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Abstract: To address difficulties in the early detection of small gas pipeline leaks, a method is
proposed for the image recognition of micropores inside small gas pipelines. First, we design a
feature fusion network (Neck) for a small gas pipeline internal micropores identification network
model, introducing BiFPN (bi-directional feature pyramid network) into the Neck, and enhancing
the micropores feature fusion capability of the network model using cross-scale feature information
fusion. Second, we design a classification prediction network (Head) for a small gas pipeline
internal micropores identification network model, constructing a small target detection layer in the
classification prediction network, and improving the microporosity detection rate of the network
model by improving the detection capability for small leakages. Then, micropore datasets are fed
into the network model separately to train the model. Finally, comparison and ablation experiments
are used to verify the micropore recognition ability of the network model. The experimental results
show that the precision of the image recognition method for micropores inside small gas pipelines is
94.7%, the detection rate is 96.6%, and the average precision is 95.5%, which can better realize the
early detection of leakages in small gas pipelines.

Keywords: image recognition method; micropores; small gas pipelines; you only look once
(YOLOvb5s); BiFPN

1. Introduction

As the important carrier of gas transportation, gas pipelines play a vital role in gas
transmission, such as gas and natural gas, thus bringing many conveniences and economic
benefits to daily life and industrial production. Gas pipelines are mainly buried under-
ground with intricate pipelines [1], and corrosion, holes, and breakage can occur over the
years [2—4], leading to pipeline leaks. Pipeline leakage not only wastes energy and causes
economic loss, but it may also threaten people’s life safety in serious cases [5]. Therefore,
regular maintenance of gas pipelines is necessary. Existing pipeline leakage identification
techniques such as negative pressure wave detection [6], wavelet detection [7], acoustic
emission detection [8], pressure point analysis [9], micro-electromagnetic detection [10],
the infrared sensor method [11], and other methods can only identify the leakage that has
occurred. Early leakages in the inner wall of the pipeline will appear as micropores, the
characteristic precursor to leakage, which will gradually become larger and eventually lead
to the occurrence of pipeline leaks. However, the above methods are unable to identify
these early features of leaks [12-14]. Therefore, to carry out safety warnings, and prevent
the occurrence of large-scale leaks in gas pipelines that lead to economic losses and threats
to people’s lives, this paper proposes an image recognition method for micropores inside
small gas pipelines.

To address the problem related to difficulties in the early detection of small gas pipeline
leaks, a method is proposed for the image recognition for micropores inside small gas
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pipelines. First, we use the head camera of an inspection robot to collect micropore images
inside the small gas pipeline. Then, the number of images is expanded to build a dataset,
and the dataset is labeled with micropores to produce label data. Second, the BiFPN [15] is
introduced into the Neck of the YOLOv5s algorithm to enhance the fusion of different scale
feature information fusion to improve the recognition precision of leaking pores. Finally, a
small target detection layer [16] is constructed in the Head of the YOLOV5s algorithm to
identify micropores of tiny size and improve the detection rate of the network model for
micropores of tiny size. The method in this paper can solve the problem that traditional
methods cannot realize by visualizing early leakage characteristics such as micropores,
avoiding the high economic cost and high manpower investment related to large-area
excavation, and preventing the danger caused by a large leakage in the pipeline to realize
the early safety investigation of pipeline leakage.

2. Dataset Creation
2.1. Image Acquisition

The pipe specification in this paper is DN100. It is a pipe with an outside diameter of
100 mm, and the pipe material is PE. An image of a small gas pipe is shown in Figure 1.

Figure 1. Small gas pipe.

The early leakage characteristics of the pipeline include pore-like structures, strip-like
structures, and irregular shapes. The early leakage characteristics of the pipeline are shown
in Figure 2, where the micropores on the left side in Figure 2a are irregularly shaped, the
micropores on the right side are pore-like structures, the micropores on the upper-left side
in Figure 2b are strip-like structures, the micropores in the middle are irregularly shaped,
and the micropores on the right side are pore-like structures.

In this paper, the camera on the head of an in-pipe inspection robot is used to collect
images of micropores inside small gas pipelines, and the in-pipe inspection robot is shown
in Figure 3. Regarding the original images of micropores inside the pipeline taken using
the in-pipe inspection robot, a total of 198 images were captured, and the original images
were screened to eliminate images with poor image quality, leaving a total of 171 images
with high quality to complete the image acquisition.
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(a) (b)

Figure 2. Early leak characteristics inside small gas pipelines. (a) Irregularly shaped and pore-like
structure microfine pores. (b) Strip-like structure and irregularly shaped pore structure microfine pores.

Figure 3. In-pipe inspection robot.

2.2. Dataset Creation

The problem of datasets with a small number of images is common in the field of
target detection, where a small number of images can lead to overfitting the network model.
Therefore, to prevent the network model from overfitting, the number of images needs to
be expanded.

Image transformation methods are widely used in the field of target detection to
expand the number of images, and in this paper, we use image transformation methods
such as rotation, left-right flip, top-down flip, clipping, scaling, contrast transformation,
color transformation, and brightness transformation [17,18] to expand the number of the
initial 171 images. A comparison images before and after image expansion are shown in
Figure 4.
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Figure 4. Cont.
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Figure 4. Image expansion before and after comparison. (a) Original image. (b) Rotation. (c) Left-
right flip. (d) Top-down flip. (e) Clipping. (f) Scaling. (g) Contrast transformation. (h) Color
transformation. (i) Brightness transformation.

The expanded images and the initial 171 images are used to construct the image
dataset, and the total number of images in the constructed dataset is 1500. That is, the
dataset consists of the 171 initial images and the images that were expanded using the
image expansion method. The data expression for the dataset construction is shown in
Equation (1).

Final(x) = Org(x) — Filt(x) + Aug[Org(x) — Filt(x)] (1)

where x denotes the number of samples, Final(x) denotes the image dataset, Org(x) denotes
the 198 original images acquired, Filt(x) denotes the rejected images, and Aug(x) denotes
the expanded images.

The constructed image dataset is uniformly normalized to the size of 640 x 640,
and the normalized image dataset and its corresponding label data are divided into a
training set and a test set. Among them, the training set is used to train the network model
for micropore recognition inside small gas pipes proposed in this paper, accounting for
80% of the total 1200 images and label data. The test set is used to test the recognition
ability of the trained network model, accounting for 20% of the total 300 images and label
data, to complete the establishment of the dataset. To further understand the diversity
and representativeness of the data, both the training set and the validation set contain
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micropores such as pore-like structures, strip-like structures, irregular shapes, etc., and
each image contains at least one micropore with the minimum size leakage, being pore-like
micropores with a diameter of 1 mm. To prevent the network from overfitting due to too
small of a dataset, the dataset in this paper also underwent a dataset expansion process to
solve the problem.

2.3. Annotation of Data Sets

In this paper, we use the labelimg image annotation tool to annotate the 1500 image
datasets one by one, producing label data corresponding to each image. First, we use a
rectangular labeling box to select the micropores in the image dataset. Second, we name
the selected area, where the target in this paper is only micropores, which are named
micropores. Then, we label all the micropores in an image, and the labelimg image labeling
tool automatically saves them as label data after the labeling is finished. Finally, the
1500 image datasets are labeled one by one to generate the corresponding label data and
create the corresponding label data for the dataset. The results using the lalelimg image
annotation tool to annotate the micropores in the images are shown in Figure 5.
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Figure 5. Micropores labeling results. (a) Image annotation interface. (b) Label Data.

3. Construction of Micropores Identification Network Model
3.1. YOLOubs Algorithm
The target detection algorithm is divided into the one-stage and two-stage algorithms.

The training speed and detection speed of the one-stage algorithm is faster than the two-
stage algorithm, while the two-stage algorithm has higher precision than the one-stage
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algorithm. In this paper, from the perspective of computer arithmetic power and training
time, the YOLOvb5s algorithm, which has a smaller network depth and network width in
YOLOVS5 [19], is selected as the base algorithm for the method developed in this paper.

The YOLOV5s algorithm can be divided into three networks consisting of a feature
extraction network (Backbone), Neck, and Head depending on the role of the network [20].
The structure of the YOLOvV5s algorithm is shown in Figure 6.
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Figure 6. Structure of the YOLOv5s algorithm.

The three networks: Backbone, Neck, and Head consist of many modules such as the
Focus module, CBL module, CSP module, SPP module, Conv2D module, UPSampling2D
module, Down-Sample module, Concat, and Res module. The structure of each module is
shown in Figure 7.

In this paper, based on the existing structure of the YOLOvb5s algorithm, the structure
of the YOLOV5s algorithm is improved for application to the scenario of micropores inside
small gas pipelines to meet the micropore recognition requirements. First, the Backbone
uses the CSPDarknet structure in the YOLOvb5s algorithm to extract micropore feature
information from the micropore images from inside the pipelines in the input network
model. Second, we improve the Neck layer by introducing the BiFPN structure into the
Neck layer, replacing the original feature pyramid network (FPN) + path aggregation net-
work (PAN) structure, and fusing the output micropores feature maps in the Backbone with
cross-scale feature information to improve the precision of micropore identification [21].
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Finally, we improve the Head layer by constructing a new small target detection in the
original Head layer to identify micropores with smaller sizes and improve the micropore
detection rate [22].

CBL = Conv2D + Bat.ch . + LeakyRelu
Normalization
Focus SPPBottleneck
I
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Slice Slice Slice Slice
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No
+ treatment 5 9 13

’ CBL
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Res Uint = CBL | CBL |»| Add —»

!

Figure 7. The structure of each module in the YOLOvV5s algorithm.

3.2. Construction of the Neck Layer

The Neck layer in the YOLOv5s algorithm has the FPN + PAN structure, which uses a
combination of top-down and bottom-up approaches to fuse feature information at different
scales to achieve multi-scale fusion. The FPN + PAN structure is shown in Figure 8.

The FPN + PAN structure is cuambersome, has many parameters, and can only achieve
the fusion of adjacent scale information. To reduce the computation of the network model
and improve the precision of micropore recognition, this paper introduces the BiFPN
structure into the Neck layer of YOLOv5s to replace the FPN + PAN structure of the
YOLOv5s Neck layer. The BiFPN structure uses cross-scale connecting lines, which not only
realize the fusion of adjacent feature information but also realize cross-scale information
fusion, thus realizing the multi-scale information fusion of micropores and improving the
precision of micropore recognition. The BiFPN structure is shown in Figure 9.
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Figure 9. Structure of BiFPN.

The feature extraction network elicits four preliminary feature layers: featl, feat2,

feat3, and feat4 at different scales from different CSPsn (n =1, 2, 3, and 4), respectively, and
inputs them into the BiFPN structure for feature fusion. The fused four enhanced feature
layers are input into the four head classification prediction networks for classification
prediction. The structure of the Neck layer constructed in this paper is shown in Figure 10.
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Figure 10. The structure of the Neck layer built in this paper.

3.3. Construction of the Head Layer

The Head layer of the YOLOv5s network model includes three different detection
heads (YOLO Head), namely, Head 1 (80 x 80), Head 2 (40 x 40), and Head 3 (20 x 20).
The enhanced feature layers P3_out, P4_out, and P5_out output from the Neck layer corre-
spond to the input to Head 1, Head 2, and Head 3 for target classification and prediction,
respectively, to achieve the recognition of small, medium, and large targets in the input
image. The location of the target is selected using a rectangular box to give confidence that
the target belongs to that category. The Head layer structure of the YOLOv5s algorithm is
shown in Figure 11.

P3 out Head 1
| 80x%80

P4 out [ Head 2

Neck 40%40

PS5 out Head 3
| 20x20

Figure 11. Structure of the original Head layer in the YOLOvbs algorithm.
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In this paper, the micropores inside the small- and medium-sized gas pipes have
different sizes. The smallest micropores are pore-like structures with a size of 1 mm in
diameter, and the recognition effect of the YOLOvV5s network model is not ideal for such
tiny targets. In this paper, we construct a small target detection layer in the Head layer of
the YOLOV5s algorithm to realize the recognition of tiny-sized micropores and improve
the detection rate of tiny-sized micropores.

A new micro-target detection head, i.e.,, Head (160 x 160), is added to realize the
recognition of micropores of 1 mm in diameter, and finally, a Head layer with four different
detection heads is constructed, namely, micro-target detection Head 1 (160 x 160), small
target detection Head 2 (80 x 80), medium target detection Head 2 (80 x 80), medium
target detection Head 1 (160 x 160), medium target detection head Head 3 (40 x 40), and
large target detection head Head 4 (20 x 20). After constructing the tiny target detection
head, the prediction frames are changed from nine to twelve, accordingly, and the three
newly added prediction frames are predicted for tiny-sized microfine pores. The structure
of the Head layer constructed in this paper is shown in Figure 12.

P4 | Head 1
| 160x160

P5 | Head 2
| 80x80

Neck

P6 _| Head 3
| 40x40

P7 | Head 4
"1 20%x20

Figure 12. Structure of the Head layer in the YOLOv5s algorithm.

Seven enhanced feature layers P1-P7 are obtained after feature fusion by the Neck
layer, and four of the enhanced feature layers P4-P7 are input into different detection heads,
i.e.,, Head 1-Head 4, respectively, to realize the recognition of micropores, small pores,
medium pores, and large pores.

3.4. Microfine Pore Image Recognition Network Model Structure

The Backbone of the small gas pipe internal micropore recognition network model
constructed in this paper uses the same CSPDarknet network as the YOLOv5s algorithm,
which is mainly used to extract features of micropores at different scales and generate
feature maps. The Neck layer introduces the BiFPN structure instead of the FPN + PAN
structure to achieve adjacent scale and cross-scale micropore features and improve the
precision of micropore identification. The small target detection layer is built in the Head
layer to identify micropores of tiny size and improve the detection rate of the network
model for micropores of size 1 mm.

The micropore image taken inside the pipe that is input to the network model is
first passed through Backbone, which extracts the feature information of microfine pores.
Second, the microfine pore feature map generated using the Backbone is input to the
Neck layer to realize the fusion of micropore feature information at different scales in the
feature map. Finally, the micropore feature map output from the Neck layer is fed into
the Head layer, and the micropore feature map is classified and predicted to realize the
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identification of micropores inside small gas pipelines. The structure of the micropore
recognition network model for small, buried pipelines proposed in this paper is shown in

Figure 13.
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Figure 13. Structure of network model for the identification of micropores inside small, buried pipes.

4. Results
4.1. Experimental Conditions
4.1.1. Experimental Environment

Table 1. Experimental environment.

The PC operating system used in this experiment is Win10, the CPU is Inter Core
i5-13600, the GPU is NVIDIA RTX 3060, the programming software is Pycharm2022.2.3, the
deep learning framework is Pytorch1.13.0, the programming language is Python3.8, and
the experimental environment is shown in Table 1.

Serial Number Environment Name Parameters
1 Operating system Win10
2 CPU Inter Core i5-13600
3 GPU NVIDIA RTX 3060
4 Programming software Pycharm2022.2.3
5 Deep learning framework Pytorch1.13.0
6 Programming language Python3.8
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4.1.2. Training Parameters

The training parameters for the small gas pipe internal micropore recognition network
model include weight, epoch, image size, batch size, optimizer, workers, and warm-up. In
this paper, migration learning is not applied, and the initial weights are set to random initial
weights. The network model training converges in around 220 rounds, so this paper sets
the epoch to 300 rounds. To ensure the quality of the image, this paper sets the image size of
the input side to 640 x 640 x 3. As this experiment is carried out on the PC side, the highest
PC performance can only support a training batch size of 16, so the experimental training
batch size is set to 16. The optimizer selects the SGD. The performance of the PC can only
support a maximum of eight workers, so the experimental thread number of workers is
set to eight. To prevent the learning rate from being unstable when the model is initially
trained, the warm-up training mode is used. The network model training parameters are
set as shown in Table 2.

Table 2. Network model training parameters.

Serial Number Parameter Name Numerical Size
1 Weight Random
2 Epoch 300
3 Image size 640 x 640 x 3
4 Batch size 16
5 Optimizer SGD
6 Workers 8
7 Warm-up Yes

4.1.3. Evaluation Indicators

In this paper, three common evaluation metrics in the field of target detection, precision
(P), recall (R), and average precision (AP) were selected as the evaluation metrics for this
experiment [23]. Precision is the ratio of the number of correctly identified micropores to the
total number of micropores. Recall, which is the detection rate, is the ratio of the number of
detected micropores to the total number of micropores. Average precision, which is expressed
as a comprehensive measure of precision and recall, has a value of 0-1. The formulas for
precision, recall, and average precision are shown in Equations (2)—(4), respectively.

TP

Pprecision = m 2)
TP
Ryecatl = m 3)
1
AP = / P(r)dr @
0

where TP is the number of correctly identified micropores, FP is the number of undetected
micropores, FN is the number of micropores missed, r is the integration variable, which is
the integral of the product of precision and recall, and P(r) denotes the P-R curve.

4.2. Training Curve Results and Analysis

The training set was input into a total of four network models: the YOLOv5s network
model with BiFPN structure introduced in the Neck layer of the YOLOv5s algorithm
(YOLOvb5s + BiFPN), the network model with a small target detection layer constructed in
the Head layer of the YOLOV5s algorithm (YOLOVS5s + small target detection layer), and
the network model for the identification of micropores inside small gas pipelines proposed
in this paper (our method). These four network models were trained separately with a total
of 300 training rounds, and the training curves are shown in Figure 14.
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As can be seen in Figure 14, the horizontal coordinates of the three training curves are
all the training rounds, and the vertical coordinates are the values of the three evaluation
indexes, including AP, P, and R, respectively. The training curves of the YOLOv5s network
model have serious oscillations and no significant changes until 30 training rounds, and
the curves converge extremely slowly. The training curves of the YOLOv5s + BiFPN
network model improve significantly compared with the YOLOv5s network model, and
the oscillations are significantly reduced, although there is no significant change until
10 training rounds, and the convergence speed is significantly higher. The YOLOV5s + small
target detection layer network model has a slight decrease in the precision training curve
compared with the YOLOv5s + BiFPN network model, but there is a further slight increase
in the convergence speed and a further small decrease in the frequency of oscillations. The
small gas pipeline internal micropores identification network model proposed in this paper
has the best result, with a fast response, smooth curve, and fast convergence speed, and it
continues until the end of training.

4.3. Analysis of Comparative Experimental Results

To compare the recognition effect of the micropores recognition network model inside
the small gas pipeline proposed in this paper with the YOLOv5s network model, the test set
was input to the trained micropore recognition network model inside the small gas pipeline
and the YOLOv5s network model, respectively, to compare the micropore recognition effect
of the two network models. The recognition results are shown in Figure 15.

From Figure 15, it can be seen that there are various leak shapes, such as pore-like
structures, strip-like structures, and irregular shapes. Micropores have different sizes, and
the smallest size is the pore-like micropores in Figure 15a,b, which reach 1 mm in diameter.

Figure 15a,b show pictures of the results using the YOLOv5s network model and
the network model proposed in this paper for the identification of micropores inside a
small gas pipe for the same test set image 1, respectively. Figure 15¢,d show pictures of
the results from the recognition of the same test set image 2 using the YOLOv5s network



Appl. Sci. 2023,13, 9697 15 0f 19

model and the network model for identifying micropores inside small gas pipes proposed
in this paper, respectively.

leak point 0.47 leak point 0.87

leak peint 0.71 leak_point 0.81

leak point .79

leck_point .65 legs_point 0 85!

leak point 0.79

leak peint 0.95
leak peoint 0.66!

() (d)

Figure 15. Comparison of recognition results between YOLOvV5s and the method in this article.
(a) YOLOV5s identification results in an irregular shape and pore-like structure of micropores
(image 1). (b) The irregular shape and pore-like structure of micropore identification results from the
method proposed in this paper (image 1). (c) YOLOv5s identification results showing micropores
with striped structure, and irregular shape (image 2). (d) The results showing the identification of
strip structure, irregular shape, and strip structure microfine pores using the method proposed in this
paper (image 2).

From the above results, it can be seen that the YOLOv5s network model may mistak-
enly identify one micropore as two micropores, and the phenomenon of missing detection
may occur. However, the proposed small gas pipeline internal micropore identification net-
work model does not have the above situation, and it has a higher confidence level than the
YOLOv5s network model when micropores are also identified. Thus, it can be seen that the
proposed network model for identifying micropores inside small gas pipelines has a better
recognition effect and a greater recognition capability than the YOLOv5s network model.

To prove that the recognition ability of the proposed method is better than the main-
stream algorithms in the target domain, comparison experiments were conducted with
one-stage target detection algorithms YOLOv5, YOLOV3 [24], and SSD [25] and the two-
stage target detection algorithm Faster RCNN [26]. The test sets were input to five network
models including the YOLOv5, YOLOv3, SSD, Faster RCNN, and the small gas pipeline
internal micropore identification network model proposed in this paper to compare the
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numerical magnitude of the three evaluation indexes including P, R, and AP. The evaluation
indexes of each network model comparison experiment are shown in Table 3.

Table 3. Evaluation indexes of comparative experiments.

Network Model Precision/% Recall/% AP/%
SSD 88.5 86.3 87.2
YOLOv3 87.8 85.9 86.7
YOLOv5s 89.6 87.6 88.4
Faster RCNN 91.8 93.4 92.5
Our method 94.7 96.6 95.5

As can be seen from Table 3, the evaluation metrics of the network model in the table
are precision, recall, and average precision, in that order, and the two-stage target detection
algorithm is higher than the one-stage target detection algorithm in terms of precision and
recall. Among the one-stage target detection algorithms, YOLOvV3 has the worst results.
SSDis 0.7, 0.4, and 0.5 percentage points higher than YOLOV3 in terms of precision, recall,
and average precision, respectively. YOLOv5s is 1.1, 1.3, and 1.2 percentage points higher
than SSD in terms of precision, recall, and average precision, respectively, and is the most
effective of the one-stage detection algorithms. Compared with YOLOv5s, Faster RCNN is
2.2 percentage points, 5.8 percentage points, and 4.1 percentage points higher in terms of
precision, recall, and average precision, respectively. The algorithm in this paper has the
highest three evaluation metrics, including precision, recall, and average precision, which
are 2.9 percentage points, 3.2 percentage points, and 3.0 percentage points higher compared
to Faster CNN, reaching 94.7%, 96.6%, and 95.5%, respectively.

4.4. Ablation Experiments and Analysis of Results

Next, we further prove that the network model proposed in this paper for the iden-
tification of micropores inside small gas pipelines is enhanced by introducing the BiFPN
structure in the Neck layer of the YOLOv5s network model and building a small target
detection layer in the Head layer. For this analysis, ablation experiments were performed
again in this paper, and the test sets were input to the YOLOv5s, YOLOv5s + BiFPN, the
YOLOV5s + BiFPN, YOLOvb5s + small target detection layer, and the method in this paper.
The input test sets are identified separately to compare the evaluation index values of
different network models. The results of the evaluation indexes of the ablation experiments
are shown in Table 4.

Table 4. Evaluation index of the ablation experiment.

Network Model Precision/% Recall/% AP/%
YOLOvV5s 89.6 87.6 88.4
YOLOVv5s + BiFPN 92.4 90.7 914
YOLOvSs + small 91.6 92.9 92.2
target detection layer
Our method 94.7 96.6 95.5

From Table 4, we can see that the precision of the YOLOv5s network model is 89.6%,
the recall rate is 87.6%, and the average precision is 88.4%. The network model after
introducing the BiFPN structure improves the precision by 2.8 percentage points, the
recall rate by 3.1 percentage points, and the average precision by 3.0 percentage points
compared with the YOLOv5s network model. After constructing the small target detection
layer, the network model improves the precision by 2.0 percentage points, the recall rate
by 5.3 percentage points, and the average precision by 3.8 percentage points compared
with the YOLOv5s network model. The precision, recall, and average precision of this
method improved by 5.1 percentage points, 9 percentage points, and 7.1 percentage points,
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respectively, compared with the YOLOv5s network model, reaching 94.7%, 96.6%, and
95.5%, respectively. Using ablation experiments, this paper demonstrates that the network
model for identifying micropores inside small gas pipelines proposed in this paper is
enhanced by introducing BiFPN structure in the Neck layer of the YOLOv5s network
model and constructing a small target detection layer in the Head layer, which has higher
evaluation index and possesses better identification capability.

5. Discussion

The method proposed in this paper solves the problem related to difficulties in the early
detection of leaks in small gas pipelines. However, it was found during the experiments
that image distortion and blurring may occur when the data set is dynamically collected
using a detection robot inside the pipeline, resulting in the inability to identify such images
when testing the recognition effect of the network model. In the subsequent work, a
video detection-based approach will be investigated to solve the above-mentioned image
distortion and blurring problems and to achieve dynamic detection of micropores inside
small gas pipelines.

6. Conclusions

In this paper, to address the problem related to difficulties in the early detection of
leakage in small gas pipelines, a method is proposed for image recognition of micropores
inside small gas pipelines, which is used to recognize leakage signs such as micropores that
appear in the early stage of pipeline leakage. The steps included collecting images, building
data sets, and introducing the BiFPN structure into YOLOvV5s to improve the feature
fusion ability of the network model. For the problem of difficult-to-recognize micropores
of tiny size, we built a small target detection layer in the Head layer to recognize such
tiny micropores as 1 mm. Then, we used the training set to train the network model
for recognizing micropores inside small gas pipes and used the test set of micropores
with different shapes and sizes to verify the model’s recognition ability. The current
mainstream target detection algorithms were compared to prove the superiority of this
method. Ablation experiments were carried out to prove that the recognition ability of the
method in this paper was improved due to the improvements made. The experiment proved
that the small gas pipeline microporosity recognition method proposed in this paper has a
better recognition effect on the early leakage characteristics of small gas pipelines and can
recognize leakage characteristics at the early stage of pipeline leakage to realize early safety
warnings with a precision rate of 94.7%, a detection rate of 96.6%, and an average precision
of 95.5%. The experimental results show that this method can avoid the disadvantages
of time-consuming and high-cost large-area excavations in the routine maintenance of
pipelines for identifying internal micropores in small gas pipelines. The method can still
maintain good identification results when other pipeline leakage identification methods
have poor identification results.
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