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Abstract: Obstacle avoidance is crucial for unmanned aerial vehicles (UAVs) in agriculture to perform
tasks such as crop monitoring, precision spraying and picking assistance. The three-dimensional (3D)
nature of orchards, with issues such as a larger search space, diverse obstacle shapes, and higher
requirements for environmental adaptability, poses challenges for UAV obstacle avoidance. In this paper,
a 3D obstacle avoidance path planning method for agricultural UAVs based on improved ant colony
optimization (ACO) algorithm is proposed. Firstly, A 3D orchard simulation environment is constructed
using MATLAB. Secondly, based on the characteristics of the orchard environment with large ups and
downs of the terrain and multiple obstacles, the fitness function and heuristic information in the ACO
algorithm have been modified. Thirdly, a leader ant optimization (LAO) algorithm is proposed by
introducing the bellwether theory to improve the ACO algorithm. The LAO algorithm has been
comprehensively evaluated on path optimal solution, obstacle avoidance capability, convergence speed
and computation time. The experimental results demonstrate that the performance of LAO algorithm is
optimal compared to the traditional ACO algorithm, genetic algorithm (GA) and particle swarm
optimization (PSO) algorithm. The proposed LAO algorithm is suitable for UAV obstacle avoidance in
orchards.
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1. Introduction

Agriculture unmanned aerial vehicles (UAVs) are often used for tasks such as orchard monitoring, pesticide
spraying and data collection [1—4]. Agricultural UAVs often encounter problems of multiple obstacles, uneven
terrain, precision operations, and dynamic environment when flying in complex orchard environments [5—7].
Commonly used two-dimensional (2D) path planning methods are difficult to meet the needs of practical
applications. To solve these problems, the three-dimensional (3D) obstacle avoidance path planning method for
agricultural UAVs is necessary.

In the study of path planning, 2D methods and 3D methods exhibit fundamental differences in terms of
environmental modeling and search space dimensionality. The 2D methods are mostly based on discretized planar
grids, where obstacles in the environment are projected onto a 2D plane for processing. This approach has low
computational cost and is suitable for fast in-contour planning on flat terrain. In contrast, by introducing the height
information, 3D planning provides 3D routes that aligns with actual flight and safety requirements. On the other hand,
the size of the state space to be processed increases exponentially, and the amount of computation and storage for
neighborhood search and collision detection increase significantly. The existing 3D path planning algorithms mainly
include the A* algorithm, genetic algorithm (GA), particle swarm optimization (PSO) algorithm [8—10]. However,
the computational complexity of the A* algorithm increases dramatically when it is extended to a 3D environment,
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while the GA and PSO algorithms also suffer from the shortcomings such as poor adaptability to dynamic
environments and the easy to fall into local optimal solutions. Therefore, the problems of planning paths in 3D space
with computational complexity, dynamic environment adaptability, multi-objective optimization and global optimality
remain to be solved [11-13].

In search of an algorithmic candidate for 3D route planning for agricultural UAVs, the ant colony optimization
(ACO) algorithm has been proposed due to its natural adaptation to path optimization problems with strong dynamic
adaptability and global search capability [14,15]. However, the direct application of traditional ACO algorithms in 3D
path planning still suffers from some problems, such as slow convergence, easy to fall into local optimum or unsafe
paths [16—19]. To address these issues, researchers have proposed a series of improvements [20,21]. For example, in
environment modeling, continuous picking path planning is abstracted as a 3D traveling salesman problem (TSP) by
Zhang et al. [22], which achieves continuous path optimization while ignoring obstacles. In terms of heuristic
information optimization, the safety value function is proposed by Wang et al. [23] and incorporated into the heuristic
function of the ACO algorithm, improving the efficiency of path planning and enabling effective obstacle avoidance.
With respect to the improvement of the pheromone mechanism, the pheromone update strategy is improved by Duan
et al. [24] using a differential evolutionary algorithm, accelerating the global convergence of the algorithm. The
pheromone structure of traditional ACO is extended from 2D to 3D by Guo et al. [25], significantly improving the
accuracy of solution reconstruction. The pheromone update mechanism is improved by Chen et al. [26] in terms of
path factor, turn factor and security factor to solve the problem of deadlock and poor security. The environment is
modeled with a 3D grid method, and the pheromone reset method is proposed by Pu et al. [27] to maintain the
diversity of solutions and avoid deadlocks. Regarding the search strategy, the search dimension of the ACO algorithm
is further extended by Zhang et al. [28], and a 3D ACO algorithm is proposed to expand the selection of nodes to the
3D space of “longitude-latitude-velocity”. In multi-objective optimization, with safe obstacle avoidance and shortest
path as the optimization objectives, new heuristic factors, node selection optimization and pheromone updating
mechanisms are introduced by Li & Yu [29], showing good decision-making ability and convergence performance.
The multi-objective function integrating path distance and corner is established by Zhou et al. [30], and a goal-
guidance mechanism and an anti-deadlock mechanism are also designed to enhance the goal-directedness of the
search process. Furthermore, in combination with other algorithms, localized pheromones in 3D space are adjusted by
Han et al. [31] with the help of artificial potential field directional information, which enhances the directionality of
the path towards the target point and speeds up the convergence of the algorithm. An improved ACO algorithm
incorporating subpopulation mechanism based on adaptive heuristic factors and prior knowledge guidance strategy is
proposed by Song et al. [32], which enhances the global search capability and accelerates the convergence speed. To
solve the problem that the traditional ACO algorithm is prone to fall into local optimum, the beetle antennae search
(BAS) algorithm is introduced by Yan et al. [33] to perform quadratic programming on the paths, thereby improving
the speed and stability of the path search.

Although a number of works can help to improve the search capability and convergence speed of traditional
ACO in 3D path optimization, there are still some challenges in the practical application to agricultural operations
using UAVs. Among them, the obstacle avoidance problem has attracted widespread attention due to its critical role
in ensuring UAV flight safety. For example, to deal with the flight safety problems caused by the unstructured layout
of orchards and the irregular distribution of obstacles, an obstacle detection method based on the fusion of ultrasonic
wave and monocular vision is proposed by Yu [34], which realizes autonomous obstacle avoidance of UAVs by
detecting the information of obstacle edge contours. The deep Q-learning network is adopted by Tu & Juang [35] to
enable UAVs to realize real-time visual obstacle avoidance in virtual environments by learning from deep images.
Meanwhile, an ultrasonic sensor module is introduced to achieve stable sensing and avoidance of lateral obstacles.
Recently, deep neural networks are introduced into the improved Q-learning algorithm by Zhang et al. [36],
enhancing the capability of the algorithm for dynamic obstacle detection and real-time avoidance in complex 3D
orchard environments. The depth map back-projection algorithm is used by Liu et al. [37] to compute the 3D point
cloud of obstacles in the global coordinate system, effectively solving the redundancy and complexity problems in the
construction of orchard maps.

In addition, there are other challenges for UAVs to avoid obstacles in the orchard environment. Firstly, the
structure of the orchard environment is complex. Fruit trees are densely distributed, and the canopy and trunks are
prone to visual occlusion, making obstacle perception difficult. Secondly, dynamic obstacles exist. There are often
staff, agricultural machinery and other dynamic obstacles in the orchard operation process, which puts forward higher
requirements for real-time obstacle avoidance and path planning. Thirdly, computational resources are limited. The
limited computational capacity of UAVs makes it difficult to realize real-time obstacle avoidance planning with high
precision and rapid responsiveness.
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In summary, the aim of this paper is to propose a 3D obstacle avoidance path planning method for agricultural
UAVs based on the improved ACO algorithm. Combining the characteristics of the orchard environment, the fitness
function and heuristic information in the ACO algorithm are changed. In addition, by introducing the bellwether
theory to improve the ACO algorithm, a novel leader ant optimization (LAO) algorithm is proposed. Finally, the
effectiveness of the method is verified by simulation experiments.

The main contributions of this paper are as follows:

1. According to the constructed virtual scene of a 3D orchard with large ups and downs of the terrain and
multiple obstacles, the fitness function and heuristic information of the ACO are altered. It becomes possible to
realize obstacle avoidance for agricultural UAVs using the ACO algorithm. 2. A new LAO algorithm is proposed by
combining the bellwether theory and the ACO algorithm. The problem of slow convergence and easily falling into
the local optima of ACO algorithm is solved. 3. Simulation experiments show that the LAO algorithm outperforms
the traditional ACO, GA and PSO algorithms in terms of path optimal solution, obstacle avoidance capability,
convergence speed and computation time.

2. Basic ACO Algorithm

The ACO algorithm, first proposed by Marco Dorigo in 1992, is a heuristic optimization algorithm that
simulates the foraging behavior of ants in nature [38]. The ACO algorithm is also a colony intelligence algorithm that
draws on the mechanism by which ants gradually find optimal paths through pheromone interactions in their search
for food [39,40].

When searching for a food source, ants release a pheromone on the paths they pass through and are able to
sense the pheromone left behind by other ants. When choosing a path, ants usually prioritize the path with higher
pheromone concentration with a higher probability. And release a certain amount of pheromone to enhance the
pheromone concentration on that path, forming a positive feedback. At the same time, the pheromone concentration
on the path will gradually evaporate over time to avoid the algorithm from falling into local optimality. The size of
the pheromone concentration represents the distance of the path, the higher the pheromone concentration, the shorter
the distance of the corresponding path. Finally, the ant is able to find a shortest path from the nest to the food source,
which is the global optimal solution.

The state transfer rules, pheromone update rules and heuristic functions of the ACO algorithm are described as
follows:

(1)State transfer rules:

At time t, the ant chooses a node at random, and then the ant moves from node to node until it passes through
all the nodes. Assuming that the current ant chooses to move to node at node, its selection probability can be
expressed by the following equation:

L [Tij]a[nij]ﬁ
Y Z [Tiu]a[r]iu]ﬁ

ueN(i)

M

where P;; is the selection probability of the ant from node i to node j. ;; represents the pheromone concentration on
the path between nodes i and j. 7;; is the value of the heuristic function for the path between nodes i and j. @ and 8
indicate the importance factors of the pheromone and heuristic functions, respectively. N(i) is the set of neighboring
nodes of node i.

(2)Pheromone update rule:

Pheromone updating is a crucial step in the ACO algorithm that determines the ants' preferences on the path.
Pheromone updating includes two parts: global pheromone updating and local pheromone updating.

Global updating refers to the global updating of the pheromone based on the quality of the path after the ants
have completed the path planning. Path quality is usually evaluated based on the objective function values (e.g., total
distance, total cost, etc.). The global pheromone update formula is:

7+ 1) = (1=p) 7))+ A7) )
k=1
0

where 7;;(¢) represents the pheromone concentration on the path between nodes i and j at time ¢. p is the pheromone
volatilization factor, which takes a value between 0 and 1, and indicates the volatilization rate of the pheromone.
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Arﬁf) is the pheromone increment of the kth ant on the path between nodes i and j. m means the total number of
ants. Q is a constant, usually proportional to the problem size or the number of ants. L, denotes the length of the path
found by the kth ant.

Local updating refers to the real-time updating of the pheromone concentration on a path as the ant selects the
path. In general, the pheromone concentration will gradually decrease as the ants pass by during the path selection
process. The formula for local update is as follows:

7,0+ 1) =(1=p)-1,(D+p-To 4

where 7, ;(¢) represents the pheromone concentration on the path between nodes i and j at time 7. 7y is the initial
concentration of pheromone in the path, usually a constant.

(3)Heuristic function:

In the ACO algorithm, the heuristic function is a tool that helps the ants to make decisions in path selection, and
it is closely related to the nature of the actual problem. In path planning problem, to minimize the path length, the
heuristic function is the reciprocal of the distance between nodes:

Mij = ~~ (6))
where d;; indicates the distance from node i to node j.

3. A Novel LAO Algorithm

The ACO algorithm essentially models the behavior of ants in finding food paths, while the bellwether theory
focuses on the role and function of the leader in the colony. A LAO algorithm is proposed which combines the
bellwether theory with the ACO algorithm. The algorithm can improve the path selection and optimization process of
the ACO algorithm by simulating the decision-making process of the leader role in the colony. To enhance
understanding of the modifications introduced in LAO, the algorithm’s workflow is depicted in Figure 1. The details
are as follows:

(1) Guided path selection:

By introducing the concept of “Leader Ant”, which can lead other ants to a better direction according to the
global information (e.g., the quality of the current path), and other ants imitate the behavior of the leader ant and
gradually approach the optimal solution. The path selection probability formula for the LAO algorithm is as follows:

o 8 .
Lol If [ is a common ant
> ke tm

Pi o ueNG) . (6)
J (7,17 [, *° :
Z[T[LI]’I+5[71111]B+§, ’ If Iis a leader ant

ueN(i)

where 6 and ¢’ are the weight coefficients of the pheromone and heuristic information added to the leader ant,
respectively. It represents the guiding effect of the leader ant's decision on path selection.

(2) Dynamic adjustment of pheromone updating rules:

If certain ants show better path selection (similar to the behavior of the leader), then the pheromone
concentration can be increased for the paths where these ants are located. In this way, other ants are more likely to
follow the path of the lead ant, thus accelerating the convergence of the algorithm. The pheromone update formula
for the LAO algorithm is as follows:

Tyt + 1) = (1=p)-Ti(t)+ Y Atl+ Arle (7)
!

ATﬁjad = Plead * ATfj (8)

where A7! ; is the pheromone contributed by the common ant / to the path between nodes i and ;. Arfj“d is the
pheromone of the additional contribution of the leader ant to the path between nodes i and j, which can be increased
based on the quality of the path chosen by the leader ant or its leadership. .. is a weight parameter indicating that
the path contribution of the leader ant may be several times that of the common ant.
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Figure 1. Flowchart of the proposed LAO algorithm.

(3) The ability to balance global and local search:

Adjusting the search strategy based on the behavior of the leader ants is used to enhance the global search
capability. Specifically, in each round of iteration, the leader ants can lead some ants to explore farther regions to
avoid the algorithm from falling into local optimal solutions. A dynamic threshold can be set to determine whether
there is enough exploration space for the leader ants to lead other ants to jump out of the local optimal region.
Adjusting the number of leader ants based on the current search state and global information, a dynamic adjustment
mechanism is designed as follows:

... f(current path)

F(global best) <& then increase the number of lead ants )

where f(current path) is the objective function value of the current path. f(global best) is the objective function
value of the globally optimal path. € is a certain predefined threshold.

(4) Collective decision making of the colony:

The leader ant in the LAO algorithm can have a large impact on the path selection of the whole colony. By
introducing the guiding role of the leader ant, the weight allocation in collective decision-making is increased. At each
update of the pheromone, a weight factor is added to specify the dominance of the path of the leader ant in the colony
decision as follows:

Tyt + 1) = (1=p)-Ty()+ Y ATH + Wi AT (10)
l

where wy,.q is the weight of the lead ant in the collective decision, which is usually greater than the contribution of
the common ants.

(5) Calculate the adaptation value:

In order to adapt to the obstacle avoidance needs of UAVs in orchards, it is necessary to incorporate

Sofll


https://doi.org/10.53941/ijndi.2025.100028

1JNDI, 2025, 4, 100028. https:/doi.org/10.53941/ijndi.2025.100028

consideration of obstacles, flight height, distribution of fruit trees, and other environmental factors in calculating the
path adaptation. In an orchard, the “distance” of a path is not only the horizontal distance, but also the ups and downs
of the terrain that need to be taken into account when the UAV is flying. The effect of height difference has a greater
impact on path planning, especially if the UAV needs to cross higher fruit trees. The height data is used to determine
whether the path collides with an obstacle or not. If the height of a point the path passes through exceeds the
threshold, a collision is considered to have occurred and a penalty is added to the path. The fitness value is calculated
as a weighted sum of distance, path height difference, and obstacle penalty as follows:

fitness =My Tdistance tUp Theight tu3- Cpenalty (1 1)

where uy, up, and 3 denote the weights of the path distance, path height difference and obstacle penalty,
respectively. Tjizance Tepresents the total length of the path. T, indicates the total height of the path. Cenauy
means the collision penalty.

(6) Calculate the heuristic value:

The influence of orchard features is added to the calculation of the heuristic value, which makes the priority of
path points in the obstacle and tree regions lower, thus avoiding these regions. According to the distribution of trees in
the orchard or other obstacle information, the reachability judgment condition is modified. A point is considered
unreachable if its height does not pass the height of the UAV or if it is covered by trees or shrubs. A height factor is
introduced which is influenced by the height of fruit trees or different vegetation areas. It is assumed that if a point is
in a tree area, the effect of the height factor increases, resulting in a smaller heuristic value, which avoids the UAV
from flying over trees. The path distance is a combination of horizontal and vertical distances and height difference
and is adjusted according to the shape of the path and obstacles. The heuristic value is the weighted sum of
reachability, height factor and path distance as shown below:

n=p4S (s -M+pg-D+p7-P) (12)

where py, us, pe, and p; indicate the weights of the reachability, height factor, distance factor, and smoothness
factor, respectively. S means reachability. M represents the height factor. D denotes the distance factor. P is the
smoothness factor.

4. Results and Discussion

4.1. Experimental Environment and Parameter Settings

The experimental platform is a PC with an 13th Gen Intel(R) Core(TM) i5-13400F @ 2.50 GHz CPU, 32.0 GB
memory, NVIDIA GeForce RTX 4060 graphics, and Windows 11 operating system. And the experiments are
performed in the software environment of MATLAB R2020a simulation platform.

The parameters used in the LAO algorithm are listed in Table 1. Among them, these parameters (m, T, @, 8,
and p) are configured according to commonly accepted empirical settings. In addition, the algorithm incorporates
eight newly introduced parameters (L, w1, 2, 13, 4, Us, Mg, and p7) to improve the effectiveness of path evaluation
and guidance mechanisms. To ensure these parameters are optimally configured, a grid search combined with
sensitivity analysis is conducted within reasonable parameter ranges. According to the specific demands of the 3D
obstacle avoidance path planning task, a set of parameter values demonstrating favorable performance in terms of
both path quality and convergence speed is ultimately selected.

Table1 Key parameters and values of the LAO algorithm

Parameter Meaning Value
m Number of ants 50
T Maximum number of iterations 100
a Importance factor of pheromone 1
B Importance factor of heuristic function 3
P Pheromone volatilization factor 0.2
L Proportion of leader ants 0.2
M Weight of path distance 0.6
H2 Weights for path height difference 0.3
H3 Weight of obstacle penalty 0.1
Ha Weights for reachability Oorl
Hs Weight of height factor 0.2
He Weights for distance factor 0.5
M7 Weights for smoothness factor 0.3
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4.2. Orchard 3D Map Construction

Obstacles in the orchard mainly include trees, shrubs, fences, small buildings (e.g., tool shed), roads, etc. The
height values reflect the relative heights of these obstacles and have a certain distribution pattern in different areas.
The central area and some of the edges are set up as a concentration of fruit trees with height values in the range of
5-10 m. Scattered high values indicate buildings, with height values in the 11-13 m range. Lower values indicate
fences or shrubs with height values between 1.2—5 m. Certain blank areas, with height values of 0, simulate open
spaces or roads and indicate passable areas. In order for the experiment to be presented in a better way, the above data
values are enlarged by a factor of 160, resulting in the 3D map shown in Figure 2.

Height/m
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0 d
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+eo 10 10 o™
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Figure 2. 3D map of the orchard.
4.3. Path Quality

The evaluation of path quality consists of two main components: path length and obstacle avoidance. The path
length is an evaluation of the total length of the final path, which is a weighted sum of the horizontal and vertical
distances. A shorter path means that the ant has chosen a more optimal path. The mean path length of the proposed
LAO algorithm is compared with the conventional GA, PSO and ACO algorithms, as shown in Table 2. The mean
path lengths of the four algorithms GA, PAO, ACO and LAO are 2487.4956 m, 5716.9719 m, 4818.4120 m and
53.7401 m, respectively. It can be seen that the mean path length of the LAO algorithm is significantly lower than the
other three algorithms. It shows that the proposed LAO algorithm has good optimality in 3D path planning.

Table2 Mean performance comparison of GA, PSO, ACO, and LAO algorithms (based on 100 trials)

Algorithm Mean Path Length (m) Mean Fitness Value Mean Iterations Mean Time (s)
GA 2487.4956 160.4029 48.6 0.0077
PSO 5716.9719 130.6052 88.1 0.2944
ACO 4818.4120 121.3061 84.0 0.2838
LAO 53.7401 44.8481 62.4 0.1021

In addition to the length of the path, it is also necessary to ensure that the path does not cross obstacles. A
dynamic obstacle threshold is set for the experiment. In terms of obstacle avoidance, it can be evaluated by detecting
whether the path avoids obstacles such as fiuit trees, bushes, and buildings. The processing effect of obstacle
avoidance directly affects the effectiveness and feasibility of the algorithm. The path planning of the four algorithms
LAO, GA, PSO and ACO on 3D cubic space is shown in Figure 3. The two green circles in the figure indicate the
start and end points of the path, respectively. A 3D rotation observation of Figure 3 finds that the LAO and ACO
algorithms can effectively avoid 3D obstacles. The GA and PSO algorithms, however, often collide with obstacles.
Figure 4 shows a plan view presentation of the 3D optimal paths planned by the four obstacle avoidance algorithms.
It can be seen that the LAO and ACO algorithms are continuous, which means that the planned 3D paths do not
collide with obstacles. While the paths planned by the GA and PSO algorithms have a lot of disconnections,
indicating that the paths collide with obstacles, so this path is invalid. Figure 5 shows a 3D perspective view of the
optimal paths being planned by these four algorithms. It can be clearly seen that the paths planned by the GA and
PSO algorithms pass through the interior of the obstacles and the planned paths have a lot of ups and downs. While
the paths planned by LAO and ACO algorithms have better smoothness in the 2D plane and are overall smoother, as
shown in Figure 6. In addition, the proposed LAO algorithm is designed to take into account the effect of the height
on the UAV flight. From Table 2, it can be learned that the mean path length of the ACO algorithm is much larger
than that of the LAO algorithm, but the difference between the paths of the LAO algorithm and the ACO algorithm
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in the 2D plane is not significant. Therefore, the ACO algorithm has more ups and downs in the height, which puts a
burden on the UAV in terms of flight distance. The LAO algorithm, on the other hand, has less ups and downs in the
height, and the algorithm has good smoothness.
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Figure 3. 3D path planning cubic space diagram.

20 ! - \ } LAO

18— 7 T - GA

16 =11 ! -9 = PSO

14 i I
. 12 le ‘—7

e - 1

8 HH ! HH

s A

BN T [\ oo
4 i -+
2 ‘ [

2 4 6 8 10 12 14 16 18 20
m

Figure 4. Optimal path obstacle avoidance floor plan.
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Figure 6. Optimized path floor plan.

4.4. Speed of Convergence of the Algorithm

Convergence is defined as whether the algorithm is able to find a better solution in a shorter number of
iterations or stabilizes after a certain number of iterations. The convergence of the algorithm can be measured by
observing the trend of the fitness value. The trend of the best individual fitness of the four algorithms LAO, GA, PSO
and ACO is shown in Figure 7, which shows the fluctuation of the fitness of these four algorithms. Among them, the
LAO algorithm shows fast convergence and the fitness value stabilizes in a shorter number of iterations. Faster
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convergence means that the algorithms can quickly find a better path without wasting too much computational
resources. The PSO and ACO algorithms converge slowly and require more iterations to find the optimal solution.
And the PSO algorithm has more changes in the fitness value before finding the optimal solution, which is very
unstable. The convergence speed of the GA is the fastest, but the optimal fitness value after convergence is the
largest, and the quality of the solution is poor. As shown in Table 2, the mean fitness values of the four algorithms
GA, PSO, ACO and LAO are 160.4029, 130.6052, 121.3061 and 44.8481, respectively. The average number of
iterations of the four algorithms GA, PSO, ACO and LAO are 48.6, 88.1, 84.0 and 62.4, respectively. It can be
observed that the LAO algorithm achieves a significantly lower mean fitness value compared to the other three
algorithms, along with a smaller average number of iterations, demonstrating good convergence performance.

220
— LAO
200 — GA

PSO
180 1 — ACO
160 |

140 |
120 |
100 |
80
60 |
40

Fitness value

0 20 40 60 80 100 120

Iteration number

Figure 7. Trends in optimal individual fitness.

4.5. Computational Efficiency

The computational efficiency of an algorithm is one of the most important measures of an algorithm's
performance, reflecting the resource consumption required to execute the algorithm for a given input size. In path
planning, computational efficiency directly affects the practicality of the algorithm. The time required for the
algorithm to complete the task in actual operation is a direct way to experimentally evaluate the computational
efficiency. As shown in Table 2, the average computation times of the four algorithms GA, PSO, ACO and LAO are
0.0077 s, 0.2944 s, 0.2838 s and 0.1021 s, respectively. It can be observed that the LAO algorithm has a shorter
computation time, outperforming the PSO and ACO algorithms, and exhibits good response speed in 3D path
planning. However, compared to the GA, there is still room for improvement.

4.6. Statistical Significance Analysis

To further verify the effectiveness of the LAO algorithm, a statistical significance analysis was performed on
four evaluation indexes, shortest path length, optimal fitness value, convergence generations, and computation time,
compared with the three classical algorithms, including GA, PSO, and ACO, as shown in Table 3. Each algorithm is
run independently 100 times under the same experimental conditions, and the resulting experimental data are
compared using a two-tailed t-test (p < 0.05) to determine whether the differences between the different algorithms
are statistically significant.

Table3 Comparison of p-values for LAO and other algorithms

Comparison Shortest Path Length (m) Optimal Fitness Value Convergence Generation Computation Time (s)
- -28 —41 -23
LAOvs GA Sign?f?izice 8.545\7(;10 1.575\9(:;0 0.(113)56 5.56423(:510
- -19 -18 -10
LAOvs PSO Signrgil;ice 1.59932{;10 6‘57837(2510 032(5)8 1.73935{:510
- -16 -17 -11
LAOvs ACO Sign;/gcl::lce 1.486;‘{;10 3.46023{;10 0'8238 4.63432(;10

Comparing LAO algorithm with GA, PSO, and ACO algorithms, the p-value of shortest path length, optimal
fitness value, and computation time are all less than 0.01, indicating that these performance differences are
statistically significant. The LAO algorithm has a clear advantage in terms of path optimization capability and
efficiency. With respect to the convergence generations, the average number of iterations required by the LAO
algorithm is significantly less than that of the PSO and ACO algorithms (p < 0.01), while the difference is
insignificant when compared to the GA (p > 0.05). It is shown that the LAO algorithm converges faster and has good
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responsiveness in 3D path planning.

In summary, the statistical significance analysis shows that the LAO algorithm outperforms the traditional GA,
PSO, and ACO algorithms in terms of path distance, fitness value, and computational speed. It shows superior
performance in 3D obstacle avoidance path planning and also has certain advantages in convergence.

5. Conclusions

In this paper, the LAO algorithm is proposed by combining the ACO algorithm and the bellwether theory. The
leader has an important leadership role in the flock, which can be used to improve the search efficiency and path
quality of the ACO algorithm. In addition, a 3D path planning model is constructed by considering the influence of
complex orchard environment on UAV obstacle avoidance. According to the orchard has the characteristics of large
terrain ups and downs and uneven distribution of multiple obstacles, the adaptation function, heuristic information
and pheromone updating strategy in the ACO algorithm are improved. It makes the planned 3D path more suitable
for precise operation in orchard. The experimental simulation results show that the LAO algorithm has higher path
planning efficiency, better optimal solution, and lower computation time than the traditional ACO, GA and PSO
algorithms. And it can also better avoid obstacles, and adapt to the variability of the orchard environment.

The proposed 3D obstacle avoidance path planning method based on the improved ACO algorithm provides an
effective solution for the precise operation of agricultural UAVs and has a broad application prospect. However, the
algorithm still has some limitations. Firstly, the LAO algorithm may suffer from sub-optimal path selection with
significant dynamic changes in the environment. secondly, the lack of comparison with the recent state-of-the-art
methods in the field of 3D path planning limits the competitiveness and broader applicability of the LAO algorithm.
Future research can further integrate with 3D visual perception and robotics to improve the applicability and real-time
performance of the algorithm in dynamic environments.
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