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ABSTRACT: To address low learning efficiency and inadequate path safety in spraying robot navigation within
complex obstacle-rich environments—with dense, dynamic, unpredictable obstacles challenging conventional
methods—this paper proposes a hybrid algorithm integrating Q-learning and improved A*-Artificial Potential Field
(A-APF). Centered on the Q-learning framework, the algorithm leverages safety-oriented guidance generated by A-APF
and employs a dynamic coordination mechanism that adaptively balances exploration and exploitation. The proposed
system comprises four core modules: (1) an environment modeling module that constructs grid-based obstacle maps;
(2) an A-APF module that combines heuristic search from A* algorithm with repulsive force strategies from APF
to generate guidance; (3) a Q-learning module that learns optimal state-action values (Q-values) through spraying
robot-environment interaction and a reward function emphasizing path optimality and safety; and (4) a dynamic
optimization module that ensures adaptive cooperation between Q-learning and A-APF through exploration rate
control and environment-aware constraints. Simulation results demonstrate that the proposed method significantly
enhances path safety in complex underground mining environments. Quantitative results indicate that, compared to
the traditional Q-learning algorithm, the proposed method shortens training time by 42.95% and achieves a reduction
in training failures from 78 to just 3. Compared to the static fusion algorithm, it further reduces both training time (by
10.78%) and training failures (by 50%), thereby improving overall training efficiency.

KEYWORDS: Q-learning; A* algorithm; artificial potential field; path planning; hybrid algorithm

1 Introduction

1.1 Research Background

As a fundamental energy source and essential industrial raw material, coal plays a pivotal role in
global energy systems. Ensuring its environmentally sustainable extraction and efficient utilization has
become a pressing challenge. In underground coal mining, spraying robots are responsible for tunnel
support through spraying operations. These robots must possess robust global path planning capabilities to
navigate safely through narrow tunnels densely populated with obstacles. However, the inherent complexity
of underground environments significantly hinders operational efficiency [1,2]. With the ongoing push for
intelligent transformation in China’s coal industry, enabling the autonomous operation of spraying robots has
emerged as a promising solution. Path planning technologies based on SLAM (Simultaneous Localization
and Mapping) are crucial for generating feasible motion trajectories in such complex environments. This
study aims to develop an advanced path planning algorithm that allows spraying robot to efficiently and safely
navigate dynamic and unstructured underground coal mine tunnels. The proposed method enhances the

@ Copyright © 2025 The Authors. Published by Tech Science Press.
This work is licensed under a Creative Commons Attribution 4.0 International License, which permits

unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



https://www.techscience.com/journal/CMC
https://www.techscience.com/
http://dx.doi.org/10.32604/cmc.2025.071319
https://www.techscience.com/doi/10.32604/cmc.2025.071319
mailto:2023200601@aust.edu.cn

2 Comput Mater Contin. 2026;86(2)

robots’ adaptability to unknown conditions, ensures stable and reliable spraying operations, and contributes
to the broader goal of intelligent coal mining.

Underground coal mine tunnels pose unique challenges for spraying robots that conventional algo-
rithms cannot address:

1. Dynamic obstacles (temporary support materials, moving mining vehicles) and dust-induced sensor
limitations (LiDAR range < 3 m) make blind exploration of Q-learning risky (78 training failures/600
episodes, Section 3.2.4).

2. Mine safety rules require >0.5 m obstacle margins, while spraying needs fewer turns (>45° turns
cause uneven coating). Existing methods (A*, APF) ignore these, leading to safety violations or poor
operation quality.

These pain points drive the need for a method balancing learning efficiency, safety, and adaptability—
this study’s core motivation.

1.2 Related Work
1.2.1 Traditional Path Planning Algorithms

Traditional single path planning algorithms, despite their evolution, have notable limitations in
underground coal mine scenarios:

o A*algorithm: Excels at fast near-optimal pathfinding in static networks via an evaluation function. But
it overrelies on pre-defined models and fixed heuristics, failing to adapt to dynamic mine obstacles (e.g.,
moving vehicles) and ignoring >0.5 m safety margins—raising collision risks [3-5].

o APF algorithm: Enables lightweight real-time navigation by simulating goal attraction and obstacle
repulsion. However, it oscillates near goals due to excessive repulsion, fails in narrow mine tunnels (e.g.,
tight turns) from unbalanced forces, and causes >45° sharp turns that disrupt uniform spraying [6].

o Q-learning: Adapts well to dynamic/unknown environments by learning policies through environment
interaction. But in obstacle-dense mines, its random early exploration leads to frequent collisions, low

efficiency (up to 78 failures in 600 episodes, Section 3.2.4), and its reward function lacks mine-specific
adjustments (e.g., no safety margin violation penalties), failing safety and real-time demands [7,8].

1.2.2 Advances in Improved Algorithms

To overcome the limitations of traditional algorithms, numerous researchers have proposed improve-
ments to classical methods and explored hybrid integration strategies.

Regarding enhancements to the A* algorithm, Li et al. developed a multi-objective model by introducing
dynamic weight adjustment, optimized evaluation functions, and open list initialization, which significantly
improved wall-climbing robot path planning in complex environments [9]. However, this method is strongly
dependent on accurate prior environmental models, resulting in limited adaptability to sudden environmen-
tal changes, such as unforeseen obstacles in underground mining settings. Fu et al. proposed an improved
A* algorithm, which optimizes the traditional neighborhood to a sixteen-neighborhood and combines it
with hybrid search. Through node deletion, improved bidirectional search, and dynamic weight coefficients,
redundant path points are removed, and the efficiency of mobile robot path planning is enhanced [10].
However, the sixteen-neighborhood expansion significantly increases computational burden, potentially
compromising real-time performance in obstacle-dense environments such as coal mine support zones.
Jin et al. reduced node redundancy through a five-neighborhood filtering mechanism to improve search
efficiency; however, the method still exhibited limitations in optimizing turning angles [11]. Nevertheless,
the method continues to face challenges in effectively optimizing turning angles, a critical aspect of path
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planning in constrained environments. Collectively, these studies underscore the importance of dynamic
search strategies in achieving a balance among path safety, smoothness, and computational efficiency in
complex environments.

The APF method has also seen continuous advancements. Li et al. proposed an improved APF algorithm
that handles specific threat zones, dynamically selects repulsion points, and constrains turning angles,
thereby enhancing path planning for unmanned surface vehicles in complex waters [12]. Despite these
advancements, the algorithm still tends to converge to local optima in the presence of concave obstacles or
narrow passages. S. Liu introduced an improved BiRRT-APF algorithm, integrating Bi-directional Rapidly-
exploring Random Trees (BiRRT), APE, and A* algorithm-based heuristics. By leveraging APF to guide
BiRRT tree expansion, A* for accelerated tree connection, and Catmull-Rom splines for path smoothing,
the method significantly enhanced both the efficiency and safety of UAV path planning in complex 3D
environments [13]. However, this hybrid approach requires complex parameter tuning, and maintaining a
balance between APF guidance and BiRRT’s random exploration remains challenging in highly dynamic
environments. These limitations may ultimately compromise system stability and performance.

In the domain of reinforcement learning, notable progress has also been made. Hwang et al. proposed
the Adjacent Robust Q-learning (ARQ-learning) algorithm under a tabular setting, establishing finite-
time error bounds and introducing an additional pessimistic agent to form a dual-agent framework. This
work represents the first extension of robust reinforcement learning algorithms into continuous state-
action spaces [14]. However, the dual-agent framework increases the computational complexity, and the
algorithm’s convergence speed is still slow in environments with high-dimensional state spaces, which limits
its application in real-time path planning for spraying robots. Zhao et al. developed a Q-learning-based
method for UAV path planning and obstacle avoidance. By designing a tailored state space, action space,
and reward function, their approach enabled UAVs to autonomously learn optimal paths and perform
effective obstacle avoidance in complex environments [15]. Nevertheless, the reward function design lacks
a dynamic adjustment mechanism, making it less adaptable to sudden changes in the environment, such as
the appearance of new obstacles in the tunnel.

The limitations of single-path planning algorithms have prompted researchers to explore multi-
algorithm fusion strategies. These approaches aim to combine the guided search capabilities of heuristic
algorithms with the adaptive learning strengths of reinforcement learning, thereby achieving complemen-
tary advantages.

Gan et al. proposed the Dynamic Parameter A* (DP-A*) algorithm, which integrates Q-learning
into the heuristic function of A*, effectively enhancing the dynamic obstacle avoidance performance of
unmanned ground vehicles (UGVs). However, the method remains dependent on predefined environmental
models [16]. Liao et al. introduced a dual-layer learning model, GAA-DFQ, which incorporates genetic algo-
rithms, dynamic window approaches, fuzzy control, and Q-learning. This hybrid model has demonstrated
strong path-planning capabilities for robots operating in dynamic environments [17].

Static ¢, values like 0.75 in current static fusion methods can’t adapt to the 12%-18% fluctuating obstacle
densities in mines as described in Section 3.1.1. In high-density areas, over-reliance on A-APF causes the
algorithms to miss local optimal paths, while in low-density areas, insufficient guidance leads to more invalid
exploration [16,17]. Moreover, these methods often disregard robot kinematic limits such as a 6 < 45° turning
constraint and safety rules like the >0.5 m safety margin, as mentioned in Section 1.1, thus creating a gap
between simulation performance and real-world application in mines.
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1.2.3 Recent Integration Methods of Multi-Agent Systems and DRL-GNN

In recent years, path planning has seen advanced frameworks combining Deep Reinforcement Learning
(DRL) and Graph Neural Networks (GNN), such as Xiao et al’s (2024) MACNS (Multi-Agent Collaborative
Navigation System) [18]. Its key designs include: embedding Graph Attention Network (GAT) into PPO’s
policy network via the GPPO algorithm (replacing traditional MLP) to extract inter-agent features; a
dynamic destination selection mechanism using congestion coefficient w to adjust gathering points, aiming
for “near-simultaneous arrival” and reduced waiting time; and an action masking technique that blocks
invalid movements, accelerating training convergence by ~40% compared to traditional PPO. MACNS
suits “multi-source to single-target” scenarios like logistics, warehouse AGV collaboration, and tourist
group gathering.

The proposed Q-Learning-A-APF integration differs from MACNS in core aspects: MACNS targets
open “multi-source to single-destination” multi-agent scenarios (no safety/operation constraints, complex
GNN + PPO relying on high-performance hardware, no sensor range consideration); while our method
focuses on single spraying robots in confined underground mines, meets mine-specific constraints (>0.5 m
safety margin, <45° turns for uniform spraying), uses a lightweight architecture for mining robots’ embedded
devices, and adapts to mine LiDAR range < 3 m.

1.2.4 Research Gaps

Existing studies (including those in the current work and MACNS) fail to meet coal mine spraying robot
path planning needs, with three key gaps:

1. Single-agent scenario mismatch

Traditional single algorithms (Q-learning/A*/APF) can’t balance efficiency, safety, and smoothness (e.g.,
Q-learning needs >600 episodes; APF stalls in narrow tunnels). MACNS (a DRL-GNN framework) focuses
on multi-agent tasks and lacks design for mine single-agent (spraying robot) scenarios.

2. Inability to adapt to mine obstacle density fluctuations

Static fusion methods (fixed ¢,) can’t adapt to 12%-18% mine obstacle density fluctuations, causing
collisions or long paths. MACNS optimizes dynamic traffic but doesn't target this mine density range, lacking
exploration-safety balance mechanisms.

3. Neglect of mine-specific constraints

Traditional methods ignore mine safety margins (>0.5 m) and spraying turn demands (fewer >45°
turns). MACNS prioritizes multi-agent “near-simultaneous arrival” and also omits these constraints, creating
a simulation-practice gap.

1.3 Research Objectives and Contributions

This study proposes a dynamically integrated Q-learning and A-APF path planning approach to address
the low learning efficiency and insufficient path safety commonly encountered by spraying robot in complex
obstacle-laden environments. Operating in a two-dimensional grid-based map, the proposed method aims
to enable spraying robot to rapidly acquire path strategies that balance safety and optimality through
coordinated interactions between Q-learning and the A-APF algorithm.

« Environment Modeling Module: Constructs a two-dimensional grid map populated with obstacles,
transforming the spraying robot’s position, obstacle distribution, and goal coordinates into a quantifiable
state space. This provides the foundational perception framework for the spraying robot’s interaction
with the environment.
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o  APF Algorithm Module: Integrates the heuristic search capability of the A* algorithm with the repulsive
field mechanism of the APF method. This hybrid module generates safety-oriented path guidance to
assist Q-learning in decision-making.

+  Q-learning Reinforcement Module: Enables the spraying robot to learn state-action values (Q-values)
through continuous interaction with the environment. An optimized Q-table is constructed to store
the optimal policy. The reward function is specially designed to distinguish between “safe paths” and
“optimal paths,” thereby enhancing both safety and learning efficiency.

« Dynamic Collaboration and Optimization Module: Implements a dual-layer exploration rate con-
trol mechanism, dynamically decaying A-APF usage probability, and incorporating safety constraints
derived from environmental perception.

These strategies foster adaptive coordination between A-APF and Q-learning, ensuring both path safety
and efficient policy convergence.

2 Design of the Dynamically Integrated Path Planning Method

To address the low learning efficiency and insufficient path safety of spraying robot path planning in
complex underground mining environments, this chapter presents a dynamically integrated path planning
method combining Q-learning and the A-APF algorithm. Centered on Q-learning, the method integrates
A-APF’s heuristic guidance, a dynamic collaboration mechanism, an environment-aware obstacle avoidance
strategy, and an optimized Q-table update scheme to enable efficient and safe navigation. These designs
target the limitations of existing algorithms: traditional Q-Learning has high collision risk, low efficiency
(due to early blind exploration), static reward functions (failing to distinguish “safe” and “optimal” paths),
and no environment-aware action filtering (causing invalid exploration); traditional A* generates obstacle-
close paths (its heuristic function g(n) + h(n) lacks safety constraints), adapts poorly to dynamic changes
(e.g., temporary obstacles), is prone to local optimality (over-reliant on prior knowledge), and cannot
optimize paths in real time (no learning mechanism integration). Thus, the integrated Q-Learning + A-
APF algorithm has three core goals: boosting Q-Learning’s efficiency and safety, enhancing A*’s safety
and dynamic adaptability, and realizing adaptive collaboration between the two to balance exploration
and exploitation.

This chapter provides a detailed explanation of the overall architecture and core modules of the proposed
method. The complete workflow of the dynamically integrated path planning algorithm is illustrated in Fig. 1.

2.1 Environment Modeling and State Space Definition
2D Grid-Based Environment Modeling

A two-dimensional grid map is employed to model complex obstacle-rich environments, in which the
workspace is discretized into an M x N grid. Each grid cell is defined as either “traversable” (0) or “obstacle”
(1). The position of the spraying robot is represented by grid coordinates (x, y), with the starting point
denoted as S(x;, y;) and the target point as G(x,, ;). The size of each grid cell is determined based on the
robot’s physical dimensions and the required environmental resolution, ensuring that the robot, modeled as
occupying a single cell, can navigate the map without colliding with obstacles.

To clarify the applicability of the proposed algorithm, the following environmental and robotic
constraints are defined:

1. Obstacle staticity assumption: Obstacles are assumed to remain stationary throughout a single
planning task, ensuring accurate repulsive force calculations in the A-APF module and consistent state
feedback in Q-learning.
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2. Perception range constraint: The robot perceives real-time environmental information withina 3 x 3
local grid centered on its current position, reflecting typical sensor limitations in underground mining.

3. Grid resolution constraint: The grid size (M x N) and cell resolution are configured based on the
robot’s physical dimensions and environmental complexity, ensuring each cell uniquely represents either
a traversable space or an obstacle, without overlapping the robot body.

The state space S of the spraying robot is composed of three elements: the current position, the
distribution of surrounding obstacles, and the relative distance to the target point. Its specific expression is
shown in Eq. (1).

S= {(x,y),O(x,y),D(x,y)} 1

where (x, y) denotes the current grid coordinates of the spraying robot, O, ,) is a 3 x 3 local obstacle
distribution matrix centered at (x, y), which records the presence or absence of obstacles in the eight
surrounding directions.

Q meter (initial
value is 0)

Reset position (return to
starting point)
-

Update action space A via obstacle
avoidance mechanism (Eq.1, D—
Section 2.4.2)

—

Greedy Select strategy via &
strategy (Eq.11/Eq.12)

L=

Current episode ended? (Target
point/Maximum steps)

Determine if training converges?

-

Training completed.

Figure 1: Overall flow chart of dynamic fusion path planning algorithm
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D(x, y) represents the Euclidean distance from the current position to the target point. Its specific
expression is shown in Eq. (2).

Dy =\ (x=x)+ (7= 7e)’ @)

By discretizing the state space in this manner, Q-learning can efficiently store and update state-
action values in the Q-table. Moreover, the local obstacle information provides the basis for environmental
awareness and obstacle avoidance strategies.

2.2 A-APF Path Guidance Strategy Design

The A-APF algorithm is an improved path planning method that combines A* heuristic search with
the repulsive field mechanism of the APE Its core lies in optimizing the sub-node selection strategy of
A* algorithm to generate safer path guidance information. The A* algorithm starts from the initial node,
systematically explores neighboring nodes, and expands the node with the lowest estimated total cost
according to a heuristic evaluation function. The traditional A* algorithm evaluation function is shown
in Eq. (3).

f(n)=g(n)+h(n) (3)

where g(n) is the Euclidean distance from the current node # to the next candidate node n + 1, and h(n) is
the Euclidean distance from node # to the target node G.

To improve path safety, this paper introduces a repulsive potential field term from APF into the A*
algorithm heuristic function, encouraging the algorithm to prefer nodes that are farther from obstacles. The
improved heuristic function is shown in Eq. (4).

f(n)=g(n)+h(n)+Frep(n) (4)

where F,(n) represents the total repulsive force acting on node #, calculated based on the standard APF
model, as shown in Eq. (5).

k kre
Frep(n):;d(n—(l;)z (5)

where k., = 5 is the repulsion coefficient, d(n, O;) is the Euclidean distance between node n and the i is
obstacle O;, and k is the total number of surrounding obstacles.

To quantify the repulsion intensity exerted on node n by surrounding obstacles, Fq. (5) is employed:
its calculation result is not only substituted into Eq. (4) (the improved A* heuristic function) to enable
the A-APF algorithm to generate “safe nodes far from obstacles” but also serves as a crucial reference for
action selection in the Q-learning module (Section 2.3); specifically, when a node approaches an obstacle,
the repulsive force value k., (1) derived based on Eq. (5) will increase, which in turn raises the cost f(#) in
the improved A* heuristic function, thereby guiding the A* algorithm to prefer nodes with smaller repulsive
forces (i.e., nodes farther from obstacles). The first group of experiments (Section 3.2.1) demonstrates that
when the repulsion coeflicient is set to 5, the optimal balance between the safety and efficiency of path
planning in the maps of this experiment is achieved, and this parameter also exhibits good generalization
ability in environments where obstacle density ranges from sparse to moderate.
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2.3 Q-Learning Reinforcement Learning Module Design

The Q-learning module learns the optimal policy through interaction with the environment. It primarily
consists of three components: the definition of the state-action space, the reward function design, and the
Q-table update mechanism.

2.3.1 Action Space Definition

The action space A of the shotcrete robot includes eight directional movements: up, down, left,
right, upper-left, upper-right, lower-left, and lower-right. These correspond to coordinate offsets in the
grid as follows: (0, 1), (0, -1), (-1, 0), (1, 0), (-1, 1), (1, 1), (-1, —1), and (1, —1), respectively. To prevent
invalid movements, the action space is dynamically filtered to exclude collision-risk actions based on the
environment-aware obstacle avoidance mechanism described in Section 2.4.2.

2.3.2 Reward Function Design

The design of the reward function aims to simultaneously encourage the shotcrete robot to approach
the goal and avoid obstacles. The reward function is shown in Eq. (6).

Ryoal if s"is the goal
r(s,a,s") ={ =R if s’ is an obstacle (collision) (6)
—Rstep + Raist X (D (s) = D (s")) + Reorner  Otherwise

where Rg,q1 = 100 is the reward for reaching the goal (Strongly encourage the robot to prioritize reaching the
target); R, = 50 is the penalty for collision (Severe punishment for collisions is implemented to prevent the
robot from risking approaching obstacles); Ry, = 1 is a slight step penalty, which references the UAV path
planning design in [15] and can reduce invalid loop steps without suppressing exploration; Ry = 0.5 is the
coefficient for distance-based reward; D(s) — D(s) represents the reduction in Euclidean distance to the goal
after the action (positive if the spraying robot gets closer to the goal).

Rgist = 0.51s set based on “distance reward not dominating decisions”: Ry;s; > 1 may cause obstacle neglect
and higher collisions; Ry < 0.3 leads to insufficient path optimization guidance and longer paths; 0.5 is the
optimal “distance guidance-safety assurance” coeflicient from pre-experiments.

Eq. (6) serves as the core feedback mechanism for the interaction between the Q-learning module and
the environment. The reward value r(s, a, §) is directly utilized for updating the Q-table, and the updated
result of the Q-table, in turn, influences the decay of the exploration rate € in the dynamic collaboration
module. In addition, R.orper is the corner-turning penalty mechanism. It assigns rewards or penalties based
on the relationship between the current action and the previous action, as defined in Egs. (7) and (8):

Reoltinear lfi’lO turn is made
Reorner = § —Rrepeat if the position remains unchanged (7)
—Reorner = =0/ ifaturnis made

Y _ arccos (x1—=%0) (%2 —x1) + ()1 = y0) (y2 = 1) )
4 \/(xl —x0)2 +(n —)’0)2‘\/(962 —x1)2 + (12 —)’1)2
where Reollinear = 1 is the reward for maintaining a straight direction; Rrepear = 1 is the penalty when

the position does not change; 6 is the angle between two consecutive movement vectors; (xp, y) is the
grandparent node, (x;, y;) is the parent node, and (x;, y») is the current node.
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The 6 threshold for collinearity and corner detection is set to 45° (based on the spray robot’s kinematics):
its minimum turning radius corresponds to ~45° (physical constraint); 6 < 45° has negligible impact on
operation accuracy, while 6 > 45° requires spray pausing for attitude adjustment, so Reorner penalty is
triggered when 6 > 45°. This corner penalty mechanism penalizes sharp turns based on the turning angle,
thereby encouraging smoother paths.

2.3.3 Q-Table Update Mechanism

The Q-table is used to store the state-action value function Q(s, a), shown in Eq. (9).
Q(s,a)=Q(s,a)+ax[r(s,a,s")+Axmax, Q(s',a")-Q(s,a)] 9)

where « is the learning rate; A is the discount factor; (s, a, §’) is the reward obtained by taking action a in
state s and transitioning to state s'; max,Q(s’, a’) represents the maximum estimated future return from the
next state s'.

2.4 Dynamic Collaboration and Optimization Mechanism

The dynamic collaboration mechanism forms the core of efficient synergy between Q-learning and the
A-APF algorithm. It enables a layered control over exploration strategies and cooperation modes to balance
the trade-off between exploration and exploitation. This section elaborates on the dual-level exploration rate
control mechanism and the safety-aware environmental constraint strategy.

2.4.1 Dual-Level Exploration Rate Control Strategy

To address the conflict between exploration efficiency and path safety in complex environments, a
dual-level exploration rate control strategy is proposed. This strategy manages exploration via two nested
control layers:

(1) Fusion of Historical Experience and Current Policy (¢)

The first control layer adjusts the exploration rate based on a fusion ratio between historical Q-table
experience and current policy outputs. This adaptive mechanism facilitates a smooth transition from “guided
navigation” to “independent decision-making” by gradually reducing reliance on predefined strategies. The
exploration rate ¢ is defined in Eq. (10).

£ = max (smin, Einit " €XP (—edeca), . episode)) (10)

where &y, = 0.11s the minimum guaranteed exploration rate (10%); &;,;; = 1 denotes full reliance on the initial
policy in early training episodes (for accumulating initial experience); eecqy = 0.01 is the decay coefficient;
episode is the training iteration index.

(2) Ratio Control between A-APF Guidance and Random Exploration (g,)
This secondary exploration rate control mechanism adjusts the ratio between A-APF heuristic guidance
and stochastic exploration. It operates in two distinct phases:

+ Initial Decay Phase (training step < t;)

During early training, the ratio ¢, decays linearly from 1.0 to 0.85 to ensure that A-APF provides
dominant guidance. The update rule is shown in Eq. (11).

t
e, (1) =1.0-0.1- - (11)
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where t; is the decay threshold (empirically set as 10% of the total training steps).

This phase facilitates the spraying robot in rapidly accumulating safe path knowledge with strong A-APF
guidance, thereby reducing initial collision risk.

o Environment Adaptation Phase (t > t;)

In this stage, the ratio ¢, is dynamically adjusted according to the number k of surrounding obstacles
detected in the local 3 x 3 grid. A higher obstacle density triggers increased stochastic exploration. The
adjustment rule is defined in Eq. (12).

max (0.7,0.85 - 0.025k) ifk > 0

& (k) = {+o.05 ifk=0 (12)

where kp.x = 8 is the maximum obstacle count in the local grid. However, simulation data suggests the
average number of effective surrounding obstacles is k = 4.

Eq. (12) belongs to the dynamic collaboration optimization module and is used to balance the propor-
tion between A-APF guidance and Q-learning exploration, with its trigger timing being the “Update action
space A” step after “Reset position” in Fig. 1: when the environment modeling module detects an increase in
the number of obstacles k in the local 3 x 3 grid (e.g., k = 4), &, decreases to 0.7, which, while enhancing the
random exploration of Q-learning to find new paths, ensures that even in cluttered environments, 70% of
the time is still guided by A-APF to avoid drastic performance drops caused by purely random exploration;
when k decreases (e.g., k = 0), ¢, increases to 1, increasing the guidance proportion of A-APF to move quickly
toward the target, and this increase in ¢, enables the shotcrete robot to move quickly toward the target point in
the safe area, reducing invalid exploration steps, with such adjustment directly affecting the action selection
logic of the “Select strategy via &,” step and ultimately achieving the overall goal of “more exploration in
complex environments and fast planning in safe environments”.

2.4.2 Environment-Aware Action Filtering for Obstacle Avoidance

To proactively prevent collisions at the source, an action filtering mechanism is designed based on the
local 3 x 3 grid surrounding the spraying robot. The mechanism operates as follows:

1. The spraying robot continuously monitors the distribution of obstacles in the eight directions surround-
ing the current state s, using the local observation matrix O(x;, ).

2. If an obstacle is detected to the left or right of the current position, then the actions leading to the grid
cells directly above or below the obstacle are disabled. Similarly, if an obstacle is detected above or below,
then the actions leading to the grid cells on the left or right of the obstacle are excluded.

3. The action space A is dynamically updated by retaining only those actions that do not pose a collision
risk, thereby ensuring safe exploration.

This mechanism significantly reduces the collision rate during the early stages of training and helps
eliminate ineffective exploration.

3 Experimental Validation and Results Analysis

To verify the effectiveness of the proposed dynamically integrated Q-learning and A-APF algorithm in
complex obstacle environments, this chapter designs a series of comparative experiments to quantitatively
evaluate the algorithm in three aspects: path safety, learning efficiency, and path optimality. Specifically, the
first and second sets of experiments are conducted on the study’s 20 x 20 experimental map (featuring 15%
obstacle density and fixed start/goal points); additionally, ten distinct maps (rang I-rang 10) are designed,
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each experiment is run once on these ten maps, and the average of all data is calculated. The third and fourth
sets of experiments both involve 600 training episodes, with obstacles following a fixed random distribution
to ensure fairness in comparisons between different algorithms.

+ The first set of simulation experiments verifies the optimal value of the repulsion coefficient k.,
collecting data on path length, number of corners, and completion time when the collected values range
from 1 to 10 (with data collected at intervals of 1). Moreover, each value is run ten times separately, and
then the average value is calculated.

« In the second group of simulation experiments, the proposed A-APF algorithm is compared against
the traditional A* algorithm. The performance is evaluated by comparing the total path length and the
number of turning points generated during path planning.

+ In the third group of simulation experiments, the A-APF guidance ratio &, is set as a fixed value. Data
are collected for &, values ranging from 0.70 to 0.95 (with an interval of 0.05), including number of
training failures, training completion time, number of steps required for convergence, and optimal path
length. These results are used to determine the optimal range of ¢, that balances algorithmic efficiency
and number of training failures.

o In the fourth of simulation experiments, the proposed dynamically fused method is compared with a
standalone Q-learning algorithm and a statically fused method (with a fixed A-APF usage probability
&). This comparison highlights the advantages of dynamic cooperation between Q-learning and A-APF
in terms of adaptability and overall planning performance.

All experiments are conducted on a computer equipped with an Intel® Core™ i5-8300H CPU and 16 GB
of RAM. MATLAB 2024b is used as the experimental platform. The experimental design adheres to standard
simulation practices, ensuring the reliability and validity of the results across various complex environments.

3.1 Experimental Design
3.1.1 Environment Setup

In this simulation experiment, a two-dimensional grid map is adopted as the environment. The grid
size is set to 20 x 20, with obstacles randomly distributed at a density of 15%. As shown in Fig. 2.

The 20 x 20 grid map (simulating a typical underground coal mine tunnel cross-section, practical width
4-5 m, height 3-4 m) uses 0.2 m x 0.2 m cells—matching the spraying robot’s minimum turning radius
(0.3 m) and dimensions (0.8 m x 0.6 m) to capture obstacle avoidance details (e.g., small pipeline brackets)
without excessive computation. All obstacles are static and randomly distributed at 15% density (60 cells in
400-cell grid), a value from Huainan Mining Area field surveys (12%-18% for medium-complexity tunnels),
with two constraints: no overlap with start/goal or their 3 x 3 local grids, and 1-cell (0.2 m) minimum spacing
between adjacent obstacles to avoid invalid clusters. The start position (1, 1, top-left) is the tunnel entrance’s
obstacle-free parking area (verified via Section 2.I’s 3 x 3 matrix), and the target (20, 20, bottom-right)
simulates a tunnel section’s spraying end point [19].

3.1.2 Parameter Settings

The experimental parameters are summarized in Table 1. The core parameters of the Q-learning
algorithm are selected based on standard configurations commonly used in reinforcement learning. The key
coeflicients of the Adaptive A-APF algorithm are optimized through orthogonal experimental design.
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Figure 2: 2D grid map

Table 1: Experimental parameters used in this study

Parameter Parameter name Parameter name Selection basis
category
Learning rate o 0.1 From [7,8]; balances Q-value update
stability & convergence efficiency
(validated for path planning).
Discount factor A 0.9 Highlights future reward impact (suits
“long-term optimal path” demand);
convergence validated by [7].
Q-learning Initial exploration 1.0 From [16] (UGV navigation); full
rate €t A-APF guidance early to reduce
collisions.
Minimum 0.1 Retains 10% exploration to handle
exploration rate &, environment changes; avoids late local
optimality.
Decay coefficient 0.01 Pre-experiments show it balances
Edecay exploration and exploitation,
outperforming 0.005 (slow
convergence) and 0.02 (insufficient
exploration) in convergence.
AAPF Repulsion coefficient 5.0 Optimal in Section 3.2.1: shortest path,

rep

fewest turns, fastest time; ¢-test
significant (p < 0.01 vs. k., = 1/3/6).

(Continued)
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Table 1 (continued)

Parameter Parameter name Parameter name Selection basis
category
Decay threshold £, 10% of the total Strong early guidance (10% steps) to
number of steps accumulate safe experience (matches

Q-learning’s early learning).

Environmental Grid size 20 20
Maximum number 600
parameters . .
of training episodes
Maximum steps per 200
episode
Corner 0 (corner threshold) >45° Based on robot kinematics: 6 < 45° no
detection accuracy impact; 6 > 45° needs pause

(physical test validated).

The & = 0.1 and A = 0.9 are set with reference to classical reinforcement learning literature on path
planning [7,8]—where these values have been extensively validated for path planning tasks—with « = 0.1
balancing the stability of Q-value updates and iteration efficiency (preventing Q-value oscillations caused by
an excessively large « or slow convergence due to an overly small «), and A = 0.9 emphasizing the impact
of future rewards on current decisions, which aligns with the shotcrete robot’s need to “prioritize planning
for the long-term optimal path”. The exploration rate parameters (&;,i; = 1.0, emin = 0.1, and €gecqy = 0.01) are
adopted based on prior experiments in Q-learning-based robotic navigation, ensuring a balance between
early exploration and later-stage exploitation [16].

3.1.3 Baseline Algorithms Selection Rationale

To validate the proposed dynamic integration algorithm’s advantages in solving “low learning efhi-
ciency” and “insufficient path safety”, two baseline algorithms were selected based on field relevance and
research objectives:

1. Traditional Q-learning Algorithm

Itis a classical model-free reinforcement learning method widely used in mine robot path planning [7,8],
but suffers from blind exploration (low efficiency) and lack of safety guidance—key problems this study
addresses. Comparing with it verifies if A-APF guidance improves learning efficiency and safety.
2. Static Fusion Algorithm (Q-learning + A-APF with Fixed ;)

It retains Q-learning-A-APF fusion but lacks the proposed “dynamic collaboration mechanism”. As a
simplified version of our method, it helps highlight the value of dynamic ¢, adjustment in reducing failures
and shortening convergence time [16,17].

Other algorithms (pure A*, pure APE, BIRRT-APF) were excluded: pure A*/APF lack adaptive learning
(mismatched with our focus on “learning-heuristic collaboration”); BiRRT-APF is designed for 3D UAVs,
incompatible with 2D mine grids [13].
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3.2 Simulation Results and Analysis
3.2.1 First Group of Simulation Experiments: Verifying the Optimal Value of Repulsion Coefficient ki,

In A* algorithm path planning, the repulsion coefficient k., acts as a weight factor to adjust the
repulsion’s influence on path planning. Its optimal value depends on specific scenarios and environmental
characteristics, so k., was initially set to range from 1 to 10. To ensure the reliability and generalization of the
results, tests were conducted for each k., value (ranging from 1 to 10) across 10 different map environments
with fixed obstacles (denoted as rang 1-rang 10). The average data for each k,., value was then calculated,
and Table 1 presents the average data corresponding to k.., values from 1 to 10.

As shown in Table 2, k., = 5 delivers the best performance for the A-APF algorithm, striking an optimal
balance between path planning safety and efficiency. This parameter also generalizes well in environments
with sparse to moderate obstacles. this range (sparse to moderate) covers 90% of the practical coal mine
roadways surveyed in Huainan Mining Area (12%-18% obstacle density).

Table 2: Comparison of the A-APF algorithm when the repulsion coefficient k.., ranges from 1 to 10

Repulsion coefficient Path length (Grid Number of inflection = Completion time (s)

krep value Unit) points
1 31.56 + 1.28 21+ 21 1.13 £ 0.08
2 31.56 + 1.10 21+1.8 1.10 + 0.06
3 33.56 + 0.80 18 +1.5 1.16 + 0.07
4 32.38 +£1.30 18 + 1.7 1.11 £ 0.05
5 30.38 + 0.96 14+ 21 1.05 + 0.06
6 32.38 +£ 0.89 20+ 2.0 1.07 + 0.04
7 32.38 £+ 0.94 18 + 1.7 1.10 + 0.06
8 30.97 + 1.44 18 £1.9 1.06 + 0.06
9 30.97 + 1.36 16 + 1.8 1.24 £ 0.07
10 30.97 £1.50 16 £ 2.0 1.06 + 0.08

Mechanistically, k., acts as a “repulsive force weight” in A-APF’s improved heuristic function (Eq. (4)).
A too-small k., (e.g., 1, 2) leads to insufficient F,(n), making A* node selection prone to approaching
obstacles—evidenced by 21 inflection points when k., = 1 (frequent obstacle detours). A too-large k., (e.g.,
9,10) causes excessive repulsion and unnecessary path detours: for k., = 10, the path length (30.97 grid units)
is 0.59 units longer than that at k., = 5, as nodes are pushed too far from obstacles.

For scenario adaptation, k., = 5 matches the 15% obstacle density of underground mining tunnels

(Section 2.1.1). It balances repulsion (avoiding collisions in narrow tunnels) and A*’s “goal orientation”
(maintaining path efficiency for spraying robots’ continuous operation).

Independent sample ¢-tests (comparing k.., = 5 with 1, 3, 6) confirmed statistically significant differences
in path length (p < 0.01) and completion time (p < 0.05), validating k.., = 5s consistent superiority in
balancing safety and efliciency.

3.2.2 Second Simulation Experiment: Comparison between A* Algorithm and A-APF Algorithm*

The traditional A* algorithm demonstrates limited adaptability in complex environments and is prone to
becoming trapped in local optima during path planning; to address this issue, the A-APF algorithm integrates
the APF to guide node selection toward areas with fewer obstacles. To rule out random factors, both the



Comput Mater Contin. 2026;86(2) 15

traditional A* and A-APF algorithms were run on ten distinct maps (with consistent map size, start points,
and goal points). Results show that the traditional A* algorithm has an average of 17.9 + 2.3 turning points,
while the A-APF algorithm has 14.0 + 1.5 turning points—a 22% reduction. A paired ¢-test on the number
of turning points between the two groups yielded t = 3.21 (p < 0.01), confirming that the effect of A-APF in
reducing turning points is statistically significant. As shown in Fig. 3.

Path with the highest reward valuo (Reward: 169,00, Path length: 31.56)

Figure 3: Comparison between the traditional A* algorithm and the A-APF algorithm (both with obstacle avoidance
mechanisms): (a) Traditional A* algorithm; (b) A-APF algorithm

As shown in Fig. 3, the A-APF path (Fig. 3b) is shorter with only 14 turning points—an ~22% reduction
compared to the traditional A* path (Fig. 3a).

1. Path Characteristics vs. Algorithm Design

A-APF’s path stays “closer to the mine tunnel axis” because its F,., (1) guides nodes away from side
obstacles (e.g., pipelines, brackets). Traditional A*, lacking this repulsive term, produces paths that “detour
near obstacles” (Fig. 3a has turns close to obstacles), raising collision risks.

2. Practical Value for Spraying Robots

In tunnel support spraying, reducing the number of turns (from approximately 18 to 14) plays a crucial
role, as elaborated in Section 1.1. Frequent turns necessitate repeated posture adjustments, which in turn lead
to uneven spray thickness. Conversely, fewer turns help maintain the stability of the robot, thereby enhancing
spray quality and minimizing collisions—an outcome that aligns perfectly with the core requirement of
ensuring effective tunnel support spraying.

3. Statistical Validation

A two-tailed t-test confirmed the A-APF’s fewer turning points are statistically significant (p < 0.01),
proving its better safety and efficiency than traditional A* in complex mining environments.

3.2.3 Third Simulation Experiment: Influence of A-APF Proportion (e,) on the Performance of the Fusion
Algorithm

The proportion of A-APF (g) plays a significant role in determining the training number
of training failures and convergence speed of the Q-learning algorithm. When ¢, is too high,
the number of training iterations required for convergence tends to increase. Conversely, when ¢, is too
low, the number of training failures increases, and training efficiency is also compromised.
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To investigate the optimal range of ¢, that balances training efficiency and the number of training
failures, this experiment fixed ¢, at discrete values ranging from 0.70 to 0.95 in increments of 0.05. For each
&, value, the following performance metrics were collected:

o the number of training failures,

o training completion time,

o number of iterations required for convergence,
« optimal path length,

« number of inflection points.

As shown in Fig. 4, the following is the change curve of the reward value when ¢, is fixed at discrete
values ranging from 0.70 to 0.95.

Asshownin Table 3, we report the data for each ¢, setting, including number of training failures, number
of iterations, total execution time, optimal path length, and number of turning points.

From Fig. 4 and the corresponding table, ¢, = 0.95 brings the fewest training failures, ¢, = 0.75 minimizes
running time and optimal path length, and ¢, = 0.80 achieves the shortest path and fewest inflection points.
In contrast, & = 0.60 and 0.65 lead to the most failures, most inflection points, and much longer training
time—e¢, = 0.60 even produces the longest path and fails to find the optimal solution. These results confirm
the fusion algorithm works best when ¢, ranges from 0.70 to 0.85: each value in this interval has strengths,
such as g, = 0.75 minimizing iterations but causing relatively more failures, while ¢, > 0.85 reduces failures
but requires more iterations.

In Fig. 4's reward curves, & = 0.60 shows the largest fluctuations with frequent negative rewards, as
low ¢, increases random exploration and makes the robot collide with obstacles more easily. €, = 0.95 slows
convergence: over-reliance on A-APF stops Q-learning from learning local optimal paths, and Table 3 shows
it needs 475 iterations—75 more than ¢, = 0.75’s 400.

Combined with the “dual-layer exploration rate control” in Section 2.4.1, & = 0.70-0.85 balances A-
APF’s “safety guidance” and Q-learning’s “exploration optimization™ in obstacle-dense areas (e.g., mine
tunnel intersections), lower ¢, (e.g., 0.70) boosts exploration to avoid A-APF’s local optima; in sparse areas
(e.g., straight tunnels), higher ¢, (e.g., 0.85) speeds up convergence and cuts invalid steps.

Abnormal performance at & = 0.65—13 training failures—further validates dynamic adjustment’s
necessity: its 35% random exploration ratio leads to frequent collisions in mines with 15% obstacle density
(Section 2.1.1), proving fixed ¢, (especially <0.70) can’t adapt to complex environments. Thus, the algorithm
adjusts &, dynamically based on surrounding obstacles: lower ¢, in complex areas to find optimal paths faster,
higher &, in safe zones to speed up planning.
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Figure 4: Training curves for different ¢, values: (a) is for g, = 0.6; (b) is for &, = 0.65; (c) is for &, = 0.7; (d) is for ¢, =
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Table 3: The influence of different proportions of A-APF (g,) on the performance of the fusion algorithm

Value of ¢, Failure Iteration Running Optimal path Number of
count count time (s) length (Grid Unit)  inflection points
0.60 12 600 952.48 37.90 9
0.65 13 541 920.74 32.14 9
0.70 8 441 866.36 32.14 9
0.75 6 400 774.80 32.14 8
0.80 5 408 880.49 32.14 7
0.85 3 440 926.45 32.14 7
0.90 3 465 956.13 32.73 8
0.95 2 475 1008.46 32.73 8

3.2.4 Fourth Simulation Experiment: Comparison among Traditional Q-Learning, Static Fusion Algorithm,
and the Proposed Dynamic Fusion Algorithm

In the fourth set of experiments, we compare three algorithms: the traditional Q-learning algorithm,
a static fusion algorithm with a fixed A-APF usage probability (¢,), and the proposed dynamic fusion
algorithm. To ensure a fair comparison, all three algorithms adopt the same reward function and obstacle
avoidance strategy. The simulation results after 600 training episodes on the environment map shown
in Fig. 5 include both the trajectory visualization and the corresponding reward evolution curves.

From the comparison of Fig. 5a,c,e, it can be observed that traditional Q-learning fails to find an
optimal path even after 600 training episodes, due to its lack of effective early-stage experience. In contrast,
both the static and dynamic fusion algorithms successfully identify optimal paths with only 7 turning
points. Fig. 5b,d,f illustrates the evolution of reward values. The introduction of the A* algorithm into the
Q-learning framework significantly improves training efficiency. Among the three curves, Fig. 5b exhibits
the largest fluctuation, while Fig. 5f shows the smallest, indicating that a smaller amplitude reflects fewer
invalid path explorations and shorter training times.

To further validate this observation, we collected data on number of training failures, number of training
episodes, runtime, optimal path length, and number of turning points, as shown in Table 4.

From Table 4, traditional Q-learning has 78 training failures—a critical issue for underground mining,
as robot collisions could damage equipment and disrupt tunnel support spraying. The static fusion algorithm
(fixed &, = 0.75) cuts failures to 6, with iterations down by 33.3% and runtime shortened by 32.17% vs.
traditional Q-learning. However, its fixed ¢, fails to adapt to variable obstacle distribution: it over-relies on
A-APF in dense-obstacle areas (missing local optimal paths) and can’t speed up convergence in sparse areas.

The proposed dynamic fusion algorithm further reduces failures to 3 (50% less than static fusion), with
iterations down by 42.0% and runtime shortened by 42.95% vs. traditional Q-learning. This benefits on-
site deployment: 348 iterations and 661.69 s runtime let the spraying robot calibrate faster, reducing coal
mine downtime (aligning with Section 1.1’s “intelligent coal mining” goal). Its 32.14-grid optimal path is also
shorter than the static fusion’s 32.73 grids—thanks to dynamic ¢, adjustment, which lets Q-learning learn

more refined local paths while ensuring safety.
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Figure 5: Optimal path and reward value change curves for three algorithms: single Q-learning, static fusion algorithm,
and dynamic fusion algorithm. The reward mechanism and obstacle avoidance mechanism of all three algorithms are
identical. (a) Simulation diagram of traditional Q-learning algorithm; (b) Reward value change curve of traditional
Q-learning algorithm; (¢) Simulation diagram of static fusion algorithm (e, = 0.75); (d) Reward value change curve of
static fusion algorithm (e, = 0.75); (e) Simulation diagram of dynamic fusion algorithm; (f) Reward value change curve
of dynamic fusion algorithm
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Table 4: Comparison of experimental results of the three algorithms

Failure = Number of Running  Optimal path Number of

Algorithm count iterations time (s) length (Grid inflection
Unit) points

Traditional Q-learning 78 600+ 1142.42 33.56 7
algorithm

Static fusion algorithm 6 400 774.80 32.73 7
(& =0.75)

Dynamic fusion 3 348 661.69 32.14 7
algorithm

Independent sample ¢-tests confirm the dynamic fusion algorithm’s advantages:

o Versus traditional Q-learning: Significantly fewer failures (p < 0.001) and shorter runtime (p < 0.01),
solving “low efficiency” and “insufficient safety” issues.

«  Versus static fusion: Significantly fewer failures and shorter runtime (p < 0.05), proving dynamic &, is
more adaptable to complex underground tunnels than fixed proportions.

These results verify the dynamic fusion method’s stable advantages in balancing path safety, efficiency,
and optimality for underground spraying robots.

3.2.5 Fifth Simulation Experiment: The Experimental Performance of the Dynamic Fusion Algorithm
Proposed in This Paper on Maps with Different Obstacle Rates

To further verify the adaptability of the proposed dynamic fusion algorithm to varying environmental
complexities—especially the common fluctuation of obstacle density in underground mining tunnels—this
experiment designs five groups of 20 x 20 grid maps with different obstacle rates: 20% (moderate density),
25% (high density), and 30% (extreme density). For each obstacle rate, 10 distinct maps (with fixed start
points (1, 1) and goal points (20, 20), and no obstacle overlap with start/goal 3 x 3 local grids) are constructed
to eliminate random errors. As shown Table 5.

Table 5: The experimental performance of the dynamic fusion algorithm on maps with different obstacle rates

Obstacle Failure Number of Running Optimal path Number of
density count iterations time (s) length (Grid Unit) inflection points
15% 3 348 661.69 32.14 7
20% 7 344 1021.43 34.14 10
25% 1 342 1253.59 34.14 11
30% 18 367 1596.34 34.73 15

As obstacle density increases from 15% to 30%:

 Training failures rise from 3 to 18, but remain acceptable at 30%, showing robustness.
« Convergence rounds stabilize at 342-367, indicating effective “exploration-exploitation” balance and
stable training efficiency.
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« Running time increases significantly (661.69 to 1596.34 s) due to more complex obstacle avoidance com-
putations.

« Optimal path length grows moderately (32.14 to 34.73 grid units), demonstrating reduced redundancy
while avoiding obstacles.

+ Inflection points increase from 7 to 15, reflecting adaptability to complex environments via more turns.

In summary, the algorithm shows good adaptability and stability across different obstacle densities, with
satisfactory key performance indicators, supporting its use in actual coal mine environments.

4 Discussion and Analysis
4.1 Advantages of the Proposed Algorithm

The proposed dynamically fused Q-learning and A-APF algorithm has multiple advantages. In terms of
learning efficiency, the heuristic guidance of A-APF reduces blind exploration in Q-learning and accelerates
the training convergence speed. The dynamic collaboration mechanism can adaptively adjust strategies
according to the training progress and environmental complexity. In terms of path safety, the repulsion field
mechanism and environment-aware obstacle avoidance strategy of A-APF significantly reduce the collision
risk. The reward function further strengthens the value of safe paths. As for path optimality, the combination
of the autonomous learning of Q-learning and the heuristic search of A-APF helps generate better paths,
which is reflected in the fewer turning points and shorter paths observed in the experiments.

By utilizing the complementary advantages of Q-learning and A-APF, the proposed method realizes
efficient and safe path planning in complex obstacle environments, providing a feasible solution for spraying
robot in underground coal mine roadways.

4.2 Limitations of the Proposed Algorithm
4.2.1 Limitations of the Algorithm

Although the algorithm has shown effectiveness, it still has some limitations. Firstly, it is mainly
designed for 2D grid environments, and its performance may degrade in 3D or highly dynamic environ-
ments. Secondly, several parameters, such as the repulsion coefficient k., learning rate «, and exploration
decay factor, have a significant impact on performance. Currently, these parameters are adjusted through
experience, lacking a systematic optimization framework. Thirdly, in large-scale environments, the storage
and update of the Q-table may become a computational bottleneck, leading to increased complexity and
potential inefficiency.

4.2.2 Gaps between Simulation and Practical Mine Applications

While the simulation results validate the algorithm’s effectiveness in controlled environments, notable
challenges remain when translating the approach to real underground mining scenarios:

1. Real-time performance vs. computational demands: Simulations were performed using a desktop-
grade CPU (Intel i5-8300H), whereas actual spraying robots operate on resource-constrained embedded
systems. The dynamic coordination mechanism (Section 2.4.1) and A-APF repulsion force calculations
(Section 2.2) pose latency risks in large-scale or highly dynamic tunnels. In such environments, timely
path adjustments (e.g., avoiding sudden obstacles such as mining vehicles) are essential.

2. Safety margin discrepancies: While the simulation defines “safety” as collision avoidance within grid
maps (Section 2.1.1), practical deployment necessitates more conservative safety margins (e.g., >0.5 m
from walls or obstacles) to accommodate sensor noise and control uncertainties. The fixed repulsion
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coefficient k., = 5 (Section 3.2.1) may underestimate these practical requirements, thereby increasing the
risk of collisions.

3. Environmental dynamics: The simulation is based on the assumption of static environments
(Section 2.1.1), while real mines present dynamic hazards (e.g., falling rocks, moving equipment) and
sensor occlusion due to airborne dust. These factors are not incorporated into the algorithm’s current
state-space definition (Section 2.1.1), potentially resulting in outdated or suboptimal path plans.

4. Perception limitations: Simulations assume idealized 3 x 3 local obstacle detection (Section 2.1.1),
whereas real sensors (e.g., LIDAR) often suffer from limited range and noise due to low illumination and
suspended dust particles. These sensing limitations may compromise the effectiveness of environment-
aware action filtering (Section 2.4.2), potentially resulting in misjudgments of obstacle positions.

4.3 Future Research Directions
To address these limitations, future research can explore the following directions:

« Extension to 3D and dynamic environments: Expand the application scope to 3D and more complex
dynamic environments by developing corresponding modeling and planning strategies.

o  Parameter optimization: Integrate intelligent optimization algorithms to realize adaptive and automatic
tuning of key parameters, thereby improving the robustness and generalization ability of the method.

« Efficient Q-table management: Study more efficient representation and update mechanisms, such as
replacing the Q-table with neural networks in DRL to support large-scale path planning.

« Enhancement of coordination mechanism: Improve the dynamic collaboration framework by incorpo-
rating more environmental factors, enabling closer and more efficient integration between Q-learning
and A-APE.

5 Conclusion

To solve the problems of low learning efficiency and insufficient path safety in path planning of spraying
robot in complex obstacle environments, this paper proposes a path planning method based on the dynamic
fusion of Q-learning and A-APE The effectiveness of the proposed method is verified through a large number
of simulation experiments.

In terms of algorithm design, the method takes Q-learning as the core framework, incorporates the
heuristic guidance of the A-APF algorithm, and constructs a comprehensive framework including four
key modules: environmental modeling, A-APF guidance, Q-learning reinforcement learning, and dynamic
coordination optimization. The environmental modeling module constructs a 2D grid map and defines the
state space, providing the robot with environmental perception ability. The A-APF module combines the
heuristic search of A* and the repulsion field mechanism of APF to generate path information with safe
guidance. The Q-learning module interacts with the environment to learn state-action values, establishes
a Q-table, and emphasizes the value difference between “safe paths” and “optimal paths” through the
design of the reward function. The dynamic coordination module adopts a double-layer exploration rate
strategy, dynamically adjusts the usage probability (¢,) of A-APFE, and incorporates environment-aware safety
constraints to realize the adaptive collaboration of the two algorithms.

In terms of experimental verification, three groups of comparative experiments were conducted. The
first group of experiments explored the impact of different A-APF proportions (g,) on the fused algorithm,
and found that the performance is optimal when &, is in the range of 0.7-0.85, which is then selected as the
dynamic adjustment interval. The second group of experiments compared the A* and A-APF algorithms,
showing that the paths generated by A-APF are shorter, with fewer turns and higher safety. The third group
of experiments compared the proposed dynamically fused algorithm with traditional Q-learning and static
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fusion (fixed ¢,). The results show that the dynamically fused algorithm performs better in terms of the
number of failures (only 3 failures in total), training rounds (348 times), and running time (661.69 s).
Compared with static fusion, the dynamically fused algorithm reduces the number of failures by 3 (from 6
to 3), the number of training rounds by 8.67%, and the running time by 10.78%.

The proposed dynamic integration method not only addresses path planning challenges for spraying
robots in complex underground mines but also provides a scalable framework for other autonomous
systems. Its core mechanisms—including grid/voxel-based environmental modeling, heuristic-supervised
reinforcement learning, and adaptive collaboration—can be directly adapted to 3D scenarios (e.g., multi-
level mine tunnels) and dynamic environments (e.g., rescue missions with moving rubble). This adaptability
highlights its potential to inspire navigation solutions for mine rescue robots, UGVs, and other autonomous
devices operating in unstructured and changing environments.
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