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Abstract: In the acoustic detection process of buried non-metallic pipelines, the echo signal is often interfered by a large amount of noise,
which makes it extremely difficult to effectively extract useful signals. An denoising algorithm based on empirical mode decomposition
(EMD) and wavelet thresholding was proposed. This method fully considered the nonlinear and non-stationary characteristics of the echo
signal, making the denoising effect more significant. Its feasibility and effectiveness were verified through numerical simulation. When the
input SNR (SNR,,) is between —10 dB and 10 dB, the output SNR (SNR,,) of the combined denoising algorithm increases by
12.0%—34.1% compared to the wavelet thresholding method and by 19.60%—56.8% compared to the EMD denoising method.
Additionally, the RMSE of the combined denoising algorithm decreases by 18.1%—48.0% compared to the wavelet thresholding method
and by 22.1%—48.8% compared to the EMD denoising method. These results indicated that this joint denoising algorithm could not only
effectively reduce noise interference, but also significantly improve the positioning accuracy of acoustic detection. The research results
could provide technical support for denoising the echo signals of buried non-metallic pipelines, which was conducive to improving the
acoustic detection and positioning accuracy of underground non-metallic pipelines.
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EMD combined wavelet threshold algorithm

pipelines. On the other hand, it is possible to determine

0 Introduction the location of pipelines on the construction site before

Non-metallic pipelines are critical infrastructures for construction to reduce or even eliminate damage to

maintaining modern civilized life and carrying the nerve pipelines caused by improper construction. Among the

and lifeline of the regular operation of cities"*. With the existing non-metallic pipeline positioning methods, the

acoustic pipeline positioning method has advantages

acceleration of wurbanization, urban underground

pipelines have become increasingly complex. During
construction, the lack of complete pipeline information
has led to frequent accidents, such as perforation and
fracture, in daily pipeline maintenance, urban
expansion, and renovation projects. Pipeline damage
and fracture accidents frequently occur, resulting in
significant hazards such as gas explosions, water, power
outages, and heating interruptions®”. To solve these
problems, higher-buried pipeline detection technology
and instruments are needed. An efficient and accurate
pipeline detection method can provide reliable data for
the distribution of existing

survey underground

pipelines, helping to complete the basic information of

such as no requirements for pipeline materials, no
limitations from ground conditions, and low detection
costs. It has broad market space in the future.

There are two methods for acoustic pipeline
positioning technology'™: the pipeline excitation method
and the elastic wave reflection method. The pipeline
sound waves into the

excitation method injects

9,10

pipeline” ! and locates the pipeline by detecting the
sound waves propagating from the pipeline to the
ground. However, it is necessary to have a pipe
connection that can be used to inject sound waves, and
the detection distance 1s limited. Only the horizontal

position and direction of the pipe can be determined™".
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The elastic wave method uses artificial seismic sources
to excite acoustic signals on the ground"”. The
amplitude of sound waves in a medium decays with
increasing propagation distance, and this propagated
waveform can reflect the geometric and boundary
changes of the medium. However, the on-site
environment of pipeline detection is complex, and
numerous noises seriously affect the accuracy of pipeline
acoustic detection echo signals, making it difficult to
accurately obtain pipeline position information in the
next step of signal analysis. How to filter out a large
amount of noise in the echo signal collected by the
instrument is an essential step in the pipeline positioning
process, which has important practical significance for
improving the accuracy and reliability of pipeline
detection. The acoustic pipeline positioning method
based on the elastic wave method usually uses a seismic
source to excite and generate sound waves, and uses a
detector array to receive echo signals. Then the received
echo signals are analyzed and processed to determine the
position of the pipeline™. However, due to factors such
as the detection system and the external environment,
the echo signal measured by the detector often contains
noise. It may sometimes mask the original echo signal,
making it challenging to obtain pipeline position
information accurately in subsequent signal analysis.
Therefore,

application, such as noise reduction of detector data, is

pre-processing of detector data before

crucial.

In recent years, scholars have extensively explored
and researched the acoustic detection of echo signals. In
acoustic positioning, the noise components of the echo
signal mainly come from environmental noise,
equipment noise, and reflection and scattering noise.
Environmental noise, including natural sounds such as
wind and rain, and human factors such as traffic noise,
can interfere with sound signals, especially in urban
environments. The equipment noise mainly refers to the
self-noise generated by sensors and signal processing
When

encounter interfaces with different materials, such as soil

equipment during operation. sound waves
and rocks, some will be reflected and scattered, forming
reflection and scattering noise.

To reduce the impact of these noises on the quality of
echo signals, roughly three types of echo signal
denoising methods are widely used. The first type is the
estimation filtering method. This type is achieved by
estimating the correlation of the echo signal and then
using these calculated values to design filters for signal-
filtering processing. This method is proposed on the

basis of linearization, and is only suitable for static and
linear time series analysis"”. The second type is the
wavelet threshold filtering method. This type of method
centers around wavelet transform™”, which is a time-
method with good

frequency multiscale analysis

performance in processing sharp pulse signals or signals

with discontinuity"’

. The third type is the adaptive time-
frequency analysis method. This type of method is based
on empirical mode decomposition (EMD), which
decomposes noisy signals into several IMFs, each
reflecting the characteristics of the signal at different
scales. The IMF components with more noisy features
are removed to achieve signal denoising'"'*.

Due to the non-linear and non-stationary characteristics
of the detected echo signals, the first type of method
obviously cannot meet the practical needs of acoustic echo
signal denoising. However, the reflected waves measured
for non-metallic pipeline positioning are relatively weak,
and the signal-to-noise ratio is meager. Therefore, only
using wavelet threshold method or EMD method to reduce
the noise of pipeline reflected wave signal is often not ideal.
The wavelet threshold filtering method has poor
adaptability in the signal-denoising process. After
decomposing the observed signal, the EMD denoising
algorithm obtains the first few low-order IMF components
which are dominated by noise but mixed with some
functional high-frequency signal components. Removing
the high-frequency noise dominant mode inevitably leads

to losing some useful signals"’*”

, resulting in inaccurate
subsequent pipeline positioning results. Although various
denoising techniques have been used for acoustic detection
echo signals, including statistical methods, wavelet
transform, and wavelet threshold filtering, these methods
still have limitations when dealing with signals with
complex noise characteristics. For example, wavelet
thresholding may result in the loss of valuable signals during
denoising, while EMD methods may not effectively handle
high-frequency noise'®".

A new denoising algorithm was proposed that
combined empirical mode decomposition (EMD) and
wavelet thresholding to provide better signal denoising
performance. The acoustic positioning echo signal of
buried non-metallic pipelines belongs to nonlinear non-
stationary signals, which contains noise with high
frequency and uneven distribution of noise intensity. It is
suitable for joint denoising processing using wavelet
thresholding and EMD. The method has been applied in
the denoising of gear vibration signals”’, accelerometer
calibration denoising™’, LiDAR signals™, electrical
logging underwater — acoustic

: : : [25]
imaging signals™”,
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signals”®”’, magnetite sorting signals””, and steel cord
conveyor belt damage signals®. However, the method
has not yet been applied to denoising non-metallic
pipeline detection echo signals.

The innovation of the proposed method lies in the
special  requirements for acoustic detection of
underground non-metallic pipelines. It combined the
advantages of EMD and wavelet denoising algorithms,
and improved and optimized them to adapt to the signal
characteristics of this specific application scenario.
Adjusting the screening threshold (SD) in the EMD
could help this

accurately identify and retain the effective components in

decomposition process algorithm
the signal while removing noise. This optimization
improved the adaptability of the algorithm to signals,
especially when dealing with acoustic echo signals with
nonlinear and non-stationary characteristics. This article
innovatively introduced autocorrelation functions to
identify the critical points of noise and valuable signal
components in signals, which helped to accurately
determine the modal IMF components that required
wavelet thresholding after EMD decomposition.
Compared with existing work, the joint denoising
algorithm proposed in this study had significant

(SNR)

improvement and root mean square error (RMSE)

improvements in  signal-to-noise  ratio
reduction, which was of great significance for improving
the accuracy of underground non-metallic pipeline
detection and positioning. To further verify the
effectiveness of the proposed algorithm, an experimental
testing platform was built. It was not only used to test
and demonstrate the performance of the algorithm in
actual acoustic detection, but also proved through the
analysis of actual data that the algorithm could
significantly improve the SNR ratio of signals, reduce
errors, and provide

strong support for accurate

positioning of pipeline positions.

1 Acoustic detection principle and

denoising algorithm model

1.1 Principle of acoustic detection for buried
non-metallic pipelines

When detecting buried non-metallic pipelines, it is
necessary to determine the approximate direction of the
pipeline based on the known construction data, then
multiple measurement lines perpendicular to the
direction of the underground pipeline are placed on the
surface. The specific layout is shown in Fig.1. A seismic

source 1s placed in the middle of each measurement line,

and equally spaced detector arrays are symmetrically
placed on both sides of the seismic source. When
conducting field exploration, the seismic source can be
located in the middle of any two adjacent detectors on the
measuring line, so multiple tests can be performed on
the same measuring line, which improves the accuracy
of pipeline positioning. In addition, the number and
spacing of detectors can be determined based on the
buried depth of the tested pipeline and on-site conditions.
For each measuring line in Fig.1, six detectors are used
as an example. In general, the length of the measuring
line should not be less than the estimated burial depth of
the pipeline.

ne 2

v Pip¢ burial dept

’ Non-melallic piping

Fig. 1

measurement line

Layout diagram of non-metallic pipeline positioning

Measurement line 1 is used as an example to illustrate
the specific working principle. After injecting excitation
signals into the seismic source, sound waves begin to
radiate into the soil. The sound waves propagate through
the soil and reach the surface of non-metallic pipelines
after a while. Due to the differences in physical properties
between the soil and the pipeline, some of the sound
signals are reflected off the surface of the pipeline and
transmitted upwards for a while before returning to the
ground and being captured by the detector. Due to the
different positions of each detector on the measuring line
relative to the pipeline, the propagation distance of
sound waves from the source to the soil is different from
the propagation distance from the non-metallic pipeline
interface to the ground, so the time for reflected echoes
to reach each detector is also different. The time delay
information of the detector output signal reflects the
specific position information of the non-metallic pipeline
relative to each detector (including the horizontal
position and burial depth of the pipeline) . By processing
the detector signal through specific methods, the
below the

measurement line can be determined. It is also possible

position of the non-metallic pipeline
to decide on the position of non-metallic pipelines based

on the measurement signals of detectors on other
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measuring lines and then connect the pipeline positions
obtained from each measuring line to determine the
approximate direction of pipeline extension.

The optimal source excitation is a pulse signal using

29,30]

the time-domain superposition principle' to locate

311

buried non-metallic pipelines”". At the same time, in

seismic exploration, Rayleigh waves with small

sidelobes and strong resolution are widely used as
excitation signals for controllable seismic sources™ .
Therefore, Rayleigh waves are also used as the seismic

source signal, that is

F)=00—2(xf(t—1,))e 7" "7, (1)
1.
— 1S
/

where f'is the main frequency of the signal, and 7=

the delay time.

1.2 EMD combined with wavelet threshold
denoising algorithm model

1.2.1 Analysis of noise characteristics in echo signals

In addition to receiving various acoustic signals, the
buried non-metallic pipeline detection detector can also
pick up a large amount of random noise interference from
both the

environment. Most of these noises exhibit non-linear and

internal instruments and the external
non-stationary characteristics. Therefore, the measured
signal of the actual detector should also include a noise
component. The actual measurement signal of the

detector is
y()=s(t)+n(1), (2)

where y is the detector signal with noise pollution, and n
is the noise.

The noise characteristics in the echo signal of buried non-
metal pipeline are as follows. 1) Randomness. Noise
usually exhibits randomness without apparent regularity and
comes from various environmental factors or equipment
interference. 2) High-frequency components. Noise
contains many high-frequency components, which are
similar in frequency to pipeline signals, leading to
interference and misjudgment. 3) Nonlinear, non-
stationary, and uneven intensity. The intensity of noise is
unevenly distributed at different frequencies and periods,
resulting in sudden high-intensity noise.

Noise is a random process, and probability density
functions characterize its statistical characteristics. The
noise distribution in pipeline acoustic detection can be
considered Gaussian white noise following a (0, 1)
distribution. The probability density function of its

random variable is

1
e )

where & represents the signal amplitude; u represents the
expectation of x; o represents the standard deviation of x;
and the distribution’s variance is ¢°.

1.2.2 Joint algorithm model

1) Denoising principle of joint algorithm

After decomposing the original echo signal using
EMD and reconstructing the low-frequency IMF
components, denoising can be achieved by discarding
the high-frequency components of the IMF. However,
discarding specific high-frequency components may
result in losing valid signal components within those
high-frequency IMF. In order to retain the effective
signal components in the high-frequency IMF, the
proposed method calculates the auto-correlation function
of the n-order IMF components after decomposing
multiple IMF components through EMD. The critical
point m separating noise from useful signal components
is determined by analyzing the differences in
autocorrelation functions between noise and signal. The
high-frequency IMF components with higher noise
distribution above the critical point are subjected to
wavelet threshold denoising to separate useful
information from noise in the high-frequency IMF
components before being reconstructed with the low-
frequency IMF components below the crucial point. This
approach allows for the maximization of useful signal
information retention while effectively reducing noise.

2) Steps of joint denoising algorithm

The specific description of the steps of the proposed
joint algorithm are as follows.

(1) Identify all the local maxima and minima points on
the original signal x (7). Cubic spline interpolation is
applied to fit the upper envelope ., (1) of the signal  (2)
to all local maxima points, and the lower envelope
Zmin () is fit to all local minima points using the same
method. All the data on the signal are then distributed
within the range of these two envelopes.

(2) Calculate all the mean points of the upper and
lower envelopes and connect them to obtain the mean

envelope m, (¢) as

my(1)= Lo (2 )7; Zoin (1) . "

Next, the mean envelope m, (#) is subtracted from the

original signal x (#) to obtain A, (¢) as
hi(t)=x(t)—m,(¢). Q)
If 2, (#) meets the requirements a and & defined for an
IMF, then the first-order IMF component of the original
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signal is obtained.

(3) If it does not meet the requirements, A, (#) is
considered as the original signal, and steps (1) and (2)
are repeated to obtain a new mean m, (), and then
hy(£)=h,(¢)—m (¢). The adequacy of h,(2) to
requirements a and & is assessed again. If it does not
meet the criteria, the process is repeated. And after £
repetitions, there is

}llk(l):}ll(/c,n([)*7’}’111,([), (6)

Whether the data h, (t) selected in the k4th iteration
meets the requirements of an IMF component can be
determined by comparing it against the sifting threshold

defined in the mathematical expression, that is

I VA1) (2)— hy(2)F
SD = . 7
; I (1) )

It is assumed that the number of filtering iterations is
too many, although the IMF component is increased,
the stability and linearity are improved. In that case, the
IMF components obtained may become a frequency-
modulated wave with constant amplitude, thereby
failing to describe the amplitude variations of the signal
accurately. On the other hand, if the number of iterations
is too low, the obtained components may not meet the
requirements for IMF components. Therefore, the value
of SD needs to be carefully selected. Research suggests
that 0.2 <CSD <C 0.3 1s a more suitable choice.

When A, (1) meets the conditions of SD, the sifting
process stops. The obtained /,, (#) is retained as the first-
order IMF component of the signal x (1) and denoted as

o ()= hy (1), (8)
where 7,(#) represents the residual component after

removing the high-{requency component.
(4) Removing ¢, (2) from () , it can be obtained that
r(t)=a(t)—c (). 9
Taking () as a new set of original signals, the
second order IMF component ¢, (z) of signal x(2) is
obtained by continuous screening operations (1) — (3).
By continuing the decomposition steps mentioned
above, after n iterations, the nth-order IMF component
can be obtained, at which point the residual (also known
as the trend term) is
ro(t)=r, . (t)—c,(1). (10)
In the mathematical expression above, each IMF
component ¢, (2) to ¢,(z) contains information from
different frequency bands of the original signal, with the
frequency bands changing sequentially from high to low.

If ¢, (¢) is within a given error range, or r, (#) becomes
a monotone or constant function, then the mode
decomposition process terminates. In this case, the
original signal can be expressed as the sum of n IMF

components and residials.
(0= (0)+ r,(1). (11)
i=1

(5) The formula for calculating the autocorrelation

function of the nth IMF component is
R,=E[c,(t)e;,(t+7)]. (12)

According to the difference  between the

characteristics of noise and signal autocorrelation
function, the critical point m of noise and valuable signal
component is determined™,

(6) Select appropriate wavelet basis functions and
decomposition levels.

(7) Select the threshold function. After the threshold
value is obtained, the soft threshold function is selected
for denoising to keep the waveform smooth and minimize
the information loss and signal distortion. The original
wavelet coefficient obtained after wavelet decomposition
is represented by w, and the wavelet coefficient is
obtained after threshold quantization of 7(w). The soft
threshold”” can be defined as

(w—sgn(w)r)l, |w[>r1,
p(w)= (13)
0, o<1,
where sgn () is a sign function.

(8) Due to the aliasing of some useful high-frequency
components in the mth order components, the mth order
IMF component and all preceding components are
subjected to wavelet thresholding denoising.

(9) The wavelet coefficients of each IMF component
processed in (8) is reconstructed to obtain the first m
components  IMF'(1) — IMF'(m) after  noise
elimination.

(10) The high-frequency components are reconstructed
from IMF'(1) to IMF'(m). The
components are reconstructed from IMF(m+ 1) to
IMF (n). And the denoised signal x'(7)obtained by the

trend term 1s

low-frequency

a' ()= el()+ D e, () +r,(2). (14)

The above is the specific content of the joint algorithm
model, and the overall process of the joint algorithm is

shown in Fig.2.
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Fig. 2 Overall process of joint algorithm

2 Simulation design and analysis

2.1 Simulation signal

In detecting buried non-metallic pipelines, the acoustic
signals generated by the seismic source propagate through
the soil medium, including longitudinal and transverse
waves (collectively referred to as body waves) . Because the
distance from the seismic source to the detector is less than
the distance through the pipeline surface, the detector will
receive both direct and reflected waves. Direct waves are
the part of sound waves that directly reach the detector,
while reflected waves are the part of sound waves that
propagate back to the ground after being reflected at the
contact surface between soil and pipelines. Therefore, the
time-domain signal measured by the detector consists of
direct and reflected waves. The mathematical expression is

s()=s, ()4 s5,(2), (15)

where s represents the output signal of the original
detector; s; means the direct wave, and s, represents the

reflected echo.

However, in addition to receiving various types of
acoustic signals, detectors can also pick up a large
amount of random noise interference from the internal
and external environment of the detection instrument,
most of which exhibit nonlinear and non-stationary
Therefore,  the

measurement signal should also include noise.

characteristics. actual  detector

It has been stated that the short-time pulse excitation
signal selected for the sound source is a Rayleigh wave,
and the detector on the ground can detect multiple sound
wave signals, such as direct waves and various types of
Therefore,

received by the detector can be considered to be

reflected waves. the sound wave signal

composed of a series of stacked Ricker wave

components, and the mathematical expression of the

actual measurement signal of the detector is

y(l):iA,-(l—Z(nf(z—zo—l,v))z)ef("/“ (),

(16)
where N represents the number of pulses; A; and ¢
respectively represent the amplitude of the ith Ricker
wavelet component and the offset from the starting time
(t=0).

The original geophone measurement signal is
simulated using a superposition of six sub-waves with a
main frequency f of 500 Hz. These six sub-waves cover
two direct waves (direct longitudinal waves and direct
transverse waves) and four types of reflected waves
(longitudinal-longitudinal

waves, longitudinal-

transverse waves, transverse-longitudinal waves, and

transverse-transverse  waves). The mathematical

expression is

s(t)=A (1 —2(nf(t—t,—1,)))e o0 4

Ay(1—2(nf(t—ty— 1) ) )e @0l 4
As(1—2(nf(t—ty— ;) ) )e o=V 4
A1 —2(nf(t—ty— 1)) )e o
As(1—2(xf(t—ty— 1)} )e F o) 4
Ag(1—=2(xf(t—ty—t5) )} )e T (17)

where the values of the individual parameters are A, =1,

A,=1, A;=0.9, A,=0.2, A;=0.1, A:=0.2, =
0.002 s, 4=0.002 5s, £,=0.0050s, £=0.0104 s, t,=
0.0158s, £=0.0154 s, £,=0.020 8 s.

The original waveform of the obtained analogue signal is
shown in Fig.3. Fig.4 shows the time-domain waveform of
the noise-containing detector signal after adding Gaussian

white noise with a signal-to-noise ratio of 1 dB.
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2.2 Criteria for judging filtering effect

The simplest way to judge whether the signal filtering
effect is good or bad is to directly observe the filtered signal
time-domain waveform and the original signal time-domain
waveform proximity. The closer the two signal waveforms,
the better the filtering effect is. However, when the
difference between the waveforms is not apparent, the
signal-to-noise ratio SNR and root-mean-square error
RMSE can be used to judge. The higher SNR indicates that
the proportion of valuable components in the signal after
noise reduction is larger, and the root mean square error
RMSE describes the average degree of deviation between
the filtered signal and the original signal. Therefore, the
larger the SNR and the lower the root mean square error
RMSE of the signal after denoising, the better the filtering
effect is represented. Assuming that §(7)is an approximate
estimation of the original signal s(z) extracted from the
noised signal y(z) by filtering, the expressions for the
calculation of the input signal-to-noise ratio SNR;,, the
output signal-to-noise ratio SNR,,,, and the root-mean-

square error RMSE are obtained by

zsz(/e)

SNR, = 10lg| *——— |, (18)
an(/e)
252(/6)
SNR,, = 10lg| —— , (19)
z:[s(/e)—s(/e)]Z
RMSE = %i[s(/z)—.e(/e)]z, (20)

where £ is the time series, and N is the number of data
points.
From the two mathematical expressions of SNR,,, and

2

N
RMSE, it can be seen that the smaller 2 [s( k)—s(k )}
=1

is, the larger the output SNR,,, and tfl(e smaller the root
mean square error RMSE 1s, indicating the better denoising
effect. Therefore, it can be considered that the decision rule
is as follows. After doing the filtering process on the noise-
containing signal y (2) , the SNR and RMSE of the denoised
signal §(¢) are solved, and if the SNR is bigger and the
RMSE is smaller, it is considered that the denoising effect
is better.

2.3 Comparative analysis of three denoising
methods

2.3.1 Simulation results

The wavelet basis function suitable for denoising detector
signals needs to simultaneously satisfy orthogonality, tight
support, and approximate symmetry. According to
Table 1, only the db wavelet, sym wavelet, coif wavelet,
and haar wavelet meet the requirements. However, the
continuity and smoothness of the Haar wavelet are
relatively poor, so only the first three wavelets will be used
for simulation experiments in the future, and the most
suitable wavelet basis for denoising the detector signal will
be found based on the simulation results.

Table 1 Functional properties of commonly used wavelet basis functions

Continuous wavelet Discrete wavelet

Wavelet basis function  Orthogonality ~ Double orthogonality Symmetry Tight support transform transform
Haar (haar) Have Have Symmetric Have Yes Yes
Daubechies (db) Have Have Approximate Have Yes Yes
Biorthgonal (bior) Not Have Asymmetric Have Yes Yes
Coiflets (coif) Have Have Approximate Have Yes Yes
Symlets (sym) Have Have Approximate Have Yes Yes
Morlet (morl) Not Not Symmetric Not Yes No
Mexican hat (mexh) Not Not Symmetric Not Yes No
Meyer (meyr) Have Have Symmetric Not Yes Yes

MATLARB software was used to conduct simulation
experiments. Firstly, it is necessary to identify the most
suitable wavelet basis function for denoising detector data.

Three types of wavelets, sym, db, and coif, are used to
perform 5-layer wavelet decomposition on detector signals
with input signal-to-noise ratios of 1 dB and 10 dB,
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respectively.
The traditional wavelet threshold is

A=05,/2igN, 1)
where N is the length of the signal, and o is the variance of
the noise. Because in practical applications, the variance of
the noise is generally unknown and usually needs to be
estimated. The currently widely used threshold estimation
methods include sqtwolog, rigrsure, heursure, and
minimaxi.

In the simulation of selecting wavelet bases, the
threshold estimation method is sqtwolog, and the
decomposed wavelet coefficients are denoised by soft
threshold function. Tables 2 and 3 show the output
signal-to-noise ratios and root mean square error values
of signals denoised using different wavelet bases under
different input signal-to-noise ratio conditions.

Table 2
wavelet bases

Denoising results of SNR;,=1 dB signal using db

db wavelet basis SNR,,/dB RMSE
1 12.621 3 0.057 97
2 16.304 9 0.037 93
3 16.361 9 0.037 69
4 16.080 5 0.042 36
5 16.273 2 0.038 93
6 16.440 3 0.037 35
7 16.034 6 0.039 13
8 16.049 9 0.039 06
9 16.386 4 0.037 6
10 16.175 3 0.038 5

Table 3 Denoising results of SNR,,=1 dB signal using sym
wavelet bases

sym wavelet basis SNR,,./dB RMSE
1 12.621 3 0.057 97
2 16.304 9 0.037 93
3 16.361 9 0.037 69
4 16.261 0.038 13
5 16.476 9 0.037 19
6 16.23 0.038 26
7 16.036 0.039 13
8 16.164 2 0.038 55
9 16.416 1 0.037 45
10 16.084 6 0.038 91

Tables 2 — 7 show that at lower input signal-to-noise
ratios, the denoising ability of the db wavelet and sym
wavelet 1s better than that of the coif wavelet. The three
wavelets corresponding to the best denoising ability are
db6, sym5, and coif2 wavelet.

Table 4

wavelet bases

Denoising results of SNR;,=1 dB signal using coif

coif wavelet basis SNR,,./dB RMSE
1 16.080 1 0.038 93
2 16.279 5 0.038 05
3 16.047 0 0.039 08
4 16.002 2 0.039 28
5 16.083 9 0.038 91

Table 5 Denoising results of SNR, =10 dB signal using coif
wavelet bases

coif wavelet basis SNR,,/dB RMSE
1 23.557 2 0.016 46
2 25.883 6 0.012 59
3 25.684 5 0.012 88
4 254877 0.013 18
5 25.444 3 0.013 25

Table 6 Denoising results of SNR, ;=10 dB signal using db
wavelet bases

db wavelet basis SNR,,/dB RMSE
1 14.858 5 0.044 81
2 23.246 4 0.017 06
3 25.578 3 0.013 04
4 25.463 0 0.013 22
5 254199 0.013 28
6 25.954 2 0.012 49
7 25.710 1 0.012 85
8 25.408 7 0.013 30
9 25.7811 0.012 74
10 25.8657 0.012 62

Table 7 Denoising results of SNR,,=10 dB signal using sym
wavelet bases

sym wavelet basis SNR,,./dB RMSE
1 14.858 5 0.044 81
2 23.246 4 0.017 06
3 25.578 3 0.013 04
4 25.812 6 0.0127
5 25.632 5 0.012 96
6 25.881 6 0.012 6
7 25.406 3 0.013 3
8 25.844 2 0.012 65
9 25.822 1 0.012 68
10 25.766 8 0.012 76

At higher input signal-to-noise ratios, the overall
denoising ability of the sym wavelet is better than the other
two wavelets, and the best denoising effects for each of the
three wavelets are db6, sym6, and coif2 wavelets.

For noisy signals with a lower signal-to-noise ratio of
SNR,=3dB, db6, sym5, and coif2 wavelets were used
for denoising at different decomposition levels. For noisy
signals with a higher signal-to-noise ratio of SNR;,=
20 dB, db6, sym6, and coif2 wavelets are used for
denoising at different decomposition levels. Fig.5 (a) and
5(b) compare the output signal-to-noise ratio SNR,,, of
the signals after denoising with varying decomposition
levels. When the number of decomposition layers
exceeds 6, the signal-to-noise ratio begins to decrease.

Under soft threshold conditions, noisy signals with
signal-to-noise ratios of —5dB and 5 dB are denoised, and
the db6 wavelet basis was selected based on the previous
simulation analysis. 6-layer decomposition was chosen.
Four different threshold estimation methods (rigrsure,
heursure, aqtwolog, and minimaxi) were selected for

simulation. The results are shown in Fig.6.
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Fig. 6 Denoising results of four threshold estimation methods

The denoising effect of the four thresholding methods on
the detector measurement signal is similar, the signal
waveform recovery after denoising is almost the same, and
the output signal-to-noise ratio is also improved to the same
extent. Therefore, a threshold calculation method is
arbitrarily chosen for subsequent simulation studies.

Combining the conclusions drawn from the previous
separate wavelet thresholding studies, db6 (6-layer
decomposition) is used for all wavelet bases involved in
the threshold noise reduction process, and the threshold
estimation method and threshold function are selected as
minimaxi and soft threshold, respectively. Figs.7 — 12
compare the waveforms of signals with signal-to-noise
ratios of — 5 dB and 5 dB with the original signal
waveforms after noise reduction using the three noise
reduction methods, respectively.

It can be seen that the denoised signals obtained by the
three methods have a certain degree of distortion at the
peak when SNR,,= — 5 dB and SNR,,=5 dB, and the
resulting waveforms are still jittery.

However, the signal processed by the joint denoising

method of wavelet thresholding and EMD is smoother,
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the denoised signal has the best waveform match with
the original signal, and the signal itself is less distorted.
It can be seen that this method can weaken the energy

loss of the useful signal while rejecting more noise.
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2.3.2 Evaluation of filtering effect of three denoising
methods
Due to the weak reflection waves of the pipeline
measured in this study, the input signal-to-noise ratio
SNR;, was changed to —10dB, —5dB, 0dB, 5dB,
and 10 dB for denoising analysis. The changes in the

denoising effect comparison indicators under three

different and different noise
environments are shown in Figs.13 and 14.
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Comparing the denoising results of echo signals with
different noise levels, it is found that these methods
consistently improve the quality of echo signals. Among
them, the joint denoising method of wavelet threshold
and EMD has the highest output signal-to-noise ratio
SNR,, and the smallest root mean square error RMSE
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under different input signal-to-noise ratios, followed by
wavelet threshold method and EMD denoising method.
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From Tables 8 and 9, it can be seen that when the
SNR,, is between — 10 dB and 10 dB, the SNR,, of the
joint denoising algorithm increases by 12% —34.1%
compared to the wavelet threshold method and by
19.60% —56.8% compared to the EMD denoising
method.

Table 8 Comparison of SNR,, of three methods at different

input signal-to-noise ratios

SNR,,/dB
SNR, /dB
Wavelet threshold EMD Wavelet threshold+EMD

—10 6.017 9 4.944 8 7.756 8
—5 11.227 7 11.076 4 13.249 1
15.731 3 14.562 9 17.619 3

16.674 6 16.539 0 22.3559

10 21.728 1 21.5416 26.461 4

Table 9 Comparison of RMSE of three methods at different

input signal-to-noise ratios

RMSE
SNR,/dB
Wavelet threshold EMD Wavelet threshold+EMD
—10 0.123 970 0.140 270 0.101 480
—5 0.068 048 0.069 244 0.053 920
0 0.040 517 0.046 351 0.032 601
5 0.036 348 0.036 919 0.018 898
10 0.020 314 0.020 755 0.011 780

Compared to wavelet thresholding methods, RMSE
reduces by 18.1% —48% . And compared to EMD
denoising methods, it reduces by 22.1% —48.8%. By
comparing SNR and RMS error, it can be seen that
although parameters such as wavelet basis are difficult to
determine, only threshold processing of high-frequency
components removed after EMD decomposition can
effectively extract the effective information of high-
frequency components, thus significantly improving the
SNR of reconstructed signals and significantly reducing
the RMS error.

When the signal-to-noise ratio is — 5 dB and 5 dB,
the denoising results of the detector are shown in
Fig. 15(a) and (b). All three denoising methods have
apparent effects on noise quantity and amplitude
reduction. Still, the denoised signals obtained by the
joint denoising method based on wavelet thresholding
and EMD have smoother curves and more apparent
waveform spike characteristics. It means that the
denoising level of this method is better and can extract
useful information from the detector signal more
effectively. In a comprehensive view, the denoising level
of the joint denoising algorithm of wavelet and EMD is
better than that of the other two methods.
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3 Experiment

3.1 Experimental platform construction

The acoustic detection system for buried non-metallic
pipelines constructed in this article includes parts such as
a seismic source, detector array, data acquisition
module, power supply, DC transformer, and upper
computer. According to the requirements of pipeline
detection for excitation signal frequency and power, a



428

Journal of Measurement Science and Instrumentation

Vol. 15 No. 4, Dec. 2024

WD-12-inch active subwoofer horn with a frequency
response range of 35 Hz—3 400 Hz, rated power of
600 W, and peak power of 1 200 W is selected as the
sound source for the detection system. Select a Class D
8808.1 digital high-power amplifier with a frequency
response range of 10 Hz—300 kHz and a maximum
output power of 3 000 W to amplify the excitation signal.
The power of the power supply determines the actual
output power. Select an S-1200 W-12 V high-power DC
transformer to convert the 220 V AC signal output by the
mobile power supply into a 12 V DC signal for the power
amplifier power supply, with a maximum output power
of 1 200 W. Five highly sensitive LGT-VX1000
vibration amplifiers were selected as detectors to collect
acoustic signals on the ground. The reference detector is
placed next to the sound source and mainly used to
correct the starting time of the detector signal.
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3.2 Experiment and analysis

The previous chapter used simulation experiments to
analyze the denoising effects of wavelet threshold
denoising, EMD decomposition denoising, and a joint
denoising method combining the two methods. Next, the
denoising effects of these three methods were compared
with actual detector data.

For 0.4 m and 1 m pipelines, a measuring line was
arranged in each direction perpendicular to the pipeline
direction. When the detector is 0.4 m away from the sound
source, it is difficult to detect the sound wave signal.

The delay problem of the collected original detector data
still exists, and it can be corrected based on the reference
detector data. Figs.16 and 17 show the waveforms of each
detector after time correction when the pipeline burial depth
i1s 0.4 mand 1 m, respectively.
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Fig. 16 Time-corrected geophone signal (pipe burial depth of 0. 4 m)
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Fig. 17 Time-corrected geophone signal (pipe burial depth of 1 m)

Due to the proximity of detector 2 and detector 3 to the
sound source, the sound wave signal is the main
component, and the waveform is relatively clear.
However, detectors 1 and 4 are further away from the

sound source, and the greater the distance, the greater

the attenuation, resulting in almost all useful sound wave
signals being obscured by noise and challenging to
observe. Therefore, it is necessary to denoise the
detector data.

Due to the symmetrical arrangement of detector 1 and
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detector 4, detector 2, and detector 3 concerning the
sound source, the data from detector 1 and detector 3 in
Fig. 17 are used as representatives, and three different
denoising methods are applied to denoise them. The part
related to wavelet threshold denoising uses db6 wavelet

for 6-layer wavelet decomposition, and the threshold

threshold
function is a soft threshold. The denoising results of

estimation method uses minimaxi. The

detector 1 and detector 3 are shown in Figs.18 and 19.
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The three denoising methods significantly reduce the
quantity and amplitude of noise. By observing the
enlarged local area, it can be seen that the denoising
signal curve obtained by the joint denoising method
based on wavelet threshold and EMD is smoother, and
the waveform peak features are clearer. The red joint

denoising waveform shows significant advantages.
Compared to other waveforms, the red waveform
shows higher smoothness in the diagram, indicating that
it is more effective in removing high-frequency noise. In
addition,

waveform are clearer and more prominent, suggesting

the peaks and feature points of the red

that it can effectively suppresses noise interference while
retaining key information of the signal. In terms of the
overall shape of the signal, the red waveform has a
higher consistency with the ideal signal, which further
confirms its excellent performance in denoising.
Therefore, based on these observations, it can be
concluded that the red waveform has significantly better
denoising performance than other compared waveforms.
This indicates that the joint method of wavelet
thresholding and EMD has advantages in denoising
levels and can more effectively extract useful information
from detector signals, laying a good foundation for

subsequent pipeline localization research.

4 Conclusions

This article studied the denoising technology for acoustic
detection and positioning echo signals of buried non-
metallic pipelines. Firstly, it analyzed the characteristics of
interference signals mixed with useful echo signals.
Secondly, a joint denoising algorithm combining EMD and
wavelet thresholding was proposed to address the
characteristics of the interference signals. Then, numerical
simulation analysis was conducted on the denoising of
useful echo signals, and the feasibility of the joint algorithm
described in this article was verified. The study successfully
overcame the issue of useful signal loss caused by traditional
EMD algorithms when removing high-frequency noise, as
well as the amplitude attenuation and signal loss problems
in wavelet threshold denoising. By combining EMD
decomposition with wavelet threshold denoising, the
proposed method more effectively removed noise while
maintaining the integrity of the signal. Experimental results
showed that within the SNR range of —10dB to 10 dB, the
joint denoising algorithm significantly has improved the
SNR and reduced the RMSE, demonstrating superior
denoising performance compared to using EMD or wavelet
thresholding methods alone. It provided a solid foundation
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for the accurate positioning of pipeline locations.
However, the quality of signal transmission may be
affected by external factors such as the position of the
detectors, pipeline depth, and environmental noise and
climate conditions. Future research will focus on
reducing the impact of these factors on detection results
and exploring denoising algorithms combined with
machine learning to adapt to different pipelines and
environmental conditions, ensuring the effectiveness and

broad applicability of the methods.
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