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With the development of intelligent manufacturing, higher requirements for real-time performance and ac-
curacy have been placed on the inspection of surface quality in industrial products. As a core basic material
in manufacturing, steel has various complex surface defects, such as cracks, scratches, and scale, which are
characterised by small size, diverse shapes, and strong background interference, posing significant challeng-
es for automated inspection. To address the issues of insufficient detection accuracy, limited feature fusion
capabilities, and coupling of classification and localisation tasks in existing YOLO models when processing
fine-grained defects on steel surfaces, this paper proposes a high-performance object detection algorithm
based on an improved YOLOv8m: ACT-YOLO (Adaptive Content-guided Task-aligned YOLO). This algo-
rithm integrates three key modules: the AFMA module to enhance multi-scale perception capabilities for
small objects; the CGAF module to achieve content-guided multi-attention feature fusion; and the TADD
module to optimise the dynamic alighment between classification and regression tasks in the detection head.
Evaluations onthe NEU-DET steel surface defect benchmark dataset demonstrate that ACT-YOLO achieves
an mAP@0.5 of 86.4% and a detection speed of 115 FPS. Compared to non-YOLO methods such as SSD
(MAP@0.5: 61.0%, FPS: 41), RetinaNet (mAP@0.5: 69.5%, FPS: 15), and RT-DETR-r101 (mAP@0.5: 78.8%,
FPS:108), as well as other YOLO series models, ACT-YOLO exhibits significant advantages in both detection
accuracy and real-time performance. Generalisation experiments on the GC10-DET dataset also validate
its cross-scenario adaptability. ACT-YOLO balances detection accuracy, speed, and model lightweighting,
making it suitable for the demand for efficient, real-time defect detection systems in actual industrial envi-
ronments, with broad engineering application prospects and research value.

KEYWORDS: Steel Surface Defect Detection, Deep Learning, YOLOvS8 Improvements, Attention Mechanism,

Dynamic Task Alignment.

1. Introduction

Driven by digitalisation, the manufacturing in-
dustry is accelerating its transition towards smart
production [32]. However, industries with complex
processes, such as steel production, have seen rela-
tively slow upgrades. This often results in structural
defects on the surface of the product [27]. Steel is
widely used in critical fields such as infrastructure,
aerospace, and automotive [8], and its surface qual-
ity directly determines the structural safety, service
life, and market competitiveness of the end product.
As demand for high-performance steel continues
to rise in sectors like aerospace, automotive manu-
facturing, and marine engineering, surface defects
such as cracks, inclusions, and spots have become
core hazards that can trigger structural failure and
shorten service life. Therefore, achieving real-time,
precise detection of surface defects in steel is not
only an urgent requirement for ensuring the safe
operation of major engineering projects but also a
key technological pillar for driving the steel indus-
try’s transformation towards high-quality, intelli-
gent development [37]. However, traditional manual
inspection methods are inefficient, inaccurate, and
lack real-time performance [25], making them un-

able to meet the stringent requirements of modern
high-speed production lines. Early machine vision
methods based on manually designed features and
traditional image processing are limited by lighting
changes, rolling scale patterns, and material texture
interference, resulting in poor adaptability [5]. Even
when combined with traditional machine learning
schemes using HOG, LBP, or Gabor filter features
and SVM classifiers, their recognition performance
remains inadequate when dealing with micron-level
scratches, morphologically variable cracks, and de-
fects with significant grey-scale fluctuations in com-
plex rolling texture backgrounds [19], making them
unsuitable for stable and reliable industrial-level
applications.

CNNs have advanced significantly in recent years
in domains including object detection and picture
recognition. A large number of research results have
shown [40] that CNNs can achieve automatic learn-
ing and accurate identification of defect features
through end-to-end feature extraction and classi-
fication, thereby improving detection accuracy and
generalisation capabilities. The emergence of this
technology marks the entry of defect detection into a
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new stage centred on data-driven, feature self-learn-
ing. Single-stage detectors like YOLO [23] and Reti-
naNet [13] have improved inference speed and accu-
racy, gradually replacing the more computationally
expensive two-stage models like Mask R-CNN [7]
and Faster R-CNN [24]. The YOLO series, known
for its single-stage design and effective trade-off be-
tween computational cost and accuracy, has become
the preferred option for real-time detection [23].

Despite its advantages, YOLO still encounters chal-
lenges in detecting steel defects in industrial envi-
ronments. First, there is the issue of degradation
of small defect features. Industrial surface defects
are typically small targets that account for a very
low percentage of pixels. The downsampling in the
YOLO backbone network results in the loss of de-
tailed information. The neck FPN-PAN structure
[11] further exacerbates the attenuation of spatial in-
formation during cross-scale feature transmission,
reducing its ability to identify fine defects. Second,
the issue arises from interference caused by varia-
tions within a class and similarities between class-
es. Defects within the same class exhibit diverse
morphologies, while different defect classes such as
rolled oxides (Rs) and pits share structural similar-
ities. Additionally, due to variations in lighting and
material properties, the grey-scale value composi-
tion of images of the same defect class fluctuates,
increasing detection difficulty [26]. The backbone
and neck networks of the YOLO model are centred
around convolutional neural networks (CNNs),
which excel in object detection but have limita-
tions in extracting global features. Related studies
have demonstrated that combining deep detectors
with customised preprocessing or attention mech-
anisms can improve detection performance in com-
plex manufacturing environments. While improved
methods such as the CSPNet backbone [9], BiFPN
[14], and self-attention layers [12] have partially
addressed the aforementioned issues, the lack of ex-
plicit inter-layer interactions still limits the model’s
contextual reasoning capabilities; As a result, effec-
tive features may be weakened by noise or conflict-
ing signals within the detection head, reducing the
reliability of predictions in industrial applications.

To tackle these challenges, this paper introduces
ACT-YOLO, an enhanced YOLOv8m architecture
incorporating three specialized modules: AFMA,
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CGAF, and TADD, optimised for small target ac-
curacy improvement, cross-scale feature integrity
preservation, and context-aware detection, respec-
tively. Specifically, the Adaptive Feature Modulation
and Aggregation (AFMA) module replaces the back-
bone network’s C2f structure with a dynamic multi-
branch structure and attention mechanism to re-
tain and adaptively weight local texture details and
global contextual information; the Content-Guided
Attention Fusion (CGAF) module reconstructs the
Neck structure by fusing spatial, channel, and pix-
el-level mixed attention, achieving scale adaptation
and noise-resistant feature fusion; Finally, the Task-
Aligned Dynamic Detection (TADD) detection head
adopts a guided task interaction strategy to coordi-
nate optimisation between the classification and
localisation branches, minimising feature conflicts
and enhancing detection robustness under severe
grayscale and texture perturbations. Through these
contributions, ACT-YOLO effectively bridges the
gap between general object detection frameworks
and the practical needs of industrial steel defect de-
tection, providing theoretical references for multi-
scale attention design and offering feasible techni-
cal solutions for high-speed, high-precision quality
control.

2. Related Work

2.1. The Development History of the
YOLO Series and Its Application in Defect
Detection

Currently, the identification of flaws in steel surfac-
es using deep learning can be broadly categorised
into two types: two-stage detection algorithms, rep-
resented by the RCNN series [21], and single-stage
detection algorithms, represented by the SSD and
YOLO series [28]. Two-stage methods first generate
candidate regions, which are then subjected to fine-
grained classification and bounding box regression.
Although these methods achieve high detection ac-
curacy, they are computationally intensive, resulting
in slower detection speeds. In contrast, single-stage
methods treat object detection as a single regression
task, providing class probabilities and bounding box
coordinates simultaneously, which improves detec-
tion efficiency.
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Figure 1
Improved YOLO-based defect detection framework.
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Theidentification of defects in steel surfaces typical-
ly involves semantic segmentation and object detec-
tion tasks. U-Net [15][17], which fully exploits con-
textual information, achieves strong performance in
segmenting small-scale defects, particularly those
densely distributed. When defects are sparsely dis-
tributed, as in the NEU-DET dataset, the YOLO
family offers greater advantages due to its speed and
global detection capability. In recent years, many
YOLO-based variants have been introduced for sur-
face defect detection, such as MSFT-YOLO [6], GD-
CP-YOLO [33], and RDD-YOLO [34]. As illustrated
in Figure 1, most studies focus on optimizing feature
extraction, feature fusion, and detection modules,
aiming to enhance multi-scale representation and
adaptability to complex backgrounds.

Improved YOLO variants have shown strong adapt-
ability to fine-grained defects in steel surface de-
tection. For instance, MSFT-YOLO [6] integrates a
Transformer-based TRANS module into the back-
bone, fusing local and global information via multi-
scale features to enhance robustness across object
sizes. GDCP-YOLO [33] introduces DCNV2 into the
backbone and incorporates channel attention with
adaptive receptive fields in the C2f module, sup-
pressing redundant information while strengthen-
ing feature representation. RDD-YOLO [34] incor-
porates a DFPN in the neck, improving cross-scale
fusion and enriching contextual information. These
approaches achieve promising trade-offs between
accuracy and efficiency, yet challenges remain in
preserving tiny defect features and mitigating com-
plex background interference.

The YOLO family, known for its end-to-end design,

low latency, and scalability, is the core framework
for steel surface defect detection. To overcome its
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limitations in fine-grained defect recognition and
background complexity, this study introduces im-
provements, including multi-scale fusion, feature
refinement, and background suppression, aiming to
enhance both accuracy and speed for efficient, re-
al-time detection.

2.2. Research Progress on Multi-scale
Feature Fusion Mechanisms

In the inspection of steel surface imperfections, de-
fects like cracks, scratches, inclusions, and pits dis-
play distinct morphological variations and a broad
range of scale distributions. These defects are influ-
enced by factors like lighting variations, noise, com-
plex backgrounds, and oxide layers, making feature
extraction and detection challenging. Especially
when detecting small-scale defects, the response of
defects in high-level feature maps is typically weak.
If the fusion strategy is inappropriate, shallow-lev-
el detail features may degrade or even be lost during
network transmission. Therefore, establishing an
effective multi-scale feature fusion mechanism has
become a core technical approach to improving the
recognition of minute objects in challenging envi-
ronments.

Traditional multi-scale detection frameworks, like
FPN and PAN, help bridge the gap between seman-
tic information and feature resolution. Through
top-down or bidirectional information integration,
these frameworks transmit high-level semantic
details to low-level spatial features. However, such
structures still have limitations in practical appli-
cations: (1) insufficient cross-scale feature interac-
tion, with information flow between different fea-
ture layers remaining constrained; (2) The absence
of dynamic cross-layer semantic alignment limits
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adaptability to complex backgrounds and large
variations in object size; (3) during fusion, shallow
detail features are often suppressed by stronger
high-level semantics, reducing the effectiveness of
small target detection.

To solve this problem, researchers have suggested
several improvements: Liu et al. [16] introduced an
enhanced FPN that focuses on reusing low-level
features to better preserve detailed information. C.
Baoyuan et al. [2] proposed FF-YOLO, which opti-
mises feature extraction and information flow by
integrating cross-layer features. Xie et al. [31] en-
hanced FPN with spatial position awareness (SPA)
to improve defect localisation accuracy. Wang et al.
[30] developed a cross-layer feature fusion (CFF)
approach that integrates semantic information from
different layers to improve the recognition perfor-
mance for small defects. Additionally, the cross-lay-
er attention mechanism of the Transformer was in-
troduced into the multi-scale architecture, enabling
adaptive weighting of features at different scales and
global dependency modelling, thereby balancing the
retention of fine-grained features with global con-
text awareness.

Multi-scale feature fusion research is evolving from
a unidirectional pyramid structure to a bidirection-
al interactive, cross-layer reweighting, and atten-
tion-driven fusion approach. This method tackles
the challenge of identifying minute imperfections
on steel surfaces within complex backgrounds by
enhancing global perception while preserving and
enhancing fine-grained details, leading to substan-
tially improved performance.

2.3. Application of Attention Mechanisms in
Feature Enhancement

The attention mechanism, as a feature-guided strat-
egy, can dynamically adjust feature weights accord-
ing to task objectives, highlight key information ar-
eas, and suppress redundant background noise. This
method has found extensive use in industrial visu-
al inspection. By assigning weights across feature
channels, spatial dimensions, or at the pixel level, it
strengthens the model’s ability to perceive and rep-
resent regions of interest.

In industrial scenarios with complex backgrounds
such as defects on steel surfaces, common atten-
tion mechanisms include: channel attention, which
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selectively emphasises the importance of different
channels. spatial attention, which guides the model
to focus on the spatial distribution of the target to
reduce background interference. Pixel-level atten-
tion, which enhances the response of specific local
areas and is suitable for defects with unclear con-
tours. Content-guided attention, which combines
contextual relationships to understand semantics
and improve the accuracy of structural defect rec-
ognition. Compared to improving performance by
increasing network parameters, attention mecha-
nisms can optimise accuracy and efficiency with
minimal or no increase in parameters. They also
concentrate computational resources on task-rel-
evant areas when processing large-scale features,
thereby enhancing detection performance while
ensuring real-time capability.

Research on steel surface defect detection has fur-
ther validated the effectiveness of attention mech-
anisms. For example, G. Deepti Raj et al. [22] intro-
duced a parameter-free SimAm attention module
into the YOLOvV7 framework and optimised the loss
function, achieving a significant improvement in de-
fectlocalisation accuracy. J. Zou et al. [39] enhanced
the CBAM channel-spatial hybrid attention mecha-
nism within the YOLOv9c baseline and incorporat-
ed deformable convolution modules within the core
network, thereby improving feature adaptability and
detection performance for small defect regions.

Therefore, the attention mechanism plays a key
role not only in emphasizing crucial features and
suppressing irrelevant backgrounds but also in
achieving effective information concentration. Its
synergistic application with technologies such as
multi-scale feature fusion and deformable convolu-
tion provides an important direction for optimising
the performance of industrial detection systems.

2.4. Detection Head Optimisation and
Dynamic Alignment Technology

The detection head is the core module in a target
detection model that performs classification and
location regression. Its design plays a critical role
in determining the model’s capabilities regarding
localization precision and class recognition. Tradi-
tional coupled detection heads often suffer from task
interference, feature redundancy, or missing fea-
tures when handling classification and regression
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tasks simultaneously, making it challenging to bal-
ance localisation and classification performance in
complex scenes. For defects with elongated shapes
or blurred boundaries (such as cracks), the stability
of boundary fitting is particularly inadequate, which
is also one of the performance bottlenecks for small
targets and fine-grained detection.

In high-precision industrial inspection tasks, in-
spection head optimisation has become the key path
to performance breakthroughs. On the one hand,
structural decoupling can reduce negative transfer
between classification and regression; on the other
hand, the use of dynamic alignment strategies can
achieve adaptive matching of task requirements at
the feature level, thereby improving feature utilisa-
tion and prediction stability. C. Zhao et al. [34] in-
troduced a classification and regression decoupling
structure in YOLOvV5, improving the classification
accuracy and boundary localization capabilities
for small defects on steel surfaces; Zhou et al. [38]
proposed the DPN detector based on the Dynamic
Feature Pyramid module (DPN), embedding it into
Faster R-CNN and adopting a dual detection head
structure to separate and enhance the classifica-
tion and regression paths, thereby improving over-
all classification accuracy; Kong et al. [10] designed
the Task-aligned Detection Head (TDH), which
enhances the consistency and robustness of multi-
scale target processing by jointly optimising classi-
fication scores and localisation confidence. As such,
detection head optimisation and dynamic alignment
techniques not only alleviate conflicts across classi-
fication and bounding box regression but also mark-
edly enhance identification precision and contour
adaptation in complex defect environments, with-
out substantially raising computational costs. This
offers strong support for accurate and reliable iden-
tification of surface imperfections on steel.

Overall, industrial defect detection tasks place
higher demands on detection models, particular-
ly regarding multi-scale feature extraction, atten-
tion guidance, and task structure optimisation. The
ACT-YOLO algorithm proposed in this paper builds
upon previous work by integrating multiple mecha-
nisms and performing in-depth structural optimisa-
tion of YOLOvV8m, thereby providing a new algorith-
mic approach for high-performance defect detection
in industrial settings.
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3. Methodology
3.1. Overall Model Architecture: ACT-YOLO

To improve the performance of YOLOv8m in steel
surface defect detection, this paper proposes
ACT-YOLO (Adaptive Content-guided Task-aligned
YOLO). Addressing issues such as insufficient fine-
grained defect perception, low feature fusion ef-
ficiency, and performance bottlenecks caused by
the coupling of classification and regression tasks
in the detection head, the paper designs three core
improvement modules: the AFMA (Adaptive Fea-
ture Modulation Aggregation) module, the CGAF
(Content-Guided Attention Fusion) module, and the
TADD (Task-Aligned Dynamic Detection) module.

As illustrated in Figure 2, ACT-YOLO retains the
conventional three-stage layout of YOLOv8m, con-
sisting of a Backbone, Neck, and Head. In the Back-
bone, the AFMA module substitutes the original
C2f unit, integrating a multi-branch convolutional
structure and a lightweight attention component to
improve the perception and representation of sub-
tle local defects. In the Neck, the embedded CGAF
module employs triple attention (spatial, channel,
and pixel) to direct the integration of multi-scale
information derived from layers 4, 6, and 9, there-
by harmonizing fine-grained details with high-level
semantics and strengthening feature discriminabil-
ity. In the Head, the TADD module is deployed to
decouple the classification and regression branches
via task alignment. It incorporates group normalisa-
tion and shared convolutions, minimising parame-
ter count while enhancing prediction accuracy and
consistency in boundary localisation. The synergis-
tic effect of the three stages enables the network to
simultaneously achieve high accuracy, low latency,
and low computational cost when detecting surface
defects in steel.

3.2. AFMA Module

The C2f module in YOLOvVS is primarily used for
multi-scale feature extraction to enhance the net-
work’s feature representation capabilities. However,
there is an imbalance in the processing of local fea-
tures and global contextual information: the ability
to capture local details is relatively limited, and such
details are easily weakened in deeper features. This
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Figure 2
ACT-YOLO Overall Architecture Diagram.
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imbalance directly impacts the model’s accuracy in
steel surface defect detection. Especially since steel
surface defect images exhibit significant multi-scale
features, where small-sized defects not only have
low pixel occupancy but are also more susceptible
to interference from complex background noise,
making them difficult to accurately locate and iden-
tify. Therefore, the AFMA module was designed in
the Backbone stage to replace the original C2f unit.
AFMA achieves focused enhancement of small-

sized defect regions by constructing a multi-path
cross-fusion structure that organically combines
global context with local detail features, thereby im-
proving the perception capability and detection ro-
bustness of small targets.

Figure 3 shows the structural framework of AFMA.
This framework inherits the residual fusion idea of
C2f module in topology design and draws on the de-
sign concept of SMFANet [36]. Specifically, AFMA
introduces a feature modulation unit (FMA) at the
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Figure 3
AFMA module network architecture diagram.
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Bottleneck position to replace the traditional dual
3x3 convolution structure. Each FMA module con-
sists of Modulation Feature Aggregation (MFA) and
Convolutional Feedforward Network (CFN), which
can simultaneously embed spatial and channel con-
text modeling mechanisms as well as lightweight
feedforward expansion strategies into gradient
propagation paths. The collaborative work of MFA
and CFN not only optimizes the gradient transfer
efficiency, but also generates more discriminative
deep feature representations, thereby effectively im-
proving the performance of downstream tasks.

This network takes steel images as input and uses
1x1 convolutional layers to extract shallow features
F. Then, the extracted shallow features are divides
them into n sub-feature groups F, by channel, and
enhances representation across both spatial and

channel domains via multi-level feature integration
and channel refinement pathways in each branch,
leading to £/, as follows:

F/=FMA(F,)=MFA(F,)®CFN(F,),
where the value of i ranges from 1ton, F/ is the branch
feature of each FMA module, @ is addition opera-
tion. all enhanced branch features {F], F,..., |} are
concatenated in the channel dimension to form F’ .

cat®

F' = Concat

cat (E’a FZa ) F;,') . @)

F!,is connected to the original features F' via re-
sidual connections, thereby preserving the original
low-level information and gradient smoothness.
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This is then fused through a 1x1 convolution to yield
the final output ¥, of the AFMA module.

out

F :Conv(F' @F), 3)

out cat

wherethe F

|« 18 the output feature of the AFIMA module.
As shown in Figure 3, the defect feature map F,, €
~CW of the steel material is provided within the
MFA module. where HxW denotes the spatial di-
mension and C is the number of channels. The MFA
module divides F,, into two branches, Xand Y, for par-
allel processing. In the X branch, the input features
first undergo deep separable convolution (DWConv)
to extract primary spatial features, then variance
enhancement and 1x1 convolution are introduced
for feature compression, and nonlinear activation is
used to increase expressive power. Next, upsampling
is performed to restore spatial resolution under a
larger receptive field, as follows:

X, = u(g(Conv1X1 (h(DWConv(X))))), @

where u denotes the upsampling operation, g de-
notes the GELU activation function, / is variance
modulation, X denotes the initial feature quantity, X;
is the output feature quantity of branch X. In branch
Y, input features capture local spatial relationships
through DWConv, and then 1x1 convolution and ac-
tivation functions extract defect classification fea-
tures, as follows:

Y, =Conv,, (g(DWConv(Y))), ®)

where Y, is the output feature quantity for branch Y.
this branch reinforces fine-grained edge and texture
information through local detail modelling. Finally,
the results of the two branches are merged through
element-wise addition and feature compression and
integration are performed using 1x1 convolution,
yielding F).

F, =Conv,, (X, ®Y,) ©)
where £, is the feature output of the MFA module.

this preserves the global context information while
highlighting local structural features.
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The CFN module is designed to achieve efficient
information interaction and fusion at the channel
dimension, avoiding the inadequacy of single convo-
lution in modelling channel relationships. First, the
channels are split into two branches: one branch en-
ters the lightweight branch to preserve the original
semantics, and the other branch enters the enhanced
branch to extract more complex channel interaction
relationships. The lightweight branch compresses
the feature channels through 1x1 convolution, re-
sulting in F,;, enhance the branch by splitting the
input features, then use 3x3 convolution and GELU
non-linear activation to enhance and obtain F,,, af-
ter concatenating the results of the two branches,
perform further compression using a 1x1 convolu-
tion to obtain F »» as follows:

F;yl = Conlel (F;;)

F,, = g(Conv,,(s(F,))) ¢

>

ﬁ; = Conv,, (C([Eylaﬂz]))

where ¢ denotes feature channel concatenation, F, is
the output of the CFN module.

3.3. CGAF Modules

The CGAF module [3] adopts a bidirectional fea-
ture pyramid architecture design. The upsam-
pling path transmits deep semantic features to
shallow layers to guide detail enhancement, while
the downsampling path transmits shallow detail

Figure 4
CGAF module network architecture diagram.
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features to deep layers to supplement boundary
and texture information. Each fusion node re-
ceives features from different layers and achieves
cross-layer information interaction through fea-
ture splicing and C2f units.

As shown in Figure 4, F_ and F, are concatenated as
input to the attention module, and the CGA module
generates a weight map W to weight F, while 1-IV is
used to weight F, achieving adaptive feature selec-
tion and fusion. The merged feature representations
are then processed using a 1x1 convolutional layer to
produce the final fused output, denoted as F),

ises AC-
cording to the following expression:

Fro = Conv(F,-W+F,-(1-W)+F, +F,)

fuse @®
where Wis aweight map, F, is the low-frequency fea-
ture, F, is the high-frequency feature.

The key to fusion in the CGAF module lies in con-
tent-guided attention (CGA), which can dynamically
generate weights based on feature content, thereby
adaptively selecting information.

Figure 5
CGA module network architecture diagram.
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As depicted in Figure 5, the CGA module process-
es image features with two main goals: attention
weighting and feature fusion of the input feature
map F to generate a weight map W. The CGA mod-
ule comprises multiple sub-modules, each responsi-
ble for extracting and fusing different aspects of the
features. Ultimately, the sub-modules output nor-
malised weights via the Sigmoid function.

1 Global Pooling and Feature Extraction: The
input feature map F undergoes both global max-
imum pooling (GMP) and global average pooling
(GAP). GAP captures overall statistical informa-
tion, whilst GMP highlights the most prominent
activation regions.

2 Channel and Spatial Attention Mechanism:
Next, one of the GAP paths undergoes two 1x1
convolutions to generate channel attention
weights W, which mainly determine the impor-
tance of each channel. At the same time, the GAP
and GMP results are concatenated across chan-
nels and convolved with a 7x7 kernel to generate
spatial attention weights W, This enables the
model to focus on key regions in the local space.

GMP GAP GAP
@ Element-wise Addition
Conv 1x1
¢ @ Channel Concatenate
Conv 7x7 Conv1x1l
(s) Sigmoid
Spatial Ch 1
i/ A[‘::‘etllzinn Aﬂi:ltlif)n We
> )« GMP  Global max pooling
Wcﬂﬂ
c)e GAP  Global average pooling
Channel
Sh‘ifﬂe GConv  Grouped convolution
GConv 7x7

-
-
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These two paths focus on channel attention and
spatial attention, respectively, and are presented
in parallel branches in Figure 5.

3 Attention fusion: The channel attention
weights W, and the spatial attention weights W,
are then fused via element-wise addition to ob-
tain the joint attention weights W, . This fusion
operation utilises both channel and spatial in-
formation to provide a more comprehensive fea-

ture weighting scheme.

4 Feature mixing and grouped convolution: The
fused weight W, , is concatenated with the previ-
ous result and then a channel shuffling operation is
performed. This breaks the fixed intra-group order
and allows information to be exchanged between
different groups, thereby improving the richness of
feature expression. Finally, a 7x7 grouped convolu-
tion (GConv) operation is performed to further ex-
tract and refine local features, thereby enhancing
the model’s expressive power while maintaining
control over the number of parameters.

5 Activation output: After a series of feature ex-
traction, fusion, and shuffling operations, the
result undergoes a non-linear transformation
using a sigmoid activation function to map the
output weight ¥ to the interval [0,1]. This result

Figure 6
TADD module network architecture diagram.
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can be used as a weighted input for subsequent
modules, or it can participate directly in object
detection prediction.

6 In summary, the design of this module helps the
model better capture the key features of small de-
fects and provides accurate weight allocation for
subsequent detection tasks.

3.4. TADD Modules

The TADD detection head module [29], illustrated
in Figure 6, comprises a shared convolutional layer,
a task decomposition module, a dynamic convolu-
tion alignment module, and a classification proba-
bility generation module, aiming to address the is-
sues of insufficient task interaction and scarcity of
reference samples when applying the YOLOvVS de-
coupled head to steel surface defect detection. The
TADD module comprises two core components:
shared feature extraction from the input, and sub-
sequent feature fusion coupled with task decompo-
sition. At this stage, multi-scale input features (P3,
P4, P5) undergo processing via a dual-branch con-
volutional block with Group Normalization (Conv_
GN). After fusion, the features from each scale are
compressed into shared features F, to reduce com-
putational load.

/
/

TaskDecomposition = la_conyl — relu — la conv2 — sigmoid — reduction conv ;f Conv GN = Conv — gn — SiLU
TaskDecomposition J l‘\ Conv_GN
— Conv_Reg — Scale A
— Conv Cls
Generator
mask&offset
P3
TaskDecomposition — DCNV2 Conv_Reg —> Scale
P4 Conv. GN — Conv_ GN — Concat {
| TaskDecomposition — Multiply Conv_Cls
P5
Conv Relu
Conv Sigmoid
—— Conv_Reg — Scale

TADD Head y (o Cle
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Fy =GN(Conv(PR)), i € {345}, ©

where GN and Conyv represent group normalisation
and convolution operations, respectively. Subse-
quently, the task decomposition module maps F, to
classification features F,, and regression features
F, according to task requirements, sending them to
the regression and classification paths, respective-
ly. In the regression path, the lightweight generator
(Generator mask & offset) predicts the sampling
offset Ap and mask m of the deformable convolution
and uses DCNV2 to achieve dynamic spatial align-
ment, as follows:

F, =TD_cls(F,)

F,, =TD_reg(F,)

-
{Ap, m} = Gen(Fmg)
F,' = DCN(F,,, Ap, m)

reg

(10)

finally, the classification path is normalised by Sig-
moid to obtain the classification probability P, and

the regression path is adjusted by Scale to output the
prediction box parameters Breg B, ..

P

cls

= Sigmoid (ConV(Fczs ))
B, =sx Conv(F ') -

reg
where s is a learnable scale coefficient. Through fea-
ture decomposition and cross-task information in-
teraction, the TADD detector can not only improve
the localisation and classification accuracy of com-
plex defects such as cracks and star-shaped pits, but
also alleviate the detection performance degrada-

tion problem when there are insufficient high-quali-
ty reference samples.

The ACT-YOLO model not only retains the efficien-
cy of YOLOvVS8m in terms of structure, but also com-
prehensively enhances defect feature extraction, ex-
pression, and prediction by introducing the AFMA,
CGAF, and TADD modules. The modules form a
multi-dimensional synergistic relationship from
micro-detail enhancement to semantic alignment,
constructing a high-performance object detection
framework for industrial defect detection.
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4. Experiments and Results Analysis
4.1. Data Set and Experimental Setup

1 Datasets: To validate high practicality and trans-
ferability in complex industrial scenarios, the pro-
posed model was rigorously evaluated on two data-
sets: NEU-DET for core performance benchmarks
and GC10-DET for assessing generalization ability.
NEU-DET (Northeast University Surface Defect
Dataset) was constructed by Northeast Universi-
ty to support research and optimisation of metal
surface quality detection algorithms in the field of
intelligent manufacturing. It is a benchmark data-
set for industrial surface defects, comprising 1,800
high-resolution grayscale images of uniform size
(200x200 pixels), covering six typical defect cate-
gories: rolling scale, spots, cracks, pitted surfaces,
inclusions, and scratches, with 300 images per cat-
egory, ensuring balanced sampling. Some defect
examples are shown in Figure 7. Its main character-
istics include: small defect target sizes with sparse
distribution, high similarity in features across dif-
ferent categories, complex background textures, and
significant variations in lighting conditions.

Figure 7
Map of defect categories in the NEU-DET dataset.
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The GC10-DET dataset, which was compiled by the
Institute of Automation at the Chinese Academy
of Sciences, contains 2,294 high-resolution images
(2,048x1,000 pixels) that cover ten different defect cat-
egories. The dataset is designed to evaluate the model'’s
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ability to generalise in scenarios involving unfamiliar
defect patterns and increased image resolutions.

2 Experimental setup

All experiments in this study were conducted under
the following software and hardware environments
and training configurations, as shown in Table 1.

Table 1

Experimental setup and training configuration.
Configuration Parameters
Language/Framework Python 3.8, PyTorch 2.0

Intel i5-12500H, NVIDIA
RTX4090D (24GB)

SGD

Hardware Configuration

Optimiser

Initial Learning Rate 0.001—0.0001 (Linear Decay)

Number of training laps | 200 Epochs

Enter Dimensions 640%x640
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4.2. Ablation Experiment

An algorithm for steel defect identification, named
ACT-YOLO, is introduced in this work, construct-
ed within the YOLOv8m architecture. The model
incorporates three novel modules: AFMA, CGAF,
and TADD. To systematically quantify the con-
tributions of these components, a series of eight
ablation studies was conducted on the NEU-DET
dataset under consistent training settings. As
summarized in Table 2, x indicates that the corre-
sponding module was not integrated, while v de-
notes integration. All metrics, including Precision,
Recall, and mAP@0.5, are presented with standard
deviation ranges calculated from five experimental
runs (each with a different random seed), thereby
reflecting the model’s robustness under stochas-
tic conditions; similarly, the GFLOPs and FPS
measurements include standard deviation ranges
to demonstrate fluctuations in computational re-

Table 2
Ablation experiments on NEU-DET dataset.
Case AFMA CGAF TADD Precision/% Recall/% mAP@0.5/% GFLOPs FPS
1 x x x 75.2+0.023 717+0.015 75.7+0.002 787+1.0 151+2.0
2 v x x 84.4+0.022 75.9+0.013 84.5+0.003 75.6+1.2 126+1.5
3 x v x 86.5+0.012 78.9+0.006 85.3+0.003 80.3+1.1 138+2.3
4 x x V 86.7+0.015 79.0+0.012 85.4+0.004 102.2+1.5 136+2.0
5 v ol x 87.2+0.017 78.2+0.015 85.7£0.005 101.5£1.0 115+2.2
6 J X \/ 87.6+0.016 771+£0.012 85.9+0.004 103.7+1.3 120+2.1
7 x \ \ 87.6+0.015 77.3+0.010 85.8+0.005 102.5+1.0 110+1.8
8 v v v 882+0018 | 789+0016 | 864+0001 | 882+08 | 11520
Table 3
Ablation experiments for each defect category in the NEU-DET dataset.
Case =EAR) Parameters
Cr In Pa Ps Rs Sc
1 452 81.0 88.6 84.6 61.2 877 25.8M
2 60.1 87.3 97.3 84.6 80.6 97.3 25.3M
3 66.9 86.9 97.3 83.9 79.9 96.6 26.6M
4 56.3 86.1 95.3 79.8 75.2 97.9 27.8M
5 62.2 879 96.1 779 772 96.8 34.8M
6 58.0 89.3 96.6 824 75.3 96.2 27.0M
7 55.2 89.5 97.2 81.8 814 95.2 27.8M
8 69.1 91.0 974 85.3 82.3 97.5 32.2M
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source consumption and real-time performance.
Specifically, our experiments adopted an incre-
mental enhancement strategy: Experiment 1 serves
as the baseline model, achieving an mAP of 76.0%;
Experiments 2-4 individually integrate the AFMA,
CGAF, and TADD modules, respectively; Experi-
ments 5-7 test pairwise combinations; finally, Ex-
periment 8 incorporates all three modules to form
the complete ACT-YOLO model. Table 3 presents
the detection accuracies for different defect cate-
gories obtained from these ablation experiments.

1 AFMA module

In case 2, the AFMA module captured multi-scale
contextual correlations by dynamically integrat-
ing features from different levels, resulting in
an increased mean average precision (mAP) of
84.5%. This design particularly excels in detecting
low-contrast defects or those that closely resemble
the background textures (e.g., cracks), as evidenced
by a recall improvement from 71.7% to 75.9%. By
robustly fusing multi-resolution features, AFMA
successfully mitigates the loss of information in
small objects.

2 CGAF module

In case 3, the introduction of the CGAF module
alone yielded an mAP of 85.3%. By enhancing the
network’s ability to focus on key regions through
content-guided multi-attention fusion, CGAF op-
timizes feature representations while suppressing
redundant background information.

3 TADD module

In case 4, the introduction of the TADD module alone
yielded an mAP of 85.4%. TADD employs a dynamic
feature alignment mechanism through deformable
convolutions to spatially adjust features for im-
proved capture of irregular or complex defects. This
mechanism produced a significant 11.5% improve-
ment over the baseline in complex defect detection,
underscoring that dynamically compensating for
misaligned features is essential for precise localisa-
tion and classification.

The experimental data in Tables 2 and 3 show that
interactions between modules can yield non-linear
improvements.

1 AFMA and CGAF combination (case 5): The
combined application of AFMA and CGAF ele-
vated the mAP to 85.7%, representing an improve-
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ment of merely 0.3% over the best-performing sin-
gle module. This combination demonstrates that
the multi-scale enhancement provided by AFMA
complements CGAF's attention-based feature re-
finement. Together, they more suppress false de-
tections in densely defective regions. Their com-
plementary action indicates that AFMA enhances
robust feature integration across different scales,
while CGAF further refines these features to im-
prove discriminative power.

2 Combination of TADD and AFMA (case 6/7):
When TADD was combined with either AFMA
(case 6) or CGAF (case 7), the mAP reached
85.9% and 85.8%, respectively. Notably, the
TADD and AFMA combination (Experiment 6)
improved cross-scale defect detection. TADD
compensates for spatial misalignment, while
AFMA aggregates multi-scale contextual in-
formation. Their combined effect fuses spatial
adaptability with scale robustness.

3 Full Tri-Module Integration (case 8): The
complete ACT-YOLO model, integrating AFMA,
CGAF, and TADD, achieved an mAP of 86.4%, a
10.2 percentage point improvement over the base-
line. This integrated approach demonstrates that
dynamic spatial adaptability (TADD), multi-scale
fusion (AFMA), and content-guided attention
(CGAF) can work synergistically across defect
categories (see Table 3), while adding only 6.4
million parameters. ACT-YOLO maintains re-
al-time detection at 115 FPS, ensuring its practi-
cal application.

Ablation experiments show that the ACT-YOLO
model improves performance in steel defect de-
tection by organically combining three modules:
AFMA, CGAF, and TADD. The AFMA module first
enhances multi-scale feature fusion to build a more
comprehensive and hierarchically rich feature rep-
resentation, which supports effective capture of
defects of various sizes. Based on this output, the
CGAF module uses an attention mechanism to filter
and select key regions, enabling the model to focus
on prominent defect areas while suppressing back-
ground interference. Further, the TADD module per-
forms fine-grained localization optimization on the
previous results, particularly enhancing the detec-
tion of small and tiny defects and reducing the risk
of missing these targets.
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Ablation experiments validate the independent con-
tributions of each module in terms of multi-scale fu-
sion, key region focusing, and fine-grained localiza-
tion. Combined experiments show that the synergy
among these modules yields a more significant per-
formance boost. In summary, the complete ACT-YO-
LO architecture demonstrates stable performance
in steel defect detection tasks. It maintains high
detection accuracy while introducing only limited
extra computational cost, meeting the strict require-
ments of real-time industrial detection.

4.3. Performance of Various Types of
Detection

As presented in Table 4 and Figure 8, the per-cate-
gory detection accuracy of ACT-YOLO on the NEU-
DET dataset varies. Notably, the model achieves its
highest AP values on pitted surface (Pa, 97.4%) and
scratch (Sc, 97.5%) defects, demonstrating superior
feature extraction and localization capabilities for
flaw types with well-defined morphologies and clear
contours. The detection accuracy for inclusions
(In, 91.0%) and patches (Ps, 85.3%) also remains at
a high level, indicating that the model’s spatial per-
ception and category discrimination capabilities are
relatively stable for targets of moderate scale with
relatively stable texture features. In contrast, the
AP values for cracks (Cr, 69.1%) and rolling scale
(Rs, 82.3%) are relatively low. This is primarily due
to the fine, elongated, and irregular structural char-
acteristics of cracks, which are easily affected by
background texture interference; while scale and
some other defect categories exhibit high similar-
ity in grey-scale distribution and texture patterns,
increasing the difficulty of category distinction.
Overall, ACT-YOLO maintains high detection per-
formance even for defect categories with unclear
structural features (e.g., cracks) and high inter-class
similarity (e.g., scale), demonstrating its robust per-
ception and classification capabilities in complex
industrial surface scenarios.

Table 4
Comparison of AP values for various categories of NEU-DET.
AP/(%)
Method
Cr In Pa Ps Rs Sc
ACT-YOLO | 691 | 91.0 | 974 | 853 | 823 | 975
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Figure 8
NEU-DET Columnar comparison chart of AP values for
various categories.
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4.4, Comparative Experiments

A comparative analysis was conducted on the NEU-
DET dataset to assess the industrial detection per-
formance of ACT-YOLO against several detectors,
including SSD, RetinaNet, RT-DETR and the YOLO
family (from YOLOv3-Tiny to YOLOv10m). Follow-
ing the same configuration outlined in Section 4.1,
the optimal results in Table 5 are indicated in bold.

Based onthe datain Table 5, the experimental results
show that ACT-YOLO excels in multiple metrics. In
terms of detection accuracy, ACT-YOLO achieves a
precision of 88.2% and an mAP of 86.4%. This is the
best performance among the compared models. Tra-
ditional detectors like SSD (with 67.5% precision and
61.0% mAP) and RetinaNet (with 70.3% precision
and 69.5% mAP) perform worse. ACT-YOLO shows
clear advantages in detecting complex industrial de-
fects. Even compared to Transformer-based models
such as the RT-DETR series and improved models
like CDN-YOLOv7 and MSFT-YOLO, ACT-YOLO
maintains higher detection accuracy. Its unique de-
sign architecture makes it particularly robust when
detecting defects with complex backgrounds and
varying shapes.

Interms of model parameters and speed, ACT-YOLO
has 32.2M parameters. This number is much lower
than that of RT-DETR-r50 (82.1M), RT-DETR-r101
(146.6M), and MSFT-YOLO (90.8M). Alower param-
eter count reduces both storage and computational
resource requirements. Regarding inference speed,
ACT-YOLO runs at 115 FPS. Although this is slight-
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Table 5
Comparative experimental results.

Method Precision/% mAP@0.5/% Params(M) FPS

SSD 67.5 61.0 411 41
RetinaNet 70.3 69.5 18.3 15
YOLOv3-tiny 52.3 46.5 8.6 172
YOLOv5m 731 744 8.7 161
YOLOv6m 72.9 73.6 91 154
YOLOV7m 67.6 73.3 12.3 148
YOLOvV8m 75.2 75.7 25.8 152
YOLOvI9m 72.1 74.2 25.3 120
YOLOv10m 737 747 184 155
CDN-YOLOvV7 [4] - 80.3 734 60
DCN-YOLO [18] - 76.5 16.3 13
Literature [1] - 741 23.9 75
CBE-YOLOV5 [35] - 75.5 8.12 96
MSFT-YOLO [6] - 75.2 90.8 30
RT-DETR-r18 784 775 38.6 275
RT-DETR-r34 81.1 79.6 60.1 218
RT-DETR-r50 78.2 784 82.1 153
RT-DETR-r101 78.8 78.2 146.6 108
ACT-YOLO 88.2 86.4 32.2 115

ly lower than lightweight models like YOLOvV3-tiny
(172 FPS) and RT-DETR-r18 (275 FPS), 115 FPS is
sufficient for real-time industrial detection. Overall,
ACT-YOLO achieves an ideal balance between accu-
racy and speed compared to models that focus solely
on accuracy at the expense of speed.

4.5. Visualisation of Comparative
Experiments

The performance difference between the ACT-YO-
LO model and the YOLOv8m baseline on six differ-
ent types of steel surface defects in the NEU-DET
dataset is visually compared in this research utiliz-
ing PR curves (Figure 9) and a visual representation
of the detection findings (Figure 10).

Figure 9 shows that compared to YOLOv8m, the
PR curve of ACT-YOLO is closer to the upper right

corner, highlighting its improved accuracy and re-
call. More specifically, the crack AP value recorded
by ACT-YOLO is 0.661, the inclusion is 0.910, the
plaque is 0.974, the rough surface is 0.809, the roll-
ing mark is 0.811, and the scratch is 0.960, thus ob-
taining the overall mAP@0.50.864 In contrast, the
AP values of YOLOv8m in these categories are 0.452,
0.810, 0.886, 0.846, 0.612, and 0.878, respectively, to-
taling mAP@0.50.757 These findings indicate that
ACT-YOLO effectively enhances the detection of de-
fects such as cracks, inclusions, and plaques. Its fea-
ture modulation and multi-scale fusion techniques
help to capture local detail features more effectively.
A comparison of the detection outcomes for
ACT-YOLO and YOLOv8m is displayed in Figure
10. It has been demonstrated that YOLOv8m has a
comparatively low degree of confidence in identify-
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Figure 9
YOLOv8m and ACT-YOLO model PR curves.
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Figure 10
Visualisation of model detection results.
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ing surface flaws in steel and is prone to missed or
inaccurate detections. In contrast, ACT-YOLO im-
proves the confidence level of defect identification
and performs particularly well with regard to typical
defects, such as cracks and pitting.

Visual heatmaps for six defect types from the NEU-
DET dataset, generated by the ACT-YOLO algorithm
and the baseline model, are compared in Figure 11 to

analyze their respective focal regions. The generated
heatmaps align well with the corresponding detec-
tion results. Furthermore, the ACT-YOLO model ex-
hibits a strong thermal response across most defect
areas, showing notable proficiency in detecting and
localizing small-target defects. This feature reduces
the probability of false positives and false negatives,
thereby enhancing overall detection performance.
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Figure 11
Visualisation of model detection heat map.
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Figure 12
Visualisation of the generalised experimental model
detection results.

4.6. Generalisability Validation
Experiments

This experiment used the publicly available steel
surface defect dataset GC10-DET [20] released by
the Institute of Automation, Chinese Academy of
Sciences (IAAS). The division of the dataset, the
setting of experimental parameters, and the evalu-
ation indicators were consistent with those of the
NEU-DET dataset.

As shown in the generalisation experiment re-
sults in Figure 12 and Table 6, the ACT-YOLO al-
gorithm achieves higher detection accuracy than
the YOLOvS8 model for all types of steel surface de-
fects across completely different datasets. In par-
ticular, YOLOv8m is prone to misclassifying ad-
jacent normal areas as water spots (Ws), an error
that the proposed algorithm suppresses. ACT-YO-
LO demonstrates higher detection accuracy and
robustness than YOLOv8m, it can be used to de-
tect steel surface flaws in real time in a variety of

Real Label YOLOv8m ACT-YOLO
industrial settings.
Table 6
Generalisation experiments.
Method Precision/% mAP@0.5/% Params(M) FPS
YOLOv8m 66.8 69.0 25.8 232
ACT-YOLO 75.8 704 32.2 211
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5. Conclusions

This paper addresses three key bottlenecks in cur-
rent YOLO models used for detecting surface defects
on steel: insufficient capability for detecting small
defects, inadequate fusion of multi-scale informa-
tion, and overly tight coupling between the detection
task and the detection head. To overcome these is-
sues, amodular improved model based on YOLOv8m
called ACT-YOLO is proposed. By integrating
multi-dimensional strategies such as feature mod-
ulation, attention guidance, and task alignment, the
model achieves varying degrees of improvement in
both detection accuracy and inference speed, mak-
ing it a promising candidate for industrial real-time
detection applications.

On the NEU-DET dataset, ACT-YOLO achieves an
mAP@0.5 of 86.4%, a 10.2% improvement over the
baseline YOLOv8m, with precision and recall rising
to 88.2% and 78.9%, respectively, while maintaining
an inference speed of 115 FPS that meets industrial
real-time detection requirements. In cross-scenario
generalization tests on the GC10-DET dataset, its
mAP further surpasses YOLOv8m by 1.4%, demon-
strating robust and stable performance across dif-
ferent scenarios. Moreover, ACT-YOLO exhibits
excellent performance in differentiating confusing
classes and suppressing false alarms, effectively
countering interference in complex industrial visual
environments.

Compared to traditional detection models, ACT-YO-
LO introduces improvements tailored to their
limitations. Models like SSD and RetinaNet often
employ simple multi-scale prediction strategies,
making it difficult to accurately identify tiny defects
in complex backgrounds; early YOLO series models,
constrained by static convolutions and fixed fusion
paths, struggle to adapt to defects with deformation
or scale variations. To address these challenges,
ACT-YOLO introduces three core modules. First,
the AFMA module dynamically adjusts and aggre-
gates multi-level features, achieving adaptive multi-
scale fusion to enhance detection capability across
defects of varying sizes. Second, the CGAF module
utilizes a content-driven attention mechanism to
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suppress irrelevant background interference, there-
by strengthening the feature representation of de-
fect regions and reducing false positives. Finally, the
TADD module employs deformable convolutions
to achieve local dynamic alignment, improving the
accuracy in capturing irregular or elongated defect
shapes.

Compared with other enhanced YOLO variants and
Transformer-based modelslike RT-DETR, ACT-YO-
LO separately optimizes feature fusion, attention
guidance, and spatial alignment, thereby avoiding
the overfitting and increased computational burden
that may arise simply from adding more parameters.
Although RT-DETR possesses advantages in global
modeling, its global attention mechanism tends to
weaken the extraction of'local features that are cru-
cial for detecting tiny defects. In contrast, ACT-YO-
LOplaces agreater emphasis onlocal details, achiev-
ing a better balance between accuracy and speed.

Looking ahead, there is still potential to optimize
ACT-YOLO for ultra-small target detection and false
alarm suppression in complex environments. Fu-
ture research will focus on developing a lightweight
edge-deployable version (Edge-ACT-YOLO) to suit
low-power devices and on-site detection scenarios,
as well as incorporating self-supervised pre-train-
ing techniques to improve sample efficiency, thereby
further enhancing the model’s generalization capa-
bility and stability.
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