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Abstract

The intelligent level of hydraulic support directly impacts the safe mining capacity and
efficiency of the entire fully mechanized mining face. Adaptive intelligent control of its
supporting pose, to adapt to the complex and ever-changing geological conditions of
coal seams and variations in roof characteristics, is crucial for intelligent mining. This
paper proposes and validates a novel adaptive adjustment method for the supporting
pose, utilizing hydraulic support dynamics and transfer reinforcement learning. First, the
supporting dynamics based on the coupling relationship between the hydraulic support
and the surrounding rock of the coal seam are analyzed, and a supporting reinforcement
learning model based on the Markov Decision Process is designed. Based on this model,
a gradient-optimized Proximal Policy Optimization method is proposed, and a virtual
dynamic simulator is built for training a supporting pose control policy. To transfer
the virtually trained strategy to real hydraulic supports for practical application and
to bridge the gap between support strategy simulation and reality, a progressive neural
network architecture is introduced to mitigate the execution gap of support strategies under
real-world conditions. Experimental results demonstrate that the proposed method can
effectively and autonomously adjust the supporting pose to adapt to changes in the complex
and variable coal seam roof. Furthermore, this work provides a theoretical foundation
and practical engineering application for the development of intelligent support robots in
coal mines.

Keywords: mining; hydraulic support dynamics; Markov decision process; transfer
reinforcement learning; adaptive intelligent control

1. Introduction
Currently, coal mine intelligentization has become an inevitable pathway for China

to achieve safe, efficient, and green coal production. However, due to the complexity
of coal seam distribution and harsh mining environments [1], the level of intelligence
and reliability of mining equipment remains limited. With the development of artificial
intelligence, the coal mining industry is increasingly integrating intelligence into coal
production and operations to improve the automation and intelligence levels of mining
operations [2]. As a core component of intelligent coal mining faces, hydraulic supports
primarily function to stabilize the coal roof of the surrounding rock through its canopy,
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thereby providing a safe working space for workers and other mining equipment [3]. In
recent decades, the increasing mining depth has led to increasingly complex geological
environments, which poses significant challenges to hydraulic supports in adapting to the
constantly changing coal seam roofs [4,5].

In recent years, scholars and research institutions have been striving to address the
challenge of supporting surrounding rock roofs by monitoring the support force and
posture of hydraulic support, combined with hydraulic support kinematics [6]. Hydraulic
support dynamics, including forward kinematics, inverse kinematics, and statics, are
the foundation for its pose perception and regulation. Support mechanics monitoring
mainly focuses on analyzing the roof state, roof movement patterns, and methods for
determining reasonable hydraulic support resistance [7]. The WELSON estimation method
described in [8] shows that the stability of the roof can be improved by adopting reasonable
support techniques to strengthen the rock and redistribute high stresses. The empirical
formula for support intensity in [9] lays the foundation for designing mechanisms to
support surrounding rock. The Chinese theoretical method described in [10] qualitatively
studies the coupling relationship between hydraulic supports and the surrounding rock
roof of coal seams. Current posture monitoring research is divided into two areas: using
contact sensors to measure the posture of hydraulic supports [11], and using virtual reality
technology to model virtual prototypes [12,13]. This includes obtaining key sensor data
from hydraulic supports through digital twin technology [14] to virtually monitor their
motion state [15]. In hydraulic support posture regulation and prediction, ref. [16] proposes
an LSTM-based method for predicting tail-beam inclination, addressing its control in
adaptive top-coal caving with electro-hydraulic systems. In [3], refined algorithms using
the Newton–Raphson, secant, and Broyden methods are developed to solve posture and
height, supporting rapid control and intelligent management. For pose detection and
model prediction, ref. [17] establishes models for both self and relative position and pose
based on the spatial three-point plane principle. In practice, the canopy of the hydraulic
support directly contacts and interacts with the surrounding rock roof to maintain dynamic
equilibrium. Therefore, analyzing only support kinematics or mechanics cannot solve
the problem of adaptive adjustment of the supporting pose. However, the interaction
information between the hydraulic support and the surrounding rock roof can facilitate
autonomous adjustment of the supporting pose to accommodate continuously changing
roof conditions.

Reinforcement learning is mainly used to solve autonomous decision-making and
control problems in the process of interacting with the environment [18], providing a new
method for autonomously adjusting the supporting pose of hydraulic support when inter-
acting with the coal seam roof. It has been widely applied in fields such as autonomous driv-
ing [19,20], robot control [21,22], game competitions [23,24], industrial automation [25,26],
and drone collaboration [27]. At the same time, in order to solve the issue of insufficient
data samples in the field of real robot control, transfer learning based on sim-to-real tech-
nology is adopted, enabling policies trained via reinforcement learning in simulation to be
transferred to real-world scenarios [28]. For instance, Rabinowitz introduced Progressive
Neural Networks, a novel architecture specifically designed to facilitate transfer across se-
quential tasks. This approach allows for rapid policy learning on real robots [29], providing
practical support for sim-to-real autonomous adjustment of hydraulic support postures.

Existing studies on hydraulic support posture control largely rely on fixed strate-
gies or models under single operating conditions, with limited adaptability to dynamic
roof variations and insufficient attention to sim-to-real transfer. To address this, this pa-
per proposes a support control method based on transfer reinforcement learning [30,31],
which enables policy learning and deployment within a simulation-to-real framework. A
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dynamics-based virtual environment is constructed for policy training, and the learned
policy is then transferred to real hydraulic supports. Compared with existing methods, the
proposed approach better adapts to complex conditions and improves the stability and
generalization of posture control.

The remainder of this paper is organized as follows: Section 2 analyzes the kinematics
of the hydraulic support and its supporting environment. Section 3 establishes a reinforce-
ment learning model for the supporting pose based on a Markov decision process. Section 4
presents an autonomous decision-making and control method for the supporting pose.
Section 5 develops a support virtual dynamic simulator for policy training and analyzes
the experimental results. Finally, Section 6 concludes the paper.

2. Kinematic Analysis of Hydraulic Supports and the
Supporting Environment

In an intelligent coal mining working face, the hydraulic support serves as the primary
structure to ensure a safe production space by supporting the roof and protecting the
coal wall while relying on the floor of the working face. However, the hydraulic support
operates as part of a dynamic equilibrium system, characterized by interaction and mutual
restriction with the surrounding rock. Furthermore, the supporting pose continuously
adjusts to changes in the coal seam roof, ensuring adaptability to the surrounding rock
environment. The support attitude can broadly be classified into three states: head-up
posture, horizontal posture, and head-down posture, as illustrated in Figure 1.
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Figure 1. Support attitude of hydraulic support: (a) head down posture; (b) horizontal posture;
(c) head up posture.

2.1. Kinematics Analysis of Hydraulic Support

The operating principle of the hydraulic support for maintaining the roof stability
involves a fixed base, while the canopy’s posture is adjusted via the leg and stabilizing
ram. The motion analysis of the hydraulic support during the supporting process can be
modeled as a planar multi-link mechanism. The kinematic diagram of this mechanism, as
shown in Figure 2, exhibits two degrees of freedom. In this framework, the base serves as
the frame, while the leg and stabilizing ram function as the drivers of the planar linkage,
with the canopy acting as the follower. The solution model for the supporting pose can be
represented using a functional, as follows:

y = F (s) (1)

where y = [h θ φ β] represents the support posture variables; s = [s1, s2] represents the
driving variables; and F :R2→R4 is a nonlinear vector operator, which is the kinematic
model of the hydraulic support.
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Figure 2. The kinematic diagram of mechanism of hydraulic support: (a) schematic of the closed-
loop vector equations describing the positional relationships of the components in the hydraulic
support mechanism; (b) schematic of the topology and connection relationships of the hydraulic
support mechanism.

Based on the vector ring model of the hydraulic support illustrated in Figure 2, the
vector ring equations are derived as follows:

−→
HG +

−→
GE =

−→
HF +

−→
FE

−→
DA +

−→
AB =

−→
DB

−→
IH +

−→
HF +

−→
FA +

−→
AJ =

−→
I J

(2)

The corresponding complex equation form of the vector ring equation, as outlined in
Equation (2) is presented as follows:

LHGejθ1 + LGEejθ3 = LHFejθ2 + LFEejθ4

LDAejθ5 − LABejθ6 = LDBejθ7

LIHejθ11 + LHFejθ2 + LFAejθ8 + LAJejθ9 = LI Jejθ10

(3)

Let θ1 = α1 − φ, θ11 = α2, θ5 = α3 + θ12, θ8 = α4 + θ12, θ4 = α5 + θ12, θ9 = α6 + β,
and θ6 = α7 + β, where α1, α2, α3, α4, α5, α6 and α7 represent known quantities that can
be calculated based on the geometrical dimensions of the hydraulic support structure.
Consequently, Equation (3) is expressed as follows:

LHGej(α1−φ) + LGEejθ3 = LHFejθ2 + LFEej(α5+θ12)

LDAej(α3+θ12) − LABej(α7+β) = LDBejθ7

LIHejα2 + LHFejθ2 + LFAej(α4+θ12) + LAJej(α6+β) = LI Jejθ10

(4)

The Euler equation ejϕ = cosϕ + jsinϕ is employed to solve Equation (4). Additionally,
by separating the real and imaginary components, the positional relationships among
various hydraulic support components are derived. This approach yields the kinematic
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mathematical model for the position and orientation of the hydraulic support, formulated
as follows:

LHG cos α1 cos φ + LHG sin α1 sin φ + LGE cos θ3 = LHF cos θ2

+LFE cos α5 cos θ12 − LFE sin α5 sin θ12

LHG sin α1 cos φ + LHG cos α1 sin φ + LGE sin θ3 = LHF sin θ2

+LFE cos α5 sin θ12 + LFE sin α5 cos θ12

LDA cos α3 cos θ12 − LDA sin α3 sin θ12 − LAB cos α7 cos β + LAB sin α7 sin β = s1 cos θ7

LDA sin α3 cos θ12 + LDA cos α3 sin θ12 − LAB sin α7 cos β− LAB cos α7 sin β = s1 sin θ7

LIH cos α2 + LHF cos θ2 + LFA cos α4 cos θ12 − LFA sin α4 sin θ12 + LAJ cos α6 cos β

−LAJ sin α6 sin β = s2 cos θ10

LIH sin α2 + LHF sin θ2 + LFA sin α4 cos θ12 + LFA cos α4 sin θ12 + LAJ sin α6 cos β

+LAJ cos α6 sin β = s2 sin θ10

(5)

Finally, the support height of the hydraulic support is determined based on its geo-
metric relationship, as presented in Equation (6).

h = lb + lr sin(θ2 + φ) + lc sin(θ12 + φ) + lp cos(β + φ) + l sin(β + φ) (6)

Assuming the lengths LIJ = s2 and LDB = s1 of the leg and stabilizing ram are considered
independent motion variables, Equation (5) represents a non-linear transcendental equation
with (θ2, θ3, θ7, θ10, θ12, β, φ) as the variables to be determined. Thus, the support attitude
β and support height h can be adjusted by varying the lengths s2 of the leg and s1 of
the stabilizing ram; however, the relationship between these parameters is non-linear.
However, the lengths of the leg and stabilizing ram cannot be explicitly calculated based
on the support attitude angle and the support height of the hydraulic support.

2.2. Support Environment of Hydraulic Support

The support environment of a hydraulic support refers to the dynamic equilibrium
system formed by the coupled interaction between the hydraulic support and the roof of
the coal seam. This environment can be quantified as the mechanical coupling relationship
representing the corresponding interactions and mutual constraints between the hydraulic
support and the coal seam roof during the support process. Based on the coupling rela-
tionship between the hydraulic support and the surrounding rocks in the stopes, the coal
wall, hydraulic support, and caved rock in the gob are treated as an elastomer. This allows
the leg support force and roof subsidence to be determined using the unlimited bearing
beam model. Then, by integrating the resultant force model of the hydraulic support and
the surrounding rocks of the stopes proposed by Qian et al. [32], the coupling mechanics of
the supporting pose and surrounding rock are formulated, as illustrated in Figure 3.
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Figure 3. Coupling the mechanical model of hydraulic support and surrounding rock: (a) coupling the
relationship between supporting pose and surrounding rock; (b) coupling the relationship between
canopy and roof-control area.
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In the mechanical system depicted in Figure 3, differential analysis is performed on
the rock beam with unit width, resulting in the following mathematical model:

EI(dy/dx)4 = q(x)− p(x) (7)

where p(x) represents the vertical force exerted by the hydraulic support on the roof; q(x)
denotes the load of the overlying strata acting on the roof rock beam; E corresponds to the
elastic modulus of the overlying strata; I represents the moment of inertia of the overlying
strata about the neutral plane; and y is a continuous function of x.

According to E. Winkler’s elastic foundation beam hypothesis, the bearing pres-
sure value in the elastic bearing pressure region is proportional to the settlement at each
point [33]. Assuming the relative resistance coefficient of the hydraulic support is k and the
roof rock beam subsidence is y, the supporting force of the hydraulic support on the roof,
denoted as F, is expressed as follows:

F = ky cos β cos(β− γ) (8)

where β represents the support attitude angle, and γ represents the angle between the leg
and the vertical direction.

By substituting Equation (8) into Equation (7) and solving the differential equation
based on the mechanical model presented in Figure 3, the deflection curve of the roof rock
beam above the hydraulic support can be derived as follows:

y(x) =
qL2

4λ2EI
e−λ(l−x)

[
−L2 sin(λ(l − x)) +

(
1 +

2
λ

)
cos(λ(l − x))

]
+

q
k cos β cos(β− γ)

(9)

where λ =
4
√

kp
4EI , kp = k cos β cos(β− γ) denotes the combined stiffness of the hydraulic

support and the immediate roof, and EI is the bending rigidity of the roof rock beam per
unit width.

Equation (9) reveals that when the support attitude angle aligns with or matches the
change trend angle of the surrounding rock roof, the roof deflection decreases. This reduced
deflection enhances the ability of the hydraulic support to stabilize the surrounding rock
roof. Similarly, the deflection curve of the rock beam above the coal wall is expressed
as follows:

h(x) =
e−κx

4κ2EI

{[
F(l1 + l3)− qL2

]
sin(κx)−

2κ3[qL2 − 2F(l1 + l3)
]
+ 4κ2EI

kc + 2κ3 cos(κx)

}
+

q
kc

(10)

where κ = 4
√

kc
4EI , kc and corresponds to the stiffness of the coal wall.

An analysis of Equations (9) and (10) reveals that the deflection and stress of the
coal wall and hydraulic support on the roof rock beam follow approximate exponential
functions. To ensure safe and effective roof support, the two deflection curves must align,
meaning that at x = 0, the deflection-stress curves transition smoothly. Otherwise, as
illustrated in Figure 4b, the roof rock beam is prone to fracturing (represented by the
yellow curve), which can cause significant impact damage to the hydraulic support. Thus,
according to y(0) = h(0), the coupling relationship between the hydraulic support leg and
surrounding rock can be expressed as follows:

F =
qL2

2l1
+

q
κl1

+
qLλ

(
kc + 2EIκ3)(λ + 2) cos(λl)

4EIκ5l1eλl (11)
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Figure 4. Roof deflection curve above hydraulic support and coal wall: (a) reasonable safety deflection
curve; (b) non-ideal dangerous deflection curve.

Based on the theory of mechanics equilibrium region, roof rock beam instability places
the hydraulic support in the tension or compression working range of the stabilizing
ram, significantly reducing its bearing capacity. Assuming that torsional effects caused by
uneven forces on the leg and linkage mechanism are neglected, the mechanical analysis
model of the plane linkage system of the hydraulic support can be constructed as Figure 5.
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Figure 5. Mechanical model of a plane bar system of the hydraulic support.

The canopy, caving shield and canopy are each considered as the isolation units for
force analysis. Subsequently, the moments about points O and A are analyzed to derive the
torque equilibrium equation as follows:{

(l4 + l2)Fg cos γ +
(

fFq − Fg sin γ
)

l4 tan δ = Fq(x + l4)

Fsb + Fg cos γl2 = Fqx
(12)

where O denotes the instantaneous velocity center of the hydraulic support, and A is the
hinge point between the canopy and the caving shield. l2 represents the distance from the
socket of the hydraulic support to point M, and l4 is the horizontal distance from point O
to M. b is the distance from point M to the stabilizing ram, which is its action position. Fq

denotes the external load on the hydraulic support, and x represents the position where
this load acts. f is the friction coefficient between the canopy and the roof, while Fg and Fs

are the forces acting on the leg and stabilizing ram, respectively.

https://doi.org/10.3390/machines14050496

https://doi.org/10.3390/machines14050496


Machines 2026, 14, 496 8 of 22

By substituting the maximum pressure T and maximum tension—T of the stabiliz-
ing ram into Equation (12), the coupling relationship between the stabilizing ram of the
hydraulic support and the surrounding rock can be derived as follows:

Fq =


− l4+l2

(x−l2)l4
Tb, 0 ≤ x < xa1

l4+l2
l4+x Fg cos γ, xa1 < x ≤ xa2

l4+l2
(x−l2)l4

Tb, xa2 < x ≤ l
(13)

where xa1 =
(
l4l2Fg cos γ− l4bT

)
/
(
l4Fg cos γ + bT

)
and xa2 =

(
l4l2Fg cos γ + l4bT

)
/
(
l4Fg cos γ− bT)

represent the abscissa of points α1 and α2 on the canopy, respectively.
The coupling curve of the force balance between the stabilizing ram and the surround-

ing rock is then obtained from Equation (13), as illustrated in Figure 6.

Fq

x

Tension
work  area Compression 

work  area

Ideal force
work  areaa1

a2

xa2xa1

Figure 6. Coupling curve of force balance between the stabilizing ram and the surrounding rock.
The three curves in the figure represent the three sections of the hydraulic support’s force balance
area, i.e., the back end of the canopy to point α1, point α1 to point and point α2 to the front end of
the canopy.

3. Reinforcement Learning Model for the Supporting Pose Based on
Markov Decision Process

The hydraulic support process is a complex, dynamic adjustment of its supporting
pose. As analyzed in Section 2, the coupling interaction between the supporting pose and
the surrounding rock forms the basis for training a self-control policy of supporting pose
using reinforcement learning. This training can be viewed as a process of continuously
optimizing the decision-making policy. This optimization is achieved through timely
feedback during the ongoing trial-and-error interaction between the hydraulic support and
the surrounding rock environment. Support actions derived from accumulated experience
can achieve the optimal supporting pose to adapt to the coal seam roof. However, the
state change process of the supporting pose follows the Markov property. This section
establishes a reinforcement learning model for the supporting pose, along with a simulator
for policy training, based on the fundamental elements of a Markov decision process. The
sequential decision-making process for the supporting pose of the hydraulic support is
shown in Figure 7. At each support posture regulation moment, the decision-making
process involves four steps: obtaining the current support state information, making a
support action decision, obtaining the immediate reward, and updating the support state.
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Figure 7. Sequential decision for the supporting pose of the hydraulic support.

3.1. Supporting Action Space

The adjustment of the hydraulic support’s supporting pose is mainly controlled by the
thrusts of the leg and stabilizing ram, with each offering three possible settings: constant,
increase, and decrease. These combinations result in nine basic support actions, as shown
in Table 1. These actions are labeled as LCSC, LCSI, LCSD, LISC, LISI, LISD, LISC, LDSI and
LDSD, and correspond to the nine dimensions of the action space.

Table 1. Basic actions of support.

Leg Thrust

Stabilizing Ram
Thrust Constant Increase Decrease

Constant LCSC LCSI LCSD

Increase LISC LISI LISD

Decrease LDSC LDSI LDSD

3.2. Supporting State Space

The supporting pose state information comprises the surrounding rock roof state
and the hydraulic support’s canopy state. The roof state information is derived from the
pressure data of the hydraulic support’s leg and stabilizing ram using an inverse approach.
The pressure value of both the leg and the stabilizing ram must correspond to the pressure
exerted by the roof on the hydraulic support during the support process. The canopy state
information includes the pressure ratio between its front and rear ends, its attitude angle,
and its support height. Figure 3b illustrates the coupling relationship between the hydraulic
support’s canopy and the roof-control area. Here, P represents the pressure exerted by the
roof-control area on the canopy, while Fσ = Pcosβ, Fτ = Psinβ. To ensure the stability of the
roof-control area, Fτ ≤ Ff = Fσ f (where f denotes the friction coefficient) must hold true on
the contact friction surface between the canopy and roof. This implies that tan β ≤ f, and
consequently, β ≤ arctanf.

Thus, the state space for reinforcement learning in supporting pose adjustment is
defined as s = Fg × Fs × β × h, where Fg is the leg pressure of the hydraulic support,
0 ≤ Fg ≤ Fmax, and Fmax represents the maximum working resistance of the hydraulic
cylinder for the leg. Fs is the stabilizing ram pressure, where −T ≤ Fs ≤ T, and −T
and T are the maximum tension and maximum pressure of the stabilizing ram cylinder,
respectively. β represents the attitude angle of the hydraulic support’s canopy, where
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β ≤ arctanf. h denotes the support height, where Hmin ≤ h ≤ Hmax. Here, Hmin and
Hmax represent the minimum and maximum working heights of the hydraulic support,
respectively. The support state of the hydraulic support can be expressed as a vector, and is
denoted as follows:

s = [Fg Fs β h] (14)

3.3. Supporting Reward Function

The fuzzy set membership function within the fuzzy comprehensive evaluation
method is used to quantitatively assess the supporting pose. This function helps de-
sign a comprehensive reward function for the support process by considering factors such
as support height, canopy pitch angle, support resistance, and the resultant force action
point of the hydraulic support. The following reward function is expressed in matrix form
using vectors and indicator functions.

(1) Support Height Reward Function

The support height must be maintained within a reasonable working range, as ex-
cessively low or high heights can result in transitional damage to the roof. Hence, the
membership function for support height must conform to a triangular membership func-
tion. The center of this function is defined based on the average height of each hydraulic
support measured along the intelligent coal mining working face. The closer the support
height is to the average value, the higher the membership degree, resulting in a greater
reward for the support height as depicted in Figure 8a. The reward function for the support
height is defined as follows:

Rh(h) =
[

I1(h) I2(h) I3(h) I4(h)
][

0 h−Hmin
Have−Hmin

Hmax−h
Hmax−Have

0
]T

(15)

where Hmin and Hmax represent the minimum and maximum working heights of the
hydraulic support, respectively; Have is the average height of the hydraulic support on
the intelligent coal mining working face, and h is calculated using the kinematic model of
the hydraulic support shown in Figure 5; Ii(h) is the indicator function, I1(h) = 1(0,Hmin)(h),
I2(h) = 1[Hmin,Have)(h), I3(h) = 1[Have,Hmax](h), I4(h) = 1(Hmax,∞)(h).

（a） （b）

（c） （d）

Figure 8. Reward function and membership degree of the hydraulic support process: (a) reward of
the support height; (b) reward of the support angle; (c) reward of the support resistance; (d) reward
of the resultant force action point.

(2) Support Angle Reward Function

The pitching angle of the hydraulic support’s canopy typically fluctuates around
0◦ during normal operation. Therefore, the membership function for the support angle
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also adopts a triangular membership function, and the support angle reward is expressed
as follows:

r_a(β) =
[

I1(β) I2(β)
][

β+β1
β1

β1−β
β1

]T
(16)

where β1 = arctan f represents the friction angle between the canopy and the roof-control
area; Ii(β) is the indicator function, I1(β) = 1[−β1,0)(β), I2(β) = 1[0,β1)(β).

Additionally, considering the combined stiffness relationship between the hydraulic
support and the surrounding rock, if the support angle is less than β1 or greater than β1,
the system applies a negative penalty (below zero), which disrupts the combined stiffness.
The constraint-based reward for the support angle is defined as follows:

p_a(β) =
[

I3(β) I4(β)
][

β1+β
π−β1

β1−β
π−β1

]T
(17)

where I3(β) = 1[−π,−β1)(β), I4(β) = 1[β1,π)(β). With comprehensive consideration of rewards
and penalties, the reward function for the support angle is depicted in Figure 8b and is
defined as follows:

Ra(β) =
[

I1(β) I2(β) I3(β) I4(β)
][

β+β1
β1

β1−β
β1

β1+β
π−β1

β1−β
π−β1

]T
(18)

(3) Support Resistance Reward Function

Based on the research conducted on the working cycle process of hydraulic sup-
ports [34], the variation curve of support resistance is presented in Figure 9. During the
same working cycle, the support resistance p ∈ [P0, Pm], where P0 represents the initial set-
ting load of the hydraulic support’s leg, and Pm denotes the maximum working resistance
at the end of the cycle. Consequently, a trapezoidal membership function is chosen as the
membership function of support resistance, with boundary values defined as [0.8P0, 1.1Pm].
The positive reward for support resistance is formulated as follows:

r_p(p) =
[

I1(p) I2(p) I3(p) I4(p)
][

p−0.8·P0
0.2·P0

1 1.1·Pm−p
0.1·Pm

0
]T

(19)

where I1(p) = 1(0.8P0,P0)(p), I2(p) = 1[P0,Pm)(p), I3(p) = 1[Pm,1.1Pm](p), I4(p) = 1(1.1Pm,∞)(p). Simi-
larly, to maintain sufficient support strength during the hydraulic support working process
and to prevent roof fracture, collapse, or strength instability of overlying surrounding rock
due to support failure, the support resistance must not fall below a critical value. Thus, the
penalty (negative reward) for inadequate support resistance is designed as follows:

p_p(p) = I5(p)
p− 0.8P0

0.8P0
(20)

where I5(p) = 1(0,0.8P0)(p). By combining both positive and negative rewards, the reward
function for support resistance is illustrated in Figure 8c and is defined as follows:

Rp(p) =
[

I1(p) I2(p) I3(p) I4(p) I5(p)
][

p−0.8·P0
0.2·P0

1 1.1·Pm−p
0.1·Pm

0 p−0.8P0
0.8P0

]T
(21)

(4) Resultant Force Action Point Reward Function

Based on the relationship between the action position of the external load’s resultant
force on the hydraulic support and its support capacity, as shown in Equation (13) and
Figure 6, the membership function for the resultant force action point is derived by normal-
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ization, as illustrated in Figure 8d. Thus, the reward function for the action point of the
canopy’s resultant force is defined as follows:

Rq = Fq/Fm (22)

where Fq represents the resultant force acting on the hydraulic support at the current action
point, and Fm denotes the maximum resultant force the hydraulic support can withstand.

 

P0

P1
P2

P3
P4

Pm

P0

P1

P2

P3 Pm

P

t
t1 t2 t3 t4 t5 t6 t1 t2 t3 t4

Figure 9. Support resistance curve in the support working cycle.

(5) Comprehensive Reward Function Design

Inspired by the concept of inverse reinforcement learning, the reward function for
environmental feedback is derived from the agent’s learning trajectory data [35] and is
expressed as a linear function of state features. Consequently, the comprehensive reward
function R is defined as a linear combination of the support height reward (Rh), support
angle reward (Ra), support resistance reward (Rp) and resultant force action point reward
(Rq). It is expressed as follows:

R = a1Rh + a2Ra + a3Rp + a4Rq (23)

where a1, a2, a3 and a4 are non-negative weighting coefficients in the linear combination of
the comprehensive reward function. However, their contributions are not the same; from
an engineering perspective, the contribution of support height is the most critical, and they
satisfy the following constraint:

a1 + a2 + a3 + a4 = 1 (a1, a2, a3, a4 ≥ 0) (24)

where the four parameter values are determined based on the fuzzy consistency judgment
matrix of the support pose, as shown in Table 2. Using the calculation for the fuzzy
consistent judgment matrix, as in (24), specifically a1 = 0.35, a2 = 0.26, a3 = 0.14, and
a4 = 0.25.

wi =
1
n −

1
2a +

1
na

n
∑

k=1
jik (a ≥ (n− 1)/2) (25)

Table 2. Judgment matrix of the support posture.

State Variable Support
Height

Support
Angle

Resultant
Force

Support Resistance
Action Point

support height 0.5 0.7 0.9 0.7
support angle 0.3 0.5 0.7 0.6
resultant force 0.1 0.3 0.5 0.2

support resistance
action point 0.3 0.4 0.8 0.5
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4. Autonomous Decision-Making and Control Method for the
Supporting Pose

The proposed method for the supporting pose control strategy is based on the re-
inforcement learning model built on a Markov Decision Process described in Section 3.
The hydraulic support is treated as an agent capable of perceiving changes in the support
environment. Through trial-and-error learning via interaction with the environment, the
agent enhances its decision-making ability to select appropriate support actions under
uncertain support conditions. To address the limitations of trial-and-error interaction
between the agent and the real support environment, a progressive neural network is
used to transfer the support pose control policy from simulation to reality. Specifically,
this paper proposes a Progressive Neural Network (PNN) transfer reinforcement learning
algorithm based on Proximal Policy Optimization (PPO), referred to as PPO-PNN. This
method effectively addresses the cross-task transfer problem in complex sequences of
support regulation. Through lateral connections in the network, the support control policy
trained in simulation is transferred to regulate the supporting pose in the real environment.

4.1. Policy Gradient-Based Proximal Policy Optimization

Proximal Policy Optimization is an off-policy reinforcement learning algorithm, which
is well-suited for addressing control problems in both discrete and continuous action
spaces. The network architecture of PPO under the Actor–Critic framework consists
of a value network (Critic) and a policy network (Actor). The value network takes the
environmental state as input, that is, the state information of the support pose, and outputs
the corresponding state value. The policy network consists of two sub-networks: one
responsible for interacting with the environment of the hydraulic support, and the other
dedicated to updating the network parameters.

Assume that the agent follows a behavior policy πθ with network parameter θ, also
referred to as the Actor. Here, πθ represents a mapping from the environmental state s to
the action a taken by the agent. The goal of agents in reinforcement learning is to iteratively
optimize their strategies to maximize the cumulative reward R. The expected value of
R serves as a metric for evaluating the Actor’s performance. Consequently, the policy
objective function J(θ) is constructed to assess the performance of the behavior policy and
is defined as follows:

J(θ) = Rθ = ∑
τ

R(τ)πθ(τ) = Eτ∼πθ(τ)
[R(τ)] (26)

where τ = {s1, a1, r1, s2, a2, r2, . . ., sT, aT, rT} represents a sequence of states, actions
taken upon observing those states and rewards. The expectation Eτ~πθ(τ)[. . .] denotes the
empirical average over a finite batch of samples.

To enhance the data sampling efficiency of the PPO algorithm, importance sampling
is employed to process the action distribution. Samples collected using the old policy πθold

are utilized to update the new policy πθ , enabling the reuse of collected data. Additionally,
PPO introduces the advantage function to replace the original reward in (26), allowing (26)
to be rewritten as follows:

JCPI(θ) = E(st ,at)∼πθold

[
πθ(at|st)

πθold(at
∣∣st)

A(st, at)

]
(27)

where θ represents the vector of new policy parameters, and θold represents the vec-
tor of new policy parameters. Aπ(st, at) = Qπ(st, at) − Vπ(st) defines the advan-
tage function, which evaluates the current action value relative to the average value.
Here, Qπ(st, at) = Est+1,at+1,...[∑∞

k=0 γr(st+k)] represents the state-action value function,
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Vπ(st) = Eat ,st+1,...[∑∞
k=0 γkr(st+k)] is the value function, r:S−→R denotes the reward func-

tion, and is the discount factor. Moreover Aπ(st, at) > 0 indicates that the action is better
than the average action, and the larger the value, the better the action is selected in state st.

In all cases, the divergence between the two distributions, πθold and πθ , must not be
too large and must remain below a constraint value to ensure a larger objective function.
To address this, the clip function is employed as a constraint to limit updates to the new
policy. Based on (27), the latest surrogate objective function is redefined as follows:

JCLIP(θ) = E(st ,at)∼πθold
[min(kt(θ)A(st, at), clip(kt(θ), 1− ε, 1 + ε)A(st, at))] (28)

where kt(θ) = πθ(at|st)/πθold(at|st) and ε is a hyperparameter typically assigned a recom-
mended value of 0.2. The first term inside the minimum function is JCPI . The second term,
clip(kt(θ), 1− ε, 1 + ε)A(st, at), modifiers the surrogate objective by clipping the proba-
bility ratio, thereby removing the incentive for shifting kt beyond the interval [1− ε, 1 + ε],
effectively constraining the divergence between the old and new policies. Next, the gradi-
ent of the objective function is computed using the policy gradient method, wherein an
estimator of the policy gradient is calculated and incorporated into a stochastic gradient
ascent algorithm. The most commonly used form of the gradient estimator is expressed
as follows:

ĝ = Ê(st ,at)∼πθ

[
∇θ log πθ(at|st)Â(st, at)

]
(29)

Finally, the optimal policy is obtained by iteratively updating the policy parameters
using an optimizer to maximize the expected reward, as defined by the objection function
in (28) and the gradient estimator in (29). The update rule for the optimizer, with step size,
α is given as follows:

θ ← θ + α∇JCLIP(θ) (30)

4.2. Progressive Neural Network-Based Transfer Policy

Progressive Neural Networks are ideal for simulation-to-real policy transfer in robot
control domains for several reasons. First, the features learned for one task can be trans-
ferred to multiple new tasks without being disrupted by fine-tuning. Second, the columns
within the network can be heterogeneous, which is beneficial for solving diverse tasks and
accelerating learning when transferred to real robots. Third, Progressive Neural Networks
add new capacity when transferring to new tasks by incorporating new input connections.
This mechanism helps bridge the reality gap by accommodating dissimilar inputs between
simulated environments and real-world sensors.

Progressive Neural Networks leverage a series of pre-trained models trained from the
source domain as the initialization. A progressive network begins with a single column,
depicted as a deep neural network with L layers, hidden activations h(1)i ∈ Rni , where ni

denotes the number of units at layer i ≤ L, and parameters Θ(1) trained to convergence.
When adapting to a second task, the parameters Θ(1) are frozen, and a new column with
parameters Θ(2) is instantiated using random initialization. In this setup, each layer
h(2)i receives input from both h(2)i−1 and h(1)i−1 through lateral connections. This connection
mechanism generalizes to K tasks as follows:

h(k)i = f

(
W(k)

i h(k)i−1 + ∑
j<k

U(k:j)
i h(j)

i−1

)
(31)

where W(k)
i ∈ Rni×ni−1 represents the weight matrix of layer i in column k, U(k:j)

i ∈ Rni×nj

denotes the lateral connections from layer i− 1 of column j to layer i of column k and h0 is
the network input. f represents an element-wise non-linearity; we use f (x) = max(0, x) for
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all intermediate layers. A progressive neural network with k = 3 is illustrated on the left in
Figure 10d.
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Figure 10. Detailed schematic of the proposed Progressive Transfer Network algorithm based on PPO:
(a) the PPO algorithm base on the Actor–Critic architecture; (b) the architecture of the progressive
network for policy transfer (c) the architecture of the progressive network for value transfer; (d) a
three-column progressive network(shown on the left) and a modified progressive architecture for
robot transfer learning(shown on the right).

In summary, Progressive Neural Networks can be described as follows: each column
or layer can have an arbitrary network width to accommodate various levels of task
complexity, and lateral connections from multiple independent networks can be combined
in an ensemble setting.

4.3. Network Structure of Proposed Algorithm

This paper proposes an algorithm to simultaneously transfer both actor and critic net-
works in the PPO framework to ensure complete reuse of prior knowledge. The progressive
network allows columns with different structures and capacities, with simulation-trained
columns having sufficient depth to learn tasks from scratch in virtual environments, while
reality-trained columns are lightweight to accelerate learning and limit parameter growth.
The activations of the LSTM are connected as inputs to the progressive column to address
the temporal dependencies in the sequential decision-making of supporting pose control.
An LSTM is embedded into each column of the PNN, serving as the temporal feature
extractor for each supporting pose regulation task. Lateral connections pass the LSTM rep-
resentations from older columns to newer ones, helping new tasks handle similar temporal
structures. To enhance exploration, reality-trained columns are initialized using parameters
from simulation-trained columns, as illustrated in Figure 10. In Figure 10b, encoder1 and
encoder2 represent a fully connected layer with two hidden layers, and the activations
of the LSTM are connected as inputs to the progressive column. In Figure 10d, the first
column is trained on Task1 in the simulated environment, the second column on Task1 in
the real environment, and the third column on Task2 in the real environment. The columns
may vary in capacity, with adapter functions (indicated by the gray boxes labeled ‘a’) used
to reconcile differences in the scales of inputs.
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5. Experiment
5.1. Experiment Platform Construction

An experimental platform was designed for autonomous control policy learning of the
supporting pose with equal proportion reduction. This platform consists of both a virtual
training environment and a real training environment, as shown in Figure 11. The virtual
environment is established using the ROS system and Gazebo physics engine for supporting
pose simulation training. As shown in Figure 11a, the experimental equipment in the real
training environment includes a support attitude sensing system [10] for measuring support
height and supporting pose, and a pressure transmitter for measuring cylinder pressure.

   

   

Hydraulic 
support

Support attitude 
sensing system

Floor

Control cabinet

Hydraulic 
pumping station

Pressure 
transmitter

AGX Xavier

Roof
(a) (b)

(c) (d)

Figure 11. Experimental setup for self-adaptive adjustment of the supporting pose across simulation
to reality under varying working conditions: (a) training the real hydraulic support interacting with a
curved roof; (b) simulation training involving the virtual hydraulic support interacting with a curved
roof; (c) training the real hydraulic support interacting with a plane roof; (d) simulation training
involving the virtual hydraulic support interacting with a plane roof.

The experiments were conducted under two distinct working conditions. In these,
the roof shape included an irregular curved surface and flat surfaces with varying inclina-
tions, respectively.

5.2. Training in Simulation and Transfer to Reality

In the manipulation domain of the supporting pose for hydraulic support, the agent
policy controls two degrees of freedom via hydraulic force commands, which act on two
prismatic joints. The complete policy, denoted as ∏(A|s; θ), consists of two prismatic joint
policies learnt by the agent. Each prismatic joint policy, i, incorporates three discrete actions,
denoted as πi(ai|s; θi): applying a fixed positive hydraulic force, a fixed negative hydraulic
force, or a zero hydraulic force. Additionally, a softmax function and a single value function,
V(s; θv), are employed. The value function is linearly connected to both the previous layer
and lateral layers.

The simulation-trained columns are trained using a standard-sized network, while the
reality-trained columns utilize a reduced-capacity network. The first column is trained in
a hydraulic support physics simulator, with the ROS service providing observations, as
illustrated in Figure 10a,b. In the real world, pressure transmitters serve as input providers.
The experiment focuses on achieving the optimal supporting pose to effectively support
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the coal seam roof, with comprehensive rewards serving as feedback. At the start of each
episode, the supporting pose is initialized to a random starting position. The agent receives
a reward, as defined in (23), if the roof pressure remains within its maximum allowable
value. Each episode lasts up to 100 steps. The episode terminates if the agent destabilizes
the coupling between the hydraulic support and the roof by exceeding the limits of the
supporting pose, support resistance, or roof pressure.

In simulation training, the first column is trained using the PPO algorithm, as shown
in Figure 10a. It is intuitive to train in simulation with a larger-capacity network to achieve
maximum performance. This intuition is supported by comparing the wide network
architecture (simulation-trained with two hidden layers of 64 units) and the narrow network
architecture (reality-trained with two hidden layers of 16 units), as shown in Figure 12a,b.
The narrow network exhibits poorer performance and slower learning.

   

   

(a) (b)

(c) (d)

Figure 12. Learning curve for the supporting pose training under different working conditions:
(a) training with wide and narrow networks in Experiment 1; (b) training with wide and narrow
networks in Experiment 2; (c) training with three different network architectures in Experiment 1;
(d) training with three different network architectures in Experiment 2.

Therefore, the column policy trained in simulation is designed with sufficient capacity
to capture and transfer rich feature information, thereby supporting pose training on the
real hydraulic support. This performance is achieved after approximately five million
interaction steps in the Gazebo simulator—an amount of experience that is impractical to
obtain through training on a real hydraulic support. Compared with real-world training,
simulation is substantially faster, benefiting from multithreaded algorithms and the ability
to run continuously without human intervention. In contrast, learning this task on a real
hydraulic support is estimated to require two months or more, even under continuous
24 h training.

To facilitate sim-to-real transfer and enable training on the real hydraulic support, the
supporting pose is manually readjusted—within a predefined support range—every five
episodes using the operation buttons on the electrical cabinet. Rewards are then assigned
automatically based on the roof-support condition and the coupling relationship between
the supporting pose and the roof. The diagram of the experimental architecture is presented
in Figure 13, which illustrates three training scenarios: training from scratch in reality, fine-
tuning the first column (starting with a simulation-trained column and continuing training
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on the hydraulic support), and training a progressive second column. Two groups of
experiments were conducted under different working conditions: Experiment 1 involved
training the hydraulic support interacting with a curved roof, while Experiment 2 involved
interaction with a plane roof.

enc1 enc2

LSTM LSTM

sa

training in 
simulation

training in 
reality

 1  2V  1  2V

enc2

LSTM

sa

 1  2V

enc2

LSTM

sa

 1  2V

(a) (b) (c) 

Figure 13. Model structures of the three approaches used in the experiment: (a) the baseline model,
trained from scratch in the real environment; (b) the fine-tuning model, where the supporting pose is
pretrained in simulation and further trained (fine-tuned) in the real environment; (c) the PPO-PNN
model, employing a two-column progressive architecture with the parameters of the previous column
deterministically initialized.

In Experiment 1, as illustrated in Figure 13c, the baseline (red curve) was trained from
scratch with a randomly initialized narrow network in the real environment. The agent
achieved very low rewards throughout the training process, indicating a failure to learn
the adjustment policy for the supporting pose. The progressive second column achieved
a score of 90.5 points, slightly underperforming the simulation column by an average of
5 points. However, the fine-tuned first column did not achieve the same performance as the
progressive network. To more intuitively compare the differences among the three methods,
a quantitative analysis was conducted from three aspects: performance, convergence
speed, and sample efficiency. As shown in Figure 13c,d, PPO-PNN not only outperforms
training from baseline and fine-tuning in terms of final return (improvements of 21.27 and
10.57, respectively), but also significantly reduces the number of training steps required to
reach stable performance, demonstrating higher sample efficiency. In addition, from the
perspective of early training performance, PPO-PNN exhibits better initial policy quality
and shows a smoother convergence trend during training.

In Experiment 2, the results were broadly consistent with those of Experiment 1;
however, learning progressed slightly faster, and the learning curve was smoother and
more stable, as shown in Figure 12b,d. This difference is attributed to the greater complexity
of the curved roof, which makes learning more difficult and slower than in the planar-
roof case.

Compared to fine-tuning, the proposed simulation-to-reality transfer method can
accommodate new input modalities and adapt to changes in network morphology, offering
improved generalization performance. This advantage enables the method to transfer
to new data sources while leveraging prior knowledge. To demonstrate this, a third
progressive column was introduced to train the real hydraulic support.

As shown in Figure 14, a three-column architecture was implemented. State features
sampled in simulation were used to train column one, features sampled in reality were
used to train column two, and additional features sampled in reality were incorporated
to train column three. To evaluate this architecture, two tasks were defined: the curved
task, where the real hydraulic support interacts with a curved roof, and the plane task,
where it interacts with a flat roof. The results of Experiment 1 were used to train the real
hydraulic support in Experiment 2, and vice versa. Other aspects of the training tasks
remained unchanged.
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Figure 14. Task transfer architecture under two working conditions using a three-column pro-
gressive network: (a) transferring the supporting policy trained in Experiment 1 to the plane task;
(b) transferring the supporting policy trained in Experiment 2 to the curved task.

In Experiment 1, when the second column was trained on the plane task, learning
progressed relatively slowly (Figure 15a), reaching full performance after 8000 steps. By
contrast, when the second column was trained on the curved task and the third column
was subsequently trained on the plane task, transfer learning reached full performance
approximately three times faster. In Experiment 2, the comparison between the plane
and curved tasks trained with the second column was consistent with the findings of
Experiment 1, as shown in Figure 15b.

Figure 15. Transfer results of various network architectures for comparison: (a) plane task;
(b) curved task.

These results demonstrate the capability of the proposed architecture to immediately
reuse previously learned features and highlight its potential for application in real-world
support of the robotic domains within coal mines.

5.3. Result Analysis and Discussion

By analyzing the learning curves of the support pose control strategy, it can be ob-
served that the Markov decision process (MDP) model of the support pose based on
kinematics can accurately reflect the process of a hydraulic support supporting the coal
seam roof. Furthermore, by using a simulation-trained strategy and then transferring it to
a real hydraulic support for further training, an optimal support pose control strategy can
be formed and applied to the adaptive control of hydraulic supports. The experimental
results show that the average reward obtained by the proposed algorithm is higher than
that of other methods and is approximately equal to the reward in the simulation results.
This confirms that the action space of the MDP established based on kinematics and the
state space of the MDP established based on dynamics are accurate. At the same time, the
simulation-to-real transfer of the support pose control strategy based on a progressive neu-
ral network to a real hydraulic support enables the support pose to adapt to changes in roof
conditions; this method is feasible and achieves good application results. However, there is
still a reality gap between the experimental environment and the simulation environment.
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From the perspectives of theory, simulation, experiments, and algorithms, many factors
affect the execution accuracy of the adaptive control strategy for support pose. The main
factors are as follows:

(1) The accuracy of the MDP for the support pose. This paper is the first in the field of
hydraulic support research to define the MDP of the hydraulic support process and
to propose a support pose control model based on an MDP. The supporting action
space is defined based on the kinematic theory of hydraulic supports, the supporting
state space is defined based on dynamic theory, and the reward function is defined
according to the dynamic coupling relationship between the hydraulic support and
the coal seam roof. As this is the first proposal, there remains substantial room for
further research and optimization of the support pose MDP in the future.

(2) Modeling errors in the Gazebo-based hydraulic support simulator. Modeling hy-
draulic supports in Gazebo requires simplifying key factors such as hydraulic dy-
namics (e.g., pressure–flow coupling and delays), structural flexibility, contact loads,
and friction. Reinforcement learning strategies are optimized on this idealized model
and often exploit these unrealistic assumptions. When transferred to the real envi-
ronment, due to modeling errors such as nonlinearity, time delays, uncertain loads,
and structural deformation in the actual system, the control performance of the strat-
egy may degrade, manifesting as response lag, oscillation, insufficient accuracy, or
even support instability, thereby affecting safety and reliability. To address this issue,
this paper adopts randomization and robust training to cover uncertainties during
training, including randomization of friction, time delay, load, and roof stiffness.
However, experimental results still show a gap. Therefore, there remains room for
further exploration and improvement in simulation and training methods.

(3) PNN reuses existing features through lateral connections while learning to com-
pensate for differences in the real system (such as hydraulic lag, friction, and load
uncertainty), thereby largely mitigating modeling errors and improving the adapt-
ability and stability of the strategy under complex real working conditions. However,
the mining environment in which hydraulic supports operate is highly dynamic and
complex, and PPO exhibits issues with exploration efficiency in such environments.
To address this, this paper mainly mixes a batch of pre-collected stable-operation
support data during training to reduce ineffective exploration. Therefore, from the
perspective of algorithm optimization, there is still room to improve the final reward
through other approaches.

6. Conclusions
To achieve adaptive support of the coal seam roof by hydraulic supports, this paper

proposes a novel autonomous decision-making and control method for support pose. The
method analyzes the kinematics and dynamics of hydraulic supports, as well as their
dynamically balanced coupling relationship with the coal seam roof. On this basis, for
the first time in the field of hydraulic support research, the support pose is formulated
as a Markov decision process. The action space, state space, and reward function are
defined respectively based on the kinematics and dynamics of the hydraulic support and
its coupling with the coal seam roof, thereby establishing a theoretical foundation for both
single-agent and multi-agent Markov decision processes of hydraulic supports.

Meanwhile, using the open-source 3D dynamic simulator Gazebo combined with
a physics engine, a virtual dynamic simulator for hydraulic support is developed to
simulate and train autonomous adjustment strategies for support pose. In addition, a
transfer reinforcement learning algorithm based on PPO-PNN is proposed to address
cross-task transfer in complex continuous control sequences of support posture, ensuring
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high sampling efficiency and improved robustness. Compared with traditional fine-tuning-
based transfer learning methods, this approach is less sensitive to hyperparameters, thereby
providing higher stability and better overall performance.

Finally, experimental results of reinforcement learning based on dynamic analysis
show that the proposed method demonstrates good feasibility and effectiveness in a
simulation environment, improves the stability of the support process to a certain extent,
and exhibits potential for applications in ensuring safety and reliability. The results indicate
that this method provides a theoretical basis for the intelligent and adaptive adjustment
of hydraulic support pose and promotes its practical application toward fully intelligent
control of hydraulic supports in coal mining environments. In practical applications, this
method also has limitations: it can only be transferred under the same type of mining
equipment and identical geological conditions. Although it shows good scalability to
different mining equipment or geological conditions, it requires more training data and
may even necessitate adjusting simulator parameters and retraining for transfer.
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