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Abstract. The accurate identification of surface defects in industrial products is
critical for ensuring consistent high-quality standards in modern manufacturing.
Nevertheless, the prevalence of small-scale defects and pronounced cross-scale vari-
ability on industrial surfaces poses substantial challenges to achieving precise de-
tection. To address these issues, this study introduces a high-precision neural net-
work architecture, termed DAE-YOLO, which is developed based on the YOLOv11
framework and specifically tailored for industrial surface defect detection. To effec-
tively mitigate the impact of cross-scale feature discrepancies, an efficient multi-scale
attention mechanism (EMA) is embedded within the backbone network. This leads
to the design of a novel feature extraction module, D-EMA (Deformable and Ef-
ficient Multi-scale Attention), which enhances the model’s ability to capture both
global contextual dependencies and local structural details. This module enhances
the feature extraction capabilities of the convolutional neural network by fusing
global context and local features, thereby enabling precise modeling of spatial in-
formation and pixel-level relationships. The design of D-EMA carefully considers
the fusion of cross-spatial information, allowing the model to effectively process tar-
gets at varying scales while preserving accurate location information, significantly
improving performance in defect detection tasks. Further, to address the challenge
of detecting small targets, the latest deformable convolutional module was incor-
porated into the Neck component. A new bidirectional weighted feature pyramid
network (BDFPN, bidirectional deformable feature pyramid network) was then de-
signed, combining multi-scale features to enhance the representation of small defect
features. Experiments conducted on two publicly available datasets (NEU-DET and
PCB defect) demonstrated the effectiveness of the proposed network architecture.
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The results indicate that the proposed method outperforms YOLOv11 by 3.88%
in detection accuracy on the NEU-DET dataset, and by 2.8 % on the PCB defect
dataset.

Keywords: Surface defect detection, attention mechanism, deformable convolu-
tion, feature pyramid network, computer vision
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1 INTRODUCTION

Defect detection is a critical component of modern industrial manufacturing, exert-
ing a direct influence on both product quality and production efficiency. Timely and
accurate identification of defects enables substantial reductions in rework and scrap
rates, thereby enhancing the consistency and reliability of final products. With the
increasing demand for stricter quality control standards in industrial production,
surface defect detection has garnered growing attention. This rising importance
has, in turn, catalyzed continuous advancements in defect detection technologies,
particularly those leveraging intelligent vision and deep learning methodologies [1].
However, surface defect detection of industrial products presents numerous chal-
lenges. Not only do the variety of product types and materials, along with the
different forms of defects and detection requirements, make it difficult for universal
detection methods to meet all demands, but some defects are also small and hard to
detect, such as micro-cracks and bubbles. Furthermore, environmental factors (e.g.,
lighting, temperature, and humidity) can affect detection accuracy, particularly in
complex production environments [2, 3].

Traditional image processing algorithms in defect detection mainly rely on an-
alyzing product surface images to identify and locate defects. Image preprocessing
techniques, such as grayscale conversion, denoising, and edge enhancement, are first
applied to improve image quality. Then, methods like gray-level co-occurrence ma-
trix (GLCM) [] and local binary patterns (LBP) [5] are used to analyze image
textures and extract features. The processed image features are subsequently com-
pared with preset standard models for defect detection and classification. Common
methods include threshold segmentation [6], region growing and watershed algo-
rithms [7], and machine learning techniques [8]. Threshold segmentation simplifies
the problem by dividing the image into “defective” and “non-defective” regions based
on a set threshold. Region growing and watershed algorithms are employed to seg-
ment defect regions within the image, enabling accurate defect localization. Machine
learning approaches, such as support vector machines (SVM) [9], decision trees [10],
and random forests [T1], are used for automated classification and identification of
defects.
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In recent years, with the development of deep learning and improvements in
hardware computing power, deep learning-based defect detection technologies have
become increasingly prevalent. Convolutional Neural Networks (CNNs) [12] can au-
tomatically extract image features through convolutional layers without the need
for manual feature design, demonstrating excellent performance in handling com-
plex backgrounds and various defect types. Deep Convolutional Neural Networks
(DCNNSs), an extension of traditional CNNs, increase the network’s depth, enabling
it to learn more complex features. In defect detection, DCNNs [I3] improve the abil-
ity to identify subtle defects, particularly those with complex shapes that shallow
networks struggle to capture. However, both networks still have limitations when
dealing with complex backgrounds and small defects. The Single Shot Multibox De-
tector (SSD) [I4], an end-to-end object detection model, predicts targets at different
scales, achieving both localization and classification in a single step. SSD relies on
predefined anchor boxes for target detection, but these anchors may not be suitable
for all defect types, particularly those with significant morphological variations or
irregular shapes, leading to degraded performance.

Recent algorithm models have made significant advancements in defect detec-
tion. The two-stage algorithm, Faster R-CNN [I5], introduces a Region Proposal
Network (RPN) to automatically generate candidate regions and combines with
Fast R-CNN for object classification and localization. Compared to R-CNN [I6]
and Fast R-CNN, Faster R-CNN shows notable improvements in both detection
accuracy and speed; however, its performance is suboptimal for small objects or
complex background scenes. YOLOv3 [I7] enhances detection accuracy for targets
of various sizes through multi-scale detection and an improved network structure
(Darknet-53). YOLOv5 [18] further optimizes model lightweighting and inference
speed, making it suitable for deployment on edge devices, and introduces improve-
ments in data augmentation. However, YOLOv3 and YOLOv5 may suffer from
missed detections in complex backgrounds or for small targets, especially when the
defects have irregular shapes, leading to inaccurate localization. Additionally, the
performance in processing high-resolution images is limited, making it challenging
to detect fine and diverse defect types.

YOLOv11, as a widely adopted algorithm in object detection, achieves a bal-
ance between efficiency and accuracy. However, its general-purpose design limits
its robustness and adaptability in domain-specific tasks such as industrial defect
detection. This study critically examines the shortcomings of YOLOv11 when ap-
plied to surface defect detection and introduces targeted enhancements to improve
its capability in identifying small, irregularly shaped defects with greater precision.
The principal contributions of this work are outlined as follows:

1. Design of the D-EMA Module to Replace the C3K2 Module: To improve model
performance in defect detection, a new module, D-EMA, is proposed, integrat-
ing deformable convolution (DCNv4, deformable convolutional network v4) and
an efficient multi-scale attention mechanism (EMA). DCNv4 captures key in-
formation of small targets by flexibly adjusting sampling points, while EMA
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explicitly models spatial and semantic dependencies, preserving the spatial lo-
cation and fine-grained semantic information of small targets. The combined
use of D-EMA enhances the model’s ability to integrate multi-scale information,
effectively replacing the traditional C3K2 module.

2. Introduction of the BDFPN Structure for Optimized Multi-Scale Feature Fusion:
Drawing inspiration from the bi-directional feature pyramid network (BiFPN),
a novel bi-directional deformable feature pyramid network (BDFPN) is designed.
This structure integrates deformable convolution, residual connections, cross-
scale connections, attention mechanisms, and weighted feature fusion methods,
allowing for more efficient representation and processing of multi-scale features.
BDFPN optimizes node topology, removes redundant nodes, and replaces stan-
dard convolutions with deformable convolutions, significantly reducing model
parameters and computational overhead while maintaining effective feature ex-
traction.

3. Introduction of Auxiliary Bounding Box Loss to Accelerate the Regression Pro-
cess: To overcome the limitations of traditional Intersection over Union (IoU)
loss in various detection tasks, this study introduces the use of auxiliary bound-
ing boxes for loss calculation to accelerate the bounding box regression process.
By incorporating a scaling factor to adjust the size of the auxiliary bound-
ing boxes and distinguishing between different regression samples, the loss is
computed using auxiliary bounding boxes of varying scales. This approach sig-
nificantly enhances the regression speed and optimizes the model’s convergence
rate.

2 RELATED WORK

This section investigates the relevant technologies for surface defect detection based
on image processing, including traditional detection methods and deep learning-
based approaches, followed by a detailed discussion.

2.1 Traditional Detection Methods

Traditional surface defect detection techniques have been extensively studied and
applied across various industrial scenarios. While these methods can deliver stable
performance under specific conditions, they are often constrained by inherent limi-
tations such as poor adaptability to complex backgrounds and limited generalization
to diverse defect types. The following section reviews three representative conven-
tional surface defect detection approaches and presents a comprehensive analysis of
their respective strengths and limitations.

Statistical-based methods are among the most common techniques in traditional
surface defect detection. These methods rely on surface images captured through
imaging systems and utilize image processing algorithms for feature extraction and
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analysis to identify defects. Key techniques include edge detection [19], threshold-
ing, and morphological processing [20]. Although traditional statistical methods
have been extensively studied, they fail to provide reliable and accurate results,
particularly for defects with variations in lighting or slight deformations.

Template matching-based defect detection methods [21] identify defects by com-
paring the similarity between the image to be inspected and a predefined template.
This approach is typically used for detecting defects with fixed shapes and struc-
tures. The core idea of template matching is to match one or more known defect
patterns (i.e., templates) with the image to be inspected, determining the presence
of defects by calculating the degree of similarity. A template is created based on
specific application requirements, and then, using a sliding window technique, the
template is compared to each position in the image to compute similarity. Common
similarity measures include normalized cross-correlation (NCC) [22] and squared
differences [23]. Classic surface defect detection models include the Markov Ran-
dom Field (MRF) model [24], Weibull model [25], and active contour model [26].
These methods evaluate the degree of match between the template and the cur-
rent window region to locate the defect. However, fixed templates perform poorly
when dealing with image rotation, scale changes, or deformation, and variations in
lighting can significantly reduce the similarity between the template and the actual
image.

With the advancement of computer science and artificial intelligence technolo-
gies, machine learning-based defect detection methods have gradually been adopted.
These methods rely on training datasets and learn defect features to automatically
identify defects in new images. Classic machine learning techniques include support
vector machines (SVM), decision trees, and k-nearest neighbors (KNN) [27].

2.2 Detection Methods Based on Deep Learning

Deep learning-based methods for surface defect detection in industrial products
have been widely applied. Convolutional Neural Networks (CNNs) can effectively
recognize complex image patterns and learn deep features of defects by automatically
extracting local features from images. Their hierarchical structure makes them
highly expressive and precise when handling defect detection tasks [28, 29, 30]. Hou
et al. [31] established a deep convolutional neural network (DCNN)-based model
to directly extract deep features from X-ray images. This method crops patches
from X-ray images as the training dataset and addresses the class imbalance in the
number of defect patches by applying three resampling methods on three balanced
datasets. The results demonstrate that DCNNs significantly outperform traditional
feature extraction methods in deep feature extraction.

To address the time-consuming and inefficient nature of traditional fabric defect
detection, Wei et al. [32] employed an improved Faster R-CNN method based on
the VGG architecture. To minimize the impact of input data on Faster R-CNN, the
fabric defect dataset was expanded. Additionally, by utilizing fabric defect image
features, the number of anchor points in Faster R-CNN was reduced. Experimental
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results validated the improved Faster R-CNN model’s capability and effectiveness
in fabric defect detection.

In order to enhance defect detection rates and fabric product quality, Jing et
al. proposed a more real-time fabric defect detection method based on an improved
YOLOv3 model [I7]. This approach involves two key steps: first, combining the fab-
ric defect size with the k-means algorithm to perform dimensional clustering on the
target frames in YOLOvV3, determining the number and size of prior frames. Second,
by integrating low-level features with high-level information, YOLO detection layers
are added at different feature map sizes, which enhances the model’s application in
detecting defects in gray and plaid fabrics. The improved network model achieved
error rates of less than 5% in detecting plain and plaid fabric defects.

To address the low accuracy in current industrial defect detection, Li et al. [33]
proposed a two-stage industrial defect detection framework based on Improved-
YOLOv5 and Optimized-Inception-ResNetV2, which completes both localization
and classification tasks using two specific models. To enhance the first-stage detec-
tion in effectively localizing small, unimportant defects on steel surfaces, the method
improves YOLOvV5 by refining the backbone network, feature fusion layer scales, and
multi-scale detection layers. In the second stage, to better extract defect features
and achieve accurate classification, a convolution block attention module (CBAM)
is embedded into the Inception-ResNetV2 model. The model architecture and loss
function are then optimized for precise performance.

However, research on capturing multi-scale contextual information in industrial
surface defect detection remains insufficient. Compared to existing solutions, our
approach can more effectively handle contextual information in images, enhancing
the dynamism and expressiveness of spatial aggregation. The following section pro-
vides a detailed explanation of our approach and an analysis of the characteristics
of the adopted technologies.

3 PROPOSED DAE-YOLO
3.1 D-EMA Module

Achieving high defect recognition accuracy while preserving spatial precision is vi-
tal for surface defect detection. A major challenge stems from the prevalence of
small-scale defects in industrial products. These defects occupy limited pixel re-
gions, leading to low spatial resolution and significant feature loss after multiple
down-sampling operations in convolutional networks. Additionally, they are highly
sensitive to scale variations, where even slight changes in viewpoint can further
weaken or obscure their features.

To address these issues, a novel module, D-EMA, has been designed to replace
the C3K2 module in the backbone. The specific structure of the D-EMA module
is shown in Figure || (Figure [l] is drawn by the authors). The D-EMA module
incorporates the Deformable Convolution (DCNv4) [34] and Efficient Multi-scale
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Attention (EMA) [35]. The deformable convolution module adjusts sampling lo-
cations on low-resolution feature maps to efficiently capture key information from
small targets. The efficient multi-scale attention mechanism (EMA) explicitly mod-
els spatial and semantic dependencies, retaining the spatial position and fine-grained
semantic information of small targets during feature extraction, thus preventing fea-
ture degradation. Thanks to the combined effect of these two components, D-EMA
demonstrates superior multi-scale information integration, effectively replacing the
C3K2 module.
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Figure 1. Overall structure of the D-EMA module

In the D-EMA module, DCNv4 is used to replace traditional convolution for
two main reasons:

1. Stronger Spatial Perception: Unlike traditional convolution with fixed sampling
grids, DCNv4 introduces learnable offsets that allow dynamic adjustment of
sampling positions. This enables better adaptation to geometric variations such
as rotation, scaling, and deformation, enhancing the model’s ability to represent
irregular surface defects.

2. Adaptability to Sparse and Non-Rigid Targets: For non-rigid or sparse tar-
gets, traditional convolution, with its fixed receptive field, struggles to capture
global information. DCNv4’s dynamic receptive field allows it to flexibly adjust
sampling locations, better covering the target area and adapting to non-rigid
structural changes.
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Compared to its predecessor, DCNv3 [36], DCNv4 eliminates the Softmax nor-
malization for spatial aggregation weights. This removes the restriction of keeping
weight values within the range of 0 to 1, thereby enhancing dynamic properties and
expressive capability. The unconstrained dynamic nature of the weights enables
DCNvV4 to model complex dependencies more effectively. Furthermore, by optimiz-
ing memory access and reducing redundant operations, DCNv4 achieves significant
speed improvements, with its forward inference speed being more than three times
faster than DCNv3. This improvement aligns better with the sparse computation
principles inherent in deformable convolutions.

EMA is an improved version of Coordinate Attention (CA) [37], a mechanism
that adaptively and dynamically adjusts the weights in feature maps based on the
importance of each region. By introducing the EMA attention mechanism, key
channel information is preserved while reducing computational costs. The specific
implementation, shown in Figure [I] reorganizes certain channels into the batch
dimension and divides the channel dimension into multiple sub-feature groups to
ensure a uniform distribution of spatial semantic features within each group. This
method not only maintains the correlation between channels but also significantly
reduces computational overhead, allowing the module to focus more on key areas of
the task. As a result, D-EMA demonstrates enhanced specificity and robustness in
complex scenarios.

First, the features are grouped to learn different semantics. The input tensor
X € RO"W(where C is the number of channels, H is the height, and W is the
width) is divided into G groups along the channel dimension.The groups are de-
fined as X = [Xo, Xy, ..., Xg 1], X; € RE/GHXW Then the EMA processes the
grouped data through three parallel paths to capture spatial multi-scale details. Two
of the paths use 1 x 1 convolutions, while one path employs a 3 x 3 convolution.
In the two 1 x 1 branches, the channels are encoded along two spatial directions
using two 1D global average pooling operations. After concatenating and applying
a convolution, two S-shaped functions are used to adjust the outputs of the two
1 x 1 branches into a 2D bifurcation distribution. To implement different cross-
channel interaction features between the two parallel paths in the 1 x 1 branches,
the attention maps of the two paths are aggregated in each group through simple
multiplication. In the 3 x 3 branch, a single 3 x 3 convolution kernel is stacked to
capture multi-scale feature representations. Through this multi-branch structure,
EMA not only processes cross-channel information but also retains precise spatial
information in the channels, while encoding inter-channel information to adjust the
importance of different channels.

Furthermore, EMA is inspired by PSA [38] and employs a cross-space informa-
tion aggregation method across different spatial dimensions to achieve richer feature
aggregation. To preserve the global spatial information from the 1 x 1 branches,
a 2D global pooling method is used for encoding. Before the channel feature joint
activation mechanism, the output from the smallest branch is directly transformed
into the corresponding dimensional shape. The formula for the 2D global pooling
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operation is:

2 = HXWZZ%H (1)

At the same time, the adjusted 3 x 3 branch features are incorporated into the joint
activation mechanism. The results of these parallel processing stages are combined
using matrix dot product operations to form a spatial attention map. This method
generates two spatial attention maps that respectively preserve precise positional
information and pixel-level pairwise relationships. Ultimately, by aggregating the
attention weights and applying the Sigmoid function, effective capture of both pixel-
level and global context is achieved, while maintaining the same feature map size as
the input.

The attention factors of EMA are guided by the similarity between global and
local features within each group, utilizing a cross-space information aggregation
approach to embed precise positional information and long-range dependencies.
Furthermore, EMA replaces the progressive limited receptive field operations with
parallel 3 x 3 and 1 x 1 convolutions, maximizing the extraction of contextual in-
formation from intermediate feature maps. The multi-scale context fusion enables
EMA to generate superior pixel-level attention, adapt to high-level feature maps,
and express both global and local features more effectively, all while achieving high
computational efficiency, making it well-suited for complex scene tasks.

3.2 The BDFPN

Feature Pyramid Networks (FPN) and Path Aggregation Networks (PAN) are es-
sential architectures for multi-scale feature fusion. PAN is an improved version of
FPN. Both aim to address the feature fusion challenge in multi-scale object detec-
tion; however, they differ significantly in terms of feature information propagation
direction and fusion strategies.

The Feature Pyramid Network (FPN) constructs a pyramid by combining deep
semantic features with shallow detailed features to improve detection accuracy. How-
ever, its unidirectional information flow limits the full exploitation of bottom-up
detail information. To address this, the Path Aggregation Network (PAN) intro-
duces a bidirectional propagation mechanism, adding a bottom-up path alongside
the top-down pathway of FPN. Building on these ideas, BiFPN employs efficient
bidirectional fusion, enabling more effective interaction between high-level seman-
tics and low-level details, thereby further enhancing detection performance.

Assume that L feature maps have been extracted from a backbone network:
{P,, Py, ..., P}, where P, represents the feature map of the i*! layer. Typically, as
i increases, the resolution of the feature map decreases, but the semantic information
becomes richer. FPN uses a top-down path to gradually fuse high-level semantic
information into low-level features. The fusion process can be represented as: P/ =
Upsample (P/,,) + Conv( ) is the fused feature map of the i*® layer, Upsample (e)
refers to upsampling P/,; to match the resolution of P;, and Conv (F;) represents
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Figure 2. The structure of FPN, PANet, and BiFPN

a 1 x 1 convolution operation on P; to adjust the channels to match the dimensions.
This approach gradually transmits global semantic information from higher layers
to lower layers, enhancing the semantic representation of the lower-level features, as

shown in Figure (Figure [2] is drawn by the authors).

PAN adds an additional bottom-up path on top of FPN, used to gradually trans-
fer low-level detail information into higher-level features. The formula is: P/ =

Downsample (P, ) + Conv (P/), where P/ is the feature map of the i* layer after
enhancement through the bottom-up path. Downsample ( - ) refers to a downsam-
pling operation that reduces the resolution of P/, to match P/. With this step,
higher-level features can regain low-level details, further enhancing their ability to

perceive small targets, as shown in Figure [2b)]
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BiFPN adds skip connections from the input layer to the output layer, enabling
the network to learn to balance the proportion of low-level and high-level features
during feature fusion. By stacking multiple BiFPN units to construct the final net-
work, feature fusion becomes more comprehensive as the model deepens. Figure
shows the computation process of BiFPN. Inspired by this, this paper adopts a fast
normalization fusion method for weighted fusion. The specific calculation process is

shown in Equation ([2)):
SR I 2
Ei: n+ 2w )
In this context, w; and w; are learnable weights, and 7 represents a fixed constant
to prevent numerical instability. X denotes each input feature, while F' represents
the fused weighted feature. For example, in Figure the two fused features at
the fourth layer can be expressed as follows:

wy - P +wsy - R (P
pu— B e RUE)) 3)
w1+w2+77
/. Pin /o, Ptd 'R pout
Pt — ¢ wy - Iy +/w2 s +/w3 () . (4)
wy +wy + w3 + 1)

Here, P}* denotes the intermediate features of the I layer, while PP"* represents
the output features of the I layer. The calculation process of Pf¢ is shown in
Equation . The calculation process of PP is shown in Equation @ The func-
tion R typically denotes either an upsampling or downsampling operation, while
C represents a convolution operation used to process and enhance feature represen-
tation. These equations precisely describe how feature contributions are dynamically
balanced across different layers during the feature fusion process, leading to more
effective feature representation.

This paper adopts the concept of BIFPN and introduces a novel Bidirectional De-
formable Feature Pyramid Network (BDFPN) structure. This structure efficiently
represents and processes multi-scale features while integrating more comprehensive
feature information. The proposed network incorporates deformable convolutions,
residual connections, cross-scale connections, attention mechanisms, and weighted
feature fusion methods, all of which play a crucial role in optimizing model perfor-
mance.

The nodes of BDFPN are primarily constructed based on the D-EMA mod-
ule, as shown in Figure 3| (Figure [3| is drawn by the authors). The brown arrows
represent the downsampling of low-level features to high-level features through con-
volutional layers. The blue arrows indicate the upsampling of high-level features via
deconvolution layers. The pink arrows represent skip connections. At each layer,
features from different levels are fused and converted to the same size via weighted
summation.

BDFPN significantly reduces the model’s parameter count and computational
overhead by extensively replacing standard convolutions with the latest deformable
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convolution (DCNv4), while maintaining feature extraction effectiveness. Addition-
ally, by removing redundant nodes and optimizing the network topology, the infor-
mation flow becomes more efficient.

Input
3x640x640

l

:D-EMA

:C2PSA

O
O

O

64x80x80
128x40x40

256x20%20

"

Figure 3. BDFPN structure diagram

3.3 Inner-CIoU

The existing IOU loss function demonstrates limitations in terms of poor general-
ization ability and slow convergence speed across various detection tasks. To ad-
dress these issues, this paper introduces an innovative approach that accelerates the
boundary box regression (BBR) process by utilizing auxiliary bounding boxes for
loss calculation. In the Inner IOU [39] method, a scaling factor (ratio) is employed
to control the size of the auxiliary bounding boxes. The specific calculation process
is illustrated in Figure |7_1| (Figure @ is drawn by the authors). By distinguishing
between different regression samples and using auxiliary bounding boxes of varying
scales for loss computation, this method significantly speeds up the boundary box
regression process. The specific calculation formula is as follows:

w9t * ratio

b' =¥ — 5
l x(, 2 Y ( )
9t % ratio
bt = gt 4 220 6
T xc + 2 ) ( )
h9t % rati
b=yt - (7)

2 )
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h9 % ratio

bgt = ygt + 9 ) (8)
w* ratio
bl = Le— ——, (9)
2
* t'
by = 7, + L 1O (10)
2
h * ratio
bt =Y — #7 (11)
h * ratio

The variables bf*, b9, b7, bJ* represent the left, right, top, and bottom boundaries
of the GT box, respectively. These coordinates are calculated based on the GT
box center and the scaling factor ratio. Similarly, the variables b;, b,, b;, b, represent
the left, right, top, and bottom boundaries of the anchor box, respectively, and are
calculated using the anchor box center and the scaling factor ratio.

w Winner
Winner w
(Xe:Ye) (XerYe)
= =
e b E = e b = |3
5 £
5 | £ b e E:_—E 5 b% | e
t it it t
ey (ey%o)
it t
Wg inner Wg
wot wot
inner
Target Box InnerTarget Box Anchor Box InnerAnchor Box

Figure 4. Inner-CloU

The formula for calculating the intersection area (Intersection) is given by Equa-

tion :

inter = (min (b, b,) — max (blgt7 b)) * (min (bgt, by) — max (bft, b)) - (13)
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The formula for calculating the union area (Union) is given by Equation :

union = (w? x h9') * (ratio )* + (w * h) * ( ratio )* — inter , (14)
inner inter

ToU™®" = ——. (15)
union

The intersection area (inter) represents the overlapping region between the GT box
and the anchor box, while the union area (union) represents the combined area of
the GT box and the anchor box. By combining Inner ToU and CIoU(Complete In-
tersection over Union), the Inner CIoU loss introduces a new penalty term to further
optimize the shape of the predicted bounding boxes, going beyond the limitations
of traditional DIoU loss. This penalty term ensures the consistency of the shapes
of the two bounding boxes. The mathematical expression for the Inner CloU loss is
given by Equation as follows:

2

Linner»CloU =1- 1O[Jinner + % + QoU, (16)
where:
v
_ 17
T 10U+ o (17)
4 w, w,\ >
v=— <arctan h—j — arctan h:) . (18)

In the above formula, p represents the Euclidean distance between the center points
of the predicted box and the ground truth box, while C' denotes the diagonal length
of the minimal enclosing box that contains both the predicted and ground truth
boxes. wg, hy and wy, h, represent the width and height of the ground truth box
and the predicted box, respectively.

The design goal of the Inner CloU loss is to achieve better alignment between
the shapes of the two bounding boxes by balancing their aspect ratio and diagonal
tilt angle. This mechanism ensures precise alignment of the bounding box shapes.

Moreover, Inner CIoU not only preserves the theoretical validity of the IoU
but also significantly accelerates model convergence by incorporating an auxiliary
bounding box mechanism. Additionally, during the optimization process, the Inner
CIoU loss considers both the intersection area and the center distance between the
bounding boxes, while a shape loss term ensures the consistency of the predicted
bounding box shape, thereby correcting the bias in the bounding box predictions.

4 EXPERIMENTS AND RESULTS

This section presents experiments conducted to validate the effectiveness of the
proposed defect detection method. Two publicly available datasets, representing
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diverse defect detection tasks, were selected to comprehensively evaluate the model’s
adaptability and robustness. Relevant evaluation metrics are introduced to quantify
detection accuracy and performance across various scenarios. Finally, several widely
used deep learning models serve as baselines for comparison, with experimental
results and analyses provided.

4.1 Datasets and Evaluation Metrics

4.1.1 Datasets

This experiment utilized two publicly available datasets: the NEU-DET dataset and
the PCB defect dataset, provided by Northeastern University and Peking University,
respectively. These datasets are widely used in defect detection.

The NEU-DET dataset contains a large collection of steel surface defects and is
specifically focused on detecting defects on steel surfaces. It is commonly used for the
development and evaluation of deep learning and image processing algorithms. The
dataset includes various common types of steel surface defects, such as crazing (Cr),
inclusion (In), patches (Pa), pitted surface (Ps), rolled-in scales (Rs), and scratches
(Sc). For each defect type, there are 300 images, each of size 200 x 200 pixels,
with each image containing one of the aforementioned defect types. The dataset
provides clear annotations for each defect type, and the images have relatively high
resolution, making it suitable for defect detection tasks. Examples of the different
defect types in the dataset are shown in Figure || (Figure [5| contains images sourced
from public datasets).

Figure 5. Partial presentation of the NEU-DET dataset

The PCB defect dataset is provided by Peking University and focuses on de-
fect detection in industrial PCB production. This dataset includes six defect types:
missing hole (MH), mouse bite (MB), open circuit (OC), short (SH), spur (SP),
and spurious copper (SC). For each defect type, there are 115 images, with pixel
dimensions ranging from 3034 x 2464 to 2904 x 1521. The image quality varies,
including both high-resolution clear images as well as those that may contain noise
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or low contrast, reflecting a more realistic application scenario. Each image is an-
notated with the defect type and location, making it suitable for defect detection
tasks. Examples of the different defect types in the dataset are shown in Figure [f]
(Figure El contains images sourced from public datasets).

The two datasets complement each other in terms of structure and content. The
NEU-DET dataset is well-suited for fine-grained defect detection, while the PCB
defect dataset aids in developing more robust detection algorithms, particularly
in complex industrial environments. Together, these datasets provide rich testing
resources for this study, enabling a comprehensive evaluation and optimization of
the defect detection model’s performance.

MH MB oc SH SP sC

Figure 6. Partial presentation of the PCB defect dataset

4.1.2 Evaluation Metrics

In the field of object recognition, the Precision-Recall (PR) curve is a crucial metric
for evaluating the performance of classification models, particularly in cases of class
imbalance. Precision refers to the proportion of samples predicted as positive that
are actually positive, while Recall indicates the proportion of actual positive samples
that are correctly identified as positive by the model. The formulas for calculating
Precision and Recall are as follows:

TP
Precisi == 1
reclsion TP T FP, ( 9)
TP
Recall = m (20)

In the above formulas, TP (True Positive) represents the number of samples correctly
predicted as positive, FP (False Positive) refers to the number of negative samples
incorrectly predicted as positive, and FN (False Negative) indicates the number of
positive samples incorrectly predicted as negative.

The Precision-Recall Curve (PR Curve) is commonly used to assess a model’s
performance at different thresholds, reflecting the trade-off between precision and
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recall. However, the PR curve has certain limitations, especially in multi-class or
high-complexity tasks, as a single PR curve may not fully capture the model’s per-
formance across multiple classes. To address this, Average Precision (AP), which
quantifies the PR curve, has gradually become a core metric for evaluating model
performance. AP is calculated by computing the area under the PR curve, providing
a comprehensive score that evaluates precision and recall at various thresholds.

mAP (mean Average Precision) is the average of AP across multiple classes. It
is calculated by determining the AP for each class and averaging them to evalu-
ate the model’s overall performance across all categories. The formula is given by
Equation as follows:

N
1
mAP = ; AP, (21)

In the formula, IV represents the number of classes, and AP, is the Average Precision
for the ™" class. mAP provides a balanced evaluation criterion across multiple
classes.

In this paper, when the IoU exceeds a predefined threshold (set to 0.5 in this
experiment), the predicted box is considered to match the ground truth box and is
classified as True Positive (TP); otherwise, it is classified as False Positive (FP). IoU
(Intersection over Union) is used to measure the overlap between the predicted box
and the ground truth box. The IoU calculation formula is given by Equation (22)

as follows:
|AN B

IOUA7B = m

(22)

4.2 Experimental Environment and Confguration

All experiments were conducted on a PC running the Ubuntu operating system, with
an Intel(R) Core(TM) i9-9940X CPU @ 3.30 GHz processor, an NVIDIA RTX2080T1i
GPU, and 64 GB of RAM. The source files were compiled using Python 3.8.20,
with PyTorch 1.12.0 as the deep learning framework. A batch size of 32 was used.
Experiments were also conducted on a Windows platform. The initial learning
rate was set to 0.01, and the minimum learning rate was 0.1 times the initial rate.
A cosine annealing scheduler was used to adaptively control the learning rate. The
Adam optimizer was selected, with weight decay and momentum set to 0.0005 and
0.937, respectively. The images in the NEU-DET and PCB defect datasets were
resized to 640 x 640. The NEU-DET dataset was randomly split into training,
validation, and test sets in a 0.8:0.1:0.1 ratio, while the PCB dataset was similarly
split into 0.8:0.1:0.1.

4.3 Ablation Study and Analysis

In this section, a series of ablation experiments based on the PCB defect dataset
will be conducted to systematically evaluate and analyze the key components of the
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proposed method. The impact of each component on performance will be explored
to further validate the effectiveness and advantages of the proposed approach.

4.3.1 Ablation Study of D-EMA Module

To validate the effectiveness of the proposed D-EMA structure, experiments are
conducted by replacing D-EMA with different modules. The selected modules are
the C3 module from YOLOv5, the C2F module from YOLOvVS, and the C3K2 mod-
ule from YOLOv11. The experimental results are shown in Table [I. As indicated
in Table [[, under the same network architecture, the D-EMA module achieves the
highest mAP on the PCB defect dataset, thereby confirming the effectiveness of the
D-EMA module.

Model in Backbone Neck Loss Function mAP(%)
C3 BDFPN Inner-CloU 90.26
C2F BDFPN Inner-CloU 93.57
C3K2 BDFPN Inner-CloU 92.83
D-EMA BDFPN Inner-CIoU 95.70

Table 1. Ablation study results of the D-EMA module

4.3.2 Ablation Study of BDFPN

Model in Backbone Neck Loss Function mAP(%)
D-EMA FPN Inner-CloU 87.92
D-EMA PAN Inner-CloU 93.41
D-EMA BDFPN Inner-CloU 95.70

Table 2. Ablation study results of BDFPN

A comparison between FPN, PAN, and BDFPN is conducted on the PCB de-
fect dataset, with the experimental results presented in Table 2] FPN enhances
small object detection through a top-down pyramid structure, but its unidirectional
information flow limits the effective guidance of high-level features to low-level fea-
tures. PAN, built upon FPN, adds bottom-up path aggregation to strengthen the
utilization of low-level features, although it may introduce redundant computations
in some tasks. BDFPN employs bidirectional information flow, enhancing feature
fusion across different levels and reducing interference from irrelevant information.
As shown in Table [J, under the same experimental conditions, BDFPN achieves
a significant improvement in mAP compared to FPN and PAN, thus validating the
effectiveness of BDFPN.
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4.3.3 Ablation Study of Inner-CloU

A comparison is made between IoU, DIoU, and CloU on the PCB defect dataset,
with the experimental results presented in Table B] The traditional IoU loss only
focuses on the overlapping region between the predicted and ground truth boxes,
failing to directly optimize the non-overlapping areas. This results in weaker gradi-
ents and reduced optimization efficiency at low IoU levels. The DIoU loss (Distance
ToU) introduces a penalty term based on the distance between the centers of the
boxes, improving convergence speed, but it does not account for aspect ratio impacts
on the regression.

Model in Backbone Neck Loss Function mAP(%)
D-EMA BDFPN IoU 92.61
D-EMA BDFPN DIoU 94.69
D-EMA BDFPN CloU 95.28
D-EMA BDFPN Inner-CIoU 95.70

Table 3. Ablation study results of Inner-CloU

The CIoU loss (Complete IoU) further combines DIoU with aspect ratio con-
straints, leading to more accurate boundary box shape matching, though its opti-
mization effect decreases in the high IoU regime. The Inner-CloU loss used in this
study combines Inner-IoU with CloU, allowing the predicted boxes to converge more
stably when close to the ground truth boxes, resulting in more precise detection. As
shown in Table 3 under the same experimental conditions, Inner-CIoU outperforms
ToU, DIoU, and CIoU in terms of ground truth box matching accuracy, thereby
confirming its effectiveness.

4.4 Comparative Experiments and Analysis

In this section, experiments were conducted using the two open-source datasets men-
tioned in Section [.I.1] and the results were compared with those of mainstream
defect detection methods to validate the effectiveness of the proposed approach.
Based on the comparison of experimental results, a corresponding analysis is pro-
vided below.In the following experiments, the backbone using the D-EMA module
is referred to as D-EMA Net.

4.4.1 Experiments on the PCB Dataset

The experimental results comparing the proposed method with mainstream ap-
proaches on the PCB defect dataset are shown in Table dl The proposed method
outperforms existing methods in terms of defect detection accuracy across all cat-
egories. Specifically, the overall mAP of the proposed method reached 95.70 %,
which is an improvement of 2.8 % over YOLOv11, and an increase of 2.05 % and 2 %
compared to YOLOv5 and YOLOVS, respectively. Notably, for categories where
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YOLOv11 performs poorly, such as spur, the proposed method shows a particularly
significant improvement, with a mAP increase of 5.2 %. This demonstrates that the
proposed method exhibits stronger robustness when dealing with complex defect
shapes. Additionally, for small-sized, irregularly shaped defects like mouse bite, the
proposed method achieved a 4.9 % mAP improvement over YOLOv11, indicating its
superior performance in detecting small-object defects.

Model Input size  Backbone mAP(%)
YOLOv3 6402 DarkNet 80.07
YOLOv4 6402 CSPDarkNet 91.41
YOLOv5n 6402  CSPDarkNet 88.13
YOLOv5m 6402  CSPDarkNet 93.37
YOLOv5! 6402 CSPDarkNet 93.65
YOLOv8n 6402  CSPDarkNet 88.05
YOLOv8m 6402  CSPDarkNet 92.02
YOLOv8! 6402 CSPDarkNet 93.70
YOLOv1ln 6402 CSPDarkNet 88.43
YOLOv1llm 6402 CSPDarkNet 92.90
YOLOv11l 6402 CSPDarkNet 90.86
Proposed method 6402 D-EMA Net 95.70

Table 4. Comparison results on the PCB defect dataset

In addition, the comparison of the PR curves between the proposed method
and YOLOv11, as shown in Figure E (Figure m is plotted based on experimen-
tal results), highlights the superior balance between precision and recall achieved
by the proposed method. From the experimental results, it is evident that the
proposed method outperforms the comparison methods across all six defect types
in the PR curves, especially in the “spur” type, represented by the purple curve,
where the improvement is most significant. Specifically, the PR curve for the “spur”
defect type shows a noticeable trend toward the top-right corner, indicating that
the proposed method effectively improves precision while maintaining a high recall
rate.

These improvements can be attributed to the optimized design of specific mod-
ules in the proposed method, which enhances the feature extraction ability for small-
sized and subtle structures. At the same time, the model demonstrates higher adapt-
ability in multi-scale context information fusion. Additionally, through background
noise suppression and feature space optimization, the model significantly reduces
false positives and false negatives, leading to higher detection accuracy for “spur”
type defects.

In Figure |§ (Figure [8| is generated from the model’s detection results), the de-
tection performance of YOLOv11 and DAE-YOLO on the PCB defect dataset is
compared. The experimental results show that, although YOLOv11 is generally
capable of accurately detecting defects on PCBs, it falls short when handling small
defects and fails to effectively identify certain minor flaws. In contrast, DAE-YOLO
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exhibits a stronger advantage in this regard, being better at detecting small or
blurred defects.
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Figure 8. Visualization of the result comparison on the PCB defect dataset

4.4.2 Experiments on the NEU-DET Dataset

To further validate the performance of the proposed model under scale variations,
the NEU-DET dataset was used to evaluate its effectiveness. Six object detec-
tors, including Faster R-CNN, RetinaNet [40], YOLOv3, YOLOv5, YOLOvS, and
YOLOv11, were selected for comparison, with the corresponding test results shown
in Table

YOLO series models, such as YOLOv3, YOLOv5, YOLOvS, and YOLOv11, due
to their focus on generalization rather than specific optimization for defect detection
data, achieved a maximum mAP that was 3.88% lower than that of the proposed
method on the NEU-DET dataset. YOLOv11 achieved a relatively low AP score of
only 32.8% for the “crazing” class, which is significantly lower than the 39.57 % AP
obtained by the proposed method for the same class.

Figure El (Figure El is generated from the model’s detection results) compares
the detection performance of YOLOv11 and DAE-YOLO on the NEU-DET dataset.
YOLOv11 shows reduced detection accuracy, particularly for defects with low con-
trast or irregular shapes, with increased missed and false positive detections, espe-
cially in images with significant noise. In contrast, DAE-YOLO performs signifi-
cantly better, especially when handling small defects and noise interference.
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Model Input size  Backbone mAP(%)
Faster R-CNN 6402 VGG 71.07
RetinaNet 6402 ResNet50 64.18
YOLOv3 6402 DarkNet 75.43
YOLOv4 6402 CSPDarkNet 76.62
YOLOv5n 6402 CSPDarkNet 68.78
YOLOv5m 6402 CSPDarkNet 69.90
YOLOV5] 6402 CSPDarkNet 70.06
YOLOv8n 6402 CSPDarkNet 66.10
YOLOv8m 6402 CSPDarkNet 71.80
YOLOvSI 6402 CSPDarkNet 72.26
YOLOvlln 6402 CSPDarkNet 70.17
YOLOvllm 6402 CSPDarkNet 70.74
Proposed method 6402 D-EMA Net 74.62

Table 5. Comparison results on the NEU-DET dataset

Through analysis, it can be observed that the superior performance of the pro-
posed method on the PCB defect dataset can be attributed to the following factors:

1. The D-EMA module proposed in this paper introduces a deformable convolution
module on low-resolution feature maps. By flexibly adjusting sampling points,
it effectively captures key information of small targets, thereby enhancing de-
tection performance. Additionally, the efficient multi-scale attention mechanism
explicitly models spatial and semantic dependencies, allowing it to preserve the
spatial positions and fine-grained semantic information of small targets during
the feature extraction process, significantly reducing feature attenuation.

2. The bidirectional feature fusion path in BDFPN, which includes both top-down
and bottom-up connections, fully integrates the detailed information from high-
resolution features with the semantic information from low-resolution features,
thereby enhancing the model’s ability to detect multi-scale targets. Furthermore,
BDFPN incorporates a learnable weighted feature fusion mechanism, allowing
the network to adaptively allocate the importance of features from different
layers and optimize the efficiency of information flow. This design not only
improves the model’s detection accuracy but also significantly reduces compu-
tational complexity:.

5 CONCLUSIONS

This paper addresses the poor performance of mainstream object recognition algo-
rithms in the field of defect detection by proposing an optimized detection method to
tackle the specific challenges of defect detection tasks. Through an in-depth analysis
of domain characteristics and task requirements, the paper designs and implements
three innovations that significantly enhance detection performance.
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Figure 9. Visualization of the result comparison on the NEU-DET dataset

First, the D-EMA module was developed, combining the latest deformable con-
volution DCNv4 and the EMA attention mechanism. This module performs excel-
lently when handling defects with irregular shapes and subtle differences. DCNv4
enhances the model’s ability to flexibly adapt to target shapes, while the EMA at-
tention mechanism strengthens the focus on key areas, significantly improving the
model’s ability to discern defect targets.

Second, in response to the challenges of feature fusion, the paper proposes the
BDFPN (Bi-directional Dynamic Feature Pyramid Network) as the Neck compo-
nent. Drawing on the idea of BiFPN, BDFPN dynamically adjusts the importance
of features from different layers to achieve more efficient multi-scale information fu-
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sion. This is particularly advantageous when handling defects with diverse sizes and
complex backgrounds.

Finally, the paper improves the CloU (Complete Intersection over Union) by
introducing Inner CloU, integrating Inner IOU into the boundary box regression
loss function. This further enhances the model’s accuracy in target boundary fitting,
especially for detecting small or overlapping defects.

Experimental results demonstrate the effectiveness of the proposed method.
Compared to mainstream detection models such as YOLO series, Faster R-CNN|
and RetinaNet, the method achieves notable improvements across multiple metrics,
including accuracy, recall, and robustness to small targets and complex backgrounds.
While conventional models often struggle with abundant, irregular, and low-contrast
defects, the proposed approach exhibits superior adaptability and resilience.

Nonetheless, certain limitations remain. Detection performance for rare defect
patterns and ultra-low contrast cases requires further enhancement. Additionally,
balancing accuracy with inference speed and model compactness is necessary to
meet industrial application demands. The model’s generalization also warrants val-
idation on more diverse and complex datasets. Future work will focus on improving
detection precision and efficiency, exploring innovative techniques, and optimizing
the model to better serve practical defect detection needs.
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