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Abstract

Due to fluctuations in flow rate, pressure, and pump operating states, as well as environ-
mental disturbances such as temperature variations and structural vibrations, pipeline
leakage signals exhibit significant nonstationary characteristics. The traditional fixed sensor
is limited by the layout position, resulting in suboptimal detection performance. For micro-
leakage, it is even more difficult to achieve detection. With the advantages of small size and
strong passing ability, the acoustic inner detector is well-suited to the task of comprehensive
pipeline detection. Therefore, this paper carried out unsteady micro-leakage detection
based on acoustic internal inspection signals. The unsteady micro-leakage simulation
experiment of pipeline was carried out, and the leakage acoustic signal was collected for
method verification. This paper investigates the integration of variational mode decom-
position (VMD), random forest (RF) and least squares support vector machine (LSSVM)
for signal processing and leakage classification. An unsteady micro-leakage detection
method based on acoustic internal inspection signals was proposed, which is well-suited to
the leakage detection task of pipelines. Experimental results indicated that the proposed
method achieved a recognition accuracy of 95.31%, outperforming conventional leakage
detection methods.

Keywords: leakage detection; acoustic signals; unsteady micro-leakage; internal inspection;
machine learning

1. Introduction

Oil and gas resources are an important part of the global energy system, and the safe
and efficient transportation of oil and gas is crucial [1]. Among the various modes of oil and
gas transportation, pipelines are distinguished as the optimal choice for long-distance, large-
volume transport due to their continuous, safe, and cost-effective nature [2,3]. Pipeline
transportation holds a critical position in national energy strategies [4,5]. However, actual
operations often involve incidents of oil and gas leakage. According to statistics from
the Transportation Safety Board of Canada [6], of the 63 pipeline transportation incidents
that occurred in 2024, 62% of the leakage incidents occurred along the pipeline, while the
remaining 38% of the leakage incidents occurred in supporting facilities.

Currently, pipeline leakage detection technology, incorporating theories such as signal
processing and artificial intelligence, is gaining increasing attention. Based on the type of
data sources and processing methods, pipeline leakage detection methods are primarily
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categorized into a model-based leakage detection method and a signal-based leakage
detection method.

The model-based leakage detection method generally comprises three stages: model
construction, model validation, and leakage detection [7]. Initially, the system model is
built according to the pipeline fluid dynamics mechanism. Subsequently, model calibration
is used to estimate the pipeline parameter states. Ultimately, by comparing the estimated
values with actual measurements, it is possible to determine if there is a leakage in the
pipeline. State estimation can be accomplished using various algorithms, such as Kalman
filtering [8,9] and moving horizon estimation [10]. However, the model-based method
is often idealized, which limits its ability to adapt to the actual pipeline, resulting in
suboptimal detection performance.

The signal-based leakage detection method is highly suitable for pipeline systems
with extensive monitoring capabilities. The complex operations of system modeling can
be avoided using signal-based methods. The outliers from monitoring data are directly
identified, thus the judgment of pipeline leaks is achieved. The monitoring data includes
flow, pressure, and acoustic signals. Detection methods relying on flow signals are less
commonly used because changes due to leaks are gradual. Especially for micro-leakages,
the flow signal changes weakly, which requires high accuracy of the flow sensor and is
difficult to implement [11]. Pipeline leakage detection predominantly utilizes pressure
signals, which more intuitively represent the leakage characteristics and are straightforward
to detect [12]. It has been established that, in the event of pipeline leakage, there is
a transient pressure drop at the leakage location. This pressure drop propagates along the
pipeline and creates a negative pressure wave. The objective of pressure-based detection
method is to capture this negative pressure wave signal, analyzing changes in amplitude
and time differences to effectively detect and locate the leakage [13]. The detection method
based on acoustic signals is the most widely adopted and offers superior performance [14].
However, the acoustic signal is susceptible to noise interference, which can affect the
detection accuracy. Thus, effective signal processing is essential. Classic signal denoising
methods include wavelet decomposition (WD), empirical mode decomposition (EMD),
and variational mode decomposition (VMD). Condition identification is mainly based on
intelligent algorithms such as machine learning (ML) [15,16] and deep learning (DL) [17,18].
Table 1 provides a summary of signal processing methods.

Table 1. Summary of signal processing methods.

Methods Research Works Main Findings
WD is effective for capturing transient components, but its performance
WD [19,20] . . . .
depends heavily on the selection of wavelet basis functions.
EMD decomposes a signal into multiple intrinsic mode functions (IMFs) and is
EMD [21,22] suitable for processing unsteady and nonlinear signals. However, it is
susceptible to mode mixing and end effects.
VMD provides a variational decomposition framework that mitigates mode
VMD [23,24] .. o o :
mixing and end effects, yet it is sensitive to parameter selection.
SVM is suitable for small-sample classification problems, but its performance
SVM [25,26] : . .
relies on kernel function selection.
DL [27,28] DL enables automatic deep feature extraction and possesses strong

representation ability, but it requires extensive labeled data.

Traditional ML methods, such as support vector machines (SVM), random forests (RF),
k-nearest neighbors (KNN), and ensemble learning models including XGBoost, AdaBoost,
and CatBoost [29,30], have been widely used in leakage detection [31]. These methods
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usually rely on handcrafted time domain, frequency domain, or time—frequency features
and achieve leakage state classification through supervised learning. Under conditions
of well-defined feature representations, such methods generally exhibit good stability
and robustness. At the same time, DL models have been introduced into acoustic signal
analysis, including convolutional neural networks (CNN), residual networks (ResNet),
and bidirectional long short-term memory networks (BiLSTM) [32]. These models can
directly take original time-series signals as input and automatically learn multi-layer feature
representations, thereby reducing dependence on manual feature engineering. In particular,
CNN is effective in capturing local features [33], while BILSTM shows advantages in
modeling temporal dependencies [34]. Therefore, DL models are used for leakage detection
under complex operating conditions.

However, under unsteady leakage conditions, acoustic signals are often characterized
by time-varying trends and transient impulses [35], which can cause some features to
change over time. For conventional ML methods based on handcrafted features, directly
using all features may introduce redundant and irrelevant information, thereby reducing
the diagnostic ability of the model. DL models provide an end-to-end framework for
automatic feature learning, but their performance is highly dependent on the availability
of sufficient labeled data [36]. When performing small sample detection, these models are
prone to overfitting, leading to unstable detection performance. Therefore, further research
on detection methods for unsteady acoustic signals is required. By integrating advanced
signal processing techniques, refined feature representations, and artificial intelligence
methods, reliable and robust leakage detection can be achieved.

To validate leakage detection methods, extensive experimental studies have been con-
ducted under steady leakage conditions. These studies have demonstrated the effectiveness
of various signal processing and intelligent diagnosis methods under controlled operating
conditions. Table 2 lists the research works of steady leakage detection experiments. In
the experiments, the platform is a closed-loop system, maintaining constant pressure at
the leakage point. Usually, a fixed position sensor is used for signal acquisition. However,
due to the limitation of distance, the detection ability of pipelines is limited. With the
advantages of small size and strong passing ability, the acoustic inner detector can well
adapt to the task of comprehensive pipeline detection. Therefore, it is necessary to carry
out research on acoustic internal inspection of pipeline unsteady leakage.

Table 2. Related leakage detection experiments.

Techniques Research Works Fluid Type Diameter Leakage Size
Acoustics [37] Air and water 50 mm OD 0.1,04,1,2,4 and 6 mm
Vibration [38] Water 76 mm ID and 102 mm ID 9.52 and 25.4 mm
Acoustics [39] Gas 50 mm ID 2,3,4and 5 mm
Acoustics [40] Air 10 mm ID 0.45 and 0.5 mm
Acoustics [41] Water 101.6 mm ID 6.35-25.4 mm

Note: ID represents the inner diameter; OD represents the outer diameter.

In view of the above problems, this paper studied the unsteady micro-leakage detec-
tion method based on acoustic internal inspection signals. The main contributions and
innovations are as follows. (1) Based on the acoustic internal inspection technology, the
unsteady micro-leakage simulation experiment of pipelines was carried out. (2) This paper
explored the application of VMD, RF and least squares support vector machine (LSSVM) in
signal processing and classification tasks, in addition to conducting combinatorial optimiza-
tion research. (3) An unsteady leakage detection method based on acoustic internal inspection
signals was proposed, and the recognition accuracy of leakage aperture was 95.31%.
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The paper is organized as follows. Section 2 describes the unsteady leakage detection
method in detail. Section 3 introduces the basic theory of the method. In Section 4, the
unsteady micro-leakage simulation experiment of pipeline is carried out. Section 5 is the
verification and analysis of the unsteady leakage detection method.

2. Unsteady Micro-Leakage Detection Method

The overall framework of the proposed pipeline unsteady leakage detection method
is illustrated in Figure 1, and consists of four phases: signal acquisition and segmentation,
preprocessing, feature extraction and selection, and leakage detection.

Signal acquisition Preprocessing Feature extraction Leakage detection
and segmentation (VMD) and selection (RF) (LSSVM)
Leakage simulati [
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Figure 1. Overall framework of the proposed pipeline leakage detection method.

In Phase 1, acoustic leakage signals are acquired by the acoustic internal detector
and subsequently segmented into multiple signal fragments to generate data samples for
subsequent analysis.

In Phase 2, the acquired acoustic signals are preprocessed using the variational mode
decomposition (VMD) algorithm. VMD adaptively separates the trend component and
transient impacts while suppressing background noise. Since background noise may
obscure leakage characteristics, and the trend component together with transient impacts
may reduce the generalization capability of the detection method under unsteady leakage
conditions, these interference components are effectively suppressed during preprocessing.

In Phase 3, statistical features are extracted from the preprocessed signals in both
the time and frequency domains to characterize the leakage state. Random forest (RF) is
subsequently employed to evaluate feature importance and select the features that remain
relatively stable under unsteady leakage conditions, thereby improving the robustness and
accuracy of leakage detection.

Finally, in Phase 4, the selected optimal feature subset is fed into the LSSVM classifier
to identify leakage signals corresponding to different leakage apertures.

Compared with conventional leakage detection frameworks, the proposed method is
specifically designed for unsteady leakage conditions by integrating VMD-based denoising,
RF-based selection of temporally stable features, and LSSVM-based classification to improve
the robustness and generalization capability of leakage detection.
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3. Basic Theory of Leakage Detection

As illustrated in Figure 1, the proposed pipeline unsteady leakage detection method
consists of four sequential phases. These phases are supported by the theoretical founda-
tions presented in this section.

3.1. Aeroacoustic Theory

Aeroacoustic theory primarily addresses the generation and propagation of sound
waves in gaseous media, particularly noise issues arising from aerodynamics. In the case
of liquid media, the fundamental principles of aeroacoustics remain somewhat applicable,
particularly when addressing underwater noise issues [42]. Lighthill’s acoustic analogy
theory represents a milestone in aeroacoustics. The central concept of this theory involves
forming a non-homogeneous wave equation through mathematical manipulation of the
continuity, momentum, and energy conservation equations governing fluid motion, known
as Lighthill’s equation [43]:

2 2T..
v = 2 M

where p’ is the density of flow field fluctuations, p’ = p — po, p is the density under
disturbance, pg is the density without disturbance, kg/ m3; a is the sound velocity value
under isentropic conditions, m/s; and T,-]- is called the Lighthill tensor, Pa.

Ffowcs Williams-Hawkings (FW-H) equation is based on the Lighthill equation, which
enables the treatment of sound sources on moving boundaries by incorporating source
terms associated with the moving surface [44,45].

0%T,

ij
axiaxj (2)

2/

where u; represents the component of the incoming flow velocity in the x; direction, m/s; f
denotes the wall function; p’ stands for the far-field sound pressure, Pa; (51-]' is the Kronecker
symbol; and J(f) is the Dirac delta function.

As illustrated in Equation (2), the right side terms of the equation correspond to
distinct noise sources. The first term, a monopole source, indicates the rate of change
in mass flow, resulting from fluid displacement due to a ruptured pipeline wall. The
second term, a dipole source, arises from fluid—structure interactions between the fluid and
the pipeline wall, valves, and leakage holes, manifesting as the divergence of pulsating
pressure on solid boundaries. The third term, a quadrupole source, represents the turbulent
stress of fluid ejected from pipeline leakage holes. The magnitude of these three noise
sources is closely linked to the conditions of the pipeline and fluid. Thus, by collecting and
analyzing acoustic signals from pipeline leakages, the condition of pipeline leakages can be
effectively determined.

3.2. Leakage Acoustic Characteristics
3.2.1. Initial Leakage Stage

When a pipeline leaks, the high-pressure medium inside the pipeline is abruptly
released, leading to the formation of shock waves in the gas at the leak point. This causes
a sudden change in the particle velocity, pressure, and density of the medium inside the
pipeline, subsequently generating leakage sound waves. The sound pressure of these
leakage sound waves is described by Equation (3).

poe—(t-t)/t >
P=1" t )
) <t
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where t; represents the time when the leakage sound wave is generated, s; t) represents
the time when the sound pressure decays to e ! times of the original amplitude, s; and py
represents the leakage sound pressure at time 1, Pa.

Performing a Fourier transform on Equation (3), the sound pressure in frequency
domain is obtained as Equation (4).

plw) = po e 11 4)

2
1 2
(5) +w
where j is the imaginary unit; w is the frequency of sound pressure, Hz.
The corresponding amplitude function is:

|P(w)| = poil (5)

2
1 2
(t0> T
Different from gas pipelines, liquid pipelines can generate hydrodynamic cavitation

during leaks. Consequently, the leakage sound pressure py consists of two components: the
maximum water hammer sound pressure p;, and the cavitation noise sound pressure pj.

Po = p1+p2 (6)

where p; is the maximum water hammer sound pressure, Pa; p; is the cavitation noise
sound pressure, Pa.

The signal from the pipeline during the initial leakage stage is simulated. Assuming
to =6, t; = 10, and pg = 1, the time domain waveform and frequency domain amplitude
diagram are shown in Figure 2. The time domain signal exhibits a narrow bandwidth near
the leakage point, displaying characteristics of a transient shock. The amplitude of the
frequency domain signals diminishes as frequency increases, with the energy of the leakage
acoustic signals predominantly concentrated in the low-frequency range.
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Figure 2. Leakage acoustic signal.
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3.2.2. Continuous Leakage Stage

After the leakage, the pipeline enters a stage of continuous leakage. During this stage,
the fluid at the leakage point generates turbulence, producing turbulent noise, which can
be characterized using a piston-type sound source. The leakage sound pressure [46] can be
represented as:

D= iw poloa? {2]1 (kay sin 9)] (cwort—kr) @)
2r ka, sin 6

where wj is the angular frequency of sound waves, rad/s; pg is the medium density, kg/m?;

ug is the sound source vibration amplitude, m; a, is the sound source radius, m; r is the

distance from any test point in the leakage field to the sound source, m; 6 is the angle

between the test point and the normal to the sound source cross-section, rad; and J; is

a first-order Bessel function.

3.3. Signal Denoising Based on VMD

VMD, as a form of modal decomposition algorithm, was introduced by Dragomiretskiy
and Zosso [47]. The algorithm effectively eliminates the mode mixing problem in EMD,
which is widely used for signal processing due to its adaptability and non-recursive
characteristics. During the solving process, this algorithm continuously updates the center
frequencies of each mode and finally decomposes them into k IMFs. In this paper, k
(i.e., the number of IMFs) is set to 7. It should be noted that the number of IMF components
is empirically determined based on repeated experiments to achieve a balance between
decomposition accuracy and computational complexity. The total sum of all IMFs is
equivalent to the original input signal. The expression for the constrained variational

[( ) ) ] .

where x(t) is the original signal; uy is the kth IMF component; §(t) is the unit step function;

problem is shown in Equation (8).

:1‘-

min
(e}, {wk}{

and wy is the center frequency corresponding to the kth IMF component.
The previous constrained variational problem is transformed into unconstrained by
introducing the Lagrange multiplier A(t) and the quadratic penalty factor «, as shown in

Equation (9).
. 2
L) e 2) = o] (a0 + ) <) e
2
¥ 700 = 20| + 0,50~z
2
The VMD optimization procedure is as below:
1. {u,% Ao w,% },and Al are initialized, setting n = 0 at this time;
Incrementing n by 1, #i, wy, and A are updated for all w > 0;
. k A
f@) - ¥ @+ 3 atw)+ )
i=1,i%k i=1,i%k 2

(10)
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PO A an
Jo w ﬁZH(w)‘ dw
k
AT (w) = AMw) + 9 [f(w) = Y a7 (w)] (12)

3. Step (2) is repeated until the constraint condition Equation (13) is satisfied.

2
An+l _ ~n
Uy Uy

2
5

3.4. Time Domain and Frequency Domain Feature Extraction Based on RF

2 <¢ (13)

k=1

nn
Uy

3.4.1. Feature Indexes

In data-based leakage detection methods, feature statistics from the time domain and
frequency domain frequently serve as inputs for decision models [48,49], as shown in
Tables 3 and 4.

Table 3. Time domain features of acoustic signals.

Number Features Expressions Number Features Expressions
T1 Mean % i X; T10 Entropy _ i pilog, p;
i=1 i=

Root-Mean- n . Peak

T2 Square (RMS) % .Zl xiz T11 Margin factor SEM
1=
T3 Peak max{|X]|} T12 Crest factor gﬂ’g
n Average rectified 1
T4 Standard \/ % 121 [x; — meam(X)]2 T13 value (ARV) Ei;1|Xi ‘
1= =
3
T5 Skewness 11 (xj —mean(X) T14 Zero-Crossing rate 1 f Isgn(x;) — sgn(x;_1)]
n;= std(X) n=2

T6 ghape lei{ctor % T15 ieak—to—l’eak max{X} — min{X}

quare-Root- n 2 pproximate . M\ Ml
17 Mean (SRM) (%421 Vxi |> 16 entropy A}'lj)nm [&7(r) = @ ()]

i=
T8 Energy il x12 T17 Impulse factor g"—lg";
1=
4
T9 Kurtosis 12 (x; —mean(X)
ni— Std(X)

Note: X is the time domain signal; sgn(-) is the sign function; p; is the proportion of the energy of a point in
2

n
the signal to the total energy, p; = %/ ‘Zl x7; ®"(r) represents the similarity of the vector sets at two different
i=

time points.

Table 4. Frequency domain features of acoustic signals.

Number Features Expressions Number Features Expressions
F1 Mean of frequency % il y; F5 Peak frequency fil y—max{Y}
=
F2 Spectral centroid Yxf' F6 Energy of i 2
i frequency LY
El Yi i=1
Root-Mean-Square n
F3 Peak of frequency max{Y} F7 of frequency % .Zl V2
1=
Standard of n
F4 frequency \/ % ‘21 lyi — mean(Y)}z
i=

Note: Y is the amplitude spectrum of X after Fourier transform; f is the corresponding frequency.
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3.4.2. Feature Selection Based on RF

RF is used as a feature selection method for acoustic signal in this section. The advantages
of RF are primarily its robust predictive capability and unbiasedness towards data, with
significant applications in feature selection [50,51].

When constructing a decision tree using the RF algorithm, a set of data is obtained
through random sampling for training the decision tree, and the data not sampled becomes
Out of Bag (OOB). OOB is utilized for evaluating the decision tree’s performance. In
application, the minimum OOB error rate is selected to assess the significance of each
feature. The fundamental concept is to introduce noise to a feature, which decreases
prediction accuracy. The extent of this accuracy drop indirectly indicates the feature’s
importance, serving as a basis for ranking feature significance. The detailed process of
feature selection is as follows.

1. The mean prediction error of decision tree i is calculated using the OOB data, as
described in Equation (14).

El; =

S| =

Y (i — k) (14)
p

where 7 is the number of OOB data points, i is the model’s predicted label, and y is
the true label.

2. With the other features remaining constant, the noise disturbance is introduced to
feature j and the mean prediction error of decision tree i is recalculated, as described
in Equation (15).

n
B2 =1 (e — 1) (15)
=1

3. Assuming an RF comprises N decision trees, the importance of feature j is determined

as follows.

™=

1
I

= —Y (E2
] Ni (

ij — E1;) (16)
1

4.  The above steps are repeated for all remaining features until all have been exhausted.
Subsequently, sorting is performed to establish the importance ranking of each feature.

In practical applications, the ranking of feature importance guides the selection of
the optimal feature subset. In this study, the number of decision trees in the RF model is
set to 10 based on preliminary experiments to achieve a balance between feature selection
stability and computational efficiency.

3.5. Pipeline Leakage Detection Based on LSSVM

The LSSVM algorithm, a variant of the SVM algorithm, converts the convex quadratic
programming problem into a linear optimization problem. It not only ensures computa-
tional accuracy but also simplifies the training process and enhances solving speed [52].
This paper uses the LSSVM algorithm for the pipeline leakage apertures classification.

The fundamental concept of the LSSVM algorithm involves utilizing nonlinear func-
tions to map the input space into a high-dimensional feature space, subsequently identify-
ing a suitable hyperplane within this space to facilitate data classification. Assuming the
sample set Q = {x;,y;}(i =1,2,3,...,n), the sample size is n, where the input quantity
is x; and the output quantity is y;. By mapping the sample set Q to the high-dimensional
feature space F, the classification function is expressed as below.

£(x) = sgn(w"(x) + ) a7

where w is the weight factor, b is the bias factor, and ¢(-) represents the nonlinear mapping.
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The optimization objective and constraint objective of the LSSVM algorithm are:

minf(w,e) = 5= + %cig e? a8)
st.yi[wlg(x) +b] =1—e (i

where ] is the loss function; c is the penalty coefficient; ¢; is the error term.
On the basis of Equation (18), the Lagrange equation is constructed as below.
n

L(w,b,e,a) = J(w,e) — Z [ylwf +b)—1—|—el} (19)

where g; is the Lagrangian operator.
By combining Equations (18) and (19), a system of linear equations can be obtained

0 —yT b 0
|t

where ) = yiy]-goT(xi)(p( i) = yiyiK(x;, xj), K(x;, x;) is the kernel function, j = 1,2,...,n;

as below.

yT = [y1,v2,...,ya); Iis the identity matrix; I, = [1,...,1]".
Finally, the values of « and b can be estimated using the method of least squares. The
derived decision function is as below.

(21)

i=1

f(x) = sgn [i a;yiK(x, x;) +b

In practical applications, by inputting test samples into a trained decision classifi-
cation model based on the LSSVM model, the corresponding leakage aperture can be
determined, thereby achieving effective pipeline leakage detection. In this paper, to
achieve effective detection of unsteady leakage, the two parameters of the LSSVM model
(i-e., penalty coefficient c and kernel function bandwidth parameter ¢?) are set to 16 and
0.05, respectively.

4. Simulation Experiment of the Unsteady Micro-Leakage

This section describes the experimental design for pipeline unsteady micro-leakage
simulation, including the experimental objectives, setup, and data acquisition procedure.
These experiments provide the acoustic signal dataset used to validate the proposed leakage
detection method.

4.1. Experimental Objective

Pipeline leakage is typically accompanied by complex acoustic emission phenomena
arising from the interactions among the leaking fluid, the pipeline structure, and the
surrounding medium. The primary objective of this experiment is to investigate the acoustic
characteristics of pipeline unsteady leakage under controlled and repeatable conditions
and to acquire representative acoustic signals for validating the proposed leakage detection
method. The position of the hydrophone represents the position of the acoustic inner
detector. The experiment uses the method of continuous leakage after pressurization to
simulate the unsteady leakage. The internal pressure of the pipeline will continue to
decrease as the leakage occurs. Acoustic internal inspection signals generated by leakage
under different initial operating pressures and leakage apertures are collected, providing
a reliable dataset for the training and testing of the leakage detection method.
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4.2. Experimental Scheme

Experimental research was conducted using the acoustic internal inspection method,
distinct from traditional leakage acoustic external detection methods. The hydrophone
was positioned inside the pipeline, and the leakage acoustic signal was able to propagate
through the fluid medium to the sensor vicinity [53].

The experimental platform comprised pipeline, pressurization device, water tanks,
pressure sensors, hydrophones, and acquisition system, as shown in Figure 3. The pipeline
was made of DN219mm steel pipe, with a wall thickness of 6 mm and a length of 2.5 m.
Water was used as the medium of pipeline transportation. The hydrophone was set at
400 mm from the left end of the pipeline. Pressure sensors were set at both ends of the
pipeline. Four kinds of bolts with different opening diameters of 0.6, 0.8, 1.0 and 2.0 mm
were used in the experiment. The simulated pressure range for the experiment was set
between 0.2 and 1.6 MPa. Since the frequency spectrum of pipeline leakage signals was in
a wide range, the selection of an acoustic sensor with both a broad frequency capacity and
high sensitivity was imperative. The TC4013 hydrophone from RESON, a Danish company,
was chosen for the experimental setup. The sensor features a linear frequency range of
1-50 kHz, an overall frequency response of 1 Hz-170 kHz, and a receiving sensitivity
of —217 dB, which together fully meet the experimental requirements. Additionally,
a high-speed real-time data acquisition system was established, employing an NI collector
and LabVIEW 2021 software.
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Figure 3. Leakage simulation experimental platform.
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The acquisition system sampling frequency was set at 40 kHz, gathering acoustic
data on pipeline leakage at various leakage locations (0.1, 0.4, 1.2, and 1.7 m from the
leakage source), with different aperture sizes (0.6, 0.8, 1.0, and 2.0 mm), and under varying
operational pressures (0.6, 1.2, and 1.6 MPa). Initially, the experiment followed the scheme
by selecting the specified bolt and installing it at the chosen leakage point. Subsequently,
the pipeline was pressurized to the designated level. Finally, the valve of the perforated
bolt was opened for testing and data collecting.

As a representative example, the acoustic signal obtained under an operating pressure
of 1.2 MPa, a leakage aperture of 2.0 mm, and a leakage location of 1.2 m is presented in
Figure 4. The pipeline leaked at 6.3 s, and the acoustic signal displayed significant impact
characteristics in the time domain, followed by a gradual decrease in amplitude. The entire
leakage process was accompanied by a significant pressure drop, which affects the leakage
rate. Therefore, the entire leakage process demonstrated unsteady leakage characteristics.
The acquired acoustic signals under different operating conditions constitute the experi-
mental dataset used for subsequent leakage detection. The effectiveness of the proposed
detection method is evaluated based on these data in the following section.

0.05r
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o o o
S S f=]
S} w -
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o
=
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Figure 4. Time domain waveform of leakage acoustic signal.

5. Pipeline Leakage Detection Results and Analysis

This section presents the experimental results and corresponding analysis of the
proposed pipeline unsteady leakage detection method.

5.1. Noise Reduction of Leakage Acoustic Signal

To illustrate the signal denoising process, the acoustic signal acquired under a repre-
sentative operating condition (operating pressure of 1.2 MPa, leakage aperture of 2.0 mm,
and leakage location of 1.2 m) is used as an example. The corresponding time domain wave-
forms and frequency spectra before and after leakage are shown in Figure 5 and Figure 6,
respectively. The ordinate represents the acoustic signal amplitude (V). Before leakage,
the time domain signal remains relatively stable with random fluctuations. After leakage
occurs, the signal amplitude gradually decreases as the internal pipeline pressure continu-
ously decays. In the frequency domain, the spectral energy is primarily concentrated in the
low-frequency range.

Before feature extraction, the trend component is removed to eliminate the slowly
varying pressure-decay trend, thereby ensuring that the extracted features primarily reflect
leakage-related characteristics rather than pressure-dependent variations. Polynomial
detrending is a widely adopted preprocessing technique for eliminating low-frequency
baseline variations in nonstationary signals [54]. In this study, a cubic polynomial was
employed because it provides sufficient flexibility to accurately model the slowly varying
nonlinear trend caused by the gradual pressure decay, while avoiding unnecessary fitting
complexity. The detrending result is shown in Figure 7.
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Figure 5. Acoustic signal before leakage.
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Figure 6. Acoustic signal after leakage.
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Figure 7. Leakage acoustic signal after removing trend component.
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The leakage acoustic signal is decomposed by using the VMD algorithm, obtaining
7 IMF components and a residual component. The time domain and frequency domain
for each IMF component are shown in Figures 8 and 9. The leakage acoustic signal is
decomposed into multiple intrinsic mode functions with distinct frequency characteristics.
No obvious mode aliasing or over-decomposition is observed, indicating that the selected
VMD parameters are appropriate for the analyzed signal.
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Figure 8. Time domain waveforms of IMF components.
The selection of IMF components is based on the correlation coefficients between each
IMF component and the original signal. In this paper, the IMF components are selected

based on the criterion K > max(K) /2. According to Table 5, IMF1-IMF2 and IMF4-IMF7
are chosen as the effective components.

Table 5. Correlation coefficients between various IMF components and x(t).

IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7

Correlation

.. 0.2779 0.2366 0.1592 0.2640 0.3739 0.3731 0.3805
coefficient K

The signal is reconstructed by selecting the effective components. The time domain and
frequency domain waveforms of the reconstructed leakage acoustic signal are illustrated in
Figure 10. After VMD denoising, the trend component is removed from the time domain
signal, enhancing the features of the frequency domain signal.
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Figure 9. Frequency domain waveforms of IMF components.
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Figure 10. Leakage acoustic signal after reconstruction.

5.2. Feature Extraction of Leakage Acoustic Signal

The time domain (T1-T17) and frequency domain (F1-F7) features were extracted
from the reconstructed signal x,(t) shown in Figure 10, resulting in a 24-dimensional feature
vector for the leakage acoustic signal. However, the high dimensionality of these features
results in considerable redundancy. For unsteady leakage, the selected features must remain
relatively constant over time under these conditions. Consequently, the RF algorithm is
employed to filter the conventional time and frequency domain features. The filtered
features must effectively indicate the pipeline’s leakage aperture.

The random forest model is set to include 10 decision trees; the importance coefficient
I of each feature is calculated, and their significance is ranked. The importance of each

https://doi.org/10.3390/acoustics8030049


https://doi.org/10.3390/acoustics8030049

Acoustics 2026, 8, 49

16 of 22

feature is illustrated in Figure 11. Additionally, the optimal feature subset is constructed
according to the specific criterion I > max(I)/2, retaining the highly important features,
as shown in Table 6.
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0.02]

Feature

Figure 11. Importance coefficient of each feature.

Table 6. Optimal feature subset.

Importance Importance
Number Feature Core)fﬁcient Number Feature Cozfﬁcient
1 F3 0.0904 6 T8 0.0530
2 F4 0.0836 7 T10 0.0526
3 F7 0.0797 8 T2 0.0513
4 T4 0.0707 9 T1 0.0469
5 Fé6 0.0577 10 T13 0.0466

5.3. Classification Detection of Leakage Acoustic Signal

The pipeline leakage acoustic signals with four aperture sizes of 0.6 mm, 0.8 mm,
1.0 mm, and 2.0 mm are selected under the same initial leakage pressure (1.6 MPa) as the
experimental data, with the hydrophone positioned 0.1 m from the leakage. The signals are
segmented using 2000 data points with no overlap between samples. The feature extraction
is performed according to Table 6. For each leakage aperture size, 80 samples are collected,
resulting in a total of 320 samples. The dataset of unsteady leakage acoustic signals is
presented in Table 7.

Table 7. Unsteady leakage acoustic signal dataset.

Label Leakage Aperture Quantity
1 0.6 mm 80
2 0.8 mm 80
3 1.0 mm 80
4 2.0 mm 80

Before being input into the model, all features are normalized. A 5-fold cross-validation
strategy is adopted to evaluate the generalization performance of the proposed model [55],
where the dataset is randomly divided into five subsets, with four subsets used for training
and the remaining subset used for testing in each iteration. The cross-validation results are
shown in Figure 12. The average detection accuracy of the training set and the test set is
99.38% and 95.31%, respectively. The 95% confidence interval of the average accuracy of the
test set is [93.00%, 97.63%]. The confusion matrix and the receiver operating characteristic
(ROC) curve corresponding to the best-performing test fold are shown in Figures 13 and 14.
The results show that the pipeline leakage detection model based on LSSVM can realize the
effective detection of leakage aperture.
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5.4. Analysis of Detection Results

The detection performance was evaluated using Accuracy, Precision, Recall, F1-score,
and Kappa coefficient, which are widely adopted performance metrics for classification
models [56-58].

TP+ TN

A =
CCUracY = Tp Y TN+ FP+ FN

(22)

https://doi.org/10.3390/acoustics8030049


https://doi.org/10.3390/acoustics8030049

Acoustics 2026, 8, 49 18 of 22
TP
Precision = ———— 2
recision TP + FP (23)
TP
R = — 24
ecall = 75 FN (24)
Precision x Recall
F1 =2 2
% Precision + Recall 25)
Po—Pe
= 2
K 1D, (26)

where TP is the number of True Positives, FP is the number of False Positives, FN is
the number of False Negatives, TN is the number of True Negatives, P, is the observed
consistency rate, and P, is the random consistency rate.

To verify the rationality of the proposed method, ablation experiments were carried
out. The baseline models include: LSSVM (c = 10, ¢ = 120), RF-LSSVM (c = 10, 0> = 4) and
VMD-LSSVM (c = 20, 0 = 12). The remaining parameters of the basic models are consistent
with the VMD-RF-LSSVM model.

The results of ablation experiments are shown in Table 8. The LSSVM model directly
uses these 24 extracted features as input. However, due to the existence of redundant
features and noise, its detection performance is relatively limited. By introducing the
RF-based feature selection method, the performance of the RE-LSSVM model is improved.
This shows that the removal of redundant features can enhance the discriminant ability
of LSSVM classifier. The VMD-LSSVM model performs signal denoising before feature
extraction, which significantly improves the classification accuracy and robustness. This
shows that improving the signal quality in the preprocessing stage plays a vital role in
enhancing model performance. Overall, ablation experimental results show that both
feature selection and signal denoising have a positive impact on the proposed framework.
The ablation experiments demonstrate the effectiveness of the proposed method.

Table 8. Comparative performance of ablation experiments.

Training Testing
Models Accuracy  Precision Recall F1 Kappa Accuracy  Precision Recall F1 Kappa
LSSVM 0.9242 0.9348 0.9242 0.9241 0.8990 0.8906 0.9067 0.8906 0.8887 0.8542
VMD-LSSVM 0.9680 0.9693 0.9680 0.9679 0.9573 0.9094 0.9159 0.9094 0.9091 0.8792
RF-LSSVM 0.9539 0.9565 0.9539 0.9536 0.9385 0.9344 0.9391 0.9344 0.9337 0.9125
VMD-RF-LSSVM 0.9938 0.9939 0.9938 0.9937 0.9917 0.9531 0.9578 0.9531 0.9529 0.9375

To further evaluate the effectiveness of the proposed pipeline unsteady leakage de-
tection method, comparative experiments were conducted with several representative
machine learning (ML) and deep learning (DL) methods. The compared ML methods
include XGBoost (NumBoost = 10, MaxDepth = 4), AdaBoost (NumBoost = 10, MaxNum-
Splits = 4), CatBoost (NumBoost = 10, MaxDepth = 4), and KNN (NumNeighbors = 5). The
compared DL methods include CNN, BiLSTM, and ResNet-50. The network architectures
and hyperparameters of the DL methods were configured according to Zhao et al. [59]. For
the ML methods, the 24 manually extracted time and frequency domain features were used
as inputs, whereas the DL methods directly used the raw time-series signals as inputs.

The quantitative comparison results are summarized in Table 9. Ensemb]e learning-
based methods (XGBoost, AdaBoost, and CatBoost) generally outperform KNN, indicating
that ensemble learning strategies are more effective in capturing complex feature relation-
ships in leakage signals. Although XGBoost and CatBoost achieve relatively high test
accuracies, their performances remain inferior to that of the proposed VMD-RF-LSSVM
method. In contrast, the DL methods exhibit limited detection capability, with test accura-
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cies below 55%. This limitation is mainly attributed to the nonstationary characteristics of
the leakage signals, noise interference, limited sample size, and the lack of sufficient prior
information. Benefiting from VMD-based signal denoising, RF-based feature selection,
and LSSVM-based classification, the proposed VMD-RF-LSSVM method achieves the best
overall performance, with a test accuracy of 95.31%, an F1 score of 0.9529, and a Kappa
coefficient of 0.9375. These results demonstrate that the proposed method provides a more
reliable and effective solution for pipeline unsteady leakage detection than conventional
ML and DL methods.

Table 9. Comparative performance of different models.

Training Testing
Models Accuracy Precision Recall F1 Kappa Accuracy Precision Recall F1 Kappa
XGBoost 0.9836 0.9839 0.9836 0.9836 0.9781 0.9344 0.9382 0.9344 0.9333 0.9125
AdaBoost 0.9539 0.9586 0.9539 0.9540 0.9385 0.9156 0.9247 0.9156 0.9135 0.8875
CatBoost 0.9742 0.9747 0.9742 0.9741 0.9656 0.9344 0.9387 0.9344 0.9341 0.9125
KNN 0.8477 0.8534 0.8477 0.8448 0.7969 0.7656 0.7803 0.7656 0.7550 0.6875
CNN 0.5391 0.5599 0.5391 0.4712 0.3854 0.5156 0.5118 0.5156 0.4606 0.3542
BiLSTM 0.5625 0.5912 0.5625 0.5370 0.4167 0.4594 0.4214 0.4594 0.4101 0.2792
Resnet50 0.5438 0.6123 0.5437 0.4796 0.3917 0.5344 0.6153 0.5344 0.4645 0.3792
VMD-RF-LSSVM 0.9938 0.9939 0.9938 0.9937 0.9917 0.9531 0.9578 0.9531 0.9529 0.9375

5.5. Comparisons with Relevant Research Works

In the existing research, most methods are mainly based on two ideas: one is the
combination of handcrafted features and traditional ML classifiers, and the other is the
DL-based method that directly processes original signals. Feature-based methods, such as
using SVM, REF or ensemble learning algorithms, often face the challenge of performance
degradation when dealing with unsteady signals. DL-based methods require large-scale
labeled datasets [36]. In contrast, the proposed VMD-RF-LSSVM model unifies signal
decomposition, feature selection and classification. This model demonstrates excellent
detection performance in small-sample, unsteady leakage detection. From the comparison
results, the proposed method is superior to the ML and DL methods reported in related
studies in terms of accuracy, F1 score and Kappa coefficient. Furthermore, the proposed
method demonstrates superior performance in the experimental scene, which provides
a valuable reference for practical engineering applications.

6. Conclusions

In this paper, a VMD-RF-LSSVM-based framework for pipeline unsteady micro-
leakage detection was proposed and experimentally validated. The main conclusions
are summarized as follows.

1. A pipeline unsteady micro-leakage detection method based on VMD-RF-LSSVM
was proposed. In this method, VMD was employed to suppress noise and separate
trend components and transient impacts, RF was used to evaluate feature importance
and select representative features, and LSSVM was adopted to establish the optimal
decision boundary for leakage classification.

2. Experimental results demonstrated that the proposed VMD-RF-LSSVM method out-
performed conventional detection methods, achieving a leakage detection accuracy of
95.31% under unsteady operating conditions.

3. The proposed framework provides a reliable approach for acoustic-signal-based
pipeline leakage diagnosis. Nevertheless, the current study is limited to laboratory-
scale water pipeline experiments. Future work will focus on validating the proposed
framework under practical operating conditions and further improving its robustness
and generalization capability.
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