhile, recall increased to 73.1%, indicating the loss function’s stronger capability in reducing
missed detections. Experiments on the PVEL-AD dataset further validated the adaptability and
robustness of Inner-SIoU. The method achieved an mAP@0.5 of 71.6%, surpassing CloU, WIoU,
Inner-IoU, and EloU, with an mAP@0.5-0.95 of 45.6% and recall of 66.7%. Although computational
costs among these loss functions are comparable, the consistent performance gains of Inner-SloU
make it more suitable for defect detection scenarios demanding high precision.

Figure 9 illustrates the performance trends of different loss functions during training. Inner-SloU
demonstrates faster convergence on both datasets, with more stable loss reduction during training
and validation phases. The trajectories of recall and mean Average Precision (mAP) metrics, including
mAP@0.5 and mAP@0.5-0.95, manifest a progressive elevation, culminating in markedly enhanced
performance levels. In summary, Inner-SloU excels across multiple key performance metrics,
particularly improving detection accuracy and recall, underscoring its practical value in defect
detection tasks.

Table 4. Comparison of loss functions on NEU-DET and PVEL-AD datasets.

Dataset Method mAP@0.5 mAP@O0.5- Recall GFLOPs
0.95
CloU 80.2 50.5 72.8 8.1
WIoU 80.0 50.1 72.5 8.2
NEU-DET  Inner-loU 81.2 50.3 72.3 8.2
EloU 81.4 50.6 72.8 8.2
Inner-SIoU ~ 82.5 51.5 73.1 8.1
CloU 64.6 44.1 60.2 8.1
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WloU 70.8 50.3 69.0 8.1
PVEL-AD Inner-IoU 68.5 434 73.4 8.1
EloU 66.9 42.3 57.4 8.1
Inner-SIoU  71.6 45.6 66.7 8.1
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Figure 9. Loss function performance on NEU-DET and PVEL-AD

3.5 Ablation Experiments

To substantiate the efficacy of the proposed modules, an extensive set of ablation studies were
executed on the NEU-DET and PVEL-AD datasets, aiming to scrutinize the influence of various
enhancements on the model's performance. Tables 5 and 6 summarize the results under various
experimental settings, where MB-DAF, DWR, MultiSEAM, and Inner-SloU represent the four key
modules. A checkmark ('\") signifies the incorporation of the module, whereas a cross ("x") indicates
its omission.

In the initial experiment, the baseline YOLOv8n model attained an mAP@0.5 of 80.2%, an
mAP@0.5-0.95 of 50.5%, and a recall (R) of 72.8% on the NEU-DET dataset. In the subsequent
experiment, the MB-DAF module was incorporated, thereby augmenting the model's capacity to
adapt to intricate steel surface defects. This yielded a significant enhancement in mAP@0.5 to 83%,
thereby corroborating the effectiveness of the MB-DAF module in augmenting recognition across a
spectrum of object scales while effectively attenuating background noise.

The third experiment integrated the DWR module, designed to improve the model’s multi-scale
feature representation and small object detection accuracy. This modification increased mAP@0.5 to
81.3%. The fourth experiment incorporated the MultiSEAM module, which strengthens multi-scale
feature extraction and improves detection under complex backgrounds, elevating mAP@0.5 to 82.4%,
mAP@0.5-0.95 to 51.3%, and recall as well.

In the fifth experiment, the Inner-SloU loss function was employed, incorporating internal
bounding box information for more accurate matching between predicted and ground truth boxes.
This improved mAP@0.5 to 82.5% and mAP@0.5-0.95 to 51.5%. The sixth experiment combined
MultiSEAM and Inner-SloU, leveraging their complementary advantages: MultiSEAM’s enhanced
multi-scale feature extraction and Inner-SIoU’s refined bounding box regression. This synergy raised
mAP@0.5 to 84.5%, mAP@0.5-0.95 to 54.0%, and recall to 79.3%, confirming the significant
contribution of these modules in steel surface defect detection.

In the seventh experiment, MB-DAF, DWR, and MultiSEAM were jointly applied to further
improve detection robustness in complex environments. The results indicated that the mAP@0.5 and
mAP@0.5-0.95 values ascended to 85.8% and 56.2%, severally with the recall attaining a level of
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79.7%.This validates that the integration of multiple optimization strategies can simultaneously
enhance detection accuracy and model generalization.

Furthermore, experiments on the PVEL-AD dataset exhibited consistent significant
improvements. Compared to the baseline YOLOv8n, the optimized MBY structure achieved an 11.3%
increase in mAP@0.5, demonstrating the broad applicability and strong generalization potential of

the proposed enhancements across diverse datasets.

Overall, the ablation study highlights the advantages of each improvement and further confirms
their effectiveness.

Table 5. Ablation Experiments of MBY on the NEU-DET Dataset

Experiments MB-DAF DWR  MultiSEAM Inner-SloU  mAP@0.5 mAP@0.5-0.95 Recall G

1 x x x x 80.2 50.5 72.8 8.1

2 v x x x 83.0 53.2 77.3 11.5

3 x \ x x 81.3 50.8 71.2 8.1

4 x x y x 82.4 51.3 73.5 7.4

5 x x x \ 82.5 51.5 73.1 8.1

6 \/ x V x 84.5 54.0 79.3 10.5

7 \ \ 85.8 56.2 79.7 10.5

Table 6. Ablation Experiments of MBY on the PVEL-AD Dataset
Experiments MB-DAF DWR MultiSEAM  Inner-SloU  mAP@0.5 mAP@0.5-  Recall G
0.95
1 x x x x 64.6 44.1 60.2 8.1
2 v x x x 68.4 42.5 77.3 9.9
3 x y x x 68.8 44.8 60.2 8.0
4 x x \ x 71.4 48.8 69.6 73
5 x x x \ 71.6 45.6 66.7 8.1
6 \ x V x 69.3 36.6 712 9.7
7 3 \ 75.9 37.4 58.8 8.1
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Figure 10. P-R Curve of YOLOVS and the Proposed Model on the NEU-DET Dataset
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Figure 11. P-R Curve of YOLOvS and the Proposed Model on the PVEL-AD Dataset

4. Comparison of Different Object Detection Models

To assess the efficacy of the proposed MBY model in steel surface defect detection tasks,
empirical trials were executed utilizing two publicly available datasets: NEU-DET and PVEL-AD.
The selected benchmark models include YOLOv5 [51], YOLOvV6 [52], YOLOvS8 [34], YOLOV10 ,
YOLOVL11 [53], as well as other advanced detection models such as CAY [54], YOLOv7-BA [55], EFd-
YOLOvV4 [56], MS-YOLOv5s [57], and PD-DETR [58]. All experiments were performed under
consistent settings, with the specific detection metrics shown in Tables 7 and 8.

In the initial experimental series, the YOLOv5 model attained mAP@0.5 of 84.5% and mAP@0.5-
0.95 of 53.6% on the NEU-DET dataset. The second set of experiments introduced YOLOv6, which
performed similarly to YOLOvS5, with mAP@0.5 of 84.4% and a marginal enhancement in mAP@0.5-
0.95. YOLOVS8 and YOLOV10 demonstrated certain advantages in detection speed, but their overall
accuracy did not meet expectations. YOLOv11, on the other hand, showed weaker performance, with
mAP@0.5 of only 77.3%, indicating its subpar performance when dealing with complex textures.

In the sixth set of experiments, the proposed MBY model achieved superior performance
compared to all other models with respect to detection correctness. On the NEU-DET dataset, the
mAP@0.5 value ascended to 85.8%, while the mAP@0.5-0.95 metric climbed to 56.2% and recall
reached 79.7%, with significant improvements across all metrics. This indicates that MBY excels in
feature extraction, target localization, and small defect recognition. On the PVEL-AD dataset, the
MBY model also demonstrated excellent performance, with mAP@0.5 reaching 75.9%, outperforming
models such as YOLOv8 and YOLOv10. Despite the improved detection accuracy, MBY's
computational cost remains at 8.1G, comparable to YOLOVS, and significantly lower than YOLOv6's
11.8G, reflecting the model's balanced performance between accuracy and efficiency.

Table 7. Comparison of Detection Performance for Various Single-Stage Algorithms on the NEU-DET Dataset.

models mAP@0.5 mAP@0.5-0.95 GFLOPs
YOLOV5 84.5 53.6 7.1
YOLOvV6 84.4 54.1 11.8
YOLOVS 80.2 50.5 8.1
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YOLOvV10 82.9 52.2 6.5
YOLOvl11 77.3 50.9 6.3
CAY 79.9 45.6 \
YOLOV7-BA 74.8 38.8 \
EFd-YOLOv4 79.88 \ \
MS-YOLOvVS5s 80.5 \ \
Ours 85.8 56.2 10.5

Table 8. Comparison of Detection Performance for Various Single-Stage Algorithms on the PVEL-AD Dataset

models mAP@0.5 mAP@0.5-0.95 GFLOPs
YOLOv5 69.5 44.8 7.1
YOLOv6 65.2 43.4 11.8
YOLOv8 59.2 37.7 8.1
YOLOv10 69.2 443 6.5
YOLOv11 69.3 45.9 6.3
PD-DETR 64.7 \ \

Ours 75.9 37.4 8.1

Figures 12 and 13 show the detection visualization results of MBY, YOLOvS, and YOLOv11 on
two datasets. As seen in the figures, MBY demonstrates more stable performance in detecting small
objects such as cracks, scratches, and pits, with more accurate bounding box localization and a
significant reduction in false positives and false negatives. Compared to YOLOv11, MBY maintains
high recognition accuracy under complex background conditions, with the bounding boxes aligning
more closely with the target contours.

It bears emphasis that the proposed model enhances detection performance and, concurrently,
mitigates computational overhead to a notable extent. Overall, the empirical investigations within
this segment validate the potency of the propounded enhancements and clearly highlight their
advantages across different dimensions.

YOLOV11 MB-YOLOVS
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crazin

iiinclusion 0.75

Figure 12. Comparative Visualization of Networks on NEU-DET Dataset
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Figure 13. Comparison of Visualization Results of Different Networks on the PVEL-AD Dataset

5. Conclusion

Within this investigation, an object detection model for steel surface defect detection, termed
MBY (MBDNet-attention-YOLO), is proposed. First, a structurally well-designed backbone network,
MBDNet, is introduced, significantly augmenting the model's capacity for multi-resolution defect
feature encoding and representation. At the same time, the integration of the designed MultiSEAM
module effectively improves feature adaptability across different scales and complex background
conditions, particularly showing higher accuracy in handling small defects.

Next, to tackle the problem of inadequate bounding box regression precision, we introduce the
Inner-SIoU loss function, optimizing the correspondence between predicted boxes and reference
boxes, accelerating the convergence speed during training, and improving detection stability. Finally,
we conducted comprehensive evaluations on the NEU-DET and PVEL-AD public datasets, with
experimental results showing that the MBY algorithm achieved a detection accuracy of 85.8% on the
NEU-DET dataset and 70.8% on the PVEL-AD dataset. Compared to mainstream single-stage
detection algorithms such as YOLOv5, YOLOv6, and YOLOvS, MBY outperforms in multiple key
metrics, demonstrating its strong adaptability and generalization capability in complex texture
interference and small-object recognition.

To further propel this research, future endeavors will focus on the following three aspects: (1)
refining the backbone network architecture to magnify the model's capacity for representing multi-
scale defect features; (2) combining different feature fusion strategies and attention mechanisms to
further strengthen the model's robustness in complex backgrounds; and (3) exploring the application
of the MBY algorithm to other types of surface defect detection tasks.
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