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Highlights:

• An new analysis method for vibration-transmission paths based on CEEMDAN-SVD-TE is proposed.
• It is verified that the CEEMDAN-SVD-TE method has higher effectiveness and is superior to the

single TE algorithm.
• The feasibility of CEEMDAN-SVD-TE in practical engineering is verified by engineering examples

from the Quxue hydropower house.
• By using the information-transmission rate, it is identified that the lower frame foundation is an

essential node for vibration transmission.

Abstract: The analysis of the vibration-transmission path is one of the keys to the vibration control
and safety monitoring of a hydropower house, and the vibration source of the hydropower house is
complex, making it more difficult to analyze the vibration-transmission path. In order to accurately
identify the transmission path of the vibration in a hydropower house, an identification method for
the vibration-transmission path based on CEEMDAN-SVD-TE is presented in this paper. First of all,
this paper verifies that the CEEMDAN-SVD-TE method has higher effectiveness and is superior to the
single transfer-entropy (TE) algorithm in information-transmission-direction identification; secondly,
based on the measured field-vibration data, CEEMDAN-SVD noise-reduction technology is used to
adaptively decompose the characteristics according to the signal energy; finally, the transfer-entropy
theory and the information-transmission rate are used to determine the vibration-transmission path
of the hydropower house. The results show that the main transmission path of the vibration caused by
tailwater fluctuation is tailwater pipe (top cover measurement point)→turbine pier (stator foundation
measurement point, lower frame foundation measurement point)→generator floor (generator floor
measurement point). This research can offer a reference for vibration control and safety monitoring
of hydropower houses, and provide a new idea for structural vibration reduction.

Keywords: hydropower house; vibration-transmission path identification; CEEMDAN-SVD;
transfer entropy

1. Introduction

Hydropower, as an important clean energy source, is receiving increasing attention
from countries around the world [1–3]. The hydropower station, as an essential compo-
nent of hydroelectric power generation, always has the mission of stability and safety
of operation. The hydropower house is an important part of the hydropower station,
which is not only the support structure of the hydro-generator unit, but also the channel
for water to flow. With an increase in installed capacity and water head, the size of the
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hydropower station becomes more significant and the stiffness gradually decreases, which
leads to serious stability problems in a large hydropower house. Against this background,
the vibration of the hydropower house structure caused by various factors such as unit
vibration and channel water flow is increasingly drawing attention [4–7]. Thus, using
effective methods to analyze the structural vibration response of the hydropower house,
identifying its vibration-transmission path and evaluating the stability of its vibration state
are of great practical significance and engineering value.

The vibration system of hydropower units and the power house is a huge coupled
hydraulic–mechanical–electromagnetic structural system, and the main sources of vibration
include hydraulic, mechanical and electromagnetic factors [8,9]. The coupling effect of
multiple sources creates huge difficulties and presents great challenges for research into
vibration issues. The vibration prototype observation of the hydropower house structure
based on the excitation of the working environment can obtain the required vibration
parameters and response under the normal operation working conditions, but because
the vibration signal of the hydropower house is a non-linear signal with varied noise, the
information of the vibration characteristics is often drowned by the noise under the joint
influence of multiple vibration sources, which affects the accuracy of the subsequent data
analysis [10].

In view of the various difficulties mentioned above, there are three thorny and step-
by-step challenges that need to be addressed before proceeding with the evaluation of
the vibration stability of hydropower house: (1) How to reduce the influence of noise
and extract the characteristic information in the vibration signal with the help of effective
methods; (2) How to effectively identify the transmission path of vibration energy during
the operation of the hydropower house; (3) How to quantitatively evaluate the transmis-
sion strength of vibration energy and make recommendations for the optimization of the
structure of the hydropower house.

In the field of signal processing, many studies have been conducted and many achieve-
ments have been made. The Fourier transform has been extensively applied in the field of
signal processing, which not only can clarify the spectral features of signals, but also has the
capability for precise resolution [11,12]. It is an effective tool for analyzing smooth signals
but cannot correct and analyze local distortion of the signal. A digital filter is an improved
Fourier-transform-based denoising method, which achieves denoising by mathematical
operations on the difference equations of a discrete signal, but requires predefined technical
specifications such as a passband cutoff frequency and stopband cutoff frequency [13,14].
The wavelet transform allows local transformation of the time and frequency of the signal,
but there is no standard available for choosing the wavelet base function [15]. Empirical
mode decomposition (EMD) is an adaptive signal-analyzing method for processing nonlin-
ear and non-stationary signals [16,17]. Barbosh [18] introduces the application of the EMD
method in complex vibration signal processing and modal identification of civil structures
in detail. However, due to the defects of his computational theory, the decomposition
process of EMD may cause boundary effects and mode mixing [19,20]. In order to reduce
the interference of the mode mixing, the ensemble empirical mode decomposition (EEMD)
method is proposed [21]. Spinosa [22] uses the EEMD method to effectively reduce the back-
ground noise of airframe-vibration data obtained from aircraft water-landing experiments.
Gao [23] uses the EEMD method to extract weak fault signals from bearing vibration signals
to achieve early bearing fault prediction. However, the effect of EEMD decomposition
depends on the integration time and the amplitude of the added white noise [24]; the mode-
mixing phenomenon will not be mitigated if the parameters are not chosen properly. With
the purpose of overcoming the above problems, complete ensemble empirical mode decom-
position with adaptive noise (CEEMDAN) is proposed. This method adds adaptive white
noise at each stage of the decomposition and calculates a unique residual signal for each
mode component, which results in negligible reconstruction error [25,26]. Mousavi [27]
applies CEEMDAN to bridge structural vibration signal processing to effectively identify
the location and extent of bridge damage. However, although CEEMDAN can effectively
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decompose the signal and obtain the characteristic mode components, it cannot effectively
filter out high-frequency white noise due to background noise [28]. Singular value decom-
position (SVD), as a typical orthogonal decomposition denoising method, can efficiently
filter out high-frequency noise in the signal [29].

As the problem of vibration in a hydropower house has become a subject of increas-
ing concern, researchers have started to analyze vibration from the perspective of the
vibration mechanism and have tried to explore the energy-transfer path of vibration in
a hydropower house. Xu [30] studies the power transmission between the underground
main powerhouse and auxiliary powerhouse based on the tidal current theory. They find
that the vibration-transfer direction of the underground plant is mainly perpendicular to
and along the flow direction of the bedrock. Lian [31] concludes that the transmission
of transverse vibration was larger than that of longitudinal and vertical vibration, while
the transmission intensity of low-frequency vibration and rotational frequency vibration
were basically equal. Wang [32] carries out the calculation of structural sound intensity
based on finite element theory for different parts of the hydropower plant, and realizes
the vector visualization of the transmission path. Researchers often study the vibration
of the hydropower house through numerical model calculations and have achieved good
results, but the shortcomings and challenges cannot be ignored. Most previous studies have
used computational analysis methods that assume the excitation of the house is usually
composed of steady-state harmonic loads, which simplifies mathematical calculations but
adds human interference.

In the field of vibration response analysis with the help of structural monitoring data,
the transfer entropy (TE) has been widely used. Lindner [33] uses Granger causality and
transfer entropy to analyze the vibration of the site and finds that transfer entropy can
determine the cause and effect of the vibration more accurately. Wang [34] and Wang [35]
have also attempted to investigate the structural response by the transfer entropy based
on data acquired from field tests rather than numerical simulations. Zhang [36] applies
the transfer entropy to the vibration-response analysis of the powerhouse structure to
describe the vibration-transfer energy characteristics of different variables and the same
variable in different directions. In this research, transfer entropy is introduced and verified
as an innovative method that can analyze vibration-transmission paths based on structural
vibration response data. However, using vibration monitoring data directly from field tests,
the analysis process may be affected by strong background noise, resulting in inaccurate
analysis results.

Considering the above problems and the advantage of CEEMDAN, SVD and TE in
signal-analysis work, this paper proposes a new vibration-transmission path identification
method for hydropower houses based on CEEMDAN-SVD-TE. Firstly, the accuracy and
superiority of CEEMDAN-SVD-TE, which is higher than TE in information-transmission-
direction identification, is verified by simulation-signal analysis. A large hydropower
house is taken as the research object, and the CEEMDAN-SVD method is used to extract
the tailwater-fluctuation signal as the characteristic signal for the transmission-path anal-
ysis; finally, the vibration-transmission path of tailwater fluctuation is analyzed using
the transfer-entropy theory, and the information-transmission rate between different mea-
surement points is calculated. This research can offer a dependable theoretical basis and
technical support for the identification of the vibration mechanism and optimization of
structural vibration reduction in hydropower houses.

This article is structured as follows. Section 2 introduces the basic theory used in the
following sections. Section 3 presents the simulation analysis of the method proposed in
the paper. Section 4 shows the results for the analysis of the vibration-transmission path
from the measured point signals in the hydropower house. Finally, this article is concluded
in Section 5.
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2. Materials and Methods
2.1. CEEMDAN Algorithm

EMD [16] can adaptively decompose the original signal into an intrinsic mode function
(IMF) according to its own scale. However, due to the problem of EMD’s own computing
theory, mode mixing often occurs in its decomposition. EEMD [21] is an improvement
on EMD; its calculation principle is to add the corresponding white noise to the original
signal and eliminate the mode-mixing phenomenon in EMD decomposition at one time
by suppressing and canceling the influence of decomposition noise through multiple
integration. After multiple integration averaging, the influence of white noise on the
decomposition results is offset, but a reconstruction error appears. The reconstruction
error relies on the integration number, and increasing the integration number can diminish
the reconstruction error, but it increases the computational volume to some extent and
seriously affects the computational efficiency.

In order to solve the problems of mode mixing, calculation accuracy and computational
efficiency, the CEEMDAN algorithm is proposed. Compared with the EEMD algorithm, the
CEEMDAN algorithm adds a finite amount of adaptive white noise at each stage of EMD
decomposition. When the number of integrations is small, its reconstruction error is almost
zero, and the reconstructed signal is almost identical to the original signal. Therefore,
the CEEMDAN algorithm can solve the mode-mixing phenomenon existing in the EMD
algorithm and overcome the incompleteness as well as low computational efficiency of the
EEMD algorithm.

Define an operator Ek(·) that represents the process of EMD obtaining the k-th mode
component IMFk; let ωi(t) be the white-noise-satisfying distribution of N(0, 1) and εk is
the amplitude coefficient of white noise added for the k-th time. The decomposition process
for the CEEMDAN algorithm is shown below [25]:

(1) The white noise X(t) + ε0ωi(t) is added to the original signal, and I-th EMD
decomposition is performed. An average operation is then performed on the result to
obtain IMF1.

IMF1 =
1
I

1

∑
i=1

E1(X(t) + ε0ωi(t)) (1)

(2) The first stage residual component can be calculated.

r1(t) = X(t)− IMF1 (2)

The white noise r1(t) + ε1E1
(
ωi(t)

)
, i = 1, 2, . . . , I is added to the first-stage residual

component, and the EMD is performed.
IMF2 can then be calculated with the mean value of the first IMF.

IMF2 =
1
I

1

∑
i=1

E1

(
r1(t) + ε1E1

(
ωi(t)

))
(3)

For k = 1, 2, . . . , K, the k-th residual component can be calculated.

rk(t) = rk−1(t)− IMFk (4)

(3) White noise r1(t) + ε1E1
(
ωi(t)

)
, i = 1, 2, . . . , I is added to the k-th residual compo-

nent and EMD decomposition performed. IMFk+1 can then be calculated with the mean
value of the first IMF.

IMFk+1 =
1
I

1

∑
i=1

E1

(
rk(t) + εkEk

(
ωi(t)

))
(5)
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(4) Step (4) and Step (5) are repeated until the value of the residual component is
less than two extremes, then the decomposition stops. Eventually the residual variable
is obtained.

r(t) = X(t)−
K

∑
k=1

IMFk (6)

where K is the total number of modes in the decomposition process.
The reconstructed signal can be expressed as follows:

X(t) = r(t) +
K

∑
k=1

IMFk (7)

2.2. SVD Denoising Algorithm

Singular value decomposition (SVD) is a classical noise-reduction method, which is
widely used in vibration signal processing [29].

Assuming the signal X = [x(1), x(2), · · · x(n + m − 1)], the Hankel matrix can be
constructed as follows [37]:

H =


x(1) x(2) · · · x(n)
x(2) x(3) · · · x(n + 1)

...
...

...
x(m) x(m + 1) · · · x(n + m− 1)

 (8)

where H is the matrix of m× n, m ≥ n.
The singular value decomposition of H can be obtained. For any m× n orders real

matrix H, there must be an orthogonal matrix U ∈ Rm×m and an orthogonal matrix
V ∈ Rn×n to meet Equation (9).

H = UDVT (9)

where U ∈ Rm×m; V ∈ Rn×n; D = (diag(σ1, σ2, · · ·, σp), 0) or its transpose; 0 denotes the
zero matrix; σi represents the singular value obtained by decomposition, and satisfies
σi ≥ σi+1.

Assuming the optimal singular value order is r, the denoised signal X = [x(1), x(2), · · ·
x(n + m− 1)] can be obtained by preserving the r order singular value of the singular value
matrix D and reconstructing the matrix. The key problem is to determine the optimal order
of singular value. If selected order is too low, the valid signal may be mistaken as noise,
resulting in the loss of the valid signal. If selected order is too high, there will be a lot of
residual noises, which affects the de-noising effect. The optimal order should preserve the
valid signal in the maximal degree and filter out most of the noise.

A singular entropy increment is applied to identify the optimal order in this paper [28];
the order when the singular entropy increment curve tends to be steady is chosen for the
optimal singular value order r, which ensures that the signal features are preserved and
the unfavorable noise is filtered effectively.

2.3. Transfer-Entropy Algorithm

Schreiber [38] drew lessons from the basic theory of information entropy and extended
it to form the transfer-entropy (TE) algorithm, which can characterize the relevance and
information-transmission relationship among different time series with a unit of bit. This
theory can quantify the information-transmission effect between related time series in the
form of entropy and reflect the characteristics of information transmission. If the dynamic
probabilities of a process x at time n+ 1 is conditional only on previous k values, the process
is called a k-th Markov process. The mathematic description of this transition probability is

p(x(n + 1) | x(n), x(n− 1), . . . , x(n− k + 1))= p
(

x(n + 1) | x(n)(k)
)
= p

(
x(1) | x(k)

)
(10)
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Considering the influence of another process y(m)(l) on these transition probabilities,
the expression of coupling influence of x(n)(k) and y(n)(l) on x(n+ 1) is p

(
x(1) | x(k), y(l)

)
.

The transfer entropy Ty→x

(
x(1) | x(k), y(l)

)
can be formulated as below.

Ty→x

(
x(1) | x(k), y(l)

)
=

t
p
(

x(1), x(k), y(l)
)

log2

(
p(x(1)|x(k),y(l))

p(x(1)|x(k))

)
×dx(1)dx(k)dy(l)

(11)

When the transfer entropy of y to x is greater than the transfer entropy of x to y, y is
referred to as the source of information transmission and Ty→x

(
x(1) | x(k), y(l)

)
denotes the

transfer entropy of y to x. The research of Nichols and Overbey [39,40] showed that defining
the order k = l = 1 for both Markov processes y and x does not affect the directedness of
process y to process x. Together with a time delay τ added to y(n), Equation (11) can be
simplified to Equation (12).

Ty→x( x(1)|x, y(τ))y(n)
=

t
p(x(1), x, y(τ)) log2

(
p(x(1)|x,y(τ))

p(x(1)|x)

)
×dx(1)dxdy(τ)

(12)

where y(τ) ≡ y(n + τ). The assumption of order k = l = 1 quantifies the information gain
from y(t) only.

If we use conditional probabilities p( a|b) = p(a, b)/p(b), Equation (12) can be rewrit-
ten in entropy form as Equation (13).

Ty→x( x(1)|x, y(τ))
=

t
p(x(1), x, y(τ)) log2 p(x(1), x, y(τ))dx(1)dxdy(τ)

+
∫

p(x) log2 p(x)dx−
s

p(x, y(τ)) log2 p(x, y(τ))dxdy(τ)
−
s

p(x(1), x) log2 p(x(1), x)dx(1)dx

(13)

In order to quantitatively describe the transmission regularity of vibration energy, the
information-transmission rate (ITR) index is introduced [35,36], which is calculated based
on the transfer entropy and can effectively describe the information-transmission strength
of vibration energy. For vibration signals y and x, the ITR is:

ITRy→x =
Ty→x(τ)− Tx→y(τ)

Ty→x(τ)
(14)

where Ty→x(τ) and Tx→y(τ) are the transfer entropy corresponding to the different transfer
directions of signals x and y; Ty→x(τ) and Tx→y(τ) are the average value of Ty→x(τ)
and Tx→y(τ), respectively; ITRy→x is the information-transmission rate; the direction of
ITRy→x > 0 is used as the positive direction of information transmission.

In the case of Ty→x−Tx→y ≥ 0, when ITRy→x = 0, there is no information-transmission
relationship between signal y and x, and the two signals are independent; When ITRy→x = 1,
the information of signal y is completely transmitted to the signalx, y is the source of in-
formation transmission. Therefore, ITRy→x can describe the information-transmission
intensity of y→ x in the form of percentage, so as to quantitatively characterize the feature
of information transmission between vibration signals.

2.4. COMBINED CEEMDAN-SVD-TE

The vibration signal of a hydropower house is a kind of nonlinear and non-stationary
signal, including high-frequency white noise and electromagnetic noise. The CEEMDAN
algorithm can effectively extract the required feature signal according to frequency, but
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because of the interference of strong background noise, a lot of high-frequency white noise
cannot be separated accurately. To ensure the accuracy of feature-information extraction,
the vibration signal needs to be further processed. As a classical denoising method, the
SVD algorithm has a strong ability to filter the high-frequency random noise in the signal
and extract the signal-feature information. The transfer-entropy algorithm can effectively
analyze the correlation between signals, identify the source of information transmission
and clarify the direction of vibration-signal transmission.

Based on the working characteristics of the hydropower house and the advantages of
each method, the CEEMDAN-SVD-TE method is introduced in this paper. The flow chart
of the CEEMDAN-SVD-TE is presented in Figure 1, and the principal procedures can be
summarized as follows:

(1) The collected vibration signal is decomposed to IMFs from high frequency to low
frequency by CEEMDAN processing, and the IMF component can represent the
vibration characteristics of the structure.

(2) The optimal singular value order r is selected according to the singular entropy
increment theory, and the high-frequency noise in the IMF signal is filtered out
utilizing the singular value decomposition algorithm.Appl. Sci. 2022, 12, x FOR PEER REVIEW 8 of 26 

 

 
Figure 1. Flow chart of the CEEMDAN-SVD-TE method. 

  

Figure 1. Flow chart of the CEEMDAN-SVD-TE method.
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(3) The IMF component is reconstructed by CEEMDAN-SVD joint filtering, and the target
feature signal is obtained.

(4) The reconstructed feature signals are analyzed for transfer effects with the help of
the transfer-entropy algorithm to identify the direction of information transmission
between signals.

3. Simulation Analysis
3.1. CEEMDAN-SVD Simulation

To test the validity of the joint CEEMDAN-SVD filtering, a simulation signal f(t) with
superimposed low-frequency noise and high-frequency noise is constructed with sampling
frequency f = 100Hz, sampling time t = 10 s. The equation is as follows:

f(t) = y(t) + y1(t) + y2(t) (15)

Pure signal:
y(t) = 10e−tπ/2 sin(16t) + 5e−t/3 sin(25t) (16)

Low-frequency noise:
y1(t) = 8e−t/3 sin(3t) (17)

High-frequency white noise:

y2(t) = 4randn(m) (18)

where t is the time; m is the number of samples; randn(m) is white noise.
A comparison of the time history for signals f(t) and y(t) is shown in Figure 2, and a

comparison of the power spectral density plot is shown in Figure 3.
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Figure 2. Time history comparison of noised signal f(t) and pure signal y(t). (a) Time history of
noised signal f(t); (b) Time history of pure signal y(t).

Because part of the true frequency of the pure signal will be masked by noise, the
presence of noise will influence the accuracy of feature-information extraction. Filtering
and denoising the acquired signal is the key step of signal analysis. In this paper, the SVD,
EEMD, CEEMDAN and CEEMDAN-SVD methods are used to reduce the noise of f(t),
and the noise-reduced results of each method are compared to verify the good applicability
of the CEEMDAN-SVD algorithm for noisy signal filtering.

The comparison of the power spectrum after noise reduction by the filtering methods
are shown in Figure 4.
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Figure 3. Power-spectrum comparison of noised signal f(t) and pure signal y(t). (a) Power spectrum
of noised signal f(t); (b) Power spectrum of pure signal y(t).
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From Figure 4a, we can see that although the SVD algorithm can filter out the high-
frequency noise in the original signal well, there is still a large amount of residual low-
frequency noise. Figure 4b presents the filtering effect of EEMD, and its filtering accuracy
is low because EEMD is greatly affected by background noise. In Figure 4c, the filtering
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accuracy of CEEMDAN for high-frequency noise is low, but the effect of filtering low-
frequency noise is excellent. From Figure 4d, CEEMDAN-SVD has a good filtering effect
for both low-frequency and high-frequency noise.

Through the analysis of the filtering effect comparison, among the four filtering
methods, CEEMDAN-SVD filter can effectively remove high-frequency noise while filtering
low-frequency noise, and the accuracy of feature-signal extraction is higher than the other
three methods, which can effectively extract the target signal.

To quantitatively evaluate the filtering capabilities of SVD, EEMD, CEEMDAN and
CEEMDAN-SVD, the signal-to-noise ratio (SNR) and root mean square error (RMSE) are
applied to assess the filtering capabilities of the above four methods.

SNR = lg


1
m

m
∑

i=1
f 2(m)

1
m

m
∑

i=1

[
f (m)− f̂ (m)

]2


10

(19)

RMSE =

√
1
m

m

∑
i=1

[
f (m)− f̂ (m)

]2
(20)

where f (m) represents the original signal; f̂ (m) represents the signal after noise reduction.
If the SNR is larger and the RMSE is smaller, this shows that the denoising effect

of this method is better. The denoising performance of SVD, EEMD, CEEMDAN and
CEEMDAN-SVD are compared, as shown in Table 1.

Table 1. Comparison of SNR and RMSE results of four denoising methods.

Denoising Methods SNR RMSE

SVD −2.04 2.38
EEMD 1.85 1.49

CEEMDAN 3.66 1.19
CEEMDAN-SVD 4.35 1.07

The two indexes calculated in Table 1 show that among the four methods of SVD,
EEMD, CEEMDAN and CEEMDAN-SVD, the maximum SNR of CEEMDAN-SVD is 4.35
and the minimum RMSE is 1.07. According to the evaluation principles of SNR and RMSE,
the CEEMDAN-SVD algorithm has the best denoising performance, indicating that the
method can effectively filter out low-frequency noise and high-frequency noise and is more
suitable for the analysis of low-SNR signals.

3.2. Transfer-Entropy Simulation

In order to apply the transfer-entropy algorithm to the analysis of the vibration-
transmission path of the hydropower house, it is necessary to determine the efficiency of the
transfer-entropy algorithm in the identification on the direction of information transmission.

Construct two correlated simulation signals A and B:

A = cos(2πx1t) + 0.2 sin(2πx2t) (21)

B = µA + 0.1 cos(2πx1t) cos(2πx2t)− cos(2πx2t) (22)

where x1 = 40; x2 = 4; µ is the correlation coefficient.
As shown in Equations (21) and (22), it can be seen that the signal B consists of the

signal A with correlation coefficient µ and part of the interference signal. From the per-
spective of the signal composition, as the correlation coefficient µ increases, the proportion
of signal A in signal B increases and the proportion of interference signal decreases. The
signal A should be more easily considered as the source of the B signal. On the basis of this,
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this section identifies the applicability of transfer entropy in the direction identification
and quantitative analysis of transfer effects between signals by varying the correlation
coefficient µ in the signal B and analyzing the changes in TA→B and TB→A with different
correlation coefficients µ.

The correlation coefficients µ of signals A and B are set to 0.2, 0.4, 0.6 and 0.8, respec-
tively, and the transfer entropy TA→B and TB→A between the simulated signals A and B is
calculated. The curves of the transfer-entropy values with the change in time are shown in
Figure 5 and the information-transmission rate with different correlation coefficients are
shown in Table 2.
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Table 2. The information-transmission rate of different correlation coefficients.

Correlation Coefficients µ 0.2 0.4 0.6 0.8

ITR/% 12.30 59.52 88.70 93.57

From Figure 5 and Table 2, the following conclusions can be drawn:
(1) When the correlation coefficient µ is 0.2, 0.4, 0.6, 0.8, TA→B are all greater than

TB→A, indicating that a large amount of information is transmitted from A to B, and the
pure signal A is the source of information transmission. This is consistent with the actual
simulation signal-information-flow direction; the B signal is constructed according to signal
A and the signal A has no interference signals and has the main characteristics of the B
signal. From the perspective of calculating transfer entropy, the amount of information
flowing from A to B is much larger than that in the opposite direction, and more significant
transfer effect can be obtained.

(2) When the correlation coefficient µ is 0.2, the values of TA→B and TB→A are close
to each other, which is not conducive to the identification of the transmission direction
between two signals, and ITRA→B is 12.30%. As the correlation coefficient becomes larger,
the difference between TA→B and TB→A becomes larger, and the transmission effect becomes
more and more obvious. When the correlation coefficient µ is 0.8, ITRA→B is 93.57%. This
result indicates that the transfer entropy is highly sensitized to the transmission direction of
the information flows between two signals, and the transfer-entropy curve can accurately
reflect the direction of information transmission between two signals.

(3) In this section, simulation signals A and B are constructed, and the reasonableness
of the transfer entropy for judging the direction of information transmission between two
signals is verified by changing the magnitude of the correlation coefficient µ. ITRA→B
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increases with the increasing correlation coefficient µ, which is consistent with the corre-
lation of the constructed signals, indicating that the transfer entropy can not only reflect
the directionality of information transmission between two signals, but also accurately
quantify the correlation degree between the two signals from the perspective of entropy.

3.3. CEEMDAN-SVD-TE Simulation

To further study the possible influence of noise on the transfer-entropy calculation
results and to clarify the usefulness of the joint CEEMDAN-SVD-TE method, the same set of
Gaussian white noise was added to the signals A and B with correlation coefficient µ of 0.8;
the signals A and B were noise-reduced with the help of CEEMDAN-SVD method, and the
transfer-entropy curves of A and B signals before and after noise reduction were compared.
Here, take the A signal as an example to show the effect of CEEMDAN-SVD noise reduction,
the power spectrum of the A signal before and after noise reduction can be seen in Figure 6.
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added signal A.

Figure 6 shows that the 25 Hz characteristic frequency of the signal after noise addition
is drowned by the high-frequency white noise, and the high-frequency white noise in the
original signal can be effectively filtered out with the help of the CEEMDAN-SVD method.
After CEEMDAN-SVD noise reduction, the characteristic main frequencies of the pure
signal (25 Hz and 200 Hz) are highlighted again.

The transfer-entropy curves of A and B before and after noise reduction are presented
in Figure 7. As shown in the figure, without noise reduction of A and B, the values of TA→B
and TB→A are interleaved and converge, indicating that the characteristic information of
the signals may have been submerged by the high-frequency noise and the information-
transmission effect between the signals is weakened. According to Table 2 and Figure 7,
the ITRA→B obtained from the signals of A and B without noise is 93.57%,the ITRA→B
obtained from the signals of A and B after noise reduction is 90.22%, and the ITRA→B
of A and B without noise reduction is 12.08%. These results indicate that the ITR can
reflect the information-transmission strength between two signals, but the noise in the
signals will weaken the transfer effect between the signals and have a negative effect on the
computation results of transfer entropy. Using the CEEMDAN-SVD method can prevent
the noise from the interference of the signal transmission direction analysis and effectively
improve the accuracy of information-transmission-direction identification.
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Figure 7. The transfer-entropy curves of A and B before and after noise reduction.

In summary, the transfer-entropy algorithm can effectively determine the transmission
source of the signal, but its results are easily affected by noise signals. Integrating the
CEEMDAN-SVD noise-reduction method with the transfer-entropy algorithm can effec-
tively reduce the negative impact of noise on the transfer-entropy calculation results and
obtain real and reliable transmission-path results.

4. Analysis of Transmission Path of Hydropower House
4.1. Project Summary

The Quxue hydropower house is located on Jinsha River in China, which is composed
of structures for water retaining, discharge, water conveyance, an underground power-
house and other buildings. The maximum hydraulic head is 210.3 m and the minimum
hydraulic water head is 147.4 m.

The water-pressure fluctuation in the tailwater pipe and top-cover area is the main
dynamic load of the unit and the structure’s vertical vibration, and the low-frequency
water-pressure fluctuation will cause the same frequency in the lower part of the top cover
when it propagates upward in the hydraulic turbine. Therefore, the top-cover part can
characterize the vibration of water turbulence in the tailwater pipe, the stator foundation
and the lower frame foundation part can characterize the vibration of the turbine pier part
and the generator floor part can characterize the vibration of the upper floor structure of
the hydropower house.

On the basis of the above analysis, displacement sensors were arranged at the top cover,
stator foundation, lower frame foundation and generator floor of the hydropower house.
The vibration data were collected by 891-II vibration pickup and calibrated by INV9828
vibration pickup. The correspondence between the channel number and the location of the
measurement points was as follows: 1—top cover; 2—lower frame foundation; 3—stator
foundation; 4—generator floor.

The displacement sensor is shown in Figure 8. The measurement points are layout as
shown in Figure 9.

The vibration excitation of the hydropower house structure is obtained under the
instantaneous conditions of the unit start-up, shut-down and stable operation conditions of
the machine. To assure the validity and completeness of the vibration signal analysis, three
working conditions were set with a sampling frequency of 1024 Hz and a sampling time of
1000 s. The working conditions are shown in Table 3.
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Table 3. Test conditions of powerhouse of hydropower station.

No. Test Conditions Sampling Time/s Sampling Frequency/Hz

1 Start-up Operation Condition of Hydropower Station Units 1000 1024
2 Stable Operation Condition of Hydropower Station Units 1000 1024
3 Shut-down Operation Condition Hydropower Station Units 1000 1024

4.2. Transmission Path Identification
4.2.1. Transmission Path Identification Process

In view of the complexity of the hydropower house vibration, the specific process of
vibration-transmission-path identification is as follows:

(1) Collect the measured vibration information from different measurement points.
(2) Decompose the collected vibration-response signals into characteristic IMFs based on

CEEMDAN theory.
(3) Select the optimal singular value order r with the help of singular entropy increment

theory, and filter the noise of the decomposed IMFs with the help of SVD algorithm.
(4) Select the required target IMFs and perform feature-signal reconstruction.
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(5) Calculate the transfer entropy of the feature signal between different measurement
points with time, and plot the transfer-entropy curve.

(6) Analyze the transmission direction of the vibration signal and identify the vibration-
transmission path of the hydropower house.

4.2.2. Operating Characteristic Information Extraction

The vibration sources of the hydropower house are composed of mechanical vibration,
electromagnetic wave motion, and water-flow fluctuation. The vibration generated by
water flow is the main source of hydropower house vibration. In order to clarify the
vibration-transmission path of the hydropower house, it is necessary to pre-process the
vibration signals collected by the pickups with the help of the CEEMDAN-SVD method
before analyzing the vibration-signal-transmission direction with the help of the transfer-
entropy algorithm. Here, taking the vibration signal collected at measurement point 1
of condition 2 as an example, the CEEMDAN-SVD is applied to decompose the signal
for noise reduction. The time history and power spectrum of the vibration response of
measurement point 1 under condition 2 are shown in Figures 10 and 11; the spectrum of
singular entropy increment is shown in Figure 12.
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Figure 10. Time history of measurement point 1 under condition 2. Figure 10. Time history of measurement point 1 under condition 2.
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spike-power spectrum, and 0.5 Hz corresponds to the broad peak-power spectrum. The 
broad peak-power spectrum is the typical feature of a low-frequency water-flow signal; 
the vibration excitation band of 0.5 Hz corresponds to the water-flow fluctuation. The vi-
bration of the hydropower house is mainly caused by water-flow fluctuation, so the IMF1 
is retained as the required feature signal. With the help of CEEMDAN-SVD, the charac-
teristic signal of water fluctuation is extracted from each measurement point and the vi-
bration-transmission path of the hydropower house is analyzed on the basis of the water-
fluctuation signal. 

Figure 11. Power spectrum of measurement point 1 under condition 2.

From the power spectrum in Figure 11, the vibration response of measurement point
1 has four main frequency bands, 60 Hz, 40 Hz, 20 Hz and 0.5 Hz. The singular entropy
increment curve is shown in Figure 12. According to the theory of singular entropy
increment, the value of the singular entropy increment after the 70th order tends to be
stable and is less than 0.03, which means that the singular value before 70th order already
contains the main characteristic information of vibration signal, and the singular value
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after 70th order is mostly caused by noise. Therefore, the optimal singular value order r is
defined as 70.
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The vibration response of measurement point 1 under condition 2 is processed by
CEEMDAN-SVD and four IMFs are obtained; the IMFs are shown in Figure 13. The
frequencies of IMF1-IMF4 correspond to the bands in Figure 11 (60 Hz, 40 Hz, 20 Hz, and
0.5 Hz), respectively. The vibration frequencies of 60 Hz, 40 Hz and 20 Hz correspond to
the spike-power spectrum, and 0.5 Hz corresponds to the broad peak-power spectrum. The
broad peak-power spectrum is the typical feature of a low-frequency water-flow signal;
the vibration excitation band of 0.5 Hz corresponds to the water-flow fluctuation. The
vibration of the hydropower house is mainly caused by water-flow fluctuation, so the
IMF1 is retained as the required feature signal. With the help of CEEMDAN-SVD, the
characteristic signal of water fluctuation is extracted from each measurement point and
the vibration-transmission path of the hydropower house is analyzed on the basis of the
water-fluctuation signal.
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4.2.3. Analysis of Vibration-transmission Path under Start-Up Operation Condition of
Hydropower Station Units

The transfer-entropy curve of the water-fluctuation signal at each measurement point
under the start-up operation condition of the hydropower station unit is shown in Figure 14.
The information-transmission rates between different measurement points are shown
in Table 4.
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Figure 14. Transfer-entropy curve between measurement points of condition 1. (a) Transfer-entropy
curve of top cover and stator foundation; (b) Transfer-entropy curve of top cover and lower frame
foundation; (c) Transfer-entropy curve of top cover and generator floor; (d) Transfer-entropy curve of
stator foundation and lower frame foundation; (e) Transfer-entropy curve of stator foundation and
generator floor; (f) Transfer-entropy curve of lower frame foundation and generator floor.
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Table 4. Information-transmission rate between measurement points of condition 1.

Transmission
Direction

top
cover→stator

foundation

top cover→lower
frame foundation

top
cover→generator

floor

stator
foundation→lower
frame foundation

stator
foundation→generator

floor

lower frame
foundation→generator

floor

ITR/% 91.54 94.86 44.55 9.35 32.85 32.78

From Figure 14a and Table 4, it can be observed that the transfer entropy from the top
cover to the stator foundation is larger than that from the stator foundation to the top cover
and the information-transmission rate is 91.54%, which means that a large amount of infor-
mation flows from the top cover to the stator foundation, thus judging that the vibration-
transmission direction is top cover→stator foundation; Similarly, from Figure 14b,c,e,f, it
can be judged that the transfer directions of information are: top cover→stator foundation,
top cover→lower frame foundation, stator foundation→generator layer floor, lower frame
foundation→generator floor. The transfer entropy between the stator foundation and lower
frame foundation measurement points in Figure 14d are close, the two transfer-entropy
curves are staggered and the information-transmission rate is 9.35%, which means that
there is no obvious one-way information effect between the two measurement points, so
the information-transmission direction between the stator foundation and the lower frame
foundation can be disregarded.

4.2.4. Analysis of Vibration-Transmission Path under Stable Operation Condition of
Hydropower Station Units

The transfer-entropy curve of the water fluctuation signal at each measurement
point under the stable operation condition of the hydropower station unit are shown
in Figure 15. The information-transmission rate between different measurement points are
shown in Table 5.

Comparing Figure 14 with Figure 15, it can be found that although the transfer-
entropy curve under the start-up operation condition shows an obvious rising trend
and the transfer-entropy curve under the stable operation condition shows a fluctuat-
ing trend, the vibration-transmission direction between the measurement points of the
two conditions is identical, indicating that the vibration form of the hydropower house
has not changed, and the vibration transfer directions are top cover→stator foundation,
top cover→lower frame foundation, stator foundation→generator layer floor, lower frame
foundation→generator floor.

Comparing Tables 4 and 5, it can be found that the information-transmission rate of
stator foundation→generator floor and lower frame foundation→generator floor under the
stable operation condition is greater than the start-up condition, which indicates that the vi-
bration caused by the fluctuation of the tail water during the stable operation of hydropower
station units has a greater impact on the upper structure of the hydropower house.

Table 5. Information-transmission rate between measurement points of condition 2.

Transmission
Direction

top
cover→stator

foundation

top cover→lower
frame foundation

top
cover→generator

floor

stator
foundation→lower
frame foundation

stator
foundation→generator

floor

lower frame
foundation→generator

floor

ITR/% 64.72 82.19 52.04 3.14 73.95 55.23

4.2.5. Analysis of Vibration-Transmission Path under Shut-down Operation Condition of
Hydropower Station Units

The transfer-entropy curve of the water fluctuation signal at each measurement point
under the shut-down operation condition of the hydropower station unit are shown in
Figure 16. The information-transmission rate between different measurement points is
shown in Table 6.
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Figure 15. Transfer-entropy curve between measurement points of condition 2. (a) Transfer-entropy 
curve of top cover and stator foundation; (b) Transfer-entropy curve of top cover and lower frame 
foundation; (c) Transfer-entropy curve of top cover and generator floor; (d) Transfer-entropy curve 
of stator foundation and lower frame foundation; (e) Transfer-entropy curve of stator foundation 
and generator floor; (f) Transfer-entropy curve of lower frame foundation and generator floor. 

  

Figure 15. Transfer-entropy curve between measurement points of condition 2. (a) Transfer-entropy
curve of top cover and stator foundation; (b) Transfer-entropy curve of top cover and lower frame
foundation; (c) Transfer-entropy curve of top cover and generator floor; (d) Transfer-entropy curve of
stator foundation and lower frame foundation; (e) Transfer-entropy curve of stator foundation and
generator floor; (f) Transfer-entropy curve of lower frame foundation and generator floor.
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Table 6. Information-transmission rate between measurement points of condition 3.

Transmission
Direction

top
cover→stator

foundation

top cover→lower
frame foundation

top
cover→generator

floor

stator
foundation→lower
frame foundation

stator
foundation→generator

floor

lower frame
foundation→generator

floor

ITR/% 71.67 72.99 65.23 4.04 47.62 29.97

As shown in Figure 16, under the shut-down condition, the transfer entropy between
the measurement points decreases continuously, indicating that the information-transfer
effect between the measurement points is weakening, but the transmission direction of
vibration remains unchanged, and the transmission paths of the vibration are still top
cover→stator foundation, top cover→lower frame foundation, stator foundation→generator
layer floor, lower frame foundation→generator floor.

From Table 6, we can find that the information-transmission rate of top cover→stator
foundation is 71.67%, and the information-transmission rate of top cover→lower frame
foundation is 72.99%, which means that a large amount of vibration energy is trans-
ferred from the top cover. Comparing Tables 4–6, we can find that the information-
transmission rate of top cover to stator foundation and lower frame foundation is signifi-
cantly higher than that of other measurement points under the three working conditions,
and the information-transmission rate of top cover→lower frame foundation is consistently
the largest.

4.2.6. Results

The information-transmission rate between the main measurement points under three
conditions is summarized in Table 7. Through the comparative analysis of the transfer-
entropy curve and the information-transmission rate of the three working conditions in
Table 7, the following conclusions can be drawn:

(1) Taking the calculation results of transfer entropy and the information-transmission
rate of the start-up operation condition as an example to analyze the vibration form
of the hydropower house, under the start-up operation condition, the information-
transmission rate between the top cover and the lower frame foundation is 94.86%,
and that from the top cover to the stator foundation is 91.54%, indicating that a larger
part of the energy of the top cover is transferred to the turbine pier. The information-
transmission rate from the stator foundation to the generator floor is 32.85%, and
the information-transmission rate from the lower frame foundation to the generator
floor is 32.78%, indicating that the vibration-transfer strength of the turbine pier
and the generator floor is smaller than that of the top cover and the turbine pier.
Considering the internal structure of the hydropower station, it is presumed that the
main reason for reducing the vibration transfer effect is the energy dissipation and
vibration reduction effect of the concrete structure.

(2) The stator foundation measurement point and the lower frame foundation measure-
ment point together characterize the vibration of the turbine pier, and the top cover
characterizes the vibration of the tailwater pipe. Under different working conditions,
the transmission path of vibration caused by tailwater fluctuation between each mea-
surement point is unchanged, indicating that the change in the operating state of
the hydropower station unit does not affect the transmission direction of vibration
signal. According to the transfer-entropy curve and information-transmission rate
between different measurement points, the transmission law of tailwater fluctuation
vibration is judged as follows: tailwater pipe (top cover measurement point)→turbine
pier (stator foundation measurement point, lower frame foundation measurement
point)→generator floor (generator floor measurement point).

(3) The lower frame foundation is an important support structure of the hydropower
house, and the maximum information-transmission rate can be obtained between
the top cover and the lower frame foundation under different working conditions,
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indicating that the lower frame foundation is the main node of tailwater-fluctuation
transmission in the hydropower house.
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Figure 16. Transfer-entropy curve between measurement points of condition 3. (a) Transfer-entropy
curve of top cover and stator foundation; (b) Transfer-entropy curve of top cover and lower frame
foundation; (c) Transfer-entropy curve of top cover and generator floor; (d) Transfer-entropy curve of
stator foundation and lower frame foundation; (e) Transfer-entropy curve of stator foundation and
generator floor; (f) Transfer-entropy curve of lower frame foundation and generator floor.
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Table 7. Information-transmission rate between the main measurement points under three conditions.

Transmission
Direction

Top Cover→Stator
Foundation

Top Cover→Lower
Frame Foundation

Stator
Foundation→Generator

Floor

Lower Frame
Foundation→Generator

Floor

Condition 1 91.54 94.86 32.85 32.78
Condition 2 64.72 82.19 73.95 55.23
Condition 3 71.67 72.99 47.62 29.97

5. Conclusions

This paper explores a vibration-transmission-path identification method based on
CEEMDAN-SVD-TE, verifies the effectiveness of the algorithm through simulation signal
analysis, analyzes the vibration-transmission path caused by tailwater fluctuation of the
Quxue hydropower house, and obtains the following conclusions:

(1) The transfer-entropy (TE) algorithm, as a method for judging the information-transmission
effect between signals, can effectively identify the source of information transmission,
but the results of this algorithm are easily affected by noise; CEEMDAN-SVD, as
a secondary filtering signal-processing approach, can retain the useful information
in the signal and filter out the noise effectively. The innovative combination of
CEEMDAN-SVD and TE method can give full use to the advantages of each method
and obtain accurate and true information-transmission paths.

(2) The transmission path identification method of CEEMDAN-SVD-TE provides a new
method and innovative perspective for the analysis of vibration response and vibra-
tion mechanism in hydraulic structures. Based on CEEMDAN-SVD-TE, the vibra-
tion response due to tailwater fluctuation was analyzed, and it was found that the
vibration-transmission path of the hydropower house under different working condi-
tions is tailwater pipe (top cover measurement point)→turbine pier (stator foundation
measurement point, lower frame foundation measurement point)→generator floor
(generator floor measurement point).

(3) Combining all the identified transmission paths under the three operating conditions,
it can be found that the lower frame foundation is transmitted the largest amount of
information, while the least amount of vibration information is transferred through
the lower frame foundation. This indicates that the lower frame foundation, as the
main load-bearing member of the hydropower house, is an important node in the
vibration-transmission of the house and a key factor for the optimal design of vibration
isolation in the hydropower house.

(4) On the basis of the signal generated by the vibration response, this paper analyzes the
transmission pattern of the hydropower house, which not only identifies the transmis-
sion path of vibration in the hydropower house, but also quantitatively describes the
transmission feature of the vibration information. The vibration-transmission path
based on the CEEMDAN-SVD-TE method can provide a theoretical basis for the iden-
tification of vibration-transmission paths in a hydropower house, offer an essential
reference for the optimal designing and damping of the house and suggest a new idea
for structural vibration monitoring and safety management of hydropower stations.
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