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SUMMARY: In this paper, an investigation will be systematically made on the architecture
design and core algorithm optimization of an intelligent inspection integration platform in
order to meet the safety and smart O&M demands of gas power plants. YOLOV5 detection
algorithm is upgraded by means of integrating the attention mechanism of CBAM, multi-scale
feature extraction of BiFPN and Focal EloU loss function for enhancing oil leakage detection
performance. A combination of Comsol simulation of temperature field and infrared image
processing with SVM classification method is used for steam leakage identification. Experiment
results of both oil leakage and steam leakage under simulation conditions are reported to test
the feasibility of the intelligent inspection integration platform proposed in this paper. It is found
that with the application of the enhanced algorithm, the mean average precision of real oil
leakage sample reaches 80.14%, which is 24.13 percentage points higher than that of baseline
YOLOVS5 detection algorithm. In addition, the steam leakage alarm rate is up to 99.13%.

KEYWORDS: gas power plant intelligent inspection; oil leakage; steam leakage; YOLOvV5
algorithm; SVM classification

1 Introduction

In recent years, the energy sector has moved steadily toward cleaner production, greater
intelligence, and deeper integration with information technology [1]. As grid power technology
continues to advance and network informatization becomes more widespread, gas power
generation enterprises have entered a new stage of development. It is no longer limited to the
intelligence or automation of discrete equipment, but a complete system covering all relevant
aspects of power generation, transmission, distribution, substation, power consumption and
dispatch [2-4]. With advancements in technology and the increase in voltages, the
implementation of greater automation and intelligence into power plants is becoming more
realistic than ever before, while the number of components, subsystems and branches under the
equipment is increasing, the crosslinking method is more complex, and the number of to-be-
observed items (instrumentation, cosmetic defects, etc.) is huge, and other new problems appear
again [5-8]. The traditional gas power plant manual periodic inspection work intensity, low
efficiency, and may lead to maintenance over or under maintenance, the process of personal
safety hazards and other issues are gradually exposed, the traditional operation and maintenance
methods and methods by a strong impact [9]. Gas power plant as the power generation link of
smart grid, the first step of the complete system, is one of the important basic support points of
smart grid construction [10]. Against such a backdrop, the construction of an effective
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intelligent inspection integration system within gas power plants is of great importance to the
entire gas power generation industry.

Madejski et al [11] constructed a mathematical model of a gas power plant, input the site
environmental conditions and thermal energy demand data into the model, and calculated the
current thermal energy and power production, which was used for the monitoring and
optimization of power and thermal energy production. Khalid et al. [12] used machine learning
methods along with optimal sensor selection approaches for boiler water-cooled wall tube
leakage detection in smart steam power generation plants, resulting in enhanced efficiencies
and accuracies in detecting such leaks. Ma et al. [13] designed a cloud computing-based
approach for the diagnosis and monitoring of gas turbine generator systems by integrating
unsupervised learning models with cloud computing technologies, showcasing the potential to
diagnose faults in gas turbines with accuracy levels between 60% to 80%. Akhtar et al [14]
proposed high vibration diagnostics of gas turbines based on probe data (baud, track, and shaft
centerline plots), which identified the that the root cause of the failure is resonance, and the
intrinsic frequency of the casing can be improved by increasing the stiffness, which reduces the
maximum vibration amplitude by 38%. Bunyan et al. [15] employed artificial intelligence
methodologies for thermal condition monitoring and predictive maintenance of gas turbines.
Machine learning, in this case, has the ability to classify the states of faults in gas turbines
accurately, and the proposed predictive maintenance strategy is able to prolong the mechanical
service life. However, the current intelligent inspection of gas power plants is limited to a single
component and lacks systematic intelligent inspection.

This paper puts forward the design scheme of key technologies based on the development
requirements of intelligent inspection integration platform for gas power plants. Improve the
YOLOVS5 algorithm to realize oil leakage detection of pipelines in key areas of the power plant.
A module for the CBAM attention mechanism is added for the purpose of improving feature
learning and extraction, and the bidirectional feature pyramid network is used for multi-level
feature fusion. Focal EloU Loss is selected as the loss function to optimize regression accuracy
as well as enhance the stability of the model. Design the defect detection model of steam
pipeline based on infrared thermography, and simulate the surface temperature field of steam
pipeline using Comsol software. Propose the preprocessing method of infrared thermal imaging
image, and select the support vector machine model for defect classification. Combined with
fieldwork and historical operation data, the oil leakage detection data set of pipelines in gas
power plants is constructed. The advantages of the YOLOvV5 method can be demonstrated by
comparison tests. Carry out steam leakage simulation experiments to analyze the applicability
of infrared thermal imaging method in steam leakage detection.

2 Development and key technology design of intelligent
inspection integration platform for gas power plants

2.1 Intelligent inspection integration platform program design

The operation of gas power plants involves a large number of high-temperature and high-
pressure pipelines and key equipment, and once oil or steam leakage occurs, it may not only
cause equipment damage and environmental pollution, but also threaten the safety of personnel
and stable operation of the unit. Therefore, it is urgent to establish an efficient and reliable
intelligent inspection integration platform.

The gas power plant intelligent inspection integration platform studied in this paper is
mainly used for the daily inspection work of gas power plants, the platform as the field
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inspection and background expert management side of the “intelligent transit body”, can
effectively connect the field inspection work and background management platform as a whole,
so that the gas power plant inspection work becomes integrated, thus It improves the
intelligence and efficiency of inspection. Intelligent inspection integration platform contains
fault diagnosis algorithms, data storage modules, etc., and can be called through the GPRS
network management side of the advanced algorithms, data and other resources, to achieve the
field inspection data analysis and processing functions, the analysis results can be uploaded in
real time to the backstage management side, the application of the field can provide support and
guidance for the standardization of work. In this paper, we will start from the functional
requirements of the platform and complete the detailed design of the key technologies of the
intelligent inspection integration platform.

2.2 ldentifying oil leaks in critical areas of power plants based on improved
YOLOV5 algorithm

2.2.1 Integration of CBAM attention mechanisms

Using CBAM attention mechanisms can weaken the effect of changes in the background on the
detection result and enable the model to focus only on learning and extracting oil leakage
features in pipelines. This is accomplished through obtaining oil leakage feature information
with different resolution scales based on differences between different pixel categories, channel
features, and contextual relations. CBAM structure is depicted in Fig. 1.
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Figure 1: CBAM structure

CBAM attention mechanism is made up of two main components namely, channel attention
component and spatial attention component. Both sub-components are independent of each
other in the sense that each attends to attention operation either along channels or along space.
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Redistribution of the weights in the channel attention module allows for more focus on
critical features and less influence from irrelevant ones in the recognition results. The input
feature maps are duplicated into two sets, where global maximum pooling and global average
pooling are performed based on width and height to obtain two feature maps. They are then
inputted into the MLP that contains two layers. After that, the obtained features are transferred
to the spatial attention module.

The channel attention module output will act as the input in the spatial attention module.
First, global max pooling and global average pooling will be done based on the channel to get
two feature maps. Then, concatenation is performed on the channel dimension before being
followed by a convolution process that results in one-channel output. Sigmoid activation is used
to generate spatial attention features. In the end, multiplication will be carried out between the
spatial attention features and the initial input features to get the feature map output of the CBAM
attention model.

2.2.2 BiFPN-based multi-scale feature fusion network

In single-stage target detection algorithms, image features are extracted in one pass, which
means feature information at different scales cannot be obtained directly. The features generated
in the backbone segment are divided according to stage and denoted as C1,C2,---,C7, where

the number indicates how many times the image resolution has been halved. For example, C1
represents the first stage, whose output is a feature map at half the resolution of the original
Image, since the image resolution has been halved once. Feature fusion is then performed layer
by layer from top to bottom, with the output denoted as P . The entire process can be expressed
as Eq.

I:)i’F)i-+—l’“"|:)i-¢—n:f((:i’(:i"'l’.“’(:i_"n) (1)

The formula in Eq:
C.,C...,---,C,,, -Generated features extracted in the i th stage;

P,P..,---,P,, -theoutputofthe ith stage;

F - the transformation process from input to output (including feature fusion between upper
and lower layers);

The architectural structure of BiFPN is shown in Fig. 2. The key differences from PANet
include:

(1) All nodes with entry degree 1 will be dropped because there is no more information to
be added; they only add redundancy, as they carry the same information as the previous node.

(2) There are skip connections that ensure the information in the output layer comes from
both the fused information at the bottom-up path and the information contained in the original
nodes without fusion.

(3) The architecture is modularized, meaning that the whole architecture can be stacked for
additional fusion. The relation between layers is described by equation(2).

P> = Conv(P")

P> = Conv(P," + Resize(P™))

P = Conv(R," + Resize(P,™")) @
P = Conv(P," + Re size(P™))

P2 = Conv(P)" + Resize(P>™))
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The formula in Eq:
p" - input features of the layer where it is located;

p® - output features of the layer where it is located,;

Resize -resolution matching operation for upsampling or downsampling;
Conv -convolution operation for feature processing;
With the substitution of path aggregation network of the original YOLOVS5 algorithm with

bidirectional feature pyramid network, the performance of detecting small objects is enhanced
along with the reduction of computation resources utilized by the algorithm. Such an
implementation holds great significance for the utilization of this technology in practical

settings where processing power is limited.
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Figure 2: Overall structure of BiFPN

2.2.3 Focal EloU Loss Loss Function

(b) BiFPN Architecture
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Loss function used in YOLOVS5 is the CloU Loss which has been improved from DloU Loss by
including an influence factor that takes into account centroid distance and aspect ratio. It is

calculated as below:

CloU Loss =1-CloU 3)
Dis tan ce; v2
CloU = loU — — o (4)
Distance, (1-loU)+v
— 4 t -1 Wgt t -1 Wp i
v_? an P an M (5)

Eq:



Cui

Dis tan ceg is the distance between the center point of the prediction frame and the target

frame;
Distance
gt

% is the aspect ratio of the prediction frame;

2
C

is the minimum outer rectangle diagonal length;

wPo :
o IS the aspect ratio of the target frame.

As opposed to DIoU Loss which takes into account centroid distance and aspect ratio, CloU
Loss is improved by the inclusion of an influence factor. However, the loss function fails to
consider the aim of bounding box regression. This problem leads to poor and lengthy
convergence in addition to imprecise regression results. In order to rectify this problem, the
current algorithm has improved the previous CloU Loss function (Eqg. (3)) as seen in Eq. (6).

LFocaI EloU — loU 7LEI0U (6)

Eq:
y -hyperparameters used to control the curvature of the curve;

EloU divides the loss function into three parts: the loU loss, the distance loss and the edge
loss:

I-EloU = I‘IoU + I—dis + Lasp

110U L 2 00%)  p(ww®) | p(hh®) )
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w

Eq:

L., IistheloU loss;
Ly 1s the distance loss;
L., Isthe edge loss;

c, Isthe width of the minimum outer frame covering the prediction and target frames;

w

c, Is the height of the minimum outer bounding box covering the prediction and target

boxes.

One unique feature about Focal in Focal EloU Loss is that it is different from traditional
Focal Loss because while traditional Focal Loss increases loss for harder samples to mine hard
samples, in Focal EloU Loss, loss increases according to a higher loU. This brings a weighted
effect where well-regressed targets receive more loss in order to improve the quality of
regression.

Normalization through division of differences in width and height of predicted samples
against the minimum outer bounding box enhances the speed and accuracy of regression. Using
Focal Loss helps address the issue of sample imbalance in bounding box regression
optimization. The method works by reducing the weight of anchor frames that have lower
overlapping area with the target frames so as to focus on good anchor frames.
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2.2.4 Backbone network design

From the perspective of practical computational overhead, a method of oil leakage detection in
pipelines in critical regions of power plants is put forward based on YOLOV5, which is a
modified model. The overall framework of CBAM-YOLOVS5 is illustrated in Fig. 3.
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Figure 3: Overall structure of CBAM-YOLOV5 algorithm

In addition to adopting CBAM in the improved algorithm, the learning capability of regional
features is enhanced, thus helping the model focus more on the extraction of useful information
regarding oil leakage rather than being interfered by complicated backgrounds when making
judgments. Due to the small size of leakage targets in the power plants’ pipelines, a bi-
directional feature pyramid network will be used for multiscale feature fusion and minimizing
redundancy, thereby promoting the detection of small targets. In order to improve the detection
accuracy, Focal EloU Loss will be applied in this improved algorithm to guide the model
towards quality anchor frames for faster convergence and better results.

2.3 ldentifying steam leaks in critical areas of power plants based on
infrared thermal imaging technology

2.3.1 Finite element simulation analysis

(1) Simulation Modeling and Solving
The Comsol Multiphysics software is an advanced multi-physics simulation software that
can simultaneously take into consideration multiple physical fields such as thermal conduction,
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fluid flow, and radiation and hence be able to provide accurate results in solving the equations
governing these processes, thereby obtaining accurate distributions of the temperature fields.
This study begins with the construction of a steam pipe model based on the actual parameters
of the steam pipeline, setting up materials and parameters according to actual requirements.
Then, the temperature field distribution of the external pipe layer is solved, and both the map
of temperature field distribution and temperature variation curves are obtained for analysis of
the surface temperature changes in the steam pipe. Based on the discussion of abnormal external
temperature distribution caused by operation factors, defect models are built in steam pipes
which may be encountered during practical operations, and a series of simulations are
performed for the surface temperature fields of the pipeline with different operation situations.
Figure 4 shows the process of simulation in particular cases.
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Figure 4: Simulation analysis process

(2) Geometric modeling

Geometric models are designed using two methods in Comsol 6.0. These methods include
drawing of the geometric model directly in the program and importing of files created in CAD
modeler. To help adjust parameters of the model, the steam pipe model will be created in this
experiment using the Comsol program. It is done based on the size and specifications of the
steam pipes that need to be inspected, and the created model is presented in Figure 5 below.
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Figure 5: Steam pipe model

In the actual work of steam piping, most of the time is normal operation, so first establish
the steam piping model under normal operation as a control. Over the course of time, steam

8
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pipes tend to get affected by hole-type defects due to the occurrence of steam corrosion inside
the pipes. As such, there will be variations in the temperatures of the surface of the pipes.
Similarly, absence of an insulation layer or damage to the outer layer of tin coating of the steam
pipe would equally contribute to changes in the surface temperature of the steam pipes. For the
purpose of acquiring knowledge about the temperature field distributions in steam pipes, both
the insulation layer and iron layer have been considered individually during simulations.

(3) Control equations and boundary conditions

During normal operation of a steam pipeline, the steam inside the pipeline can be considered
as a viscous incompressible fluid. It can be calculated by the Navier-Stokes equations, the
standard k —¢& turbulence model is chosen, and the coupled implicit steady state flow field
calculation method is used.

The fluid governing equations and heat transfer equations, including the energy
conservation equation, the continuity equation, the NS equation, and the differential equation
of thermal conductivity are as follows:

Energy conservation equation:

Cp

%(pT)+div(p(uT)):div{ieﬁ gradT]+sT (8)

The continuity equation:

P 0y o) |\ olpw)

ot ox oy oz ©)
NS equations:
o oF —gradP 4 10
Differential equations for thermal conductivity:
% =aV°T + g—rv) (11)
Boundary conditions:
% . =Ty (12)
q=h(T.-T) (13)
h_, =8 (14)

2.3.2 Infrared image pre-processing

Prior to the analysis of the infrared thermal imaging images, denoising processing needs to be
carried out first because infrared thermal imaging cameras are vulnerable to the reflection
effects caused by the surface of the steam pipelines, uneven emissivity, environmental factors

9
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and other interference in the process of data acquisition, which will lead to the presence of noise
in the captured infrared thermal imaging image, making the defective information is not obvious,
and thus the thermal imaging images need to undergo denoising processes using the non-local
mean filtering method. The non-local mean filtering method is an image denoising technique
which does not confine itself to focusing on the immediate locality of each pixel in the image,
but also utilizes the information of the whole image to remove the noise. But the fundamental
concept behind the denoising method is to select a window of a certain size which encompasses
a section of the image around the pixel being processed. Next, the method involves searching
for similar blocks of content across the entire image to the selected window, The similarity
metric is usually measured using mean square deviation or other distance metrics. Whereafter
the method calculates the mean values of the similar blocks and replaces the pixel value with
the calculated mean value of the blocks containing the same image content, such that similar
pixels in the image will replace the existing pixel value with a weighted average.

2.3.3 SVM defect classification

Steam pipeline leakage detection is essentially an image multi-classification problem, and the
key lies in identifying whether there are temperature field anomalies in the images detected by
infrared thermal imaging sensors, i.e., determining the image with leakage (Label 1), the image
without leakage (Label 2), and then determining the image region corresponding to the leakage
point. The SVM classifier from the field of machine learning is used in this thesis as the tool
for the classification and recognition of images from the steam pipes that have defects. In this
respect, the SVM classifier eliminates the disadvantages of using linear classifiers by the
implementation of the concept of dual space; this makes it possible to map feature vectors into
the high dimensional space according to the principles of structural risk minimization, and then
complete the task of classifying the data in this space. The core of steam pipe leakage detection
based on SVM model is to construct an efficient classifier. First, we need to design a classifier
with good performance; then, load the image feature data according to the input requirements;
then, then this data is used to train the classifier, and through further optimization processes,
the final optimal model of the classifier is created. The main stages involved in this case are the
extraction of the features, choosing the proper kernel function, training, and parameter tuning.

3 Gas power plant intelligent inspection integration platform
application simulation analysis

3.1 OQil Leak Detection

There is no authoritative public dataset for pipeline leakage images in power plants, and it is
difficult to collect image data of leakage occurring in pipelines of actual power plants, so there
IS no pipeline leakage image dataset that can be directly utilized. Through field visits to power
plants and pipeline leakage scenario simulation experiments, as well as synthesizing the
existing leakage images and video data in power plants, this paper constructs an oil leakage
detection dataset for pipelines in key areas of power plants, which covers indoor and outdoor
pipelines, valves and other scenarios. A large amount of data was collected in the form of videos
and pictures, and finally, through data cleaning, a total of 5000 pipeline oil leakage images were
retained for the construction of the dataset, the image data set was split randomly into training,
validation, and test sets in the ratios of 80%, 10%, and 10%, respectively, by means of script
files in Python language.

10
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3.1.1 Comparative experiments

In order to make a fair comparison on the performance of the proposed improved algorithm for
YOLOV5, some popular algorithms for target detection will be tested using the self-built data
set for pipeline oil leakage detection under the same experimental environment. As shown in
Table 1, it can be seen that the improved algorithm has the highest accuracy rate in detecting
the pipeline oil leakage among the tested algorithms, outperforming Mask R-CNN, which is the
second-best performing algorithm, by 16.62%. And the improved algorithm also improves in
speed, compared with other YOLO series of target detection algorithms there is an improvement
of 3~5 frames, compared with other algorithms the speed improvement is more obvious.

Table 1: Performance comparison of different algorithms

Algorithm MAP/% FPS
SSD 49.27 35
Mask R-CNN 63.52 12
CenterNet 54.66 29
YOLOv2 56.15 25
YOLOvV4 59.23 27
YOLOvb5s 61.96 26
The proposed 80.14 30

3.1.2 Ablation experiments

In this study, some improvement strategies have been proposed for the backbone network,
feature fusion block, and loss function of the initial YOLOv5s model. In order to measure the
influence of each separate improvement strategy and combinations of different improvements
on the final performance of the algorithm, we perform ablation tests. The experiment results
are summarized in Table 2. From the experimental results, it is observed that each improvement
strategy separately leads to a positive impact on the final performance of the algorithm, and the
most outstanding one is the Focal EloU Loss, which improves the accuracy of the recognition.
Additionally, a combination of different improvements can also positively affect the final
performance of the algorithm. The most optimized result of the combination of the three
improvement strategies reaches the mean average precision of 80.14%.

Table 2: Results of ablation experiments

Algorithm Recall Precision MAP/%
YOLOvV5 55.23 56.82 56.01
YOLOv5+CBAM 57.38 62.17 59.68
YOLOvV5+BiFPN 64.59 65.44 65.01
YOLOv5+Focal Loss 67.94 66.78 67.36
YOLOvV5+CBAM+BIiFPN 68.12 69.63 68.87
YOLOv5+BiFPN+Focal Loss 74.98 75.56 75.27
YOLOv5+CBAM+Focal Loss 75.32 76.77 76.04
The proposed 79.73 80.56 80.14

3.1.3 Analysis of test results

(1) Analysis of pipeline single leak detection results
The P-R curve comparison for the detection of a single leakage point using the same self-
built pipeline dataset is provided in Figure 6 below, by comparing it to other YOLO series target

11
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detection methods. Through the comparison result, it can be observed that the optimized
YOLOV5 method designed in this paper obtains the largest area under the P-R curve and has
the highest mean average precision of 98.22%.
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Figure 6: P-R curves for detection of a single leak point in the pipeline

(2) Analysis of pipeline multi-leakage point detection results

A similar comparison is performed using a multi-leakage point dataset with the same
detection environment, and its P-R curves are illustrated in Figure 7 below. In the case of multi-
leakage point detection, the optimized YOLOv5 method still obtains the largest area under the
P-R curve, and the highest mean average precision of 97.96% is obtained.
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Figure 7: P-R curves for detection of multiple leakage points in pipelines
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3.2 Vapor Leak Detection

A steam generator was selected as the source of water vapor preparation and a bath light as the
radiant heating source. The leaky parts were machined by drilling step holes to simulate real
leaks. In this section, practical experimental verification is carried out by processing artificial
leak holes and false leaks, and the feasibility of dynamic and accurate determination of leak
parts is demonstrated by using telemetric sensing of leak parts and studying the remote
realization of pressure testing of pressurized equipment by on-site personnel.

3.2.1 Feasibility verification of infrared thermography for leak detection

Through the numerical simulation of the steam leakage process, it is obtained that when the
steam leakage occurs, the real temperature of the outer surface at the leakage point will be
higher than that of the outer surface at the non-leakage point, but the temperature difference is
not very obvious, which is likely to lead to the temperature anomalies at the leakage point being
submerged in the measurement error in the background of the temperature measurement of the
infrared thermal imaging camera. Therefore, this paper proposes to increase the radiation
temperature difference between the leakage point and the non-leakage point based on the high
radiation temperature contrast caused by the difference between the emissivity of the small
droplets and the surface of the pressurized equipment material, as well as the radiation
temperature difference caused by the higher real temperature of the wall at the leakage point
than that at the non-leakage point.

The results of the temperature distribution by the infrared thermal imager on the surface of
the target to be measured are shown in Fig. 8. The leakage point has a unique superheated
infrared characteristics, in order to better analyze the characteristics of the radiation temperature
distribution at the leakage point, the detected infrared thermal imaging map of the local zoom
processing, can be clearly presented at the leakage point of the superheated infrared
characteristics, the maximum radiation temperature difference reaches more than 15k, much
higher than the results of the numerical simulation. Through the real temperature measurement
by contact thermocouple, the real temperature difference between the leakage point and the
non-leakage point is less than 1 K. After the steam leakage, the small liquid droplets attached
to the outer surface of the leakage point, and the difference in emissivity of the metal wall leads
to a larger radiation temperature difference, which is superposed on top of the real temperature
difference, realizing the goal of increasing the temperature difference between the leakage point
and the non-leakage point. Therefore, it is feasible to apply infrared thermography to leak
detection of pressurized equipment.

13
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Figure 8: Results of temperature distribution

In order to better investigate the features of the radiation temperature field at the leakage
position, the radiation temperature field along the vertical axis of the target surface through the
leakage position is considered as the object of analysis. The changing feature of the radiation
temperature field at the leakage position on the outer wall surface is illustrated in Fig. 9. With
the steam leakage time of 20 seconds, the temperature deviation from the leakage position is
still rather subtle, and with the passage of time, the overheating characteristics at the leakage
point become more and more obvious, and the radiation temperature difference between the
leakage point and the non-leakage place reaches more than 15K. Therefore, in the process of
steam leakage, real-time monitoring of the radiation temperature distribution on the external
surface by infrared thermal imager can realize the rapid capture of the leakage point.
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Temperature distribution/K

Figure 9: Variation of radiation temperature distribution with time

3.2.2  Analysis of test results

Given that the practical application of the detection process does not necessarily guarantee a
perpendicular position concerning the leakage site, and to make sure that the detection process
becomes adaptable to different situations, the following experiment utilizes two positions of

14



INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

detection: one perpendicular to the target area and another at a 20-degree deviation from the
perpendicular position. For the purpose of conducting this experiment, steam is generated by a
steam generator and is directed to the point of leakage through a pipeline that is connected to
the steam generator through tees and elbows.

(1) Normal to the target surface detection

Verify the leak detection model, in the temperature is approximately the same, high
temperature water vapor heating and radiant heating source heating radiation temperature dot
matrix subtraction results shown in Figure 10. With the help of MATLAB radiation temperature
point array subtraction, the output of the isothermal distribution of the entire target surface, the
two heating methods in the real temperature is nearly the same under the surface emissivity is
considered to be the same, the image processing, the false leakage point A, B to eliminate the
impact of the radiation temperature of the infrared characteristics of the disappearance of the
higher temperature, while the real leakage point C at the overheating of the infrared
characteristics of the infrared characteristics are still obvious, showing a different from the false
leakage point of the exclusive infrared thermal characteristics, thus eliminating the detection
interference due to the different emissivity, and from the isothermal distribution at the leakage
point C, it can be found that after the leakage modeling process, the radiation temperature
gradient has increased significantly.

Temperature/°C

70.00

60.00

50.00

40.00

30.00

20.00

2 4 6 8 10 12

Figure 10: Treatment results of temperature distribution

(2) Detection at an angle of 20 degrees from the normal clip

With the normal clip 20 degrees angle position arrangement of infrared thermal imager,
according to the detection step detection, the image radiation temperature dot matrix subtraction
processing, temperature distribution processing results shown in Figure 11. Each thermal
imaging image to do radiation temperature dot matrix subtraction processing, when the
temperature of the two heating methods is approximately the same, the value of the temperature
of the surface area of the non-leakage fluctuations in the vicinity of 15 °C, due to the high
emissivity caused by the false leakage of A, B interference is eliminated, only the real leakage
of the infrared characteristics of the high radiation temperature of the point C, and then you can
accurately determine whether the leakage occurs.
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Figure 11: Treatment results of temperature distribution

We collect multiple steam leakage experimental data captured by infrared camera and build
our own dataset to carry out performance testing experiments. When there is no need for leakage
level judgment, and only do the dichotomous discrimination between leakage and no leakage,
this paper defines the sample size of no leakage but predicted to be leakage than on the real
leakage sample size as the false alarm rate of leakage, and the value of the predicted real leakage
sample size compared to on the real labeled leakage is the alarm rate of leakage, and the closer
the value is to 1 the better it is, and it can be greater than 100%. The detection results of different
algorithms are shown in Table 3. In this paper, we use the algorithm leakage alarm rate closest
to 1, the best detection effect.LSBP algorithm is more sensitive, exceeding 100%, more false
alarms.GMG algorithm has the worst recognition effect for this scenario, only 12.45% alarm
rate. Accuracy and recall are both dichotomous indicators, when used for multi-classification,
this paper according to the proportion of samples in the total samples for the four classes of
results to assign weights to take the weighted average to get the corresponding indicators, it can
be seen that the detection of each leakage class class i has different feature thresholds, resulting
in other algorithms of the F1 indicators with i (i=1,2,3) class precision rate is not high, coupled
with the imbalance of the samples of each class, it will occur take the value of 0 as a result.
However, the steam leakage problem is most concerned with leakage or not, i.e., dichotomous
problem, it can be seen that the algorithms in this paper and other algorithms perform better in
terms of leakage alarm rate and false alarm rate, except for GMG algorithm which can reach
more than 90%, and the false alarm rate is less than 3%.

Table 3: Detection results of different algorithms(%)

LSBP GMG CNT The proposed
Leakage alarm rate 102.57 12.45 94.25 99.13
Leak false alarm rate 2.57 0.00 0.00 0.00
Precision 18.48 93.01 28.74 93.56
Recall 20.18 8.37 49.17 92.55
F1 19.29 15.36 36.28 93.05
Type 1 accuracy 49.66 0.00 0.00 47.27
Type 2 accuracy 3.15 68.38 54.12 91.59
Type 3 accuracy 17.37 0.00 0.00 99.02
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4 Conclusion

In consideration of the function requirements for intelligent inspection in gas power plants, an
optimized YOLOV5 detection algorithm is combined with infrared thermal imaging technology
to accomplish accurate oil and steam leakages. Based on a comprehensive experimental study
with different scenarios, the feasibility of the proposed method was analyzed via experimental
test results and simulation tests on the designed samples.

(1) In terms of the self-created dataset, the detection accuracy of the improved YOLOvV5
algorithm can reach up to 80.14%, while the algorithm can also achieve 3-5 FPS enhancement
compared with the state-of-the-art methods like YOLO series. According to ablation studies,
applying three optimizations simultaneously can produce the most effective results among all
the examined algorithms, with the highest mAP in both single and multiple leakages detection
scenarios.

(2) The results of normal and tilt detection show that this method can eliminate the
interference of false leaks and retain only the overheating characteristics of real leaks with a
significant increase in temperature gradient. The steam leakage alarm rate is close to 1 and the
false alarm rate is O, which is better than the comparative algorithms such as LSBP.

This paper's platform is able to efficiently detect pipeline leaks and defects in gas power
plants in complex environments, providing feasible technical support and realization paths for
the safety monitoring of smart power plants.
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