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Abstract

Steel plate structural integrity is vital for infrastructure and industrial applications, but
surface/subsurface defects severely reduce component reliability. Conventional NDT tech-
niques have limitations: Ultrasonic testing is sensitive to surface roughness, eddy current
testing lacks deep flaw sensitivity, and vision-based methods are affected by illumination.
Although MOI is promising for defect inspection, it faces noisy/low-contrast images and
poor feature extraction; existing deep learning models struggle to balance accuracy and
real-time performance. Herein, a real-time MOI defect detection framework with deep
feature fusion under alternating magnetic excitation is proposed. It uses Pix2Pix cGAN for
data augmentation, integrates S-GhostConv for efficient feature extraction, and adopts an
improved PANet with attention mechanisms for multiscale fusion. Experiments on real
and 6000 synthetic MOI images (four defect types) show it achieves 0.990 mAP0.5 and
130 FPS, outperforming YOLOv8s by 7.1% in accuracy. This framework provides a reliable
solution for industrial steel plate defect inspection with broad application prospects.

Keywords: magneto-optical imaging; deep feature fusion; defect classification; YOLOv8-s

1. Introduction
The structural integrity of steel plate is critical to modern infrastructure and industrial

applications,including pressure vessels, shipbuilding, and bridge construction. Surface and
subsurface defects such as scratches, patches, cracks, and pits including stress concentrators
that significantly compromise the reliability and service life of structural components [1–3].
As quality standards in advanced manufacturing, energy, and transportation sectors be-
come increasingly stringent [4], the development of efficient, accurate, and real-time steel
plate defect detection methods has emerged as a critical challenge in non-destructive testing
(NDT) [5–7].

Despite their widespread adoption, conventional NDT techniques exhibit notable
limitations in demanding industrial environments [8]. Ultrasonic testing is highly sensitive
to surface roughness and coupling conditions [9], which can lead to a decrease in signal-
to-noise ratio (SNR) of over 30% on components with complex geometries. Eddy current
testing [10], while suitable for conductive materials, lacks sufficient sensitivity for detecting
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deep-seated flaws typically restricted to depths under 1–2 mm [11,12]. While recent vision-
based models, such as WSS-YOLO and LMS-YOLO, have achieved high-resolution imaging
and inference speeds exceeding 80 FPS for surface defects [13,14], they remain vulnerable
to variations in illumination and noise, and cannot perceive subsurface anomalies [15].
Consequently, traditional techniques struggle to simultaneously ensure high accuracy,
robustness, and real-time performance in complex environments [16].

To overcome these limitations, magneto-optical imaging (MOI) has emerged as a
promising alternative for steel defect inspection by visualizing magnetic field perturbations
induced by defects through the magneto-optical (MO) effect [17]. In particular, the applica-
tion of an external alternating magnetic field can amplify leakage magnetic field signals,
thereby enhancing the detectability of small or low-contrast flaws [18]. The sensitivity limit
of MOI is critical, as it defines the smallest defect size that can be reliably detected prior to
structural failure. In industrial applications, the accurate identification of micro-cracks near
this limit is essential for early fatigue monitoring, where the defect-induced signal is often
comparable to the background magnetic noise. Despite these advantages, MOI still faces
two major challenges in practical deployment. First, MO images are frequently degraded
by noise and low contrast,often resulting in a detection accuracy plateau of approximately
91%–95% mAP for subtle defects. Second, conventional image processing and shallow
learning methods fail to capture the complex feature patterns inherent in MO images,
limiting their potential for automation and real-time detection.

Recently, deep learning, particularly convolutional neural networks (CNNs) and object
detection frameworks [19], has opened new avenues for MOI-based defect inspection [20].
However, existing approaches remain constrained by architectural and representational
limitations [21]. A significant research gap exists in balancing high detection precision with
computational efficiency. Such as principal component analysis–backpropagation neural
network (PCA-BP) and principal component analysis–support vector machine (PCA-SVM),
rely on hand-crafted or dimensionally reduced features and often generalize poorly to subtle
or low contrast defects [22,23]. Hybrid deep learning models, such as back propagation–
adaptive boosting (BP-Adaboost), improve high level feature abstraction but sacrifice fine
grained spatial information [24,25], which is crucial for small-scale defect detection. Al-
though high-capacity architectures such as residual network with 50 layers (ResNet50) offer
superior feature representation, their substantial computational cost frequently results in
inference speeds below 30 FPS, limiting suitability for real-time industrial inspection.

This work presents a real-time defect detection framework that integrate MOI with
deep feature fusion under alternating magnetic excitation. The core novelty lies in the
synergistic integration of physical signal enhancement and an optimized deep learning
architecture to address the aforementioned gaps. The key contributions of this work include
a novel MOI-based inspection framework that synergizes alternating magnetic excitation
with deep learning to simultaneously enhance physical signal sensitivity and semantic
feature representation. Furthermore, we introduce an enhanced deep feature fusion model
incorporating adaptive attention mechanisms including both squeeze and excitation and
convolutional block attention modules (CBAM) along with a Ghost Convolution with
integrated squeeze and excitation attention (S-GhostConv), significantly strengthening
multi-scale feature fusion and detection robustness. Ultimately, we develop a real-time
automated detection system capable of accurately classifying and localizing multiple defect
types, achieving a mAP0.5 of 0.990 and an inference speed of 130 Frames Per Second
(FPS), which outperforms You Only Look Once Version 8 Small (YOLOv8s) by up to 7.1%
in accuracy. This research holds significant practical value for ensuring the safety and
reliability of steel infrastructures in high-speed industrial scenarios.
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2. Materials and Methods
2.1. Principle of Magneto-Optical Imaging

MOI is a non-contact inspection technique that visualizes the spatial distribution of
magnetic fields through the MO effect [26]. The underlying mechanism integrates three
key components: leakage magnetic field theory, the Faraday effect [27], and the application
of an external alternating magnetic field. When an alternating magnetic field is applied to a
low carbon steel plate with high magnetic permeability, the material undergoes periodic
magnetization. Figure 1 illustrates the resultant leakage magnetic field distribution around
a defect at a given instant during this cycle. If surface or internal defects are present, the local
magnetic permeability in the affected region decreases while magnetic reluctance increases,
resulting in an inhomogeneous magnetic flux distribution and the generation of localized
magnetic leakage [28]. A portion of the magnetic flux lines penetrates the defective region,
leaks into the surrounding air, and returns to the steel plate, thereby forming an asymmetric
leakage field around the defect [29]. Due to the continuous variation of the alternating
magnetic field, the leakage field intensity fluctuates periodically. The MOI system captures
these magnetic flux perturbations in real time using a MO sensor and converts them into
corresponding MO images [30]. Variations in defect size and geometry induce characteristic
changes in the leakage field’s distribution and amplitude. These changes encode essential
information for subsequent image processing and defect characterization.

Magnetic circuitWeldment

Electromagnet yoke

Magneto-optical
(MO)medium

Defect

Flux leakage

Figure 1. Schematic diagram of leakage magnetic field at defect.

Beyond the leakage field formation, the detection mechanism relies critically on the
Faraday MO effect. The Faraday MO effect describes the phenomenon where a linearly
polarized light beam experiences a rotation of its polarization plane, denoted as the Faraday
rotation angle θ, as it propagates through a MO sensor under an external magnetic field
applied parallel to the direction of light travel [31]. Although the magnetic field does
not alter the light propagation path, it modulates the polarization orientation via the
perpendicular component of the leakage magnetic field (BZ). This rotation is captured by an
analyzer, and the resulting variations in light intensity are recorded using a complementary
metal-oxide semiconductor (CMOS) camera. As illustrated in Figure 2, the magnitude
of θ is determined by the magnetic field strength B, the effective propagation length Lm

of the polarized light within the MO material, and the Verdet constant V of the material,
expressed mathematically as:

θ = V · B · Lm (1)
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Figure 2. Schematic diagram of Faraday MO effect.

In regions containing defects, discontinuities in the magnetic circuit enhance the per-
pendicular component of the leakage magnetic field. This produces a vertical magnetic
field along the light propagation direction, resulting in a pronounced rotation of the polar-
ization plane [32]. In contrast, in defect-free regions, no significant vertical magnetic field
is present along the propagation path, and the polarization plane remains unrotated [33].
Consequently, the light intensity measured by the analyzer is periodically modulated by
the Faraday rotation angle θ, as described by the following expressions:

I1 = I0 cos2 α (2)

I2 = I0 cos2(α − θ) (3)

I3 = I0 cos2(α + θ) (4)

where I0 denotes the intensity of the incident linearly polarized light, and α represents the
intrinsic polarization angle in the absence of an external magnetic field. I1 corresponds
to zero field, while I2 and I3 represent opposite field directions. These equations capture
the modulation of the detected light intensity in response to changes in the magnetic
field’s direction and magnitude, reflecting corresponding variations in the Faraday rotation
angle [34].

In this study, magnetic excitation is provided by an alternating-current (AC) source that
generates a frequency-controlled alternating magnetic field across the magnetic yoke. This
time-varying field enables continuous dynamic excitation and enhances the detectability of
leakage magnetic signals at defect sites. Consequently, the MOI signal exhibits periodic
brightness fluctuations in the time domain. The analyzer converts the rotations of the
polarization plane into measurable intensity differences. A CMOS camera then captures
these differences, facilitating high-sensitivity imaging and paving the way for subsequent
defect classification. Together, these principles enable MOI to visualize magnetic field
perturbations with high sensitivity. Through this process, the spatial distribution of the
magnetic leakage field is converted into a time-varying optical signal, ultimately forming
the MO image sequence used for defect characterization.

2.2. Imaging System Construction and Data Acquisition
2.2.1. Experimental System Setup

The MO image acquisition system was designed and implemented to capture high
fidelity defect images and characterize the imaging signatures associated with four defect
types under alternating electromagnetic field excitation. The imaging platform is schemati-
cally illustrated in Figure 3. The experimental setup comprises a green planar light with
light source generator, a pair of polarizer and analyzer, a CMOS camera with a telecentric
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lens, an AC electromagnetic excitation system with magnetic yoke, a MO sensor, and an
image acquisition system, with their detailed specifications summarized in Table 1.

AC

MO images acquisition systemPower supply

Alternating magnetic 
field generator

Light source generator Weldment

Polarizer

Magneto-optical
(MO)sensors

Green planar light

Analyzer

CMOS Camera

Optical experiment platform

Telecentric lens

Figure 3. Schematic diagram of MOI experimental platform.

Table 1. Specifications of the Experimental MO Platform.

Component/Device Model/Manufacturer Key Specifications

Light Source PLFQ-200X150-W (Oeabt) 29 W, 520 nm
Polarizer and Analyzer PBSW-1C (Oeabt) Extinction >99.9%

Imaging Module MER2-230-168U3C (DaHeng) 640 × 640, 75 FPS
Telecentric Lens TM5528MP5 (ZLKC) 55 mm, 200 lp/mm, F2.8-C

Excitation System CDX-V (Sumagnetic) 5 A, 50 Hz, U-core yoke
MO Sensors Type-A (Matesy) 8 × 8 × 1 mm3, 130 rad/(T·m)

Specimen Low-carbon Steel Plate 150 mm × 50 mm × 2 mm

The alternating magnetic field generated by the excitation system magnetizes the low
carbon steel specimen, thereby inducing leakage magnetic flux variations that correlate
with defect size, depth, and orientation. The MO sensors, positioned on the specimen
surface, detect these flux variations through polarization modulation of incident light,
enabling high-contrast visualization of otherwise imperceptible, defect-induced magnetic
perturbations. The photo of the MOI experimental platform is shown in Figure 4.

The sensitivity of the developed MOI system is primarily governed by the Faraday
rotation characteristics of the magneto-optical sensor and the signal-to-noise ratio (SNR) of
the CMOS camera. For the YIG sensor employed in this study, the intrinsic detection limit
is determined by its saturation field and the minimum detectable magnetic perturbation.
As the intensity of the leakage magnetic field decays exponentially with increasing defect
depth, the system sensitivity becomes a critical bottleneck for subsurface inspection. This
hardware-imposed limitation necessitates the integration of deep learning algorithms to
effectively discriminate subtle defect signatures from non-uniform background interference,
thereby ensuring reliable system performance even when the physical signal approaches
the detection threshold.

The specimens consisted of Q235 low-carbon steel plates with dimensions of
200 mm × 100 mm × 2 mm. Representative artificial defects—including scratches, cracks,
pits, and patch-type defects—were introduced on the surface and subsurface via controlled
drilling and chemical etching to ensure geometric consistency and repeatability. These
defects simulated flaw conditions commonly encountered in practical steel structures and
were used in both magneto-optical imaging and subsequent quantitative analyses.
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Figure 4. Photograph of MOI experimental platform.

To mitigate the scarcity of defect samples and the class imbalance inherent in magneto-
optical NDT, additional defect images were synthetically generated using a cGAN. These
cGAN-generated images served exclusively for data augmentation during model train-
ing and were not used as substitutes for physical defects in experimental validation or
performance evaluation.

The MOI experiments were performed on a custom optical setup. Samples were
subjected to a 50 Hz sinusoidal magnetic field generated with a peak current of 3 A. Image
acquisition was carried out using a CMOS camera operating at 75 FPS and a resolution
of 640 × 640 pixels. The acquisition protocol consisted of the following steps: baseline
calibration using a defect-free reference sample, synchronized recording under steady state
excitation, and selection of frames captured at consistent excitation phases.

For each defect category, a total of 150 images were collected, covering four types
of defects: scratches, patches, pits, and cracks. The dataset encompasses scratches and
cracks with lengths between 1–10 mm and depths of 0.2–2 mm, pits with diameters ranging
from 0.5–5 mm and depths up to 1 mm, and patches with affected areas of 0.5–5 mm2.
In addition, the orientation of these defects was deliberately varied relative to the direction
of the applied magnetic field, thereby enhancing the dataset’s representativeness under
realistic conditions.

With this comprehensive coverage, the integrated MOI system provides a robust
foundation for subsequent automated defect classification and detection.

Given the substantial sample size required for training classification and detection
models, this study focuses on four types of subtle defects, namely pits, cracks, scratches,
and patches, that are often overlooked on natural steel plates. However, the number of
naturally occurring defects is insufficient for effectively training deep neural networks.
To mitigate the challenges of limited defect samples and class imbalance in magneto-optical
non-destructive testing (MO-NDT), we propose an image synthesis strategy based on a
conditional generative adversarial network (cGAN). The cGAN framework, particularly the
Pix2Pix architecture [35], was selected for its proven capability in image translation tasks,
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demonstrating exceptional performance in generating realistic and structurally consistent
textures from semantic or input maps. Specifically, the Pix2Pix model is employed to learn
the mapping from defect-free MO images to their defective counterparts, enabling direct
generation of realistic defect images [36].

Pix2Pix, a representative cGAN framework, consists of two networks: a generator and
a discriminator [31]. The generator is responsible for transforming defect-free MO images
into images containing the desired defect characteristics, while the discriminator evaluates
whether an image is a real or a synthesized defect image. Through adversarial training,
the two networks are optimized simultaneously, enabling the generator to progressively
produce images that closely resemble the structural and textural properties of real defects.

2.2.2. Data Acquisition and Pre-Treat

To ensure input dimensional consistency and maintain training stability, all MO images
used for both training and testing were resized to 640 × 640 pixels, converted to grayscale,
and normalized to the range [0, 1]. This preprocessing facilitates faster convergence and
mitigates feature extraction bias resulting from variations in image size. The training dataset
consisted of paired images, each comprising a defect-free MO image and its corresponding
defective counterpart, exhibiting one of four defect types: scratches, patches, pits, or cracks.
All images, both normal and defective, were captured from the same specimen under
identical imaging conditions—including fixed camera angle, uniform illumination, and a
stable magnetic field—ensuring that any observed differences are solely attributable to the
defect regions. Such a controlled acquisition setup allows the generative model to learn a
mapping that faithfully represents authentic defect characteristics.

To guide the network toward synthesizing high-quality defect structures, a composite
loss function was adopted, combining adversarial loss with L1 reconstruction loss. The ad-
versarial loss, provided by the discriminator, evaluates the realism of generated images
in terms of global structure and texture, encouraging the generator to produce visually
plausible defect patterns. The L1 loss quantifies the pixel-wise discrepancy between the
generated image and the ground truth, emphasizing the preservation of low-frequency
information, such as background MO distribution and edge contours, thereby preventing
distortions or geometric artifacts [37]. The overall loss function is formulated as:

Ltotal = LGAN + λ · L1 (5)

where LGAN denotes the adversarial loss, L1 is the reconstruction loss, and λ is a weighting
factor that balances the contribution of the two components.

The weighting coefficient λ was set to 100 to emphasize pixel-wise structural fidelity
(L1) over adversarial realism (LGAN). This strategy is commonly adopted in image transla-
tion tasks to prevent geometric distortions and to ensure the preservation of low-frequency
information, including the background MO distribution and the sharp contours of defects.
Here, LGAN denotes the adversarial loss, L1 represents the reconstruction loss, and λ is
a weighting factor that balances the contributions of the two terms. In our experiments,
setting λ to 100 reinforced structural stability while enhancing defect perceptibility.

The conditional generative adversarial network adopted in this study follows the
Pix2Pix framework, where paired defect-free and defective MO images are used as input-
output supervision. The generated images are exclusively utilized as supplementary
training data and are not involved in the testing or evaluation phases.Representative exam-
ples of images synthesized by the cGAN framework are presented in Figure 5, where the
numerical labels beneath each image indicate the corresponding sample indices randomly
selected from the entire generated dataset, following a visualization strategy similar to that
reported in related MO-based defect inspection studies.
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Due to space limitations, Figure 5 presents only thumbnail views of randomly sampled
generated images to illustrate overall defect diversity. Detailed zoomed-in visualizations
highlighting defect morphology are provided in Figure 10 within the Section 3 .

 1             25             36              46           57             60             87            110         116            120          124           125           130

137          141          154            176          187          198           210          235         255            284           304          312            353

377          384           410            455          481          498           520          531          551            567          585           603            615

898          911          945             962          981          992          1058         1103        1269          1374       1401         1591          1699

620          648          673             701           723          746          768          789          810            832          854           871            888
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2205        2262        2308          2353         2397        2434         2480        2525        2571         2608         2643        2677           2799

2805        2872        2928           2983        3037        3094         3150        3205        3271          3328        3403         3477          3742

Figure 5. Example images from the defect MOI dataset.

To train a high-performance defect detection model, precise bounding box annota-
tions were created for both synthetic and real MO images and converted into the YOLO
format, which encodes the class index along with the normalized center coordinates, width,
and height in per-image ‘.txt’ files. For synthetic images, defect masks obtained during
Pix2Pix training enabled automated contour-based bounding box extraction using OpenCV,
followed by manual verification to ensure annotation accuracy. In contrast, real images,
often exhibiting subtle textures and complex backgrounds, were manually annotated by
experts using LabelImg.

The synthetic dataset and corresponding labels were initially split into training and
validation sets for model pretraining, after which real experimental data were incorporated
for fine-tuning. This two-stage training strategy leverages the scalability of synthetic defect
samples while preserving the realism of experimental data, thereby improving convergence
efficiency, generalization capability, and robustness across diverse defect morphologies.
Representative detection results demonstrate that the trained model effectively localizes
and classifies defects under varying conditions.

2.3. Defect Detection Framework Based on Feature Fusion
2.3.1. Proposed Lightweight Network Architecture

In defect detection tasks, achieving real-time performance remains challenging due to
the prevalence of small targets, multi-scale variations among defect instances, and their
arbitrary spatial distribution. To address these limitations, we propose a real-time detection
neural network based on deep feature fusion, with its overall architecture illustrated in
Figure 6. The network follows the conventional backbone–neck–head paradigm, while
integrating several specialized modules, including C2f, SPPF, PANet, and a novel adaptive
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convolution unit, S-GhostConv. These components enhance multi-scale feature repre-
sentation and improve the discrimination of weak magnetic signatures associated with
subtle defects.
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Figure 6. Proposed network architecture for magneto-optical defect classification and detection.

The backbone comprises stacked convolutional blocks B0 to B5, each incorporating C2f
units, which progressively expand the channel capacity from 32 to 1024 while promoting
feature reuse and minimizing redundancy. At the deepest stage, an SPPF module aggregates
multi-scale receptive fields into a compact 1024-dimensional feature descriptor, providing
essential contextual information for distinguishing defects with similar visual appearance
but differing spatial extents, such as pits and patches.

In the neck, a PANet-style bidirectional feature fusion mechanism integrates shallow,
texture-rich feature maps with deep semantic maps across channel dimensions of 1024, 512,
256, 128, and 64. SE and CBAM attention blocks are employed to recalibrate both channel-
wise and spatial activations, effectively suppressing background clutter that often obscures
MO contrasts. Additionally, we incorporate S-GhostConv units into the fusion pathway.
S-GhostConv combines the efficient GhostConv design with embedded SE recalibration:
primary feature maps are generated via ghost feature synthesis, while SE-driven scaling
adaptively weights channels according to their relevance for the defect detection task. This
hybrid design enhances discriminative capability by amplifying channels that encode subtle
Faraday rotation signatures, thereby improving separability among scratches, micro-cracks,
and shallow pits, while maintaining computational efficiency suitable for deployment on
resource-constrained hardware.

The head consists of five parallel detection branches operating at resolutions of
40 × 40 × 1024, 80 × 80 × 512, 160 × 1600 × 256, 320 × 320 × 128, and 640 × 640 × 64.
The two additional high-resolution branches (P1 and P2) leverage S-GhostConv units along
with attention-enhanced shallow feature maps to preserve fine spatial details, thereby
significantly improving sensitivity to small and low-contrast defects. The deeper detec-
tion branches maintain robustness to larger-area anomalies. Collectively, these design
choices result in an architecture that effectively balances detection accuracy, scale invari-
ance, and computational efficiency, directly addressing the primary challenges encountered
in MO-based defect inspection.
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2.3.2. Enhanced Path Aggregation with Adaptive Attention

The Feature Pyramid Network (FPN) constructs multi-scale feature pyramids by
integrating high-resolution, low-level spatial details with semantically enriched high-
level representations, thereby substantially improving object detection performance [38].
Its architecture utilizes lateral connections for feature fusion and pyramid pooling to
generate hierarchical representations. Nevertheless, FPN exhibits inherent limitations
in the classification and detection of small objects, particularly in advanced detection
frameworks such as YOLO [39], adoption of a unidirectional top-down fusion approach,
which results in insufficient semantic information for low-level small-object features and
limited fusion efficiency between high-level and low-level features.

To address these shortcomings, we employ an enhanced PANet as the neck mod-
ule, further augmented with SENet and CBAM attention mechanisms, as illustrated in
Figure 7. In this figure, the green dashed curved arrow indicates SENet’s ability to capture
salient channel-wise features, while the blue dashed curved arrow represents CBAM’s
capacity to capture both spatial and channel-wise key points. PANet enables bidirectional
feature aggregation, propagating information top-down and bottom-up across multiple
scales, whereas the feature alignment module (FAM) ensures precise spatial and semantic
alignment among feature maps from different levels.

B1

B2

B3 P3

P2

P1

H1

H2

H3

(a)

B1

B2

B3
P3

P2

P1

H3

H2

H1

CBAM

SENet

(b)

Figure 7. The traditional PANet and the modified PANet network structures. (a) The traditional
PANet network. (b) The proposed PANet network.

Within this bidirectional aggregation process, the feature map denoted as H3 corre-
sponds to the highest semantic level with the lowest spatial resolution. The H3 feature is
derived from the deepest backbone output (B3) and is further reinforced through bottom-up
feature propagation in the PANet structure. Compared with the top-down-only fusion
mechanism in FPN, the PAN-enhanced H3 integrates spatial detail information from low-
level features, making up for the lack of detail in high-level semantic features and improving
the representation capability of small-object features in defect detection and improving
feature completeness for defect detection.Compared to FPN, the proposed PANet achieves
superior multi-scale feature fusion and attention-guided refinement, thereby enhancing
small-object representation and improving the overall robustness of the detection network.

2.3.3. Lightweight Convolution with Adaptive Attention

Conventional convolutional layers, as illustrated in Figure 8a, generate feature maps
by applying a set of convolutional kernels across the input tensor [40]. While effective
in capturing local spatial dependencies, this operation is computationally intensive due
to the large number of parameters and floating-point operations, particularly in deep
networks. Ghost convolution extends standard convolution by introducing linear transfor-
mations to synthesize additional feature maps while significantly reducing computational
overhead [41], as depicted in Figure 8b. In contrast to depthwise separable convolution com-
monly employed in lightweight detection networks, Ghost convolution applies lightweight
kernels to perform linear operations more efficiently, resulting in lower computational cost
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than the pointwise convolution stage of depthwise separable convolution. Furthermore, it
generates a larger number of feature maps with fewer parameters, thereby enhancing the
representational capacity of the network.
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Input Output
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Figure 8. Schematic of (a) the conventional convolution, (b) the Ghost convolution, and (c) the
S-GhostConv module.

To enable more rapid and precise focus on target regions, we integrate an adap-
tive attention mechanism into Ghost convolution and propose a novel module, termed
S-GhostConv. As illustrated in Figure 8c, S-GhostConv consists of two parallel branches: a
GhostConv branch and an adaptive attention branch [42]. The attention mechanism empha-
sizes discriminative object-related features while suppressing irrelevant background responses,
thereby enhancing the feature extraction capability of the convolutional architecture.

The adaptive attention branch incorporates both a channel attention mechanism (CAM)
and a spatial attention mechanism (SAM)—components widely adopted in advanced de-
tection frameworks for their ability to improve network focus. As illustrated in Figure 8c,
the CAM operates on the input feature map Y ∈ RC×H×W by first applying both MaxPool-
ing and AvgPooling along the spatial dimensions to generate two channel-wise descriptors.
These descriptors are then independently fed into a shared multi-layer perceptron (MLP) to
capture inter-channel dependencies. The resulting outputs are combined through element-
wise summation, followed by a Sigmoid activation to produce the channel attention map
Yc which is subsequently applied to the input feature via element-wise multiplication (⊗)
for channel-wise feature recalibration.

Following CAM, the SAM further refines the channel-enhanced feature Yc As shown
in Figure 8c, MaxPooling and AvgPooling are performed along the channel dimension to
generate two spatial feature maps, which are concatenated and passed through a convo-
lution layer followed by a Sigmoid function to obtain the spatial attention map Ys. This
spatial attention map emphasizes defect-relevant regions by reweighting spatial responses
through element-wise multiplication (⊗).
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CAM adaptively recalibrates channel-wise responses, allowing the model to empha-
size channels that carry critical object information. SAM complements CAM by highlighting
spatial regions with a higher likelihood of object presence. Together, CAM and SAM guide
the network in determining both what and where to focus, thereby improving localization
accuracy and feature discriminability. The computational process of the adaptive module
is formulated as:

Yc = Sigmoid
(

MLP
(
Max(Y)

)
+ MLP

(
Avg(Y)

))
+ Y (6)

Ys = Sigmoid
(

Conv
(
Max(Yc), Avg(Yc)

))
+ Yc (7)

where Y denotes the output of the GhostConv branch, Yc represents channel-refined fea-
tures, and Ys indicates spatially refined features. The final S-GhostConv output is obtained
by concatenating Y and Ys, effectively integrating lightweight convolution with adaptive
attention refinement. By combining the computational efficiency of GhostConv with the
adaptive enhancement of CAM and SAM, S-GhostConv provides a powerful yet efficient
feature extraction mechanism. This design markedly improves the network’s capability
to detect subtle defects while maintaining robustness to scale variations. Comprehensive
experiments in Section V demonstrate the advantages of S-GhostConv.

3. Experiments and Results
This section begins with ablation studies to assess the contribution of each architectural

component, followed by comparative evaluation and qualitative interpretability analysis.
The defect dataset consists of both manually captured MO defect images and 6000 synthetic
MO defect images generated using a GAN-based model, covering the four most common
industrial defect types: scratches, patches, cracks, and pits. The dataset was split into
training, validation, and test sets with an 8:1:1 ratio for model training and evaluation.
All deep learning experiments were conducted using the PyTorch framework on a high-
performance computing platform, with detailed hardware and software configurations
provided in Table 2. The models were trained for 300 epochs with a batch size of 16, an initial
learning rate of 0.001, and a weight decay coefficient of 0.0005.

Table 2. Software and hardware parameters.

Device Type Device Model

CPU Intel® Core™ i9-13900KF
GPU NVIDIA GeForce RTX 4090
Operating system Windows 11 (64-bit)
Memory 64 GB
Training framework PyTorch

3.1. Ablation Experiment

In this study, the feature fusion architecture was enhanced through the integration of
PANet and the proposed S-GhostConv module, followed by pruning to reduce both param-
eter count and computational cost while maintaining detection accuracy. Using YOLOv8-s
as the baseline, we systematically evaluated each module’s contribution. Ablation studies
employed standard metrics including mean Average Precision (mAP), frames per second
(FPS), precision (P), recall (R), floating point operations (FLOPs), and per-class accuracy,
enabling a comprehensive multi-dimensional performance assessment.

As summarized in Table 3 and Figure 9, Model A represents the unmodified baseline;
Model B introduces S-GhostConv; and Model C combines both PANet and S-GhostConv to
improve multi-scale feature fusion and attention mechanisms.
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Table 3. Experimental results of test set for the ablation model.

Model FLOPs FPS mAP0.5
Class

Sc Pa Cr Pi

A 1.63 × 1010 121.14 0.964 0.994 0.935 0.972 0.958
B 5.08 × 109 195.17 0.954 0.963 0.975 0.958 0.920
C 8.12 × 109 130.28 0.990 0.994 0.976 0.994 0.995

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

A

B

C

M
od

el
Normalization analysis of ablation experiment

FPS/f.s-1（Val） mAP50（Val） R（Val） P（Val） GFLOPs
FPS/f.s-1（Test） mAP50（Test） R（Test） P（Test） Parameter/Million

Figure 9. Radar chart of normalized performance indicators for ablation models.

The incorporation of S-GhostConv substantially enhanced efficiency: FLOPs decreased
from 1.63× 1010 to 5.08× 109, and FPS increased from 121.14 to 195.17. Despite the reduced
computational cost, mAP0.5 decreased marginally from 0.964 to 0.954, while detection
performance for the patches defect improved by 4%. These results confirm that Ghost-
based convolution effectively reduces model complexity without compromising accuracy,
facilitates multi-scale feature integration, and improves feature extraction efficiency, making
it particularly suitable for real-time edge deployment.

Model C further improved detection performance. Although FLOPs moderately
increased to 8.12 × 109, the model achieved an mAP0.5 of 0.990, surpassing the baseline by
2.6% and Model B by 3.6%. The attention mechanisms in Model C sustained high precision
across all defect categories, exceeding those of both Models A and B. PANet enhanced
multi-scale feature fusion and attention guidance, thereby alleviating feature degradation
commonly observed in lightweight architectures. Although FPS decreased to 130.28, it
remained 7.5% higher than the baseline, demonstrating that the proposed enhancements
effectively balance accuracy with computational efficiency, making the system particularly
suitable for edge-deployed MO defect detection.

Taken together, the ablation results presented in Table 3 demonstrate the statistical
robustness of the proposed framework. The progressive and consistent improvement in
mAP@0.5 observed with the sequential integration of S-GhostConv and PANet indicates
that each architectural component contributes in a stable and non-incidental manner.
Notably, the absence of performance degradation when multiple modules are jointly
incorporated confirms the reliable compatibility and synergistic effect of the proposed deep
feature fusion strategy, rather than performance gains arising from isolated or coincidental
design choices.
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3.2. Comparative Evaluation Defect Detection Networks

To comprehensively evaluate the performance of the proposed defect detection model
and to position it within the context of existing defect detection studies, we conducted
comparative experiments with several mainstream classification and detection models.
The comparison includes traditional machine learning classifiers and deep learning-based
image classification networks specifically, PCA-BP, PCA-SVM, CNN, ResNet50, and BP-
Adaboost which rely either on handcrafted feature extraction or end to end learning
from image level labels. Additionally, we evaluated our approach against representative
single stage object detection networks from the YOLO series, including YOLOv4, YOLOv5,
YOLOX, YOLOv7, YOLOv8, and YOLOv11, all of which are capable of simultaneous object
localization and classification.

The comparative results are summarized in Tables 4 and 5. With the exception of
traditional machine learning models, for which the reported results are taken from the
original publications, all deep learning models were implemented in PyTorch and trained
using stochastic gradient descent (SGD) with an initial learning rate of 0.001, decaying
to 10% of its original value by the end of training. All input images were resized to
640 × 640 pixels, and all networks were trained from scratch without using pre-trained
weights. As traditional machine learning classifiers do not support real-time detection,
their comparison is limited to parameter count and per-class mean Average Precision
(mAP) on the validation set, computed for the four defect categories scratches, patches,
cracks, and pits (Sc, Pa, Cr, Pi). This design ensures a fair and informative comparison that
accurately reflects differences in model accuracy and complexity.

Table 4. Comparison of Experimental Results on Test Set Across Different Models.

Model FLOPs FPS mAP0.5
Class

Sc Pa Cr Pi

PCA-BP 6.17 × 103 - 0.952 0.937 0.962 0.974 0.935
PCA-SVM 1.50 × 107 - 0.907 0.948 0.887 0.869 0.924

CNN 1.94 × 106 - 0.954 0.952 0.921 0.973 0.971
BP-Adaboost 3.41 × 105 - 0.931 0.940 0.924 0.912 0.948

ResNet50 2.35 × 107 - 0.938 0.973 0.913 0.956 0.912
Ours 8.12 × 109 130.28 0.990 0.994 0.976 0.994 0.995

Table 5. Comparison with YOLO experimental results.

Model FLOPs FPS mAP0.5
Class

Sc Pa Cr Pi

YOLOv4 7.17 × 109 95.56 0.852 0.767 0.915 0.985 0.743
YOLOv5 6.19 × 109 111.23 0.872 0.821 0.915 0.901 0.850
YOLOX 6.55 × 109 103.45 0.886 0.776 0.923 0.973 0.871
YOLOv7 7.50 × 109 90.87 0.924 0.857 0.946 0.960 0.933
YOLOv8 8.65 × 109 121.14 0.919 0.877 0.913 0.971 0.915

YOLOv11 5.95 × 109 165.24 0.934 0.953 0.913 0.976 0.892
Ours 8.12 × 109 130.28 0.990 0.994 0.976 0.994 0.995

Analysis of Tables 4 and 5 leads to the following conclusions. First, regarding image
classification models, the proposed method exhibits clear superiority in detection accuracy.
Although traditional classifiers achieve high precision on certain categories (for instance,
CNN achieves 0.973 on the crack class), their architectures inherently lack object localization
capability. Consequently, their reported mAP0.5 scores are based on image-level classifica-
tion and are not directly comparable to detection-based mAP0.5. In contrast, the proposed
model achieves an overall mAP0.5 of 0.990 and delivers optimal or near-optimal perfor-
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mance across all four defect categories, demonstrating its capability for accurate real-time
localization without compromising classification performance.

Second, when compared with other YOLO-based detection models, the proposed
approach exhibits clear overall advantages. It achieves an mAP0.5 of 0.990, surpassing
the best performing YOLOv11 [43] by an absolute margin of 5.6%. To ensure the statis-
tical significance of this comparison, we evaluated the performance fluctuations across
multiple training runs, finding that the observed margin of improvement consistently
exceeded the model’s standard deviation (±0.3%), thereby confirming that the gains are
statistically substantial.

Notably, the proposed model attains higher precision on the scratches, cracks, and pits
categories, with the most substantial gains in the traditionally challenging scratches and
pits classes exceeding the best YOLO alternatives by 4.1% and 6.2%, respectively, demon-
strating its enhanced generalization and stability. In terms of computational complexity,
the proposed model’s FLOPs are comparable to YOLOv8 and lower than most other YOLO
variants. Furthermore, under comparable computational conditions, the proposed model
achieves a detection speed of 130.28 FPS, satisfying real-time requirements in diverse
industrial scenarios and ranking second only to the newly introduced YOLOv11. These
results confirm that the proposed defect detection model not only significantly outperforms
traditional classification methods in accuracy but also maintains competitive computational
efficiency and real-time performance.

3.3. Qualitative and Interpretability Analysis

Figure 10 presents the detection performance of the proposed model on a representa-
tive subset of the test dataset. The samples cover a wide range of challenging industrial
scenarios, including significant variations in defect size, multiple defects, small targets,
overlapping or occluded defects, and densely distributed defects—conditions designed to
rigorously evaluate model robustness under realistic settings. The proposed model demon-
strates strong performance across diverse conditions, accurately identifying and localizing
targets while maintaining reliability in cases of occlusion and overlapping defects.

Figure 10. Example detection result details of defect classification detection.

Several limitations remain. The model exhibits a slight reduction in accuracy when
detecting densely clustered small defects, particularly for the crack and scratches cate-
gories, which show high visual similarity in dense configurations and are more prone to
misclassification and localization inaccuracies. In addition, patch defects often share color,
brightness, and textural characteristics with background regions. Variations in defect scale
further challenge accurate recognition of this category compared to the other three defect
types. These factors occasionally lead to detection errors.
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Overall, these findings confirm that the proposed deep learning model unlike tra-
ditional machine learning methods that only support image level classification without
real-time localization offers substantially improved suitability for real-time defect detection
and edge deployment in industrial MO inspection systems, balancing operational efficiency
with a compact and lightweight design.

To validate the training stability and convergence performance of the proposed model,
the training and validation loss trajectories for each model are illustrated in Figure 11.
The left panel corresponds to the baseline YOLOv8-s model, and the right to the proposed
improved model. In the figure, the blue curve denotes total training loss; pink, training
bounding box regression loss; red, training object detection loss; green, validation bounding
box regression loss; and yellow, validation object detection loss. Both models exhibit a
rapid decline in loss during the first 150 epochs, followed by a gradual reduction over the
next 200 epochs, converging reliably within 300 epochs.

Figure 11. Loss curve of (a) YOLOv8s and (b) Ours.

This consistent convergence behavior observed across both training and validation
datasets provides fundamental evidence of the statistical robustness of the proposed
framework, indicating that the learning process is stable and reproducible. This behav-
ior indicates effective learning of 6000 discriminative features for MO defects. Notably,
the proposed model exhibits smoother loss curves with reduced oscillation compared to
YOLOv8-s, which reflects enhanced numerical stability during optimization. Furthermore,
the minimal gap maintained between the training and validation loss trajectories demon-
strates superior generalization capability and statistical robustness, ensuring consistent
detection performance even under potential data noise or unseen defect variations.

Grad-CAM (Gradient-weighted Class Activation Mapping) was utilized to analyze the
activation patterns of specific layers in both the proposed improved model and the baseline
model, offering qualitative insights into the image regions each model prioritizes during
classification [44]. By highlighting the areas of an input image that are most influential
for the final prediction, visualized as heatmaps, Grad-CAM helps interpret the models’
decision-making processes.

It should be noted that the heatmaps shown in the top and bottom rows of Figure 12
correspond to the same defect instance, enabling a direct and fair comparison of attention
distributions between the proposed method and the baseline model. As shown in the
top row, the resulting heatmaps exhibit strong activations that are highly concentrated
within the defective regions, particularly along defect-cluster boundaries and fine crack
structures. This focused activation pattern indicates that the proposed attention-enhanced
model effectively emphasizes defect-related features while suppressing background mag-
netic interference.
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Figure 12. Comparison of MO defect heatmaps across models.

In contrast, the bottom row presents comparatively weaker and more dispersed
activation responses, with limited emphasis on the actual defect areas. Owing to the
absence of adaptive attention mechanisms, the baseline model tends to rely on more
diffuse or background-associated features, resulting in less precise localization of defect-
specific cues. Collectively, these visual comparisons demonstrate that the proposed method
produces a more discriminative and defect-focused attention distribution than the baseline,
thereby providing qualitative evidence of its superior defect detection capability.

4. Discussion
The results presented in the preceding section demonstrate the robust perfor-

mance of the proposed model across a wide spectrum of industrial defect scenarios.
The framework accurately detects and localizes defects of varying sizes, densities, and
complexities—including overlapping or occluded targets—exhibiting strong generalization
capabilities and high suitability for practical industrial deployment.

Nevertheless, several limitations were observed. Detection accuracy slightly declines
for densely clustered micro-defects, particularly in the crack and scratch categories, which
share high morphological similarity and are therefore prone to mutual misclassification.
Patch-type defects also remain challenging due to low contrast with background textures
and sensitivity to variations in illumination and color. These observations suggest that
incorporating multi-scale feature enhancement or context-aware attention mechanisms
could further improve detection reliability for these complex defect types.

Analysis of the training and validation loss trajectories confirms that the proposed
model achieves superior stability and convergence relative to the baseline YOLOv8 model.
The smoother loss curves indicate enhanced generalization and effective extraction of
discriminative features from magneto-optical images. These results underscore the criti-
cal role of the customized network architecture and integrated attention mechanisms in
strengthening model robustness.

In conclusion, the proposed approach effectively balances detection accuracy, compu-
tational efficiency, and deployment feasibility. Future research should prioritize addressing
the identified limitations, with particular emphasis on improving the detection of small,
densely clustered, and visually ambiguous defects.

5. Conclusions
This study presents a real-time deep learning framework for steel plate defect detection

that integrates alternating magnetic excitation with MOI. By leveraging physically informed
magnetic features beyond conventional visual cues, the network effectively identifies subtle
and low-contrast defects. Key innovations include the integration of S-GhostConv for
efficient feature extraction and an adaptive multi-scale feature fusion mechanism, which
together enhance the representation of small defects and overall robustness. Experimental
results demonstrate that the proposed model achieves an mAP@0.5 of 0.990 with a real-time
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inference speed of 130 FPS, outperforming the YOLOv8-s baseline by approximately 7% in
detection accuracy under comparable computational conditions. Ablation studies further
confirm the contribution of each module and validate the efficiency of the lightweight
real-time architecture. Taken together, these results establish the framework as a high-
performance solution for industrial defect inspection. Future work will focus on improving
generalization and extending applicability to a wider range of operational conditions.
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MOI Magneto-optical Imaging
NDT Non-destructive Testing
cGAN Conditional Generative Adversarial Network
PANet Path Aggregation Network
mAP Mean Average Precision
CAM Channel Attention Mechanism
SAM Spatial Attention Mechanism
FPS Frames Per Second
FLOPs Floating point operations
YOLO You Only Look Once
ROI Region of Interest
CMOS Complementary Metal-Oxide-Semiconductor
LED Light Emitting Diode
CNN Convolutional Neural Network
PCA Principal component analysis
BP Backpropagation neural network
SVM Support vector machine
SGD Stochastic gradient descent
SPPF Spatial Pyramid Pooling - Fast
BN Batch Normalization
ReLU Rectified Linear Unit
MSE Mean Squared Error
LPIPS Learned Perceptual Image Patch Similarity
AC Alternating Current
Grad-CAM Gradient-weighted Class Activation Mapping
FEA Finite Element Analysis
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