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integrating an Efficient Multi-scale Attention (EMA) mechanism into the C2f
module, thereby creating the C2f_EMA module. This integration aims to improve
the adaptive feature representation in both channel and spatial dimensions. The
EMA mechanism serves to emphasize critical defect areas, suppress irrelevant
background details, and enhance the detection precision of intricate and small
defects. Evaluation on the NEU-DET dataset reveals that the upgraded model
exhibits superior detection accuracy across most of the six defect categories,
resulting in an overall mean average precision boost from 76.1 % to 77.6 %.
Particularly noteworthy is the substantial enhancement in detecting small and
medium-scale defects like Inclusion, Scratches, and Crazing. These findings
underscore the efficacy of the C2f_EMA module in augmenting multi-scale feature
representation within the YOLOvS framework, all while preserving its lightweight
nature and real-time performance. Consequently, this approach proves to be well-
suited for surface defect identification in hot-rolled steel strip production lines.
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1. Introduction

Hot-rolled steel strips play a crucial role as fundamental materials in contemporary industrial production,
extensively applied in industries like automotive, shipbuilding, construction, and equipment manufacturing.
Nevertheless, the rapid production pace and elevated temperatures during manufacturing make the steel strip
surfaces susceptible to diverse flaws such as scratches, inclusions, and pits. Failure to promptly identify and
rectify these flaws can markedly undermine product quality and potentially result in serious safety risks during
subsequent processing and application. Hence, the advancement of effective and precise defect identification
techniques holds paramount importance for quality assurance and the smart advancement of the steel
production sector.

Conventional manual inspection methods, being inefficient, costly, and heavily reliant on inspectors'
expertise, are inadequate for large-scale industrial production requirements [1]. Recently, deep learning-based
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object detection technologies, notably the YOLO series models, have made significant progress [2]. These
models have emerged as a preferred option for industrial defect detection due to their optimal balance between
detection accuracy and real-time performance [3]. The latest version in this series, YOLOVS, brings
enhancements to its backbone network, feature fusion structure, and detection head design, showcasing notable
versatility and accuracy benefits [4]. Nevertheless, the C2f fusion module in YOLOVS still exhibits limitations
in feature interaction, particularly in its inadequate capacity to emphasize crucial information in multi-scale
features [5]. This deficiency leads to restricted detection performance for small-scale defects within intricate
backgrounds [6].

This paper suggests an enhanced YOLOvVS defect detection model by incorporating an Efficient Multi-scale
Attention (EMA) mechanism into the C2f module. The EMA mechanism dynamically captures feature map
correlations in channel and spatial dimensions to highlight crucial defect areas and reduce irrelevant
background details, thus improving the efficiency and robustness of the fused feature representations. Through
the integration of EMA with the C2f module, the model improves the accuracy of detecting multi-scale defects
while preserving its lightweight architecture and real-time capabilities.

Understanding the metallurgical mechanisms underlying various surface defects is crucial for developing
effective detection algorithms. Hot-rolled steel strips are susceptible to different types of surface defects during
the manufacturing process, each with distinct formation mechanisms [7]. Inclusion defects typically originate
from non-metallic inclusions embedded in the steel matrix during steelmaking, appearing as dark patches that
disrupt surface continuity [8]. Scratches and crazing often result from mechanical interactions between the steel
surface and rolling equipment, manifesting as linear patterns parallel or perpendicular to the rolling direction
[9]. Rolled-in scale defects occur when oxide scales formed during heating fail to be completely removed and
become pressed into the steel surface during rolling [10]. Patches and pitted surface defects are frequently
associated with uneven cooling, thermal stress concentration, or surface reactions with the cooling environment
[11]. These defects not only affect the aesthetic appearance but also compromise mechanical properties such as
fatigue strength and corrosion resistance. Therefore, accurate detection and classification of these defects using
deep learning approaches can provide valuable insights for process optimization and quality control in steel
production.

2. Related Works

Historically, the early detection of surface defects in hot-rolled steel strips predominantly depended on
conventional physical detection techniques like acoustic detection, ultrasonic testing, and contact-based
methods [12]. These approaches ascertain possible defects by examining the acoustic characteristics or surface
reactions of materials during transmission, providing a degree of detection proficiency. Nonetheless,
constrained by accuracy, adaptability, and efficiency, these techniques encounter challenges in fulfilling the
instantaneous detection requirements of extensive production processes amid the expanding capacities of steel
manufacturing.

The rise of deep learning has significantly enhanced defect detection, particularly with the widespread
adoption of the YOLO series models for their real-time performance and accuracy benefits. YOLOv1 pioneered
the single-stage detection framework [13]. YOLOvV3 integrated Feature Pyramid Networks (FPN) to improve
small object detection [14], and YOLOVS5 further refined performance by implementing the CSP structure and
adaptive anchor box mechanisms [15]. Expanding on these advancements, YOLOVS introduces an anchor-free
detection head, a decoupled detection head, and incorporates the C2f module to enhance feature extraction and
optimize gradient propagation efficiency [16].

The C2f module in YOLOvVS currently lacks adaptive modeling capabilities during feature fusion, which
leads to inadequate representation of small-scale defects. To mitigate this limitation, this paper proposes the
integration of the Efficient Multi-scale Attention (EMA) mechanism into the C2f module. This enhancement
aims to improve the network's feature selection and representation capabilities, thereby boosting detection
performance for multi-scale defects, especially small-scale defects [17]. The NEU-DET dataset used in this study
provides a comprehensive benchmark for evaluating steel surface defect detection algorithms [18].
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Additionally, Kou et al. developed a YOLO-V3-based model for detecting defects on steel strip surfaces,
demonstrating the effectiveness of YOLO series models in industrial defect detection [19].

3. Methodology

To enhance global dependency modeling in feature representation while preserving the lightweight
advantages of the C2f structure, this paper introduces an Efficient Multi-branch Attention (EMA) mechanism
within the original C2f module framework, constructing an improved structure called C2f-EMA. This module
achieves collaborative recalibration across spatial and channel dimensions through grouped modeling and
dual-path response interaction, while maintaining manageable computational complexity.

In the standard C2f structure, input features are first channel-expanded via 1 X 1 convolution and split
into two parts along the channel dimension. One part directly participates in cross-stage concatenation, while
the other sequentially passes through several Bottleneck units to enhance local representation capabilities. This
design inherits the CSP (Cross Stage Partial) concept, effectively reducing redundant gradient propagation [20].
However, traditional Bottleneck structures primarily rely on convolution for local modeling, and their ability
to characterize long-range spatial dependencies and direction-sensitive structures remains limited [21]. To
address this, this paper embeds the EMA module within the Bottleneck to improve the global consistency and
direction-selective response capabilities of features.

The core idea of EMA is to construct dual-branch interactive attention within a grouped representation
space. Let the input feature be X € RE**H*W First, it is divided into G groups along the channel dimension,
with each group having C/G channels. The grouping strategy dynamically ensures C/G = 1, maintaining
stable modeling granularity across different scales. Subsequently, feature recalibration is performed
independently within each group.

In spatial modeling, EMA extracts statistical information in the height and width directions through
direction-aware pooling operations:

X, =Pool, (X), X,, =Pool ,(X) (1)

where Pool,(X) and Pool,,(X) perform adaptive average pooling along the height and width directions,

respectively. After concatenation, they are fused via 1X1 convolution to generate direction-related

modulation weights, which are activated by Sigmoid to form a spatial gating map. This process enables the

network to explicitly model structural patterns with directional distributions, such as strip-shaped and crack-
like defects.

In channel interaction, EMA constructs a dual-path response mechanism. One path performs global
average pooling on spatially recalibrated features and obtains channel weight distribution through Softmax;
the other path performs the same operation on locally convolution-enhanced features. The two paths are
respectively multiplied with the corresponding feature matrices to obtain complementary response maps.
Finally, the two sets of response results are summed and activated by Sigmoid to form adaptive weights W:

W =0o(AX,+AX,) )

where 4; and A, represent attention coefficients generated from global statistics. This design achieves
bidirectional coupling of "global guidance of local" and "local feedback to global," effectively mitigating the
expression bias that may arise from a single attention path.

In Bottleneck-EMA, input features sequentially undergo 1 x 1 convolution for dimension reduction, EMA
recalibration, and 3 X 3 convolution to restore channel dimensions; when input and output channels are
consistent, residual connections are introduced to stabilize gradient propagation. This structure retains the local
modeling capabilities of the standard Bottleneck while providing cross-spatial scale adaptive modulation
through EMA.

Furthermore, in C2f-EMA, multiple Bottleneck-EMA units are serially embedded into the C2f backbone
path and cascaded with the initial branch features, finally completing feature fusion via 1 x 1 convolution.
Since attention modeling is performed independently within the grouped space, computational complexity
increases linearly with C/G, significantly reducing parameter and FLOPs overhead compared to full-channel
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self-attention mechanisms. Therefore, this structure improves the discriminative ability for complex-shaped
targets while preserving the lightweight characteristics of the YOLOvS8 backbone.

After introducing C2f-EMA into the P3-P5 multi-scale output layers of the detection head, feature maps at
different resolutions all receive enhancements in direction awareness and global consistency, thereby
improving the collaborative representation between small-scale details and large-scale structural targets. This
grouped multi-path recalibration mechanism provides a stable and efficient feature enhancement paradigm for
multi-scale object detection. As presented in Figure 1.

Conv

1

Conv

C2f EMA »  Detect
C2f EMA

R

Concat

_1 -

Upsample Conv

C2f EMA
- P

C2f EMA Concat

H

H

Conv

1

:
:

Conv

C2f EMA Detect
C2f EMA Concat

T

Conv Upsample

:

1

!
1

Conv

H

:

Concat

v

C2f EMA

:1: C2f EMA Detect
SPPF —
Backbone Neck Head

Figure 1. Improved YOLOV8 Network

4. Method of Implementation

The study utilized the NEU-DET steel strip surface defect dataset, which consists of 1,800 images taken
from real industrial settings, encompassing six defect categories: Inclusion, Patches, Pitted Surface, Scratches,
Crazing, and Rolled-in Scale. The dataset was divided into training, validation, and test sets in an 8:1:1 ratio to
maintain data authenticity and diversity. Model parameters were initialized randomly, and the attention
weights in the C2{-EMA module were trained concurrently with the network. During training, input images
underwent batch preprocessing, involving normalization, random flipping, and scaling for data augmentation,
before being inputted into the model for forward computation and error backpropagation to optimize
parameters across all layers. Following each training epoch, the current network parameters were frozen, and
the interim model's performance was assessed on the validation set to evaluate the impact of the EMA attention
mechanism on multi-scale defect feature extraction. Upon completing training, the final model was tested on
the test set to gauge the detection accuracy of the improved C2f-EMA module across defects of various scales.

467 https://doi.org/10.64486/m.65.4.15


https://doi.org/10.64486/m.65.4.15

Metalurgija | Metallurgy Vol. 65 No. 4/ 2026

This evaluation continued until the model's performance stabilized, ensuring reliable recognition of small
scratches and intricate defects. As presented in Figure 2.
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Figure 2. Efficient Multi-scale Attention Network Structure

5. Experiment and Analysis

To further verify the effectiveness and stability of the proposed C2f-EMA structure in improving detection
performance, systematic experiments were conducted on the NEU-DET dataset. All models were trained on an
Ubuntu 24.04 system with an NVIDIA RTX 4060 GPU, input resolution of 640x640, batch size of 16, and 500
training epochs. Other training strategies remained consistent to ensure experimental fairness.

First, to eliminate performance fluctuations caused by random initialization, five independent repeated
trainings were performed for both the baseline YOLOvV8 and the improved model. Under identical data
partitioning and hyperparameter settings, the mAP@0.5 values of the baseline model in five experiments were
75.9 %, 76.3 %, 76.2 %, 76.0 %, and 76.1 %, with an average of 76.1 % and standard deviation of 0.15 %; the
results of the improved model were 77.5 %, 77.7 %, 77.6 %, 77.8 %, and 77.4 %, with an average of 77.6 % and
standard deviation of 0.16 %. It can be seen that the standard deviations of both models are below 0.2 %,
indicating good convergence stability during training. Further statistical analysis using paired t-test yielded p
=0.00026 (p <0.01), indicating that the 1.5 % performance improvement is statistically significant and not caused
by random perturbations. This result statistically validates the effectiveness of the C2f-EMA structure in
enhancing feature expression. The results are presented in Table 1 and Figure 3.
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Table 1. Results of Five Independent Trainings and Statistical Analysis for Baseline and Improved Models (MAP@0.5, %)

Model Runl Run2 Run3 Run4 Run5 Mean Std
YOLOvVS 75.9 76.3 76.2 76.0 76.1 76.1 0.15
C2f-EMA 77.5 77.7 77.6 77.8 77.4 77.6 0.16
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Figure 3. Detection Effect Diagram

When conducting comparative analysis at the category level, the source of the improved model's
advantages can be observed more clearly. Compared to the overall mAP of 76.1 % for the original YOLOVS, the
introduction of C2f-EMA increased it to 77.6 %. Among them, the Inclusion category improved from 80.5 % to
83.2 %, Pitted surface from 86.2 % to 87.7 %, Scratches from 86.2 % to 87.7 %, and the Rolled-in scale category
significantly improved from 66.5 % to 78.0 %. These categories generally have features of small scale or obvious
texture directionality, indicating that the direction-aware spatial modeling mechanism and global dependency
modulation mechanism introduced by EMA have positive effects on fine-grained structure expression.
Although there are slight fluctuations in the Patches and Crazing categories, the overall average precision still
achieved stable improvement, indicating that the attention mechanism mainly enhanced target expression
capabilities in direction-sensitive and complex background scenarios. As presented in Table 2.

Table 2. Detection Accuracy Comparison between Original YOLOvV8 and C2f-EMA on NEU-DET Categories

Model mAP Inclusion | Patches | Pitted surface | Scratches Crazing Rolled-in
scale
YOLOv8 | 76.1 % 80.5 % 91.4 % 86.2 % 86.2 % 90.0 % 66.5 %
C2f-EMA | 77.6 % 83.2 % 89.3 % 87.7 % 87.7 % 90.6 % 78.0 %

To further evaluate the model's competitiveness, comparative experiments were conducted with
mainstream detection models under the same dataset and training settings. The two-stage detection framework
Faster R-CNN achieved an mAP of 73.4 % on this dataset, Retina Net reached 74.2 %, lightweight single-stage
models YOLOv5s and YOLOv7-tiny reached 75.3 % and 76.8 % respectively. The detection accuracy of the
original YOLOvV8 was 76.1 %, while after introducing C2f-EMA, it reached 77.6 %, achieving the highest
detection accuracy among lightweight structures while maintaining real-time detection capabilities. This
indicates that the proposed structural improvement can effectively enhance feature representation quality
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while keeping the main framework unchanged. The performance comparison with different SOTA models is

presented in Table 3.
Table 3. Performance Comparison of Different SOTA Models on NEU-DET Dataset
Model Detection Framework Type Detection accuracy (mAP@0.5, %)
Faster R-CNN Two-stage 73.4
Retina Net Two-stage 74.2
YOLOvb5s Single-stage 75.3
YOLOvV7-tiny Single-stage 76.8
YOLOvVS Single-stage 76.1
C2f-EMA (Ours) Single-stage 77.6

In response to concerns about model complexity and inference efficiency in the review comments,
systematic evaluations of parameter scale, computational complexity, and inference time were conducted. The
baseline YOLOVS has 3.27M parameters, 9.0 GFLOPs of computation, and an average inference time of 6.2 ms
per image on the RTX 4060 platform, corresponding to 161 FPS. After introducing C2f-EMA, the model
parameters increased to 3.38M, computation rose to 9.3 GFLOPs, and the inference time per image was 6.5 ms,
corresponding to 154 FPS. It can be seen that with only about 3 % increase in parameters and computation, the
model achieved a 1.5 % accuracy improvement, while the inference speed remained above 150 FPS, meeting
the requirements of industrial real-time detection. This indicates that the introduced grouped multi-branch
attention modeling strategy enhances expression capabilities without significantly compromising the original
lightweight characteristics. As presented in Table 4.

Table 4. Comparison of Model Complexity and Inference Efficiency between Baseline YOLOvV8 and C2f-EMA

Model Parameters (M) | Computation (GFLOPs) | Inference Time (ms) FPS
YOLOVS 3.27 9.0 6.2 161
C2f-EMA 3.38 9.3 6.5 154

Considering that C2f-EMA is embedded in the P3-P5 multi-scale detection layers, further statistical
analysis was conducted on targets of different scales. Experimental results show that the detection accuracy for
small-scale targets improved from 63.8 % to 66.2 %, for medium-scale targets from 78.4 % to 79.6 %, while for
large-scale targets it remained basically stable. The improvement for small-scale targets is more obvious,
indicating that the direction-aware spatial recalibration mechanism can more effectively capture fine-grained
defect structures and enhance the expression consistency of feature maps in high-resolution branches. As

presented in Table 5.
Table 5. Detection Accuracy Comparison for Targets of Different Scales (MAP@0.5, %)
Model Small-scale Targets Medium-scale Targets Large-scale Targets
YOLOvS8 63.8 78.4 89.6
C2f-EMA 66.2 79.6 89.9

In summary, through multiple independent experiments, statistical significance tests, category-level
analysis, comparisons with mainstream models, and evaluations of complexity and inference efficiency, it can
be confirmed that C2f-EMA significantly enhances multi-scale feature representation capabilities while
preserving the lightweight and real-time characteristics of YOLOvS, and has stronger discriminative
advantages for small-scale and direction-sensitive defects. This improved structure achieves a relatively
balanced effect between performance gain and computational overhead, and has practical industrial
deployment value.
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6. Conclusion

This study focuses on enhancing surface defect detection in hot-rolled steel strips by incorporating an
Efficient Multi-scale Attention (EMA) mechanism into the C2f module of the YOLOvV8 model, resulting in the
C2f-EMA module. This integration improves the adaptive representation of features in both channel and spatial
dimensions. Experimental results indicate that the enhanced model achieves higher detection accuracy across
the six defect categories, with the overall mean Average Precision (mAP) rising from 76.1 % to 77.6 %.
Particularly, there are notable enhancements in detecting small- and medium-scale defects like Inclusion,
Scratches, and Crazing, highlighting the effectiveness of the EMA attention mechanism in improving feature
representation for intricate defects. In conclusion, the incorporation of the EMA attention mechanism into the
C2f module significantly enhances the discriminative ability of multi-scale features, providing a streamlined
and effective solution for detecting surface defects in hot-rolled steel strips. Moreover, this study offers valuable
insights and guidance for the future utilization and refinement of deep attention mechanisms in industrial
defect detection applications.
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