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Abstract— Automatic defect detection plays an important role
in industrial production. Deep learning-based defect detection
methods have achieved promising results. However, there are still
two challenges in the current defect detection methods: 1) high-
precision detection of weak defects is limited and 2) it is difficult
for current defect detection methods to achieve satisfactory
results dealing with strong background noise. This article pro-
poses a dynamic weights-based wavelet attention neural network
(DWWA-Net) to address these issues, which can enhance the
feature representation of defects and simultaneously denoise the
image, thereby improving the detection accuracy of weak defects
and defects under strong background noise. First, wavelet neural
networks and dynamic wavelet convolution networks (DWCNets)
are presented, which can effectively filter background noise
and improve model convergence. Second, a multiview attention
module is designed, which can direct the network attention
toward potential targets, thereby guaranteeing the accuracy
for detecting weak defects. Finally, a feature feedback module
is proposed, which can enhance the feature information of
defects to further improve the weak defect detection accuracy.
The DWWA-Net can be used for defect detection in multiple
industrial fields. Experiment results illustrate that the proposed
method outperforms the state-of-the-art methods (mean preci-
sion: GC10-DET: 6.0%; NEU: 4.3%). The code is made in
https://github.com/781458112/DWWA.

Index Terms— Defect detection, dynamic weights, feature feed-
back module, multiview attention module, wavelet convolution
networks.

NOMENCLATURE

Parameters
η Scaling parameter of layer normalization.
λ Dynamic weight.
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µ Shift parameter of layer normalization.
σ Activation function.
ϕ Scaling factor.
ξ Feature fusion coefficient.
g Fully connected network.
k Translation coefficient of wavelet neural network.
Lc Classification loss function.
Lr Regression loss function.
P Global pooling.
q Scaling of wavelet neural network.
w Coefficient of fully connected network.
ψq,k Base wavelet family.
aq,k Approximation coefficients.
dq,k Detail coefficients.

I. INTRODUCTION

AFFECTED by the lack of standardization production pro-
cess and harsh industrial environment, products exhibit

various types of defects, which reduce their performance
and safety [1], [2], [3]. Therefore, detecting those defects
reliably plays an important role in industrial production [4],
[5], [6]. However, defect detection is facing great challenges
due to: 1) inconspicuous features and small size of weak
defects make it difficult for reliable detection, as shown in
Fig. 1(a, b). 2) The harsh collection environment introduces
strong background noise, which reduces the accuracy of defect
detection, as shown in Fig. 1(c). If these defects are not
detected and repaired in time, they are likely to reduce the
service life of the product and cause accidents. For example,
weak defects in pipelines may accelerate corrosion in a short
period causing pipeline leakage, resulting in environmental
pollution and explosion accidents.

Recently, lots of works have emerged in improving the
accuracy of defect detection under weak defects and strong
background noise. These studies can be categorized into
two categories: 1) model optimization methods and 2) data
preprocessing methods.

For model optimization methods, researchers have improved
defect detection performance by improving the model struc-
ture. In [7], a robust kernel function with Bayesian opti-
mization is used to improve the classification accuracy of
weak defects. In [8], a combination of the terahertz technique
and deconvolution method is designed to effectively detect
small defects. Nevertheless, these methods rely heavily on
human expertise and manual feature extraction, limiting their
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Fig. 1. Defects of different industrial fields. (a) and (b) Weak defects.
(c) Defects under strong background noise.

accuracy. To address the above issues, some researchers have
turned to deep learning to detect weak defects. In [9], an adap-
tive image segmentation network is designed, which can
capture more contextual information from the defect feature
map and improve the detection accuracy. In [10], a novel
enhanced multiscale feature fusion method is proposed, which
can employ atrous spatial pyramid pooling-balanced-feature
pyramid network to make full use of contextual information
and thus achieves outstanding results in small defect detec-
tion. In [11], a coarse-to-fine framework is proposed, which
can effectively save computation and improve the detection
accuracy of small defects. In [12], a feature enhancement and
loop-shaped fusion convolutional neural network is designed,
which enhances shallow features and fuses features with a
loop-shaped feature pyramid structure. Therefore, the detection
accuracy of small defects can be effectively guaranteed.

Most of the aforementioned methods improve the fea-
ture extraction ability of the network by enhancing features,
thereby improving the detection accuracy of weak defects.
However, the deep-learning approach described above may
lose key features of the weak defects during feature extraction.
This is mainly due to the following two reasons. 1) Some
weak defects may account for only a small fraction of the
original data, which may be compressed to an unrecognizable
level after downsampling, resulting in the key defect features
being drowned out. 2) These methods use fixed weights to
superimpose features from different layers, which do not give
greater weights to the key feature layers and thus lead to the
key features of weak defects may be ignored.

For data preprocessing methods, researchers improve the
accuracy of defect detection by enhancing the quality of the
data. In [13], a novel wavelet threshold denoising method
based on discrete wavelet transform (DWT) is designed to
perform image denoising. In [14], a wavelet-inspired invertible
network is proposed to learn a nonlinear redundant transform
with perfect reconstruction property to facilitate noise removal.
In [15], a novel contrast enhancement conditional generative
adversarial network is proposed to enhance images. However,
these methods require the design of a separate structure to
preprocess the input data, which does not take into account
the detection network. Therefore, the high-quality images
generated by these methods may lose image details that are
useful for the detection network, which reduces the defect
detection performance.

To address the above issues, a dynamic weights-based
wavelet attention neural network (DWWA-Net) is proposed
in this article, which can extract and retain key features of
weak defects. Meanwhile, DWWA-Net improves data quality

by adaptively filtering out background noise based on the input
data. Specifically, a dynamic wavelet convolution network
(DWCNet) is designed, which can be trained with the detection
network to adaptively filter out background noise and retain
key features of defects. In addition, a multiview attention
module and a dynamic feedback module are proposed to
effectively extract the key features of weak defects. Multiview
attention modules can enhance the features of weak defects
and capture the long-distance dependence between different
pixels. Dynamic feedback modules can assign higher weights
to relevant features with weak defects and lower weights to
irrelevant features. Overall, the contributions of this article can
be summarized as follows.

1) A DWCNet is designed, in which wavelet transform
and convolution are dynamically connected to filter
background noise and improve model convergence.

2) A multiview attention module is designed, which effi-
ciently directs the network’s attention toward potential
targets, thereby improving the detection results of weak
defects in complex backgrounds.

3) A dynamic feedback module is proposed to screen out
key features of weak defects and enhance them through
network training.

4) Experimental results demonstrate that the proposed
DWWA-Net outperforms the state-of-the-art method
under multiple datasets, demonstrating an improved gen-
eralizability.

The rest of this article is organized as follows. Section II
introduces the method. Section III gives the experiments and
the comparison of the results in detail. Section IV provides a
conclusion.

II. PROPOSED METHOD

A. Architecture of DWWA-Net

In this section, an overview of the DWWA-Net is presented.
Fig. 2 shows the architecture of the DWWA-Net, which is
divided into three phases.

Phase 1 (Feature Extraction): First, a DWCNet is designed
to adaptively filter out background noise and extract shallow
features. Then, a multiview attention module is designed to
extract effective feature information. The extracted features
can be obtained. Details are described in Section II-B.

Phase 2 (Feature Fusion): The extracted features are passed
through a feature pyramid network. The fused features can be
acquired.

Phase 3 (Dynamic Feedback): The fused features are fed
into the feature weight network to obtain the weighted weights.
The weighted features are fed into the attention network to
obtain enhanced features. The enhanced features are fed back
to feature extraction and feature fusion to further enhance the
features. Finally, the fused features are summed with enhanced
features to obtain the final features. Details are described in
Section II-C.

Phase 4 (Detection Module): The final features are used to
generate an anchor box. Then, the detection module calculates
the loss between the anchor box and the ground truth box.
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Fig. 2. Architecture of DWWA-Net, first, the image can suppress noises through the DWCNet. Then feature extraction module can extract features from
pictures. In particular, the introduction of the attention module can help the feature extraction module highlight important features. In the feature fusion
module, a dynamic feedback module is proposed to fuse features at different levels. The fused feature is input into the detection module to calculate the
classification and regression loss. Finally, the parameters of the network are updated by minimizing losses.

Finally, the parameters of the three stages are updated by
minimizing losses.

B. Wavelet Neural Network and DWCNet

Measurement error, environmental interference, equipment
failure, and other factors will lead to the existence of industrial
data noise, which can reduce the signal-to-noise ratio of data
and make it difficult for defects to be detected effectively.
Methods of denoising data using Gaussian filtering and its
variants may destroy the underlying structure of the signal.
Specifically, deep learning employing Gaussian filtering to
noise reduction on industrial data needs to downsample the
industry to compress the features. Downsampling operations
such as pooling may lose key features of weak defects.
To maintain the basic structure of the signals and filter the
noise, a wavelet neural network is designed, which can be
trained with DWWA-Net to obtain higher quality denoising
features. In addition, DWCNet is designed, which can adap-
tively select the parameters for the wavelet convolution module
and the convolution module. Therefore, the convergence of the
model is improved. The specific structure is shown in DWCNet
of Fig. 2. The specific design details are as follows.

1) Wavelet Neural Network: First, a wavelet neural network
needs to be designed, which updates the kernel function of
the wavelets through training. For this purpose, we transform
the wavelet neural network into a convolutional form that can
backpropagate. The specific details are as follows.

Image feature information can be extracted by DWT, specif-
ically

wt (q, k) =
〈
x(t), ψq,k(t)

〉
=

1
√

2q

∫
∞

−∞

x(t)ψ∗

(
t − k2q

2q

)
dt

(1)

where x(t) represents the input signals, q represents the scale,
k represents the translation coefficient, ⟨·⟩ represents the inner
product operation, and ψq,k(t) represents the base wavelet
family.

Then, multiresolution analysis is used to decompose the
original picture signal into high-frequency (HF) components
and low-frequency (LF) components. Through multiresolution
analysis, the signals x(t) can be expressed as follows:

x(t) =

Q∑
q=−∞

∞∑
k=−∞

dq,kψq,k(t)+

∞∑
k=−∞

aq,kφq,k(t) (2)

where aq,k is the approximation coefficients, aq,k =

⟨x(t), φq,k(t)⟩, dq,k is the detail coefficients, and dq,k =

⟨x(t), ψq,k(t)⟩.
Finally, to convert the wavelet transform into a convolution

operation, two-scale-equation is used to express the internal
relationship between the scale function φ(t) and the wavelet
function ψ(t), which is shown as follows:

φ(t) =
√

2 h(n)φ(2t − n) (3)

ψ(t) =
√

2 g(n)φ(2t − n) (4)

where h(n) and g(n) are a pair of low- and high-pass filter
banks. Through the above analysis, in DWT, a j,k and d j,k can
be obtained through convolution operation with low-pass filter
h(n) and high-pass filter g(n). Therefore, the image can be
decomposed into LF components Xll and HF components Xlh ,
Xhl , Xhh , as shown in Fig. 3.

As shown in Fig. 3, Xlh, Xhl , and Xhh contain noise
information, and Xll contains the basic structure of the image.
HF information can be removed to filter the noise in the
signals, so a wavelet neural network can replace average
pooling and maximum pooling.

2) Network Structure of DWCNet: The DWCNet includes
three parts, namely convolution module Fa(·), weight distri-
bution module Fb(·), and wavelet convolution module Fc(·).
The specific structure is shown in Fig. 2.

Fa(·) is used to extract feature information of the image,
where the wavelet transform is used for filtering and down-
sampling. The Fb(·) is used to obtain a dynamic weight factor
λ, where the network assigns corresponding weights through
training. Fc(·) extracts the HF components and LF components
of the image. Therefore, the Fa(·) module extracts the local
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Fig. 3. Image after wavelet neural network, (a) Xll is the LF components after
wavelet neural network, (b) Xlh , (c) Xhl , and (d) Xhh are the HF components
after wavelet neural network.

features of the data by convolution operation, while the Fc(·)

module captures the global features of the data by using
wavelet transform. By combining local and global features to
better capture the feature information of defects in industrial
data, the detection accuracy of weak defects can be improved.

At the beginning of the network training, the Fc(·) can
select the appropriate wavelet basis function to extract features
more effectively than using Fa(·) with random initialization for
feature extraction. Therefore, at the beginning of the network
training, we can give higher weights to the Fc(·) by the Fb(·).
Based on the above analysis, the weight of λ is set to 0,
which can be achieved through the weight distribution module
Fb(·). Then, with the iterative training of the network, the
network will learn the weight parameters by Fb(·), such that
the network will choose the weight adaptively.

C. Multiview Attention Module

In order to achieve reliable detection of weak defects
in complex industrial backgrounds, the multiview attention
module is proposed, which efficiently directs the network’s
attention toward potential targets, thereby improving the iden-
tification of weak defects. Unlike literature [16], [17], this
article designs a multiview attention module that considers
irregular and weak defects in industrial data. Specifically,
three parallel feature extractions are designed to enhance the
focus on defects of different sizes through different receptive
fields, which can capture the details of defects from multi-
ple perspectives to obtain the key features of weak defects
more comprehensively. Deformable convolution enhances the
network’s ability to recognize irregularly shaped defects and
unknown defects. Besides, DWCNet in Section II-B is added
to filter the noise and assist network training. The specific
attention structure is shown in Fig. 4, and the specific steps
are as follows.

1) First, three different deformable convolutions [18] are
used to extract the features of the feature maps, where
the kernel sizes of the deformable convolution are 1, 3,
and 5. The use of deformable convolution can improve
the network’s ability to detect deformable defects,
and different convolution kernel sizes provide different
receptive fields.

Fig. 4. Architecture of multiview attention module.

Fig. 5. Architecture of attention modules A and B.

Fig. 6. Architecture of attention module C.

2) Second, three attention modules A, B, and C are
designed to enhance the features in 1) and obtain new
feature maps N1, N2, and N3. The specific structures are
shown in Figs. 5 and 6.
The architectures of A, B, and C are designed by
referring to squeeze-and-excitation (SE) networks [19].
SE network can transform the feature map into a feature
vector through multiple linear layers. Different from
SE network, in this work, the feature maps are con-
volved to obtain new feature maps, and the information
is compressed through multiple multilayer perceptron
(MMLP). Therefore, compared with SE Network, resid-
ual structure and multiview are proposed to improve
the stability and feature diversity of the network. The
specific equation of attention modules A and B is as
follows:

xci = W1×1 ⊗ Mi + b
x i

f = Sigmoid(g(σ
(
g
(
P
(
xc
)
, w
))
, w))

Ni = Mi + g
(
cat
(
x1

f , x2
f

)
, w
)
⊗ xci

(5)

where Mi represents the feature map of the input,
P represents global pooling, the specific equation
is (1/(H × W ))

∑H
i=1
∑W

j=1 xc(i, j), g(·) represents a
fully connected network, and w is the weight of g(·).
σ(·) represents a activation function and Ni represents
the output features.
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In module C, the feature maps are compressed into
feature vectors through two different global pooling
methods as well as the MMLP, and the results are finally
stacked. The specific equation of attention module C is
as follows:

xc3 = W1×1 ⊗ M3 + b
x i

f = Sigmoid(g(σ (g(P(xc), w)),w))

N3 = Mi + g
(
cat
(
x1

f , x2
f , x3

f , x4
f

)
, w
)
⊗ xc3.

(6)

3) Feature maps N1 and N2 are reshaped into RB×C×H W ,
RB×H W×C and then multiplied. The results are passed
through the softmax layer and multiplied by N3. The
attention networks of the feature extraction module and
feature fusion module are designed differently. In the
feature extraction module, DWCNet is added to filter the
noise of the image and downsample the image. In the
feature fusion module, DWCNet is removed to ensure
that the sizes of feature maps are consistent. The specific
equation for the above steps is shown as follows:

L =
e(N1⊗N2)i∑C
j=1 e(N1⊗N2) j

⊗ N3

K =
L − µl√
(ηl)

2
+ ε

(7)

where L is the feature map after multiplying N1, N2,
and N3, µ is the shift parameter, and η is the scaling
parameter.

D. Dynamic Feedback Module

In order to further enhance the feature information extracted
by the feature extraction module and improve the detection
accuracy of weak defects, a dynamic feedback module is
designed. Previously, there are methods aiming to enhance
the feature information extracted by the feature extraction
module, such as YolTrack [20]. However, these methods do
not highlight the extracted features and provide feedback to
the feature extraction module. In other words, they only fuse
features and only marginally improved model performance.
Different from the above methods, the dynamic feedback
module can dynamically connect feature maps at different
levels and enhance features using the attention network of
Section II-C. In addition, these features can be fed back to the
feature extraction module, resulting in further enhancements.
The design steps are as follows.

1) As shown in the feature fusion module of Fig. 2, the
extracted features are fused as follows:

yi = U (xi+1)+ (W1×1 ⊗ xi + b) (8)

where U (·) represents upsampling, specifically linear
interpolation, xi represents the feature map of the i th
level.

2) The fused feature yi is dynamically connected. Here
we take the feature map y1 as an example to better
illustrate the process of a dynamic connection. In the
feature fusion process of y1, the feature maps y5 and

Fig. 7. Architecture of feature weight module.

y4 need to be dynamically fused first, and the specific
fusion structure is shown in Fig. 7.
The feature map y4 generates weight λ through con-
volution operation, which can be used in the dynamic
connection between y4 and y5. The specific equation is{

λ = W1×1 ⊗ y4 + b
z4 = U (y5) · (1 − λ)+ y4 · λ.

(9)

Therefore, a new feature map z4 can be obtained. Similar
to the above operation, z4 can be dynamically added with
y3 to obtain z3, and finally, z1 is obtained.

3) Through the multiview attention module of (Section II-
C), the fused features zi enhance important features of
defects and suppress irrelevant details. Therefore, the
network can extract clear and richer feature information.

4) The enhanced features are input to the feature extrac-
tion module to obtain feedback features mi . The fused
features zi and the feedback features mi are added
according to the weights to obtain the final features vi ,
which can be input into the head network to generate
anchors for regression. The specific equation is{

ξ = W1×1 ⊗ zi + b
vi = zi · ξ + mi · (1 − ξ).

(10)

The details of the proposed method are shown in Algorithm
1.

III. EXPERIMENTAL RESULTS AND ANALYSIS

A. Dataset

We employ five datasets to evaluate our method, namely
NEU-DET [21], GC10-DET [22], MFL dataset, MFL noise
data, and VOC dataset.

1) GC10-DET: GC10-DET is a dataset of surface
defects collected in real industry. The dataset includes
3570 grayscale images with ten types of defects, includ-
ing crescent gap, welding line, water spot, silk spot,
inclusion, oil spot, crease, punching, waist folding, and
rolled pit. Examples of defect images are shown in
Fig. 8.

2) NEU-DET: NEU-DET is the Northeastern University
(NEU) surface defect dataset. The collected defects are
on the surface of the hot-rolled steel strip. There are
six types of defects in NEU-DET, including inclusion,
crazing, patches, pitted surface, scratches, and rolled-in
scale. The dataset includes 1800 gray-scale images, i.e.,
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Algorithm 1 The Algorithm Flow of DWWA-Net
Input: The input images G, Feature extraction network Fi ,

global pooling P , detection module T , regression loss Lr ,
classification loss Lc, ground truth gi

Output: The trained model of DWWA-Net
1: for each G i in G do
2: D = Fb(G i ) · Fa(G i )+ (1 − Fb(G i )) · Fc(G i )

3: xi = ⊙i=1...4 F L i
i
(D⟨Hi ,Wi ,Ci ⟩)

4: xc1 = (W1×1 ⊗ M1 + b), xc2 = (W3×3 ⊗ M2 + b),
xc3 = (W5×5 ⊗ M3 + b)

5: for n in range(2) do
6: x i

f = Sigmoid(g(σ (g(P(xc), w)),w))

7: Ni = Mi + g(cat (x1
f , x2

f ), w)⊗ xc

8: end for
9: N3 = Mi + g(cat (x1

f , x2
f , x3

f , x4
f ), w)⊗ xc

10: L =
e(N1⊗N2)i∑C

j=1 e(N1⊗N2) j
⊗ N3

11: K =
L−µl

√
(ηl )

2
+ε

12: x5 = Fb(K ) · Fa(K )+ (1 − Fb(K )) · Fc(K )
13: yi = U (xi+1)+ (W1×1 ⊗ xi + b)
14: λ = W1×1 ⊗ yi + b, zi = U (yi+1) · λ + yi · (1 − λ)
15: ξ = W1×1 ⊗ zi + b, vi = zi · ξ + mi · (1 − ξ)

16: (pr
i
, pc

i ) = T (v1, . . . , vi )

17: Loss = Lr (pr
i
, gr

i )+ Lc(pc
i
, gc

i )

18: argmin Loss with SGD;
19: end for
20: return the model of trained DWWA-Net

Fig. 8. Examples of defect images in GC10-DET. (a) Silk spot. (b) Inclusion.
(c) Waist folding.

Fig. 9. Examples of defect images in NEU-DET. (a) Crazing. (b) Inclusion.
(c) Rolled in scale.

300 samples in each class of surface defects, which is
shown in Fig. 9.

3) MFL Dataset: The MFL data is from the pipeline
loop platform, which includes both artificial and natural
corrosion defects. We divide MFL data into two types:
1) conventional MFL data and 2) MFL data under
strong background noise. The MFL data under strong
background noise is generated by adding Gaussian noise.
The training data is from a 12-in diameter pipeline. The

Fig. 10. Display of MFL defects at different PSNRs. (a) PSNR10 dB.
(b) PSNR15 dB. (c) PSNR20 dB. (d) PSNR25 dB. (e) PSNR30 dB.
(f) PSNR35 dB.

Fig. 11. Pipeline loop test platform.

length of the pipelines is 100 m, along with 12.7 mm
of wall thickness. The number of test data is from a
16-in diameter pipeline. The length of the pipelines is
200 m, along with 12.7 mm of wall thickness. The
number of defects is 200. Different peak signal-to-noise
ratios (PSNRs) are used to represent the magnitude of
the noise. The PSNR is defined as follows:

MSE =
1

H × W

H∑
i=1

W∑
j=1

[I (i, j)− K (i, j)]2 (11)

PSNR = 10log10

(
MAX2

I

MSE

)
(12)

where I (i, j) represents the pixel value in i row and j
column of the original image, and K (i, j) represents the
pixel value in i row and j column of the noise image.
H and W represent the height and width of the image,
MAX2

I represents the maximum value of the image
pixel. According to the above equations, the PSNR value
of dataset (3) is 35 dB, five levels of Gaussian white
noise are added to the original signals, and the PSNR of
the signals after adding noise is set as 30, 25, 20, 15, and
10 dB, respectively, as shown in Fig. 10. The pipeline
loop test platforms and pipeline defects are shown in
Figs. 11 and 12.

4) VOC Dataset: Besides the defect dataset mentioned
above, the VOC dataset is also used to evaluate the
effectiveness of our method. This dataset consists of
about 5k trainval images and 5k test images over
20 object categories. In this article, other state-of-the-
art object detection algorithms are used to compare with
our method.
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Fig. 12. Picture of pipeline defects. (a) Artificial defects. (b) and (c) Natural
corrosion defects.

B. Experimental Setup

1) Implementation Details: The DWWA-Net hyperparam-
eter settings are as follows. The optimizer is the stochastic
gradient descent (SGD) algorithm. The optimizer momentum
is 0.9. The initial learning rate is 0.005, where its optimization
method is MultiStepLR. The size of the network input is
resized to 1333 × 888. The batch size is 4. The hardware envi-
ronment of the experimental platform: 2 AMD EPYC 7601
2.7 GHz 32-core processors, 1 GeForce RTX 3090 graphics
card, 128 GB RAM, LINUX64 Ubuntu18.04 software envi-
ronment, and the PyTorch framework.

2) Comparison Methods: The 11 following methods are
compared. 1) Adaptive faster R-CNN [23], which intelligently
selects the ideal preset anchors from 3-D printed lattice struc-
tures. 2) TOL-Framework [24], which cascades a regression
module inside the basic framework and adds an external
postprocess network. 3) YOLO-MF [25], which accelerates
the algorithm and median flow (MF) algorithm to count the
number of cracks. 4) YOLOF [26], which proposes dilated
encoder and uniform matching. 5) Dynamic R-CNN [27],
which adjusts the label assignment criteria and the shape of the
regression loss function adaptively. 6) Multiscale-SSD [28],
which implements a dilated convolution and attention residual
module. 7) DCC-CenterNet [29], which proposes a steel
surface defect detector to achieve the best speed-accuracy
tradeoff. 8) DDN [21], which proposes a multilevel feature
fusion network combines that combines multiple hierarchical
features into a single feature. 9) YOLO V7 [30], which
focuses on proposing a lightweight and accurate detection
framework. 10) ResNeSt [31], which introduces a multibranch
architecture that leverages channelized attention in different
network branches. 11) ConvNet [32], which modernizes a
standard ResNet toward the design of a vision transformer.

C. Evaluation Metric

We evaluate the performance of the proposed method by the
precision and the recall rate. The precision reflects the accu-
racy of defect detection, and the recall reflects the detection
rate of defects. The high recall rate and precision reflect good
detection performance. The equations are

Pr ecision =
TP

TP+FP
· 100% (13)

Recall =
TP

TP+FN
· 100% (14)

mAP =
1
n

×

n∑
i=1

Pi (15)

F-score = (1 + β2) ·
Precision · Recall

β2 · Precision + Recall
(16)

where true positive (TP) accounts for correctly classified
defects and false negative (FN) accounts for missed classi-
fications. True negative (TN) accounts for correctly classified
nondefects and false positive (FP) accounts for false classifi-
cations. S is the number of all samples and β is utilized to
measure the importance of accuracy and recall rate. For defect
detection, the recall rate is more important, and thus β is set
to 2 in this article.

D. Analysis of Results

1) GC10-DET: Table I shows the comparison results of
defect detection. With the backbone ResNet 50, the mAP
of DWDA-Net is 6.0% higher than the highest detection
algorithm above (YOLO V7). Specifically, when the defect
features are obvious, such as punching and crescent gap, the
detection performance of each method is excellent. How-
ever, when the defects are small or the features are not
obvious, such as silk spot and inclusion, it is difficult for
other detection methods to effectively identify such defects.
By contrast, the attention network and dynamic feedback
network of DWWA-Net can better focus on potential tar-
gets, thereby improving the detection success rates of such
defects. In addition, the mAP of small defects is also used to
evaluate the performance of DWDA-Net. Compared with the
above-mentioned method with the highest accuracy (YOLO
V7), DWWA-Net further improves the mAP by 9.6%, which
proves the effectiveness of the method in this article. Finally,
it can be seen from Table I that DWWA-Net has great detection
rates on various types of defects, which can meet the actual
industrial requirements.

2) NEU-DET: Table II shows the results of defect detection
experiments. As Table II shows, DWDA-Net can also achieve
excellent detection results in the NEU dataset. Specifically,
DWDA-Net can improve mAP by 4.3% compared to the
detection algorithm with the highest accuracy (YOLO V7).
In particular, DWWA-Net has a more significant detection
effect on weak defects (crazing and rolled in scale) of the
NEU-DET. This is because weak defects have subtle features,
which makes it difficult to achieve effective detection. How-
ever, the multiview attention module and dynamic feedback
module strengthen the feature expression of weak defects,
thus guaranteeing the detection accuracy of weak defects.
Finally, when the defect target is small, DWWA-Net can
improve the mAP by 14% compared with the method with the
highest accuracy (YOLOF) mentioned above, which verifies
that DWWA-Net can successfully detect weak defects.

3) MFL Data: As Table III shows, MFL data are used
to evaluate the effectiveness of DWWA-Net. Compared with
other detection algorithms, DWWA-Net achieves an average
improvement of 6.4% and 3.9% in detection precision and
recall. Besides, the F2 score is introduced to verify the
effectiveness of this method. mAF2 has been improved by an
average of 7.5%, providing better performance of DWWA-Net.

As Fig. 13 shows, when the collected MFL data contains
noise, the detection accuracy of different detection methods
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TABLE I
DEFECT DETECTION RESULTS ON GC10-DET DATA

TABLE II
DEFECT DETECTION RESULTS ON NEU-DET DATA

TABLE III
DEFECT DETECTION RESULTS ON MFL DATA

will decrease. However, compared with other detection meth-
ods, DWWA-Net still has great detection results. In particular,
at a PSNR of 10 dB, DWWA-Net can improve mAP by
10.1% compared to the method with the highest detection
accuracy (Multiscale-SSD). At a PSNR of 35 dB, DWWA-
Net can improve mAP by 6.8% compared to the method
with the highest detection accuracy (YOLO V7). Through the
comparison, it can be found that DWWA-Net has a better
performance with noise and can detect defects in low image
quality.

4) VOC Dataset: To verify the effectiveness of DWWA-Net
on the object detection dataset, the VOC dataset is used.
During training, random flips are used to augment the data.
As can be seen from Table IV, compared with the above
detection algorithm with the best detection effect (MFFAMM),

Fig. 13. mAP values of defects under different PSNRs.

DWWA-Net can still improve mAP by 2.3%, indicating the
effectiveness of our method.

E. Ablation Study

1) Analysis of Each Module of the DWWA-Net: First,
we use the MFL data at 10PSNR to evaluate the performance
of each part of our method. As shown in Table V, DWCNet,
feedback network, and attention can improve the detection
effect of defects, and the proposed attention network has a
crucial impact on the performance of the network. This is
because in the MFL data, the proportion of small targets is
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TABLE IV
DEFECT DETECTION RESULTS ON VOC DATASET

TABLE V
PERFORMANCE OF OUR METHOD UNDER DIFFERENT SETTINGS

TABLE VI
PERFORMANCE OF OUR METHOD UNDER DIFFERENT SETTINGS

Fig. 14. Experimental comparison of convergence in the method. (a) Loss
values obtained by training under MFL noisy data. (b) mAP values obtained
by training under MFL noisy data.

large, and the attention network can have a better recognition
effect for these potential targets.

Second, we conduct ablation experiments to analyze the
denoising ability of the wavelet neural network and the pool-
ing. The specific results are shown in Table VI.

As can be seen from Table VI, the wavelet neural network
can filter the noise in the signal and retain the key features
of weak defects, to improve the precision and recall rate of
defect detection.

2) Convergence Analysis of the Model: To verify that
DWCNet can effectively improve the convergence of the
model, we conducted a comparison test of mAP and loss
values, and the specific experimental results are shown in
Fig. 14.

As shown in Fig. 14, the loss value of DWCNet can be lower
and the initial mAP value can be higher when the network is

Fig. 15. Downsampling visualization. (a) Original image, whose PSNR value
is 18.1 dB. (b) Image after wavelet neural network, whose PSNR value is
20.6 dB. (c) Maximum pooling whose PSNR value is 19.5 dB.

Fig. 16. Attention visualization results. (a) Attention result map of this
article. (b) Attention result map without the multiview attention module.

first trained. In addition, the loss value of DWCNet decreases
rapidly and the mAP value increases sharply during the first
few epochs of training, which proves that choosing the appro-
priate wavelet basis function can improve the convergence of
the model. Finally, DWCNet can have a higher upper limit
at the end of network training. Based on the above analysis,
the method designed in this article can effectively improve the
convergence of the model.

3) Visualization Analysis: We visualized the downsampling
operation on the image. As shown in Fig. 15, the wavelet
neural network filters noise more effectively.

In addition, we perform a visual analysis of the attention
designed in this article, shown in Fig. 16. The attention
used in this article effectively directs the network’s attention
toward the underlying target information and improves the
detectability of signals under complex backgrounds.

IV. CONCLUSION

This article proposes a DWWA-Net, which can solve the
problem of the poor defect detection rate caused by the com-
plexity of defects in the real world. There are three phases in
this method: 1) wavelet neural network with dynamic weights;
2) multiview attention module; and 3) feedback module. In the
first phase, the influence of background noise is reduced and
the convergence of the network is enhanced. In the second
phase, the network is designed to pay attention to the target
signals and improves the detection rates. In the last phase,
a dynamic feedback network is designed to improve the feature
extraction capability.

Multiple real-world datasets are used to comprehensively
evaluate the performance proposed method. Based on the eval-
uation results, we have shown that DWWA-Net can achieve
significantly improved detection results when compared with
other methods. Our comprehensive evaluation demonstrates
that the proposed method is effective and well-suited for use
in various industrial applications. In the future, we plan to
address the following issues.

1) Although the proposed method achieves excellent per-
formance on several industrial datasets, it still requires
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a certain amount of sample data. In some cases, the
insufficient number of samples can make it difficult to
ensure satisfactory detection accuracy. Hence, we hope
to overcome the high dependence on manual marker
annotation to achieve high-accuracy defect detection
with few samples.

2) In the training of the DWWA-Net network, the process
of hyperparameter tuning is time-consuming. Therefore,
efficient hyperparameter tuning methods should be con-
sidered [42].

3) The collected data may be incomplete due to sensor
anomalies in industrial processes. In future research,
we hope to draw on latent cause analysis methods [43],
[44] to effectively extract knowledge from incomplete
data for defect detection.
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