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Abstract: This paper considers the possibility of using monofractal and multifractal analysis of
acoustic signals to detect water leaks through gate valves. Detrended fluctuation analysis (DFA)
and multifractal detrended fluctuation analysis (MF-DFA) were used. Experimental studies were
conducted on a ½-inch nominal diameter wedge valve, which was fitted to a ¾-inch nominal diameter
steel pipeline. The water leak was simulated by opening the valve. The resulting leakage rates for
different valve opening conditions were 5.3, 10.5, 14, 16.8, and 20 L per minute (L/min). The Hurst
exponent for acoustic signals in a hermetically sealed valve is at the same level as a deterministic
signal, while the width of the multifractal spectrum closely matches that of a monofractal process.
When a leak occurs, turbulent flow pulsations appear, and with small leak sizes, the acoustic signals
become anticorrelated with a high degree of multifractality. As the leakage increases, the Hurst
exponent also increases and the width of the multifractal spectrum decreases. The main contributor
to the multifractal structure of leak signals is small, noise-like fluctuations. The analysis of acoustic
signals using the DFA and MF-DFA methods enables determining the extent of water leakage through
a non-sealed gate valve. The results of the experimental studies are in agreement with the numerical
simulations. Using the Ansys Fluent software (v. 19.2), the frequencies of flow vortices at different
positions of gate valve were calculated. The k-ω SST turbulence model was employed for calculations.
The calculations were conducted in a transient formulation of the problem. It was found that as the
leakage decreases, the areas with a higher turbulence eddy frequency increase. An increase in the
frequency of turbulent fluctuations leads to enhanced energy dissipation. Some of the energy from
ordered processes is converted into the energy of disordered processes.
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1. Introduction

Shut-off valves are an important part of an automation system, as they are the final
actuators in automatic control [1]. Shut-off valves play a significant role in the oil, chemical
and gas processing industries [2]. Corrosion, continuous contact with the fluid being
pumped, operation at elevated temperatures and pressures, and other unfavorable condi-
tions can cause leakage of shut-off valves [2,3]. Improper operation of the valve can lead to
losses, decreased energy efficiency, and compromised safety of technological processes.

Valve leaks that occur in the external environment may be detected during an external
inspection through traces of frost formation, leakage, gas contamination, and noise near the
valve. However, leaks within the valve assembly have no external indicators and require
the use of specialized inspection methods. Such methods include hydro- or pneumatic tests
with pressure measurements before and after valve closure. Such tests are time-consuming
and not suitable for operational monitoring.

The acoustic leak detection technique is widely employed as an express method for
verifying the tightness of valve gates [1–3].

It is based on the collection and analysis of various sound signals generated by an
object when a liquid or gas is flowing through a leak.
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During the flow of liquid media, low-frequency acoustic methods can be used, while
for gaseous media, high-frequency methods are employed (using ultrasonic acoustic emis-
sion sensors). Leakage is usually detected by an increase in the amplitude of the acoustic
signal (in spectrum processing, the harmonics amplitude).

Various methods are used to process acoustic signals. The most common of these is
Fourier transform (FFT). However, this method is limited because it can only extract the
frequency content of a signal, losing its temporal information [4,5]. In [6,7], the power of
the acoustic emission signal calculated from the spectrum power density correlated well
with factors affecting leakage rates. Other authors used the method of non-linear regression
(kernel partial least-squares regression) to quantify leakage rates [8]. In article [9], Gaussian
process regression was used to create a multidimensional mathematical model describing
the relationship between acoustic emission characteristics and leakage rates. In article [10],
a least squares coefficient was selected to connect the standard deviation with leakage and
create a mathematical model for internal valve leakage.

Recently, more powerful tools have been used to analyze time-varying non-stationary
signals, including wavelet analysis. This enables exploring the signal simultaneously in
both the time and frequency domains. However, the results obtained strongly depend on
the correct choice of the original wavelet [11].

Intensive development of machine learning algorithms has made it possible to use
them for leak detection and classification. In article [12], a correlation model based on a
neural network was proposed, which determines the location and rate of internal leaks with
acceptable errors. In [13], a neural network capable of predicting the level of internal valve
leakage in natural gas pipelines was proposed. Disadvantages of using neural networks
include dependence on the choice of source data, complexity of training, need for large
amounts of source data and computing resources.

The task of finding an inexpensive and simple method for monitoring the tightness of
pipe fittings remains relevant. Recently, fractal theory has been widely used in practical
engineering to study the laws governing various complex, irregular and chaotic processes.
Fractal methods are used in industries such as medicine (for analyzing data to detect cancer
cells) [14–16], finance (to determine trends in securities charts) [17], meteorology [18],
engineering [19–22], and other fields [23,24]. Monofractal models cannot always provide a
complete description of patterns, especially when attempting to capture subtle spatial and
temporal variations that are governed by natural laws. In these cases, multifractal analysis
can be useful [25]. The theory of multifractals has been successfully applied to studying
the aggregation properties of blood cell elements [26], the structure of DNA molecules [27],
diffusive cluster growth [28], one-dimensional random walks and Brownian motion [29],
and time series analysis [30,31].

This work is devoted to the study of the possibility of using monofractal and multifrac-
tal analysis methods for acoustic leak monitoring of shut-off valves. Experimental studies
were conducted on wedge gate valves, during which leaks were simulated by covering
the valve. Detrended fluctuation analysis (DFA) and multifractal detrended fluctuation
analysis (MF-DFA) were used.

The main findings of this study are presented below:

• With small leakage values, acoustic signals exhibit anticorrelation and a high degree
of multifractal behavior. As the leakage increases, correlated dynamics emerge and
the degree of multifractality decreases.

• The degree of dissipation of turbulent energy in a fluid flow influences the fractal
characteristics of acoustic signals.

• The results of calculating the Hurst exponent using the DFA method are dependent on
the choice of degree of the fitting polynomial. In order to control the tightness of the
valve, it would be advisable to use a linear approximation.

• The analysis of acoustic signals using the DFA and MF-DFA techniques enables the
determination of the magnitude of water leakage through a non-sealed gate valve.

This article has the following structure:
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• Section 2 presents algorithms for the analysis of acoustic signals and a description of
the experimental setup;

• Section 3 presents the findings of the analysis of acoustic signals using DFA and MF-
DFA methods, the outcomes of calculating the frequency of turbulence eddy frequency
in Ansys Fluent, and a comparison of DFA methods with different orders;

• In conclusion, the key findings of this study are presented.

2. Materials and Methods
2.1. The DFA Algorithm

One of the approaches to describing long-term correlations in experimental data is
the detrended fluctuation analysis method. Developed by Peng K.K. et al. [32], the DFA
algorithm includes the following operations:

1. The fluctuation profile of the signal is being created x(i) (i = 0, 1, 2, . . ., N):

y(i) = ∑i
k=1(xk − ⟨x⟩), i = 1, . . . , N, (1)

where ⟨x⟩—average value for the series.

2. The profile y(i) is divided into Ns = (N/s) segments of the same length s.
3. The local trend of y(i) is approximated by a polynomial of yν(i) within each segment,

and the variance is determined for each segment v = 1, . . ., Ns:

F2(v, s) =
1
s ∑s

i=1[y((v − 1)s + i)− yv(i)]
2, (2)

The DFA-1 method involves subtracting a linear trend, the DFA-2 method involves
quadratic, and the DFA-3 method involves cubic, etc.

4. The resulting fluctuation function is calculated by averaging over all windows ν:

F(s) =
{

1
Ns

∑Ns
v=1 F2(v, s)

}1/2
, (3)

5. To determine the dependence of the log F(s) on the log s, an angle of inclination, α, is
calculated for the regression line. This angle is referred to as the scaling exponent for
the DFA method. It is assumed that the F(s) relationship follows a power-law pattern:

F(s) ∼ sα, (4)

The indicator α characterizes the presence of positive correlations (α > 0.5) and anti-
correlations (α < 0.5).

The values of α coincide with the value of the Hurst exponent, H. The fractal dimension
of the signal, D, is related to the Hurst exponent, H, as follows: D = 2 − H. The calculated
fractal dimension using the DFA method characterizes the averaged dynamics of a process.

2.2. The MF-DFA Algorithm

The method of multifractal detrended fluctuation analysis was proposed by Kantel-
hardt J.W. et al. [33–35]. MF-DFA enables calculating the multifractal spectrum and study
local changes in the fractal structure.

The algorithm of multifractal detrended fluctuation analysis reduces to a sequence of
the following steps:

1. The first three steps of the DFA algorithm are performed.
2. The values of the fluctuation function are determined:

Fq(s) =
{

1
Ns

∑Ns
v=1

[
F2(v, s)

]q/2
}1/q

, (5)

where q—deformation parameter.
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Since for q = 0, equality (5) contains uncertainty, an alternative expression is used:

F0(s) = exp
{

1
2Ns

∑Ns
v=1 ln

[
F2(v, s)

]}
, (6)

3. If the series under study has fractal properties, then the fluctuation function F(s) is
described by a power-law dependence:

Fq(s) ∼ sh(q), (7)

where h(q)—the generalized Hurst exponent.

If the series of data in question is monofractal, then h(q) in Equation (7) will take a
single value h(q) = H. In the case of a multifractal, the index h becomes dependent on the
deformation parameter q.

The multifractal set is characterized by the scaling exponent τ(q). This function shows
how heterogeneous the set of points under study is. The generalized Hurst exponent is
related to the function τ(q) by the ratio:

τ(q) = qh(q)− 1, (8)

The multifractal spectrum is calculated using the Legendre transform:

α = τ′(q); f (α) = q(α)− τ(q), (9)

where α—the singularity strength or the Hölder exponent.

2.3. Description of the Experimental Stand

In order to determine the feasibility of using the DF and MF-DFA algorithms for
the acoustic control leak detection of valves in pipelines, experimental studies have
been conducted.

The scheme of the experimental stand is shown in Figure 1.
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Figure 1. The experimental stand: 1—valve with a ½ inch conditional passage, 2—pipeline with
¾ inch conditional passage; 3—electromagnetic flowmeter; 4—manometer; 5—pump; 6—container
with water; 7—throttle; 8—vibration acceleration sensor AP2038P-1000; 9—analog-to-digital converter
Zetlab ZET 030; 10—PC with software; 11—computing unit.

Water leakage was modeled by opening a wedge gate valve 1 (with a conditional
½ inch pass) mounted on a steel pipeline 2 (with a conditional ¾ inch pass, length 2 m).
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The leakage rate was controlled using an electromagnetic flowmeter 3. pressure gauges.
4. During the experiment, a pump 5 operated at a constant engine speed. To provide the
necessary hydraulic resistance for the pump, a throttle 7 was used. A vibration sensor
was installed next to the valve to measure vibrations in the longitudinal direction. The
sensor had an axial sensitivity of 1000 mV/g and a natural frequency of 35 kHz. The
analog-to-digital converter had a sampling frequency of 50 kHz.

A photo of the valve with the simulated leak is shown in Figure 2.
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Figure 2. Photo of the wedge gate valve.

Table 1 shows the results of measuring pressure and water flow at different degrees of
valve opening. The water consumption when the valve is fully open is 22.0 L per minute.

Table 1. The results of measuring the pressure and flow of water at different degrees of valve opening.

Excess Pressure at the
Valve Inlet, Bar

Excess Pressure at the
Outlet of the Valve, Bar

Pressure Drop on the
Valve, Bar

Water Consumption,
L/min Note

1.48 1.43 0.05 22.0 valve is fully open
1.55 1.19 0.36 20.0
1.65 0.85 0.80 16.8
1.71 0.60 1.11 14.0
1.79 0.24 1.55 10.5
1.85 0 1.85 5.3

1.97 0 1.97 0 valve is
completely closed

A sample of 20 acoustic signals, each with a length of 20,000 samples, was analyzed
for different degrees of opening of the gate valve. The fluctuation function was calculated
on signal sections (windows), with a length s = 16 to 1024.

3. Results
3.1. The Results of the Analysis of Acoustic Signals Using the DFA-1 Method

The results of the DFA-1 signal analysis are shown in Figure 3.
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Figure 3. The results of the calculation of the Hurst exponent for acoustic signals using the DFA-1
method (median values for 20 acoustic signals).

When the valve is fully open (the consumption is 22.0 L/min) and fully closed (the
consumption is 0 L/min), the Hurst exponent for acoustic signals is at a level of a determin-
istic signal (H → 1). At low valve opening values, the acoustic signals are anticorrelated
(with alternating large and small amplitudes). For these, the Hurst exponent is below the
level of a probabilistic process (H < 0.5). An increase in leakage leads to an increase in the
Hurst exponent. With high fluid consumption a positive correlation is observed between
the signals (H > 0.5, small amplitudes often follow small amplitudes, and large amplitudes
follow large amplitudes).

Figure 4 shows the power spectrum of acoustic signals obtained by median averaging
of the signals.

The power spectrum of the acoustic signal of a hermetically sealed valve (black line in
Figure 4) decreases uniformly on a logarithmic frequency scale. If there is a water leak, the
energy in the acoustic signal will increase. For a fully open gate valve (blue line in Figure 4),
the highest signal energy is observed in the low-frequency region (up to 5 kHz). With a
decrease leakage consumption, a redistribution of acoustic energy from low frequencies to
higher frequencies is observed (red and green lines in Figure 4).

The appearance of high-frequency fluctuations can be seen in the profiles of the
acoustic signals (Figure 5), which were calculated using Equation (1).

The fluctuation profiles of the acoustic signal with the valve fully closed and fully
open do not visually differ (Figure 5a,b, respectively), their Hurst exponent H is at the
same level. When the valve is closed and the water flow is reduced, the fluctuation profiles
become more noisy (Figure 5c,d), the Hurst exponent H decreases.
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Figure 4. The power spectrum of acoustic signals obtained at different water leakage values:
black—a closed valve; blue—the consumption is 22.0 L/min (open valve); green—the consump-
tion is 16.8 L/min; red—the consumption is 5.3 L/min.
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(d) The consumption decreases to 5.3 L/min.
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3.2. Computational Fluid Dynamics (CFD) Modeling

The results of experimental studies are consistent with numerical modeling in the
software package Ansys Fluent.

During the experiments, the required number of turns of the valve handle were
recorded for each value of water leakage. After removing the valve from the experimental
stand, the height of the wedge lift was determined for each position of the handle. Based
on these data, cross-sectional areas of the gate valves were calculated (Table 2).

Table 2. The area of the flow passage section.

Water Consumption, L/min The Area of the Passage, mm2 Note

22.0 176.5 valve is fully open
20.0 68.6
16.8 43.6
14.0 31.3
10.5 19.2
5.3 7.8

The positions of the gate valve for different cross-sectional areas are shown in Figure 6.
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In Ansys Fluent, the frequencies of vortex formation in the flow with a fully open
valve and different positions of the gate are calculated. For calculation k-ω SST turbulence
model was used. The calculations were carried out in a non-stationary formulation of
the problem, the Coupled solution algorithm with third-order discretization (Third-Order
MUSCL) was used, convergence was achieved at the level of residuals 10−5.

The water velocity was set at inlet to the pipe, and the pressure was set at outlet exit
from the pipe. These flow parameters were obtained during a full-scale experiment and are
presented in Table 3.
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Table 3. Flow parameters specified in the calculations.

The Area of the Passage, mm2 Speed at Inlet to the Pipeline,
m/s

Excess Pressure at the Outlet of
the Pipeline, Bar

176.5 1.17 1.43
68.6 1.06 1.19
43.6 0.89 0.85
31.3 0.75 0.60
19.2 0.56 0.24
7.8 0.28 0

Figure 7 shows the spatial distribution along the pipeline axis turbulence eddy frequencies.
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Analyzing the data obtained as a result of numerical modeling, it can be concluded
that, at low values of leakage, areas with a high turbulence eddy frequency increase. An
increase in the frequency of turbulent pulsations leads to increased energy dissipation. Part
of the energy from ordered processes is transferred to energy in disordered processes. The
acoustic signal becomes more fragmented, and its Hurst exponent decreases.

3.3. Comparison of DFA Methods of Different Orders

Within the framework of the DFA algorithm, the standard error of approximation
for the generalized model of a wandering particle is analyzed, depending on the size



Fractal Fract. 2024, 8, 280 11 of 15

of the approximated area. The order of this method is determined by the order of the
approximating polynomial.

Figure 8 shows the results of calculating the Hurst exponent using DFA methods with
different orders.
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It can be seen that the calculation results significantly depend on the choice of degree
of approximating polynomial, and the use of high-order polynomials leads to increase in
values of Hurst exponent for small leaks, reducing sensitivity of leak detection. Therefore,
it is recommended to use DFA-1 for monitoring the tightness of gates.

3.4. The Results of the Analysis of Acoustic Signals Using the MF-DFA Method

In the MF-DFA calculation, deformation parameter, q, was set in the range [−10, 10].
Figure 9 shows examples of the multifractal spectrum of acoustic signals. The spectra

have different widths, and significant asymmetry is observed in them.
The shape of the multifractal spectrum of with a sealed and fully opened valve differs

from the typical parabolic form found in multifractal objects. Similar spectra were obtained
in article [36].

For quantitative analysis of the multifractal spectrum, the width W and the long tail
type ∆S were calculated [35]:

W = αmax − αmin, (10)

∆S = R − L, (11)

R = αmax − α0, (12)

L = α0 − αmin (13)
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The width of the multifractal spectrum determines the range of Hurst exponent present
in the signals and indicates the degree of multifractality.

The results of calculating the width of the multifractal spectrum are shown in Figure 10.
It demonstrates that, with a decrease in water leakage, the width of the spectrum increases,
and variations in the scale-invariant structure of signals increase. This is due to an increased
energy dissipation in turbulent flow and an increased degree of disorder in oscillatory
processes at low water flow rates. For a hermetically sealed valve, the acoustic signal
structure is close to being monofractal (W → 0).
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Figure 11 shows the parameter values ∆S.
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If there is a leak ∆S > 0 (R > L). This means that the multifractal spectrum has long
right tails. Such a multifractal structure is not sensitive to local fluctuations with large
magnitudes. The main contribution is made by small noise-like fluctuations [35]. This is
due to the presence of small vortices in the water flow, which occur with a high frequency.

4. Conclusions

When the tightness of the gate valve is violated, the fractal characteristics of acoustic
signals change. Analysis of acoustic signals using the DFA and MF-DFA techniques enables
determining the size of water leakage through a leaky gate valve.

The Hurst exponent of acoustic signals for a sealed valve is at the level of deterministic
signal (H → 1), and the width of the multifractal spectrum is close to that of the monofractal
process. (W → 0).

With the appearance of a leak, turbulent flow pulsations occur. With small leak sizes,
the acoustic signals are anticorrelated and have a high degree of multifractality (for example,
with a leak of 5.3 L/min H = 0.2, W = 0.8). This is due to an increase in the turbulence eddy
frequency in the water flow and increased energy dissipation. Increased leakage leads to
an increase in the Hurst exponent and a decrease in the width of the multifractal spectrum
(with a leakage of 22 L/min H = 1.1, W = 0.3). The main contribution to the multifractal
structure of leakage signals is made by small, noise-like fluctuations.

The results of calculating the Hurst exponent using the DFA method depend on the
choice of degree of approximating polynomial. To control the tightness of the valve, it is
advisable to use linear approximation.
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