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Abstract: The unbalanced forces generated by pumped storage units operating under non-ideal oper-
ating conditions can cause pressure pulsations. Due to the noise interference, the feature information
reflecting the operating state of the unit in the pressure pulsation is difficult to extract. Therefore,
this paper proposes a noise reduction method based on sparrow search algorithm (SSA) optimized
variational mode decomposition (VMD) combined with singular value decomposition (SVD). Firstly,
SSA is used to realize the adaptive optimization of VMD parameters for ideal decomposition of the
signal. Then, the noise reduction of the decomposed signal is performed by using the sensitivity of
the Permutation Entropy (PE) for small mutations. The noise reduction and reconstruction of the
decomposed signal are carried out again by using SVD. The experimental and comparison results
show that the mean square error of the signal after VMD-SVD feature extraction is reduced from
1.0068 to 0.0732 and the correlation coefficient is increased from 0.2428 to 0.9614. It is proved that
the method achieves better results in the pressure pulsation signal of pumped storage units and has
some application significance for the fault diagnosis of pumped storage units.

Keywords: pumped storage units; pressure pulsation; noise reduction; variational mode decomposition;
sparrow search algorithm

1. Introduction

Vibration in pumped storage units poses a significant threat to the safe and stable
operation of the units [1,2]. Pumped storage units have the characteristics of rapid start-up
and shutdown, peak cutting and valley filling, etc., which play an important supporting
role in the construction of a new power system with new energy as the main body [3,4].
In order to smooth the new energy output, pumped storage units often deviate from the
optimal operating conditions into the vibration zone when operating in new power systems.
Pumped storage units operating in the vibration zone can cause strong draft tube pressure
pulsations resulting in fatigue damage to the unit and affecting its performance [5]. The
draft tube pressure pulsation signal is disturbed by ambient noise, the effective features are
often masked by a large amount of noise, and the non-linearity and non-smoothness of the
vibration signal is increasing. Noise reduction and feature extraction of draft tube pressure
pulsations can increase unit operating efficiency and reduce economic losses [6].
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A lot of research has been done on noise reduction and feature extraction of vibration
signals [7–9]. Among them, short-time Fourier transform (STFT) [10,11], wavelet transform
(WT) [12–14], empirical mode decomposition (EMD) [15,16], ensemble empirical mode
decomposition (EEMD) [17,18], and other signal decomposition methods are more common.
However, all of the above methods have certain limitations. STFT enables time-frequency
analysis, but the fixed window function makes time-frequency analysis lack in adaptability.
The WT makes use of the scalable nature of the wavelet basis functions to give good
resolution, but some of the wavelet basis and threshold functions can cause unsatisfactory
noise reduction results. EMD is achieved by time-scale transformation of the signal, which
often results in mode mixing due to the uncertainty of the frequency and bandwidth of each
mode during decomposition. The EEMD solves the mode mixing problem posed by EMD
by adding random white noise to the original signal. However, the signal decomposition
of EEMD is often accompanied by end effects that may cause signal deficiencies and
affect the processing effect [19]. Based on the above analysis, it is important to propose
a time-frequency signal processing method that is applicable to non-smooth non-linear
signals. Singular value decomposition (SVD) is a noise reduction method based on phase
space reconstruction, which achieves noise reduction by removing the reconstructed signal
components corresponding to smaller singular values [20]. Reference [21] proposes an
optimal wavelet demodulation method based on singular value decomposition (SVD),
which can accurately detect the shock component in vibration signals. In [22], a combined
adaptive local iterative filtering (ALIF) and SVD method was used for dual noise reduction
and feature extraction of draft tube pressure pulsation, which was verified in simulation
experiments and measured draft tube pressure pulsation data. Dragomiretskiy [23–26]
proposed a variational mode decomposition (VMD) method based on non-recursive signals
to achieve better results in the decomposition of vibration signals. Reference [27] used VMD
to decompose the vibration signal, avoiding the mode mixing problem caused by EMD,
and extracted a wealth of information on fault characteristics. Furthermore, [28] proposed a
noise reduction method based on VMD and quantum particle swarm optimization adaptive
stochastic resonance to achieve good noise reduction in early faint fault features. However,
the effect of VMD decomposition is influenced by the iteration K and the penalty factor a.
Too large a value of K or a can easily lead to over-decomposition of mode mixing; too small
a value of K or a can easily lead to under-decomposition. Some of the literature is based on
experience or observation to determine parameter combinations, which is subjective and
random [29]. In recent years, some scholars have proposed to seek the optimal parameters
of VMD by optimization algorithms. Traditional optimization algorithms [30–32] are well
established but often fall into local optima when solving, making it difficult to achieve
satisfactory results for the complexity of vibration signals. It is important to implement an
adaptive decomposition of the VMD parameters using an algorithm with a strong global
search capability.

Based on the above analysis, the SSA [33] has a flexible and efficient global search capa-
bility, with stronger convergence and better optimization accuracy and stability. Adaptive
optimization of VMD parameters can be achieved using SSA. VMD and SVD have been
applied to non-stationary vibration signals and have effectively avoided the problem of
mode mixing in the decomposed signal, considering that the draft tube pressure pulsation
contains a wealth of characteristic information about the unit’s operating conditions for the
pressure pulsation characteristics of the draft tube of pumped storage units [34,35]. In this
paper, we propose a study on pressure pulsation reduction of pumped storage units based
on sparrow optimization VMD combined with SVD.

This paper takes pumped storage units as the research object, and the main contribu-
tions are as follows: (1) By comparing the computational cost of envelope entropy (EE),
sample entropy (SE), and permutation entropy (PE), it is determined that the EE is used as
the fitness function of the SSA to achieve adaptive optimization of the VMD parameters.
(2) Using the EE as the fitness function, the SSA, the particle swarm optimization (PSO),
and the genetic algorithm (GA) were compared in terms of their ability to find the optimal
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VMD parameters, and the SSA was determined as the optimization algorithm for the VMD
parameters. (3) By comparing the noise reduction ability of different entropies, it was
determined that PE would be used as the feature extraction method. (4) Calculate the PE
after VMD decomposition and select the optimal PE parameter by comparing the entropy
values under different embedding dimensions and delay time conditions. The signal com-
ponents whose PE values are less than the set threshold are retained for reconstruction to
achieve preliminary noise reduction of the noisy signal. (5) The signal after the initial noise
reduction is noise reduced again by using SVD, and the effectiveness of various feature
extraction methods is evaluated by using the correlation coefficient and mean square error
as evaluation indexes.

The rest of the paper is as follows: Section 2 introduces the basic principles of the noise-
carrying signal noise reduction method based on SSA optimization VMD combined with
SVD and establishes the framework flow chart of the research method. Section 3 constructs
a simulation signal based on the pressure pulsation characteristics of the draft tube of
pumped storage units and determines the optimal parameters of the proposed method
in this paper. Section 4 compares the proposed method with reported noise reduction
methods using simulated signals and evaluation metrics to demonstrate the effectiveness
of the method.

2. Methods
2.1. VMD

VMD is a new method for non-recursive signal decomposition proposed by Dragomiret-
skiy [36]. Constraints are used as the theoretical basis for constructing the overall framework
and searching for variational modes by iteration. The decomposition of a signal consisting
of multiple components into K intrinsic mode functions with fixed central frequencies ωk.
The mode mixing problems are avoided and local features are highlighted for subsequent
signal analysis.

(1) Mode components uk of the analytic signal

After Hilbert’s method calculation, each intrinsic mode function is considered as an
FM-AM mode function.

uk(t)= Ak(t) cos(∅k(t)) (1)

where Ak(t) is the instantaneous amplitude of uk(t), ∅k(t) is the instantaneous phase of
uk(t). The derivative of the instantaneous phase with respect to time is the instantaneous
frequency ωk(t) = d∅k(t)/dt.

(2) Estimation of the frequency bandwidth of each intrinsic mode function

Using Hilbert’s transformation of the mode component uk(t), one can obtain the
one-sided spectral equation. Gaussian smoothing is used to obtain the bandwidth of the
analytic signal after frequency shift, that is, the square root of the norm gradient L2. The
variational problem is constructed as follows:

min
{

k
∑

k=1
‖∂t

(
δ(t) + j

πt

)
uk (t) e−jwk (t) }‖2

2

s. t.
k
∑

k=1
uk = f (t)

(2)

where ∂t is the partial derivative of the function with respect to time t, δ(t) is the unit time
impulse function, e−jwk (t) is the correction exponent, and f (t) is the signal input function.

(3) Introduction of the Lagrange quadratic constraint and solution using alternating operators
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The unconstrained variational solution is established by augmenting Lagrange method
as in Equation (3). After that, the alternating direction multiplier algorithm is used to contin-
uously iteratively update the solution to obtain the generalized function as in Equation (4):

L({uk} , {ωk}, ˘) = a ∑k ‖∂t

[(
δ(t) + j

πt

)
uk (t)

]
e−jwk (t)‖2

2 + ‖ f (t)
−∑k uk(t)‖2

2 + < ˘(t), f (t)∑k uk (t) >
(3)

where a is the penalty factor, and λ(t) is the Lagrangian multiplier.

ûk
n+1=

− f̂ (w)−∑i 6=k ûi
n+1(ω)+

λ̂ (t)
2

1+2a(ω−ωk
2)

ωk
n+1 =

∫ ∞
0 ω|ûk(ω) |2 dω∫ ∞

0 |ûk(ω) | 2 dω

(4)

(4) Termination conditions

k

∑
k=1

(
‖ûk

n+1 − ûk
n‖2

2 /‖ûk
n‖2

2

)
< ε (5)

The iteration ends when the constraint satisfies the above equation, otherwise a circular
iteration is performed and a series of intrinsic mode functions are obtained at the end of
the iteration.

2.2. Adaptive Optimization of VMD Parameters
2.2.1. SSA Principles

The SSA is a group intelligence optimization algorithm that simulates the foraging
and anti-predatory act of sparrows. The algorithm is built by simulating the following acts:
finders search for food while avoiding the danger of predation; joiners compete for food
resources by monitoring the finders. Assume that the sparrow population size is N, the
number of iterations is t, the dimensionality of the optimization variables is dmin, and the
fitness is f . The sparrow’s ability to search for food is strongest when the fitness is best.

Assuming that the finder searches for the widest range of food, the iterative process
updates the finder’s location search as follows:

Xt+1
i,j =

{
Xt

i,j · exp
(
− i

a·itermax

)
i f R2 < ST

Xt
i,j + Q·L i f R2 ≥ ST

(6)

where t is the number of iterations, itermax is the current maximum number of iterations,
Xi,j is the position information of i-th sparrow in the j-th dimension, R2 is the warning
value, ST is the safety value, a is the random number of (0, 1], Q is a random number
obeying normal distribution, and L denotes a 1 × d matrix. When R2 < ST, it means there is
no predator in the foraging environment, and the finder can continue searching. When R2
≥ ST, the predator appears and the sparrow needs to change the area to search.

Joiners compete for food resources with discoverers by monitoring their tracks, and a
joiner’s location search is updated as follows:

Xt+1
i,j =

 Q· exp
(

Xworst−Xt
i,j

i2

)
i f i > n/2

Xt+1
p +

∣∣∣Xt
i,j − Xt+1

p

∣∣∣·A+·L otherwise
(7)

where Xp is the optimal position of the current discoverer, Xworst is the worst position
currently searched, and A denotes a 1 × d matrix. When i > n/2, it means that the joiner
cannot obtain food resources due to low adaptation.
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The locations of some of the individual sparrows in the sparrow population that
realized the approaching danger and made a zone change were updated as follows:

Xt+1
i,j =


Xt

best + β·
∣∣∣Xt

i,j − Xt
best

∣∣∣i f f i > f g

Xt
i,j + K·

(
| Xt

i,j−Xt
worst |

( f i− fw)+ε

)
i f f i = f g

(8)

where Xbest is the current global optimal position, f i is the i-th individual sparrow fitness,
f g is the current global best fitness, fw is the current global worst fitness value, β is a
random number obeying normal distribution, K is a random number of [−1, 1], and ε is a
constant.

2.2.2. VMD Parameter Optimization Based on SSA

The EE can measure the extent to which a signal contains fault information based on
the sparsity of the signal. If the signal contains more noise, the signal is less sparse and has
a higher EE. The signal Xi has the following expression for the EE.

Ep = −
N
∑

i=1
pilg pi

pi = a(i)/
N
∑

i=1
a(i)

(9)

where Ep is the signal Xi of the EE, a(i) is the signal Xi the envelope signal after Hilbert
calculation, and pi is the normalized form of the a(i) .

Reference [37] used EE as a fitness function to optimize the VMD parameters in order
to make the SSA process of optimizing the VMD parameters more accurate. Firstly, the
VMD parameters are initialized, using the parameters [a, K] as particle positions. The EE
is used as the fitness function to calculate the EE value of each particle under the VMD
decomposition. The positions of sparrow discoverers, joiners, and other individuals are
calculated according to Equations (6)–(8) for individual and global search. The particle
positions are continuously updated and the combination of parameters with the smallest
EE is recorded. When the number of iterations is satisfied, the loop is jumped out at the
end of the iteration and the optimal parameter combination [a, K] is output.

2.3. PE

PE is an effective calculation method proposed by Christophet et al. to detect signal
dynamic mutation and time series randomness [38]. PE can be used to filter the mode
information and distinguish the noise dominant component from the effective signal
component with rich feature information. The noise interference components with relatively
high entropy values are removed by preset threshold for the purpose of denoising. The
principle of the algorithm is as follows:

(1) Suppose a time series Xi and reconstruct its phase space; the matrix is obtained
as follows: 

X1 =
{

X1, X1+τ, . . . , X1+(m−1)τ,

}
X2 =

{
X2, X2+τ, . . . , X2+(m−1)τ,

}
...

Xr =
{

Xr, Xr+τ . . . , Xr+(m−1)τ

} (10)

where m is the embedding dimension and τ is the delay time. r is the number of row
vectors to reconstruct.

(2) Each row of the matrix is considered as a reconstructed component, and the elements
are rearranged in ascending order to obtain:
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Xi= {X(i + (ε1 − 1)× τ)} ≤ X(i + (ε2 −1)×τ)≤ · · · ≤ X(i + (εm −1)× τ) } (11)

where ε1, ε2,· · · , εm is the column index of each element in the reconstructed component.
(3) Calculate the probability of indexing P1 , P2 , · · · P3 at different positions. Define the

normalized PE of the indexed series at different positions of the time series according
to the form of entropy.

H = (−∑r
i=1Pi·lgp)lg(m!) (12)

2.4. SVD

SVD is a noise reduction method based on phase space reconstruction. As the noise
signal has a different correlation to the original signal, by observing the singular value SVD
spectrum, the singular value components representing the noise after decomposition are
zeroed out and the singular values of the valid signal are retained [39]. Noise reduction
of the characteristic matrix is achieved by the inverse of the SVD. For the signal Xi, the
Hankel matrix is constructed as follows:

H =

 X(1) · · · X(q)
...

. . .
...

X(d) · · · X(N)

 (13)

The SVD decomposition of the H matrix is as follows:

Q = U
[

∑ K 0
0 0

]
VT (14)

where U, V are orthogonal matrices. ∑ K = diag (σ1,σ2,· · · σ3) forms the fault feature vector.
The PE value of the components after VMD decomposition is calculated, and the

effective components smaller than the PE threshold are retained for reconstruction. The
VMD-PE denoised signal is constructed as a Hankel matrix for SVD decomposition to
achieve noise reduction again.

2.5. Noise Reduction Steps

Figure 1 shows the flow chart of the SSA–VMD–SVD framework, and the specific
steps are shown below:

Step 1: Acquisition of vibration signals, setting the number of sampling points and
sampling frequency.

Step 2: Determine the fitness function and establish an adaptive decomposition method
for VMD parameters based on SSA, setting the population size to 10 and the maximum
number of iterations to 20.

Step 3: Initialize the VMD parameters, using the parameters [a, K] as particle positions.
The range of a is [1000, 3000] and the range of K is [2, 10]. The optimal combination of
parameters with the smallest fitness function is obtained by SSA global search.

Step 4: Perform a VMD decomposition according to the optimal combination of
parameters [a, K] to obtain K IMF components.

Step 5: Calculate the PE value of each component according to Equations (10)–(12) and
set the PE threshold based on multiple simulations to achieve the initial noise reduction of
the noisy signal.

Step 6: The initial noise reduction signal is decomposed by SVD according to Equation (14)
to achieve the noise reduction of the reconstructed signal again.

Step 7: Extract the fault feature vector and perform a spectrum analysis to identify the
cause of the fault.
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Figure 1. The framework flow chart of the proposed method.

3. Results
3.1. Simulation Signal

The main cause of the draft tube pressure pulsation is the low frequency vortex band,
but there is also a certain amount of medium and high frequency pressure pulsation.
The low-frequency pulsation frequency is about 0.15–0.30 times, and the medium-high
frequency pressure pulsation frequency is close to the unit rotation frequency. In order to
verify the effectiveness of the algorithm in extracting the pressure pulsation signal in the
draft tube in this paper, the simulation signal A expression is established as follows:

X1= 0.3· sin(2πt f1)+0.2· sin(2πt f2)+0.1 sin ·(2πt f3)
X2 = rand (1, 5000)

Xt= X1 + X2

(15)

where f1 is 0.6 Hz, f2 is 2 Hz, and f3 is 22 Hz; set the sampling frequency to 500 and the
number of sampling points N to 5000.

3.2. Vibration Signal Analysis

The simulation graph is shown in Figure 2. Figure 2a,b show the original signal
waveform and spectrum, while Figure 2c,d show the waveform and spectrum under strong
noise interference. Under strong noise interference, the periodic pulses reflecting the fault
characteristics are obliterated. In Figure 2d, it is also not possible to identify the obvious
shock components, making it difficult to determine the type of fault.
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3.3. Noise Reduction Based on SSA–VMD–SVD
3.3.1. Fitness Function

Entropy, as a measure of signal disorder, can be used as a fitness function for SSA–VMD.
EE, SE, and PE can all be used as a fitness function. The lowest entropy value is used as the
basis for preferring the parameters. Therefore, in order to reduce the computational cost
of the algorithm, only the running times of the different types of entropies are compared.
The results are shown in Table 1. It can be seen that the running time and iteration times of
EE are the smallest among the three kinds of entropies, while their corresponding optimal
parameters are similar, so the EE is used as the final fitness function.

Table 1. Table of optimization parameters for different fitness functions.

Fitness
Functions [a, K] Number

of Iterations
Minimum

Entropy Value Running Time (s)

EE [2853, 10] 2 6.1766 4705

PE [2996, 10] 2 0.4562 17150

SE [2898, 10] 5 0.2221 10762
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3.3.2. Optimization Algorithms

To highlight the global search capability of SSA algorithm, SSA is compared with GA
and PSO. Using the EE as the fitness function and setting the same population size, number
of iterations, and range of optimization parameters, the optimization results are shown in
Figure 3.
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As can be seen from Figure 3, in the process of SSA optimization, the local minimum
6.177 appears in the second iteration, and the output parameter is [2853, 10]. In the process
of PSO optimization, the local minimum 6.177 appears in the 12th iteration, and the output
parameter is [2854, 10]. The local minimum value 6.259 in GA optimization appears in the
14th iteration, and the output parameter is [2902, 10]. When the output parameter value is
close to the decomposition effect, the number of iterations of SSA is small and the fitness
function is small, which proves that the convergence speed and global search ability of SSA
are superior to GA and PSO.

Considering the randomness of the algorithm, the SSA-VMD algorithm with the
envelope entropy as the fitness function was optimized for 10 times and the average value
was taken as the output result, and the parameter combination was [2853, 10].

3.3.3. PE Parameter

The embedding dimension of the PE affects the construction accuracy, the embedding
dimension m usually ranges from 3 to 7, and the delay time τ is usually set to 1 [40]. In
order to select the PE parameters suitable for the pressure pulsation signal of the pumped
storage unit, the PE values of the simulated signal with m [2, 10] and τ [1, 10] are compared
and analyzed. The results are shown in Figure 4.

As can be seen from the Figure 4, when the embedding dimension is a fixed value, the
curves in the figure mostly overlap.

Proof. The delay time has little effect on the PE value, and sufficient information can be
obtained with a delay time of 1. �

Therefore, the delay time τ of 1 is chosen in this paper. When the embedding dimen-
sion m is [2,6], the entropy value remains within a stable and small difference. When the
m is greater than or equal to 7, the PE value appears to be more volatile, which will cause
some interference to the evaluation of the random degree of the signal. Considering the
length of the data, the m should be as large as possible without distortion, so the m is
chosen to be 6 and the τ is 1.
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3.3.4. The Comparison of Entropy

Entropy can distinguish between the noise component and the effective component
to achieve primary noise reduction of the simulated signal [41]. The PE, SE, and EE are
combined with VMD for a single noise reduction comparison respectively. The correlation
coefficient and mean square error were also introduced to reflect the relationship between
the noise-reduced signal and the original signal to evaluate the noise reduction effect of the
PE. The calculation results are shown in Table 2.

Table 2. Noise reduction test with three types of entropy.

Feature Extraction Methods Correlation Coefficient Mean Square Error

VMD-PE 0.6210 0.3169
VMD-SE 0.4931 0.4368
VMD-EE 0.4945 0.4494

As seen in Table 2, the correlation coefficient of the VMD–PE processed signal is the
largest and the mean square error is the smallest, and the noise reduction preserves the
original signal more completely. It proves that PE has the best noise reduction effect among
the three entropies.

3.3.5. Simulation Results

With the above parameter discussion, the SSA–VMD–SVD processed waveform and
spectrum are obtained. As seen in Figure 5a, the processed signal waveform becomes
smooth and regular, with a large amount of noise removed without distortion. From
Figure 5b, it can be seen that the amplitude of the spectral lines representing the shock
component is strong. The f 1, f 2, and f 3 frequencies reflecting the fault characteristics were
basically extracted effectively. This demonstrates that the SSA–VMD–SVD decomposition
works well and that there is no mode mixing problem.
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Figure 5. Simulated signal after SSA-VMD–SVD processing. (a) Waveform diagram after noise
reduction; (b) Spectrum after noise reduction.

4. Discussion
4.1. Comparison of Methods
4.1.1. Comparative Analysis

In order to highlight the effectiveness and reliability of the proposed method, other
methods are used for noise reduction and feature extraction comparison. The signal
processing method considering time domain or frequency domain cannot adapt to the
non-stationarity and non-linearity of pressure pulsation signal. The representative time-
frequency signal decomposition method (CEEMD ALIF VMD) combined with PE was
selected to carry out the primary noise reduction of the simulation signal. However, the
effect of primary denoising on complex signal denoising and feature extraction is not
ideal, so on the basis of primary denoising, SVD secondary denoising process is added.
Figures 6–9 show the simulated signal plots after CEEMD–PE, VMD–PE, ALIF–PE, and
ALIF–SVD processing respectively.

Energies 2022, 15, 2073  11  of  18 
 

 

   
(a)  (b) 

Figure 5. Simulated signal after SSA‐VMD–SVD processing. (a) Waveform diagram after noise re‐

duction; (b) Spectrum after noise reduction.   

4. Discussion 

4.1. Comparison of Methods 

4.1.1. Comparative Analysis 

In order to highlight the effectiveness and reliability of the proposed method, other 

methods are used for noise reduction and feature extraction comparison. The signal pro‐

cessing method considering time domain or frequency domain cannot adapt to the non‐

stationarity and non‐linearity of pressure pulsation signal. The representative  time‐fre‐

quency signal decomposition method (CEEMD ALIF VMD) combined with PE was se‐

lected  to carry out  the primary noise reduction of  the simulation signal. However,  the 

effect of primary denoising on  complex  signal denoising  and  feature  extraction  is not 

ideal, so on the basis of primary denoising, SVD secondary denoising process is added. 

Figures 6–9 show the simulated signal plots after CEEMD–PE, VMD–PE, ALIF–PE, and 

ALIF–SVD processing respectively.   

   
(a)  (b) 

Figure 6. Simulated signal after CEEMD–PE processing. (a) Waveform diagram after noise reduc‐

tion; (b) Spectrum after noise reduction.   
Figure 6. Simulated signal after CEEMD–PE processing. (a) Waveform diagram after noise reduction;
(b) Spectrum after noise reduction.



Energies 2022, 15, 2073 12 of 18
Energies 2022, 15, 2073  12  of  18 
 

 

   
(a)  (b) 

Figure 7. Simulated signal after VMD–PE processing. (a) Waveform diagram after noise reduction; 

(b) Spectrum after noise reduction.   

   
(a)  (b) 

Figure 8. Simulated signal after ALIF–PE processing. (a) Waveform diagram after noise reduction; 

(b) Spectrum after noise reduction.   

   
(a)  (b) 

Figure 9. Simulated signal after ALIF–SVD processing. (a) Waveform diagram after noise reduction; 

(b) Spectrum after noise reduction.   

Figure 7. Simulated signal after VMD–PE processing. (a) Waveform diagram after noise reduction;
(b) Spectrum after noise reduction.

Energies 2022, 15, 2073  12  of  18 
 

 

   
(a)  (b) 

Figure 7. Simulated signal after VMD–PE processing. (a) Waveform diagram after noise reduction; 

(b) Spectrum after noise reduction.   

   
(a)  (b) 

Figure 8. Simulated signal after ALIF–PE processing. (a) Waveform diagram after noise reduction; 

(b) Spectrum after noise reduction.   

   
(a)  (b) 

Figure 9. Simulated signal after ALIF–SVD processing. (a) Waveform diagram after noise reduction; 

(b) Spectrum after noise reduction.   

Figure 8. Simulated signal after ALIF–PE processing. (a) Waveform diagram after noise reduction;
(b) Spectrum after noise reduction.

Energies 2022, 15, 2073  12  of  18 
 

 

   
(a)  (b) 

Figure 7. Simulated signal after VMD–PE processing. (a) Waveform diagram after noise reduction; 

(b) Spectrum after noise reduction.   

   
(a)  (b) 

Figure 8. Simulated signal after ALIF–PE processing. (a) Waveform diagram after noise reduction; 

(b) Spectrum after noise reduction.   

   
(a)  (b) 

Figure 9. Simulated signal after ALIF–SVD processing. (a) Waveform diagram after noise reduction; 

(b) Spectrum after noise reduction.   
Figure 9. Simulated signal after ALIF–SVD processing. (a) Waveform diagram after noise reduction;
(b) Spectrum after noise reduction.



Energies 2022, 15, 2073 13 of 18

The white noise added to the CEEMD decomposition is set at 0.2 times the standard
deviation and 100 times the number of sets [42]. Due to the reconstruction bias caused by
the addition of white noise resulting in some noise remaining in the signal after CEEMD
processing, only two feature components are effectively extracted in Figure 6b. As seen in
Figures 7 and 8, the burr is reduced in the waveform plots Figures 7a and 8a after VMD–PE
and ALIF–PE processing, but the similarity to the original signal Figure 5a is not high. In
Figures 7b and 8b, the three feature components are all extracted but the feature components
are not accurate enough, there is bottom noise in the 0–50 Hz band, and the noise reduction
effect is not satisfactory. The ALIF–SVD processed Figure 9a has a large amount of noise
removed but appears distorted. In Figure 9b, only two low-frequency components are
effectively extracted, and the full information reflecting the fault characteristics is not
completely extracted.

4.1.2. Effectiveness Evaluation

To make the above conclusions more convincing, the correlation coefficient and mean
square error were introduced to reflect the relationship between the processed signal and
the original signal, and the results were calculated as shown in Table 3.

Table 3. Assessment table for different methods of noise reduction.

Correlation Coefficient Mean Square Error

Noisy signals 0.2428 1.0068
CEEMD–PE 0.5123 0.4227

VMD–PE 0.6210 0.3169
ALIF–PE 0.7024 0.2595

ALIF–SVD 0.9360 0.0940
VMD–SVD 0.9614 0.0732

As can be seen from Table 3, the correlation coefficient after VMD–SVD processing
is the highest and the mean square error is the lowest among the methods, which proves
that this method has the highest similarity to the original signal after denoising and
reconstruction, retains the highest integrity of valid information, and is more effective for
the extraction of early weak faults in the draft tube.

4.2. Analysis of Variable Working Conditions

In order to prove that VMD–SVD is not only suitable for noise reduction of vibration
signal under single working conditions and fixed noise, change the characteristic frequency
under the condition of invariable noise and change the noise size under the condition of
invariable characteristic frequency, respectively, to demonstrate the applicability of the
method under the condition of variable working conditions and random noise interference.

Construction of simulated signal B with the same noise but different frequencies:

X1= 0.35· sin(2πt f1)+0.3· sin(2πt f2)+0.2 sin ·(2πt f3)+0.2 sin ·(2πt f3)
X2 = rand (1, 5000)

Xt= X1 + X2

(16)

where f1 is 0.5 Hz, f2 is 1.1 Hz, and f3 is 2 Hz; f4 is 9.5 Hz.
Construction of simulated signal C with the same frequency but different noise:

X1= 0.3· sin(2πt f1)+0.2· sin(2πt f2)+0.1 sin ·(2πt f3)
X2 = 0.5 rand (1, 5000)

Xt= X1 + X2

(17)

where f1 is 0.6 Hz, f2 is 2 Hz, and f3 is 22 Hz.
The constructed signals were subjected to VMD–SVD processing and the correspond-

ing spectrums were obtained as shown in Figure 10. The correlation coefficients and mean



Energies 2022, 15, 2073 14 of 18

square errors of the three signals after VMD–SVD processing were compared and the
results are shown in Table 4.
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Figure 10. Spectra of the two simulated signals after VMD–SVD processing. (a) Spectrum of signal B
after noise reduction; (b) Spectrum of signal C after noise reduction.

Table 4. Table of evaluation indicators for different signals.

Signal Correlation Coefficient Mean Square Error

A 0.9614 0.0732
B 0.9776 0.0901
C 0.9942 0.0285

As can be seen from Figure 10 and Table 4, the characteristic frequencies of signals B
and C are basically extracted effectively, and the reconstructed signals maintain a good cor-
relation with the original signals. This demonstrates that VMD–SVD is not only applicable
to the noise reduction of vibration signals under single working conditions and fixed noise.

4.3. Examples

In order to verify the effectiveness of the algorithm in this paper, a pumped storage
power plant draft tube pressure pulsation signal is used as an example for the unit test.
The signal is collected using an AK–4D pressure sensor number N2186, as shown in
Figure 11. The unit model is HLNTP–LJ–512, the rated output is 306.1 MW, the rated speed
is 300 r/min, the sampling frequency is 500 Hz, and the number of intercepted data points
is 5000. Figure 12 shows the measured pressure pulsation signal of a pumped storage
power station, and the signal waveform plot is homogenized.
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Figure 12. Measured pressure pulsation signal at a pumped storage power station. (a) Signal
waveform diagram; (b) Signal spectrum.

As can be seen in Figure 12a, there is obviously non-periodic noise interference in
the signal waveform, and the periodic pulse reflecting the characteristics of the fault is
completely masked. As can be seen in Figure 12b, there are some spectral peaks in the
middle and high frequency bands but there is no regularity, and there are many interference
spectral lines around, making it difficult to accurately determine the cause of the unit fault.

The actual data were processed according to the simulation experiment of VMD–SVD.
Figure 13a,b show the waveforms and spectrums after VMD–SVD processing, respectively.
From Figure 13a, it can be seen that the processed signal waveform is smoother, the shock
regularity is enhanced, and the interference noise is suppressed to a certain extent. As
can be seen in Figure 13b, low frequency amplitudes that could not be identified before
denoising appear, and the surrounding interference spectral lines are effectively removed.
The shock component of X = 0.61 is consistent with the low frequency of the draft tube
vortex band, and the shock component of X = 4.5 is close to the rotation frequency of the
unit (as shown in the red dashed box), which meets the characteristics of the pressure
pulsation of the draft tube vortex band. This proves that the fault characteristics masked by
noise are effectively stripped out. The above analysis fully proves that the method in this
paper can achieve effective extraction of early faint faults in pressure pulsation of pumped
storage units.
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5. Conclusions

Against the background of strong noise interference and variable operating condi-
tions of pumped storage units, and in view of the difficulty in extracting the early weak
fault characteristics of pressure pulsations of pumped storage units, this paper proposes
a sparrow-based optimization VMD combined with SVD for pressure pulsation noise
reduction of pumped storage units, with the following conclusions.

(1) Applying the SSA algorithm with envelope entropy as the fitness function to the
parameter decomposition of VMD overcomes the shortcomings of manual parameter
selection of VMD and realizes the adaptive decomposition of VMD.

(2) The choice of the combined VMD–SVD noise reduction method effectively avoids
the problem of post-reconstruction noise interference and can achieve good results in
non-stationary signal decomposition.

(3) Through simulation comparison with CEEMD–PE, VMD–PE, ALIF–PE, and ALIF–
SVD, it is proved that the noise reduction method of VMD–SVD can effectively
remove noise, achieve the extraction of low frequency fault characteristics of pressure
pulsation of pumped storage units under strong noise disturbance, and enhance
fault-related characteristics.
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