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Abstract

In longwall mining, conventional centralized fluid-supply systems generally operate at a
fixed flow rate and therefore cannot respond effectively to the highly time-varying and
overlapping demands of multiple hydraulic supports operating in coordination with an
automated shearer. This mismatch can cause excessive relief flow, insufficient supply, and
substantial pressure fluctuations. To address this problem, this study proposes a surrogate-
based fluid supply optimization (SFSO) method in which a continuous supply trajectory
is parameterized by a limited number of time–flow control points and reconstructed
using a radial basis function model. The control-point parameters are optimized subject
to constraints on pump capacity and flow-rate variation, while pressure stability and
supply efficiency are considered simultaneously. An AMESim hydraulic system model was
validated against measurements obtained from a laboratory hydraulic support platform and
was subsequently used to evaluate the proposed method under a predefined multi-support
operating sequence. Under 200 independent test scenarios with demand perturbations of
up to ±10%, SFSO increased the mean cycle-based volumetric efficiency from 30.16% to
60.10%, representing an increase of 29.94 percentage points. Meanwhile, the mean pressure
fluctuation metric JP decreased from 0.625 MPa2 to 0.150 MPa2. Under the model, operating
sequence, and demand perturbation range considered in this study, these results indicate
that the proposed trajectory-surrogate formulation can improve demand supply matching
and reduce the pressure fluctuation index relative to the constant-flow reference. Further
work is required to evaluate the method under broader sources of uncertainty and in
underground field applications.

Keywords: longwall hydraulic system; fluid-supply optimization; trajectory surrogate;
RBF interpolation

1. Introduction
The longwall mining face is the core unit for high-efficiency coal extraction [1,2]. As

illustrated in Figure 1a, its principal equipment comprises a shearer, hydraulic supports, a
scraper conveyor, and the associated fluid-supply and control systems. During mining, the
shearer moves along the conveyor to excavate coal, while the hydraulic supports sustain
the roof and propel the conveyor toward the coal face. The supports are powered by the

Processes 2026, 14, 3577 https://doi.org/10.3390/pr14213577

https://crossmark.crossref.org/dialog?doi=10.3390/pr14213577&domain=pdf&date_stamp=2026-11-05
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/processes
https://www.mdpi.com
https://doi.org/10.3390/pr14213577


Processes 2026, 14, 3577 2 of 21

longwall hydraulic system [3], which supplies high-pressure, high-flow hydraulic energy
for roof support, support advancement, and coordinated equipment operation. Conse-
quently, the performance of the hydraulic system directly affects roof-control effectiveness,
equipment coordination, production efficiency, and operational safety [4–6]. Figure 1b
shows the configuration and operating principle of the longwall-face hydraulic system.
The emulsion pump station, located in the gate road, delivers high-pressure fluid through
the main supply line to the hydraulic supports arranged along the coal wall. According
to the control commands, the fluid is distributed to the corresponding support actuators
and subsequently returns to the pump station through the return line, forming a complete
circulation path.

(a) Layout of the main equipment 

 

(b) Schematic of the hydraulic system 

Figure 1. Longwall-face equipment and hydraulic fluid-supply system.

With the increasing coordination and intelligence of longwall equipment, on-demand
fluid supply has attracted growing attention [7]. Zeng and Wang [8] developed an adap-
tive dynamic programming method for optimal pressure tracking, providing an effective
solution for single-support column-lifting conditions. Its extension to concurrent and
stochastic fluid demand from multiple supports remains to be explored. Cao et al. [9]
optimized multi-pump settings and proposed an ADRC-based rapid fluid-replenishment
strategy to improve pressure stability under strongly time-varying loads. Their subsequent
study further revealed the pressure-impact characteristics of high-pressure, large-flow,
long-distance pipelines [10]. These findings provide an important basis for fluid-supply
control, although the identified pipeline transients have not yet been explicitly incorporated
into supply-trajectory planning and optimization. Tan et al. [11] established a mapping
between support actions and pump-station pressure using an Elman neural network, while
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Zhang et al. [12] employed PID-based pressure feedback and unloading-valve control to
maintain the target pressure range. Peng et al. [13] introduced an online-updating RBF
neural network, improving the adaptability of pump-station flow control to changing
operating conditions. These studies have advanced pressure stabilization and intelligent
pump-station control. However, most focus on pressure regulation under specific sup-
port actions or operating conditions, while the coordinated optimization of future fluid
demand, pump output, pressure fluctuation, and practical operating constraints remains to
be further investigated.

At the actuator level, Hou et al. [14] combined Bang–Bang and predictive control
with a multistage throttle valve to coordinate rapid pushing and precise positioning.
Wang et al. [15] improved flow-control accuracy through active differential-pressure regu-
lation, while Liao et al. [16] developed a position-following water proportional directional
valve for precise and low-impact support control. These precision-control solutions provide
valuable approaches for improving actuator performance, although their structural com-
plexity, contamination tolerance, maintainability, and long-term reliability warrant further
investigation under underground operating conditions. Overall, existing studies have es-
tablished a solid foundation in local actuation, pressure regulation, pipeline dynamics, and
coordinated operation. Nevertheless, opportunities remain to integrate demand prediction,
supply-curve parameterization, multi-objective optimization, fluid-demand disturbances,
and engineering constraints into a unified framework for long-distance, nonlinear, and
time-varying fluid supply systems.

Hydraulic supports are typically actuated by binary on-off electrohydraulic directional
valves that provide only open or closed states, limiting direct flow regulation during op-
eration [17]. As the supports follow the shearer through sequential lowering, advancing,
raising, and pushing actions, their flow requirements vary substantially between stages
and form a discontinuous demand profile. By contrast, variable-frequency pump stations
regulate output continuously through motor speed and therefore produce a comparatively
smooth supply profile. Because of motor-pump dynamics, the supply flow cannot immedi-
ately reproduce abrupt changes in support demand. Efficient and stable operation therefore
requires a planned supply trajectory that coordinates the continuous output of the pump
station with the discrete, time-varying demand of the support group.

Fluid demand calculated from support commands and structural parameters repre-
sents only the nominal demand. In operation, variable loads, pipeline leakage, and friction
affect actuator responses, so identical commands may produce different flow profiles. These
deviations are treated here as fluid-demand disturbances. Incorporating them into supply
trajectory optimization allows each candidate strategy to be evaluated in terms of pressure
stability, supply efficiency, and demand satisfaction over a prescribed disturbance range.
Scenario-based optimization provides a practical means of evaluating candidate strategies
across a finite set of disturbance realizations [18–20].

Supply-trajectory design can therefore be formulated as a pump-valve cooperative
optimization problem that coordinates continuous pump output with discrete actuator
demand. Control-point parameterization can reduce a high-dimensional continuous trajec-
tory to a limited set of decision variables [21,22]. Interpolation using splines [23], Bézier
curves [24], S-curves [25], or B-splines [26] can then reconstruct a smooth, continuous
trajectory from these control points. Accordingly, this study proposes a surrogate-based
fluid supply optimization (SFSO) method for longwall hydraulic systems. The method
represents the pump-station supply strategy using a limited number of time-flow control
points and reconstructs a continuous, differentiable supply trajectory with a cubic radial
basis function (RBF) trajectory surrogate. Bounded demand disturbances are introduced
over the support-action intervals to generate multiple demand scenarios, and each candi-
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date trajectory is evaluated using the corresponding pressure and actuator-flow responses.
A genetic algorithm is then employed to optimize the timing and flow rate at each control
point, subject to constraints on pump capacity, flow-rate variations, and pressure response,
while jointly minimizing pressure fluctuations and supply losses. In this study, the term
“surrogate” refers specifically to a low-dimensional continuous representation of the pump-
station supply trajectory. The RBF trajectory surrogate replaces direct optimization of a
densely discretized control sequence; it does not replace or approximate the AMESim
hydraulic system model. Each candidate trajectory is still evaluated directly in AMESim.

The remainder of this study is organized as follows. Section 2 presents the supply
trajectory representation and demand-scenario construction. Section 3 formulates the objec-
tive function and engineering constraints. Section 4 describes the experimental validation
and compares the fluid-supply strategies. Section 5 summarizes the main conclusions.

2. Surrogate-Based Fluid Supply Optimization Method
2.1. Problem Description and Overall Framework

The fluid-supply trajectory of an emulsion pump station must match the dynamic
fluid demand of the hydraulic supports. However, the actual fluid demand is inherently
uncertain because of variations in hydraulic support operating parameters. Therefore, the
optimization of the pump station fluid-supply trajectory is formulated as a constrained
continuous optimization problem under uncertain fluid demand. The time positions and
flow-rate values of the control points are selected as decision variables. A continuous
fluid-supply trajectory is represented by a cubic RBF trajectory surrogate constructed from
these control points. Here, the trajectory surrogate replaces a densely discretized control
vector, whereas AMESim remains the direct evaluator of the hydraulic response. The
control-point parameters are optimized using a genetic algorithm to obtain a trajectory that
satisfies the system constraints and accommodates different demand scenarios. The overall
optimization procedure consists of the following steps:

(1) Determine the nominal fluid demand curve according to the action sequence and
operating parameters of the hydraulic supports.

(2) Divide the hydraulic support operation into action intervals and establish a fluid-
demand perturbation model.

(3) Define the fluid-supply control points and their allowable ranges, and construct the
continuous RBF trajectory surrogate from these control points.

(4) Check the supply-side constraints, including the pump-station flow rate and its rate
of change.

(5) Calculate the system pressure, actuator flow rates, and actual fluid consumption
under each demand scenario.

(6) Iteratively update the control-point parameters using a genetic algorithm according
to the objective function and constraints.

(7) Once the convergence criterion is satisfied, output the fluid-supply trajectory that
meets the system constraints.

Figure 2 illustrates the iterative optimization of the emulsion pump station supply
trajectory using the RBF trajectory surrogate. In the nth iteration, the trajectory surrogate
is constructed from the current control points and evaluated directly using the AMESim
model. The genetic algorithm then updates the time positions and flow-rate values of the
control points according to the objective-function value, after which a new trajectory surro-
gate is constructed in the (n + 1)th iteration. This process continues until the termination
criterion is reached, and the best feasible solution found in the run is returned.
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Figure 2. Illustration of surrogate-based fluid supply optimization.

2.2. Surrogate-Based Interpolation and Reconstruction of the Fluid-Supply Trajectory

In the proposed SFSO method, each candidate fluid-supply trajectory is defined by a set
of discrete time–flow control points generated by the genetic algorithm. RBF interpolation
is employed to reconstruct these control points into a continuous trajectory [27,28]. Unlike
conventional data-driven surrogate models, the RBF used here is not intended to learn or pre-
dict an unknown input–output relationship. Instead, it provides a deterministic interpolation
of the optimization variables, ensuring that the reconstructed trajectory passes through all
specified control points while maintaining sufficient smoothness.

Let the fluid-supply trajectory of the emulsion pump station be defined by m control
points. The ith control point is expressed as:

pi = (ti,ui), i = 1, 2, . . ., m, (1)

where ti denotes the control-point time and ui is the corresponding pump-station flow rate.
The continuous fluid-supply trajectory is reconstructed as:

Qp(t) =
m

∑
i=1

λiϕ(|t − ti|) + a0 + a1t, (2)

where Qp(t) is the pump-station flow rate, λi is the RBF weight, ϕ(.) is the radial basis
function, and a0 + a1t is a first-order polynomial term introduced to ensure the unique
solvability of the interpolation system.

The reconstructed trajectory must pass through all control points:

Qp(tj) = uj, j = 1, 2, . . ., m, (3)

The RBF weights are also subject to the supplementary conditions:

m

∑
i=1

λi = 0,
m

∑
i=1

λiti = 0, (4)

Accordingly, the interpolation system can be written in matrix form as[︄
Φ P
PT 0

]︄[︄
λ

a

]︄
=

[︄
u
0

]︄
, (5)

where

Φij = ϕ(|ti − tj|), P =

⎡⎢⎢⎢⎢⎣
1 ti

1 t2
...

...
1 tm

⎤⎥⎥⎥⎥⎦, (6)
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and
λ = [λ1, λ2, . . . , λm]

T , a = [a0, a1]
T , u = [u1, u2, . . . , um]

T , (7)

Solving Equation (5) yields the RBF weights and polynomial coefficients, from which
the continuous fluid-supply trajectory over the entire operating period can be obtained.
Common RBF kernels include Gaussian, multiquadric, inverse multiquadric, and cubic
functions. Although the first three kernels can produce smooth curves, their interpolation
results and matrix conditioning are sensitive to the choice of shape parameters. An inap-
propriate shape parameter may excessively smooth rapid demand variations or result in an
ill-conditioned interpolation matrix. Therefore, the cubic RBF is adopted in this study:

ϕ(r) = r3, (8)

The cubic RBF requires no additional shape parameter, strictly interpolates all control
points, and produces a smooth trajectory with a continuous first derivative. These proper-
ties allow it to serve as a deterministic trajectory surrogate. Because only a small number
of control points are involved, each candidate trajectory surrogate can be constructed by
solving a small linear system, resulting in a relatively low computational cost compared
with the repeated AMESim evaluations required by the genetic algorithm.

The cubic RBF is selected according to the specific requirements of the present
trajectory-representation task: exact interpolation of deterministic control points, smooth-
ness, and repeated low-cost construction during optimization. This task differs from
learning an unknown input–output relationship from training data, for which Kriging, arti-
ficial neural networks, or support vector regression may be appropriate. The present study
therefore does not claim that the cubic RBF is generally superior to these methods. Future
work may compare alternative trajectory surrogate constructions in terms of reconstruction
accuracy, smoothness, computational cost, and robustness.

To maintain the correct temporal order of the control points and prevent excessive
clustering, the following constraints are imposed:

t1 = 0, tm = T, ti+1 − ti ≥ ∆tmin, i = 1, 2, . . ., m − 1, (9)

where T is the complete operating cycle of the hydraulic supports and ∆tmin is the minimum
allowable interval between adjacent control points.

The optimization vector consists of the internal control-point times and the flow rates
of all control points:

X = [t2, t3, . . . , tm−1, u1, u2, . . . , um]
T , (10)

Because the initial and terminal times are fixed at 0 and T, respectively, the dimension
of the optimization vector is

d(X) = 2m − 2, (11)

2.3. Construction of Fluid-Demand Perturbation Scenarios

Let Q0
d(t) denote the nominal fluid-demand curve calculated from the operating

sequence of the hydraulic supports, the structural parameters of the actuators, and the
nominal operating speeds. Owing to variations in operating speed, load, and valve re-
sponse, the actual fluid demand may fluctuate around its nominal value. To characterize
demand uncertainty associated with different hydraulic-support operations, the complete
operating cycle is divided into K action intervals:

[0, T] =
K
∪

k=1
Ik, Ik = [τk−1, τk], 0 =τ0 < τ1 < ··· < τK = T, (12)
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where each interval may correspond to support lowering, support advancing, support
raising, or conveyor pushing. In the s th random scenario, the fluid demand within the kth
action interval is expressed as

Q(s)
d = Q0

d(t)
[︂
1 + ρξ

(s)
k

]︂
, t ∈ Ik, (13)

where ρ is the maximum relative perturbation amplitude of the fluid-demand flow rate,
and ξ

(s)
k is the dimensionless perturbation variable for the kth action interval in the sth

scenario. Here, s = 1, 2, . . ., S is the scenario index, and S is the number of perturbation
scenarios used during optimization. The perturbation variable is assumed to follow a
uniform distribution over [−1, 1]:

ξ
(s)
k ∼ U[−1, 1], (14)

Accordingly, the sth scenario can be represented by a complete perturbation vector:

ξ(s) =
[︂
ξ
(s)
1 , ξ

(s)
2 , . . . , ξ

(s)
K

]︂
, (15)

Each perturbation vector represents a possible actual fluid-demand state over the
complete operating cycle and generates a corresponding perturbed demand curve. When
the perturbation coefficients in all action intervals are zero, the nominal fluid-demand
scenario is obtained:

ξ(0) = 0, Q(0)
d (t) = Q0

d(t), (16)

A constant perturbation coefficient is applied within each action interval to avoid
introducing physically unjustified high-frequency fluctuations between adjacent sampling
points. The coefficients are sampled separately for different intervals to reflect variations in
load, valve response, and leakage among different hydraulic-support operations.

To ensure that the fitness values of different candidate fluid-supply trajectories are
comparable, a fixed set of perturbation scenarios is used throughout the genetic-algorithm
optimization. Thus, all candidate solutions are evaluated using the same random samples.
After optimization, an independent set of test scenarios that was not used during optimization
is generated to evaluate the adaptability of the resulting fluid-supply trajectory to previously
unseen demand perturbations and to prevent overfitting to the optimization scenarios.

2.4. Solution Procedure for Fluid-Supply Trajectory Planning

For each candidate solution X generated by the genetic algorithm (GA), a cubic RBF
trajectory surrogate is constructed to represent the continuous fluid-supply trajectory Qp(t).
The trajectory is evaluated on a refined time grid to verify the pump-flow and flow-rate
variation constraints. Each feasible trajectory is then evaluated using the computational
model under S fixed fluid-demand scenarios.

X → Qp(t) →

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
Q(1)

d (t) → J(1)

Q(2)
d (t) → J(2)

...

Q(S)
d (t) → J(S)

, (17)

After all individuals in the current population have been evaluated, the GA updates
the control-point parameters through selection, crossover, and mutation. A candidate
that violates the pump-flow, flow-rate-variation, or demand-satisfaction constraints is
assigned an infeasible fitness and is excluded from selection or replaced when the next
population is generated. This replacement is part of the GA population update and
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does not represent adaptive resampling of a system-response-surrogate training set. The
optimization terminates when the maximum number of generations is reached. The best
feasible individual is then returned as the supply trajectory. The complete SFSO procedure
is summarized in Table 1 and Figure 3.

Table 1. Pseudocode of the SFSO method.

The surrogate-based fluid supply optimization procedure

1: Determine the feasible domain of the control points, the fixed demand-disturbance scenarios, and the engineering
constraints;

2: Initialize the candidate control-point solutions;
3: while the convergence criterion is not satisfied and the maximum number of generations has not been reached do
4: Construct the RBF trajectory surrogate from the candidate control points;
5: Discretize the trajectory and evaluate the supply-side constraints;
6: Evaluate feasible trajectories under the fixed demand-disturbance scenarios;
7: Calculate the pressure-fluctuation, supply-loss, and unmet-demand indices and determine the robust fitness;
8: Assign infeasible fitness to candidates that violate the engineering constraints;
9: Update the candidate population through selection, crossover, and mutation;
10: end while
11: Output the optimalfluidsupply trajectory

Figure 3. Overall procedure of the SFSO method.

https://doi.org/10.3390/pr14213577

https://doi.org/10.3390/pr14213577


Processes 2026, 14, 3577 9 of 21

3. Fluid Supply Optimization Problem Formulation
3.1. Objective Function

Excessive pressure fluctuations can reduce the operating stability of the hydraulic
supports, accelerate fatigue and wear in the valves and pipelines, and potentially cause
frequent activation of the relief valve. To evaluate pressure stability under the s th fluid-
demand scenario, the variance of the pressure changes between adjacent sampling instants
is adopted as the pressure-fluctuation index:

J(s)P =
1

N − 1

N−1

∑
i=1

[︂
(P(s)

i+1 − P(s)
i )− ∆P(s)

]︂2
, (18)

where P(s)
i is the system pressure at the ith sampling instant under scenario s; N is the total

number of sampling points; and ∆P(s) is the mean pressure change between adjacent sampling
points. A smaller pressure-fluctuation index indicates a more stable pressure response.

A portion of the flow supplied by the emulsion pump station enters the actuators
to perform hydraulic-support operations, while the excess flow returns to the reservoir
through overflow or unloading, resulting in energy losses and an increase in fluid tempera-
ture. The fluid-supply efficiency under scenario s is defined as

η(s) =
V(s)

act

V(s)
sup

, (19)

where

V(s)
act =

∫︂ T

0
Q(s)

act(t)dt, Vsup =
∫︂ T

0
Qp(t)dt, (20)

Vsup is the total volume supplied by the pump station over the complete operating cycle,

and V(s)
act is the fluid volume delivered to the hydraulic-support actuators to perform

effective operations under scenario s.
The corresponding fluid-supply loss index is

J(s)l = 1 − η(s), (21)

A smaller value indicates higher fluid utilization and lower unnecessary overflow
losses. Because the pressure-fluctuation and fluid-supply loss indices differ in both dimen-
sions and magnitudes, they are normalized as follows:

J(s)i,norm =
J(s)i − Jmin

i
Jmax
i − Jmin

i
, i = P, l, (22)

The composite performance index under scenario s is then defined as

J(s) = ∑
i

ωi J
(s)
i,norm, i = P, l, (23)

where wi denotes the weight of each sub-objective. After min–max normalization, the
objectives are dimensionless and comparable. Equal weights are adopted because neither
pressure stability nor supply efficiency is prioritized in this study. A larger pressure weight
favors a smoother pressure response, whereas a larger efficiency weight promotes closer
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demand matching and lower overflow losses. The weights can be adjusted according to
field operating requirements.

Jrob(X) =
1
S

S

∑
s=1

J(s)(X), (24)

The resulting optimization problem is formulated as follows:

min
X

Jrob(X), (25)

3.2. Constraint Formulation

The fluid supply is centrally regulated and delivered by the emulsion pump sta-
tion. The station adjusts the drive motor speed via a variable-frequency drive to achieve
continuous flow control. Due to the inherent electromechanical characteristics of the motor-
pump unit, the flow rate must satisfy smoothness and magnitude constraints. The main
constraints are summarized as follows:

(1) Lower bound on pump flow rate

Frequent start-stop cycles and very low motor speeds can accelerate wear and cause
overheating, compromising pump and motor reliability. To ensure long-term stable opera-
tion, a minimum pump flow Qp must be maintained, given its near one-to-one relationship
with motor speed:

Qp = kp · nmotor, (26)

where kp is the pump flow coefficient. To avoid poor lubrication and frequent start-stops,
the motor speed nmotor must remain above a minimum threshold nmin, leading to the
following flow rate constraint:

Qp(t) ≥ Qmin = kp · nmin, (27)

(2) Pump capacity constraint

The instantaneous flow of each pump must lie within its rated safe range:

Qp(t) ≤ Qmax, (28)

where Qmax represents the maximum safe operating flow rate of the pump.

(3) Flow variation constraint

Considering the dynamic response limitations of pumps and valves, abrupt changes
in flow can induce hydraulic shocks or valve overshoot. Therefore, the flow change per
sampling period is constrained:

|Qp(ti+1) − Qp(ti)|≤∆Qmax, (29)

where ∆Qmax is determined by the pump-valve response characteristics and the inertia of
the hydraulic network, ensuring smooth operation of support actions.

(4) Fluid-demand satisfaction constraint

Fluid-supply efficiency primarily reflects the degree of excess supply, but it cannot
independently determine whether the demand of the hydraulic supports is adequately satis-
fied. If supply efficiency alone is maximized, the optimization algorithm may achieve an ap-
parently high utilization rate by reducing the supply flow, potentially slowing the hydraulic-
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support operations or preventing their completion. Therefore, the unmet-demand ratio
under scenario s is defined as

J(s)u =

∫︁ T
0 max

[︂
Q(s)

d (t)− Q(s)
act(t), 0

]︂
dt∫︁ T

0 Q(s)
d (t)dt

, (30)

A value of J(s)u = 0 indicates that the fluid demand is fully satisfied throughout the
operating cycle, whereas a larger value indicates a more severe supply shortage. The
following constraint is imposed:

max
s=1,...,S

J(s)u ≤ εu, (31)

where εu is the maximum allowable unmet-demand ratio.
The constraints of the robust fluid-supply optimization problem can be written com-

pactly as:

g =

⎡⎢⎢⎢⎣
g1

g2

g3

g4

⎤⎥⎥⎥⎦ =

⎡⎢⎢⎢⎢⎣
Qmin − Qp(t)
Qp(t)− Qmax⃓⃓
Qp(ti+1)− Qp(ti)

⃓⃓
− ∆Qmax

max
s=1,...,S

J(s)u − εu

⎤⎥⎥⎥⎥⎦ ≤ 0, (32)

4. Experimental Study
4.1. Experimental Platform and Simulation Model Validation

To validate the AMESim model used for the subsequent comparison of fluid-supply
strategies, an experimental hydraulic-support platform was established, and sensors were
installed on the key actuating components of the hydraulic support to continuously measure
pressure and flow rate variations under different operating conditions, as illustrated in
Figure 4. The technical parameters of the hydraulic support are listed in Table 2. The supply
and return flow rates were measured using HYDROTECHNIK turbine flowmeters (HTF/33JC-
78-35.V012G), with a measuring range of 15–300 L/min and an accuracy of ±0.5% of the
measured value. The pressure at the supply and return lines, the front and rear chambers
of the pushing cylinder, and the upper and lower chambers of the support columns was
measured using HYDROTECHNIK HySense PR110 pressure sensors (3403-15-C3.37). The
pressure sensors have a measuring range of 0–400 bar, an accuracy of less than ±0.5% of
full scale, and a response time of less than 1 ms. The flowmeters provide frequency signals,
whereas the pressure sensors provide two-wire 4–20 mA signals. All measuring channels
were calibrated before testing and sampled synchronously by the data-acquisition system.

Figure 4. Sensor layout on the experimental platform.
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Table 2. Technical parameters of the experimental platform

Parameters Value

Hydraulic support height 1250–2600 mm
Hydraulic support width 1400–1500 mm

Mass 10,134.3 kg
Working resistance 3200 kN (P = 38.5 MPa)
Initial support force 2616 kN (P = 31.5 MPa)

Maximum supply pressure of pump station 35 MPa
Support columns cylinder diameter 420/395 mm

Propelling cylinder diameter 200/140 mm
Electro-hydraulic control valve 500 L/min
Hydraulic control check valve 400 L/min

Frame pulling hydraulic control check valve 100 L/min
Inlet pipeline specification DN25

Return pipeline specification DN32

In the process of optimizing fluid supply for longwall hydraulic systems, it is essential
to systematically and quantitatively evaluate the performance of different supply trajecto-
ries to guide the optimization iterations. Accordingly, a comprehensive AMESim model
was developed based on the system’s physical mechanisms and control logic (Figure 5).
The model comprises an adjustable-flow supply unit, support lifting and shifting modules,
and auxiliary hydraulic components. The variable-speed motor and fixed-displacement
pump were simplified as a constrained controllable flow source, with rated-flow and flow-
rate variation limits imposed to ensure feasible supply commands. This representation
is appropriate for system-level comparisons because all strategies are evaluated using
identical plant models and operating conditions. However, it excludes rotational inertia,
motor torque–speed characteristics, variable-frequency-drive dynamics, and operating-
point-dependent pump efficiency, and may therefore overestimate transient tracking per-
formance. Before field implementation, a coupled motor–drive–pump model calibrated
against measured speed and flow responses will be required. Because this study focuses
on the methodological evaluation of supply strategies, the supply-pipeline parameters
were fixed at values representative of the investigated hydraulic system. This controlled
configuration isolates the interaction between support-side demand and pump-station
supply from variations in pipeline dynamics. The results are therefore specific to this
configuration. Although pipeline length influences hydraulic resistance, fluid inertia, and
pressure-wave propagation [29], its systematic sensitivity analysis lies beyond the scope of
this methodological study.

Figure 5. Support hydraulic system simulation model.
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During simulation, the scheduling computing unit sends specific motion commands
to the hydraulic model. The model calculates the dynamic responses of the hydraulic
supports and actuators, and then returns the results to the scheduling unit for analysis.
Pressures and flow rates during key hydraulic support operations were calculated using the
simulation model and compared with experimental measurements to validate its accuracy,
as shown in Figure 6. To quantitatively evaluate the accuracy of the simulation model, the
measured and simulated signals shown in Figure 6 were aligned in time, and their errors
were calculated over the complete test interval, including both steady-state and transient
periods. Because flow rate and pressure have different physical units and numerical scales,
they were evaluated separately using the mean absolute error (MAE) and root-mean-square
error (RMSE). For the flow-rate responses, MAE = 0.979 L/min and RMSE = 2.06 L/min.
For the pressure responses, MAE = 0.295 MPa and RMSE = 0.791 MPa. The higher RMSE
values relative to the corresponding MAE values indicate that the principal discrepancies
are concentrated around rapid transient changes. Nevertheless, the model accurately
reproduces the overall trends and principal dynamic characteristics of the measured flow
and pressure responses. These results indicate that the model reproduces the overall flow
and pressure trends under the tested conditions. However, the remaining model error
should be considered when interpreting differences among the fluid-supply strategies.

  

(a) Flow rate during lowering (b) Flow rate during shifting 

  

(c) Flow rate during raising (d) Flow rate of single-support pushing 

  

(e) Flow rate for continuous operations (f) Pressure for continuous operations 

Figure 6. Comparison of measured and simulated flow and pressure responses.
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4.2. Hydraulic Support Operating Sequence and Fluid-Demand Perturbation Scenario Settings

To ensure consistent comparisons among different fluid-supply strategies, the same hy-
draulic support operating sequence is used in all tests. The first hydraulic support performs
leg lowering for 10 s, followed by a 2 s pause; support advancing for 7 s, followed by a 2 s
pause; and leg raising for 7 s, followed by another 2 s pause. The second hydraulic support
then performs the same sequence of operations. After these operations are completed, all
five hydraulic supports simultaneously push the conveyor for 5 s, followed by a 5 s pause.
The complete operating sequence is illustrated in Figure 7.

 Time (s)
0 10 20 30 40 50 60 70

A
ct

io
n

 s
ta

te

Idle

Lowering

Advancing

Raising

Conveyor advance

Figure 7. Timing diagram of the hydraulic support operations.

Based on the operating sequence and hydraulic support parameters, the instantaneous
flow demand of each actuator under rated operating conditions is calculated. The flow
rates of simultaneously operating actuators are then superimposed to obtain the nominal
fluid-demand curve over the complete 70 s operating cycle. According to the switching
times of the hydraulic support operations, the cycle is divided into seven action intervals.

Because of the randomness of hydraulic support operations, the predicted flow de-
mand may contain errors. Random perturbations are therefore introduced during opti-
mization. A uniform perturbation coefficient is applied within each action interval to avoid
physically unjustified high-frequency fluctuations between adjacent sampling points. The
coefficients are sampled separately for different intervals to represent their different sensi-
tivities to variations in load, valve response, and leakage. To evaluate the proposed robust
fluid-supply optimization method under moderate demand uncertainty, the maximum
relative demand perturbation is set to 10%.

During optimization, 15 random demand scenarios are generated. One nominal
scenario and two boundary scenarios representing uniformly high and low demands are
also included. A fixed scenario set is used throughout the genetic-algorithm optimization
to ensure comparable fitness evaluations among candidate trajectories. After optimization,
200 independent test scenarios are generated using a different random seed. The optimized
fluid-supply control points remain unchanged during testing to evaluate the adaptability
of the resulting trajectory to previously unseen demand perturbations.

4.3. Comparative Method and Optimization Parameters

To validate the effectiveness of the surrogate-based fluid-supply trajectory optimiza-
tion method, a constant-flow strategy with pressure-triggered unloading (CFS) is used
as the benchmark. Under this strategy, the pump station maintains its rated flow output
throughout the complete operating cycle and does not adjust the supply flow according to
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the demand of the hydraulic supports. The unloading valve is switched solely according to
the system pressure. This strategy is currently widely used in practical applications.

The two strategies employ exactly the same hydraulic system model, hydraulic support
operating sequence, pump-station capacity constraints, and flow-rate variation constraint.
The SFSO fluid-supply trajectory is parameterized using 15 initial control points. The times
of the first and last control points are fixed at 0 and 70 s, respectively, whereas the temporal
positions of the remaining control points and the flow-rate values of all control points
are treated as optimization variables. The genetic algorithm uses a population size of 50
and a maximum of 100 generations. The weights assigned to pressure fluctuation and
fluid-supply loss are both set to 0.5. The maximum allowable unmet-flow ratio is set to 5%.
The parameter settings for fluid-supply trajectory optimization are summarized in Table 3.

Table 3. Parameters for fluid-supply trajectory optimization.

Parameter Symbol Value

Complete operating cycle T 70 s
Number of fluid-supply control points m 15

Genetic algorithm population size Npop 50
Maximum number of generations Ngen 100

Weight of pressure fluctuation wp 0.5
Weight of fluid-supply loss wl 0.5

Number of stochastic scenarios used for optimization S 18
Number of independent test scenarios Stest 200

Minimum time interval between control points ∆tmin 1.5 s
Minimum pump-station supply flow rate Qmin 50 L/min
Maximum pump-station supply flow rate Qmax 200 L/min

Maximum allowable unmet-flow ratio εu 5%

Figure 8 shows the variation in the objective function value with the number of
iterations, while Figure 9 illustrates the evolution of the SFSO fluid-supply trajectory at
different stages of the optimization process. During the initial iterations, the fluid-supply
trajectory deviates considerably from the fluid-demand curve. At this stage, the genetic
algorithm performs broad exploration of the solution space and rapidly updates the time
and flow-rate values of the control points, leading to a substantial decrease in the objective
function value. As the optimization proceeds, the supply flow gradually increases during
the main hydraulic-support operations and decreases during the pressure-holding and
inactive intervals, thereby improving the agreement between the fluid-supply and fluid-
demand trajectories. Meanwhile, the control-point positions and their corresponding flow
rates progressively stabilize, and the reduction in the objective function value becomes
more gradual, indicating convergence of the optimization process. The optimized control
points are located at 0, 6.19, 8.96, 12.83, 20.73, 22.92, 28.99, 33.52, 37.78, 46.08, 48.61, 55.38,
60.32, 63.09, and 70 s, with corresponding flow rates of 67, 68, 74, 98, 87, 110, 119, 153, 83,
67, 77, 77, 111, 166, and 53 L/min, respectively. The final fluid-supply trajectory satisfies
the pump-flow and flow-rate variation constraints while closely following the overall trend
of the hydraulic-support fluid demand.

To compare the performance of the two fluid-supply strategies, Figure 10 presents
the system pressure and supply and demand flow rates obtained using CFS and SFSO.
Because CFS maintains a constant supply flow, it cannot dynamically adjust the pump-
station output according to the demand at different stages of hydraulic-support operation.
During pressure-holding or inactive periods, the supplied flow substantially exceeds the
actual demand, resulting in temporary oversupply. The excess flow is discharged through
overflow or unloading, causing hydraulic energy losses and reducing the overall supply
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efficiency. Moreover, the mismatch between supply and demand tends to increase system-
pressure fluctuations, which is detrimental to stable hydraulic-system operation.

 

Figure 8. Objective function convergence process.

 

1st iteration 2nd iteration 3rd iteration 4th iteration
100th iteration Liquid demand Control points

Figure 9. Evolution of the fluid-supply trajectory during optimization.

By contrast, SFSO optimizes the time positions and flow-rate values of the supply
control points, allowing the pump-station output to vary with the hydraulic-support
demand. The supply flow is increased during high-demand operations, such as support
advancing, raising, and conveyor pushing, and reduced during lowering and inactive
periods. This improves the matching between supply and demand.

After RBF reconstruction, the fluid-supply trajectory remains continuous and smooth,
avoiding abrupt flow changes between adjacent control points. The reconstructed trajectory
satisfies the imposed flow-rate-variation constraint; its tracking performance with detailed
motor–drive–pump dynamics remains to be validated. These results demonstrate that
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adjusting the pump-station output according to the stage-dependent demand of the hy-
draulic supports can reduce unnecessary overflow and unloading losses, improve supply
efficiency, and enhance system-pressure stability.

 

(a) Pressure fluctuation 

(b) Optimized supply and demand curves 
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Figure 10. Comparison between CFS and SFSO.

To quantify the overall performance of the two fluid-supply strategies more accurately,
200 independent test scenarios that were not used during optimization were randomly
generated with the maximum relative perturbation amplitude set to 10%. To ensure a
fair comparison, identical fluid-demand inputs were applied to both SFSO and CFS. The
pressure-fluctuation index and cycle-based volumetric efficiency were calculated for each
strategy under every demand-perturbation scenario. The statistical results are presented in
Table 4.

Table 4. Performance of different fluid supply strategies under demand perturbations.

Fluid Supply
Strategy Mean JP (MPa2) 95th Percentile of JP

(MPa2) Mean η (%) 95th Percentile of η (%)

CFS 0.625 0.699 30.16% 30.43%
SFSO 0.150 0.155 60.10% 60.19%
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Compared with CFS, SFSO reduced the mean pressure-fluctuation index by 0.475 MPa2

and its 95th-percentile value by 0.544 MPa2. These results indicate that SFSO reduces pres-
sure fluctuations not only under typical perturbation conditions but also in scenarios with
relatively pronounced fluctuations. In terms of fluid-supply efficiency, SFSO increased the
mean cycle-based volumetric efficiency by 29.94 percentage points and its 95th-percentile
value by 29.76 percentage points. This demonstrates that SFSO improves the matching
between the pump-station supply and the actual demand of the hydraulic supports, thereby
reducing the energy losses caused by overflow and unloading. Within the tested ±10%
demand perturbation range, SFSO produced a lower pressure-fluctuation index and a
higher cycle-based volumetric efficiency than CFS.

5. Conclusions
This paper proposes a surrogate-based fluid supply optimization (SFSO) method for

the time-varying fluid demand of hydraulic supports. The method uses a limited number
of time–flow control points and a cubic RBF trajectory surrogate to represent the complete
continuous supply command in a low-dimensional form. The trajectory surrogate replaces
a densely discretized control vector, while the hydraulic response of every candidate trajec-
tory is evaluated directly using the AMESim model. Validation against experimental data
demonstrates that the AMESim model can reproduce the principal dynamic characteristics
of the system’s flow and pressure responses. The flow MAE and RMSE are 0.979 L/min and
2.06 L/min, respectively, while the pressure MAE and RMSE are 0.295 MPa and 0.791 MPa,
respectively. Across 200 independent test scenarios with demand perturbations of no
more than ±10%, SFSO reduces the mean pressure fluctuation metric from 0.625 MPa2 to
0.150 MPa2 and its 95th-percentile value from 0.699 MPa2 to 0.155 MPa2 compared with the
conventional constant-rated-flow supply strategy. It also increases the mean cycle-based
volumetric efficiency from 30.16% to 60.10%, an improvement of 29.94 percentage points.
These results indicate that, under the model and operating conditions considered in this
study, adjusting pump-station output according to the operating stages of the hydraulic
supports can improve supply–demand matching, reduce ineffective fluid supply during
low-demand periods, and mitigate system pressure fluctuations.

It should be noted that the constant-flow strategy with pressure-triggered unloading
serves only as a reference for conventional operation rather than as a baseline representing
an advanced control method. Therefore, the above results do not establish the general
superiority of SFSO. The current validation is limited to a laboratory platform and AMESim
simulations involving a limited number of hydraulic supports. Moreover, the adopted
perturbation model describes only variations in demand magnitude within individual
operating intervals and does not account for shifts in action timing, sensor noise, communi-
cation delays, parameter drift, or pressure-wave propagation in long-distance pipelines. In
addition, the current optimization is performed offline for a predefined action sequence; its
real-time performance and applicability at the scale of a complete longwall face remain to be
verified. Future research will use field data to identify the characteristics of actual demand
perturbations, further account for action-timing errors, variations in model parameters,
and measurement uncertainty, and investigate fluid supply control methods integrating
online state estimation with receding-horizon optimization. Multi-support experiments,
long-pipeline tests, hardware-in-the-loop validation, and underground field trials will also
be conducted to systematically evaluate the method’s real-time performance, robustness,
safety, and scalability.
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Nomenclature

SFSO surrogate-based fluid supply optimization
CFS constant-flow strategy with pressure-triggered unloading
RBF radial basis function
SVR support vector regression
ANN artificial neural network
Qp(t) pump-station flow rate
λi RBF interpolation weight
ϕ(.) radial basis function
∆tmin minimum allowable interval between adjacent control points
X optimization decision vector
s scenario index
K number of hydraulic-support action intervals
Q0

d(t) nominal fluid-demand flow rate

Q(s)
d (t) fluid-demand flow rate under scenario s

ξ
(s)
k perturbation variable for action interval k under scenario s

ρ maximum relative demand-perturbation amplitude

J(s)P pressure-fluctuation index under scenario s

P(s)
i system pressure at sampling instant i under scenario s

N total number of sampling points
η(s) cycle-based volumetric efficiency under scenario s

∆P(s) mean pressure change between adjacent sampling points
Vsup total volume supplied by the pump station

V(s)
act effective fluid volume delivered to the actuators

J(s)l fluid-supply loss index under scenario s

J(s)i,norm normalized value of sub-objective i
Jmin
i minimum value used for min–max normalization

Jmax
i maximum value used for min–max normalization

Jrob(X) robust objective function averaged over all optimization scenarios
kp pump flow coefficient
Qmin minimum pump-station flow rate
Qmax maximum pump-station flow rate
Npop genetic algorithm population size
Ngen maximum number of generations
εu maximum allowable unmet-flow ratio
MAE mean absolute error
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RMSE root-mean-square error
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