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Abstract

To address the motion planning challenges in multi-arm cooperative operations of tunnel rock drilling robots, we
establish forward/inverse kinematics models for drilling arms using an enhanced Denavit-Hartenberg method
combined with radial basis function neural networks. An improved genetic algorithm (IGA) is developed,
integrating heuristic crossover operators, adaptive mutation operations, and local neighborhood search
mechanisms to optimize multi-arm trajectories with the objective of minimizing end-effector travel distance. A
joint-space collision avoidance strategy is proposed using an enhanced artificial potential field (IAPF) method that
incorporates both attractive potential fields and repulsive potential functions. Simultaneously, quintic B-spline-
based trajectory planning ensures smooth motion continuity during collaborative drilling operations. Experimental
validation demonstrates that the IGA-IAPF integration achieves 37.2% reduction in collision probability compared
to conventional methods, while maintaining joint angular accelerations below 0.25 rad/s’ for all manipulators.

Keywords: Multi-arm, inverse kinematics, cooperative path planning, trajectory optimization

1. INTRODUCTION

The deployment of large-scale heavy-duty hydraulic manipulators has seen significant expansion in
mission-critical domains including extreme environment operations, complex task execution, and multi-
arm collaborative systems. However, their motion control systems exhibit inherent challenges including
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high nonlinearity, strong dynamic coupling, trajectory discontinuity, and limited industrial applicability.
Effective multi-manipulator coordination must incorporate optimal task-space path planning with real-time
collision prediction capabilities. This context establishes coordinated motion planning for multi-link heavy-
duty hydraulic manipulators as an emerging research frontier in industrial automation, with substantial
engineering implications' .

Precise regulation of motion parameters and coordinated trajectory planning for multi-degree-of-freedom
(multi-DOF) robotic arms constitute fundamental requirements for intelligent control architectures in
multi-link large-scale heavy-duty hydraulic manipulator systems. Zheng et al. discussed the global energy
optimization problem of a 3-DOF hydraulic manipulator, and a dynamic programming (DP) algorithm was
proposed to optimize the global energy'*. Deng et al. used radial basis function neural network (RBFNN) to
estimate the unknown joint coupling dynamics of #n-DOF hydraulic manipulator, and used error sign
feedback robust integration (RISE) to deal with RBFNN reconstruction error to limit joint tracking error
and achieve stable control of prescribed tracking performance. Su et al. derived the kinematic constraint
equation of multi-manipulator cooperation, simulated the trajectory of synchronous motion and relative
motion of the manipulator, and analyzed the influence of external load on the position and attitude of the
end effector of the manipulator'. Based on DH kinematics and Newton-Euler dynamics model, Baressi
Segota et al. used genetic algorithm and simulated annealing evolutionary algorithm to optimize the path of
the robot manipulator and reduce the joint torque'”.

In the multi-manipulator cooperative path planning problem, how to determine the global optimal path
under the mutual constraint relationship between the manipulators and avoid the interference collision is
also a key problem in the motion planning of multi-task large-scale heavy-duty manipulators. Yang et al.
proposed a collision avoidance trajectory planning method for the dual-robot system based on a modified
artificial potential field (APF) algorithm'. The trajectory solution time of the modified APF algorithm is
greatly reduced compared with the traditional APF and rapidly exploring random tree (RRT) algorithm. Liu
et al. used the improved particle swarm optimization algorithm to solve the problem, which ensures that the
optimal planning of the trajectory is realized under the premise of satisfying the kinematics and dynamics
constraints of the manipulator by establishing a multi-objective optimization model”. Jin et al. developed a
feedback compensation method to avoid dynamic singularities on the trajectory planning of space
robots”. Meng et al. presented a genetic algorithm based on task directed graph (TDG-GA) to achieve the
optimal task allocation and multi-stage path planning of robots""". Based on the fast exploration random
tree algorithm (GA_RRT), a dual-arm robot obstacle avoidance path planning method was proposed to
achieve dynamic collision avoidance, and the effectiveness of the algorithm was proved by simulation">",
Zhang et al. transformed the motion planning problem of redundant dual-arm robots into a constrained
convex quadratic programming problem for optimal solution to ensure the optimality of the solution*.
Mateu-Gomez et al. proposed a method to coordinate robot manipulators by selecting the optimal
operation sequence and optimal trajectory planning based on Markov decision process"”. Li et al. proposed
a multi-round cooperation strategy with multiple synchronous starting points to accommodate uncertain
execution delays by separating the space of the dual-robot printing area using the rectangular envelope
region and a two-dimensional directed line segment, to avoid the potential collision risk of dual-robot". Xu
et al. introduced a high-precision motion planning method based on dual Jacobi iterative inverse solution
method, multi-strategy sampling mechanism, coupled with a forward kinematics error compensation
model, to improve the positioning accuracy"”.

Chu et al. determined the continuous and smooth trajectory of the end effector of the manipulator by
polynomial interpolation method and optimized the collision-free trajectory by multiplier penalty method,
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and the effectiveness was proved based on the numerical results of a three-arm spatial robot system"*.
Kawabe et al. proposed a combined method for Q-learning and RRT for the trajectory planning problem".
The planned trajectories are able to guarantee a certain degree of optimality and reduce the time required to
generate the motion trajectory. Liu et al. and Ni et al. established the motion characteristics mapping
relationship between the operation space and the joint space of the parallel robot and obtained the time
optimal trajectory planning of polynomial interpolation based on the improved particle swarm optimization

20,21

algorithm®'. Chen et al. proposed a new probabilistic roadmap sampling strategy to improve the sampling
density at the narrow channel of free space and realize the effective obstacle avoidance of the manipulator in
a cluttered environment”. Liu et al. proposed a multi-robotic arm path planning algorithm deep
deterministic policy gradient RRT (DDPG-RRT) combined with deep reinforcement learning to reduce the
average planning time and the total average path length®. Sun et al. incorporated a real-time multi-arm
coordination strategy that seamlessly integrates the trajectory modulation method with an extended reactive
approach to empower multiple robotic arms operating within a shared workspace to dynamically regulate
their movements and execute tasks simultaneously in a human-desired manner while reactively avoiding
mutual collisions"””. Dio et al. presents a time-optimal path parameterization method for cooperative multi-
arm robotic systems manipulating heavy objects with third-order constraints based on a problem
reformulation as a sequential linear program®.

Based on the above literature research and analysis, it can be found that some scholars have carried out
basic research on the kinematic model and motion planning of the multi DOF manipulator, which provides
a theoretical and methodological reference to the joint motion path and trajectory planning of the multi-
joint drilling arm of the rock drilling robot in this study. However, the following aspects need to be further
improved. (1) The accuracy of the inverse kinematics parameters of the redundant DOF manipulator with
specified performance requirements is always a prerequisite for the precise and stable control of the
manipulator; (2) Multi-task sequencing and path planning with optimal efficiency and collision avoidance
need to be considered simultaneously for multi-manipulator cooperative operation; (3) The stability of
multi-DOF large-scale heavy-duty hydraulic manipulators in large-scale motion trajectory planning still
needs to be improved. To this end, this paper mainly focuses the following on on-site innovative application
research. (1) Through the field deployment of pre-trained RBFNN, the accuracy of kinematic parameters of
redundant DOF manipulators with specific performance requirements is improved; (2) Heuristic crossover,
mutation operation and neighborhood search are used to improve the search speed and global optimization
ability of path planning; (3) The joint space of the drilling boom is selected as the search space of multi-arm
cooperative obstacle avoidance path planning to prevent falling into local optimization and avoid singular
solutions.

The rest of this paper is organized as follows: Section 2 introduces the structure and kinematics of the multi-
DOF manipulator. In sections 3, the multi-task optimization and anti-collision path planning of multi
drilling arms cooperative operation are provided. In section 4 and section 5, the numerical simulation
results and the experimental results are described in detail. Finally, section 6 summarizes the paper.

2. SYSTEM MODEL

2.1. Structure of drilling arms

Figure 1A illustrates the system architecture of the multi-arm rock drilling robot, with three identical 7-
DOF drilling arms. Each drilling arm [Figure 1B] features an optimized kinematic configuration comprising
five revolute joints and two prismatic joints arranged in series-parallel hybrid topology.
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Figure 1. Structure of multi-arm rock drilling robot and drilling arm. (A) Rock drilling robot; (B) Multi-DOF drilling arm. DOF: Degree-of-
freedom.

2.2. Kinematics of drilling arms

The modified Denavit-Hartenberg (D-H) method is used to establish the kinematics model of drilling arms
based on the mechanical structure model. This approach establishes transformation matrices and closed-
form kinematic equations for adjacent joint coordinate systems. RBFNNs are subsequently employed to
determine inverse kinematic solutions, with model validation achieved through comparative analysis of
numerical simulations and experimental trajectory data.

Firstly, the joint coordinate system of the drilling arm is established. Then, the coordinate relationship and
kinematics model of each drilling arm of the multi-arm rock drilling robot are established, as shown in
Figure 2.

Figure 2 demonstrates structural homogeneity across the three 7-DOF drilling arms, exhibiting identical
kinematic configurations in the multi-arm system. This structural uniformity enables focused kinematic
investigation of the central drilling arm as the representative unit. Utilizing the modified D-H convention,
we derive homogeneous transformation matrices between successive joints, mathematically expressed in

Cit1 —Sit+1 0 a;
i p_| CaSivl CiriCa —Sa; —Saidi )
i+l Sa;Sitl  Cit1Sa; Cay —Copdir1
0 0 0 1

where s, = sind, ¢, = cosb, s, = sina,, ¢, = cosa,.

Simultaneously, the complete D-H parameter set [Table 1] is derived through systematic analysis of
kinematic constraints between adjacent links and their coordinate frames.

Substituting the parameters and initial values of each joint of the drilling arm in Table 1 into the forward
kinematics equation, the initial pose matrix of the drilling arm end effector can be obtained by
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Table 1. Parameters of each joint of the drilling arm

Name of joint Connecting rod i a./° a./mm 0/° d/mm Jointvariable Initialization value
Swing joint 1 0-1 0 ao 0, d, 0, 0°

Pitching joint 2 1-2 -90 a 0, d, 0, -90°

Telescopic joint 3 2-3 -90 a, 0 d; dsy L,

Roll joint 4 3-4 0 0, 0 0, 0°

Pitching compensation 5 4-5 90 0 Oy ds 5 90°

Swing compensation 6 5-6 90 as O de O 90°

Propulsion joint 7 6-7 90 g 0 d, d, L,

Left drilling arm
2o

Right drilling arm

[ )
X p
as/ o
| z

0O O 1 10025
5 1 0 0 906.5
0T = TITTITATSTST = | L o Gy @
0O 0 O 1

where T, represents the initial pose matrix of the drilling arm end effector, and "T indicates the
coordinate transformation matrix between the adjacent joints of the drilling arm.



Page 455 Cui et al. Intell. Robot. 2025, 5(2), 450-73 | https://dx.doi.org/10.20517/ir.2025.23

3. METHODOLOGY

3.1. Inverse kinematics based on RBFNN

The drilling arm of the multi-arm rock drilling robot has seven DOFs, which belongs to the redundant
manipulator, and the structure does not meet the Pieper criterion. At present, the mainstream inverse
solution algorithms of manipulators can be divided into three categories: analytical method (such as
geometric method and algebraic method), numerical method (such as Jacobian iteration and Newton
method) and intelligent optimization algorithm (such as genetic algorithm and RBFENN). Among them, the
analytical method is only applicable to the specific configuration manipulator that meets Pieper criterion,
and the redundant/unstructured heavy-duty manipulator studied in this paper has poor adaptability; The
numerical method is limited by the number of iterations, and it is easy to fall into local optimization for the
high-dimensional planning space of multi-drilling manipulator cooperation. Intelligent optimization
algorithm is suitable for complex constraints, but the calculation cost is high. In this paper, off-line training
combined with high-performance airborne processor is used to solve the problem in the research of multi-
arm cooperative path planning. Aiming at the special requirements of large load, strong coupling and high
real-time in tunnel drilling scene, the introduction of RBFNN is mainly based on the following
considerations: dynamic modeling ability, computational efficiency advantage and high-dimensional space
generalization.

Since the joint 7 at the end of the drilling arm needs to be drilled perpendicular to the tunnel section, and it
is a moving joint, it only needs to control the translation distance at the end of the drilling arm, so only the
attitude of the first six joints needs to be determined. Therefore, in the inverse kinematics analysis of the
drilling arm, it can be assumed that the joint 7 is fixed, i.e., d, is a fixed value, and its initial value d, =
4,022 mm. At this time, each drilling arm is simplified to six DOFs, and the simplified inverse solution
results do not affect the actual drilling operation of the multi-arm rock drilling robot.

According to the drilling attitude and construction characteristics of the rock drilling robot within the
allowable range of each joint variable of the drilling arm, to improve the prediction accuracy and improve
the training speed, based on the Monte Carlo method, 10,000 sets of joint data T = [0, 0, d, 0, 0, 6,] of the
drilling arm were randomly generated. The above data are substituted into the forward kinematics matrix
equation of the drilling arm, and the pose matrix of the drilling arm end corresponding to each set of data is
obtained. The obtained pose matrix is converted into RPY angle by RPY Euler angle transformation, so as to
obtain the corresponding 10,000 sets of 6-DOF pose data P, = [« 2 p, p, p.] of the end of the drilling arm of
the rock drilling robot, and 8,800 sets of data as the inputs for the training data, and at the same time, the
corresponding 8,800 sets of drilling arm joint data are set as the outputs, and 1,200 sets of data are used as
test data, and they are trained by the three-layer RBFNN for prediction. The prediction errors of the
variable values of each joint are obtained by comparing the sample input values selected from 1,200 sets of
test data with the prediction values obtained by RBENN, as shown in Figure 3. The RBFNN is used to
predict 1,200 sets of data, and the maximum relative error in each joint is 0.62%.

3.2. Plan planning based on IGA

3.2.1. Optimization objective

The objective of optimization is to identify the shortest driving distance of the drilling arm end-effector,
with the aim of planning the most efficient drilling path for the multi-arm rock drilling robot. This will
enhance the effectiveness of the drilling operation and reduce both the construction time and the
construction cost.



Cui et al. Intell. Robot. 2025, 5(2), 450-73 | https://dx.doi.org/10.20517/ir.2025.23 Page 456

2e-3 | | | | |
| = l*—' M" 2

0 1 - 'k * o e

-2e-31 g

-4e-31 -

0,

2e-5F
0
-2e-5
-4e-5

)

Relative error Relative error Relative error Relative error Relative error

ds

0s

Os

0 200 400 600 800 1000 1200

Figure 3. Prediction error of RBFNN algorithm. RBFNN: Radial basis function neural network.

Upon completion of all drilling tasks by the end-effector of each drilling arm, the shortest possible moving
distance of the end effector is designated as the optimization objective. The moving distance of the end
effector is expressed as follows:

n—1
D:Z&(ﬁLl&mm A3)
i=1

Where D represents the total moving distance of the drilling arm end effector, d, signifies the distance
between two adjacent hole positions, and n is the number of holes.

The fundamental problem with path planning can be summarized as follows: the end effector traverses all
points, and each point can only be passed once, resulting in the sum of the paths taken being equivalent to
the shortest distance. The objective of the path planning investigated in this paper is to find a path that
traverses n holes, with each hole being passed through once, and without any crossover paths. The objective
of optimization in the problem of path planning is given in
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Where d;; is the distance between two holes, and x; is the mathematical model variable. The first two
constraints ensure that the path bifurcates during the optimization process, the third constraint ensures that
each hole only undergoes one drilling, and the fourth constraint indicates that when the hole (3, j) is on the
optimal path, x; = 1, otherwise, x; = 0.

3.2.2. Improved genetic algorithm

It is important to note that each drilling arm exhibits a random drilling path within its designated working
space. To achieve the objective of optimizing the path planning of the multi-arm rock drilling robot, it is
proposed that the genetic algorithm be utilized in this process. Considering the suboptimal local search
ability, the propensity for premature maturation, and the local optimization of the conventional genetic
algorithm, the initial step involves the selection of individuals exhibiting high adaptability in the population
through the utilization of a tournament method. Subsequently, a heuristic crossover method is employed,
inspired by the greedy heuristic, to perform crossover operations on the selected individuals. This approach
is undertaken to yield more optimal evolutionary progeny and concurrently enhance the efficiency of the
optimization search. Secondly, three methods of exchange, reversal and insertion are used to carry out the
mutation operation, with the objective being to improve the population mutation ability and increase the
population diversity. Finally, simulated annealing and local search based on large-scale neighborhood
search are performed on the new population to improve the global optimization ability and avoid falling
into local optimum in the solution process. The flow of improved genetic algorithm (IGA) is illustrated in
Figure 4.

Based on IGA, the drilling arm path planning problem of the multi-arm rock drilling robot can be
transformed into a directed graph G = (N, A) model with N points, where N={1, 2, 3, ..., n}, A = {(i, j)|i,j €
N}, the distance between the two adjacent holes (i, j) is d;. Firstly, the number of all holes in the tunnel
section is coded as the problem parameter, and the chromosome coding of each hole is carried out by using
the conventional non-repeating integer, that is, real number coding, as given in

C=[vi,va,v3--val,vi €{1,2,3---N},v; #v; ®)

The fitness function is a significant metric for evaluating the individual advantages and disadvantages of the
population. In accordance with the principle of “Natural selection, survival of the fittest”, the greater the
individual fitness value, the greater the adaptability to the environment and the higher the probability of
survival. In accordance with the optimization objective of the path planning, the fitness function of the
individual population is designed as the inverse of the objective function, as given in

n—1
F =1/ di i ©)
i=1
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Figure 4. Flow of the IGA. IGA: Improved genetic algorithm.

3.2.3. Computational complexity of IGA
The time complexity of standard GA is usually expressed as

OGX(NXC+S+X+M)) @)

Where G is the iterations, N is the population size, C is the calculation time of individual fitness, S is the
select operation time, X is the crossover operation time, and M is the mutation operation time.

Considering the aforementioned points, tournament selection, reverse crossover mutation and simulated
annealing neighborhood search are adopted in order to optimize and improve the poor local search ability,
premature maturation proclivity and local optimization of the traditional genetic algorithm. The time
complexity of IGA and standard GA is illustrated in Table 2.

As demonstrated in Table 2, the overall time complexity of IGA is essentially equivalent to that of standard
GA, with the exception of the augmentation of local complexity resulting from the enhancement of
simulated annealing and local search based on large-scale neighborhood search in the local search module.

3.3. Multi-arm cooperative motion path planning based on IAPF

The drilling arm of the multi-arm rock drilling robot can be regarded as a multi-joint manipulator
structure. It is evident that the prevailing path planning methodologies employed by the manipulator
encompass a range of approaches, including RRT, A’, and the APF, amongst others. The construction of the
gravitational potential field and the repulsion potential field enables the manipulator to move to the target
point under the combined force of gravity and repulsion. The calculation required is relatively small, and as
a result, the method is widely used in the path planning of manipulators and mobile robots.

The conventional APF is predicated on Cartesian space for the purpose of search. In the case of the
redundant manipulator, it possesses redundant DOFs, and the pose of the manipulator is related to the
movement of each joint. The calculation of the kinematic inverse solution of the manipulator at the
corresponding momentary position must be conducted in real time. This process entails a substantial
computational burden and exhibits suboptimal search efficiency. Moreover, given the redundant DOFs of
the manipulator, the singular position solution of the manipulator can be obtained. It is evident that the
conventional potential field function is enhanced by the introduction of a novel repulsive potential field
function and gravitational potential field function. These functions facilitate the realization of an anti-
collision cooperative drilling mechanism for the drilling arm, thereby preventing the APF from attaining a
local optimal solution®/,

The joint space of the drilling arm is selected as the search space for path planning, and the angular
displacements of the joints are continuous in the joint space, thereby ensuring that the singular solution is
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Table 2. Variable values for each joint of the drilling arm

Operation GA IGA

Fitness ONxC) ONxC)
Selection O (NlogN) O (N)
Crossover and mutation O(N) O(N)

Local search - O(GxNxC)

GA: Genetic algorithm; IGA: improved genetic algorithm.

avoided. Within the joint space, the value of each joint variable in the present state of the drilling arm is
designated as the initial attitude, and the value of each joint variable in the subsequent state of the drilling
arm is sought. The total potential energy of disparate joint variable combinations is calculated to regulate
the motion of the drilling arm.

3.3.1. Improvement of gravitational potential field function

The conventional potential field function exclusively restricts the distal extremity of the drilling arm,
whereas the mobility of the drilling arm is governed by the entirety of its joints. It is imperative that the
potential field function constrains each joint. In order to enhance the precision of the drilling arm’s control
and ensure the feasibility of the planned trajectory, it is imperative to incorporate the potential energy into
each joint of the drilling arm. The gravitational potential energy function is re-established in

U. (l) = %66{ (qi’ qgoal ) d (qi’ 4 goal ) = d*oal
. dgoal od (qi’ qgoal ) - 6d;oal d (C]i, 9 goal ) > d;()al ®)

Ut = 211 Ut (0)

where ¢ is the gravitational gain, U,,(i) is the gravitational potential energy of the drilling arm joint, U, is

att
the sum of the potential energy of each joint of the drilling arm, g, is the current position of the drilling arm
joint, g, is the target position of the drilling arm joint, d(q;, gy.q) is the distance from the current position of
the drilling arm joint to the target position, and d,,, is the gravitational threshold.

goal

The gravitational function, derived from the negative gradient of the gravitational potential field, is given in

(i) v { g ((/]goal - qi) d (qi’ 4 goal ) = dgoal
Fatt l =~ Uatt = d*oal 6(q§°ﬂl _qi) *

7 - d(qi>qgoal) d (qi’ 9 goal ) > dgoal (9)
Fatt = Zi:1 Fatt (l)

where F, (i) is the gravitational force of the drilling arm joint, F,, is the sum of the gravitational force of each
joint of the drilling arm, and the meaning of the other parameters is the same as Equation (8).
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3.3.2. Improvement of repulsion potential field function

In the traditional potential field, the repulsive force on the drilling arm is large when the drilling arm is near
the target point. This results in the drilling arm not being able to reach the target point. To avoid excessive
repulsive force around the target point, the traditional repulsive potential energy function is reconstructed.
The novel repulsive force function is defined in

Usep () = { 2 (m - %) d (qirgeon) d(qirqobs) < da
0

d(Qi’qObS) >dA (10)

Uep = 21'7:1 Utep (q)

where U,,,(g) is the repulsive potential energy of the drilling arm joint, U,,, is the sum of the repulsive
potential energy of each joint of the drilling arm, 4 is the repulsive potential energy factor, g, is the obstacle
position, d(g, q,,) is the distance between the current position and the obstacle g, d(g; q,..) is the distance
from the current position of the drilling arm joint to the target position, and d, is the range of the repulsive

potential energy of the obstacle.

The repulsive force function generated by the negative gradient of the repulsion potential field is as follows.

Freq (q) = Freqi Nor + Freqa NrG  d (qis qobs ) < da
- 0 d (qi,qobs) > da an

Freq = 21'7=1 Freq (q)

where F,,(g) is the repulsive force on the i-th joint of the drilling arm, F,,, is the sum of the repulsive forces
on all joints of the drilling arm, and N, and N, are two vectors, which represent the unit vectors of the
distance from the drilling arm joint to the obstacle and the distance from the drilling arm joint to the target
point, respectively. F,,,, and F,,,, shown in Figure 5 are the two component forces generated by the negative
gradient after the improvement of the repulsive potential field function. The specific calculation method is

given in

— 1 _ 1 1
Freql - /l(d(‘Ii,CIObs) dA)dQ(%'sCIgoal) 1

(12)
Freqz = %(m - %)Qd(%‘, ngal)

As demonstrated in Figure 5, the direction of F,,, is determined by the presence of an obstacle, with the
direction of F,,,, being directed by the robot towards the target point. This aligns with the direction of

rep2

gravitational force, thus avoiding both the unreachable target point and the local minimum problem.
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Figure 5. Improved repulsion diagram.

3.3.3. Computational complexity of IAPF

The time complexity of traditional APF is usually expressed as O (M x N). In this instance, M is used to
denote the steps involved in path planning, while N is used to denote the number of obstacles. It is evident
from the fact that the IAPF primarily employs strategies involving piecewise potential field function
optimization and solving space transfer. Consequently, for the manipulator with degree of freedom j, the
time complexity of IAPF is O (M x N x j). It has been demonstrated that the sensitivity of the joint space
constraint of a high-DOF manipulator can be reduced without an increase in complexity.

3.4. Smooth trajectory planning based on quintic B-spline curve

In light of the intricate and dynamic nature of the drilling arm’s operational environment, the expeditious,
effective and dependable planning of obstacle avoidance trajectories assumes paramount importance. The
B-spline function is extensively utilized in the domain of manipulator trajectory planning, owing to its
superior local control properties and high computational efficiency, as determined by

P(u) = )" NiFiu(u) (13)
i=0

where N, is a series of control points, F,,(u) is the B-spline weight function of order #, u is the sampling time
interval, i is the sequence of B-spline function segments, and # is the number of control points.

The drilling arm is a large-scale, heavy-duty manipulator that is subjected to significant impact vibration
loads. Consequently, joint trajectory planning methods based on traditional cubic B-spline curves are
incapable of ensuring the continuity of the position and velocity of the joint. In contrast, quintic B-spline
curves have the capacity to guarantee the continuity of the angle, angular velocity, angular acceleration, and
angular jerk of each joint. Furthermore, these curves enable the specification of the angular velocities and
angular acceleration of the starting and ending path points. The expression of the quintic B-spline curve can
be derived from the aforementioned B-spline function, as given in
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where N, is a series of control points, and u is the sampling time interval.

When the quintic B-spline curve is used to optimize the motion trajectory in the joint space of the drilling
arm, the trajectory function of every joint 6,(u) can be expressed as:

1
120
(5N;_1 — 20N; + 30N;41 — 20Nj42 + 5Nivs) u* + (=10N;_1+
20N; — 20N;12 + 10N;43) u® + (10N;_1 + 20N; — 60N; 41+
20N;42 + 10N;43) u® + (=5N;_1 — 50N; + 50N;42 + 5N;43) u
+ (N,'_l + 26N; + 66N;41 + 26N;2 + Ni+3)]

0i(u) = [(=Ni—1 + 5N; = 10N41 + 10N;12 — 5Nii3 + Nisa) u®+

15)

To ensure the continuity of the running trajectory during the movement of the drilling arm, it is necessary
to judge the continuity of the running trajectory of the drilling arm based on the quintic B-spline curve, and
the continuity of the trajectory includes the displacement, velocity, acceleration and jerk continuity. The
displacement, velocity, acceleration, and jerk of the ending point of the i-th trajectory segment and the
starting point of the i+1-th trajectory segment are derived by substituting t = 0 and ¢ = 1, and the result is
given below.

0i+1(0) = 0;(1) = (Ni + 26Nj11 + 66Nis2 + 26N;13 + Niva) /120
0i+1(0) = 0;(1) = (=N; = 10N;41 + 10Ni43 + Nir4) /24

0i+1(0) = 0;(1) = (Ni + 2Niy1 — 6Ny + 2Niy3 + Niva) /6
0i4+1(0) = 0;(1) = (=N; + 2N;41 — 2Ni43 + Nita) /2

(16)

where 0, is the generalized displacement of the joints, 6, is the generalized velocity of the joints, 4, is the
generalized acceleration of the joints, and 6, is the generalized jerk of the joints.

It has been demonstrated that when the spatial motion trajectory of the drilling arm joint is optimized based
on the quintic B-spline curve, the displacement, first-order, second-order, and third-order derivatives are
equal at the transition points of the two adjacent trajectories. Consequently, it can be concluded that the
displacement, velocity, acceleration, and jerk are all continuous at the transition points of the two adjacent
trajectories. This evidence substantiates that the spatial motion trajectory of the drilling arm joint obtained
by the quintic B-spline function is relatively smooth.
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In the spatial motion trajectory planning of the drilling arm based on quintic B-spline curve, the complete
trajectory curve is composed of m-1 segment curves, while the number of passing path points is set as m.
The six control points, N,, to N,,,, corresponding to each segment, are determined uniquely. When the path
point P, is known during the motion process, the control points must be solved by m+4 equations. It is
evident that the present analysis has yielded a total of m equations. However, four additional equations are
required to ensure the comprehensive understanding of the subject matter. In order to ensure that the
trajectory obtained aligns with the operational requirements of the drilling arm, it is necessary to set the
velocity and acceleration of the motion trajectory curve of the drilling arm joint in the first and last sections
to zero. This adjustment enables the derivation of Equation (17), which is given by:

01(0) = (=No — 10Ny + 10N3 + N4) /24 =0

Q.mfl(o) = (_Nmfl = 10N, + 10N 342 + Nm+3) /24 =0
91(1) = (N() +2N; —6N2 + 2N3 + N4) /6 =0

Gm—l(l) = (Nm—l + 2Ny = 6Nms1 + 2Npi2 + Nypy3) /6 =0

7)

where m is the number of passing path points.

Consequently, the equations for solving the control points have been derived, and by combining Equations
(15) and (17), the control points can be determined by

No 1 2 66 26 1 0 0 o0 1 Po

Ny 0 0 1 2 66 26 1 0 Py

Nt =200 5 50 0 -5 -5 0 50 5 0 (18)
N 20 40 -120 40 20 0 0 0

N 0 0 0 20 40 —120 40 20 0

where N, is the control point, and P, is the path point during the motion process.

4. SIMULATION VERIFICATIONS

4.1. Path planning simulation

The objective of this section is to identify the shortest moving distance of the drilling arm end based on the
working area and the number of drilling tasks of each drilling arm of the multi-arm rock drilling robot. The
drilling arm is analyzed by path planning and compared with the ant colony optimization algorithm
(ACO)"" and the adaptive genetic algorithm (AGA)™. The selection of appropriate algorithm parameters is
determined by the problem to be solved, and this determination is made after five experiments. The main
parameters of IGA and AGA are set as follows: the population is 50, the crossover probability is 0.95, the
mutation probability is 0.05, and the iteration is 400. The main parameters of ACO are as follows: The
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pheromone heuristic factor is set as a = 1, heuristic function importance factor is g = 3, pheromone
volatilization factor is p = 0.5, the ant number is m = 50, the total information amount is Q = 1, and the
iteration number is Max = 400. In IGA, the probability of exchange mutation is p,,, = 0.2, the probability of
reverse mutation is pr.eon = 0.5, the probability of insertion mutation is p;,..q0, = 0.3, and the cooling factor
is 1 =0.99.

A comprehensive comparison of the simulation results of the path planning of the three algorithms is
presented in Figure 6. This figure illustrates the moving distance of the drilling arm end obtained by
different algorithms. A comparison of the total moving distance of the end of the three drilling arms reveals
that they are 5.39 and 10.84 m shorter than those of ACO and AGA, respectively. In comparison with ACO,
the movement distances of the left, middle, and right drilling arms are reduced from 48.36, 66.79, and
45.88 m to 46.94, 64.09, and 44.61 m, respectively. The percentage of shortening is 3.03%, 4.21%, and 2.85%,
respectively. In comparison with AGA, the movement distances of the three drilling arms are reduced by
7.14%, 6.99%, and 6.75%, respectively. Consequently, the proposed IGA exhibits substantial advantages in
identifying the shortest path when compared with conventional path planning methodologies.

4.2. Multi-arm anti-collision simulation

The collision interference of the drilling arm of the multi-arm rock drilling robot primarily occurs between
the middle drilling arm and the left and right drilling arms. The working area of the middle drilling arm can
be divided into two sections, left and right, with the center line of the tunnel designated as the center. The
area on the left side of the tunnel center line is identified as the potential collision interference zone during
drilling operations with the left drilling arm, while the right side of the tunnel center line is designated as the
potential collision interference area when drilling with the right drilling arm. In accordance with the drilling
trajectory that was derived from the preceding planning stage, the collision-free trajectory planning of the
drilling arms of the multi-arm rock drilling robot is subsequently executed. It has been determined that the
drilling arms on the left and right are not identical to the drilling arm in the center. As a consequence, the
drilling arms on the left and right continue to drill, while the drilling arm in the center ceases movement
and functions as a static obstacle once the drilling task is complete. According to the starting and ending
points of each drilling arm, the collision-free path planning simulation is carried out for the middle drilling
arm and the left drilling arm, and the middle drilling arm and the right drilling arm, respectively. The
drilling path planning of drilling arms, based on shortest moving distance optimization, is illustrated in
Figure 7. The simulation results indicate that the total path planned by IAPF is 155.64 m, while that of RRT
is 166.48 m. The result of the path planning process based on IAPF is 6.51% lower than that of the RRT
method. Furthermore, the trajectory devised according to IAPF incorporates greater horizontal adjustment,
a feature that is more conducive to the continuous and efficient operation of heavy-duty drilling arms.

Furthermore, the distance between the enveloping bodies of each joint after the simplification of the drilling
arm is sorted from large to small, and the shortest distance between the enveloping bodies when the two
drilling arms are drilled cooperatively is extracted to determine whether there is a collision between the two
drilling arms. As illustrated in Figure 8, the minimum distances between the enveloping bodies of the
middle drilling arm and the left/right drilling arm are demonstrated when drilling cooperatively. As
demonstrated in Figure 8, the minimum distances between the middle drilling arm and the left/right drilling
arms are 984.6 and 580.8 mm, respectively, when the shortest moving distance of the drilling arms is
designated as the optimization objective. Consequently, the drilling trajectory delineated by the IAPF
method proves efficacious in ensuring the safety of the multi-arm drilling robot’s collaborative drilling
operations.
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Figure 7. Drilling path planning of drilling arms based on shortest moving distance optimization. (A) IAPF; (B) RRT. IAPF: Enhanced
artificial potential field; RRT: exploring random tree.

4.3. Trajectory planning simulation

Given the structural similarity between the three drilling arms of the rock drilling robot, the trajectory
planning of the middle drilling arm is selected as a model to assess the viability of implementing the quintic
B-spline curve in the trajectory planning of the drilling arm. To illustrate this process, we will examine the
middle drilling arm. In its initial state, the arm is set to one of the hole positions, with coordinates (10025,
907, 614). The position coordinates of the selected target hole position are (9000, -3877, 6595), and the value
of each joint variable of the drilling arm when the drilling arm reaches the target hole position is shown in
Table 3.

In the construction process of the rock drilling robot, it is imperative that the drilling arm be constrained to
drill perpendicular to the tunnel face. This ensures that the joint 4 remains unchanged in the initial state.
The joint 7, designated as the end moving joint, is responsible for compensating for the distance between
the tunnel face and the multi-arm rock drilling robot. Consequently, the joints 4 and 7 are not considered in
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Table 3. Variable values for each joint of the drilling arm

Drilling arm end position 0./° 0,/° d,/mm 0,/° 0./° 0,/°
(10025, 907, 614) 0 -90 5,598 0 90 90
(9000, -3877, 6595) -46.77 -134.67 8,486.38 0 134.67 136.77
1500 H—=—  Distance between middle and left drilling arms

—_ —&—  Distance between middle and right drilling arms

g i e 1 1 1

)

3

= 1000

iz

A

500 580.8
0 10 20 30 40 50 60

Serial number of drilling hole sequence

Figure 8. Minimum distance between drilling arms.

the trajectory planning process. The focus is instead on the optimization and analysis of the motion
trajectories of joints 1, 2, 3, 5, and 6. It should be noted that joints 1, 2, 5, and 6 are rotating joints, while
joint 3 is a moving joint. The simulation results of the optimized trajectory are presented in Figure 9 below.
As illustrated in Figure 9A, the displacement curve of each joint optimized by the quintic B-spline curve is a
continuous and smooth curve. As illustrated in Figure 9B-D, the velocity, acceleration, and jerk curves of
each joint during movement are continuous curves. The jerk curve is also referred to as the pulsation curve.
This curve exerts a certain influence on the impact of the drilling arm movement process. In the event that
the pulsation curve is discontinuous, it has the potential to exert a substantial impact on the drilling arm
during movement, which may result in the drilling arm vibrating and the occurrence of other problems.
These issues can affect the positioning accuracy of the drilling arm and potentially lead to fatigue damage.
The pulsation curves of each joint post-optimization are continuous, thereby effectively mitigating the jitter
impact. Consequently, the optimized spatial motion trajectory of the drilling arm joint proposed in this
paper is substantiated. The simulation results verify the effectiveness of the quintic B-spline curve in
trajectory planning applications of cooperative drilling arms.

5. EXPERIMENT RESULTS

To validate the proposed motion planning methods, a drilling hole path planning experiment and a drilling
arm trajectory planning experiment are conducted on a three-arm drilling jumbo platform. The
configuration of the experimental platform is illustrated in Figure 10. Firstly, the drilling paths of the
drilling arms are randomly arranged according to the test site. In this arrangement, 40 holes are allocated
for the left and right drilling arms, while 52 holes are allocated for the middle drilling arms. The coordinate
truth values of paths and the truth positions of key joints are measured by means of an electronic total
station. As illustrated in Figure 11, the frames depicting the continuous motion of the right drilling arm
during the experiment are presented.
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Figure 10. The structure of the experimental multi-arm drilling jumbo platform.

Due to the flexibility of large-scale heavy-duty drilling arms, the actual hole positions exhibit a slight offset
from the theoretical values. It is important to note that the motion planning of drilling arms is based on the
theoretical positions of drilling paths, while the moving distance of drilling arms is counted based on actual
hole positions. The theoretical positions of drilling holes and the actual moving paths of drilling arms based
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Frame 1 Frame 2 Frame 3 Frame 4 Frame 5

Figure 11. Continuous motion frames in planning experiment of the right drilling arm.

on IGA are illustrated in Figure 12. The displacement trajectories of drilling arms, when operated with
disparate optimization algorithms, are illustrated in Figure 13.

As illustrated in Figure 12, the total moving distance obtained by the proposed IGA method is reduced by
4.84% and 4.59% compared with the ACO and AGA methods in actual path planning of drilling arms.

The movement of drilling arms is governed by a sequence of preset holes, as delineated by the IGA
algorithm. In the drilling hole tracking process, it is imperative that the drilling arm be constrained
perpendicular to the tunnel face, thereby ensuring the stability of the rolling joint 4. The angular
displacements of each joint of the drilling arms are measured by means of an electronic total station and
airborne sensors, as illustrated in Figure 14. The rolling joint 4 has undergone negligible modifications, with
the exception of undergoing a specific angular adjustment to guarantee the precise positioning of the
perforation. Consequently, the rotational angular velocity, angular acceleration, and angular jerk of joint 4
are not taken into account. The rotation angles of joints 1, 2, 5, and 6 are essentially confined to a range of
+40 degrees. The rotation angle of the medial drilling arm exhibits greater variability, as it is required to
traverse a greater number of holes. In contrast, the rotation ranges of the lateral drilling arms are
comparatively limited.

Furthermore, the rotational angular velocity, angular acceleration, and angular jerk of each joint are
obtained and displayed in Figure 15. These values are derived by taking the first, second, and third
derivatives of the rotation angles of joints 1, 2, 5, and 6. It has been determined that the velocity,
acceleration, and jerk curves of each joint that have been optimized by the quintic B-spline during
movement are also continuous curves. Specifically, joints 1 and 2 are directly connected to the body of the
rock drilling jumbo, resulting in reduced angular accelerations and angular jerks during large-scale
movement of the drilling arms. This suggests that joints 1 and 2 are less susceptible to significant deflection
deformation and buffeting effects, leading to enhanced stability. Joints 5 and 6 are closer to the end of the
drilling arms, so they face more disturbances and uncertainties in the path of traversing multiple holes.
These joints usually show greater angular acceleration and angular jerk. A comparative analysis of the
dynamic performance of different drilling arms reveals that the left and right drilling arms exhibit greater
variability in their dynamic indexes due to the necessity of larger angles of swing to achieve the positioning
of the edge holes. In contrast, the middle drilling arm demonstrates reduced fluctuations in acceleration and
jerk indexes, attributable to its comparatively smaller swinging angle. The experimental results also verify
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the effectiveness of the proposed methods in trajectory planning applications involving large-scale and
heavy-duty cooperative multi-drilling arms.
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6. CONCLUSIONS

(1) The modified D-H method is employed to establish the kinematic model of the multi-arm rock drilling
robot. The inverse kinematic model of the drilling arm is constructed based on the RBENN. The findings
indicate that the maximum error in the drilling arm’s positioning is 2.94 mm, and the error remains below
3%, enhancing the precision in addressing the inverse kinematics solution of the large redundant DOFs and



Page 471 Cui et al. Intell. Robot. 2025, 5(2), 450-73 | https://dx.doi.org/10.20517/ir.2025.23
heavy-duty engineering manipulator.

(2) The IGA is proposed to optimize the paths of the multi-arm rock drilling robot by taking the shortest
moving distance as the optimization objective. The simulation and experimental results demonstrate that, in
comparison with ACO and AGA methods, the proposed IGA can effectively reduce the moving distance of
the drilling arms in multi-hole drilling tasks, thereby enhancing efficiency and reducing energy
consumption.

(3) A methodology for the spatial planning of anti-collision paths is hereby proposed for the purpose of
facilitating cooperative drilling operations. This methodology is predicated on the IAPF method. When the
drilling path obtained by the shortest distance is used for path planning, the shortest distances between the
middle drilling arm and the left and right drilling arms are 984.6 and 580.8 mm, respectively.

(4) In addressing the significant impact of motion joints during the drilling operation of the multi-arm rock
drilling robot, a spatial trajectory planning method has been developed. This method utilizes a quintic B-
spline curve, aiming to enhance the stability of the drilling arm’s trajectory. Concurrently, it ensures the
continuity of the running velocity, acceleration, and jerk curves of each joint. Through simulations and
experiments, this method has been shown to effectively reduce the robust vibration of the drilling arm
trajectory.

The advent of artificial intelligence, large models, edge computing, and other emerging technologies has
precipitated a paradigm shift in the field of motion planning through learning-based methods. We are
cognizant of the immense potential inherent in multi-arm path planning based on learning, and we are
committed to the active expansion of our research on the method of motion planning based on learning for
large-scale and cooperative multi-arm tunnel drilling robots.
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