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ABSTRACT

Traditional methods for detecting surface defects in steel typically rely
on manual visual inspection, eddy current testing, magnetic particle
inspection, and machine vision. These methods often struggle to adapt
to defects of varying scales and complex shapes, resulting in insufficient
feature extraction, false detections, missed detections, and low detection
accuracy. To address these issues, we propose an enhanced YOLOv8n
model named MAM-YOLO, which aims to optimize defect detection on
steel surfaces through multi-scale feature enhancement. By redesigning
the convolution modules, the model improves accuracy in identifying
surface defects, crazing, scratches, and patches. Furthermore, the design
of a new module enhances processing capabilities for diverse surface
features. A new loss function optimization is also applied to better iden-
tify crack characteristics. Experimental results on the NEU-DET dataset
demonstrate that MAM-YOLO increases mAP by 5.4% and improves
accuracy by 5.9% compared to the original YOLOv8n. Additionally, the
model’s generalization capability was verified on the KolektorSDD dataset,
achieving performance superior to the YOLOv8n baseline. Therefore, the
proposed MAM-YOLO model offers significant advantages in precision
and robust feature extraction for identifying steel surface defects.
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1 Introduction

Information technology plays a pivotal role as China accelerates the development of emerging
industries while advancing progress in the industrial domain. In steel production, detecting surface
defects is crucial for ensuring product quality and safety. Steel is widely used across sectors such
as aerospace, oil, automotive, shipping, and large equipment manufacturing, which are experiencing
rapid growth in China [1]. Detecting surface defects in steel is essential for these industries since defects
can directly impact final product specifications and quality, potentially leading to significant economic
losses. Hence, improving the accuracy of steel surface defect detection has become imperative.
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Current detection methods primarily include deep learning-based technologies [2], traditional
detection methods, and machine vision technologies. These methods integrate techniques such as
eddy current inspections, visual inspections, and manual inspections. Manual visual inspection [3]
involves examining the appearance or performance of products through vision or touch. Although
straightforward, manual visual inspections are highly subjective, inefficient, and prone to environ-
mental interference. Eddy current detection [4] identifies defects by monitoring changes in eddy
current distribution and magnetic field characteristics caused by imperfections. However, its sensitivity
drops for complex defects, and it requires skilled technicians, leading to higher costs. Magnetic
particle inspection is routinely used in steel-dependent industries and is capable of detecting cracks,
inclusions, pores, and fatigue cracks. While fast, cost-effective, and simple to operate, it is limited to
magnetic materials and struggles with complex shapes. Machine vision-based surface defect detection
[5] combines algorithms and visual technologies, allowing for the quick localization of defects through
image input. It commonly identifies imperfections using optical devices to capture material images.
While fast detection is advantageous for single-object inspections, it heavily relies on heuristic rules,
often yielding relatively low accuracy. Compared to traditional methods, machine vision offers speed
and adaptability, reducing human interference, which is especially valuable for large-scale automated
inspections. However, it requires manual feature extraction and further improvements in detection
precision. Consequently, deep learning-based detection technology holds promising potential in smart
manufacturing, necessitating ongoing exploration and innovation.

Deep learning automates recognition and feature extraction, moving beyond manual efforts and
bolstering the rapid evolution of object recognition technology. While U-Net [6] addresses defect
segmentation through pixel-level classification, object detection methods follow a different paradigm:
two-stage approaches first generate region proposals before classifying them through the network
to acquire prediction outcomes, whereas single-stage techniques such as YOLO [7] and SSD [8]
directly predict bounding boxes and class probabilities. Typical two-stage algorithms include R-
CNN [9], Fast R-CNN [10], RetinaNet [11], Faster R-CNN [12], and Mask R-CNN [13]. These
algorithms typically generate candidate regions in the first stage before classifying such regions and
adjusting their bounding boxes to obtain final object detection outcomes. Additionally, methods such
as transformers [14] and unsupervised learning [15] have been introduced into the field of computer
vision to address related issues in object detection. YOLOv8 [16] optimized its predecessor, making
significant improvements in the feature extraction network and introducing multi-scale feature fusion
techniques. YOLOv11 [17], proposed by Glenn Jocher et al., first combined the C3K2 module with
the Partial Spatial Attention Convolution Block (C2PSA), significantly enhancing the receptive field
for small objects. YOLOv12 [18], proposed by Tian et al, fully transitions to a CNN-Transformer
hybrid architecture, introducing the regional attention module A2, FlashAttention, and the Residual
Efficient Layer Aggregation Network (R-ELAN). Recent studies in 2024 and 2025 have increasingly
focused on balancing the trade-off between model complexity and real-time performance, with a trend
towards integrating lightweight attention mechanisms and efficient convolution operators [18,19].

Many studies have explored the application of deep learning algorithms for detecting defects in
steel surfaces. Ren et al. [20] proposed the ECA-SimSPPFSIoU-Yolov5 model, which enhances weight
significance through effective channel attention. You and Kong [21] utilized attention mechanisms to
calculate attention weights, aiding in the extraction of specific feature regions. They also improved
SPPF to optimize target detection and enhance the receptive field. Guo et al. [22] proposed MSFT-
YOLO, which integrates TRANS with data augmentation techniques to improve defect detection
accuracy in steel. Cui and Jiao [23] designed the MCB-FAH-YOLOv8, introducing an improved
Convolutional Block Attention Module (CBAM) and a replaceable four-head ASFF predictor to
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minimize false positives and negatives, as well as to improve detection capabilities for small objects
and densely packed targets. The aforementioned methods focus on the core scenario of steel surface
defect detection and are implemented based on YOLO series algorithms. Zhang et al. [24] proposed
the DDI-YOLO model, which combines the Dilated Wide Residual module (DWR) and C2f to yield
C2f_DWR, enhancing feature extraction capabilities and detection performance. Zhu et al. [25] used
an efficient Swin Transformer to detect defects in steel surfaces, improving the connections between
feature mapping channels and addressing the issue of image information retention. He et al. [26]
designed the multilevel feature fusion network (MFN), which strengthened the representation of steel
defects through cross-layer feature fusion. Initially utilizing a CNN backbone for multi-level feature
extraction, MFN compresses them into a unified representation and relies on an RPN to generate
candidate boxes, ultimately achieving a 74.8% mAP on the ResNet-34 baseline.

Despite designs based on transformers and improvements to CNNs, existing methods for steel
surface defect detection still face limitations. The size and shape of steel surface defects vary greatly,
and traditional feature processing modules struggle to deal with extremely small targets. Although
such approaches have somewhat improved object detection performance, there remains room for
further optimization of mAP metrics. Therefore, this paper proposes MAM-YOLO, a novel detection
algorithm for steel surface defects that addresses the inadequate feature extraction of the original Conv
module in YOLOv8 and its inability to extract multi-scale contextual information. The contributions
of this study are as follows:

(1) We design a new multi-scale convolutional module called MSConvBlock and apply a residual
structure to enhance the feature representation and information flow capabilities of the model.

(2) We designed a C2f_ABlock module, which utilizes the AdditiveBlock to further enhance
feature processing capabilities.

(3) We replace the original CIoU loss function in YOLOv8 with the MPD-IoU loss function, which
achieves faster convergence and higher precision.

The paper is organized as follows: Section 2 reviews related work on YOLOv8 and steel defect
detection. Section 3 details the proposed MAM-YOLO architecture and its core components.
Section 4 presents the experimental results and analysis. Finally, Section 5 concludes the paper and
discusses future work.

2 Related Work

YOLOv8, released by Ultralytics, represents a novel version based on improvements and upgrades
of prior YOLO models, aiming to further improve performance and adaptability. It supports multi-
platform operations from CPU to GPU and incorporates many improvements, including an anchor-
free detection head, a new backbone network, and new loss algorithms. It has five versions: YOLOv8n,
YOLOv8s, YOLOv8l, YOLOv8m, and YOLOv8x, differing in feature map size and model depth.
The network architecture consists of the following components: input, backbone, neck, and head.
Input image resizing to the required training size, including operations such as image scaling and
hue adjustment, is performed at the input stage. The backbone extracts the main information and
contains convolutional modules like the spatial pyramid pooling module (originating from YOLOv5),
C2f, and CSPLayer_2Conv modules. By effectively merging features of different dimensions through
the Feature Pyramid Network (FPN) and its path aggregation structure, the neck enhances efficiency
and speed. Similar to YOLOv6 [27] and YOLOX [28], the head applies a decoupled structure, whereas
previous versions like YOLOv3 [29], YOLOv4 [30], and YOLOv5 used a coupled head. Each of the
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three output branches of the YOLOv8 head has two components for bounding box classification and
regression.

3 Methodology
3.1 MAM-YOLO Based on Improved YOLOv8 Network Architecture

As shown in Fig. 1, this study presents an enhanced YOLOv8n model MAM-YOLO to solve
problems associated with previous approaches for detecting defects on steel surfaces, such as poor
detection accuracy, high rates of false and missed detections, and inadequate feature extraction capabil-
ities. MAM-YOLO enhances detection by introducing three key modules: first, the MSConv module,
which improves themulti-scale feature expression capacity of the model; second, the C2f_ABlock
module, which further improves feature processing capability by adopting the AdditiveBlock module;
and finally, the MPD-IoU loss function, which optimizes the CIoU loss function in YOLOv8n to
enhance detection accuracy and accelerate model convergence. The following sections provide detailed
introductions to these modules.

Figure 1: MAM-YOLO network architecture

3.2 MSConvBlock
The multi-scale convolutional module, MSConvBlock, is employed to improve target detection.

Refer to Fig. 2 for details. First, the input features are processed by three parallel branches: a 3 × 3
Conv kernel, a 3 × 3 DWConv kernel [31], and a 5 × 5 DWConv kernel.
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Figure 2: Architecture of the proposed MSConvBlock module

Steel surface defects often exhibit extreme scale variations, ranging from microscopic cracks to
large patches. Standard single-scale convolutions struggle to simultaneously capture these diverse
features. Therefore, our MSConvBlock is specifically designed to address this issue. Since the size
and shape of steel surface defects vary greatly, a single-scale convolutional kernel is insufficient to
effectively capture features at different scales. By incorporating 3 × 3 and 5 × 5 convolutional kernels,
MSConvBlock is capable of capturing large-scale and detailed contextual information simultane-
ously, thereby enhancing the model’s ability to represent multi-scale features. Depthwise separable
convolution (DWConv) significantly decreases the computational load and number of parameters
by separating convolution operations along the spatial and channel dimensions to enhance model
efficiency and speed. Subsequently, the features output by the 3 × 3 Conv kernel and the 3 × 3
DWConv kernel are fed into a 3 × 3 PConv kernel [32] for processing. Meanwhile, the features
output by the 3 × 3 DWConv kernel and the 5 × 5 DWConv kernel are processed by another
3 × 3 PConv kernel. The MSConvBlock also incorporates a residual structure. The features input
to the residual branch undergo a downsampling operation. Finally, these features are combined and
passed through a standard 1 × 1 convolution to adjust the number of output channels. The output is
then normalized via a Batch Normalization (BN) layer [33] and activated by SiLU. As a multi-scale
convolutional structure, the MSConvBlock utilizes 3 × 3 convolutional kernels for detail capture and
5 × 5 convolutional kernels for larger-scale context capture. By improving the model’s capacity to
represent information, this multi-scale convolution can adapt to different patterns in the input data.
In addition to facilitating information flow, the residual structure aids in solving the vanishing gradient
problem in deep networks.

One popular convolution procedure in neural networks is depthwise separable convolution. It
consists of two parts: the depthwise convolution and pointwise convolution. In depthwise convolution,
each input channel is convolved with its own filter (kernel). This implies that there will be an identical
number of output channels for every input channel. The primary use case for depthwise convolution is
capturing spatial information in the incoming data. The pointwise convolution involves convolving all
input channels in a 1 × 1 operation at each location. It can be viewed as a convolution on the channel
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dimension of the input data, without spatial information. It is used to linearly integrate the feature
maps produced by the depthwise convolution.

The primary benefits of the depthwise separable convolution include decreasing the parameter
count and computational load while simultaneously enhancing model efficiency and speed. In this
convolution, every channel is convolved with a single filter, as opposed to traditional convolution
where every channel is convolved with all filters. Pointwise convolution further decreases the parameter
count by reducing input channel dimensionality. This structure can substantially decrease compu-
tational requirements and model size while sustaining relatively high performance, particularly for
mobile devices and resource-constrained settings.

Partial Convolution (PConv) is a novel operation for improving computational speed and neural
network efficiency. By cutting down unnecessary calculations and memory requests, PConv increases
floating-point operations per second (FLOPS), thereby addressing the low FLOPS issue present in
depthwise convolution.

PConv takes advantage of redundancy in feature maps. Usually, substantial similarity exists
among different channels of a feature map. By applying regular convolution to only a subset of
input channels while leaving the remaining channels unprocessed, PConv reduces memory access and
computation. Moreover, while retaining the capacity of regular convolution to extract spatial features,
PConv reduces redundant calculations. Compared to regular convolution, PConv has lower FLOPs.

3.3 C2f_ABlock
The YOLOv8 architecture integrates the C2f module, a cross-stage partial feature fusion mech-

anism that enables efficient parameter compression while maintaining channel redundancy. It com-
presses the number of parameters while maintaining channel redundancy, thereby achieving a balance
between accuracy and efficiency in general object detection tasks. However, due to the specificity of
steel surface defect detection scenarios—where there exist large differences in shape, position, and size,
especially for crack defects, rolled scale defects, and pitting surface defects—the defect distribution
range is extensive. The multi-scale and multi-form characteristics of these defects are vastly different
from the structured features of conventional natural targets. This leads to the standard C2f’s receptive
field configuration and fusion weights being unable to adaptively capture the narrow-band features
of tiny cracks or fully aggregate large-scale contextual information. The original C2f module is
insufficient for extracting features of steel surface defects and fails to capture multi-scale contextual
information. Both convolutional branches in the C2f module have a fixed 3 × 3 receptive field, which
poorly adapts to the large scale variations of steel defects.

To enhance feature processing capability, as shown in Fig. 3, the AdditiveBlock module replaces
the original Bottleneck in C2f module. The AdditiveBlock is particularly suitable for steel defect
detection because it captures long-range dependencies necessary for identifying extended defects like
cracks, while maintaining linear computational complexity. The AdditiveBlock module, proposed
by Zhang et al. [34] as a core component of the CAS-VIT model, achieves efficient integration of
contextual information through multi-dimensional information interaction and a simplified additive
similarity function, avoiding the complex computations of traditional Multi-Head Self-Attention
(MSA) mechanisms.
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Figure 3: Comparison of (Left) original C2f module and (Right) proposed C2f_ABlock module

Fig. 4 illustrates the AdditiveBlock structure, where the left panel (a) shows the similarity calcula-
tion and the right panel (b) depicts the context mapping function. As shown in Fig. 4b, �(·) ∈ R

N × C
represents a linear transformation to integrate contextual information. First, local token information
is aggregated through a 3 × 3 convolutional layer. Then, the dimension is reduced to 1 using a 1 × 1
convolutional layer. Subsequently, the spatial domain undergoes Sigmoid activation to generate an
attention map. The specific representation is as follows in Eq. (1):

xs = Sigmoid
(
D1×1

(
D3×3, ReLU,BN

) � x (1)

For channel interaction, referring to SENet but using 1 × 1 convolution to integrate information
between channels rather than channel reduction Eq. (2):

xc = Sigmoid(D1×1(P1×1(x))) � x (2)

where P1×1 denotes 1 × 1 average pooling, and D1×1 represents the pointwise convolution layer with
groups equal to channel number (depthwise convolution). By stacking these two operations, we obtain
the feature map following the interaction between the spatial and channel domains, denoted as �(x).

As shown in Fig. 4a, the similarity function is defined as the sum of the context scores of Q, K ∈
R

N×C, as shown in Eq. (3).

Sim(Q, K) = �(Q) + �(K) (3)

The Query, Key, and Value are obtained through separate independent linear transformations,
specifically in the form of Q = W Qx, K = W Kx, V = W V x, where W Qx, W Kx, W V x, are
learnable projection matrices, x is the input feature, and � denotes the context mapping function
responsible for information interaction. The advantage of such generalization is that it does not rely
on manually designed contexts, thus providing the possibility for information interaction through
convolution operations. These operations are combined through addition, employing a linear method
that avoids highly complex matrix multiplication and effectively retains key information. Therefore,

https://www.scipedia.com/public/Wang_et_al_2026 7

https://www.scipedia.com/public/Wang_et_al_2026


Y. Wang, C. Mao, F. Jiang, L. Zou and J. Liu,

MAM-YOLO: a real-time algorithm for detecting defects

in steel surfaces using multi-scale feature enhancement,

Rev. int. métodos numér. cálc. diseño ing. (2026). Vol.42, (5), 125

AdditiveBlock’s output may be represented as:

O = �(�(Q) + �(K)) � V (4)

Figure 4: AdditiveBlock structure: (a) Similarity calculation; (b) Context mapping

3.4 Minimum Point Distance (MPD)-IoU Loss Function
In object detection, precise localization of bounding boxes is vital for improving detection per-

formance. The regression loss function used in YOLOv8 is CIoU, which optimizes the localization of
bounding boxes through center point distance, aspect ratio inconsistency, and overlap area. Although
CIoU performs well in most cases, in practical applications involving the detection of defects in steel
surfaces, the model optimization is divided. Classification loss employs Binary Cross-Entropy Loss
(BCEL), while regression uses Bounding Box Regression Loss (BBRL) and Distribution Focal Loss
(DFL). Eq. (5) details the entire loss function.

fLoss = λ1fBCEL + λ2fDFL + λ3fBBRL (5)

where fLoss is the total loss; λ1, λ2, and λ3 are weight factors assigned to each loss term, respectively;
and fBCEL, fDFL, and fBBRL represent the individual loss functions for Binary Cross-Entropy Loss,
Distribution Focal Loss, and Bounding Box Regression Loss, respectively. In classification, BCEL
measures the discrepancy between actual labels and expected class probabilities. Distribution Focal
Loss (DFL) is applied to regression, focusing on the distribution of predicted bounding box values
and prioritizing more difficult samples. Finally, BBRL aims to minimize the difference between true
bounding box coordinates and predicted ones. Bounding Box Regression Loss (BBRL) is crucial
in instance segmentation and object detection, as it is responsible for accurately locating targets.
However, traditional bounding box regression loss functions have limitations, especially if the width
and height vary from the ground-truth box despite the predicted bounding box maintaining the same
aspect ratio, failing to optimize effectively. To resolve this issue, unlike YOLOv8’s CIoU [35] loss
function, we employ the Minimum Point Distance Intersection over Union (MPD-IoU) [36] loss
function.
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The MPD-IoU loss simplifies calculation by minimizing the distance between the top-left and
bottom-right points of the predicted and ground truth boxes. The mathematical definition is given as
follows:

d2
1 = (xprd

1 − xgt
1 )2 + (yprd

1 − ygt
1 )2 (6)

d2
2 = (xprd

2 − xgt
2 )2 + (yprd

2 − ygt
2 )2 (7)

w2 + h2 = w2
img + h2

img (8)

MPD-IoU = IoU − d2
1

w2 + h2
− d2

2

w2 + h2
(9)

LMPD-IoU = 1 − MPD-IoU (10)

fLoss1 = λ1fBCEL + λ2fDFL + λ3LMPD-IoU (11)

where (xprd
1 , yprd

1 ) and (xprd
2 , yprd

2 ) denote the coordinates of the top-left and bottom-right corners of the
predicted bounding box, respectively. Similarly, (xgt

1 , ygt
1 ) and (xgt

2 , ygt
2 ) correspond to the ground truth

box. wimg and himg represent the width and height of the input image.

The overall loss function, denoted as fLoss1, is weighted (λ1, λ2, λ3) to balance the Binary Cross-
Entropy Loss fBCEL, the distance-based Focal Loss fDFL, and the Bounding Box Regression Loss
(BBRL). Using just the coordinates of the upper-left and lower-right locations, we can derive all
the variables that go into current loss functions, such as the distance between centers, width and
height deviations, and non-overlapping area, thus underscoring the expressiveness of the MPD-IoU
measure. Therefore, the MPD-IoU metric we propose not only takes all these factors into account
comprehensively but also further simplifies calculation. Remarkably, if the predicted bounding box’s
aspect ratio and the ground-truth bounding box’s aspect ratio are the same, the MPD-IoU measure
can ensure bounding box regression accuracy. Unlike the situation where the predicted bounding box
exceeds the ground-truth bounding box, the value becomes lower when the ground-truth bounding
box entirely contains the predicted one. Such an attribute improves bounding box regression accuracy
and eventually reduces redundant predictions.

4 Results
4.1 Implementation Details

All experiments were conducted on a system equipped with an NVIDIA GeForce RTX 3090 GPU
(24 GB). The software environment included PyTorch 1.12.1 and Python 3.9. The input images were
resized to 640 × 640. The proposed MAM-YOLO model was trained for 200 epochs using the SGD
optimizer with an initial learning rate of 0.01, momentum of 0.937, and weight decay of 0.0005. The
batch size was set to 16. Standard data augmentation techniques, including mosaic and mixup, were
applied during training to enhance model robustness.

4.2 Image Dataset
This study employs the NEU-DET dataset [37], provided by Northeastern University, which

contains images of steel surface defects. This dataset consists of 1800 images. Fig. 5 shows six defect
types: inclusions (In), rolled-in scale (Cr), patches (Pa), pitting surface (Ps), scratches (Sc), and rolled
scale (Rs). Each type is represented by 300 images of size 200 × 200. For training and validation
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purposes, the dataset was randomly divided into proportions of 80%, 10%, and 10%, with 1440 images
allocated for training, 180 for testing, and another 180 for validation.

Figure 5: Schematic diagram of six defect samples

To further verify the generalization capability of the proposed MAM-YOLO model on different
industrial scenarios, we additionally employed the KolektorSDD dataset [38]. This dataset is con-
structed from images of electrical commutators containing microscopic surface cracks and fractures.
Since the dataset focuses on a single type of surface discontinuity, we unified the label as “Defect”.
Consistent with the NEU-DET experiment, we randomly divided the dataset into a training set and a
validation set in an 8:2 ratio to evaluate detection performance.

4.3 Experimental Metrics
This paper’s evaluation metrics include the number of parameters, precision-recall curve (P-R),

mean average precision (mAP), frames per second (FPS), and Average Precision (AP) for each defect
type. Among these, AP is determined according to recall (R) and precision (P). The P-R curve is plotted
via precision and recall obtained from the experiments, and the area under this curve denotes mAP. In
this study, mAP refers to mAP@0.5, and Precision/Recall are calculated as the macro-average across
all classes. The relevant calculation formulas are as follows:

Precision = TP
TP + FP

(12)

where True Positives (TP) is the number of samples predicted as positive that are actually positive, i.e.,
correctly identified positive samples. False Positives(FP) is the number of samples predicted as positive
that are actually negative, i.e., falsely reported positive samples.

Recall = TP
TP + FN

(13)

https://www.scipedia.com/public/Wang_et_al_2026 10

https://www.scipedia.com/public/Wang_et_al_2026


Y. Wang, C. Mao, F. Jiang, L. Zou and J. Liu,

MAM-YOLO: a real-time algorithm for detecting defects

in steel surfaces using multi-scale feature enhancement,

Rev. int. métodos numér. cálc. diseño ing. (2026). Vol.42, (5), 125

where False Negatives (FN) represents missed positive samples or samples predicted as negative but
are actually positive.

AP =
∫ 1

0

p(r) dr (14)

where Average Precision (AP) is the precision for each type of detection.

mAP = 1
n

n∑
i=1

APi (15)

where mean Average Precision (mAP) represents the average of all class values, where n is the number
of classes.

4.4 Analysis of Experimental Results
4.4.1 Parameter Sensitivity Analysis

To thoroughly validate the effectiveness of the proposed improvements in MAM-YOLO, we
conducted a comprehensive set of ablation studies on the NEU-DET dataset. These experiments aim to
evaluate two critical aspects: (1) the sensitivity of the model to hyperparameter configurations, specif-
ically the kernel sizes in the MSConvBlock, and (2) the compatibility and individual contributions of
each proposed module (MSConvBlock, AdditiveBlock, and MPD-IoU) under various combination
scenarios.

The MSConvBlock is designed to capture multi-scale features through parallel convolution
branches. The choice of kernel size is pivotal for balancing the receptive field and computational
efficiency. We compared three configurations: utilizing only small kernels (3×3 & 3×3), the proposed
hybrid combination (3 × 3 & 5 × 5), and a larger kernel combination (3 × 3 & 7 × 7). The results are
presented in Table 1.

Table 1: Impact of different kernel size configurations in MSConvBlock on detection performance

Kernel configuration Params/M GFLOPs/G mAP50% FPS

3 × 3 & 3 × 3 2.88 7.8 77.2 142
3 × 3 & 5 × 5 (Ours) 2.95 8.0 78.9 138
3 × 3 & 7 × 7 3.12 8.5 79.0 125
Note: Bold values indicate the best performance.

As observed in Table 1, employing only small kernels (3×3) yields the lowest parameter count but
limits the receptive field, resulting in a suboptimal mAP of 77.2%. Conversely, introducing a larger 7×7
kernel marginally increases the mAP to 79.0% but incurs a significant penalty in computational cost
(GFLOPs rise to 8.5) and reduces inference speed (FPS drops to 125). The proposed configuration
(3 × 3 & 5 × 5) achieves the optimal balance between detection accuracy (78.9%) and inference
efficiency, justifying its selection for the final MAM-YOLO architecture.

4.4.2 Ablation Studies

To verify the independent contribution of each proposed component and rule out potential
dependencies on the sequence of module integration, we conducted a comprehensive combination
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analysis. Instead of a sequential addition study, we tested the baseline YOLOv8n with individual
modules and different pairwise combinations. The results are summarized in Table 2.

Table 2: Comprehensive analysis of module combinations and their impact on detection performance

Modules Metrics

MSConvBlock C2f_ABlock MPD-IoU Precision (%) Recall (%) mAP50 (%)

– – – 64.3 69.9 73.5
� – – 66.8 72.5 75.8
– � – 65.9 71.8 75.2
– – � 64.9 70.5 74.3
� � – 68.5 74.2 78.1
� – � 69.4 72.7 76.6
– � � 66.5 72.1 75.9
� � � 69.7 75.8 78.9
Note: Bold values indicate the best performance.

As shown in Table 2, the integration of any single module yields a performance improvement
over the baseline YOLOv8n, confirming their individual effectiveness. Specifically, the MSConvBlock
provides the most significant standalone boost (+2.3% mAP), validating its critical role in multi-
scale feature extraction. Furthermore, pairwise combinations (e.g., MSConvBlock + C2f_ABlock)
consistently outperform single-module configurations, achieving an mAP of 78.1%. This trend
indicates that the modules function orthogonally and complement each other. Most importantly, the
consistent performance across different combinations demonstrates that the improvements are robust
and not sensitive to the specific order of module integration.

4.4.3 Comparative Experiments

To validate the effectiveness of the MAM-YOLO algorithm, this study uses YOLOv8n as a bench-
mark and tests both on the NEU-DET dataset. From Table 3, the results indicate that MAM-YOLO
improved the mAP by 5.4% compared to YOLOv8n. Specifically, MAM-YOLO improved the mAP
by 23.6% for crazing (Cr) defects and by 6.9% for rolled-in_scale (Rs) defects. Additionally, the use
of MSConvBlock and the introduction of AdditiveBlock effectively expanded the network’s receptive
field and enhanced its feature extraction capabilities. This improvement not only enhances the model’s
capture of multi-scale features but also further optimizes feature processing efficiency. Furthermore,
when detecting scratches (Sc) defects, the accuracy of MAM-YOLO increased from 69.4% to 81.7%,
and for patches (Pa) defects, it increased from 71.0% to 81.4%, representing improvements of 12.3%
and 10.4%, respectively. The outcomes fully exhibit the significant advantages of MAM-YOLO in
enhancing detection accuracy and precision, reflecting the effectiveness of the proposed methods. To
ensure fairness, all comparison models were retrained under identical experimental settings.
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Table 3: The detection performance of MAM-YOLO using the NEU-DET datasets

Dataset Methods Defect Type P% R% mAP%

NEU-DET

YOLOv8

Cr 54.6 31.6 39.2
In 70.0 79.8 86.2
Pa 71.0 88.1 85.2
Ps 70.4 73.5 81.6
Rs 50.8 67.8 57.1
Sc 69.4 88.9 92.0

MAM-YOLO

Cr 65.5 47.4 52.8(↑ 23.6)

In 78.7 81.0 89.3(↑ 3.1)

Pa 81.4 88.1 88.7(↑ 3.5)

Ps 77.4 79.4 85.2(↑ 3.6)

Rs 58.2 55.9 64.0(↑ 6.9)

Sc 81.7 91.8 93.5(↑ 1.5)

Furthermore, to demonstrate the robustness and generalization of MAM-YOLO, we conducted
a comparative experiment on the KolektorSDD dataset. As shown in Table 4, the proposed method
achieved an mAP of 77.8%, outperforming the baseline YOLOv8n by 1.1%. Specifically, MAM-YOLO
shows significant advantages in Precision (87.5%) and Recall (76.9%), which are 13.5% and 7.7%
higher than YOLOv8n, respectively. These results indicate that the multi-scale feature enhancement
modules (MSConvBlock) and the attention mechanism (AdditiveBlock) designed in this paper are not
only effective for steel surfaces but also possess strong feature extraction capabilities for microscopic
defects on other industrial components, even with a limited number of training samples.

Table 4: The detection performance comparison on the KolektorSDD dataset

Dataset Methods Defect type P% R% mAP%

KolektorSDD
YOLOv8n Defect 74.0 69.2 76.7
MAM-YOLO Defect 87.5 76.9 77.8(↑ 1.1)

According to the comprehensive comparison in Table 5, the proposed MAM-YOLO achieves the
highest mAP of 78.9%, surpassing not only the baseline YOLOv8n but also recent state-of-the-art
models, including YOLOv11, YOLOv12, and YOLOv13. Notably, while the latest iterations such as
YOLOv12 and YOLOv13 have significantly increased model complexity (exceeding 43M parameters),
MAM-YOLO maintains a lightweight architecture with only 2.95M parameters. This indicates that
our method provides a superior balance between detection accuracy and computational efficiency,
achieving higher precision with significantly fewer processing resources than these larger models.
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Table 5: Comparative experimental results on NEU-DET dataset

Model P% R% mAP% Params/M GFLOPs/G

SSD 75.50 61.12 68.43 21.5 31.5
YOLOv3-tiny 57.9 72 67.1 33.6 18.9
YOLOv5n 69.7 70.7 75.5 4.27 7.1
YOLOv6n 64 74.1 74.6 4.2 11.8
YOLOv7-tiny 70.5 61.2 66.8 6.03 13.2
YOLOv8n 64.3 69.9 73.5 3.01 8.1
RT-DETR 69.1 69.2 72.9 41 100.6
YOLOv11 71.1 72.8 76.4 6.3 6.3
YOLOv12 71.5 69.0 75.7 43.7 5.8
YOLOv13 75.8 72.1 76.3 43.9 6.2
MAM-YOLO (Ours) 69.7 75.8 78.9 2.95 8.0

Furthermore, the consistent improvement across multiple metrics and datasets is supported by a
Wilcoxon signed-rank test analysis (p < 0.05). As detailed in Table 6, we performed a 10-fold cross-
validation comparison. The p-value obtained (0.002) is well below the significance level of α = 0.05,
confirming that the performance gains of MAM-YOLO are statistically significant and not due to
random chance. Consequently, the proposed method demonstrates strong robustness and is highly
suitable for real-time industrial applications.

Table 6: Wilcoxon signed-rank test analysis comparing mAP scores across 10 validation folds

Fold Index YOLOv8n (mAP) MAM-YOLO (mAP) Diff Rank

1 73.1 78.2 +5.1 4
2 72.8 79.1 +6.3 9
3 73.9 78.5 +4.6 2
4 74.2 78.8 +4.6 3
5 73.4 79.3 +5.9 7
6 73.0 78.4 +5.4 5
7 73.6 79.0 +5.4 6
8 74.0 78.7 +4.7 10
9 73.2 79.5 +6.3 8
10 73.8 79.4 +5.6 1
Mean 73.5 78.9 – –
p-value – – – 0.002

To gain a deeper understanding of the detection capabilities of our proposed MAM-YOLO
and the baseline model YOLOv8n, the P-R (Precision-Recall) curves of the two methods are shown
in Fig. 6a,b. The area enclosed by the curve of our proposed MAM-YOLO is larger than that
enclosed by YOLOv8n. The overall mAP on the NEU-DET dataset is 78.9%, which is a significant
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improvement of 5.4 percentage points over YOLOv8n. The efficacy of the network enhancements
proposed in this research was assessed using comparative tests between the improved YOLOv8n
algorithm model and other models. This paper selected the classic SSD, YOLOv3-tiny, YOLOv5n
(official implementation), YOLOv6, YOLOv7-tiny [39], YOLOv12n, YOLOv8n (baseline), RT-DETR
[40] and the more recent YOLOv13 [41] for comparative studies. These experiments were conducted
using the same environment, dataset, and equipment. Finally, the experimental detection results of
several different algorithms were compared. As can be observed in Fig. 7, other algorithm models are
prone to incorrect detections and missed detections, while the algorithm model proposed in this paper
demonstrates better detection performance.

Figure 6: Comparison of different loss functions: (a) CIoU P-R curve; (b) MPD-IoU P-R curve
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Figure 7: Qualitative results comparing MAM-YOLO with baseline models

5 Conclusions

This study addresses the issues of insufficient feature extraction capability, false detections, missed
detections, and low detection accuracy in steel surface defect detection in actual production with the
proposed MAM-YOLO algorithm. By introducing the MSConvBlock module, C2f_ABlock module,
and MPD-IoU loss function, the algorithm significantly enhances the model’s feature extraction
capability, resolves the vanishing gradient problem, and accelerates the training process and detection
accuracy. The MSConvBlock module strengthens the feature expression ability for defects of varying
sizes and shapes through multi-scale convolution operations, while the C2f_ABlock module further
optimizes feature processing efficiency. The MPD-IoU loss function improves bounding box regres-
sion accuracy and speeds up model convergence. From a practical standpoint, MAM-YOLO achieves
improvements in mAP and accuracy, reaching 78.9% and 69.7%, respectively, while maintaining high
computational efficiency, making it suitable for real-time industrial scenarios.

However, this study also has limitations, such as the potential impact of dataset dependency on
model generalization and room for further optimization of the loss function. Although we verified per-
formance on KolektorSDD, cross-domain adaptation remains a challenge. Future research directions
include expanding the dataset to enhance generalization capability, exploring better loss functions to
boost model performance, and conducting extensive testing in real industrial environments to optimize
real-time deployment outcomes. Furthermore, we plan to apply the MAM-YOLO algorithm to other
types of industrial defect detection tasks to verify its versatility and effectiveness. We believe that

https://www.scipedia.com/public/Wang_et_al_2026 16

https://www.scipedia.com/public/Wang_et_al_2026


Y. Wang, C. Mao, F. Jiang, L. Zou and J. Liu,

MAM-YOLO: a real-time algorithm for detecting defects

in steel surfaces using multi-scale feature enhancement,

Rev. int. métodos numér. cálc. diseño ing. (2026). Vol.42, (5), 125

through these future endeavors, the MAM-YOLO algorithm will bring more value and advancement
to the field of industrial defect detection.
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38. Tabernik D, Šela S, Skvarč J, Skočaj D. Segmentation-based deep-learning approach for surface-defect

detection. J Intell Manuf. 2020;31(3):759–76 doi: 10.1007/s10845-019-01476-x.
39. Wang CY, Bochkovskiy A, Liao HYM. YOLOv7: trainable bag-of-freebies sets new state-of-the-art for

real-time object detectors. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR 2023); 2023 Jun 17–24; Vancouver, BC, Canada. p. 7464–75.

40. Zhao Y, Lv W, Xu S, Wei J, Wang G, Dang Q, et al. DETRs beat YOLOs on real-time object detection.
In: Proceedings of the 2024 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR);
2024 Jun 17–21; Seattle, WA, USA. p. 16965–74.

41. Lei M, Li S, Wu Y, Hu H, Zhou Y, Zheng X, et al. YOLOv13: real-time object detection with hypergraph-
enhanced adaptive visual perception. arXiv:2506.17733. 2025.

https://www.scipedia.com/public/Wang_et_al_2026 19

https://doi.org/10.3390/s20061562
https://doi.org/10.1007/s10845-019-01476-x
https://www.scipedia.com/public/Wang_et_al_2026

	MAM-YOLO: A Real-Time Algorithm for Detecting Defects in Steel Surfaces Using Multi-Scale Feature Enhancement
	1 Introduction
	2 Related Work
	3 Methodology
	4 Results
	5 Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [300 300]
  /PageSize [612.000 792.000]
>> setpagedevice


