
Research Article
Acoustic Emission-Based Small Leak Detection of Propulsion
System Pipeline of Sounding Rocket

Lin Gao,1,2 Lili Dong,2 Jianguo Cao ,1 Shaofeng Wang,2 and Wenjing Liu2

1University of Science & Technology Beijing, Sch Mech Engn, 30 Xueyuan Rd, Beijing 100083, China
2Inner Mongolia Key Laboratory of Intelligent Diagnosis and Control of Mechatronic Systems,
Inner Mongolia University of Science and Technology, No. 7 Arden Ave, Baotou, Inner Mongolia 014010, China

Correspondence should be addressed to Jianguo Cao; donglili19961214@163.com

Received 1 March 2020; Revised 8 June 2020; Accepted 7 July 2020; Published 31 July 2020

Academic Editor: Francisco Beltran-Carbajal

Copyright © 2020 Lin Gao et al..is is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

For pipes connected by pipe joints, leaks in the pipeline system are likely to occur at the pipe joints as opposed to the tube itself.
.us, early detection is critical to ensure the safety of the pipeline system. Based on acoustic emission (AE) techniques, this paper
presents an experimental research on small leak detection in gas distribution pipelines due to loosening of the pipe joint
connection. Firstly, the acoustic characteristics of leak signals are studied; then, features of signals are extracted. Finally, a classifier
based on the support vector machine (SVM) technology is established, and the qualified features are selected to detect the leak. It is
verified that the main frequency of the AE small leak signal due to the failure of the pipe joint is focused in the range of 33–45 kHz,
and the algorithms based on SVM with kernel functions all can reach a better estimation accuracy of 98% using the feature
“envelope area” or the feature set {standard deviation (STD), root mean square (RMS), energy, average frequency}.

1. Introduction

Pipes as a device for transporting gas are used in various
applications. A serious issue in this process is leaks in the
pipeline system, which reduces the efficiency of the entire
pipeline transportation and also poses a threat to the safety
of personnel working in this environment. .us, efficient
and convenient pipeline leak detection and location is very
important for the maintenance and management of pipeline
systems. In particular, in civil engineering field, a variety of
pipes, such as gas drainage pipes in coal mine, urban water
supply pipes, and oil conveying pipes, are used either as
distribution networks (DNs) or transmission mains (TMs).
As described in [1], the methods of addressing the trans-
mission main leakage are different enough from distribution
networks to warrant separate consideration. In general,
transmission mains are buried deep underground and in less
accessible locations than distribution lines, often making
them impractical to detect. Many research methods have
been proposed in the past for the detection of transmission
lines, including fiber optic methods [2], thermography

methods [3, 4], balance methods [5], and tracer methods [6].
.ese methods rely on a strong hardware and software
foundation, and the final leak false rate is relatively large. In
recent years, elastic stress waves are induced when there is a
leak in the pipeline, which generate AE signals that represent
the leak, and the acoustic emission technology is used to
detect the leak. Firstly, for identifying the leak location, Han
et al. [7] proposed a combination of wavelet
packet algorithm and radial basis function network (RBFN).
Lee et al. [8] presented a method based on theoretical
analysis to detect a leak and confirmed that wavelet trans-
form (WT) is an effective tool for determining the source of
the leak. Wu et al. [9] presented an improved leak locali-
zation identification method, which is a combination of two
location methods. Xu et al. [10] presented a multi-level
location method for regional location and precise location.

In recent years, transient test based techniques (TTBTs),
a newly introduced method, is gaining interest as an eco-
nomical and effective way to diagnose the pipe network
condition [11]. Meniconi and Brunone et al. [12, 13] pro-
posed the possibility of using TTBTs for the location and
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sizing of branches. .e characteristic of branches lies in that
it is considered as intermediate between those of classical
DNs or TMs system mentioned above.

Although there are many research methods for leak lo-
cation identification, thesemethods are proposed based on the
case where the pipelines have large leaks and the leak location
is in the tube itself. In reality, the piping system is made up of
many signal tubes and its leak is not prone to occur in the tube
itself but in the pipe joints. Considering the security and
tightness of the piping system, pipe joints are widely used as
connectors in high precision piping systems. For gas distri-
bution pipe that is subjected to a certain pressure, the leak is
most often caused by the loosening of the pipe joints con-
nection, so it is necessary to effectively identify the leak.

A commonmethod for leak detection using AE signals is
parameter analysis. Some characteristic indices which can
discriminate leak signals and environment signal are se-
lected such as peak, average, root mean square, energy, and
other time domain parameters and peak frequency, average
frequency, and other frequency domain parameters. Li et al.
[14] proposed an experimental study which is to extract the
effective parameters to detect the leak of a water distribution
system subject to failure of socket joint. Yu and Li [15]
proposed an experimental investigation which is to extract
the effective parameters leak to achieve the small leak de-
tection of the galvanized steel pipe due to screw thread
loosening. Quy et al. [16] proposed a study which is to
construct a new signal containing information about leak
symptoms and by extracting effective features to leak de-
tection. However, the limitation of this method is that the
selected parameters cannot be deterministic for different
leak conditions. At the same time, there are some excellent
and sophisticated methods that are widely used for signal
noise denoising and feature extraction, such as modal de-
composition, empirical mode decomposition, wavelet the-
ory, and HHT transform. [17–20]. But these complex
methods of processing signals are currently carried out for
large pipeline leaks.

Another major problem about pipeline leak analysis is to
timely identify leaks with low recognition false alarms. At
present, modern pattern recognition techniques are widely
used in specific engineering and image analysis [21–24].
Popular algorithms for leak classification include k nearest
neighbor (KNN), logistic regression (LR), artificial neural
network (ANN), and support vector machine (SVM), but
there is no uniform definition of algorithms in diagnosis
recognition problems. Generally, the performance of neural
network and support vector machines on recognition is
better than others [25]. Hence, this paper focuses on SVM,
one of the most powerful classifiers in the literature. For the
leak evaluation, the SVM-based two-class pattern classifi-
cation has been proven to be an effective method that can
accurately evaluate whether a leak-induced AE pattern in the
analyzed AE signal exists or not. .is paper proposes a study
on the problem of gas pipe leak. Two pipes isolated from the
pipe system are connected by pipe joints. .e experimental
apparatus is set up to simulate the leak in the gas pipeline due
to loosening of thread pipe joint. .e acoustic characteristics
of the pipeline leak signal are studied, and the representative

characteristics of signal leak are extracted..en, the classifier
based on a support vector machine is constructed, and the
feature selection is based on the classification standard to
form the classification model for gas pipeline detection.

2. Experimental Setup

To simulate the leak due to failure of pipe joint in the
propulsion pipeline of the sounding rocket, an experi-
mental setup is specifically designed. .e two pipe seg-
ments of 20mm diameter, 500mm length, and 3mm
thickness are selected and connected by using pipe joint.
.e pipes are made of aluminum-alloy (AlCu6Mn). A
plastic blind case is installed at the end of one of the pipes
by using a screw thread connection. In Figure 1(a), gas is
pumped into the pipeline through the air compressor and
the internal pressure of the pipe is controlled by an air
compressor at 5 bar. Leak is formed by loosening the pipe
joint connection. To explain the phenomenon about leak,
the bubble leak detection method was used in the ex-
periment. .e leaking pipe is immersed in water com-
pletely; then bubbles are gradually generated by the leak in
the location. In Figure 1(b), an AE sensor was placed on
the side of the pipe without tape with 5mm away from the
pipe joint. .e AE signal was pre-amplified by a pre-
amplifier (PAC, MISTRAS, 2/4/6) operating at 60 dB
amplification and collected by an 8-channel AE data
acquisition card (PAC, Micro-II Express, 1MS/s) driven
by an ancillary data processing software (PAC, AE Win).
.us, the AE sensing system was utilized to measure and
collect the leak AE signal.

3. Procedure Correlating with Leak Detection

3.1. Extraction of Characteristic Indices. In this type of
specific engineering case, the time and frequency charac-
teristics of the leak AE signal generated by pipe joint
loosening are unknown. When the pipe leaks, there are
many features in the time domain and frequency domain of
the signal that separately contain leak information. It is
considered that extracting characteristic indices from the
time domain and frequency domain of the AE leak signal
can be used to evaluate the experimental case [10].
.erefore, the most typical characteristics of the AE signal
are listed, such as peak, mean, STD, RMS, and energy in
time domain as well as skewness, kurtosis, peak frequency,
and average frequency in frequency domain. At the same
time, there will be a frequency band about the leak signal in
the frequency domain when the pipe leaks. .erefore, there
is a bold hypothesis: if the frequency band of the leak signal
can be enveloped, the envelope area of the characteristic
frequency band around may be an important characteristic
index to evaluate the leak. So, the nine features and the
envelope frequency are extracted to analyze the leak AE
signal.

3.2. SVM-Based Leak Detection Algorithm. After features
are extracted, due to the selection of features and the final
accuracy of pattern recognition, it is necessary to rely on a
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powerful classifier. .ere are many intelligent classifica-
tion algorithms which have been developed for the specific
problem. SVM-based classification algorithm is a rela-
tively mature algorithm developed for such two-class
classification problems. For leak detection using acoustic
signals in this work, SVM with OVA (One-vs-All) algo-
rithm is employed. .e basic idea of SVM is to seek an
optimal separating hyper plane as the decision surface,
which can classify two classes of data whilst maximizing
the distance between the points over the separation
margin and the hyper plane. .e corresponding learning
process has mainly two stages, the training and the testing.
Suppose there is a set of training samples (xi, yi) that
belongs to two classes of data, i � 1, 2, . . ., n, xi ∈Rd, yi �±1.
For linear hyper plane,

(w · x) + b � 0, (1)

where w and b are undetermined coefficients; SVM solution
can be transformed into a convex quadratic programming
problem:

min
1
2
w2

, (2)

subject to

yi((w · x) + b)≥ 1. (3)

.e above SVM model only works for the linearly
separable samples. For practical classification problems
which are most nonlinear, SVM maps the samples to a
higher even infinite dimensional feature space through
nonlinear mapping and then solves the nonlinear clas-
sification with methods used in linear problems. In order
to avoid sophisticated process of nonlinear mapping, the
kernel functions are introduced to substitute it. Finally,
by applying the linear SVM method in feature space,
the classification decision function can be obtained as
follows:

f(x) � sgn 
n

i�1
αiyiK xi, xj  + b⎡⎣ ⎤⎦, (4)

where n is the total number of training data points; αi are
Lagrange coefficients corresponding to a support vector
(SV); K(xi, xj) is the pre-defined kernel function; and b is
the threshold constant; f(x)> 0 indicates one class while f(x)
< 0 represents the other.

It is commonly known that the choice of the kernel
functions plays a decisive role in building the decision
boundary function. .ree common kernel functions, in-
cluding linear kernel (KL), polynomial kernel (KP), and
Gaussian RBF kernel (KG), are employed in the training
phase to find the optimal SVM solution. At the same time,
considering the final classification accuracy, this paper
chooses OVA (One-vs-All) classifier constructed with the
features which are trained by k-fold cross-validation. k-fold
cross-validation is a more popular analysis method. All
training samples in training are divided into k sample
subsets which have the same number; one of the sample
subsets is selected as test sample and the other k− 1 sample
subsets are training subsets, through calculating the average
accuracy of the k test results to define the classification
accuracy, so that the classification model generalization is
optimal. .is article chooses 5-fold cross-validation.

3.3. Selection of Characteristic Indices. After the feature
extraction and leak detection algorithm is employed, totally
10 features are extracted from the raw data of AE signals. To
filter the qualified feature indicators suitable for intelligent
recognition, the feature selection plays a significant role. In
brief, if the classification ability of features is weak, even if
the algorithm for intelligent classification is excellent, the
classification result would be poor. If there are many re-
dundant features in the feature set, it will also interfere with
the classification result of the classifier. Feature selection is a
procedure to find features associated with leak and discard
correlate features. .is paper proposes the research method
based on SVM classification, so the indicators should be
selected by constructing the classifier. Finally, the better
signal features correspond to the higher accuracy of three
classifiers.
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Figure 1: Experimental setup: (a) calibrating leak rate; (b) recording leak AE signal.
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4. The Experimental Results and
Performance Evaluation

4.1. Data Acquisition of Raw AE Signals. In order to better
distinguish between leak signal and background noise, a
broad spectral band AE sensor (Physical Acoustics Cor-
poration (PAC), S9208) is firstly utilized to capture the
generated AE signal in experiment. Furthermore, the leak
is set relatively large to form the leak sources to get a
complete comprehension on the effect of known leak
source on the AE signal induced. .e primary comparison
of the time and frequency characteristics of the raw AE
signals collected by a broad spectral band AE sensor about
environmental noise and small leak which is 0.5ml/s is
illustrated in Figure 2. It can be observed that (1) there is
no typical difference between the two typical AE signals in
time and frequency domain; (2) the local acoustic energy
of the frequency concentrates in the range of 20–50 kHz;
(3) one spike locates at 20 kHz, regardless of whether a
leak source exists or not in Figure 2(b) and the corre-
sponding peak values have almost no change; (4) as the
leak occurs, peak values in the frequency range of
33–45 kHz have a slight change. .e change can be
regarded as the effect of known leak on the leak AE signal
in frequency domain.

It can be seen from Figure 2 that, for the rocket
pipeline connected by the pipe joint, the characteristic
frequency band of the leak AE signals caused by the
looseness of the pipe joint thread is about 33–45 kHz.
Hence, a narrow spectral band AE sensor (Physical
Acoustics Corporation (PAC), R6a) whose center fre-
quency is around 50 kHz is further utilized to receive the
AE signal generated in experiment. In addition, in order
to get a deeper understanding about characteristics of the
micro-leak AE signal, a small leak is set to form a leak
source at the pipe joint which is 0.2 ml/s. .e induced leak
AE waveform is similar to the time domain shown in
Figure 2(a), and the almost same acoustic energy distri-
bution appears in the frequency range 20–50 kHz in
Figure 3. .ere still is one spike which locates around
20 kHz. It is worth noting that there are many new
findings which are as follows: (1) the peak values around
33–45 kHz do not significantly change with the presence
of the leak. Obviously, such frequency domain feature
cannot be clearly utilized to distinguish the leak; (2) it can
be found that the frequency band around 33–45 kHz
becomes denser with the presence of the leak. .erefore,
the authors think that the envelope area of the frequency
band 33–45 kHz may be an important characteristic index
to evaluate the real leak rate in this study.

For the classification problem in this paper, the leak
recognition algorithm can be described in terms of the
following six steps:

Step 1: Extracting samples and calculating the features
of training samples.
Step 2: Building the SVM models with the kernel
functions KL, KP, KG and combinations of envelope
area and the other nine characteristic indices.

Step 3: Selecting the appropriate characteristic indices.
In testing, the classification accuracies of the afore-
mentioned SVM models built in Step 2 with the same
kernel function were compared to determine the best
characteristic indices.
Step 4: Selecting the appropriate kernel function. In
testing, in contrast to Step 3, the classification accu-
racies of the aforementioned SVM models built in Step
2 with the same characteristic indices were compared to
determine the best kernel function.
Step 5: Determining the optimal SVM model and then
detecting the leak. .e comprehensive comparison is
made on the classification accuracy of the SVMmodels
in Steps 2 and 3 to obtain the optimal SVM model,
which is then used to detect the leak signal.
Step 6: Verifying the optimal SVMmodels built in Step
5. A group of new samples are chosen to detect leak by
Steps 1∼5.

4.2. Extraction of Characteristic Indices. Based on the
analysis of the original data, firstly 200 samples are randomly
selected and the duration of each sample is 100ms; then the
envelope area of 33–45 kHz and the other nine characteristic
indices are extracted. In order to better compare the AE
signal, the feature values need to be processed as follows: (1)
each feature indicator is averaged; (2) the features of
background noise are normalized. .e relative values of the
ten features regarding the two test cases (C1-C2) are given in
Table 1.

In contrast with the background noise, the envelope
areas of the characteristic frequency band 33–45 kHz present
a monotonic increase with the presence of the leak and show
a great difference compared with other characteristics in-
dices. .is kind of variation also confirms the authors’
conjecture. For other nine features, their variations also
show the correlations with the leak. However, the nine
features have different performances for leak. For instance,
STD, RMS, and energy in time domain whose character
increases with the presence of the leak are more obvious than
other features in time domain, as well as average frequency
in frequency domain whose character is weaker than other
features in frequency domain. So, it is necessary to select the
qualified indicators and best feature indicators.

4.3. Selection of Characteristic Indices. Due to the incon-
sistent performance of the nine features in time and fre-
quency domain on the leak, the different SVM models were
constructed by characteristic indices (mean, STD, RMS,
peak, energy, skewness, kurtosis, peak frequency, and av-
erage frequency) and kernel functions KL, KP, and KG. 70
percent of the raw AE data including leak signal and en-
vironmental noise are randomly selected as the training set.
.e remaining 30 percent are used as the testing set.

Figure 4 lists the results after running the test for 9
features. It can be seen that a total of 4 characteristic indices
are qualified which all have more than 90% classification
accuracy. In the qualified characteristic indices, the time
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domain features are dominant, and the qualified time do-
main parameters in Table 1 are better than other time do-
main features for leak, while the qualified frequency domain

features are poor for the leak. .e time domain features may
be more stable than frequency domain features in analyzing
leaks. In summary, through the test results, it is determined
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Figure 2: Characteristics in time and frequency domain of leak AE signals captured by PAC AE sensor S9028: (a) environmental noise; (b) 0.5ml/s.
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Figure 3: Characteristics in time and frequency domain of leak AE signals captured by PACAE sensor R6a: (a) environmental noise; (b) 0.2ml/s.

Table 1: Relative values of 10 characteristics indices.

Case Leak rate
(ml/s) Envelope area

Time domain Frequency domain
Mean STD RMS Peak Energy Skewness Kurtosis Peak frequency Average frequency

C1 0 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
C2 0.2 1.1563 1.0170 1.0470 1.0416 1.0255 1.0818 1.0310 1.0432 1.0401 1.0230
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that features including STD, RMS, energy, and average
frequency may be employed as candidates for SVM-based
pattern recognition.

4.4. Detection for Leak. Considering a case which is the
extraction of the envelope area of the leak frequency band
and the feature sets, the SVM-based classifier is constructed
as in the steps given in Section 4.3. Using different feature
combinations including {envelope area}, {STD, RMS, en-
ergy}, {STD, RMS, energy, average frequency} by taking one
or more features from the candidates, the training results
based on 5-fold cross-validation are presented in Table 2.
.e test results based on the trained SVM model using
different features set are shown in Figure 5.

It can be obviously observed that different characteristic
indices have very different classification accuracies, as
follows:

(1) It can be seen that for the training results shown in
Table 2, regardless of the kind of kernel function,
false alarm rate of the case using the index set {STD,
RMS, energy, average frequency} is generally lower
than that using the index set {STD, RMS, energy}. It
illustrates that the combination of time-frequency
domain features can effectively reduce false alarm
rate, compared with the combination of time domain
ones only. Although the accuracy of the set {STD,
RMS, energy} is only 98.88% which is the minimum
level in all cases, it is higher than the max 95.45%
accuracy in Figure 4. It indicates that a combination
of various qualified characteristic features, whether
in time domain or frequency domain, can increase
the accuracy of pipe leak detection, compared to the
single feature index in Figure 4.

(2) It is also worthy to note that, corresponding to kernel
functions KL, KP, and KG, false alarm rate of the
proposed feature index envelope area is 0%, 0%, and

0.75% which is much lower than that of the feature
index set {STD, RMS, energy} and {STD, RMS,
energy, average frequency}. .e testing results in
Figure 5 also show that the accuracy of index En-
velope Area is the highest regardless of the kind of
kernel function. Hence, the proposed feature index
envelope area in this article can significantly reduce
false alarm rate.

For the selection of kernel function, through the training
results of the SVM-based classifier in Table 2, it can be seen
that the SVM models with kernel function KG or KL are
more accurate and efficient with a≤ 0.75% false alarm rate
overall, compared with the kernel function KP. Similarly, as
described in Figure 5 about testing results, the average ac-
curacy of the kernel function KP is lower than that of KG and
KL. In particular, when the feature index envelope area is
selected, the SVM model with the kernel function KL is of
the highest accuracy with 100% in both training and testing
results. .erefore, it can be concluded that the kernel
function KL is the most appropriate for the pattern rec-
ognition problem considered in this study.

In summary, based on an overall analysis of training and
testing of experimental data, the characteristic index en-
velope area and the kernel function KL can be regarded as
the optimal combination to construct the SVM model for
detecting the small leak generated in the propulsion system
pipeline of the sounding rocket.

4.5. Validation for Detection. In order to verify the cor-
rectness of the optimal kernel function and characteristic
indicators for leak detection, a new leak sample is re-ac-
quired based on Table 1 leak range to extract feature. .e
verification results based on the original training model are
shown in Figure 6. At the same time, in order to verify the
correctness of the results for the unqualified features filtered
out by Section 4.3, the unqualified features are combined
with the effective features to construct the SVM classification
feature set, and the test results are shown in Table 3.

It is quite clear in Figure 6(b) that feature set {STD, RMS,
energy, average frequency} has a classification accuracy
higher than 98% in contrast to that of feature set {STD, RMS,
energy} which is less than 98%. .us, whatever kernel
function is chosen, it can be verified that the combination of
time-frequency domain features can reduce false alarm rate.

As shown in Figure 6(a), the SVMmodel with the feature
index “envelope area” has the highest accuracies with
99.24%, 99.24%, and 98.48% corresponding to kernel
functions KG, KL, and KP. .eir accuracies, in general, are
higher than those of feature combination set {STD, RMS,
energy, average frequency} in Figure 6(b). .erefore, the
feature index “envelope area” can be validated as the best one
to achieve high estimation accuracy for the detection.

In addition, the verification results for the unqualified
feature indices are as follows. Even when these unqualified
features are combined with each other, such as the com-
bination {mean, STD, RMS, peak, energy} and {skewness,
kurtosis, peak frequency, average frequency} in Table 3, their
classification accuracies are only up to 96.21% which is lower
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Figure 4: .e results after running the test for 9 features.
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Table 2: Training time and overall accuracy for 3 kernel functions utilizing the training sets.

SVM model KL KP KG

Feature Kernel
function

Train time
(s)

False alarm rate
(%)

Train time
(s)

False alarm rate
(%)

Train time
(s)

False alarm rate
(%)

Envelope area 0.1078 0 0.1236 0 0.1049 0.75
{STD, RMS, energy} 0.1242 0.75 0.1251 1.12 0.1244 0.75
{STD, RMS, energy, average
frequency} 0.1326 0.75 0.0918 0.75 0.1481 0.75
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Figure 5: .e results after running the test for envelope area and feature sets.

KG KL KP
Kernel function

80

85

90

95

100

Ac
cu

ra
cy

 (%
)

Envelope area
STD
Average frequency

Energy
RMS

(a)

KG KL KP
Kernel function

97.5

98.5

99.5

100

Ac
cu

ra
cy

 (%
)

STD, RMS, energy, average frequency
STD, RMS, energy

(b)

Figure 6: .e validation results for kernel function and features: (a) qualified features; (b) feature sets.

Table 3: Validation results for unqualified features based on 3 kernel functions.

Kernel function/
feature set

Accuracy of testing set (%)
{Mean, STD, RMS,

peak, energy}
{Skewness, kurtosis, peak

frequency, average frequency} {Envelope, mean, peak} {Envelope, skewness, kurtosis,
peak frequency}

KG 96.21 94.70 99.24 99.24
KL 94.70 95.45 98.48 99.24
KP 94.70 94.70 97.73 99.24
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than that of the qualified feature combinations in
Figure 6(b). .erefore, the feature indices filtered out by
Section 4.3 have no effect on the accuracy increasing of the
SVM classifier and cannot be used as candidates for leak
identification.

It is interesting to note that, in Table 3, the unqualified
feature indices sets {envelope, mean, peak} and {envelope,
skewness, kurtosis, peak frequency} reach higher classifi-
cation accuracy from 97.73% to 99.24% due to addition of
feature index “envelope area”. It further demonstrates that
index “envelope area” plays an important role in decreasing
false alarm rate of pipe leak detection.

According to Figure 6 and Table 3, the SVMmodels with
kernel functions KG and KL both perform more precisely
overall in contrast with KP.When adopting the feature index
“envelope area,” the conclusion is the same. Considering the
similar results and discussion in Section 4.4, it can be val-
idated that the SVMmodel constructed with kernel function
KL is more suitable for reducing false alarms of failure in
pipe joints.

5. Conclusion

An experimental study is carried out for the small leak
phenomenon of rocket-pushing system pipe joint based on
the acoustic emission. .rough using the support vector
machine technology, the intelligent identification of the pipe
leak is realized with the result of lower false alarm rate. .e
main conclusions are as follows:

(1) With regard to the specifically broadband frequency
sensor and the narrow-band sensor simulation ex-
periments for the phenomenon of the small leak of
the pipe joint, through analyzing from the per-
spective of time domain and frequency domain,
there is no significant difference between the small
leak signal and the background noise from the time
domain. .e frequency band of pipe joint leak signal
occurs at 33–45 kHz. Accordingly, as a new feature
index, envelope area of leak AE signals in the fre-
quency band 33–45 kHz is proposed.

(2) .rough the SVM test results, it is determined that
features including STD, RMS, energy, and average
frequency all have higher classification accuracy than
the last five features, so they could be employed as
candidates for pattern recognition.

(3) .e proposed SVM models with characteristic index
set {STD, RMS, energy, average frequency} have
generally higher accuracy than those using the set
{STD, RMS, energy}. In contrast with single char-
acteristic index, the combination of time- and fre-
quency-domain characteristic indices increases the
classification accuracy. Besides, SVM models with
kernel function KL are the most accurate and effi-
cient; KG ranks next to KL.

(4) .e proposed feature “envelope area” in this paper
can achieve leak identification of rocket propulsion
system pipe joint with good estimation accuracy, and

its accuracy is even higher than the combination of
time domain and frequency domain features {STD,
RMS, energy, average frequency}. It indicates that
the feature index “envelope area” can reduce false
alarm significantly.

Data Availability

.e data used to support the findings of this study are
available from the corresponding author upon request.

Conflicts of Interest

.e authors have declared that no conflicts of interest exist.

Acknowledgments

.is work was funded by the National Natural Science
Foundation of China (NSFC), grant nos. 51565047 and
51635010; Inner Mongolia University of Science and
Technology Innovation Fund, grant no. 2017YQL04; and
Natural Science Foundation of Inner Mongolia, grant nos.
2017MS(LH)0531, 2018MS05007, and 2019MS05041.

References

[1] L. Laven and A. O. Lambert, “What do we know about real
losses on transmission mains?,” in Proceedings of the IWA
Specialised ConferenceWater Loss, pp. 1–10, Manila, RP, USA,
2012.

[2] J. Buerck, S. Roth, K. Kraemer, and H. Mathieu, “OTDR fiber-
optical chemical sensor system for detection and location of
hydrocarbon leakage,” Journal of Hazardous Materials,
vol. 102, no. 1, pp. 13–28, 2003.

[3] L. Mathieu and H. Yang, “Small-target leak detection for a
closed vessel via infrared image sequences,” Infrared Physics &
Technology, vol. 81, pp. 109–116, 2017.

[4] M. S. Jadin and K. H. Ghazali, “Gas leakage detection using
thermal imaging technique,” in Proceedings of the 2014
UKSim-AMSS 16th International Conference on Computer
Modelling and Simulation, IEEE, Cambridge, UK, pp. 302–
306, 2014.

[5] G. Griebenow and M. Mears, “Leak detection implementa-
tion; Modeling and tuning methods,” Journal of Energy Re-
sources Technology; (USA), vol. 111, no. 2, 1989.

[6] R. Ben-Mansour, M. A. Habib, A. Khalifa, and
D. Chatzigeorgiou, “Computational fluid dynamic simulation
of small leaks in water pipelines for direct leak pressure
transduction,” Computers & Fluids, vol. 57, pp. 110–123, 2012.

[7] X. Youcef-Toumi, S. Zhao, X. Cui et al., “Localization of CO2
gas leakages through acoustic emission multi-sensor fusion
based on wavelet-RBFNmodeling,”Measurement Science and
Technology, vol. 30, no. 8, Article ID 085007, 2019.

[8] M. R. Lee and J. H. Lee, “A study on characteristics of leak
signals of pipeline using acoustic emission technique,” Solid
State Phenomena, vol. 110, pp. 79–88, 2006.

[9] Q. Wu and C.-M. Lee, “A modified leakage localization
method using multilayer perceptron neural networks in a
pressurized gas pipe,” Applied Sciences, vol. 9, no. 9, p. 1954,
2019.

[10] C. Xu, P. Gong, J. Xie, G. Chen, and G. Song, “An acoustic
emission based multi-level approach to buried gas pipeline

8 Shock and Vibration



leakage localization,” Journal of Loss Prevention in the Process
Industries, vol. 44, pp. 397–404, 2016.

[11] A. F. Shi, P. Lee, and B. W. Karney, “A selective literature
review of transient-based leak detection methods,” Journal of
Hydro-Environment Research, vol. 2, no. 4, pp. 212–227, 2009.

[12] S. Meniconi, B. Brunone, M. Ferrante et al., “Anomaly pre-
localization in distribution-transmission mains by pump trip:
preliminary field tests in the Milan pipe system,” Journal of
Hydroinformatics, vol. 17, no. 3, pp. 377–389, 2015.

[13] S. Meniconi, B. Brunone, M. Ferrante, and C. Massari,
“Transient tests for locating and sizing illegal branches in pipe
systems,” Journal of Hydroinformatics, vol. 13, no. 3,
pp. 334–345, 2011.

[14] S. Li, Y. Song, and G. Zhou, “Leak detection of water dis-
tribution pipeline subject to failure of socket joint based on
acoustic emission and pattern recognition,” Measurement,
vol. 115, pp. 39–44, 2018.

[15] L. Yu and S. Z. Li, “Acoustic emission (AE) based small leak
detection of galvanized steel pipe due to loosening of screw
thread connection,” Applied Acoustics, vol. 120, pp. 85–89,
2017.

[16] T. B. Quy, S. Muhammad, and J.-M. Kim, “A reliable acoustic
EMISSION based technique for the detection of a small leak in
a pipeline system,” Energies, vol. 12, no. 8, p. 1472, 2019.

[17] L. Sun, Y. Li, Z. Qu et al., “Study on acoustic emission pipeline
leakage detection based on EMD signal analysis method,”
Piezoelectrics&Acoustooptics, vol. 30, no. 2, pp. 239–241, 2008.

[18] L. Zhao, J. Wang, and T. Yu, “Study on the extraction method
for oil pipeline leakage signal feature based on improved
empirical mode decomposition,” Yi Qi Yi Biao Xue Bao/
Chinese Journal of Scientific Instrument, vol. 34, no. 12,
pp. 2696–2702, 2013.

[19] D. Li, J. Ou, C. Lan, and H. Li, “Monitoring and failure
analysis of corroded bridge cables under fatigue loading using
acoustic emission sensors,” Sensors, vol. 12, no. 4,
pp. 3901–3915, 2012.

[20] S. Li, L. Yibo, J. Shijiu et al., “Acoustic emission signal pro-
cessing method based on wavelet package and HHT trans-
form,” Chinese Journal of Scientific Instrument, vol. 29, no. 8,
p. 1, 2008.

[21] S. Valizadeh, B. Moshiri, and K. Salahshoor, “Leak detection
in transportation pipelines using feature extraction and KNN
classification,” in Proceedings of the Pipelines 2009: Infra-
structure’s Hidden Assets, pp. 580–589, San Diego, CA, USA,
2009.

[22] L. Ni, J. Jiang, and Y. Pan, “Leak location of pipelines based on
transient model and PSO-SVM,” Journal of Loss Prevention in
the Process Industries, vol. 26, no. 6, pp. 1085–1093, 2013.

[23] Z. Qu, H. Feng, Z. Zeng, J. Zhuge, and S. Jin, “A SVM-based
pipeline leakage detection and pre-warning system,” Mea-
surement, vol. 43, no. 4, pp. 513–519, 2010.

[24] M. Zhuge, M. Shahbazian, and K. Salahshoor, “Pipeline leak
diagnosis based on wavelet and statistical features using
Dempster-Shafer classifier fusion technique,” Process Safety
and Environmental Protection, vol. 105, pp. 156–163, 2017.

[25] S. Dreiseitl and L. Ohno-Machado, “Logistic regression and
artificial neural network classification models: a methodology
review,” Journal of Biomedical Informatics, vol. 35, no. 5-6,
pp. 352–359, 2002.

Shock and Vibration 9


