
Research Article
Research on Fault Diagnosis Method of
Electro-Hydrostatic Actuator

Lei Zhufeng ,1 Qin Lvjun,1 Wu Xiaodong,2 Jin Wen,1 and Wang Caixia1

1National Joint Engineering Research Center for Special Pump Technology, Xi’an Aeronautical University,
259 West Second Ring Road, Xi’an, Shaanxi 710077, China
2)e 49th Research Institute of China Electronics Technology Group Corporation, 969 Longsheng Road, Harbin,
Heilongjiang 150028, China

Correspondence should be addressed to Lei Zhufeng; leizhufeng@qq.com

Received 3 December 2020; Revised 10 January 2021; Accepted 18 January 2021; Published 27 January 2021

Academic Editor: Ke Feng

Copyright © 2021 Lei Zhufeng et al. +is is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Electrohydrostatic actuator is a type of actuator that uses hydraulic energy as the energy transmission carrier, which has the
advantages of small size and high power. Since it is commonly used in harsh conditions such as strong vibration, high pressure,
and heavy loads, condition monitoring and fault diagnosis of its hydraulic system are particularly important. +is paper proposed
a novel fault feature extraction method and applied to fault diagnosis of electrohydrostatic actuator. Firstly, the pressure signal of
the hydraulic system is decomposed at multiple scales to obtain the center frequency of its maximum energy intrinsic mode
component, and the feature data set is constructed based on the statistical features of the time domain. +en, a fault identification
model of hydraulic system based on support vector machine is established. Finally, the fault classification and identification results
of the hydraulic system are outputted. After a variety of method comparisons, the method proposed in this paper has a fault time
ratio accuracy of 96.7%, which provides a basis and a new way for the fault diagnosis of the hydraulic system.

1. Introduction

+e hydraulic transmission has high power density, compact
structure, and good dynamic performance. It is widely used
in construction machinery, marine vessels, aerospace, and
robotics. Long pipeline, poor reliability, large volume, and
heavy weight limit the application of traditional centralized
electrohydraulic control systems. Distributed electro-
hydrostatic actuator is small in size, light in weight, and large
in output power, which is an important development di-
rection. However, the electrohydrostatic actuator is an
important subsystem related to the reliability of the aircraft.
How to increase the reliability and service capability of the
system while reducing power consumption is a huge chal-
lenge it faces.

+e hydraulic system is the core component of the
electrohydrostatic actuator. +e failure of the hydraulic
system seriously affects the reliability of the electro-
hydrostatic actuator and has a great impact on the output

power quality. +e hydraulic system has problems such as
fluid leakage, hydraulic valve failure, and insufficient cool-
ing, which are also important factors affecting system sta-
bility. Timely and accurate fault diagnosis and repair of the
hydraulic system is a prerequisite for the stable output power
of the electrohydrostatic actuator.

Many scholars have conducted a lot of research on the
diagnosis of hydraulic system faults. Linaric D et al. [1]
applied the neural network model based on the mathe-
matical model of the entire electrohydraulic servo system to
perform model-based fault detection and isolation, verified
the algorithm by simulation, and achieved significant results.
Liu and Jiang [2] improved the application research of fuzzy
neural network model in defect detection and classification.
Tang et al. [3] through information fusion extracted fault
features, through PSO-SVM performed fault classification,
and proposed a combined information fusion and PSO-
SVM multifault diagnosis method for piston pumps, which
can effectively identify multiple faults of piston pumps. Gao
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et al. [4] performs the adaptive matching of the noise
threshold through median absolute deviation, and a noise
suppression method based on Walsh transform is proposed.
+e method has been verified by numerical simulation and
experimental verification of normal pumps and faulty
pumps. +e method provides a new idea for pump fault
diagnosis. Deng et al. [5] in the process of motor bearing
fault diagnosis, based on empirical model decomposition
and fuzzy information entropy, improved particle swarm
optimization algorithm and least squares support vector
machine method; an early fault diagnosis method for ro-
tating machinery is proposed and verified by experiments.
+e multiscale analysis method is an effective signal pro-
cessing method. +e commonly used multiscale processing
methods include singular value decomposition (SVD),
empirical mode decomposition (EMD), and wavelet trans-
form (WT). In recent years, many scholars have done much
research on multiscale analysis method, and they have been
applied to the signal processing. Zhang et al. [6] proposed a
rotating machinery fault diagnosis method based on
Fourier-transform multifilter decomposition. +is method
uses Fourier-transform multifilter decomposition to de-
compose the original signal and obtain multiscale frequency
domain information. After the feature selection and feature
ranking of subsequent subsignals, furthermore, a fault di-
agnosis method for rotating machinery with higher accuracy
and fewer features is obtained. Liang et al. [7] improved the
local average decomposition (LMD) by bidirectional long
and short-term memory model (Bi-LSTM), which realizes
the adaptive expansion of the LMD endpoints, eliminates the
LMD endpoint effects, and applies it to the feature extraction
of rolling bearings under different loads. In 1998, Huang
et al. [8] proposed EMD. EMD is an adaptive decomposition
method, and it has been widely used in biomedicine [9–11],
speech recognition [12, 13], system modeling [14–16], and
process control [17–19]. EMD can decompose the original
signal into different frequency bands and enrich the feature
information of the original signal by extracting feature in-
formation in different frequency bands. EMD has been
widely used in production practice. Hu et al. [20] decom-
posed the children’s EEG into various brain wave compo-
nents by EMD, and 11 different physical quantities are
extracted as features in the intrinsic mode function (IMF).
Finally, the random forest is used for activity recognition.
+e experiment verifies the effect of this method on the
feasibility of activity identification. Vargas et al. [21] use
EMD to decompose the ECG signal into several IMFs and
process these IMFs based on the Viterbi algorithm and
discrete wavelet transform to realize the noise removal of the
ECG signal. Wavelet technology [22] is also an effective
multiscale signal processing technology. +erefore, scholars
have carried out a lot of research on wavelet technology.
Jimenez et al. [23] filter and reduce the noise of wind turbine
signals by wavelet transform and perform feature extraction
and fault classification. +rough the comparison of 6
schemes, the novelty of the method is verified. Based on the
wavelet packet transform, a concept of the main frequency
band of blasting is defined, which provides an important
basis for accurately describing the frequency characteristics

of the blasting process [24]. In 2014, Dragomiretskiy et al.
[25] proposed the variational mode decomposition method.
VMD can separate the components effectively, which is a
completely nonrecursive variational mode decomposition
model. It finds the center frequency of each IMF by itera-
tively searching for the optimal solution of the variational
model.

Kumar et al. [26] proposed a VMD based on genetic
algorithm (GA) and kernel-based mutual information
(KEMI) fitness function, which can effectively extract the
weak features of multiple defects in bearings.+e advantages
of VMD in local damage of beam structures are discussed by
Mousavi et al. [27], and the peak synchronization between
the instantaneous frequency and instantaneous amplitude of
the first IMF is considered, which verifies the superiority of
VMD in local damage detection.

Although a large number of scholars have conducted in-
depth research on the fault diagnosis of hydraulic systems,
with the continuous development of human society, hy-
draulic systems continue to be integrated into new use
environments, various faults occur frequently, and even
multiple faults appear at the same time. With the continuous
advancement of computer science and information science,
a data-driven hydraulic system fault diagnosis method using
hydraulic system monitoring data has emerged. Finding
fault characteristics from hydraulic system monitoring
signals and accurately identifying fault types is the key study
of this article.

+is paper proposed a feature extraction method based
on multiscale signal processing and applied it to the fault
diagnosis of the hydraulic system to improve the fault
identification accuracy and efficiency. Firstly, a new type of
variational modal decomposition method is given. Secondly,
we introduced the hydraulic system test platform on which
the data collection of this article is based, introduced the
composition and hydraulic principle of the hydraulic system
test platform, and conducted data acquisition of hydraulic
system pressure signal under four failure modes, and per-
formed multiscale decomposition of the original signal; the
maximum energy intrinsic mode component central fre-
quency of pressure signal is obtained, the feature data set is
constructed with the statistical features based on the time
domain, and the pattern recognition is performed. Finally,
the influence of multiple feature data set construction
methods on the fault recognition accuracy of hydraulic
system is discussed.

2. Establishment of Fault Diagnosis Model for
Hydraulic Power Generation System

2.1. VariationalModalDecomposition. VMD is a completely
nonrecursive variational modal decomposition model. In
the process of iteratively searching for the optimal solution
of the variational model, the center frequency and band-
width of each decomposition and separation are determined,
so each component of the signal can be effectively separated
and the adaptive frequency domain division of the signal can
be realized. Since the signal is decomposited into non-
recursive and variational modal components by VMD, it
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shows better noise and sampling rate robustness than the
recursive screening modal method of EMD.

VMD is based on the mixing-frequency variational
problem-solving process, Hilbert transform, and classical
Wiener filtering. In the process of iterative search for the
optimal solution of the variational model, the center fre-
quency and bandwidth of each decomposition and sepa-
ration can be determined, which can effectively separate the
components of the signal and realize the adaptive frequency
domain division of the signal, so the signal can be
decomposed into the sparsity component, which is a new
signal decomposition estimation method. +e variational
modal decomposition algorithm redefines an AM-FM as an
intrinsic modal function, and its expression is

uk(t) � Ak(t)cos ϕk(t)( , (1)

where Ak(t) is amplitude of uk(t), Ak(t)≥ 0. ωk(t) � φk
′(t),

ωk(t) is the frequency of uk(t). +e phase φk(t) is a non-
decreasing function. In the interval [t − δ, t + δ], uk(t) is a
harmonic signal with amplitude Ak(t), where δ � 2π/ϕk

′(t).
VMD is different from the iterative screening process

used in the empirical mode decomposition method when
obtaining the IMF. It is a nonrecursive method based on the
principle of the variational model. +e signal is decomposed
into sparse components; at the same time, the center fre-
quency and bandwidth of each IMF are determined in the
process of iteratively solving the optimal solution of the
constrained variational model.

+e variational constraint model is shown as follows:

min
uk{ }, ωk{ }


k

zt δ(t) +
j

πt
  × uk(t) e

− jωkt
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⎭,

s.t. 
k

uk � f,

(2)

where uk :� u1, u2, . . . , uK  represents K IMF compo-
nents, ωk :� ω1,ω2, . . . ,ωK  represents the center fre-
quency of each IMF, and k: � 

K
k�1 represents the sum of

all modes.
After the original signal is decomposed by VMD, the

center frequency of the maximum energy of the IMF can be
obtained according to the following formula:

CIMF � max
1≤i≤n−1

E IMFi, IMFi+1(  , (3)

where CIMF is the maximum energy of the IMF, IMFi is the
ith IMF, and E (IMFi) is energy of the ith IMF.

+e maximum energy of the IMF is the component with
the largest energy in the process of multiscale analysis of the
original signal. It occupies a large proportion of the infor-
mation implicit in the original signal and is the main
component in the original signal. It can be seen in Figure 1
[28].

As shown in Figure 1, IMF8 is maximum energy of the
IMF.

2.2. Support Vector Machine. SVM is an effective tool for
solving classification and regression problems. +e linear

classifier with the largest interval defined in the feature
space is the basic model of SVM [29]. Nonlinear SVM is
an improvement and general case of linear separable
SVM. Linearly separable SVM is a linear classifier that
uses hard interval maximization to learn when the
training data are linearly separable. Linear SVM is a
linear classifier that uses soft interval to maximize
learning when the training data are approximately lin-
early separable. Nonlinear SVM is a nonlinear classifier
that uses nuclear techniques to learn when the training
data are linearly inseparable. +erefore, the SVM in-
troduced with the kernel technique has become a sub-
stantial nonlinear classifier.

Suppose the training set of a feature space is
D � (x1, y1), (x2, y2), . . . , (xm, ym) ; among them,
xi ∈ χ � Rn, yi ∈ y � +1, −1{ }, i � 1, 2, . . . , N, xi is a feature
vector and yi is a label of xi.

+e classification hyperplane is

h(x) � ω · x + b, (4)

where x is the input vector, ω is the normal vector, and b is
the intercept.

+e classification decision function is

Sign (h((x)),

h(x)> 0, yi � 1,

h(x)< 0, yi � −1.

⎧⎨

⎩

(5)

SVM is to find an optimal hyperplane in the feature
space so that the data set is divided into different classes, and
the interval between the closest points is maximized. +ere
are infinitely many solutions for its classification hyperplane.
Using interval maximization to solve the classification hy-
perplane, the solution at this time is unique.

A cost factor ξi is paid for each slack variable ξi, and then
formula 15 is transformed into

1
2
‖ω‖

2
+ C 

N

i�1
ξi, (6)

where C> 0 is the penalty parameter.
+e function of C is to reconcile the coefficients of

formula 6. When C increases, the penalty for misclassifi-
cation increases, and on the contrary, the penalty for mis-
classification decreases.

Formula 6 is to make (1/2)‖ω‖2 as small as possible, that
is, the interval is maximized while the points of misclassi-
fication are minimized.

Construct the Lagrangian function as follows:

L(ω, b, α) �
1
2
‖ω‖

2
− 

N

i�1
αi yi ω · xi + b(  − 1 + ξi  + C 

N

i�1
αi,

(7)

where αi ≥ 0 is Lagrange multiplier, i � 1, 2, . . . , N, N is the
total number of samples in the sample set.

According to the KarushKuhnTucker condition, the
partial differentiation of ω, b, and ξ is obtained and we set

Shock and Vibration 3



them equal to 0, and thus the following formula can be
obtained:

ω � 
N

i�1
yiαixi, (8)

− 

N

i�1
yiαi � 0, (9)

where αi(yi(ω · xi + b) − 1) � 0, i � 1, 2, . . . , N,
yi(ω · xi + b) − 1≥ 0, i � 1, 2, . . . , N, αi ≥ 0, i � 1, 2, . . . , N.

+us, the separating hyperplane can be written as



N

i�1
αiyi x · xi(  + b � 0. (10)

+e classification decision function can be written as

f(x) � sign 
N

i�1
αiyi x · xi(  + b⎡⎣ ⎤⎦, (11)

where b � yj − 
N
i�1 αiyi(x · xi), yj is support vector.

For linear classification problems, linear support vector
machines are an effective method. However, in actual data,
most of the data are linear and inseparable. In order to
transform nonlinear problems into linear problems and
linear inseparable problems into linear separable problems,

linear support vector machines are suitable for the linear
inseparable data problems that are often encountered in
practical problems.

Let input space χ be a subset or discrete set of Euclidean
space Rn and feature space (Hilbert space) H, if there is a
mapping from χ to H:

φ(x): χ⟶H. (12)

Such that for all xi, xj∈χ, the function k (xi, xj) satisfies the
following condition:

K xi, xj  � φ xi(  · φ xj . (13)

+en, k (xi, xj) is the kernel function.where φ (x) is the
mapping function and φ(xi) · φ(xj) is the inner product of φ
(xi) and φ (xj).

At this point, the objective function becomes

W(α) �
1
2



N

i�1


N

j�1
αiαjyiyjK xi, xj  − 

N

i�1
αi, (14)

where αi > 0 is Lagrangian multiplier and N is total number
of samples in the sample set.

+e inner product in the classification decision function
can be replaced by the kernel function, and then the clas-
sification decision function becomes
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Figure 1: VMD decomposition example.
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f(x) � sign 
N

i�1
aiyiK xi, x(  + b⎡⎣ ⎤⎦, (15)

K xi, x(  � exp
− xi − x
����

����
2

2g
2

⎛⎝ ⎞⎠. (16)

+e following formula is a Gaussian radial basis function
classifier, and its classification decision function is

f(x) � sign 
N

i�1
aiyi exp

− xi − x
����

����
2

2g
2

⎛⎝ ⎞⎠ + b⎡⎢⎢⎣ ⎤⎥⎥⎦, (17)

where g is the kernel function parameter.

2.3. Integrated Algorithm Flow and Steps. As is shown in
Figure 2, the pressure signal collected in the hydraulic
system is first used for signal noise reduction, and the noise-
reduced signal is extracted by two methods. One is the
feature extraction based on time series signal statistical
features, including peak-to-peak value, standard deviation,
variance, mean, peak value, skewness, and kurtosis; the
second is to perform VMD on the noise-reduced signal to
obtain the center frequency of maximum energy intrinsic
mode component. Taking the center frequency of the
maximum energy intrinsic mode component as the eigen-
value, combine the statistical features to combine the feature
data set.+en, the combined feature data set is divided into a
training set and a test set. +rough the training set, a fault
recognition model which is based on the support vector
machine-based hydraulic system is constructed, and the
model parameters are optimized.+e test set is used to verify
the accuracy and efficiency of the optimized fault recogni-
tion model. Finally, the classification and recognition results
are output.

3. Experimental Analysis

3.1. Hydraulic Test Rig. In order to verify the reliability and
robustness of the method described in this article, we de-
veloped a hydraulic test rig, as shown in Figure 3; it consists
of hydraulic pump station, filter temperature control system,
test console, hydraulic component test platform, test data
acquisition system, and electrical control system, etc. +e
test rig uses the pump as the drive and the motor as the load.
+e performance of the hydraulic components can be tested
by replacing different components on the hydraulic test rig.
+e performance parameters of the test rig are shown in
Table 1.

+e principle of the hydraulic test rig is shown in
Figure 4.

As shown in Figure 4, 1 is the hydraulic pump group, 2 is
the cooling system, 3 is the flow meter, 4 is the one-way
valve, 5 is the pressure sensor, 6 is the torque speed tester, 7 is
the loading pump, 8 is the motor, 9 is the temperature
sensor, 10 is the overflow valve, 11 is the reversing valve, and
12 is the accumulator. +e pump 1 is driven by an electric
motor, and the system pressure is adjusted through a one-

way valve group.+e state of different hydraulic components
can be monitored through the pressure and temperature
values of different positions.

3.2. Failure Category of Hydraulic Power Generation System.
In the hydraulic system, different hydraulic components will
have different types of failures under different working
conditions, even the same hydraulic components will have
different types of failures under different working condi-
tions, and the solutions are also different for different types
of failures.

+e fluid characteristics in the hydraulic system are
different from the mechanical vibration characteristics, so it
is impossible to perform fault diagnosis of the hydraulic
system by monitoring the vibration of the system
components.

+is paper simulates the fluid leakage, hydraulic valve
failure, accumulator failure, and other failure forms of the
hydraulic system in the unstable state and the stable state of
the system as shown in Table 2. Among them, 1 indicates the
best state and 0 indicates the failure state.

As shown in Figure 5, using a hydraulic test rig, the inlet
pressure of the check valve 3 was collected while simulating
these failures. +e sampling frequency was 100Hz and the
sampling time was 8 seconds. +e fault diagnosis model of
hydraulic system is verified through four fault types.

3.3. Fault IdentificationBasedon theMaximumEnergyCenter
Frequency. Firstly, the collected pressure signal noise re-
duction is made, and the maximum energy intrinsic mode
component of each signal is calculated.+e center frequency
of the maximum energy intrinsic mode component is se-
lected as the feature, and the statistical feature of the original
signal based on support vector machine is combined with for
classification calculation. Statistical features include peak-to-
peak value, standard deviation, variance, mean, peak value,
skewness, and kurtosis. 60% of the feature set is defined as
the training set, and 40% is defined as the test set. According
to the method of document 28, the original signal in this
paper is decomposed by VMD to obtain 9 IMFs. +e pa-
rameter C in SVM is 13.368 and g is 0.01. +e classification
result is shown in Figure 6.

It can be seen from Figure 6 that the prediction accuracy
of the hydraulic power generation system fault diagnosis
model based on the maximum energy center frequency can
reach 96.7%.

4. Discussion

In order to verify the feasibility and effectiveness of using the
multiscale features of variational modal decomposition to
construct the feature data set proposed in this paper, a variety of
methods are used for comparative analysis, including only using
statistical features for fault identification, only using the max-
imum energy intrinsic mode component center frequency for
fault identification and classificationmodel, and using Gaussian
kernel function and Sigmoid kernel function for fault recog-
nition. +e recognition results of multiple methods are
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compared so that the best model for fault diagnosis of hydraulic
power generation system is selected.

+e comparison result is shown in Table 3, as shown in
Figure 7.

It can be seen from Table 3 and Figure 7 that the accuracy
of fault identification only using the statistical feature of the
fault information feature data set is only 56.7%, and the
accuracy of only using the central frequency of the maxi-
mum energy intrinsic mode component for fault identifi-
cation reaches 93.3%. +e accuracy of fault identification by
integrating the feature data sets of the two feature combi-
nations has been greatly improved, reaching 96.7%.

Since the Gaussian kernel function maps the feature
data set to high dimensions, the indivisible data become

separable and the Sigmoid kernel function makes the
support vector machine model a multilayer perceptron
neural network. +erefore, the classification performance
of the Gaussian kernel function used in the classification
model is obviously worse than the performance of the
Sigmoid kernel function.

+e center frequency of the maximum energy intrinsic
mode component is a kind of multiscale spectral informa-
tion, which is essentially different from the statistical in-
formation extracted based on time-domain signals. Using
the center frequency of the maximum energy intrinsic mode
component as a feature to construct a feature data set has a
positive impact on the accuracy of electrohydrostatic ac-
tuator fault recognition.

Pressure signal of hydraulic transmission control power generation system

Signal noise reduction

Variational mode decomposition

IMF1 IMF2 ... IMFn ... IMFk

Center frequency of maximum
energy eigenmode component

Time series signal statistical characteristics

Peak–to–
peak value

Standard
deviation

Varia
nce

Aver
age Peak Skew

ness
Kurto

sis

Combined feature set
Train set Test set

Model parameter optimization Support vector machine model with optimal parameters

Output classification results

Figure 2: Integrated algorithm flow.

Hydraulic compoenet
test platform

Test data acquisition
system

Hydraulic pump station

Figure 3: Hydraulic test rig.

Table 1: +e performance parameters of the test rig.

Performance○ Operating temperature (°C)
Flow meter

Pressure sensor Torque meter (N∙m)
Measurement accuracy Linearity

Target 50 ±3%FS ±1.5%FS ±5%FS
≤2000Performance Operating pressure (bar) Rated flow (L/min) Total power (KW) Noise (dB)

Target 0–420 320 215 ≤85 dB

6 Shock and Vibration



9 5 I
P

I
P

I
P

I
P

8

53
3

9
3

6 7

11

4 12

M

M

1

9 5 3

4 4

4

4

4

4

10

5 3

9

2 2

1

Figure 4: +e principle of the hydraulic test rig.

Table 2: Simulated fault information.

Fault type Valve status Pump leak Accumulator failure System status
Valve status 0 1 1 1
Pump leak 1 0 1 1
Accumulator failure 1 1 0 1
System status 1 1 1 0
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Figure 5: +e pressure signal curve under five different fault conditions collected by the hydraulic system.
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5. Conclusions

+is paper proposes a multi-scale feature extraction method
based on variational modal decomposition. +e central
frequency of the maximum energy intrinsic mode compo-
nent and the statistical features based on the time-domain
signal are combined to construct a feature data set and
establish the fault diagnosis model of the hydraulic system,
which greatly improves the accuracy of the model for fault
identification of the electro-hydrostatic actuator. It can be
seen that the feature data set constructed with the multiscale
features obtained by the variational modal decomposition
method described in this article can more clearly reflect the
characteristics of the fault information, which provides a
basis for the fault diagnosis of the hydraulic system and
provides a new way for electro-hydrostatic actuator fault
diagnosis.
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