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Highlights:

• A lightweight feature adaptive extraction network is constructed, which not only maintains a low
parameter quantity but also enhances the multi-scale feature representation capability.

• A multi-shape adaptive module is designed, which enhances the sensitivity to different types of
defects through a dual-axis multi-scale cross-attention mechanism.

• A dynamic sample matching strategy is proposed, which combines classification and location scores
to select positive samples, and utilizes a dual-weighting mechanism to suppress the interference of
low-quality negative samples.

Abstract: In mechanical systems, bearings play a vital role, yet their surfaces frequently develop defects
during the production process. Hence, automated detection of such defects becomes indispensable for
ensuring industrial quality control. To enhance the robustness of bearing surface defect detection, a
dynamic sample matching detection network is proposed, which is guided by multi-level perceptual
features. A lightweight adaptive feature extraction method is introduced to enhance defect representation
while maintaining low parameter complexity and computational cost. To address diverse defect patterns,
a multi-shape perception module with a dual-axis cross-weighting mechanism across multiple scales is
designed to improve sensitivity to different defect types. Furthermore, a dynamic sample selection strategy
with dual-label weighting is introduced to improve training sample quality. The proposed approach is
evaluated on a self-developed bearing defect platform, where it outperforms mainstream detection models
in complex environments and achieves superior performance and robustness.
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1. Introduction

Bearings are core components in mechanical equipment and serve both supporting and transmission
functions. During production and assembly, friction and pressure often cause surface defects. These
defects degrade product appearance and may render products unqualified. They also affect the safe
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operation of mechanical systems [1]. Therefore, defect detection on production lines, together with
the removal of defective products, plays a crucial role in industrial manufacturing and ensures reliable
production processes.

Over the past decades, numerous machine vision-based defect detection algorithms have been
developed. Traditional methods typically include a feature extractor and a classifier, techniques such
as k-nearest neighbors [2], self-organizing maps [3], and support vector machines [4] are extensively
adopted as classifiers for surface defect detection. However, these methods usually rely on complex
image preprocessing and feature extraction. This reliance reduces robustness and flexibility in practical
inspection tasks [5]. To achieve high-precision and high-efficiency quality assurance, more accurate
and efficient detection methods are required. With the rapid development of deep learning in recent
years, artificial intelligence-based defect detection methods have been widely applied in intelligent
manufacturing [6].

As shown in Figure 1, multiple factors affect bearing surface defect detection, including surface
markings, complex backgrounds, and diverse defect shapes [7]. To reduce background interference,
research attention has been paid on the introducing attention mechanisms and feature enhancement
strategies to improve the identification of defect targets. For example, Shi et al. [8] incorporated
a channel-spatial attention mechanism to enhance the focus on small defects. Uneven illumination
and complex textures may cause background patterns to be misidentified as defects. To improve defect
representation, Zhao et al. [9] proposed self-attention and cross-attention modules to weight intra-layer and
inter-layer features. Li et al. [10] combined dynamic thresholding with generative adversarial networks for
data augmentation and further introduced attention mechanisms and adaptive fusion strategies. Although
this method improves detection performance, it introduces significant parameter redundancy and limits
deployment efficiency in industrial scenarios.

Figure 1. Diagram showing relevant defects on the bearing surface.

To address variations in defect size and morphology, researchers have explored feature integration
and semantic alignment methods. Zhao et al. [11] proposed a method that integrates global and local
features with transfer learning, enhancing small defect detection in data-scarce scenarios. Subsequently,
Ma et al. [12] employed a hierarchical attention mechanism to integrate texture, semantic, and instance-level
features, enabling multi-class detection in complex backgrounds. Gao et al. [13] improved the Faster
Region-based Convolutional Neural Network (R-CNN) framework for insulated bearing defect detection,
with detection accuracy enhanced through optimized k-means clustering and Region of Interest (ROI)
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Align. Xu et al. [14] further improved multi-scale feature extraction by integrating cross-stage local networks
and efficient aggregation layers. In addition, a dynamic task-aligned label matching strategy is introduced
to select high-quality samples.

In summary, these methods have advanced defect detection by improving feature representation.
However, existing methods still exhibit several limitations, including high model redundancy, limited
capability in recognizing deformable defects, and inaccurate sample selection during backpropagation.

Recently, dynamic label assignment strategies have been extensively studied to improve training
sample quality in object detection. Task-Aligned Assignment, as presented by Feng et al. [15] further
aligns classification and localization tasks via a task-aligned head, yielding more consistent selection.
The strategy has been integrated into subsequent You Only Look Once (YOLO) versions and it has
achieved notable success in general object detection. However, most existing dynamic matching methods
primarily rely on loss-based selection or fixed Intersection-over-Union (IoU) thresholds, which are not
sufficiently adaptive to the diverse defect morphologies and ambiguous boundaries encountered in bearing
surface inspection. In parallel, various defect detection approaches have explored feature enhancement
and multi-scale fusion, including turbidity-similarity decoupling for separating surface anomalies, prompt
then refine for interactive defect localization, LSINet [16] for rail defect detection, LSNet [17] and
WaveNet [18] for salient object segmentation, as well as CCAFNet [19], ECFFNet [20], IRFR-Net [21],
and RCNet [22] for road defect analysis. Although these methods have demonstrated promising results, they
typically treat feature representation and sample assignment as separate components and fail to incorporate
adaptive sample weighting with shape-aware feature perception in an end-to-end unified framework.

To address these issues, a Multi-level Feature-guided Dynamic Matching (MFDM) network is proposed,
which improves generalization across multiple defect types. The main contributions are as follows.

(1) A lightweight feature extraction backbone is constructed to balance performance and efficiency.
Redundant computation in convolutional layers is reduced through channel separation and recombination.
Feature representation is further improved by adaptive channel weighting and channel shuffling.

(2) A multi-shape adaptive detection head and a multi-shape adaptation module are introduced. A
dual-axis multi-scale cross-attention mechanism is employed in the module, where both horizontal and
vertical directions are considered. Through this design, adaptive weighting of multi-scale defects across
categories is achieved. Shape and scale information are integrated in the detection head, and high-quality
features are generated. As a result, sample selection during training is improved.

(3) A dynamic sample matching strategy is proposed. Positive samples around defect regions are
selected, and both classification and localization scores are taken into account. Additionally, a dual-weighted
label assignment mechanism is designed to suppress low-quality negative samples. By this mechanism,
the network is guided to focus on high-quality positive samples, while effective supervision for ambiguous
samples is maintained.

2. Methods

This section is organized as follows. First, the proposed method is described in detail. Then, the overall
network architecture of MFDM is introduced.
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2.1. Lightweight adaptive feature extraction module

In MFDM, the Down-Sampling Extraction Block (DSEB) and the Feature Enhancement Block (FEB) are
designed for feature extraction. As shown in Figure 2, the bearing surface feature maps are sequentially fed
into the DSEB and FEB, where parallel processing is performed through the main branch and the shortcut
branch, respectively. After down-sampling, the DSEB outputs feature maps, which are subsequently
passed to the FEB for further enhancement. To minimize computational overhead, a channel separation
strategy is adopted to partition the feature maps before they are fed into the FEB. In addition, to enhance
the sparsity of adaptive features and mitigate neuron inactivation, batch normalization is applied after the
convolutional layers to accelerate computation, while the Leaky Rectified Linear Unit (ReLU) activation
function is used for nonlinear mapping.

Figure 2. The network structure of the lightweight modules DSEB and FEB.

In terms of feature processing mechanisms, significant differences exist between the DSEB and
FEB. A dual-branch down-sampling architecture is adopted in the DSEB. In this design, both the main
branch and the shortcut branch perform down-sampling using Depthwise Separable Convolutions (DSC),
halving the spatial dimensions of the output feature maps and doubling the number of channels through
channel concatenation. In contrast, for the FEB, a channel separation strategy is innovatively introduced,
with feature extraction performed only on the main branch. This design effectively reduces operational
fragmentation during feature enhancement. As the input features are pre-separated by channel, the output
feature maps maintain the same number of channels.

At the outputs of both modules, Efficient Channel Attention (ECA) mechanism and channel shuffle
operation are applied to promote feature interaction between different branches. As illustrated in Figure 3,
the multi-branch fused feature maps from the module undergo channel attention processing, which
adaptively adjusts the weights of different channels. Specifically, global average pooling is first applied
to the feature maps, followed by a 1 × 1 convolution to generate channel weights, which are then
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normalized using a Sigmoid function. The size of the convolution kernel varies with the number of
channels, calculated as follows:

K = ψ(C) = | log2(C)

γ
+

b
γ
|odd (1)

where odd denotes rounding to the nearest odd number. The parameters b and γ are used to dynamically
adjust the receptive field of local cross-channel interactions based on the number of input channels C,
with values set to 1 and 2 in this work. Finally, the generated weights are multiplied with the original
feature maps, enhancing the key channel features while suppressing less important ones.

Figure 3. The characteristic processing procedure of the ECA mechanism.

It is worth emphasizing that the adoption of channel splitting together with channel shuffle operations
effectively lowers both parameter overhead and computational cost. Furthermore, introducing adaptive
channel-wise weighting prior to the shuffle process strengthens the network’s capability to capture
discriminative features from bearing surface images.

2.2. Multi-shape adaptive perception module

Given the diverse types of surface defects in bearings, including elongated scratches with clear directional
patterns as well as grooves resembling background textures, traditional convolutional operations are
limited in their ability to simultaneously capture such varied forms. To address the issue, a Multi-scale
Attention Module (MAM) is introduced at the network’s output, through which the multi-level features
produced by the model are further enhanced.

To enhance the detection head’s capability of modeling geometric variations of defects, deformable
convolutions are first employed in the MAM for adaptive sampling of the input feature maps, as
illustrated in Figure 4. For each 3 × 3 convolutional kernel, a set of 2D offsets for the nine sampling
points is predicted, and the feature map is sampled accordingly. This mechanism enables the network to
dynamically adjust its receptive field based on the position and shape of the target, thereby improving its
adaptability to intra-class and inter-class variations in defect morphology. The prediction and sampling
calculation process of the offset in deformable convolution is as follows:

∆p = fo f f set(X ,wo f f set ,bo f f set) (2)

Y (p) =
N

∑
n=1

wnX(p+ pn +∆pn) (3)
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where ∆p denotes the predicted offset for each sampling point P on the feature map X , fo f f set represents
the convolution operation used to generate the offsets, wo f f set and bo f f set are the learnable weights and
biases of the layer, respectively, Y (p) indicates the output at point P, N is the total number of sampling
points, and ∆pn corresponds to the offset of the n− th sampling point.

Figure 4. Feature map deformation sampling process.

The feature maps sampled by the deformable convolution are fed into two parallel branches for further
processing. In each branch, layer normalization is first applied to maintain stable feature distributions. As
shown in Figure 5, multi-scale sampling along the horizontal and vertical directions is performed in the
two branches using depth-wise convolutions of different scales, thereby encoding the diversified features
after geometric deformation. After multi-dimensional encoding, each branch employs 1 × 1 convolutions
to rearrange and smooth cross-channel features, producing feature outputs Fx and Fy, respectively.

Figure 5. MAM network structure diagram.

To fully integrate contextual information from both branches, a novel dual-axis cross-attention
mechanism is proposed. In the horizontal branch, Fx serves as the key (K) and value (V) matrices, while
Fy acts as the query (Q) matrix, computing attention responses guided along the vertical direction. In the
vertical branch, Fy is used as the key and value matrices, and Fx as the query, to compute attention along
the horizontal direction. The computation of the dual-axis cross-spatial attention and the resulting feature
outputs are formulated as follows:
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(

QyK⊤
x√

dk1

)
Ox = AttentionxVx +Qy

(4)

 Attentiony = Softmax
(

QxK⊤
y√

dk2

)
Oy = AttentionyVy +Qx

(5)

where dk1 and dk2 denote the dimensions of the feature vectors from the horizontal and vertical branches,
respectively, while Ox and Oy represent the output features after cross-weighted aggregation. This mechanism,
through inter-directional feature interaction and attention re-calibration, significantly enhances the model’s
perception of complex defect boundaries and geometric shapes on bearing surfaces.

It is important to clarify the essential distinction between the proposed dual-axis cross-attention and
existing coordinate attention [23] or axial attention [24] mechanisms, as all three involve operations along
spatial axes. Coordinate attention factorizes channel attention into two 1D feature encoding processes along
the height and width directions respectively, and then adds the resulting attention maps. This is essentially a
variant of single-path self-attention where the two directional features are encoded independently and
fused by simple addition. Axial attention performs self-attention sequentially along the height axis and then
the width axis, where the two axial attentions are executed in a serial manner without mutual interaction
between directions. In contrast, the proposed dual-axis cross-attention employs two parallel branches with
multi-scale directional encoding, and introduces a bidirectional cross-attention mechanism where the
features from the horizontal branch serve as the key and value matrices while the vertical branch provides
the query, and vice versa, as formulated in Equations (4) and (5). This cross-directional interaction, which
is absent in both coordinate attention and axial attention, enables the model to jointly reason about
horizontal and vertical contextual information, leading to more comprehensive feature aggregation for
defects with diverse shapes and orientations. Furthermore, the integration of deformable convolution prior
to the dual-axis cross-attention allows adaptive sampling of geometrically varying defect features, which
is not considered in existing axial-based methods.

In summary, through the collaborative design of deformable sampling, multi-scale directional encoding,
and dual-axis cross-attention, the MAM achieves precise semantic alignment and adaptive enhancement of
multi-shaped defect features while maintaining relatively low linear computational complexity.

2.3. Dynamic sample matching mechanism

In this work, the Dynamic Sample Matching (DSM) strategy is developed based on the Simplified Optimal
Transport Assignment (SimOTA) framework [25], with several improvements introduced. It is divided
into two components, i.e., sample selection and loss function design. By integrating positional and
classification information, the evaluation scores of positive and negative samples are dynamically balanced,
and dual-label weighting is applied, enabling more effective sample selection and loss formulation.

In the SimOTA strategy, classification and regression losses are first computed for candidate anchors
around each ground-truth (GT) box. Subsequently, a set of samples with the lowest losses is dynamically
selected as positive samples, while the remaining samples are treated as negative samples. However, during
the computation of classification loss, binary cross-entropy is calculated over all classes, incorporating both
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matched and unmatched class information. In practice, the number of unmatched samples significantly
exceeds that of matched samples, which may lead to the dominance of unmatched samples in the loss.
Furthermore, equal loss weighting is assigned to all positive samples, which may result in samples with
high IoU but low classification scores being regarded as high-quality, while samples with low IoU but
high classification scores are underemphasized. To address these limitations, the classification factor
is redefined in the DSM strategy. High-quality positive samples are dynamically selected, and greater
emphasis is placed on samples with higher classification scores among those with similar positional scores.

2.3.1. Sample selection

As illustrated in Figure 6, in the DSM framework, the output feature maps are first utilized to perform a
preliminary selection, forming a bag of candidate samples. Subsequently, these candidate samples are
subjected to a fine-grained evaluation process. In SimOTA, sample selection is conducted based on a
combination of classification and regression losses, where samples with the lowest losses are selected as
positive samples. In contrast, in DSM, fine-grained selection is achieved by first computing a classification
score C, which is then combined with the IoU to calculate the final score P, as follows:

C =C1i
α × IoU +(1−C2i)

β × (1− IoU) (6)

C1i =
T

∑
t=1

Pi−>tYj−>t (7)

IoU =
A∩G
A∪G

(8)

C2i = max
c̸=cgt

Pi−>t (9)

where C1i denotes the classification confidence of candidate box i for the GT class, C2i represents the
maximum classification confidence of candidate box i for all non-GT classes, Pi−>t is the predicted
probability of candidate box i for class t, Y t

j indicates whether ground-truth target j belongs to class t

(1 if yes, 0 if no), and T represents the set of all target classes. Meanwhile, IoU is the intersection-over-union
between the candidate box A and the GT box G, representing the positional information of the sample. After
obtaining the confidences of candidate samples across all classes, parameters α and β are used to control the
influence of matched and unmatched classes.

Figure 6. The sample processing procedure of DSM.
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During this computation, IoU , C1i, and C2i are used as weighting factors to adaptively adjust the
classification score. When the IoU of different candidate samples is similar, the smaller the confidence of
a candidate box for non-GT classes, the higher C will be. Conversely, for unmatched samples, the larger
the IoU , the smaller C becomes. This indicates that this computation emphasizes high-IoU , class-matched
candidate samples, ensuring they receive greater attention during sample selection.

The term (1−C2i) in Equation (6) serves as a soft penalty rather than a hard negative constraint. It
directly leverages the maximum confidence among all non-ground-truth classes, effectively penalizing
candidates that incorrectly assign high probability to any irrelevant category. This design is more flexible
than a fixed penalty term, as it adapts to the actual prediction distribution of each candidate. Moreover,
this formulation is not sensitive to the number of classes, because C2i is defined as the maximum over all
non-GT classes, which is independent of the class count. Even with a large number of categories, the
penalty remains determined solely by the most misleading prediction, preserving the discriminative focus
on the most competitive false class.

After obtaining the classification score C, the positional information is incorporated to compute the
final score P for evaluating candidate samples. The computation of P is given as follows:

P =C× IoUδ (10)

where the parameter δ serves to balance the relative importance of classification and positional scores.
The candidate samples are then sorted according to their IoU values, and the top 10 are summed to obtain
the value K. Finally, the positive samples are determined as the top K candidate samples with the highest
P scores, while the remaining samples are treated as negative samples.

2.3.2. Loss function

Using the dynamic matching approach, high-quality samples with strong classification and positional
scores are selected by the DSM strategy. These samples are subsequently employed for loss computation,
with adaptive weighting assigned to each sample. The total loss L is calculated as follows:

L = Lcls +Lob j +δLreg (11)

where Lcls, Lob j, and Lreg represent the classification loss, objectness loss, and bounding box regression
loss, respectively. The parameter δ serves the same purpose as described above. During training, gradients
are computed for both positive and negative samples. Consequently, weighting coefficients for positive
and negative samples are introduced in the loss calculation of each branch, following a procedure similar
to the sample selection strategy. The weighting coefficients are calculated as follows:

ωpos = eC ×C (12)

ωneg =C× (1− IoU) (13)

where ωpos and ωneg denote the weighting coefficients for positive and negative samples, respectively. To
prevent gradient explosion, these coefficients are normalized. The losses of different branches are then
computed by incorporating these weighting coefficients.
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Lcls =
N

∑
n=1

ω
pos
n BCE

(
scls

n ,1
)
+

N

∑
n=1

ω
neg
n BCE

(
scls

n ,0
)

(14)

Lobj =
N

∑
n=1

(ωpos
n BCE

(
sobj

n ,1
)
+ ω

neg
n BCE

(
sobj

n ,0
)
) +

M

∑
m=1

FL(sobj
m , 0) (15)

Lreg =
N

∑
n=1

ω
pos
n × EIOUn (16)

where N and M denote the numbers of positive and negative samples, respectively, while scls represents
the predicted classification scores and sobj represents the predicted object confidence scores. Binary
cross-entropy is used to compute the classification and confidence losses, and ωpos and ωneg are
applied to perform dual-label weighted decoupling for positive and negative samples. In addition,
Focal Loss (FL) is incorporated into the confidence loss branch to suppress negative samples, enabling
the model to provide stronger negative supervision for difficult background samples. Furthermore, the
Efficient Intersection Over Union (EIOU) loss is employed in the regression branch to enable more
precise localization optimization for positive samples. To justify the choice of hyperparameters α , β , and
δ , a grid search is conducted on the validation set. Keeping all other training settings unchanged, each of α ,
β , and δ is varied over 0.5, 1, 2, resulting in 27 combinations. The mean average precision (mAP) under
each combination is evaluated. The experimental results demonstrate that the model achieves the best
performance when α = β = δ = 1. Deviating any single parameter from 1 leads to a performance drop,
with δ showing the highest sensitivity, while variations in α and β cause relatively minor fluctuations.
Moreover, fine-tuning within a narrow range around 1 yields stable performance, confirming the robustness
of this setting. Therefore, α = β = δ = 1 is adopted as the default configuration throughout this work.

2.4. Overall architecture

To address common issues such as missed detections and the loss of fine details in bearing surface
defect detection, and to further enhance adaptability to multiple defect types under complex backgrounds,
the MFDM model is proposed. The model is designed to improve the network’s compatibility with
multi-shaped defects. This section presents the overall network architecture, core modules, and specific
parameter configurations. The architecture of MFDM is depicted in Figure 7, comprising a feature
extraction backbone, a neck network, and a multi-scale detection head.

For practical deployment in industrial environments, a lightweight design is adopted for the feature
extraction backbone. Feature extraction modules are employed to capture information at different levels,
primarily consisting of DSEB and FEB modules. Through channel separation, reorganization, and shuffle
operations, the total number of model parameters is significantly reduced.

The neck network is constructed based on a path-augmented feature pyramid structure. After abstract
features are extracted from different receptive paths by the backbone, the Content-Aware ReAssembly
of FEatures (CARAFE), a lightweight upsampling operator, is applied in the neck network to fuse
positional information from lower-level features with high-level semantic features, thereby enhancing the
representational capability of multi-scale features.
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Figure 7. MFDM network architecture diagram.

In the detection head, the three-scale feature maps generated by the neck network are utilized to
perform defect classification and bounding box regression. Two independent branches first adjust the
channel dimensions of the feature maps via Conv-BatchNormalization-SiLU (CBS) blocks to generate
classification and regression features. The multi-scale output features are subsequently refined using the
MAM module to improve the discrimination of defects with diverse shapes, and adaptively weighted
through a dual-axis cross-spatial attention mechanism. Finally, independent predictions for classification
and regression tasks are produced using 1 × 1 convolutions.

During network training, the DSM mechanism is employed to perform confidence-based sample
matching for the outputs of the multi-shape adaptive detection head. High-quality samples are thereby
provided for network feedback, enhancing the model’s discriminative ability across different defect types
and complex backgrounds.

3. Experiment

3.1. Experimental environment

3.1.1. Dataset

In this study, images of defective bearings are acquired using industrial cameras. The image acquisition
setup is illustrated in Figure 8a. The captured images are recorded in grayscale to enhance the visibility
of surface defects on the bearings. Bearing surface defects are categorized into four types: dents, grooves,

11



Mechatronics Tech. Article

abrasions, and scratches, as shown in Figure 8b. Using this setup, a total of 1000 images containing
bearing surface defects are collected and manually annotated to form the dataset. The distribution of
defect targets within the bearing surface image dataset is presented in Figure 9, which shows both the
number of targets for each defect category and the number of images containing each category.

Figure 8. Experimental setup and defect samples. (a) Image acquisition platform;
(b) Picture of bearing surface defects.

Figure 9. The target quantity for each defect category in the dataset, as well as the
number of images that belong to that category.

3.1.2. Experimental settings

The experiments are conducted based on the PyTorch framework and trained using an NVIDIA GeForce
RTX 3060 Laptop GPU. The computing platform is equipped with an Intel Core i7-12700H 2.30 GHz
processor, with GPU acceleration applied during training. The dataset is split into training and validation
sets in an 8:2 ratio. To ensure a fair comparison, all comparative models, including the YOLO series
and other detectors, are trained with input images resized to the same resolution of 640 × 640, which is
the standard configuration for YOLO models and is also adopted in MFDM network. Input images are
resized to 640 × 640, and data augmentation techniques such as random flipping and mosaic are applied.
The model is trained for 200 epochs, including a 10-epoch warm-up phase. A cosine annealing learning
rate scheduler is adopted, combined with the SGD optimizer. The batch size is set to 4, with an initial
learning rate of 0.005. Weight decay and SGD momentum are set to 0.0005 and 0.9, respectively.
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3.1.3. Evaluation metrics

In this experiment, multiple evaluation metrics are adopted to comprehensively assess the performance
of the MFDM model. Specifically, precision, mAP, recall, and F1-score are calculated to quantitatively
evaluate the detection reliability of the model. The definitions and formulations of these metrics are
provided below:

P =
TP

TP+FP
(17)

R =
TP

TP+FN
(18)

AP =
∫ 1

0
P(R)dR (19)

F1 = 2
P×R
P+R

(20)

where true positives (TP) refer to the number of correctly predicted positive samples, false positives (FP)
denote the number of negative samples incorrectly classified as positive, true negatives (TN) represent the
number of correctly predicted negative samples, and false negatives (FN) indicate the number of positive
samples incorrectly classified as negative. Precision (P) and recall (R) are calculated to obtain the average
precision (AP) for each class [26]. The mAP, computed as the average of AP values across all defect
categories, is employed as a key evaluation metric [27]. The F1 score, defined as the harmonic mean of
precision and recall, is used to balance these two measures [28].

In addition, the number of model parameters and floating point operations per second (FLOPs) are
employed as indicators of model lightweightness, allowing horizontal comparisons with mainstream
object detection models. Lower parameter counts and FLOPs correspond to a simpler network structure
and reduced inference computation [29]. By quantifying these metrics, the practical performance of the
model in bearing surface defect detection can be comprehensively evaluated.

3.2. Experimental results and analysis

3.2.1. MFDM training and detection results

The training curves of MFDM are shown in Figure 10, including both the loss values and learning rate
variations. It is observed that during the final 30 epochs, when data augmentation is disabled and the
learning rate is reduced to its minimum for fine-tuning, all loss components experience a significant
decline. This is attributed to the use of original images during training, which reduces the learning
difficulty and accelerates convergence. After training, the MFDM model achieves a detection accuracy
of 92.4%. In addition, the model’s parameter count and FLOPs are 3.0 M and 13.6 G, respectively,
demonstrating a clear advantage in lightweight design.

Given the moderate size of the dataset, which contains 1000 images in total with 800 images for
training and the remaining 200 for validation, we carefully examined the potential for overfitting. The
loss curves in Figure 10 show that the validation loss decreases steadily in parallel with the training loss
throughout the entire optimization process and does not exhibit any increasing trend in the later epochs,
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indicating that the model does not suffer from severe overfitting. This robustness can be mainly attributed
to the use of data augmentation techniques such as random flipping and mosaic, which effectively increase
the diversity of training samples, as well as the compact backbone architecture that inherently limits model
capacity and provides structural regularization. Although we have not yet conducted cross-validation
on an external bearing defect dataset, the held-out validation set of 200 images covers a wide variety
of defect categories, scales, and background complexities, offering a reasonable basis for assessing
generalization within the current experimental scope. Moreover, the qualitative detection results on
challenging samples presented in Figure 11 demonstrate that MFDM reliably handles defects with low
contrast or ambiguous morphology, further supporting its practical robustness. In future work, we plan
to collect additional bearing surface data from different production lines and perform cross-dataset or
cross-platform evaluations to more comprehensively verify the generalization ability of our method.

After training, bearing surface images that are not included in the training set are selected for
detection validation. These images include challenging samples, such as multi-scale defects, defects
with low background contrast, and defects with similar morphology. As illustrated in Figure 11, the
MFDM model demonstrates excellent detection performance under complex conditions. Its robustness
for practical applications is further confirmed.

Figure 10. MFDM training curves.

Figure 11. The test results of MFDM.
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3.2.2. MFDM ablation experiment analysis

After completing the model training, the network is evaluated, achieving the parameter count of 3.0 M
and the mAP of 92.4%. To verify the contribution of each module in the network and analyze their impact
on detection performance, an ablation study is conducted. As shown in Table 1, the various innovative
components of MFDM are implemented individually and evaluated through experiments.

Net 1 employs the backbone network composed of DSEB and FEB modules. The MAM module is
not incorporated, and the SimOTA sample assignment strategy is adopted during training. To isolate the
effects of ECA and shuffle within the backbone, we also design three variants with specific components
removed, as detailed in Table 1. Net 2 is built upon Net 1, and the MAM module is introduced at the
detection head to enable multi-shape adaptive feature perception. Net 3 is also based on Net 1, and the
SimOTA strategy is replaced with the DSM training strategy, through which fine-grained sample selection
is performed during the feedback process.

Table 1. Ablation networks.

Network Usage Modules

Net 1 DSEB, FEB
Net 1-NoECA DSEB, FEB (without ECA)

Net 1-NoShuffle DSEB, FEB (without Shuffle)
Net 1-NoBoth DSEB, FEB (without ECA and Shuffle)

Net 2 DSEB, FEB, MAM
Net 2-NoDeform DSEB, FEB, MAM (without deformable convolution)

Net 3 DSEB, FEB, DSM
MFDM DSEB, FEB, MAM, DSM

(1) Performance evaluation
After training all ablation models, the AP for each defect category, the overall mean value, and the

number of model parameters are calculated. The results are presented in Table 2. It is shown that Net 1
achieves favorable defect detection performance while maintaining an extremely low parameter count.
The lightweight nature and strong feature extraction capability of the proposed feature extraction modules
are thus demonstrated.

Table 2. Ablation experimental results. Bold indicates the best result in each column.

Network Groove (AP) Dent (AP) Scratch (AP) Abrasion
(AP) mAP

Parameters
(M)

Net 1 81.5% 87.7% 81.3% 78.7% 82.3% 2.5
Net 1-NoECA 80.2% 86.4% 79.8% 76.9% 80.8% 2.5

Net 1-NoShuffle 79.5% 85.9% 79.0% 76.0% 80.1% 2.5
Net 1-NoBoth 77.8% 84.2% 77.5% 74.5% 78.5% 2.5

Net 2 83.5% 89.8% 88.0% 85.9% 86.8% 3.0
Net 2-NoDeform 82.5% 88.5% 85.5% 83.5% 84.5% 2.9

Net 3 90.5% 90.9% 91.9% 89.8% 90.7% 2.5
MFDM 91.3% 93.8% 91.6% 90.4% 92.0% 3.0
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To further investigate the respective roles of the ECA mechanism and the shuffle operation within
the lightweight backbone, we conduct a comparative analysis of the three variants against the complete
Net 1 configuration. As quantified in Table 2, the exclusion of ECA results in a 1.5% reduction in mAP,
whereas the removal of shuffle leads to a more substantial performance degradation of 2.2%. When both
components are simultaneously ablated, the mAP further declines to 78.5%. These observations confirm
that both modules positively contribute to feature representation, with the shuffle operation playing a
comparatively more critical role in facilitating cross-channel information flow, while the ECA module
primarily enhances channel-wise feature discrimination. The complementary nature of their synergistic
combination yields superior performance relative to any individual variant, thereby substantiating the
architectural rationale of the proposed lightweight backbone design.

By introducing the MAM module for multi-shape feature alignment, Net 2 improves the network’s
adaptability to various defect types, showing particularly notable improvements in handling scratches and
abrasions that are easily confused with the background. To further quantify the individual contribution
of deformable convolutions within the MAM module, we design a variant named Net 2-NoDeform,
which removes the deformable convolution operation while retaining the dual-axis cross-attention and
multi-scale directional encoding. As shown in Table 2, Net 2-NoDeform achieves an mAP of 84.5%,
which is 2.3 percentage points lower than that of Net 2. The performance drop is particularly evident for
scratch and abrasion defects, whose AP values decrease by 2.5% and 2.4%, respectively. This observation
demonstrates that deformable convolutions effectively enhance the model’s ability to sample geometrically
distorted defect features, especially for elongated or irregularly shaped surface anomalies. Meanwhile,
the remaining attention mechanism still provides a clear improvement over Net 1, confirming that the
dual-axis cross-attention also contributes positively. Overall, these results validate the synergistic effect
of deformable sampling and adaptive attention in the proposed MAM.

Net 3 enhances detection accuracy by selecting high-quality samples to assist training, achieving a
clear performance gain while maintaining the same parameter count as Net 1. By combining all proposed
components and incorporating the DSM training strategy, the MFDM network achieves notable gains
in detection accuracy over the ablation variants. Leveraging multi-level feature perception and fusion
together with fine-grained sample selection during training, the model maintains a relatively compact
parameter size while significantly improving overall detection performance. These results indicate that
MFDM effectively satisfies both accuracy and efficiency requirements in practical applications.

(2) Heatmap visualization
Heatmaps serve as an intuitive visualization tool to reveal the regions of interest in convolutional neural

networks. The color intensity is typically positively correlated with the strength of feature activation, and
they are widely used to interpret model decision-making and feature focus capability. To systematically
compare the roles of different modules in feature aggregation, several representative bearing surface
images are selected for detection analysis. These images cover various types and difficulty levels of
defects, including challenging scenarios with subtle defects or low contrast between defects and the
background. As shown in Figure 12, the trained weights of Net 1, Net 2, Net 3, and MFDM are loaded,
and heatmaps are generated at the output of the detection head for the same set of input images. The three
variants designed for isolating the ECA and shuffle components are not included in this visualization, as
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their performance is inferior to that of Net 1 with only marginal differences among themselves, and their
quantitative impacts have been sufficiently characterized in Table 2. Similarly, the variant Net 2-NoDeform,
which removes deformable convolutions from the MAM module, is also omitted from the heatmap
analysis. The following analysis therefore concentrates on the more visually distinguishable effects
contributed by the MAM and DSM modules.

Figure 12. Visualization results of heat maps for different ablation networks.

From the heatmap visualizations of different defect types, it can be observed that there are significant
differences in feature aggregation capability among the models. In the absence of the MAM and DSM
modules, the model exhibits weak responses to defects with indistinct features, leading to limitations in
recognition and an increased risk of missed detections. In contrast, the MFDM model, which incorporates
all proposed modules, demonstrates substantially enhanced feature aggregation across various defect
types. The corresponding heatmaps show more concentrated response regions that better align with the
actual defect locations. This behavior highlights the effectiveness of multi-shape feature perception and
dynamic sample adjustment during training. The complementary design of these components jointly
improves the model’s robustness in complex scenarios.

3.2.3. Comparison with mainstream object detection models

To demonstrate the effectiveness of the proposed method, the MFDM model is compared with several
mainstream object detection models. In general, candidate regions are first generated on the bearing
surface by two-stage detectors, followed by classification for target recognition. In contrast, classification
and localization are directly performed on the input images by one-stage detectors for object detection.
Since MFDM is designed as a one-stage end-to-end network, several representative one-stage models
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are selected for comparison, including Single Shot MultiBox Detector (SSD) [30], RetinaNet [31],
and several variants from the YOLO series, such as YOLOv5s [32], YOLOv8s [33], YOLOv10s [34],
YOLOv11s [35], and YOLOv12s [36]. In addition, Faster R-CNN [37] is adopted as a representative
two-stage detector for comparison. To ensure fairness, all models are trained under the same experimental
settings. The settings include batch size and the number of training epochs.

As shown in Table 3, the comparison of AP values indicates that Faster R-CNN outperforms some
one-stage models in the bearing surface defect detection task. This advantage may be attributed to its
two-stage architecture, in which region proposal generation and classification are decoupled, thereby
enabling stronger feature adaptability. However, a larger number of parameters and higher computational
cost are also introduced by this design, which limits its practical applicability to some extent. With the
development of dynamic threshold-based sample selection strategies, higher-quality positive and negative
samples can be obtained during the training process, thereby effectively improving detection performance.
As a result, the YOLO series models are generally observed to outperform traditional methods such as
SSD, Faster R-CNN, and RetinaNet in this task. In the proposed MFDM model, detection accuracy is
further enhanced by the introduction of multi-shape adaptive feature weighting and a dual-label dynamic
sample selection mechanism. Compared with other models, significantly improved performance is
achieved by MFDM. As illustrated in Figure 13, superior results across different categories of bearing
surface defects are demonstrated by MFDM in terms of F1 score and recall.

To evaluate the practical inference speed for real-time industrial inspection, we measured the
per-image inference latency of each model on an NVIDIA RTX 3060 Laptop GPU with a batch size of 1
and an input resolution of 640 × 640. The average time over 100 runs is reported in Table 4, together
with the model parameters and FLOPs. As shown, MFDM achieves the lowest inference time of 10 ms
per image, which is substantially faster than the other detectors and confirms its strong potential for
deployment in production line inspection systems.

Table 3. AP values of different methods. Bold indicates the best result in each column.

Network Groove (AP) Dent (AP) Scratch (AP) Abrasion (AP) mAP

SSD 65.8% 88.5% 79.2% 84.1% 79.4%
Faster-RCNN 84.5% 89.2% 85.7% 87.8% 86.8%

Retinanet 70.3% 89.8% 89.1% 84.2% 83.4%
YOLOv5s 88.1% 90.3% 82.9% 84.5% 86.5%
YOLOv8s 89.9% 90.9% 88.4% 86.4% 88.9%

YOLOv10s 89.3% 89.9% 88.1% 87.7% 88.8%
YOLOv11s 91.1% 92.7% 91.3% 91.7% 91.7%
YOLOv12s 89.4% 91.6% 90.9% 88.9% 90.2%

MFDM 91.3% 93.8% 91.6% 90.4% 92.0%
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Figure 13. The F1 scores and recall rates of different comparison methods.

Table 4. Parameters, FLOPs and inference time of different methods. Bold indicates the best result
in each column.

Network Params (M) FLOPs (G) Time (ms)

SSD 27.2 67.5 30
Faster-RCNN 145.3 210.6 110

Retinanet 41.4 53.9 38
YOLOv5s 8.0 19.3 14
YOLOv8s 11.1 28.7 19

YOLOv10s 8.1 24.8 16
YOLOv11s 9.4 21.6 17
YOLOv12s 9.2 21.5 16

MFDM 3.0 13.6 10

In addition, the model structures of different networks are also analyzed. As shown in Table 4,
a simpler architecture is exhibited by MFDM compared to other models. This indicates that better
deployability on mobile devices is achieved by the more lightweight MFDM, making it more suitable for
practical bearing surface defect detection applications.

4. Conclusion

The challenges of multi-scale defects and diverse defect categories on bearing surfaces are addressed in
this work through the proposal of a multi-perception feature-guided dynamic sample matching detection
network. A lightweight feature extraction backbone is designed to enhance adaptive feature learning while
maintaining a simple network structure. To tackle the difficulty of distinguishing defect features from
background information, a multi-shape adaptive perception module is introduced, through which detection
maps with enhanced boundary and morphological features are generated. In addition, a dynamic sample
selection strategy is employed to filter high-quality training samples, thereby improving the model’s
feature fitting capability. Through these innovations, the detection performance of multi-scale defects is
effectively improved, and robustness in complex environments is enhanced.
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Extensive experiments conducted on a self-constructed dataset demonstrate that MFDM outperforms
several classical detection models across multiple evaluation metrics. As a novel tool for bearing surface
defect detection, significant advantages in practical applications are exhibited by MFDM. Stronger
adaptability under complex conditions is achieved through its feature enhancement mechanism and
dynamic sample selection strategy, providing an efficient and reliable solution for defect localization
and classification. Future work will focus on further optimization of the model structure to facilitate
deployment on mobile devices while maintaining strong performance across multiple defect categories,
thereby better meeting industrial requirements.
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