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Abstract: Under the background of the rapid development of global intelligent manufacturing, improving the efficiency of intelligent
harvesting robots in agricultural operations has become a key research focus. Addressing the complex multi-target traversal problem
faced by orchard harvesting robots, this study proposes a multi-target global path planner connecting Particle Swarm Optimization (PSO)
and the A* algorithm. First, the A* algorithm is used to calculate the actual collision-free path distance between target points to construct
a real cost matrix, overcoming the limitation in traditional Traveling Salesperson Problem (TSP) solutions that rely solely on Euclidean
distance and ignore the impact of obstacles. Subsequently, an improved inertia-free discrete PSO algorithm is utilized to solve the multi-
target path planning problem and generate the optimal target visit sequence. Finally, the A* algorithm is used to connect the sequence
into a complete closed-loop working trajectory. Gazebo simulation tests demonstrate that the proposed algorithm converges efficiently
in multi-target scenarios of various scales, significantly improving the global planning quality and computational efficiency of robots in

complex orchard environments.

Keywords: Path Planning; Particle Swarm Optimization; A* Algorithm; ROS; Multi-objective Traversal

1. INTRODUCTION

With the rapid development of intelligent manufacturing and
the economy, robotics technology has penetrated every aspect
of human production and life. In agriculture, harvesting
operations are generally characterized by strong seasonality,
high labor intensity, and high labor costs. The application of
intelligent  harvesting robots is key to agricultural
modernization, and their unstructured working environments
require robots to possess efficient autonomous positioning and
path planning capabilities.

In actual orchard operations, harvesting robots face a highly
complex "multi-target point access” problem (similar to the
Traveling Salesperson Problem, TSP). In existing TSP solving
algorithms, Euclidean distance is commonly used to measure
the relative positions between target points. However, in actual
orchard environments, due to the presence of obstacles such as
plants and walls, a simple geometric straight-line distance
cannot reflect the true traversal cost. As observed in practice,
the actual moving path between two points with the shortest
Euclidean distance is often much longer when obstructed by
obstacles. This discrepancy causes the operational sequences
generated by traditional path planners to be sub-optimal in
actual execution, resulting in significant invalid movements
and energy consumption.

To address these issues, this paper proposes a global path
planner fusing the A* algorithm and Discrete Particle Swarm
Optimization (PSO). By replacing the Euclidean distance
matrix with a real path cost matrix and combining it with an
improved discrete PSO algorithm for sequence optimization,
this approach provides a navigation solution for agricultural
robots that balances global optimality and computational
efficiency.

2. SYSTEM ARCHITECTURE AND
MODELING

This system is built on the ROS Noetic operating system on
Ubuntu 20.04, utilizing ROS's modular nodes and Topic
communication mechanism to achieve real-time data
interaction. The overall system architecture mainly includes an
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environmental perception and positioning module, and a global
path planning module.

To enable the robot to efficiently acquire orchard
environmental information, the system uses the Gmapping
algorithm to construct a 2D grid map. This algorithm
implements Simultaneous Localization and Mapping (SLAM)
based on the Rao-Blackwellized Particle Filter (RBpf),
effectively reducing the complexity of the SLAM problem.
During navigation, the Adaptive Monte Carlo Localization
(AMCL) algorithm is employed. By dynamically adjusting the
number of particles and evaluating the alignment between
LiDAR data and map obstacles in real-time, it achieves high-
precision robot localization in dynamic environments.
Accurate map and positioning data are transmitted to the
customized multi-target point planner through the global cost
map (global_costmap) under the Move_Base framework.
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Figure 1. Architecture diagram of the intelligent harvesting
robot path planning system

3. GLOBAL PATH PLANNING
Addressing the multi-target traversal problem, this paper
designs a fusion planning strategy of "A* algorithm for
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distance measurement + PSO algorithm for optimization + A*
algorithm for connection".

3.1 Real Cost Matrix Construction Based
on the A* Algorithm

To avoid the evaluation distortion caused by Euclidean
distance, the system first calls the A* algorithm to calculate the
actual collision-free path length between any two target points.
The A* algorithm effectively narrows the search scope through
a heuristic function, avoiding the inefficiency caused by the
blind search of Dijkstra's algorithm. Its evaluation function is
expressed as:

F(n) =G(n) + H(n)

Where G(n) represents the actual path cost from the starting
node to the current node n; H(n) is the heuristic function
estimating the optimal path cost from the current node to the
target node. This study uses Euclidean distance as the heuristic
function:

H(n) = \/(Xn - Xtarget)2 + \/(Yn - Ytarget)z

By calculating the actual path lengths between d target points
pairwise, a d x d weight matrix with diagonal elements of 0 is
constructed. This matrix converts the physical obstacle
information in the environment into distance costs, providing
accurate prior data for subsequent sequence optimization.

Figure 2. Distance evaluation differences in obstacle
environments

3.2 Improved Discrete Particle Swarm
Optimization (Discrete PSO)

After obtaining the weight matrix, the traversal order of the
target points is treated as a discrete variable, and an improved
Discrete Particle Swarm Optimization (Discrete PSO)
algorithm is used to solve for the optimal access sequence. In
traditional continuous PSO, the velocity update formula relies
on inertia weight and continuous spatial step size; however, in
multi-target path optimization, the particle's position is defined
as an arrangement sequence of target points (e.g., x; =
{1,5,2,4,3} ), and velocity is defined as a set of Swap
operators.In a sequence optimization scenario, the
superimposition of inertia based on historical swap operations
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will lead to irreversible path degradation. Therefore, this paper
removes the inertia term from traditional PSO and reconstructs
the velocity update formula as:

v(t 4+ 1) = c17[Ppest (1) — x;(8)] B o7 [Gpese (@) — x; ()]

Where @ indicates retaining the swap operation with a set
probability. The individual learning factor ¢_1 and the social
learning factor ¢_2 act as probability thresholds, guiding the
particles towards the individual historical best (pp.s:) and the
global best (gpest)-

To compensate for the weakened global exploration ability
after removing the inertia term, the algorithm introduces the
crossover and mutation mechanisms of genetic algorithms: in
each iteration, there is a 15% probability of performing random
position crossover exchanges on the sequence, and a 10%
probability of reversing sub-path fragments. This hybrid
strategy not only retains the fast-convergence characteristic of
the PSO algorithm but also effectively overcomes premature
convergence and population homogenization by dynamically
injecting path diversity. The final optimal sequence obtained is
spliced again by the A* algorithm to form a visual and
executable closed-loop working trajectory.

=

St
o Enter Mission Loocp
Initisitze ROS Node
[ Are Al Tasks
———

poacUse A" Algonthm
0 Caloutule Weght
Matroe

Yos
Cn’.r‘(hvlv>

No l End

' PElsh Curant Goal

—  A—

Publish Task Poirts for
Visvalzaton

Point
Usa Move_Base
Navigation

Call Partcs Searm
Optimezstion o Sove
Auiti-goal Path
Plarring Problem

Artive st Current
Goal Pont?

A4 Yos
R ——

of Swalch %0 Naxt Task
Poinl

Putish Optmal Paty —

Figure 3. Execution flowchart of the multi-target global path
planner

4. SIMULATION AND EXPERIMENTAL
RESULTS

To verify the effectiveness of the algorithm, this study is based
on the Gazebo 3D simulation platform carrying a TurtleBot3
Waffle robot model, and a complex orchard environment
measuring 42m x 46m was independently constructed using
Blender. Walls and orchard arrays were added to test the
algorithm's optimization capability under complex obstacle
conditions.

4.1 Global Path Planning Performance

Evaluation

Targeting operational demands of different scales in the
orchard, test scenarios with 10, 30, and 50 target points
(excluding the starting point) were set up. Each set of scenarios
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underwent 10 independent experiments, and the average values
were taken. Using 30 target points as an example, we compared
the proposed "PSO+A*" fusion algorithm with the
conventional Greedy Algorithm (which selects the point with
the closest local Euclidean distance each time):

Table 1. Comparison of PSO algorithm and Greedy
algorithm under 30 target points

. Number Average Average
Alﬁc;nr;:m of Computation Path Length
Targets Time (s) (m)
PSO
Algorithm 30 3.509 189.87
(PSO+A*)
Greedy
Algorithm 30 0.001 207.24

As shown by the data in Table 1 and Figures 4 and 5, although
the Greedy Algorithm has an extremely short computation time,
it is highly prone to falling into local optima due to a lack of
global coordination, resulting in paths with numerous
backtracks and redundancies. The proposed PSO fusion
algorithm, within an allowable computation time overhead
(approx. 3.5 seconds), successfully avoided obstacle traps and
shortened the overall path length by approximately 8.4%
(nearly 17.3 meters), demonstrating extremely high global
optimization quality.

Figure 4. Global optimal path planned based on the PSO
algorithm under 30 target points

WWW.ijsea.com

Figure 4. Global optimal path planned based on the PSO
algorithm under 30 target points

4.2 Algorithm Convergence Analysis

To further verify the stability of the PSO algorithm, the
variation curve of the algorithm's optimal path length with the
number of iterations was recorded. In all tests with 10, 30, and
50 target points, the algorithm demonstrated excellent
convergence characteristics. Taking 30 target points as an
example, in the initial iteration stage, due to the effect of the
crossover and mutation mechanism, the search space expanded
rapidly, and the path length showed a step-like significant
decline; entering the middle stage, the algorithm quickly
converged to the optimal solution area; in the later stage, it
stabilized and fluctuated near the minimum value without
diverging. This fully demonstrates that the discrete PSO
algorithm, which removes the inertia term and introduces a
mutation mechanism, achieves a good balance between
solution quality and computational efficiency.
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Figure 6. Iteration convergence curve of the PSO algorithm
under 30 target points

5. CONCLUSION

Targeting the multi-target path planning problem faced by
intelligent harvesting robots in complex orchard environments,
this paper proposes a systematic solution fusing the A*
algorithm and Discrete Particle Swarm Optimization (PSO). By
calculating the actual obstacle avoidance distance between any
two points using the A* algorithm to construct a real path cost
matrix, the evaluation error brought by Euclidean distance in
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traditional TSP planning is successfully resolved. Utilizing an
improved discrete PSO algorithm without an inertia term
combined with a crossover mutation mechanism efficiently
yields the optimal sequence for multi-target traversal.
Simulation experiments show that the planner can stably
converge in operational scenarios of various scales,
significantly reducing the robot's invalid movements and
improving the overall efficiency of agricultural harvesting
operations.

Future research will attempt to combine deep learning
technologies to pre-screen critical path points or introduce
distributed computing frameworks to further accelerate the
algorithm's solving process in ultra-large-scale target point
scenarios (e.g., over 100). Meanwhile, advancing the
engineering deployment and field verification of this algorithm
in physical orchard environments will be the focus of the next
step.
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