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Abstract

Aiming at the engineering problems of composite roll, pitch, and yaw pose errors of
the roadheader body induced by floor undulation and geological variation, as well as
insufficient anchoring accuracy caused by the incapability of traditional 1–3-degree-of-
freedom (DOF) drilling–anchoring arms in dynamic error compensation during coal mine
roadway excavation and bolting, this paper proposes an inverse kinematics solving method
for a 5-DOF drilling–anchoring arm based on an improved Deep Deterministic Policy
Gradient (DDPG) algorithm. Firstly, the modified Denavit–Hartenberg (MDH) approach is
adopted to establish a full-link kinematic model incorporating body pose errors, where the
drill rod length, mounting offset, and world coordinate transformation are fully considered.
Secondly, an Actor–Critic dual-network architecture tailored for drilling and anchoring
tasks is constructed with an 11-dimensional state space and a 5-dimensional action space.
The coupling optimization between body pose errors and joint adjustments is realized
by designing a hierarchical gradient reward function, a dynamic noise decay exploration
strategy, and an optimal state restart mechanism. Finally, 1000 episodes of training and
verification are carried out on a Python 3.10 simulation platform. The simulation results
reveal that the average end-effector position error of the improved algorithm reaches
0.71 mm, and the deflection angle toward the roof is less than 1◦, which outperforms the
specified industrial standard. The proposed method realizes real-time compensation for
dynamic body pose errors and provides crucial technical support for intelligent excavation
and anchoring in underground coal mines.

Keywords: drilling and anchoring arm; improved DDPG algorithm; inverse kinematics;
pose error compensation; coal mine roadway support

1. Introduction
During the coal mine roadway excavation process, roof safety is the core prerequisite

for ensuring smooth construction progress. As a key part of roof support, the positional
and directional accuracy of roof bolt drilling directly determines the support quality and
the long-term stability of the roadway. The roadheader, as the core equipment for roadway
excavation, simultaneously undertakes the roof support task with the roof drill mounted
on its head while performing excavation. However, due to factors such as floor undula-
tions, geological variations, and machine body vibration, the roadheader body is prone to
composite pose changes in pitch, roll, and yaw angles. Traditional drilling and anchoring
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manipulators are limited by roadway space layout and development costs, often featuring
1–3-degrees-of-freedom (DOF) structures [1]. These structures are only capable of fixed tra-
jectory operations with minor adjustment capabilities parallel to the working face, lacking
the ability to compensate for real-time complex pose errors of the machine body. This leads
to excessive deviations in bolt hole perpendicularity and positional accuracy, reducing
the load-bearing capacity of the support structure. A schematic diagram of its operation
is shown in Figure 1. When deviations exceed standards, rework and hole patching are
required, occupying excavation time and affecting production efficiency. Therefore, con-
structing a multi-DOF drilling and anchoring arm structure capable of compensating for
body pose errors and designing an efficient pose compensation algorithm is of significant
engineering importance for improving the safety and intelligence level of underground
excavation and anchoring operations.

  

Figure 1. Drilling and anchoring arm structure and operation error schematic diagram.

To achieve dynamic compensation for machine body pose errors, the core objective
is to adjust the motion of each joint of the drilling and anchoring arm to counteract any
end-effector pose deviations caused by machine body pose variations. This essentially
boils down to the inverse kinematics problem of the drilling and anchoring arm—namely,
solving the corresponding joint adjustment amounts based on the target end-effector pose
and current machine body pose errors. Therefore, the accuracy, convergence speed, and
anti-interference capability of the inverse kinematics algorithm directly determine the
effectiveness of pose error compensation, serving as a core technology for high-precision
anchoring operations. Traditional classical methods, such as analytical geometry [2],
iterative numerical methods [3], and Jacobian pseudoinverse [4], rely heavily on precise
kinematic models, suffering from complex solution logic, limited applicable working
conditions, susceptibility to local optima, and sensitivity to initial values. These methods
struggle to effectively address the strongly coupled nonlinear problem between dynamic
machine body pose errors and joint adjustments in underground scenarios. By contrast,
agent-based algorithms enable adaptive error optimization through real-time interaction
with the environment, exhibiting superior dynamic adaptability, real-time compensation
capability, and engineering robustness.

In recent years, many researchers have explored inverse kinematics solutions and
error optimization for robotic arms in various scenarios, proposing multiple intelligent
optimization methods. Zhang et al. [5] developed a general inverse kinematics solution for
assembly robots using an improved Particle Swarm Optimization algorithm, enhancing so-
lution accuracy and convergence speed through a nonlinear weight strategy and constraint
integration via penalty terms. Ning et al. [6] presented a multi-objective optimization
framework for the inverse kinematics of upper-limb exoskeleton rehabilitation robots,
aiming to achieve more human-like motion trajectories by simultaneously optimizing
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end-effector position, joint comfort, and energy consumption. Zhao et al. [7] introduced a
deep reinforcement learning-based inverse kinematics and control method (MAPPO-IK)
for 6-DOF manipulators, facilitating accurate pose tracking in complex dynamic scenarios
through a dual-distance (Euclidean and cosine) reward design. Luo et al. [8] proposed a
multi-objective full-parameter optimization particle swarm optimization algorithm, which
designs a comprehensive objective function considering end-effector position, orientation,
and joint changes, and optimizes inertia weight, asynchronous learning factors, and time
factors to address the problems of poor accuracy, low efficiency, and instability in manipu-
lator inverse kinematics solutions. Naranjo-Campos et al. [9] proposed an apprenticeship
learning method via inverse reinforcement learning based on expert-trajectory features
combined with a reverse discount mechanism and integrated with the Proximal Policy
Optimization algorithm, aiming to infer reward functions more efficiently from expert
demonstrations for policy learning in complex robotic manipulation tasks within continu-
ous state spaces. Bai et al. [10] proposed a fruit fly optimization algorithm optimized BP
neural network algorithm, which effectively improves the shortcomings of slow conver-
gence, tendency to fall into local minima, and large output errors of traditional BP neural
networks in solving robot inverse kinematics by using the FOA (Fruit Fly Optimization
Algorithm) to optimize the network’s initial weights and thresholds. Sekkat et al. [11]
proposed a vision-based robotic arm control algorithm combining the Deep Determinis-
tic Policy Gradient (DDPG) algorithm with inverse kinematics, providing a solution for
multi-DOF manipulators that does not require precise kinematic models and outperforms
traditional methods in autonomous object grasping. Yiyang et al. [12] proposed an im-
proved Particle Swarm Optimization algorithm suitable for general robots that do not meet
the Pieper criterion, which introduces a nonlinear dynamic inertia weight based on the
concept of similarity and a multi-particle swarm strategy with immigration operators to
enhance convergence accuracy, speed, and stability when solving high-dimensional inverse
kinematics problems. Danaci et al. [13] proposed a general inverse kinematics solution
method for serial robot manipulators based on an improved Particle Swarm Optimization
algorithm and POSIX threads parallel implementation, which converges to the complete
end-effector pose and significantly improves computational efficiency. Ostermeier et al. [14]
proposed an automatic geometric decomposition method for the analytical inverse kine-
matics of manipulators, which enables, for the first time, the derivation and computation of
analytical inverse kinematics in less than a millisecond by decomposing a given kinematic
chain online into a series of pre-solved geometric subproblems. Ning et al. [15] developed
an inverse kinematics solution for a 6-DOF variable stiffness manipulator based on the
product of exponential formula and Paden–Kahan subproblems, which simplifies the anal-
ysis for an (RRR)-R-(RR) configuration with coupled position and orientation by avoiding
the establishment of local coordinate frames for each link and complex spatial geometric
analysis. Seyyedabbasi [16] investigated the use of metaheuristic algorithms, including
the Sand Cat Swarm Optimization algorithm, to solve the inverse kinematics of a PUMA
560 robot arm by transforming the problem of finding joint angles into a cost function opti-
mization, demonstrating its competitiveness in terms of convergence accuracy and speed
compared to algorithms like PSO (Particle Swarm Optimization) and GWO (Grey Wolf
Optimizer). Diaz Posada et al. [17] proposed external sensor compensation and compliance
model-based compensation methods for robotic drilling tasks in the aviation industry,
improving positioning accuracy through systematic error source analysis. Lei et al. [18]
proposed a hybrid visual servo control strategy combining PBVS (position-based visual
servoing) and IBVS (image-based visual servoing) for coal mine drilling and anchoring
robots, effectively improving drilling alignment accuracy and operational efficiency.
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However, from the perspective of pose error compensation for drilling and anchoring
arms in coal mine roadways, several limitations still exist in current studies. First, most
inverse kinematics methods are mainly developed for fixed-base industrial manipulators,
assembly robots, rehabilitation robots, or robotic drilling systems in aviation, where the
manipulator base is usually assumed to be fixed or known. For a drilling and anchoring
arm mounted on a roadheader, floor undulation, geological variation, and cutting-induced
vibration may cause composite roll, pitch, and yaw errors of the machine body. Such
machine-body pose disturbances directly change the spatial relationship between the base
coordinate system of the drilling and anchoring arm and the world coordinate system.
However, few existing studies have incorporated this type of mobile-equipment base
disturbance into the full-link kinematic model, making it difficult to accurately describe the
coupling relationship between machine-body pose variation and drill-end pose deviation.
Second, roof bolting in coal mine roadways requires not only that the drill end reaches
the designed bolt-hole position, but that the drilling direction remains as perpendicular as
possible to the roof. Existing intelligent optimization or deep-reinforcement-learning-based
inverse kinematics studies have mainly taken end-effector position error minimization as
the primary objective. Even when orientation error is considered, it is usually designed
for general robotic grasping, assembly, or trajectory tracking tasks, rather than for the
dual constraints of bolt-hole positioning accuracy and drilling perpendicularity. Third, the
existing DDPG-related studies have mainly focused on convergence performance in general
continuous-control tasks and have not been specifically adapted to underground drilling
and anchoring operations characterized by limited roadway space, dynamic machine-
body disturbance, millimeter-level positioning accuracy, and angular deviation constraints.
Therefore, establishing a drilling and anchoring arm kinematic model considering dynamic
machine-body pose errors and designing a reinforcement-learning-based inverse kinematics
algorithm that can simultaneously optimize end position and drilling direction constitute
the core research gap to be addressed for intelligent drilling and anchoring equipment in
underground coal mines.

Among various intelligent optimization algorithms, deep reinforcement learning en-
ables adaptive learning through real-time interaction with the environment, making it
particularly suitable for decision-making problems in continuous action spaces under
dynamic working conditions. As a classic deep reinforcement learning algorithm for con-
tinuous action spaces, the Deep Deterministic Policy Gradient (DDPG) algorithm integrates
the feature extraction capability of deep learning and the decision-making capability of
reinforcement learning. Compared with swarm intelligence algorithms such as PSO and
FOA, it exhibits superior real-time performance and adaptability, making it more suitable
for the real-time compensation scenario of dynamically changing machine body poses in
underground coal mines. Additionally, compared with algorithms like PPO (Proximal
Policy Optimization) [19] and MAPPO (Multi-Agent Proximal Policy Optimization) [20],
the DDPG algorithm features a simpler structure, facilitating engineering implementation
on underground embedded controllers. Nevertheless, the existing DDPG-based inverse
kinematics research for manipulators has failed to design optimized strategies tailored to
the dual high-precision requirements for position and attitude in drilling and anchoring op-
erations, resulting in insufficient convergence accuracy and poor engineering adaptability.

However, this study does not simply apply the standard DDPG algorithm to the
inverse kinematics solution of the drilling and anchoring arm. Instead, the algorithm
is adapted according to the specific characteristics of underground roadway drilling
and anchoring operations. Specifically, a 5-DOF drilling and anchoring arm with an
R⊥R⊥P⊥R⊥R joint configuration is first adopted according to the limited roadway space
and the requirement for end-effector pose adjustment, thereby providing the mechanical ba-
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sis for position and direction compensation. Then, a full-link kinematic model is established
based on the modified Denavit–Hartenberg method. In this model, the roll, pitch, and yaw
pose errors of the roadheader body are introduced, and the drill-rod length, mounting
offset of the drilling arm, and coordinate transformation from the body coordinate system
to the world coordinate system are also considered. In this way, the algorithm training
environment can reflect the influence of dynamic machine-body disturbances on the end-
effector pose under underground working conditions. On this basis, the inverse kinematics
problem of the drilling and anchoring arm is reformulated as a reinforcement learning
decision-making problem in a continuous action space. An eleven-dimensional state space
is constructed using five joint states, three end-effector position error components, and
three end-effector direction error components, while the adjustment values of the five joints
are defined as a five-dimensional action space.

To meet the dual requirements of bolt-hole positioning accuracy and drilling perpen-
dicularity in roof bolting operations, a hierarchical gradient reward function consisting of
position error reward, direction error reward, and high-precision reward is further designed
to guide the agent to optimize both the drill-end position and the drilling direction. To
improve exploration efficiency and convergence stability during training, a dynamic noise
decay strategy is introduced, allowing the agent to maintain sufficient exploration ability
in the early training stages and to gradually shift to high-precision convergence in the later
stages. Meanwhile, an optimal-state restart mechanism is adopted, enabling the agent to
restart exploration from historically better states with a certain probability, thereby reducing
the risk of falling into local optima. Finally, random roll, pitch, and yaw disturbances of
the machine body are set in a Python simulation platform, and the proposed method is
compared with the standard DDPG algorithm in terms of reward convergence, end-effector
position error, and direction deviation. Through the above modeling and algorithmic
design, this study realizes coupled optimization between dynamic machine-body pose
errors and joint adjustment values of the drilling and anchoring arm, providing a feasible
inverse kinematics solution for real-time pose error compensation in underground coal
mine drilling and anchoring operations.

To address the above research gap, this paper proposes a pose error compensation
method for a 5-DOF drilling and anchoring arm based on an improved DDPG algorithm.
The main scientific contributions of this study are summarized as follows:

(1) A full-link kinematic model of a 5-DOF drilling and anchoring arm considering
roadheader body pose errors is established. Different from conventional fixed-base
manipulator models, the proposed model incorporates the roll, pitch, and yaw er-
rors of the machine body, drill-rod length, mounting offset of the drilling arm, and
world-coordinate transformation into the MDH-based kinematic modeling process,
thereby revealing the mapping relationship between dynamic machine-body pose
disturbances and drill-end pose deviations.

(2) An improved DDPG-based inverse kinematics framework is proposed for coal mine
drilling and anchoring operations. By constructing an eleven-dimensional state space
consisting of joint states, end-effector position errors, and end-effector direction
errors, together with a continuous five-dimensional action space corresponding to the
five joint adjustment values, the proposed framework realizes coupled optimization
between the machine-body pose errors and joint compensation values of the drilling
and anchoring arm.

(3) A position–direction coordinated reward mechanism is designed according to the
accuracy requirements of roof bolting. The reward mechanism simultaneously consid-
ers end-effector position error, drilling direction error, and high-precision convergence
reward, enabling the algorithm not only to reduce the drill-end position deviation but
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to constrain the drilling direction to approach the roof normal direction, which better
satisfies the engineering requirements of coal mine roof support.

(4) A dynamic noise decay strategy and an optimal-state restart mechanism are intro-
duced to improve the exploration efficiency and convergence stability of the improved
DDPG algorithm when solving the strongly coupled nonlinear inverse kinemat-
ics problem. The simulation results show that the proposed method can achieve
millimeter-level end-effector position compensation and small-angle direction devia-
tion control under random machine-body pose disturbances, providing a reproducible
algorithmic framework for the real-time pose error compensation of underground
drilling and anchoring arms.

The remainder of this paper is organized as follows. First, the mechanical structure
design of the 5-DOF drilling and anchoring arm is elaborated in detail, and a forward
kinematic model incorporating machine body pose errors is established using the improved
MDH method. Second, an improved DDPG-based inverse kinematics solution algorithm is
constructed, including a definition of the state–action space, optimization of network archi-
tecture, and design of core reward function and exploration strategy. Third, a simulation
platform is built to verify the convergence performance and pose compensation accuracy
of the improved algorithm by comparing it with the standard DDPG algorithm. Finally,
the research conclusions are summarized, the limitations of the current study are analyzed,
and future prospects for engineering implementation and optimization are discussed.

2. Materials and Methods
2.1. Structure of the 5-DOF Drilling and Anchoring Arm

The width of underground coal mine roadways is typically 4.5–5.5 m, with a height of
3–4 m, resulting in limited available space. Meanwhile, the installation space on the body of
the drilling and anchoring integrated machine is constrained, requiring error compensation
to be implemented within a compact mechanical structure. The drilling and anchoring
manipulator mounted on the roadheader body is mostly a 1–3-DOF mechanism. Facing
body pose changes, it often results in bolts not being drilled vertically into the roof. To
adapt to multi-angle changes of the floor and the body, a 5-DOF drilling and anchoring
mechanism is adopted at the front of the roadheader body. Considering the functional
requirement of domestic drilling–bolting arms, which primarily focus on the end-effector
pose adjustment, a spherical joint configuration scheme of R⊥R⊥R is initially adopted. To
meet the operational demands of medium and high cross-section roadways, a prismatic
joint (P) is incorporated to enhance the working height and coverage range. This leads
to the determination of the configuration for the first four joints as R⊥R⊥P⊥R. After a
comprehensive multi-dimensional consideration of factors, including roof support posture
constraints, underground spatial layout, pose error compensation, engineering reliability,
and control system compatibility, a five-degree-of-freedom (5-DOF) drilling–bolting arm
is finally selected. Its joint configuration is R⊥R⊥P⊥R⊥R, as shown in Figure 2. Joint 1
enables horizontal rotation of the drill arm, adjusting the working horizontal direction.
Joint 2 enables pitch motion of the drill arm in the vertical plane, controlling the overall
lifting angle. Joint 3 is responsible for adjusting the length of the main connecting rod of
the drill arm, extending the working radius, with an adjustable length of d3 = 1000 mm
(see Figure 3). Joint 4 adjusts the horizontal posture of the end drill to compensate for
any body roll error. Joint 5 controls the pitch angle of the drill end, ensuring the drilling
operation does not deviate from the vertical direction. The end link is connected to the
roof bolter, and the rotation of the drill around its axis is driven independently by the
power head, which is not included in the manipulator control. The drill arm adopts a
serial “base-link-end effector” structure. The modified Denavit–Hartenberg method (MDH)
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method is used to establish the kinematic model of the drill arm to accurately describe
the geometric relationships between joints. The specific parameters are shown in Table 1,
where αi−1 is the link twist angle, ai−1 is the link length, θi is the joint angle, and di is the
joint offset.

  
(a) 3D schematic (b) Joint topology (c) MDH calibration 

Figure 2. Schematic diagram of drill arm mechanism and the MDH coordinate system.

 

Figure 3. Visualization model and workspace scatter plot.

Table 1. MDH Parameters Table.

i αi−1 ai−1 θi (◦) di (mm)

1 0 0 q1 300
2 π/2 0 q2 0
3 −π/2 0 0 d3 + 1500
4 π/2 0 q4 0
5 π/2 0 q5 400

The parameters are as follows: q1, q2, q4, q5 are rotational joint angle variations (unit: ◦);
d3 is the prismatic joint displacement variation (unit: mm); the joint’s reference offset is
1500 mm; and the actual offset is the sum of the reference value and the input displacement.
Because the rotation axis (Z-axis) of Joint 1 is collinear with the rotation center axis of Joint
2, and their rotation centers coincide, the joint offsets of Joint 1 and Joint 2 are combined
into d1 = 300 mm. The model is visualized and modeled in MATLAB (R2023b) using the
Robotics Toolbox, as shown in Figure 3. The established forward kinematics model can
accurately reflect the mapping relationship between the joint motion and the end-effector
pose. To further verify the kinematic mapping accuracy and workspace coverage validity
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of the model and to intuitively demonstrate the reachable workspace of the drilling and
anchoring arm, the end-effector positions in the world coordinate system were calculated
by uniformly sampling the joint space based on the above kinematic model, and a three-
dimensional scatter plot of the manipulator’s workspace was generated (see Figure 3). This
visualization clearly presents the set of all reachable end-effector positions of the drilling
and anchoring arm within the specified joint ranges: Joint 1: ±180◦; Joint 2: −60◦ to 0◦;
Joint 3: 0 to 1000 mm; Joint 4: ±160◦; Joint 5: ±180◦. Its spatial morphology is consistent
with the structural design expectations, i.e., the manipulator can cover the roof working
area of roadways with a width of 4.5–5.5 m and a height of 3–4 m, while ensuring structural
stiffness and a compact installation space.

2.2. Forward Kinematic Modeling Considering Machine-Body Pose Errors

The coordinate transformation relationship between each link of the drill arm is
described by a 4 × 4 homogeneous transformation matrix, which encapsulates the transla-
tional components and rotational components between adjacent link coordinate frames.
The expression of the transformation matrix for the i-th link relative to the (i− 1)-th link is
as follows [21]:

Ti =


cos θi − sin θi 0 ai−1

sin θi cos αi−1 cos θi cos αi−1 − sin αi−1 −di sin αi−1

sin θi sin αi−1 cos θi sin αi−1 cos αi−1 di cos αi−1

0 0 0 1

 (1)

The pose matrix of the drill arm end-effector relative to the world coordinates is
obtained by sequentially multiplying the homogeneous transformation matrices of each
link. As shown in Figure 4, due to body pose errors causing composite angle changes in
the roll angle ϕ, pitch angle θ, and yaw angle ψ, the body rotation matrix Rbody needs to be
introduced to correct the coordinates, transforming the drill arm coordinate system (XV,
YV, ZV) into the corrected coordinate system (XC, YC, ZC).The body pose rotation matrix
can be expressed as follows:

Rbody = Rz(ψ) · Ry(θ) · Rx(ϕ) (2)

Rx(ϕ) =

1 0 0
0 cosϕ −sinϕ

0 sinϕ cosϕ

, Ry(θ) =

 cosθ 0 sinθ

0 1 0
−sinθ 0 cosθ

,

Rz(ψ) =

cosψ −sinψ 0
sinψ cosψ 0

0 0 1


Simultaneously, the length of the drill end in the fifth link coordinate system

Ldrill = 1300 mm, the offset of the drill arm base in the body coordinate system
Obase = [2000, 1150, 0]T, and the offset of the body coordinate system in the world co-
ordinate system Obody = [0, 0, 1000]T are also incorporated. The position vector of the drill
arm end Pworld can be expressed as follows:

Pworld = Rbody · ((Ttotal · Plocal)1:3 + Obase) + Obody (3)

where Ttotal = T1 · T2 · T3 · T4 · T5 is the MDH transformation matrix for Joint 5, Plocal =

[0, 0, Ldrill , 1]T is the homogeneous coordinate of the drill in the Joint 5 coordinate system,
and (Ttotal · Plocal)1:3 is used to extract the first three components of Ttotal · Plocal , obtaining
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the three-dimensional position vector of the drill end-effector in the manipulator base
coordinate system.

Figure 4. Coordinate system transformation schematic diagram.

Substituting the link transformation matrices into the drill end pose matrix operation
yields the drill end pose matrix, which can be expressed as follows:

Pworld_h =


nx ox ax Pdw,x

ny oy ay Pdw,y

nz oz az Pdw,z

0 0 0 1

 (4)

where
[
nx, ny, nz

]T ,
[
ox, oy, oz

]T ,
[
ax, ay, az

]T are the normal vector, sliding vector, and ap-
proach vector of the drill end, respectively, and Pdw,x, Pdw,y, Pdw,z are the position of the drill
end in the world coordinate system.

The forward kinematics model of the drill arm established above accurately describes
the mapping relationship between the joint motion and the end-effector pose, providing a
reliable environment interaction model for the improved DDPG algorithm. The algorithm
iteratively optimizes the joint adjustment strategy through real-time interaction with this
model to achieve inverse kinematics solution and to pose error compensation.

2.3. Inverse Kinematics Problem Formulation

The inverse kinematics solution for the drilling and anchoring arm is a core technology
for intelligent roadway equipment. Traditional geometric and numerical methods suffer
from poor adaptability and the curse of dimensionality [22]. Reinforcement learning, as
a model-free adaptive optimization scheme, does not require an accurate mathematical
analytical model. It can learn autonomously through trial-and-error and rewards during
the interaction between the agent and the environment, adapting to the complex structural
characteristics of the multi-joint, strongly coupled drill arm. Traditional reinforcement
learning algorithms have issues such as insufficient representational capacity when han-
dling high-dimensional state spaces and continuous action spaces. Integrating the feature
extraction capability of deep learning and the decision-making capability of reinforce-
ment learning, the DDPG algorithm employs methods like the Actor–Critic dual-network
structure and experience replay mechanism, effectively solving the instability problems of
traditional methods in continuous action spaces. The core of the algorithm is to iteratively
update the state–action cumulative reward Q-value. Its iteration formula can be expressed
as follows:

Q(s, a)← r + γQ′
(
s′, a′; θ−

)
(5)
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where Q(s, a) is the value estimate of the current state–action pair, r is the immediate reward
after executing action a, γ is the discount factor, s′ is the new state after executing action a, a′

is the optimal action output by the Actor network in the new state, Q′(s′, a′; θ−) is the new
state–action value output by the target Critic network, and θ− is the parameter of the target
network. Based on this, this study proposes an improved DDPG algorithm optimized
for the drilling and anchoring operation scenario to achieve a high-precision inverse
kinematics solution. The optimization for drilling and anchoring operations is reflected
in the task-specific design of the state–action space, reward function, exploration strategy,
and network mechanism, which are modeled and analyzed in detail in the following
subsections. Firstly, by defining state–action spaces and an error objective function adapted
to the characteristics of the drill arm, a sequential decision-making model for reinforcement
learning is constructed. Then, the Actor–Critic dual-network architecture and core functions
are designed to achieve efficient iteration of the state perception-action output-reward
feedback-parameter update.

2.3.1. Definition of State and Action Spaces

This study transforms the inverse kinematics problem of the drill arm into a sequential
decision-making problem in reinforcement learning, requiring clear definition of the state
space and action space. The state space S integrates the current joint states, positional
deviation, and directional deviation, constructing an eleven-dimensional state vector. The
specific expression is as follows:

s =
[

q1

180
,

q2

90
,

q3

1000
,

q4

180
,

q5

180
,

epx

1000
,

epy

1000
,

epz

1000
,

edx
2

,
edy

2
,

edz
2

]
(6)

where q1 ∼ q5 is the state parameter of each joint, epx = Pdw,x− Pt,x, epy = Pdw,y− Pt,y, epz =

Pdw,z − Pt,z are the error components between the end position and the target position,
edx = dcurr,x − dt,x, edy = dcurr,y − dt,y, edz = dcurr,z − dt,z are the error components between
the end direction and the target direction; and Pdw = drill position, Pt = target position,
dcurr = drill direction, dt = [0, 0, 1]. Each dimensional parameter is normalized to effectively
ensure the stability of network training. To balance input scales and to stabilize training,
each dimension is normalized by its maximum variation range: rotational joints 180

◦
(÷180),

prismatic joint 0 − 1000 mm(÷1000), position error ±1000 mm(÷1000), and direction
cosine deviation ±2(÷2). Normalization restricts all inputs to [−1, 1], mitigating gradient
explosion/vanishing and improving training stability.

The action space A contains the adjustment amounts of the five joints, which can be
expressed as follows:

a = [∆q1, ∆q2, ∆q3, ∆q4, ∆q5] (7)

where ∆q1, ∆q2, ∆q3, ∆q4, ∆q5 are the angle adjustment amounts of the rotational joints
(unit: ◦), ∆q3 is the displacement adjustment amount of the prismatic joint (unit: mm), and
the action output is mapped to the [−0.1, 0.1] interval via the tanh function, then converted
to actual joint adjustment amounts through a scaling factor.

2.3.2. Error Objective Function

The inverse solution search problem can be defined as an error minimization optimiza-
tion problem, thereby defining the error objective function for inverse kinematics solution.
Its functional expression is as follows:
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f (s) = λp ·
√

e2
px + e2

py + e2
pz + λd · arccos


→
d curr ·

→
d target∣∣∣∣→d curr

∣∣∣∣·∣∣∣∣→d target

∣∣∣∣
 (8)

where λp = 0.6, λd = 0.4 are error weighting coefficients used to balance the influence
of position error and end-effector orientation angle error, according to the actual working
conditions at coal mine sites, and the requirement for position accuracy is slightly higher

than that for verticality,
→
d curr is the actual direction vector of the end-effector, and

→
d target is

the target direction vector [0, 0, 1]T representing vertically upward. A smaller value of this
expression indicates that the drill end pose of the drilling and anchoring arm is closer to
the preset target pose.

2.4. Improved DDPG Algorithm Framework
2.4.1. Network Architecture Design

To translate the mathematical model into a feasible solution algorithm based on the
classic DDPG framework, the network structure and training mechanism are optimized
for the engineering requirements of the drilling and anchoring arm inverse solution. The
specific framework design is as follows.

The improved DDPG algorithm adopts an Actor–Critic dual-network architecture,
incorporating target networks and an experience replay mechanism to enhance algorithm
stability during the solution process and to improve the convergence rate. A schematic
diagram of the network iteration is shown in Figure 5.

Figure 5. Network iteration schematic diagram.

The Actor network takes the state quantity s as the input and outputs the action vector
a. The network uses a three-layer fully connected structure design. The hidden layers use
the ReLU activation function, and the output layer uses the tanh function for normalization.
Its expression is as follows:

a = max
action

· tanh(W3 · ReLU(W2 · ReLU(W1s + b1) + b2) + b3) (9)

where W1 ∈ R256×11, W2 ∈ R128×256, W3 ∈ R5×128 are weight matrices and b1, b2, b3 are bias
terms. Hidden sizes 256/128 are determined via grid search, balancing performance, and
computational efficiency.

The Critic network takes the state vector s and the action vector a as the inputs,
and outputs the state–action value Q(s, a). It also employs a three-layer fully connected
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structure, concatenating the state and action vectors before inputting them into the network.
Its expression is as follows:

Q(s, a) = W ′3 · ReLU
(

W ′2 · ReLU
(
W ′1 · [s; a] + b′1

)
+ b2
′

)
+ b′3 (10)

where W ′1 ∈ R256×11, W ′2 ∈ R128×256, W ′3 ∈ R5×128 are weight matrices and [s; a] denotes the
concatenation of state and action.

To avoid oscillation phenomena during parameter updates in training, the Actor
target network and the Critic target network are set up separately. Their parameters are
obtained from the main network through a soft update method. The update formula can
be expressed as follows:

θtarget = τ · θmain + (1− τ) · θtarget (11)

where θtarget is the target network parameter; θmain is the main network parameters; and τ is
the soft update coefficient. This soft update is executed at every training iteration to update
the target Actor/Critic networks, thereby stabilizing training and avoiding oscillation.

An experience replay buffer with a capacity of 10,000 is set up to store experience
samples from the agent–environment interaction. During the training phase, batch samples
are randomly drawn to update the network parameters, thereby breaking the correlation
between samples and further enhancing training stability.

2.4.2. Core Function Design

(1) Reward Function

The overall reward function adopts a hierarchical gradient reward setting to balance
convergence efficiency and solution accuracy. The overall expression is as follows:

R = Rpos + Rdir + Rbonus (12)

where Rpos is the position reward, designed in segments based on the magnitude of the
position error. When the error is less than 50 mm, an exponential reward form is used
to encourage the agent to achieve high-precision convergence, which can be expressed
as follows:

Rpos =

{
100 · e−ep/25 ep < 50
−ep/50 ep ≥ 50

(13)

where Rdir is the direction reward and ep =
√

e2
px + e2

py + e2
pz is the position error (unit:

mm). A linear penalty is designed based on the end direction angle error of the drilling
and anchoring arm to guide the agent’s end-effector to adjust to a direction perpendicular
to the roof, which can be expressed as follows:

Rdir = −5 · arccos


→
d curr ·

→
d target∣∣∣∣→d curr

∣∣∣∣·∣∣∣∣→d target

∣∣∣∣
× 180

π
(14)
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where Rbonus is the high-precision reward. A stepwise reward mechanism is set up to
encourage the drilling arm agent to achieve millimeter-level operation accuracy, which can
be expressed as follows:

Rbonus =



850 ep < 1 and ed < 1
◦

350 ep < 1 and ed ≥ 1
◦

150 ep < 2

50 ep < 5

0 other

(15)

where ed = arccos(dcurr · dtarget)× 180/π is the direction error (unit: ◦) and the coefficients
are calibrated for convergence.

(2) Loss Function

The Critic network loss function uses mean squared error loss to measure the deviation
between the current Q-value and the target Q-value. The expression is as follows:

Lcritic =
1
B

B

∑
i=1

(Q(si, ai)− yi)
2 (16)

where B = 64 for the batch size, yi = ri + (1− di) · γ ·Q′(si+1, a′i+1) is the target Q-value, γ

is the discount factor, ri is the immediate reward of the i-th sample, di is the termination
variable, where di = 1 indicates the required accuracy is reached, Q′ is the output of the
Critic target network, and a′ is the output of the Actor target network.

The Actor network loss function uses policy gradient loss. The core objective is to
maximize the state–action value. The expression is as follows:

Lactor = −
1
B

B

∑
i=1

Q(si, aactor(si)) (17)

where aactor(si) is the action vector output by the Actor network.

(3) Exploration Strategy

This study adopts a dynamic noise attenuation strategy to reasonably balance the
agent’s exploration and exploitation capabilities. For the first 10% of episodes, a noise
intensity of 0.3 is used, gradually decreasing until episode 600. For the last 400 episodes,
the noise is 0. The noise intensity σ expression is as follows:

σ =


0.3 i f k < 0.1M

max
(

0.01, 0.3− 0.3(k−100)
500

)
, i f 0.1M ≤ k < 600

0.0 i f k ≥ 600

(18)

where k is the current training episode number and M is the total number of training
episodes.

Additionally, an optimal state restart mechanism is introduced, with a 30% probability
of starting exploration from the historical best state, which can help the agent avoid
becoming trapped in local optima. The hierarchical gradient reward function guides the
agent to prioritize convergence to high-precision regions. The dynamic noise attenuation
strategy ensures exploration breadth in the early training phase and improves convergence
precision in the later phase. The optimal state restart mechanism and the experience replay
mechanism work together to break sample correlation. These three aspects collectively
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enhance the stability and efficiency of the algorithm in solving the inverse kinematics
problem of the drilling and anchoring arm.

2.5. Simulation Configuration and Workflow

To verify the effectiveness of the improved DDPG algorithm, experiments were con-
ducted for simulation verification based on the VS Code 1.120 development environment,
with software dependencies including Anaconda3 3.11.7 and Matplotlib 3.7.1. The initial
experimental parameters were set with reference to the actual working conditions of the
drilling and anchoring arm as follows: total training episodes 1000, experience replay
buffer capacity 10,000, and batch sampling size 64. The experiment used the standard
DDPG algorithm as a comparative baseline. Both groups were tested under the same initial
joint states, with initial joint values set to [0◦,60◦,0 mm,0◦,0◦]. The initial body pose errors
for pitch, roll, and yaw angles were set to vary randomly within the interval [−3◦,3◦].
The target position was set to [2134,1070,4430] mm, and the target pose direction vector
was [0,0,1].

The MATLAB-based workspace visualization procedure is illustrated in Figure 6. First,
the feasible intervals of the MDH parameters and joint variables are defined, and the Monte
Carlo sample size is set. Then, random joint–variable samples are generated, and the
corresponding end-effector positions are calculated through forward kinematics. Finally, all
sampled positions are aggregated to generate the end-effector workspace point-cloud map.

Figure 6. Flowchart of the MATLAB-based end-effector workspace point-cloud generation process.

3. Results and Discussion
The generated reward curve and position error curve comparison charts are shown in

Figures 7 and 8, respectively.
The reward curve and position error curve collectively reveal the significant advan-

tages of the improved DDPG algorithm in training convergence and solution accuracy.
As shown in Figure 6, the reward value of the improved DDPG algorithm rises rapidly
and stabilizes within the first 500 episodes, with negligible fluctuations in the later stages,
demonstrating excellent convergence stability. By contrast, the standard DDPG algorithm
exhibits slow reward growth and severe oscillations throughout training, failing to achieve
effective convergence. This fully indicates that the hierarchical gradient reward function,
dynamic noise attenuation strategy, and optimal state restart mechanism can effectively
balance exploration and exploitation, accelerate algorithm convergence, and suppress train-
ing oscillations. Correspondingly, the position error curve in Figure 6 shows a completely
opposite trend to the reward curve: the end-effector position error of the improved DDPG
algorithm decreases rapidly as training progresses, converging stably to within 1 mm after
500 episodes. By comparison, the standard DDPG algorithm maintains a relatively high
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error of 2–3 mm after convergence, resulting in low accuracy. The consistent variation pat-
terns of the two curves mutually verify that the improved algorithm can effectively couple
dynamic machine body pose errors with joint adjustments to achieve a high-precision end-
effector pose solution. It significantly outperforms the conventional DDPG algorithm in
both convergence efficiency and solution accuracy, providing reliable algorithmic support
for the real-time pose compensation of drilling and anchoring arms in underground coal
mines. After training, the model was saved and tested for three rounds. The test error
results are shown in Table 2.

Figure 7. Reward value curve graph.

Figure 8. Position error curve graph.

Table 2. Training Test Error Table.

Episode End Coordinate (mm) Position
Error (mm) Direction Vector Deviation

Angle (◦)

1 [2134.457,1070.189,4429.515] 0.6927 [0.002,−0.012,0.998] 0.697
2 [2134.475,1070.293,4429.517] 0.7381 [0.003,−0.015,0.998] 0.876
3 [2134.361,1070.203,4429.813] 0.4544 [0.003,−0.012,0.999] 0.711
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After 1000 complete training episodes, compared with the standard DDPG algorithm,
the improved DDPG algorithm converges after 500 episodes, and the solution accuracy of
the model meets the engineering application criteria. In the final 50 stable training episodes,
the average position error at the end of the drill bit of the drilling and anchoring arm
is 0.71 mm, and the maximum position error is no more than 0.95 mm. The directional
angular deviation is controlled within 1◦. Such accuracy is far superior to the specifications
stipulated in the Chinese industry standard MT/T 1171-2019 Technical Specification [23]
for Bolt Support in Coal Mine Roadways, which limits the position deviation to no more
than 5 mm and the allowable angular deviation between the actual drilling angle and the
designed angle of bolt holes to within 5◦. The proposed algorithm satisfies the stringent
requirements on positioning and attitude accuracy for drilling and anchoring operations
in roadway support, which verifies its high-precision solving capability under complex
working conditions.

In underground roadway support engineering, the perpendicularity of bolt holes di-
rectly determines the bearing capacity of the support structure. Excessive angular deviation
may lead to support failure and even potential roadway instability risks. By introducing a
weight term of directional error into the reward function, the improved algorithm incorpo-
rates end-effector attitude optimization into the core optimization objective, achieves the
collaborative optimization of position and attitude, and guarantees the safety and reliability
of anchoring operations from the algorithm level.

4. Conclusions
To tackle practical issues including composite roll, pitch, and yaw errors caused

by uneven roadway floors and the insufficient dynamic compensation performance of
traditional 1–3-DOF drilling and anchoring arms, this paper develops an improved DDPG
algorithm for inverse kinematics and pose compensation of a 5-DOF manipulator. A full-
link MDH kinematic model is established with body pose deviation, drill rod length, and
assembly offset incorporated into coordinate transformation. Targeting the dual precision
requirements of actual bolting tasks, we construct an eleven-dimensional state space and
a five-dimensional action space, and optimize the standard DDPG algorithm using the
hierarchical gradient reward function, dynamic noise decay strategy, and optimal state
restart rule. Under simulated±3◦ random body pose disturbances, the algorithm converges
steadily after 500 training episodes, achieving an average position error of 0.71 mm and
an angular error below 1◦, which distinctly outperforms the permissible tolerance stated
in the MT/T 1171-2019 industrial specification. Different from previous studies ignoring
fuselage disturbance, this method realizes coupled optimization between body errors and
joint adjustments, and its compact calculation structure is suitable for embedded control in
underground equipment.

Nevertheless, all validations are completed via numerical simulation based on an
ideal kinematic model, ignoring various practical interferences, such as mechanical clear-
ance, hydraulic response delay, structural deformation, and sensor noise, existing in real
equipment. In follow-up work, we plan to deploy the algorithm on a physical integrated
roadheader–bolter test bench to verify its practical robustness. In addition, relevant online
calibration technologies will be studied to improve environmental adaptability, and fur-
ther research will focus on collaborative error compensation for multiple manipulators to
promote the intelligent development of coal mine excavation and anchoring operations.
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Nomenclature

Symbol Physical Meaning Unit
ai−1 Length of the (i − 1)-th connecting link mm
αi−1 Torsion angle of the (i − 1)-th connecting link rad
di Joint offset of the i-th joint mm
θi Rotation angle of revolute joint i ◦

∆q3 Displacement variation of prismatic Joint 3 mm

Rbody
Rotation transformation matrix of whole

Dimensionless
drilling–anchoring arm base

Ttotal
Total homogeneous transformation matrix from joint to

Dimensionless
manipulator base

Plocal Local coordinate vector of drill end at terminal link mm

(Ttotal · Plocal)1:3
First three components of position vector extracted from

mm
homogeneous coordinates

Obase
Mounting offset vector of manipulator base in fuselage

mm
coordinate system

Obody
Offset vector of fuselage coordinate relative to

mm
world coordinate

S State space of reinforcement learning Dimensionless
A Action space of reinforcement learning Dimensionless
R Overall hierarchical gradient reward function Dimensionless

ep
Euclidean position error between actual and target

mm
drill position

ed
Angular deviation of drilling direction from ideal ◦
vertical direction

γ Discount factor of reinforcement learning Dimensionless
σ Attenuation noise intensity for exploration strategy Dimensionless
τ Soft-update coefficient of target network Dimensionless
B Batch sampling size of experience replay Dimensionless
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