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Abstract: Aiming at the problem of insufficient feature extraction of magnetic leakage signals by traditional neural networks,
this paper proposes an attention depth convolutional neural network model (ECA-VGG16), which adds an attention mechanism
combined with convolutional neural network on the basis of deep convolutional neural network VGG16, so that the neural
network can focus on the key information of the input data, further improve the ability of the grid to extract image data features,

and realize the accurate expression of defect features.

1. Introduction

Oil and gas is a very important national energy, pipelines
in oil and gas transportation has the advantages of long
transportation distance, high efficiency, low cost and safety
and reliability, and transportation pipelines are often
underground, after a period of use, the pipeline will appear
deformation and defects, easy to cause leakage accidents[1].
In response to these problems, the pipe must be inspected and
the specific size of the defect must be predicted. At present,
the detection of oil and gas pipeline defects mainly adopts
magnetic leakage detection technology. The identification of
pipeline defect size mainly relies on manual interpretation,
because the staff diagnoses the defect by observing the
collected pipeline leakage signal. The method of manual
interpretation has certain limitations, and the subjective
consciousness is too strong[2]. With the deepening of the
research of pipeline magnetic leakage detection technology,
image recognition technology based on deep learning has
gradually matured in the field of oil and gas pipeline defect
recognition. In this paper, a recursive graph method is
proposed to convert the one-dimensional magnetic leakage
signal into a two-dimensional image, and then use the Laplace
pyramid to regression prediction of the image to improve the
prediction accuracy of pipeline defect size.

2. Finite Element Analysis of Magnetic
Flux Leakage Detection Technology
for Pipeline Defects

2.1. Formation of leakage magnetic field for
pipe defects

The pipeline defect flux leakage detection device is
composed of an excitation source, a pipeline to be measured
and a sensor, and its working principle is shown in Figure 1.
The specific detection process is: the excitation source first
locally magnetizes the pipe wall to a saturated state[3]. If
there is no defect on the surface of the pipe to be measured,
the magnetic induction lines in the pipe are confined inside
the pipe wall, as shown in Figure 1 (a). If the test pipeline has
a defect, the magnetic permeability of the air at the defect is
smaller than that of the pipeline, and the magnetic induction
line at the defect will be refracted upwards at the defect, and
then form the leakage magnetic field of the defect, as shown
in Figure 1 (b).
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Figure 1. Working principle of pipeline defect
magnetic leakage detector

2.2. Establishment of the ANSYS Maxwell
finite element model of the leakage
magnetic field of pipeline defects

The finite element model of ANSYS Maxwell constructs
magnetic flux leakage detection for pipeline defects, as shown
in Figure 2, and the designed model consists of iron cores,
energized coils, defective pipes, etc. ANSYS Maxwell was
used to build a 3D pipeline defect leakage detection model to
capture the axial and radial components of the flux leakage
signal.
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Figure 2. ANSYS model diagram of magnetic leakage
detection for pipeline defects

According to the design of the magnetic flux leakage
simulation model, the magnetic flux leakage signal can be
divided into two types: radial component and axial
component. As shown in Figure 3, the radial magnetic leakage
component and axial magnetic leakage component with a
depth of 3mm, a length of 4mm and a width of 1~9mm are
depicted. It can be seen from the figure that the radial leakage
curve has a distinct peak signal and a distinct valley signal[4].
The axial flux leakage curve has two distinct peak signals and



two valley signals, and a local valley signal between the two
peaks. It can be seen from the figure that when the depth and
length of the defect remain unchanged, the larger the width of
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the defect, the larger the spacing between positive and
negative extremums, and the larger the peak spacing and
valley spacing.
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Figure 3. Field leakage curve of defect width change

As shown in Figure 4, the radial leakage component and
axial leakage component with a depth of 4mm, a width of
4mm, and a depth of 1~9mm are depicted. It can be seen from
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the figure that when the length and width of the defect remain
unchanged, the deeper the defect depth, the larger the signal
peak.
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Figure 4. Field leakage curve of defect depth change

2.3. ECA-VGG16 neural network structure
research

VGG16 neural network structure
The deep learning network model designed for intelligent
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diagnosis of pipeline magnetic flux leakage detection defects
is based on VGG16 and composed of Laplace pyramid[5].
The overall structure of the improved VGG16 is shown in
Figure 5.
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Figure 5. Overall structure diagram of VGG16

VGG16 is a convolutional neural network model proposed
by Simonyan and Zisserman in the Visual Geometry Group
group, which is exclusive to the convolutional layer in the
VGG16 network13 layers, the remaining 3 layers are fully
connected layers, the model according to the convolution
kernel size and the number of convolutional layers, VGG can
be divided into 6 seed models, respectivelyA, A-LRN, B, C,
D, E, the models we often see and use are basicallyD and E
models. The image with the original input size of the network
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is 2 24*224 first through two times of 64 convolution kernels
of the same size for convolution operation, and one pooling
operation. The resulting feature map is 1/2 of the original map;
After two convolution operations of 1 28 sizes and one
pooling operation, the feature map obtained is 1/4 of the
original figure; After three times of 256 convolution
operations of the same size, and one pooling operation, the
obtained feature map is 1/8 of the original; After three more
512 convolution operations of the same size and one pooling



operation, the feature map obtained is 1/32 of the original;
Finally, after three fully connected layer operations, the
obtained results are predicted by the Soft-Max prediction
layer[6]. The block diagram is shown in Figure 6.
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Figure 6. Block diagram of VGG16 system

2.3.1. Convolutional layers

The convolutional layer of VGG16 is the core part of the
network and is responsible for extracting the features of the
input image. VGG16 has a total of 13 convolutional layers,
each of which uses a 3x3 convolution kernel for feature
extraction and a nonlinear transformation using the ReLU
activation function.

The feature map output by the final convolutional layer will
be classified as input to the fully connected layer[7]. By
stacking small-sized convolutional kernels and pooling layers
multiple times, VGG16 can effectively increase the depth of
the network and improve the accuracy of image recognition.

2.3.2. Pooling layer

The pooling layer in VGG16 uses a 2x2 sliding window by
using the maximum value within the window as the pooled
value. Doing so reduces the size of the feature map while
keeping the spatial position of the feature unchanged. The
pooling operation can effectively reduce the dimension of the
feature map and extract more abstract and important features.
The pooling layer in VGG16 is usually immediately followed
by the convolutional layer and is used to gradually reduce the
size of the feature map[8]. This design allows the network to
learn more abstract and complex features at a higher level,
thereby improving the performance of the network[9]. The
role of pooling layers is to reduce the computational
complexity of subsequent layers by reducing the size of the
feature map, and it helps to extract more robust features.

In VGG16, each pooling layer uses a 2x2 pooling window
in steps of 2, so that the size of the pooled feature map is
reduced by half. At the same time, the Max Pooling operation
is used to retain the maximum value in each pooling window
to ensure that important characteristic information is retained.
By stacking convolutional layers and pooling layers multiple
times, the VGG16 network can gradually reduce the size of
the feature map and extract higher-level abstract features at
the same time, so that the network has better receptive fields
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and stronger expression ability. This structural design enables
VGG16 to achieve good performance in computer vision
tasks such as image classification.

2.3.3. Normalization

Instead of an explicit normalization layer, the VGG16
model uses a local response normalization method called
"Local Response Normalization" (LRN). In the design of
VGG16, LRN operations are used to enhance the
generalization ability and adversarial performance of the
model. Specifically, the LRN operation is applied after the
convolutional layer, which normalizes the output of each
convolution kernel[10]. The purpose of LRN manipulation
is to enhance local response patterns and inhibit neurons with
larger responses, thereby improving the robustness of the
model. The LRN operation is calculated as follows:

b(i,j, k) =a(i,j,k)/(k+ax* Z(a(i',j', k)?))
Among them, is the b(i,j, k) normalized output, is the
a(i, j, k)original value of the convolutional layer output, is a
hyperparameter for controlling the k bias term, is a
hyperparameter for controlling the degree of anormalization,

i~ j. krespectively represents the position coordinates of the
feature map[11]. It is important to note that LRN operations
are less used in modern deep learning models. Compared to
LRN, batch normalization has become a more common and
effective normalization method. In subsequent network
architectures, such as ResNet and Inception, Batch
Normalization is often used for normalization.

2.3.4. Fully connected layer

The last three layers of the VGG16 model are fully
connected layers, which are used to transform the feature map
extracted by the convolutional layer into the final
classification result. In VGG16, the fully connected layer is
composed of two hidden layers with 4096 neurons and an
output layer with 1000 neurons[12]. These fully connected
layers receive flattened features from the convolutional layer
as input, perform linear transformations and nonlinear
activation, and finally output a 1000-dimensional vector
representing probability distributions of different classes. The
function of the fully connected layer is to map the high-level
feature map extracted by the convolutional layer onto the
classification label. Through the nonlinear transformation of
multiple hidden layers, the fully connected layer can learn
more abstract and complex feature representations, thereby
improving the classification accuracy[13]. It should be noted
that the final fully connected layer of the VGG16 model
outputs the probability of 1000 classes, which is suitable for
classification tasks on the ImageNet dataset. If you want to
classify on other datasets, you need to adjust accordingly. The
obtained results are dimensionally predicted using thesoft-
max prediction layer.

3. Attention Mechanism

The attention mechanism refers to reading data, focusing
only on important data and ignoring unimportant data. In the
field of image recognition, if the key data is confused with the
non-key data in the process of image feature extraction, it will
increase the workload, lead to waste of resources, and also
affect the experimental effect of the model. Therefore, it was
chosen to improve the neural network by introducing a
channel attention mechanism to guide the optimization
settings of the network[14]. Aiming at the goal of attention
weight attention, this paper uses four attention mechanisms



and integrates them into the VGG16 neural network, and then activates them separately through activation

finally selects the attention mechanism with the best functions[15]. Next, the softmax function is used to convert
prediction effect of pipe defect size as the final neural network the two transformed vectors into attention weight
mechanism through ablation experiment comparison. distributions. Finally, the input features are multiplied and

added to the attention weights to obtain the weighted feature

3.1. SE attention mechanism representation. The SE attention module adaptively selects

The SE attention module is a commonly used channel different features for weighting, thereby improving the
attention mechanism for weighting input in natural language expressive ability of the model when processing the input
processing tasks. SE stands for "Selective Interpolation" and sequence. The advantage of the S E attention module is that it
this module does this by learning two different distribution of does not change the dimensions of input and output, and can
attention weights. Specifically, the SE attention module be easily combined with other networks. The algorithm flow
performs two linear transformations of the input features and diagram of the S E module is shown in Figure 7
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Figure 7. Flow chart of SE attention mechanism

transformation parameters, which describe the geometric
transformations required to map the input data to the output
space. The grid builder uses these parameters to generate a
sampling grid that defines how the input data is sampled.
Finally, the sampler samples the input data using a sampling
mesh to produce a geometrically transformed output[17]. By
introducing the STN module, the neural network can
automatically learn how to perform  geometric
transformations on the input data, thereby improving the
robustness and generalization ability of the network to the
input data. STN modules are widely used in many computer
vision tasks, such as image classification, object detection,
and image generation. The flowchart of the attention
mechanism of TN is shown in Figure 8

3.2. STN attention mechanism

STN (Spatial Transformer Network) is a spatial attention
module used to learn to perform geometric transformations on
input data in neural networks. It can rotate, translate, scale and
other operations on the input data through the learned
transformation parameters, so that the network can better
adapt to the input of different scales, angles, and positions.
STN modules can be embedded anywhere in a deep learning
network and are often used to improve the transformation
invariance of the network's input data. It consists of three
main components: a localization network, a grid generator,
and a sampler) [16]. The localized coordinate regression
network is responsible for learning from the input data the

Figure 8. Flow chart of STN attention mechanism

3.3. CBAM attention mechanism channel contributions, resulting in a more representative
- . , . feature. The spatial attention module adaptively weights the
CBAM (Convolutional Block Attention Module) is a

- X ) we) spatial dimension of the feature map by learning the
hybrid attention mechanism commonly used in image importance weight of each spatial location. This directs the
recognition tasks. It aims to improve the feature

network to focus on different areas in the image, allowing it
representation cgpabilities of convolutional neural .networks to better understand the spatial structure of the target object
(CNNs), allowing  them to better capture important or scene[17]. By combining channel attention and spatial
information in images. The CBAM module consists of two attention, the CBAM module is able to capture important
sub-mpdules: the Channel Attention Module and the Spatial information in images more comprehensively and improve
Attention Module). The Channel Attention module adaptively e performance of convolutional neural networks in various
weighted averages the channel dimensions by learning the image recognition tasks. The flowchart of the attention
importance weights of each channel. This allows the network mechanism of CBAM is shown in Figure 9
to focus on the most relevant features based on different
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Figure 9. Flow chart of CBAM attention mechanism

3.4. ECA attention mechanism

The ECA attention mechanism is an attention mechanism
based on convolutional neural networks, which is used in
image recognition tasks. ECA stands for "efficient channel
attention," which improves the performance of feature
representation by modeling associations between different
channels. Traditional self-attention mechanisms, such as
SENet and CBAM, typically compute attention weights based
on spatial dimensions, while ECA attention mechanisms
focus on channel dimensions. It models dependencies
between individual channels by introducing one-dimensional
convolution operations[ 18]. By introducing the ECA attention
mechanism, the performance of convolutional neural
networks in tasks such as image classification and object
detection can be improved, and it has the advantages of high
computational efficiency and low number of parameters[19].
The flowchart of the attention mechanism of CBAM is shown
in Figure 10

Figure 10. Flow chart of ECA attention mechanism

In this paper, the VGG16 network structure was used as the
main stem to perform ablation experiments on four attention
mechanisms[20]. While extracting deep-level features, the V
GG16 network accesses different attention modules in each
convolutional layer, so as to compare which module has the
best performance for the network. Based on different attention
mechanisms, four attention mechanisms are designed for
comparison, namely the V GG16 network (S E-VGG16)
combined with the channel attention mechanism, and the
VGG16 network combined with the spatial attention
mechanism ( STN-VGG16), V GG16 network combined with
mixed attention mechanism (CBAM-VGGI16), attention
mechanism combined with convolutional neural network
( ECA-VGG16).

Experimental environment introduction: Windows10 64-
bit operating device, ANSYS Maxwell 2021 R2, python 10.0;

Hardware: Intel(R) Core(TM) i7-7700HQ CPU @
2.80GHz, 8GB of running memory.

The model performance evaluation is shown in Table 2-1,
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where "V" indicates that the module is added for the VGG16
network, and no "V" indicates that the module is not added.

Table 1. Attention modules were added one by one for
ablation analysis experiments

Grid SE STN CBAM It'sLIKE Accuracy

name
IN GG16 90.33%

SE- v 94.67%

VGG16

STN- \ 93.72%
VGG16
CBAM- v 96.44%
VGG16

ECA- N 98.93%
VGG16

Note: The text in bold in the table represents the optimal
network

As shown in the table, the ECA-vgg 6 network has the
highest accuracy in this paper, with the same accuracy as V
GGl6, S E-VGG16, S TN-VGG16, C BAM-VGGI6
Compared with other networks, the E CA-VGG16 neural
network model combined with the attention mechanism of
convolutional neural networks proposed in this paper is better.

In this paper, an attention mechanism combining
convolutional neural networks is proposed to improve the
VGG16 neural network to obtain the ECA-VGG16 neural
network. The basic components of the ECA-VGG16 neural
network introduced in this paper introduce the convolutional
layer, pooling layer, normalization, fully connected layer,
activation function and loss function. The basic components
of the attention mechanism are briefly described, and the
structure and operation process of the four attention
mechanisms are introduced from four aspects: channel
attention mechanism, spatial attention mechanism, mixed
attention mechanism, and attention mechanism combined
with convolutional neural network. Combined with the
concentration mechanism, the V GG16 neural network was
optimized, and the S E-VGG16 network, S TN-VGG16
network, C BAM-VGG16 network and ECA-VGG16 were
formed network, then perform ablation experiments on the
pipe flux leakage data. The results show that compared with
V GGl6, S E-VGG16, S TN-VGG16, CBAM-VGGI16 and
other networks, the proposed E is proposed to add the
attention mechanism combined with convolutional neural
networksThe accuracy of the CA-VGG16 neural network
model is higher than that of other networks. ECA-VGG16 has
the most obvious performance improvement, and the
accuracy of pipe defect size prediction is higher.



4. Concluding Remarks

Aiming at the low efficiency of manual determination of
pipeline defects and the low accuracy of shallow network
prediction of pipeline defect size, an E CA-VGG16 neural
network model combined with the attention mechanism of
convolutional neural network is proposed. Compared with
traditional convolutional neural networks, the ECA-VGG16
method has more accurate pipeline defect prediction ability
and training efficiency, and its accuracy rate can reach
98.93%. The results show that the proposed method proposes
a better idea and method for predicting the defects of
magnetic flux leakage detection in oil and gas pipelines.
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