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Abstract: The development of clean and environmentally friendly energy is necessary to address
significant energy challenges, and abundant sea current energy, which plays a key role in the
decarbonization of our energy systems and has attracted increasing attention among researchers. In
the present study, a remote monitoring and diagnosis system was designed in accordance with the
requirements of a 50 kW hydraulic transmission and control power generation system. Hardware
selection and software function requirement analysis were then performed. The causes of system
faults were analyzed, the output fault types of the improved model were determined, and effective
monitoring parameters were selected. The accuracy of traditional spectra in diagnosing faults is
poor; however, the generalization capability of support vector machines (SVM) is robust. Thus,
an improved particle swarm algorithm optimized SVM fault diagnosis model for the hydraulic
transmission control power generation system was proposed to rapidly and effectively determine
the key parameters. Remote monitoring software for the hydraulic transmission and control power
generation system was also developed. The results of remote monitoring and diagnostic tests showed
that the software was able to satisfy the functional requirements of the hydraulic transmission
control power generation remote monitoring system, and the operation effect was consistent with
expectations. By comparing the test accuracy of different diagnostic models, the improved PSVM
model has the highest test accuracy with a classification accuracy of 99.4% in the case of normal
operation, accumulator failure, relief valve failure and motor failure. In addition, the proposed
diagnostic method was effective, thereby ensuring safe and reliable operation of the hydraulic
transmission control power generation system.

Keywords: ocean current energy; hydraulic transmission; power generation; remote monitoring and
fault diagnosis

1. Introduction

Ocean current energy generation technology has gained increasing attention from
a large number of countries due to its renewable and sustainable characteristics, and
is currently experiencing rapid development [1–3]. China’s ocean area amounts to 30%
of its land area, and ocean current energy can provide significant benefits to economic
development by taking advantage of the vast ocean area [4,5].

At present, the main technologies of sea current energy generation include perma-
nent magnet synchronous generation [6], double-fed asynchronous generation [7], and
hydraulic transmission and control generation. Among these technologies, permanent
magnet synchronous generation and double-fed asynchronous generation are more mature
and have been used in practice and hydraulic transmission is characterized by its flexible
layout [8]. Hydraulic transmission control power generation is a relatively new field, but
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has been the subject of a gradual increase in attention and research interest in the field of
new energy generation due to the unique advantages of the hydraulic system compared
with other transmission systems. Wei Zhang obtained the optimal design scheme and
regulation strategy to the hydraulic conversion system [9]. Zengguang Liu et al. employed
a double closed-loop control scheme to meet the need for a constant motor speed regardless
of the change in load power [10]. Figure 1 shows the power generation principle of a hy-
draulic transmission control power generation system. The system generates electricity by
secondary energy conversion via the path of current energy–mechanical energy–hydraulic
energy–mechanical energy–electrical energy. As a result, a synchronous generator outputs
a constant frequency of electrical energy. Therefore, the operation state of the system
determines the characteristics of the entire power generation system and affects the quality
of the final power generation.
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Figure 1. Schematic of ocean current energy hydraulic power generation and remote monitoring system.

A combination of manual and instrumentation fault diagnosis systems is currently
used [11]. In particular, the instrumentation detection component is used to collect various
signals, such as the pressure and flow of the system, to predict indicators of faults and
determine the fault location, for the monitoring and diagnosis of the operation conditions
of hydraulic transmission and control power generation systems. Mehdi Hosseinzadeh,
etc. presents the performance of a wind power system under two sources of failures
in the lubricant system, and a procedure is proposed to detect the failure [12]. Kevin
Leahy investigated a new methodology for predicting and classifying turbine faults [13].
Mehdi Hosseinzadeh, etc. provides an overview of islanding fault detection in microgrids
in [14]. R. Lily Hu used minimal-redundancy-maximal relevance criterion (mRMR) feature
selection to select the most important of features [15]. However, due to the complex working
environment of these systems, on-site diagnosis can be required, which increases the risk
to personal safety. Manual and instrumental testing and diagnosis are also inefficient.

In addition, monitoring and diagnosis of hydraulic transmission and control power
generation systems is conducted online. Cheng Gang Yang elaborated the theory anal-
ysis of active online test of hydraulic diagnosis technology [16]. Online monitoring and
diagnosis can be used to monitor a system’s operation status in real time by observing
the system’s core parameters, such as system pressure, motor speed, and temperature.
However, online monitoring and diagnosis can be restricted in laboratories due to the high
requirements of the working environment due to leakages in the hydraulic pump station
and pipeline, which cause pollution, installation accidents, noise, and other problems. Shen
Yin compared the basic data-driven methods for process monitoring and fault diagnosis
(PM–FD) [17]. Gaowei Xu introduced a simple but effective online fault diagnosis method
to convert measured sensor signals to fault images [18]. Therefore, investigations have been
undertaken of remote monitoring and diagnosis technology, which can avoid shortcomings
such as the operation noise of the hydraulic pump station, without affecting the operating
characteristics of the hydraulic transmission and power generation system.
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To date, improvements to traditional fault diagnosis of hydraulic transmission-controlled
power generation systems include the use of signal feature extraction and the establish-
ment of fault diagnosis network models to extract the features of the system signals by
wavelet processing, empirical modal processing, and information entropy. Traditional
fault diagnosis methods are primarily based on mechanism, feature frequency or fault
feature extraction [19]. Quan Zhou modified adaptive neuro-fuzzy inference system to
establish the fault early warning and diagnosis model [20]. In the case of multiple con-
current faults in hydraulic transmission and control power generation systems, the main
diagnostic methods are extreme learning machines and support vector machines (SVMs).
Arana-Daniel reviewed proposals to extend the SVM algorithm to deal with complex
and hypercomplex-valued inputs, outputs, and kernels [21]. As we know, support vector
machine (SVM) and k-Nearest Neighbor (kNN) algorithms can manage the nonlinearity
issues. In order to train SVM efficiently, Emre developed a new training algorithm CKSVM
(clustering k-NN support vector machines) which has provided efficiency for fast clas-
sification via weighted distances for multi-class classification [22]. Narinder Singh and
S. B. Singh presented a newly hybrid algorithm HPSOGWO which is the combination
of Particle Swarm Optimization (PSO) and Grey Wolf Optimizer (GWO) with the idea
to improve the ability of exploitation in PSO with the ability of exploration in GWO to
produce both variants’ strength [23]. Nicholas et al. proposed a hybrid PSO/ACO (ant
colony optimization) algorithm for the discovery of classification rules [24]. Ahmed et al.
presented a hybrid PSO algorithm (HPSOM) that uses the mutation process to improve the
standard PSO algorithm [25]. Esmin et al. proposes a new model called Hybrid Particle
Swarm Optimizer with Mutation (HPSOM), by integrating the mutation process often used
in GA into PSO [26]. Ben Niu et al. presents a new hybrid global optimization parallel
algorithm PSODE combining PSO with differential evolution (DE) which is simple, and no
extra parameters are introduced [27]. Hydraulic transmission and control power generation
systems are easily disturbed by signals such as vibration and noise. Unfavorable noise is
accompanied by the pressure pulsations in the flapper-nozzle valve flow field [28]. The
noise and vibration of hydraulic pumps usually exhibit high spatial variations [29]. Thus,
traditional machine learning can only extract and classify linear features of faults, and
numerous factors, such as the external environment, may interfere with the performance of
this approach. Deep learning has stronger nonlinear fitting ability, and can autonomously
perceive fault features hidden within various disturbing signals. However, the requirement
for the computer’s CPU is also higher as deep learning requires a large number of training
samples to ensure the accuracy of the model, thereby resulting in a higher cost of system
fault diagnosis.

In summary, the complex environment may possibly cause a series of faults in hy-
draulic transmission and control power generation systems, and increase the difficulty of
system maintenance. Effective and stable monitoring and diagnosis should be carried out
to maintain the normal operation of the system and ensure the quality of power generation.
In addition, the difficulty associated with extracting fault characteristics and possible loss
of signals during long-distance information transmission due to the complex environment
should be addressed. Remote monitoring and diagnosis of hydraulic transmission and
control power generation systems are important to realize real-time monitoring of system
operation status, even when not at the site of the equipment. Fault location can be rapidly
and effectively determined, and the system can be repaired using the collected real-time
signals, in conjunction with the deep learning diagnosis model of the system, when a
fault occurs. Michael Short proposed system potentially delivers a flexible and low-cost
industrial digitalization platform for condition monitoring and predictive maintenance
applications [30]. This ensures safe and reliable operation of the hydraulic transmission and
control power generation system, thereby reducing both the required number of on-site
maintenance personnel and the system downtime due to maintenance. Therefore, remote
monitoring and fault diagnosis methods of hydraulic transmission control power genera-
tion systems should be studied. The 50 kW hydraulic power generation remote monitoring



Energies 2021, 14, 4047 4 of 18

and fault diagnosis system devised in this study can be applied not only to other hydraulic
system monitoring and diagnosis fields, but also to other new energy generation systems.

2. Overall Design of the Remote Monitoring and Fault Diagnosis System for
Hydraulic Transmission Control Power Generation

In this study, the working principles and actual working characteristics of the hy-
draulic transmission and control power generation system were combined; typical fault
analysis of the system was conducted; fault types for diagnosis were determined; the
monitoring parameters of the system were selected according to the working characteristics
of the system; and the foundation for fault diagnosis of the hydraulic transmission and
control power generation system was established. In accordance with the selected monitor-
ing parameters and the output fault type of the diagnostic model, the system’s hardware
was designed. In addition, the system’s remote monitoring and diagnostic software was
designed in accordance with the actual system requirements.

2.1. Composition of Hydraulic Transmission Control Power Generation System

The hydraulic power generation experimental equipment consisted of the main hy-
draulic system, oil replenishment subsystem, loading subsystem, and control system. The
main hydraulic system consisted of pumps, valve sets, pipes, motors, and corresponding
test sensors. Real-time regulation was performed by changing the pump speed and motor
displacement, with the motor output speed as the control target. Figure 2 shows the
schematic of the hydraulic system.
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Figure 2. Hydraulic system schematic. 1—hydraulic pump, 2—relief valve, 3—check valve, 4—on/off valve, 5—hydraulic
motor, 6—oil suction filter, 7—oil refill pump, 8—high-pressure filter, 9—oil fill check valve, 10—oil fill directional valve, 11—
relief valve, 12—control directional valve, 13—cooler, 14—throttle valve, 15—loading pumps, and 16—loading relief valve.

As shown in Figure 2, the hydraulic pump (1) is driven by an electric motor, and
the pressure of the loading system is changed by adjusting the relief valve (16), which in
turn changes the load on the motor (5). The system consists of two circuits, which can be
switched between different operating modes by adjusting the shut-off valve (4). The oil
constantly circulates internally during the operation of the closed hydraulic system. Thus,
the hydraulic system is replenished with oil through a replenishment system to ensure
there is sufficient oil.
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Figure 3 shows the overall structural composition of the hydraulic power generation
system. The composition and layout of the entire system is shown more intuitively in
Figure 3, where (1) is the pump source, also known as the simulated turbine area. It consists
of a control cabinet, inverter motor, reducer, radial piston pump, and corresponding
hydraulic valve. The numbers (2) and (3) represent the load simulation area and hydraulic
station, respectively, consisting of a hydraulic motor, generator, system control cabinet,
hydraulic oil tank, and the corresponding hydraulic valve.
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The system is a pump-controlled motor-closed system; the pump working speed is
set in the range of 30–60 r/min to simulate the actual sea current energy condition. After
calculating that the displacement of the variable motor needs to exceed 16.88 mL/r, we
chose a variable motor with a nominal displacement of 25 mL/r and a basic model number
25BCY14-1B. After calculation, the displacement of the quantitative pump selection should
exceed 277.72 mL/r, we choose to use the nominal displacement of 300 mL/r, model
INM2-300 quantitative pump. We chose a gear pump with a nominal displacement of
6 mL/r, model CBW-F306, as the charge pump. At the same time, in order to protect the
dosing pump and set the main circuit pressure of the hydraulic system, the relief valve inlet
pressure is set to 21 MPa. Therefore, the main frequency of flow pulsation and pressure
pulsation in the system is low, but the pulsation amplitude and pulsation discontinuity are
higher in the low-speed operating condition due to the superposition of the plunger cavity
suction, discharge oil discontinuity, load impedance, and other factors.

2.2. Remote Monitoring and Diagnosis System Scheme

The constant speed monitoring module monitors the change in turbine speed, causing
the speed of the pump to change continuously. In addition, the variable motor displacement
is adjusted to enable the generator connected with the motor to maintain a constant
frequency of 50 Hz output. The state monitoring module collects the parametric data
monitored by the sensors; analyses and processes the data, and makes a final judgment;
responds to and adjusts the system on the basis of the judgment result to complete the
real-time monitoring; and provides a control and alarm for the entire power generation
system. The oil charge monitoring module is mainly responsible for opening the oil charge
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circuit, setting the loading pressure, and opening the control oil circuit. The fault diagnosis
module is mainly responsible for fault diagnosis, the alarm, recording, and enabling
inquiries of the hydraulic transmission control power generation system. Figure 4 shows
the remote monitoring and diagnosis scheme of the hydraulic transmission and control
power generation system.
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2.3. Software Design of Remote Monitoring and Diagnosis System for Hydraulic Transmission
Control Power Generation

Figure 5 shows the functional architecture of the PC-based monitoring and diagnostic
system software. The functions of the software can be summarized as follows.

(1) Real-time monitoring: Real-time monitoring of the operating parameters of the hy-
draulic transmission and control power generation control, including motor output
speed, pump speed, system flow, motor inlet pressure, inverter output frequency,
system temperature, charge pressure, system pressure, return pressure, and genera-
tor voltage;

(2) Real-time curve display: Real-time curve display of motor output speed, pump
speed, motor inlet pressure, system temperature, and inverter output frequency in
the hydraulic transmission, and control power generation system;

(3) Historical data storage: Data storage of operating parameters in the hydraulic trans-
mission and control power generation system, with a storage frequency of 100 Hz, to
facilitate subsequent data analysis and processing;

(4) Alarm data management: The upper and lower limits of the alarm value are set for
specific variables, such as the liquid level and pressure of the hydraulic transmission
and control power generation system;

(5) Remote control function: Remote start/stop and parameter setting function for the
oil replenishment and hydraulic station systems;

(6) Fault diagnosis function: Fault diagnosis of the system’s normal operation, and
failure of the accumulator, relief valve, hydraulic motor, and hydraulic pump, via a
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combination of the hydraulic transmission and control remote monitoring system
and the proposed improved fault diagnosis model;

(7) Data query function: The data query system is implemented using a database, in
which the type and time of each failure are stored, and all information relating to
previous failures in the system can be accessed via a query.
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3. SVM Fault Diagnosis Based on Improved Particle Swarm Algorithm Optimization

As one of the most well-known metaheuristics, particle swarm optimization (PSO)
was proposed by Kennedy and Eberhart to solve the problems of constrained optimiza-
tion comprising continuous variables and non-linear programming [31]. Support vector
machines (SVMs) is a supervised non-parametric statistical learning technique to find a
hyperplane that separates the dataset into a discrete predefined number of classes with the
training examples [32]. In order to solve the problem of SVM parameter setting, the particle
swarm optimization algorithm is combined with support vector machines to optimize the
parameters of the SVM by using the particle wandering of the PSO to build a new SVM
model, PSVM.

The traditional frequency spectrum is used to find the fault frequency. However, the
fault degree and accuracy of the hydraulic components cannot be determined, even when
the fault point is identified. The support vector machine (SVM) introduces a hyperplane
to distinguish between different types of data. An improved particle swarm optimization
(PSO)-optimized SVM hydraulic transmission control power generation system fault di-
agnosis model is proposed to classify nonlinear and multi-fault small sample data. The
proposed model rapidly and effectively determines the key parameters of the SVM, and the
particle swarm algorithm was improved in this study. Through experimental comparison,
it can be shown that the SVM optimized by the improved particle swarm algorithm has
better performance than the SVM optimized using other optimization algorithms.

Improved Particle Swarm Algorithm

The particle swarm algorithm considers the solution of the problem as the spatial
search for a particle, and provides each particle with an adaptation value; each particle
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flies toward the location of the optimal particle. The particles are continuously updated,
and the update formula is as follows:

vij(t + 1) = ωνij(t) + c1r1(t)
(

pij(t)− xij(t) + c2r2(t)
(

pgj(t)− xij(t)
))

(1)

xij(t + 1) = xij(t) + vij(t + 1) (2)

where i = 1, 2, . . . , m; j = 1, 2, . . . , D; m is the particle size; D is the particle dimension;
t is the current evolutionary algebra; c1, c2 are the acceleration factors; and r1, r2 are the
uniformly distributed random numbers.

The inertia weighting factor ω is introduced as follows:

ω = ωmax −
ωmax −ωmin

T
× t (3)

where ωmax is the maximum inertia weight; ωmin is the minimum inertia weight; t is the
current evolutionary algebra; and T is the maximum number of iterations.

On the basis of the analysis results, an improved particle swarm algorithm was
proposed to enhance several components of the basic particle swarm algorithm, such as the
inertia weight factor, acceleration factor, local optimal stagnation perturbation and position
iteration formula:

(1) Inertial weighting factor. The inertia weight factor was 0.3–0.7; this range of values
was able to better neutralize the effect of local and global searches. In addition, a
nonlinear decreasing change in inertia weight factor was proposed. As a result, the
inertia weight factor was in the optimal interval in the iterations, and its formula is
as follows:

ω =
3ωmax −ωmin

2
− (ωmax −ωmin)×

(
2t
T

+
cos
(

πt
T
)

2

)
(4)

where ωmax is the maximum inertia weight and ωmax = 0.9; ωmin is the minimum
inertia weight and ωmax = 0.4; t is the current evolutionary algebra; and T is the
maximum number of iterations.

(2) Acceleration factor. The acceleration factors c1 (decreasing) and c2 (increasing) can
improve the algorithm effect during the iterative process. We proposed nonlinear
decreasing variation in acceleration factor c1 from 2.5 to 0.5, and in acceleration factor
c2 from 0.5 to 2.5. Its equation is as follows:

c1 = 3.5− 4t
T
− sin

[
(T − 2t)π

2T

]
, c2 = −0.5 +

4t
T

+ sin
[
(T − 2t)π

2T

]
(5)

where t is the current evolutionary algebra and T is the maximum number of iterations.
(3) Local optimal stagnation perturbation. The particle is prone to local optimum phe-

nomenon when searching in space. A method to cope with particles in stagnation
was proposed to prevent this phenomenon from causing meaningless iterations and
to determine whether the particle is in stagnation. This phenomenon was avoided by
particle local optimum perturbation, which is obtained as follows:

p′ ij(t) =
{

rand× pij(t), pij(t) = pij(t− 1) = pij(t− 2) (t > 3)
pij(t) (other)

(6)

where pij(t) is the current local optimum of the ith particle; p′ ij is the local optimum
after stagnation processing; rand indicates the uniform random numbers between 0
and 1; and t is the current evolutionary algebra.
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(4) Update of particle speed and position. Based on the optimized particle’s local opti-
mum solution, the joint update of the formula for the particle velocity can be derived,
as follows:

vij(t + 1) = ωνij(t) + c1r1(t)
(

p′ij(t)− xij(t)
)
+ c2r2(t)

(
pgi(t)− xij(t)

)
(7)

The global optimum is also substituted into the formula update, which allows the
particles to randomly approach the global optimum and speeds up the convergence of the
model at a later stage. The improved PSO position update is obtained as follows:

xij(t + 1) = λ·h·
(
xij(t) + νij(t + 1)

)
+ (1− λ)·h·pgi(t) (8)

where λ, h represents uniform random numbers between 0 and 1 (λ = 0.6; h = rand); and
t is the current evolutionary algebra.

The system fault sample data used was taken from a 50 kW hydraulic transmission
and control power generation system test bench. The four types of faults diagnosed
included normal operation, accumulator faults, relief valve faults, and motor faults. A total
of 188,000 system fault samples were collected.

4. Realization of Remote Monitoring and Fault Diagnosis System for Hydraulic
Transmission Control Power Generation

The remote monitoring software and fault diagnosis model were combined to reduce
the influence of environmental factors. This also allows operators to control the system at
all times from any location, to realize the integration of the monitoring and diagnosis of
hydraulic transmission and power generation system. The six main functional modules of
the software can be further subdivided into the detailed design of functions and submod-
ules, thus providing the foundation for the subsequent implementation of the software by
combining the requirements of the software and the functional division.

Implementation of the remote monitoring and diagnosis system software was under-
taken as follows:

4.1. Database Selection

The database is one of the most important sources of information and storage in
the hydraulic transmission control power generation system, and its quality affects the
efficiency and stability of the system. An Office series Access database is suitable for
the handling of small data. Thus, an Access database was selected to rapidly query and
process the system data as the system continuously generates power and a small amount
of data. The hydraulic transmission and control power generation system mainly stores
login information, and the amount of stored information is small. Thus, the creation of
a login information table can be completed rapidly using an Access database. The main
functions and effects of the login interface are shown in Figure 6.

4.2. Operation Management Module

In accordance with the design requirements of the hydraulic transmission and control
power generation monitoring and diagnosis system, the monitoring content of the entire
system can be divided into the parameter setting module, data display, and storage module,
operation and operation module, and fault diagnosis module. An introduction interface
was added to show the actual situation, in addition to a 3D simulation model to provide a
more attractive and complete system. Thus, the user is able to gain a preliminary impression
of the entire system. The introduction interface is shown in Figure 7.
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4.3. Parameter Setting Module

The parameter setting module is shown in Figure 8. The selection of operation mode is
designed according to the actual situation, and has manual and automatic operation modes.
The two modes are unable to be used simultaneously, and the manual mode cannot be
used after the automatic mode is turned on. The hydraulic transmission and control power
generation system was designed as a distributed structure, with one motor connected to the
generator and another motor connected to the fixed pump. In addition, the corresponding
system mode can be selected according to different commissioning situations. The pump
speed setting value is changed by the frequency setting value of the inverter.
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4.4. Run Operation Module

The hydraulic pump speed is controlled by a frequency converter, such as analogue
water speed and step signals. Figure 9 shows the motor speed control. If the Proportional-
Integral-Derivative (PID) control switch is turned off, the system runs the default feed-
forward control, and the operator can change the type of the controller at any time from
the front panel.

4.5. Data Display, Storage Module

The temperature of the hydraulic oil is usually controlled between 30 and 50 ◦C.
Maximum and minimum temperatures are set for the hydraulic oil, and the system sounds
an alarm when the system temperature is higher than the maximum and lower than the
minimum temperature. The motor output speed, motor set speed, pump speed, system
flow rate, and motor outlet pressure are shown in Figure 10.
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5. Test

The proposed 50 kW hydraulic transmission and control power generation system was
arranged in a distributed structure. It included a simulated turbine module, a hydraulic
conversion energy generation module, and an oil change cooling module. The system was
a new energy device that uses hydraulic energy transfer to generate electricity as its core,
featuring high power, fast response, compact structure, and a flexible and fast layout.

Figure 11 shows the system that simulates the turbine module, including the inverter
and gear motor. The inverter generates alternating current with continuously changing
frequency to control the speed of the gear motor. Thus, it continuously changes to simulate
the sea current energy flow rate.
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Figure 12 shows the system hydraulic conversion energy generation module, which
includes various valves, pumps, variable motors, and their actuators. The module turns sea
current energy, which is difficult to control, into easily controlled hydraulic energy; adjusts
the displacement of variable motors using intelligent control algorithms; transforms the
disorderly input of quantitative pumps into the constant speed output of variable motors;
and finally converts the transmitted mechanical energy into smooth electrical energy
through synchronous generators.
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Figure 12. Hydraulic conversion energy generation module.

Figure 13 shows the system oil change cooling module. The module adopts a syn-
chronous laminar flow heat exchange through the temperature difference between the oil
in the pipe and tank and the surrounding space. In addition, heat circulation is forced by
a fan to distribute the heat in the air. Thus, the temperature in the tank can be effectively
controlled, and the system works efficiently in a thermally balanced environment.
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Figure 13. Oil change cooling module.

The system aims to achieve a stable motor speed output, and the selection of a suitable
speed sensor has a large impact on the system. The sensors used in the power generation,
and the pump source test bench, are shown in Figure 14. A GW636 model speed sensor
was selected, and a magnet was placed in front of the sensor to ensure that the end surfaces
of the sensor and encoder gears were aligned to reduce errors caused by system vibration.
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Figure 14. Speed sensor for test bench. (a) Power generation test bench; (b) pump source test bench.

The system used the actual working environment of the 50 kW hydraulic transmission
and control power generation system as the background, collected sensor data at different
time periods, transmitted these to the server and then to the client platform, and analyzed
and processed the data. Figure 15 shows the laboratory environment in which the hydraulic
transmission and control power generation system was located.
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6. Results

In response to the shortcomings of the existing hydraulic transmission and control
power generation monitoring system, remote monitoring and diagnosis software of hy-
draulic transmission and control power generation, for PC and cell phone, was developed
by combining the technical characteristics of hydraulic transmission and control power
generation with the working condition of a 50 kW test bench. Furthermore, functional
testing of the software was undertaken on the 50 kW test bench. In addition, the fault
diagnosis type of the improved model was selected and collected according to the system
fault characteristics and monitoring parameters. To address the problems of insufficient
accuracy and slow convergence of the current hydraulic system fault diagnosis model,
a fault diagnosis model based on the improved particle swarm algorithm optimized via
an SVM, for a hydraulic transmission control power generation system, was proposed,
analyzed, and compared with other SVM-optimized algorithm fault diagnosis models.

Figure 16 shows feature signals extracted from the noise of non-linear and non-smooth
processes. The first six components are selected based on the correlation coefficients and the
permutation values are obtained, and the permutation feature vectors of the 6-dimensional
components are constructed. Figure 17 shows tests after dimensionality reduction by
principal component analysis and before treatment. Analyzed from the perspective of
combination features, the model test accuracy of combination feature 4 is the highest, and
the model test accuracy corresponding to combination features 1, 2, and 3 will be lower.
From the perspective of classification models, classification model number 7, which is the
support vector machine model optimized by the PSVM in this paper, has the highest test
accuracy, 99.4%.
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We compare the two improved fault diagnosis models for hydraulic transmission and
control power generation systems in Table 1. The four indicators: running time, training
accuracy, testing accuracy, and root mean square error (RMSE) show that the improved
PSVM model has a higher training and testing accuracy, and the root mean square error of
0.0006497 is much lower than that of the improved PSO.

Table 1. Comparison of fault diagnosis models.

Models Running
Time/h

Training
Accuracy/%

Testing
Accuracy/% RMSE

PSO 20 99.97 89.52 0.0192
PSVM 12 99.96 99.72 0.0006497

We proposed an improved SVM hydraulic transmission and control power generation
system fault diagnosis model optimized by particle swarm algorithm. The inertia weight
factor, acceleration factor, local optimal stagnation perturbation, and position iteration
formula of the particle swarm algorithm were changed to continuously train the model
to reach optimality. The remote monitoring and diagnostic software for the hydraulic
transmission and control power generation system was developed.

The PC remote monitoring software uses the programmable logic controller (PLC) as
the lower computer to monitor each component of the system. However, the actuator PLC
responds to the commands of the upper computer to carry out actions to control the normal
operation of the entire system. In addition, the monitoring software was combined with the
proposed improved fault diagnosis model to integrate system monitoring and diagnosis.

Functional tests were conducted on each module of the remote monitoring and diag-
nostic software. The test results show that the software facilitates the functions of operation
management, data display and storage, status parameter setting, and fault diagnosis. In
addition, it allows steady remote monitoring of the hydraulic transmission and control
power generation system, and can be used to effectively carry out fault diagnosis, monitor
fault alarms, and provide fault information storage of the system. This finding is consistent
with the expected design effect, and the proposed system meets the design objectives
and requirements.

7. Discussion

The PC-based remote monitoring and diagnostic software designed in this paper has
achieved good results in the application of a 50 kW hydraulic transmission and control
power generation system test bench. The test results show that the software is capable of
operation management, data display and storage, status parameter setting and fault diag-
nosis, and that the hydraulic power transmission system can be monitored and controlled
remotely in a stable manner, and that fault diagnosis, fault alarm, and fault information can
be stored effectively. The remote monitoring software and the optimized fault diagnosis
model developed in this paper are not limited to hydraulic transmission and control power
generation systems, but also have some reference value for other hydraulic systems. In
order to better promote and apply it to other hydraulic systems, on the basis of the existing
ones, we should give more consideration to the following aspects.

(1) Due to restrictions relating to the experimental conditions, although numerous types
of system faults exist, only four types of single faults that do not have serious impacts
on the system were selected. However, actual system failure, which is not a normal
operation, is caused by multiple faults, and the case of multiple concurrent faults
should be considered to improve the fault diagnosis system;

(2) The control index of this subject was studied under the condition of constant motor
output speed. Several dynamic parameters could be simultaneously selected as
control targets, thereby allowing a more accurate fault diagnosis of the system;
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(3) The data used in the proposed fault diagnosis model related to the hydraulic trans-
mission and control power generation system, as the data of the entire life cycle were
unavailable. However, diagnosis results would be more accurate if the data of the
entire life cycle were analyzed.

In summary, we have considered four main types of common hydraulic system fault
states in our 50 kW hydraulic transmission and control power generation system test
system. However, in order to perform more accurate system fault diagnosis, we also need
to carry out algorithmic model studies with multiple dynamic parameters as the control
objective, as well as full life cycle data analysis and diagnosis in order to study the complete
cycle data more comprehensively.

8. Future Work

Although the fault diagnosis model studied in this paper enables fault diagnosis of
50 kW hydraulic transmission power generation systems, in order to better study and
compare the performance of different algorithms and further improve the level of fault
diagnosis performance, we can carry out the following work in the future:

(1) Compare the performance of the SVM and kNN algorithms for fault diagnosis of
ocean current energy hydraulic transmission and control power generation system;

(2) Carry out a comparison of the PSO + SVM algorithm with the PSO + KNN algorithm,
including comparing the accuracy and the expectation aftereffect of the two algorithms;

(3) Develop a hybrid algorithm of PSO + GWO to carry out our research for the fault di-
agnosis of ocean current energy hydraulic transmission and control power generation
system and compare with our previous algorithms.
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