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Abstract: In order to solve the problem of unstable fluid supply pressure and serious impact caused
by the complicated and changeable working condition of a fully mechanized mining face in coal
mines and the sluggish response of the fluid supply system to the fluid demand for the hydraulic
support, a control method based on online updating generalized regression neural network (GRNN)
was proposed. Firstly, the simulated hydraulic support test platform and co-simulation model were
built. Secondly, The optimal flow dataset of steady-pressure fluid supply under different working
conditions is calculated by simulation. Furthermore, the GRNN prediction model was established
by using dataset and online updating learning technology to predict the optimal fluid supply flow
according to environmental parameters. Finally, the optimal flow control method of online updating
GRNN was established, and numerical research and experimental verification were also carried out
in different working conditions. The results indicated that the proposed control method could track
the working conditions of the working face in real time and adjusted the fluid supply flow of the
emulsion pump station adaptively, which effectively alleviated the pressure fluctuation and pressure
shock, and the system pressure was more stable, meeting the demand of steady-pressure fluid supply
on the working face.

Keywords: GRNN neural network; steady-pressure fluid supply; optional flow control; online update

1. Introduction

The construction of intelligent mines in China is developing at a high speed. In
order to meet the accelerating mining speed of the working face, higher requirements are
put forward for the reliability and stability of intelligent mining of the fully mechanized
working face [1,2]. As the power source of hydraulic support in a fully mechanized mining
face, the emulsion pump station directly affects the working efficiency and stability of
hydraulic support, which is the key equipment to ensure the safety and high efficiency of
coal mine production [3,4]. Due to the coupling relationship between the operating speed,
action type, working resistance, fluid supply flow and system pressure of the hydraulic
support system [5], the pressure-transient characteristics of the hydraulic support system
are obvious. Meanwhile, with the increase in working resistance of the hydraulic support at
large mining height and the increase in working face length, the problem of poor stability of
fluid supply pressure becomes more obvious. Therefore, how to improve the stability of the
fluid supply system as much as possible under different working conditions of hydraulic
support is an important and complicated problem to be solved urgently in the fluid supply
control of an emulsion pump station.

Improving the stability of the fluid supply system is the key to safe and efficient
production of coal face. At present, scholars mainly strive to maintain the stable pressure
of the system through two aspects: one is to optimize the structure of the hydraulic
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system to reduce the pressure fluctuation, and the other is to improve the fluid supply
quality of the emulsion pump station by the intelligent control algorithm. Among them,
there were many studies on optimizing the structure of hydraulic systems by scholars:
the system pressure was stabilized by optimizing the accumulator parameters and the
accumulator configuration scheme [6,7]; the transient dynamic characteristics of pipelines
were improved by optimization of pipeline size parameters [8,9]; the layout of the emulsion
pump station and pipeline layout were improved to reduce pressure loss [10,11]; the
unloading valve was reasonably utilized to recover pressure to ensure the stability of the
emulsion pumping station [12]. and other methods. However, optimizing the structure of
the hydraulic system can reduce the pressure loss and pressure shock, but it can only play
an auxiliary role in the problem of pressure stability in the system with long-distance fluid
supply and strong time-varying load.

In order to make the operation of the equipment on the working surface more stable,
the key to ensure the pressure stability of the hydraulic system is to adopt the appropriate
intelligent control method to improve the fluid supply quality of the emulsion pump
station. Tian et al. [13] studied the application of PLC variable frequency speed regulation
and constant pressure technology in the mine emulsion pump. The experimental results
showed that the design of the variable frequency–constant voltage control system based
on PLC could effectively save energy consumption. T. Qiao et al. [14] applied the fuzzy
control and PID control method to the variable frequency and constant pressure control
system of a mine emulsion pump station, and obtained good dynamic performance. Tan
et al. [15] trained field data based on Elman neural network, combined with movement
time and pressure setting, and carried out pressure predictive control on an emulsion
pump station. Wang and Li [16] optimized the variable frequency driving mode and
adopted the control mode of combining frequency converter with combined switch to
realize constant-pressure fluid supply in coal mining face. By predicting the traction speed
of the shearer, the power demand of hydraulic support is predicted, and then the intelligent
adjustment of pressure and flow of the shearer station is realized by using a mixed particle
swarm optimization algorithm. Li [17] synthesized the parameters such as mining machine
position, pillar pressure, advance stroke, etc., and constructed the feature vector. Combined
with the attention mechanism, the problem of long-term time prediction of fluid supply
demand was solved, and the remote intelligent fluid supply control strategy of the pumping
station was put forward. Ma [18] proposed a new concept of overlapping time, and solved
the pressure pulsation problem of the constant-flow parallel mechanical displacement
micropump from the perspective of control theory by realizing an RBF neural network
combining unsupervised learning with supervised learning. Umrao and Chaturvedi [19]
put forward a load frequency fuzzy control method, and the results showed that the control
method had good robustness to the system control of nonlinear and complex mathematical
models and avoided a large number of rules. It could be seen that the intelligent algorithm
had a good application prospect in the field of pressure control of the pumping station.
Tian et al. [20,21] predicted the running speed of the shearer, calculated the power demand
of the hydraulic support based on the speed of the shearer, and then controlled the power
of the emulsion pump station and optimized the flow output of the emulsion pump station.
Si et al. [22] proposed an immune particle swarm optimization fuzzy neural network PID
algorithm to realize the pressure stabilization control of the fluid supply system of a fully
mechanized mining face. The simulation results showed that the load interference had
little influence on the controller, and its convergence was rapid, its robustness was greatly
improved, and it had good anti-disturbance and disturbance compensation ability.

In the above research, different degrees of success have been achieved in realizing the
smooth fluid supply of the hydraulic support system. However, in view of the time-varying
actual working conditions of underground working face, due to the low accuracy and speed
of the existing frequency conversion control, the emulsion pump station cannot provide
accurate flow in time when the working conditions change, which causes the fluctuation
in fluid supply pressure and flow and affects the control accuracy of hydraulic support in
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working face. Therefore, the research on intelligent control of the emulsion pump is not
suitable for actual production without considering the variable operating conditions, and
there are few reports on this kind of related research.

In this paper, a control method based on online updating generalized regression neural
network (GRNN) is proposed for the actual working conditions of coal face. The method
tracks the state of the system in real time through online updating learning technology and
adaptively adjusts the steady-pressure fluid supply flow. Firstly, the experimental platform
and co-simulation model of the simulated hydraulic support are built, and the consistency
and effectiveness of the experimental platform and simulation model are verified. Secondly,
the concept of optimal steady-pressure fluid supply flow rate is put forward by analyzing
the field-measured data of working face and the process of steady-pressure fluid supply,
and the optimal flow datasets of steady-pressure fluid supply under different working
conditions are obtained by simulation. Then, the GRNN prediction model is established by
using datasets and online updating learning technology. Finally, an optimal flow control
method for updating GRNN online is established through cyclic online correction, and
numerical and experimental studies are carried out under different working conditions
by using the optimal pressure regulator flow control method to verify the effectiveness of
the method.

2. Establishment of a Simulation Platform and Its Verification
2.1. Experiment System

In order to obtain experimental data to validate the simulation model, a hydraulic
support system experimental platform was built. The experimental platform included
three parts: emulsion pump station system, hydraulic support system, and control system.
The experimental equipment and principle are shown in Figures 1 and 2, respectively. The
emulsion pumping station consists of one emulsion tank and two emulsion pumps, each
of which is driven by a frequency converter and equipped with unloading valves and
accumulators. The hydraulic support system adopts three sets of cylinders to simulate
the hydraulic support, the simulated support cylinder and the loading cylinder interact to
realize the loading, of which two sets simulate the column cylinder and one group simulates
the pushing cylinders. The pressure sensors and flow sensors were installed at the pump
outlet, and displacement sensors and pressure sensors were installed in front of the cylinder
for feedback. The hardware of the control system mainly consists of an industrial computer
(ADVANTECH, Taiwan, China), PC (Lenovo, Shanghai, China), PCI data acquisition card
(Art-Control, Beijing, China), and PLC controller (Siemens AG, Munich, Germany), and the
software uses a Simulink/Real-time control system (MATLAB 2022b) and writes the control
program of the voltage regulator fluid supply in Labview. In addition, a filter module is
added to the control program to filter the signal collected by the sensor. The details of the
experimental equipment are shown in Table 1.

Table 1. Parameters of the experimental platform.

Name Parameter Value Units

Emulsion Density 998 kg/m3

Emulsion pump Flow 200/80 L/min
Energy accumulator Capacity 20 L

Loading cylinder amount 3 /
Cylinder/rod diameter 160/105 mm

Column cylinder amount 2 /
Cylinder/rod diameter 110/80 mm

Pushing cylinder amount 1 /
Cylinder/rod diameter 110/80 mm
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2.2. Establishment and Verification of the Simulation Platform

The AMESim-Simulink co-simulation model is established according to the built
experimental platform, and the parameters of each device are set according to the ac-
tual experimental equipment parameters to ensure the authenticity and reliability of the
calculation. The co-simulation model is shown in Figure 3.

In order to avoid the interference of redundant factors, the following simplification and
assumptions are made in the establishment of the simulation model: (1) the bulk modulus
and absolute viscosity of the emulsion are constant. (2) The emulsion is an incompressible
fluid, and its density is independent of temperature. (3) Do not consider the leakage of
each component in the system. (4) Ignore the influence of the electromechanical conversion
device on system characteristics. (5) Cavitation is not considered.

Based on the established hydraulic system simulation model, the accuracy of the
simulation model is verified by comparing the simulation results with the test results under
the rated fluid supply condition. Start emulsion pumps (3) and (4) before the operating test.
The speed of the converter is adjusted, and the two emulsion pumps operate at the fluid
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supply flow of 200 L/min and 80 L/min, respectively. When the emulsion pump runs stably,
the rated fluid supply flow of the pumping station is 280 L/min. The system pressure data
of the simulated hydraulic support were collected when the hydraulic support performed
no action with leakage, and the actions of descending, pulling, raising, and pushing were
performed. The comparison of experiment and simulation results under rated fluid supply
conditions is shown in Figure 4.
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As shown in Figure 4, the overall change trend of system pressure measured by
experiment is in good agreement with the simulation results under rated fluid supply
conditions. It is divided into five stages, which are hydraulic support in no action leakage
stage, descending, pulling, raising, and pushing actions. In the pulling stage, the system
pressure fluctuates frequently in the operating pressure range of the unloading valve
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because the fluid supply flow is greater than the fluid demand of the system. On the
contrary, due to the large demand for fluid in the system, the fluid supply is insufficient in
the raising and pushing stage. The minimum system pressure drops to 8.9 MPa, and the
maximum pressure fluctuation is 22.6 MPa. The maximum relative error and the average
relative error between the simulation results and the experimental results are 16.70% and
3.73%, respectively, and the experimental results have good consistency with the simulation
results, which verifies the validity of the simulation model of the hydraulic support system.

2.3. Establishment of Optimal Flow Datasets under Different Operating Conditions
2.3.1. Steady-Pressure Fluid Supply Process

Nowadays, many underground hydraulic support systems in coal mines are rated
fluid supply, and the system pressure range is maintained through the unloading valve
in the pump station. The stability of the system pressure is an important measure of the
quality of fluid supply from the emulsion pumping station, while the fluid supply flow rate
also determines the hydraulic support operating speed and the degree of system pressure
stability. Figure 5 illustrates the measured data of hydraulic support system pressure in a
mine, and the rated flow rate of the emulsion pump station is 400 L/min.
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As can be seen from the system pressure data in Figure 5, because the different
operating modes of the hydraulic support actuator (descending, pulling, raising, and
pushing actions) have great differences in the demand for fluid supply flow, and the loads
are strongly time-dependent, this results in corresponding sudden changes in system
pressure. According to the classification of different amounts of fluid consumption of the
hydraulic support in the working face, the operation of the working face hydraulic support
is divided into three typical working conditions, and there are different degrees of pressure
fluctuations in each working condition:

Operating Condition 1: When the hydraulic support is inoperative and there is only a
small amount of system leakage, the leaking fluid is supplemented by the accumulator, and
the pumping station does not supply fluid to the system. At this stage, the system pressure
fluctuates regularly within the pressure limit of the unloading valve. Under this condition,
the demand for system fluid is very small, and excessive output flow of the pumping
station will lead to low system efficiency and increase the amount of system pressure



Actuators 2024, 13, 247 7 of 21

fluctuation. Operating Condition 2: When the amount of fluid used by the hydraulic
support to perform the action is less than the amount supplied by the pumping station, the
system pressure continues to fluctuate frequently within the pressure limit of the unloading
valve, resulting in system instability. At the same time, due to the frequent action of the
unloading valve, the pump station output flow cannot fully enter the system and act on
the actuator, but directly into the fuel tank through the unloading valve, which affects the
movement speed of the support. Operating Condition 3: When the amount of fluid used by
the hydraulic support to perform the action is greater than the amount of fluid supplied by
the pump station, the system pressure is greatly reduced until it rises after the operation of
the hydraulic support is completed, which may cause the cylinder pressure of the column
to fail to reach the ideal initial support force, and the hydraulic support moves slowly due
to the low system pressure in the whole process.

For this reason, a steady-pressure fluid supply method adapted to the flow require-
ments of different working conditions of the hydraulic support was proposed. Reasonable
fluid supply flow was output through the emulsion pump station to ensure that the system
pressure remained relatively stable within a high-level range. The ideal steady-pressure
fluid supply process pressure curve is shown in Figure 6. The process is divided into four
stages: the system slowly leaks when the pump station is not replenished (stage a), the
system slowly leaks when the pump station is quickly replenished (stage b), the support
action during the accumulator supply (stage c), the support action during the pump station
supply (stage d). Through this pressure process curve, analyzing the support system of the
ideal steady-pressure fluid supply of the four phases of the hydraulic characteristics of the
theoretical analysis is specified as follows.
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(a) Stage of pump station not replenishing when the system is leaking slowly
In this stage, the hydraulic support does not perform any action, and the system

slowly leaks fluid, because the system pressure is higher than the unloading valve loading
pressure pl, the pumping station is in the unloading state, the pumping station does not
replenish the fluid to the system, and the leaking fluid is replenished by the accumulator,
which leads to a slow reduction of the system pressure from the unloading valve unloading
pressure ph to pl. The duration of this stage:

Ta =
Vh − Vl

Qout
(1)

where Ta is the duration of stage a; Vh is the volume of the accumulator when the system
pressure is ph; Vl is the volume of the accumulator when the system pressure is pl. Qout is
the leakage volume of the system.
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The relationship of accumulator pressure and volume:

px·(Ve − Vx) = pe·Ve (2)

where pe is the rated pressure of the accumulator; Ve is the rated volume of the accumu-
lator; px is the current pressure of the accumulator; and Vx is the current volume of the
accumulator.

(b) Stage of pumping station rapid replenishment when the system is leaking slowly
In this stage, the hydraulic support does not perform any action, the system leaks

slowly, because the system pressure is higher than pl, the pumping station is in the loading
state, the pumping station replenishes the fluid to the system quickly. Due to the short
duration of this stage, the leakage of the system can be ignored, the output flow of the
pumping station is regarded as all the fluid charging to the accumulator, and the system
pressure is rising rapidly from pl to ph. The duration of this stage is:

Tb =
Vh − Vl

Qp
(3)

where Qp is the flow rate of fluid supplied from the pumping station.
(c) Stage of accumulator fluid supply during the hydraulic support operation
In this stage, the hydraulic support began to act, due to the system pressure being

higher than pl, the pumping station is in the unloading state, the pumping station did not
supply fluid to the system, the hydraulic support action power source for the accumulator,
the accumulator output pressure fluid to push the hydraulic support hydraulic cylinder,
resulting in a rapid decline in system pressure to pl, at this time the hydraulic support
hydraulic cylinder to the initial speed v1 into the pumping station supplying the fluid stage.

vl =
Qe − Qout

Ain
(4)

where Qe is the flow rate of fluid supply to the accumulator, Qout is the fluid leakage of the
system; Ain is the action area of the hydraulic support feeding cylinder.

(d) Stage of pumping station fluid supply during hydraulic support operation
At the beginning of this stage, the hydraulic cylinder of the hydraulic support moves

at the initial speed vl, the system pressure is the loading pressure of the unloading valve
pl, and the pump station enters the loading state to supply fluid to the system. Ideal
steady-pressure fluid supply situation system pressure rises uniformly, when the hydraulic
cylinder completes the current action at the same time, the system pressure rises to ph.
Hydraulic cylinder force to meet the formula:

pAin = Fq + θvAout + ma (5)

where p is the real-time pressure, Ain and Aout are the area of the hydraulic cylinder inlet
and outlet chambers, respectively, Fq is the load on the hydraulic cylinder, θ is the resistance
coefficient of the hydraulic cylinder in relation to the speed of action, m is the mass of the
hydraulic cylinder, and a is the acceleration of the hydraulic cylinder action. The hydraulic
cylinder action stroke is:

∆S = vlTd +
1
2

aT2
3 (6)

According to the principle of volume balance within the hydraulic system, the emul-
sion pumping station supply flow rate is the sum of the flow rate required for the action of
the hydraulic cylinder of the hydraulic support, the flow rate required for the charging of the
accumulator, and the leakage flow rate of the system, which satisfies the following formula:

QpTd = ∆LAin + QoutTd+Vh−Vl (7)
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According to Formulas (1)~(7), when the rated capacity of the accumulator and the
amount of fluid leakage in the system are constant, the flow rate of the ideal steady-pressure
fluid supply changes with the action area, action stroke, and load size of the hydraulic
cylinder in the execution of the hydraulic support.

2.3.2. The Concept of Optimal Flow Rate

As mentioned before, in the existing research [23], the control strategy of the output
flow rate of the pumping station is based on the optimal flow rate of the current actuator
action, which is always a fixed and stable flow rate of the current actuator action, ignoring
the influence of the actuator resistance and load. However, the downhole working condi-
tions are complex and variable, the actuator resistance and load have strong time-varying
characteristics, and the coupling of each factor with the fluid supply flow has a great
influence on the system pressure. Therefore, under different working conditions, a fixed
supply flow rate will limit the movement speed of the hydraulic cylinder and cause the
system pressure to fluctuate.

In order to achieve the highest operating efficiency of the emulsion pump under
partload conditions, the flow output control can be further relaxed so that a higher set
of flow outputs can be used. In order to achieve the optimum flow output control of the
emulsion pump, the objective function is defined as:

pset = Max(Q) (8)

The optimized constraint equation is expressed as Equation (9), which is used to
maintain an acceptable system pressure.

Pl ≤ pset ≤ Ph (9)

where Pl and Ph are the lower and upper limits of system pressure, which are 28 MPa and
31.5 MPa (unloading valve operating pressure), respectively.

Since the system pressure will be increased by increasing the emulsion pump flow
output, the above optimization problem can be simplified to find the maximum flow output
value Qset, at which the system pressure can be kept high to allow the actuator to achieve a
faster speed of operation. Therefore, under different operating conditions, there will be a
corresponding value of Qset.

On the other hand, higher flow output values also lead to higher system pressure.
When the system pressure value reaches the regulated unloading pressure of the unloading
valve, the unloading valve opens, leading to unloading of the pumping station, and
ultimately there are fluctuations in the system pressure due to the oversupply of fluid,
which reduces the quality of the fluid supply. Therefore, in order to maintain acceptable
system pressures, the fluid supply flow should be limited to the range of the best control
method to be developed. In the current development, the lower limit of the system pressure
Pl is set to 28 MPa, which is the closing pressure setting value of the unloading valve. The
upper limit of the system pressure, Ph, is set to 31.5 MPa, which is the opening pressure
setting of the unloading valve.

Therefore, when the system pressure is higher than 28 MPa, the higher system pressure
accelerates the actuator’s movement [24] and ensures a faster movement speed maintained
by the actuator. In the process of determining the Qset value, when the matched pressure
value p reaches 31.5 MPa, the control method adjusts Qset downwards to avoid unloading
the unloading valve until p is in the range of 28–31.5 MPa.

2.3.3. Optimal Flow Dataset under Different Working Conditions

A simulation model is built to simulate a hydraulic support; the purpose is to establish
an emulsion pump output flow dataset and set the Qset dataset under different working
conditions by artificially controlling the flow rate of the fluid supply, so as to realize the
effect of the steady-pressure fluid supply as described in Section 2.3.1. Under specific
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working conditions, the inlet and outlet areas of different hydraulic cylinders represent
different types of hydraulic support movements, and the rest of the data are obtained
through experimental records. The accuracy of the sensors and sampling intervals may
cause some errors in some of the data, but these errors are acceptable for the accuracy
requirements of the flow prediction of the steady-pressure fluid supply.

The actual value of the system pressure p is limited to between 28 MPa and 31.5 MPa.
The required system pressure value is adjusted according to the difference between the
actual system pressure value p and the set pset, thus adjusting the output flow rate of the
emulsion pump to cope with the actual system pressure. The emulsion pump regulates the
required system pressure with a fixed output flow rate and supplies fluid to the actuator
at this system pressure. Thereafter, the output flow rate from the experiment can be used
as the desired Qset, which can then be specified as the optimum output flow rate Qset of
the emulsion pump for that particular operating condition, with the goal of maximizing
system pressure and minimizing system pressure fluctuations.

Using the simulation model of the analogue hydraulic support, obtain the dataset of
emulsion pump output flow rate for different working conditions set up as represented
by the four actions of the hydraulic support including descending, pulling, raising, and
pushing actions, which contains 300 sets of data on the hydraulic support action type,
action stroke, hydraulic cylinder load, and pipeline length.

3. Establishment of a GRNN Model for Predicting the Optimal Dataset of Flow Rates

This section attempts to present a new approach aimed at providing stabilization
of emulsion pressure. The GRNN artificial neural network modelling approach has the
advantages of simple network architecture, fast convergence, and excellent prediction
results when the sample data are small and unstable, and has been widely used in the
fields of heat load prediction [25], hydraulic control [26], time series prediction [27], and
trajectory tracking control [28]. Its specific modelling approach is extensively described in
the open literature [29]. It is suitable for the problem of prediction of unstable data under
such complex operating conditions as underground hydraulic support systems.

According to the optimal flow rate requirements introduced in the previous section,
the optimal flow output dataset of the hydraulic support system under different working
conditions was determined by simulation, and based on the relationship between the
inputs of the obtained dataset and the corresponding outputs, a GRNN prediction model
connecting the optimal flow output value with four environmental parameters, namely the
type of action of the hydraulic support, the stroke of the action, the length of the pipeline,
and the load of the actuator, was established.

3.1. Input and Output Parameters of the GRNN Model

Previous studies [15,22] have shown that when the actuator action resistance coeffi-
cient, system leakage, and unloading valve set pressure are certain, the type of actuator
action and action stroke, the length of the pipeline, and the actuator load are the main
factors influencing the flow rate of the fluid supply, so these four parameters are specified
as inputs to the GRNN model. At the same time, the optimal emulsion pump flow rate is
specified as the only output parameter of the GRNN model. The flow rate when the system
pressure profile is the steady-pressure fluid supply profile shown in Figure 6 is collected as
the optimal steady-pressure fluid supply flow rate output.

In order to be closer to the actual working conditions in the borehole, the size of the
pushing cylinder is selected according to the ZY9200/25/50D shielded hydraulic support
configuration cylinder. The action stroke range of descending, pulling, raising, and pushing
actions is determined according to the actual working conditions of top removal, and
the load range of the actuator is calculated by the size of the pushing cylinder and the
allowable range of system pressure. The optimal flow combination design scheme is shown
in Figure 7.
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3.2. Training and Testing of GRNN Models

The total number of available data is 300 groups, and the random division method is
adopted. Considering the working characteristics of the hydraulic support, the main action
is divided into four actions: descending, pulling, raising, and pushing, and the four actions
have a large difference in the amount of fluid, so the experiments in this section randomly
adopt 70% of the data in each action data as the training data, and the remaining 30% of
the data as the test data, respectively. At the same time, the data underwent normalization
processing before modelling to eliminate the effect of different magnitudes of data on the
model error. The Min–Max normalization processing was used with a mapping range of
[0, 1], and the transformation function is as follows:

x∗ =
x − xmin

xmax − xmin
(10)

where x* represents the normalized data, xmax is the maximum value of the sample data,
and xmin is the minimum value of the sample data.

3.2.1. Training of the GRNN Model

A GRNN neural network for predicting the optimal flow output was constructed.
There are four layers in the GRNN model, an input layer, a pattern layer, a summation layer,
and an output layer [30,31]. The model structure is shown in Figure 8. The input layer
consists of four simple neurons, which pass the four input parameters of hydraulic bracket
action type N, hydraulic cylinder action stroke ∆S, pipe length L, and actuator load Fq
directly to the pattern layer, which contains 210 neurons, where each neuron corresponds
to a different training sample, and the transfer function of the neurons in this layer is a
Gaussian function [32,33]:

φi = exp

(
−∥Di∥2

2σ2

)
i = 1, 2, . . . , n (11)

where φi is the network output of each neuron in the pattern layer, the weight function
of the layer is ∥Di∥2 = (x − xi)

T(x − xi), x is the input vector, xi is the ith training sample
corresponding to the ith neuron, σ is the smoothing factor. When σ is too large, the model
will be insensitive to the changes in the details of the input data and will not learn enough,
which may reduce its adaptability to new data. When σ is too small, the model will be too
sensitive to the changes in the input data, resulting in overfitting, which may reduce the
stability of the network.

In the summation layer, two neurons are used to perform the summation operation,
a simple arithmetic summation neuron and a weighted summation neuron. Finally, the
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output layer outputs the predicted value, consisting of one neuron representing the optimal
emulsion pump flow output:

y =
∑n

i=1 yiexp
(
−∥Di∥2/2σ2

)
∑n

i=1 exp
(
−∥Di∥2/2σ2

) (12)
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From Equation (12), when the GRNN model is developed using the training dataset
and its structure and weights are determined, the smoothing factor σ has an important
impact on the performance of the GRNN model, so in order to obtain the optimal prediction
results and to avoid over-smoothing of the data due to too large a value of σ or over-fitting
of the data due to too small a value of σ, the parameter smoothing factor obtained by
the cross-validation method [23] is used as parameter values, the optimal value of σ was
determined based on the expected error percentage EEP [25], the optimal σ value was
determined to be 0.06 according to Equation (13), and the minimum EEP value was 1.82%.

EEP =

√
∑210

i=1 (ŷi − yi)
2/210

|ymax|
× 100% (13)

where ŷi is the ith predicted flow output value, yi is the flow output value in the ith dataset,
and ymax is the maximum flow output value in the 210 sets of training data.

A GRNN model has been developed which can be used to predict the optimum
regulated supply flow rate to be set for the emulsion pump under different operating
conditions. In Figure 9, the predicted data using the GRNN model are compared with the
training data. It can be seen that after training and fitting, the final average relative error of
the training set flow rate values was obtained to be 0.94%, and the R2 value reached 0.9989
when training the GRNN model.
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3.2.2. Testing of GRNN Model

To test the learning ability of the model, the trained GRNN model was tested using
the test set. Figure 10 compares the predicted supply flow values with the test supply flow
values. The results show that after training and fitting, the average relative error of the
final test set flow values is 1.02%, the R2 value during the model testing reaches 0.9985,
and the correlation coefficient R reaches 0.99894. Therefore, the established GRNN model
can be used to predict the optimal set of fluid supply flow of the hydraulic bracket system,
which can satisfy the demand of steady-pressure fluid supply with high accuracy.
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3.3. Online Updating of GRNN Model

Because of the complex and changeable working conditions of hydraulic support,
it is difficult for an offline algorithm to predict new working conditions, so an online
updating prediction algorithm is needed to identify the model fitting in real time to ensure
continuous learning to adapt to the new working conditions. The flowchart of the online
updating control approach can be summarized as shown in Figure 11.
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The smoothing parameter σ of the GRNN model is updated based on the PSO op-
timization algorithm, and the prediction accuracy of the GRNN model is improved by
adjusting σ reasonably. The MSE of the collected mean square error between the system
pressure and the ideal pressure for steady-pressure fluid supply within 0.5 s before and
after the end of the hydraulic support action is selected to comprehensively evaluate the
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performance of the current GRNN, and the training dataset is constantly updated. The
MSE calculation formula is as follows:

MSE =
1
N ∑N

i=1[p(t)− pset(t)]
2 (14)

where N is the data length, p is the current pressure value, and pset is the target pressure
value of steady-pressure fluid supply.

Taking MSE as the input of the PSO optimization problem, the fitness function of PSO
is calculated, and the smoothing parameters in each time step are continuously calculated
by PSO. Find the individual extreme value σbi = (σbi1,σbi2,...,σbim,) and the optimal position
of population history σpb = (σpb1,σpb2,...,σpbm,), and the optimal smoothing parameter is
obtained. Wherein, the speed and position updating formulas are, respectively:

V(k+1)
im = uV(k)

im + c1r1

(
σ
(k)
bim − σ

(k)
im

)
+ c2r2

(
σ
(k)
pbm − σ

(k)
im

)
(15)

σ
(k+1)
im = σ

(k)
im + V(k+1)

im (16)

where k is the number of iterations, Vim
(k) is the mth dimension component of the velocity

vector of the ith particle in the kth iteration, m = 1,2, . . ., M, u are inertia weights, c1 and c2
are acceleration weights, and r1 and r2 are random numbers in the interval (0,1).

u(k) = umax − k
(

umax − umin
itermax

)
(17)

where: intermax is the maximum number of iterations.

4. A Numerical Study on the Development of Steady-Pressure Fluid Supply Method
and Its Numerical Implementation

In the numerical research introduced in this section, the GRNN model is used to predict
the optimal steady-pressure fluid supply flow rate, the GRNN model and AMESim/Simulink
co-simulation model of the hydraulic support system are established, and the optimal
control method of steady-pressure fluid supply is realized numerically. The self-adaptive
steady-pressure fluid supply control simulation is carried out for single-cycle constant
load and variable load conditions, respectively. In addition, the online updating of steady-
pressure fluid supply control simulation of the unexpected working condition of system
leakage, and the pressure fluctuation of the system, is obtained.

4.1. Single-Cycle Constant Load Steady-Pressure Fluid Supply Control

The action process of single-cycle hydraulic support with constant load is as follows: after
the system is stabilized for 5 s, four actions of descending, pulling, raising, and pushing are
executed in sequence, with a waiting time of 0.5 s before each action, and the load is constant.
Under different working conditions of hydraulic support, the constant fluid supply flow
will cause the system pressure to decrease in a large range or fluctuate frequently due to
the imbalance between supply and demand of flow. As a contrast, the rated fluid supply
mode and the steady-pressure fluid supply mode are taken as the research objects. In the
simulation model, the rated fluid supply flow rate of 280 L/min and the optimal steady-
pressure fluid supply flow rate mentioned above are used to supply fluid to the system,
respectively. The pressure curves of the system are shown in Figures 12 and 13.

As can be seen from Figure 12, in the traditional rated fluid supply scheme, when the
hydraulic support carries out the action of descending and pulling, the system pressure
continues to fluctuate frequently within the pressure limit of the unloading valve due to
the amount of fluid supplied by the pumping station being larger than that required by
the actuator; when the hydraulic support carries out the action of raising and pushing, the
system pressure decreases greatly due to the fluid supplied by the pumping station being
smaller than that required by the actuator until it rises after the completion of the action.
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As can be seen from Figure 13, the established method of steady-pressure fluid supply
can significantly improve the hydraulic system pressure condition, effectively reduce the
number of pressure fluctuations during the action of descending and pulling action as well
as the amplitude of pressure fluctuations during the action of raising and pushing, and
slow down the loss of hydraulic components caused by pressure fluctuations. At the same
time, the system pressure is maintained at a higher level, which improves the movement
speed of hydraulic support and reduces the cycle time of overall action from 9.61 s to 8.86 s,
saving 7.8% of time.
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4.2. Online Updating of Steady-Pressure Fluid Supply Control for Variable Load Conditions

The actual working condition of underground working face is very complicated, the
load force on the actuator cannot be constant, the operation process of the hydraulic support
follower will be affected by the load characteristics, and different loads have a large impact
on the system pressure and fluid supply efficiency. It is difficult to adapt to the real-time
demand of the working surface by only considering the constant load condition for fluid
supply; therefore, for the variable load condition, the online update of the steady-pressure
fluid supply control is proposed. When the load force on the actuator changes, the emulsion
pump output flow dataset is adjusted online, so that the next moment of the fluid supply
flow more closely matches the working conditions.

In the simulation, varying loads are applied in the operation stages of the simulated
column raising and descending action stages, and the load signals are shown in Figure 14.
Under the variable load conditions as shown in Figure 14, GRNN neural network trained of-
fline and GRNN neural network updated σ online were used to control the steady-pressure
fluid supply, and the pressure curves of the simulated column raising and descending
action were collected, as shown in Figure 15. As can be seen from Figure 15: When the
offline trained GRNN neural network is used for the steady-pressure fluid supply control,
due to the sudden increase in load at 5.2 s and 6.3 s, the output flow of the emulsion pump
station cannot adapt to the changing working conditions in time. As a result, the system
pressure reaches the unloading pressure before the cylinder reaches the target stroke at
5.5 s and 6.7 s. At this time, the unloading valve is in the unloading state, and the output
flow of the emulsion pump station cannot enter the system, so the flow control of the pump
station is invalid. In contrast, when using the GRNN neural network of online updating
σ for steady-pressure fluid supply control, in the stage of a sudden increase in load, due
to excessive fluid supply flow, the system pressure change rate suddenly changes, and
the cylinder moving speed changes, especially in the process of raising and descending
action, but because the output flow is constantly updated to adapt to the load force, the
system pressure does not fluctuate greatly. And the actuator completes the raising and
descending action smoothly. The results show that the pressure change of the system is
more stable when the GRNN neural network is updated and trained online, and it has
good adaptability.
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4.3. Online Updating of Steady-Pressure Fluid Supply Control

Because the downhole hydraulic support system is a high-pressure, large-flow, and
long-distance fluid supply system, system leakage is often encountered in practical engi-
neering. Under this working condition, due to system leakage, the output flow calculated
by GRNN neural network trained offline in advance will be less than the steady-pressure
fluid supply flow, which cannot meet the fluid demand of the actuator. Therefore, by online
updating steady-pressure fluid supply flow control, the system pressure of the hydraulic
support during each movement (descending, pulling, raising, and pushing) will be different
from the target pressure of the steady-pressure fluid supply, and the dataset of fluid supply
flow will be continuously adjusted to update the steady-pressure fluid supply flow trained
under this working condition until the difference between the system pressure and the
target pressure is controlled within the allowable range.

In order to simulate the system leakage condition above, a throttle port with an
opening diameter of 3 mm is designed in the pipeline in the simulation model, the steady-
pressure fluid supply control is carried out by online updating training, the system pressure
is compared with the ideal target pressure of steady-pressure fluid supply at the end of
each hydraulic support action, and the training dataset and the smoothing parameter σ are
updated. The fluid supply flow during each operation cycle under five different working
conditions was randomly recorded and compared with the optimal steady-pressure fluid
supply flow under corresponding working conditions. The error is shown in Figure 16.
It can be seen that when the system leaks, the error between the output flow calculated
by the GRNN neural network trained offline in advance and the optimal steady-pressure
fluid supply flow reaches a maximum of 14.8%. However, due to the online updating of
σ, the error between the output flow and the optimal steady-pressure fluid supply flow
decreases continuously with the adjustment of the fluid supply flow during each operation
cycle until the fifth online updating control. The error is all controlled below 3.7%, which
meets the requirements of pressure control of hydraulic support.

The changes in the system pressure curves under the online updating control for
several times are shown in Figure 17. From the figure, it can be seen that during the first
hydraulic support cycle action, the system pressure cannot rise stably due to the system
leakage. At the moment of the end of the action, the difference between the system pressure
and the unloading pressure is large, resulting in a sudden increase in the system pressure
after the reversing valve action, causing a system pressure shock. With each online update
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control to adjust the amount of fluid supply, during each hydraulic support action, the
system pressure rise tends to stabilize until the fifth online updating control; at the end
of the hydraulic support action, the system pressure shock basically disappeared. This
shows that the online updating GRNN neural network has good adaptability under sudden
changes in working conditions.
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5. Experiment

In order to further verify the executability of the control method, an experimental
study was carried out through the constructed experimental platform. Since the total flow
rate of the two emulsion pumps in the experimental platform is up to 280 L/min, this paper
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only studies the two action processes of descending and pulling, which use less fluid. The
adjusting pressure of the proportional relief valve at the outlet of the loading pump is set
to 20 MPa, which can achieve the loading force loading of the actuator. The flow output of
the emulsion pumping station is controlled by the online updating steady-pressure fluid
supply flow of the GRNN neural network, and after several online updates, the system
pressure curve during the hydraulic support action is measured by the pressure sensor, as
shown in Figure 18.
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It can be seen from the pressure curve that the trend of the system pressure curve and
the ideal steady-pressure control curve is the same during the operation of the hydraulic
support, which verifies the consistency of the simulation and experiment results. There is
no obvious pressure shock in the whole process, and there is only a small range of pressure
fluctuation during each action, so the pressure stability of the system is good, which is
beneficial to improve the smooth operation of the hydraulic support system.

6. Conclusions

In this paper, on the basis of analyzing the process of steady-pressure fluid supply
in the hydraulic support system of the comprehensive mining face, the optimal steady-
pressure fluid supply flow prediction model based on the online updating GRNN neural
network is proposed for the optimal tracking control of the fluid supply flow output of the
emulsion pumping station, and simulation and experimental validation are carried out.
The following conclusions can be drawn:

(1) The GRNN model established based on the theory of optimal flow rate for steady-
pressure fluid supply and the dataset evaluated by the simulation platform for simulating
hydraulic support system has good prediction accuracy, and different operating parameters
can be set according to different working conditions.

(2) The optimal control method of steady-pressure fluid supply flow developed based
on online updating of the GRNN model can realize good control of hydraulic support
system pressure. Under regular actuator load change conditions and special conditions
such as system leakage, the PSO optimization algorithm can be updated online in real
time to identify the model fitting in real time, ensuring continuous learning to adapt
to new working condition characteristics, so as to maintain stable system pressure and
improve the efficiency of following the machine to move the frame, which is of good
practical performance.
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