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Abstract: As the global population grows, achieving Zero Hunger by 2030 presents a significant challenge.
Vertical farming technology offers a potential solution, making the path planning of agricultural robots in
vertical farms a research priority. This study introduces the Vertical Farming System Multi-Robot Trajec-
tory Planning (VFSMRTP) model. To optimize this model, we propose the Elitist Preservation Differential
Evolution Grey Wolf Optimizer (EPDE-GWO), an enhanced version of the Grey Wolf Optimizer (GWO)
incorporating elite preservation and differential evolution. The EPDE-GWO algorithm is compared with
Genetic Algorithm (GA), Simulated Annealing (SA), Dung Beetle Optimizer (DBO), and Particle Swarm
Optimization (PSO). The experimental results demonstrate that EPDE-GWO reduces path length by
24.6%, prevents premature convergence, and exhibits strong global search capabilities. Thanks to the DE
and EP strategies, the EPDE-GWO requires fewer iterations to reach the optimal solution, offers strong
stability and robustness, and consistently finds the optimal solution at a high frequency. These attributes
are particularly significant in the context of vertical farming, where optimizing robotic path planning
is essential for maximizing operational efficiency, reducing energy consumption, and improving the
scalability of farming operations.

Keywords: vertical farming system; grid map; agriculture robots; grey wolf optimizer

1. Introduction

At the United Nations General Assembly in 2015, 17 Sustainable Development Goals
(SDGs) (Figure 1) were proposed and adopted by all member states. SDG 2, entitled
“Zero Hunger”, was thus established [1]. However, reports and results to date indicate
that achieving SDG 2 by 2030 will remain a challenge. This is due to the fact that the
world’s population is growing, while the amount of available arable land is simultaneously
decreasing [2,3]. In order to solve the food problem, vertical farming has been proposed as
a potential solution.

Vertical farming (Figure 2) has been proposed as one of the solutions to the problem of
farming. Vertical farms improve land utilisation and space utilisation by growing crops
in multi-storey buildings or vertical structures. This method reduces transport costs and
carbon emissions while providing produce to city dwellers. Vertical farms are very space-
efficient, featuring multiple levels of cultivation racks, each used to grow specific crops.
Vertical farms are a form of precision agriculture where all factors affecting crop growth
can be precisely controlled. Real-time monitoring of crop growth and conditions can
feed into a crop growth model, which predicts yield, time to maturity, and other crop
attributes. A large number of agriculture robots (agri-robots) are used in this process, some
of which are fully automated [4,5]. The extensive automation and deployment of numerous
agri-robots have led to a notable increase in the energy consumption of the entire vertical
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farming system. Therefore, rational path planning for a large number of agri-robots in the
complex environment of vertical farms is one of the most important ways to reduce energy
consumption [6,7].
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Path planning is one of the most important techniques for multiple agri-robots to
work autonomously in vertical farms and an important challenge in achieving unmanned
vertical farms [8]. Vertical farms are characterised by vertical operations, limited space,
and dense crops, and thus require high path planning capabilities from agri-robots [9].
The path planning problem for agri-robots can be formulated as an optimisation problem,
which aims to find the shortest feasible path from the starting point to the task point for an
agri-robot under different optimisation requirements and different environmental and task
constraints [10,11]. These requirements may be shortest travelling distance, shortest task
time, etc. [12]. These constraints may include agri-robot state constraints, task constraints,
and vertical farm environment constraints, etc. [13]. Considering the key role of path
optimisation in improving the autonomy and economy of robotic systems, its research has
received increasing attention.

Currently, researchers around the world have conducted extensive studies on path
optimization for mobile robots, utilizing various algorithms and strategies to enhance per-
formance. For example, Ouyang et al. [14] proposed adding an adaptive weighting strategy
and a Lévy flight strategy into the sparrow algorithm to solve the path optimisation prob-
lem for mobile robots, which improved the search accuracy of the algorithm and reduced
the drawbacks of falling into local optimums and greater randomness. Pehlivanoglu [15]
proposed a new initial population enhancement method that accelerated the convergence
speed of the algorithm and reduced the number of required objective function evalua-
tions by 70%, improving the autonomous path planning capability of UAVs. Li et al. [16],
in the navigation problem of mobile robots, proposed the Multi-Strategy and Improved
DBO (MSIDBO) algorithm, which effectively avoids falling into a local optimum due to
premature convergence. Yuan et al. [17] proposed an improved PSO algorithm based on
differential evolution in the mobile robot path planning problem, in which “high-intensity
training” for the global optimum position improves the accuracy of the arithmetic search
method and obtains a better mobile path.

The main contributions of this study are as follows: first, a multi-tasking path plan-
ning model for multi-agri-robots is proposed based on the environmental constraints of
vertical farms. Second, an improved GWO algorithm based on Elite Preservation (EP)
and Differential Evolution (DE) is proposed. Third, the proposed EPDE-GWO algorithm
is successfully applied to the Vertical Farming System Multi-Robot Trajectory Planning
(VFSMRTP) model, which is improved in terms of global optimality-seeking ability, average
path length, robustness and stability compared to other comparable algorithms.

2. Materials and Methods

The overall workflow diagram of this study is shown in Figure 2. Firstly, the large-scale
vertical cultivation racks of a vertical farm were preprocessed, the farm environment was
rasterised based on the camera’s monitoring data, and the VFSMRTP model was assembled
using the objective function and the constraint function (Section 2.1). Next, the basic GWO
algorithm was improved by introducing a population diversification strategy based on the
DE idea and a population renewal strategy based on the elite retention strategy (Section 2.2).
Finally, the proposed EPDE-GWO algorithm was used to solve the VFSMRTP model and
compared with other comparable algorithms for performance evaluation (Section 2.3).

2.1. Building the VFSMRTP Mode
2.1.1. Vertical Farms Environmental Gridding

The key to performing agri-robot scheduling, and resolving trajectory conflicts be-
tween multiple agricultural robots, is to accurately model the Vertical Farming System
(VFS) environment [18]. The real scene is accurately represented in the model by an abstract
digital map. Obstacles, paths, cultivation racks, loading piles, start points, task points, and
so on are included in the model. The environment model must be highly accurate and
represent the environment information in detail. The environmental model must also have
good extensibility and transferability to adapt to different research and application needs,
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and must be able to support the execution of the trajectory planning algorithm. Therefore,
we gridded the data from the camera (Figure 2) and used different colours to indicate
different meanings in the visualised raster map (Figure 3). White represents passable nodes,
red represents the start position, black indicates obstacles, green signifies agricultural task
points, yellow represents the moving agricultural task storage area, and purple denotes the
charging position.
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2.1.2. Problem Description and Analysis

The optimisation problem of agri-robot trajectory planning in vertical farms can be
described as follows: The VFS consists of agri-robot start points, charging points, task points
and obstacle zones. Pending tasks are generated in the VFS at each location. Tasks are
executed by agri-robots and then disappear, transforming into obstacle zones. The system
can only perform task assignment and optimal trajectory planning for tasks that have
already appeared. Tasks have different levels of urgency, which is reflected by different
priorities (weights). A quantity of agri-robots and a + n(t) quantity of tasks exists in the VFS.
Each agri-robot can only perform one task at a time, and each task can only be performed
by one agri-robot. Agri-robots consume electrical energy at a fixed rate. The sum of the
electrical energy required for the agri-robot’s task path and the electrical energy required for
the agri-robot to move to the nearest charging point should be greater than the remaining
electrical energy of the agri-robot. The grid g where any task i∈I is located is known in
advance. Agri-robot trajectory planning requires determining the travel path for each
agri-robot to perform each task, including the sequence of grids travelled and the dwell
time at each grid. The decision objectives are: Complete all tasks with the lowest total
energy consumption of agri-robots.

The following reasonable assumptions are made:

1. All agri-robots are available at time zero.
2. Agri-robots travel at a constant speed.
3. Agri-robots can travel horizontally or vertically and are not allowed to travel in

diagonal directions.
4. The time taken for an idle agri-robot to reach a constant speed, and for the moving

agri-robot to reach idle state, are extremely short, and can be considered negligible.
5. The case of equipment failure is not taken into account.
6. The time required for the execution of all tasks is uniform.

2.1.3. Building the VFSMRTP Model

The objective function (1) is the shortest path, and the objective function in this paper
is similar to Candra et al. [19]. Optimizing for the shortest (min) path helps in reducing
the distance travelled (D) by the robots, which in turn reduces energy consumption and
operational costs. Additionally, shorter paths lead to more predictable and coordinated
movements of the robots, reducing the risk of collisions and traffic congestion. This
objective also contributes to reducing the wear and tear on the robots, enhancing their
longevity and reliability.

F = min D (1)

The constraint function in this paper is similar to Tian, Varga and Lee [20–22].
Equations (2)–(5) represent the relationship between each agri-robot’s task sequence, travel
path, travel time window, loading task and its subset, respectively. Equations (6)–(8) represent
the equations for the total travel time of the agri-robot and the total time to complete the task.
Equation (9) then represents the fact that each agri-robot can only pass through one node at a
time. Equations (10) and (11) represent the process of path planning to ensure that agri-robots
do not appear at the same node at the same time, thus reducing the generation of conflicts at
the start of path planning. Equation (12) shows that only one agri-robot is allowed to recharge
at each charging station at any given time. Equation (13) represents the decision process of the
agri-robot charging according to the distance to select the corresponding charging station, and
calculates the arrival time after determining the charging station. Equation (14) represents the
time sequence constraint when two agri-robots travel to the same charging station. Equations
(15) and (16) state that if the agri-robot has a lower priority, the time used by the agri-robot to
pass the path section k is the sum of the time used by the agri-robot travelling at normal speed
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and the waiting time required by the agri-robot to avoid conflicts. Equation (17) represents
the capacity constraint in each path segment.

Ua = ∑
a∈A

uam, m ∈ ma (2)

Va = ∑
a∈A

νam, m ∈ ma (3)

Wa = ∑
a∈A

wam, m ∈ ma (4)

Ra = ∑
a∈A

ram, m ∈ ma (5)

Ta = ∑
j∈Va

∑
k∈Va

∑
a∈A

ta
jkxajkd + ∑

m∈R
∑

a∈A
∑

n∈N
(Tn

am + Tn
am′) (6)

TEa = Ta + ∑
m∈Ua

s

∑
a∈A

wa
m
(
Ta

e,m − Ta
s,m

)
, a ∈ A (7)

T = maxTEa, a ∈ A (8)

∑
j∈V

∑
k∈V

xajjk = 1, ∀a ∈ A (9)

∑
a∈A

∑
k∈V

xajkt = 1, ∀j ∈ V (10)

∑
a∈A

∑
j∈V

xajkt = 1, ∀k ∈ V (11)

∑
a∈A

yn
at = 1, ∀n ∈ N (12)

Tn
am = max(wam) +

min(demn)

ν
, ∀a ∈ A, ∀m ∈ R, n ∈ N (13)

Ta
e,m ≤ Ta′

s,m′ , Tn
am ≤ Tn

a′m′ , ∀a, a′ ∈ A, ∀m, m′ ∈ R, n ∈ N (14)

Pa ≤ Pb, ∀a, b ∈ A (15)

ta
jk = twa

jk + tna
jk , ∀a ∈ A, ∀j, k ∈ V (16)

Cjkt ∗ xajkt ≤ Cjk ∗ xajkt, ∀j, k ∈ V, a ∈ A (17)

2.2. Proposed EPDE-GWO Algorithm
2.2.1. Basic GWO Algorithm

The GWO algorithm is a group intelligence optimisation algorithm proposed by
Mirjalili et al. [23] based on the observed behaviour of grey wolves engaged in hunting
and the formation of social hierarchies. The grey wolf pack exhibits a strict pyramidal
hierarchy. The α-wolves in Tier 1 are the alpha wolves of the grey wolf pack. As such, they
bear responsibility for leading the pack and making decisions on its behalf. The β wolves
in tier 2 are subordinate to the alpha wolf and are tasked with assisting the alpha wolves
in decision-making and pack management. The δ Tier 3 wolves are the executors and are
responsible for carrying out the decisions made by the α and β wolves. The ω pack in level
4 is responsible for the monitoring and maintenance of the relationships within the pack.

In the fundamental GWO algorithm, the first-, second- and third-best solutions, desig-
nated as α-, β- and δ-wolf, respectively, represent the optimal, suboptimal and least optimal
outcomes for the problem at hand. Furthermore, the ω-wolf guides the search for the opti-
mal solution, after which the status of the wolf pack is updated [24,25]. The fundamental
principle of the GWO algorithm is to emulate the behaviour of a grey wolf pack hunting its
prey. This is achieved by directing the entire pack towards an optimal solution through
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the actions of the α-, β-, and δ-wolves. Additionally, the algorithm employs a shrinking
enclosure and random search strategy to facilitate global optimisation. The algorithm
employs the social hierarchical structure and collaborative mechanism of the wolf pack
to effectively search for the global optimal solution within the solution space [23,26]. The
evolutionary equations for the fundamental GWO algorithm were initially proposed by
Mirjalili et al. [23] and shown from (18) to (22):

D =
∣∣C · Xp(t)− X(t)

∣∣ (18)

X(t + 1) = Xp(t)− A · D (19)

C = 2 · r1 (20)

A = 2a · r2 − a (21)

a = 2 · (1 − t
T
) (22)

In these equations, D represents the distance between an individual grey wolf and its
target, while C serves as the coefficient for adjusting this distance. Xp(t) with p = 1, 2, 3,
denotes the position of the target at iteration t. The position of a specific grey wolf is given
by X(t), and X(t + 1) indicates the updated position for the subsequent iteration, based
on the positions from the previous generation. The coefficient A is used for adjusting the
position, and r1 and r1 are uniformly distributed random variables within the interval
[0, 1]. The parameter a functions as the convergence factor, where t indicates the current
iteration number and T signifies the maximum number of iterations.

The position update equation has been proposed by Mirjalili et al. [23]. Equations
(18)–(22) show the target position of the hunting target relative to α wolf, β wolf, and δ

wolf. Equations (23)–(25) show X1(t), X2(t), and X3(t), respectively. Equation (26) shows
the process of guiding the wolves to approach the hunting target.

X1(t) = Xα(t)− A · Dα (23)

X2(t) = Xβ(t)− A · Dβ (24)

X3(t) = Xδ(t)− A · Dδ (25)

X(t + 1) =
X1(t) + X2(t) + X3(t)

3
(26)

where Xα(t), Xβ(t), and Xδ(t) represent the positions of the α wolf, β wolf, and δ wolf,
respectively, at time t. Dα, Dβ, and Dδ are the distances of the α wolf, β wolf, and δ wolf
from the target location, respectively.

The position of an individual grey wolf corresponds to the value of the fitness function for
this solution. Therefore, the fitness function L for trajectory planning is defined as follows:

L =
dim

∑
k=1

√
(xk+1 − xk)

2 + (yk+1 − yk)
2 (27)

In Equation (27), dim represents the problem dimension, corresponding to the total
number of nodes along the path. The variable k indicates the number of nodes that the path
traverses. xk and yk denote the coordinates of the k-th path node in the X and Y directions,
respectively. The fitness function L calculates the path length by summing the distances
between consecutive nodes along the path [27,28].

2.2.2. Population Diversification Based on DE Strategies

The environment of vertical farms is characterized by complexity and diversity. To
prevent the GWO algorithm from falling into premature convergence and obtaining locally
optimal solutions, it is essential to maintain population diversity during the re-optimization
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process. The path optimization problem also requires the algorithm to have adaptability
to satisfy multiple constraints. Therefore, introducing the population diversity strategy
of DE is appropriate for improving the drawbacks of GWO. This approach allows the
GWO algorithm to maintain population diversity in complex environments, enhances its
global search capability, prevents premature convergence, and provides flexibility and
adaptability to different optimization scenarios [29].

Additionally, the DE strategy has several advantages: it is simple to implement, easy to
operate, and can provide high-quality solutions in a short time [30]. In the field of trajectory
planning, many researchers have used DE to improve various algorithms. For example, Lim
et al. [31] proposed selective DE-hybridized Particle Swarm Optimization with adaptive
factor (DEAPSO) and selective DE-hybridized Quantum-behaved PSO (SDEQPSO) for
efficient trajectory planning of AUVs. Mousa & Hussein [32] proposed a fusion algorithm
combining the Ant Colony Optimization (ACO) and DE to optimize Unmanned Aerial
Vehicle (UAV) paths.

Rainer & Kenneth [33] first proposed DE. DE is a typical multi-objective optimization
algorithm, well-suited for finding the overall optimum in a multi-dimensional space. The
idea of differential evolution is largely inspired by Genetic Algorithm (GA). Both methods
start with an initial population obtained randomly. Researchers use the fitness values of all
individuals as selection criteria, and several operations are performed, including crossover,
mutation, and selection [34]. The DE process can be summarized in the following four points.

1. Population initialisation

The initial population is obtained through the mechanism of uniform distribution by
referring to the following equation.

Xi(0) = {xi,1(0), xi,2(0), xi,3(0) . . . , xi,n(0)} (28)

xi,j(0) = xjmin + rand(0, 1) · (xjmax − xjmin)
i = 1, 2, 3, · · · , NP; j = 1, 2, 3, · · · , n

(29)

where Xi(0) refers to the initial population. xi,j(0) specifically refers to the value taken in
the j − th dimension. rand (0,1) represents a value in the range of [0,1], which is highly
random. xjmax and xjmin denote the upper and lower bounds of the j-th dimension. NP
typically falls within a certain range of 5 × n and 10 × n, but generally, it is greater than or
equal to 4 × n. Here, n refers to the number of dimensions.

2. Variant operations

The difference vector can be defined as follows:

D(k) = Xp1(k)− XP2(k) (30)

where D(k) refers to the difference vector. p1, p2 are numbers in the range of [1, 2, . . ., NP],
which have randomness. For superimposing the target vector to other individuals, refer to
Equation (31):

Vi(k + 1) = Xp1(k) + F · [Xp2(k)− Xp3(k)] (31)

where F refers to the scaling factor, which is usually taken as 0.5.

3. Cross operations

The target vector individual xi(k) is cross-processed together with the variation vector
vi(k + 1) to obtain ui(k + 1), to ensure that xi(k) can evolve, and at least one of ui(k + 1) is
contributing to νi(k + 1), as shown in Equation (32):

ui(k + 1) =
{

vi,j(k + 1), i f rand(0, 1) ≤ CR
xi,j(k), else

(32)
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where rand (0,1) is the value in the range of [0,1], which has randomness. CR refers to the
cross-probability factor, which is in the range of [0,1].

4. Selection operations

The selection of the test vector ui(k + 1) and the target vector xi(k) is carried out
through the objective function, and iterated until the composite stopping condition accord-
ing to the following equation, as shown in Equation (33):

xi(k + 1) =
{

ui(k + 1), f (ui(k + 1)) < f (xi(k))
xi(k), f (ui(k + 1)) ≥ f (xi(k))

(33)

where f is the fitness function [35,36].

2.2.3. Population Renewal Based on an EP Strategy

Using GWO for multi-robot multi-tasking path optimization in vertical farms faces
challenges such as inefficiency and poor stability. To address these issues, the use of pop-
ulation updating based on an EP strategy is appropriate. Without an elitist preservation
strategy, there is a risk that outstanding individuals may be lost during the evolutionary
process, especially in the early stages of mutation or crossover operations. The elitist
preservation strategy ensures the survival of these excellent individuals and accelerates
the convergence of the GWO algorithm. By directly retaining the optimal individuals, the
algorithm can approach the optimal solution region faster and reduce unnecessary explo-
ration, thus improving overall optimization efficiency and algorithm stability. Moreover, a
reasonable elitist preservation strategy can maintain population diversity while preserving
excellent individuals [37].

In the field of path optimization, many researchers have used EP strategy to improve
the performance of various algorithms. For example, Huo et al. [38] proposed a Swap-
and-Judge Simulated Annealing (SJSA) algorithm to solve the path planning problem of
unmanned aircraft in disaster relief. This algorithm improves the efficiency of generating
feasible neighbouring solutions. In SJSA, an operational reservation strategy is used to
enhance global convergence. Wang et al. [39] proposed an Elite-duplication GA (EGA)
strategy to solve the path planning problem of unmanned surface ships by incorporating
elite and diversity operations into the GA.

2.2.4. Comparative Analysis and Innovations of EPDE-GWO

By incorporating both Differential Evolution (DE) and Elitist Preservation (EP) strate-
gies into the traditional GWO framework, the EPDE-GWO algorithm is formulated to
enhance the overall optimisation process. Thus, as shown in Algorithm 1 the pseudocode
for the EPDE-GWO algorithm outlines the key steps involved in this enhanced optimisation
process. Each step of the algorithm is designed to exploit the strengths of both DE and
EP to ensure that the search process is both comprehensive and efficient. The pseudocode
provides a clear and structured representation of how these strategies are integrated into the
GWO framework, demonstrating the algorithm’s ability to handle complex optimisation
tasks with improved accuracy and reliability.

In comparison to the traditional GWO algorithm, the EPDE-GWO algorithm intro-
duces significant improvements in key areas. The integration of Differential Evolution (DE)
strategies enhances the global search capability, allowing the algorithm to more effectively
navigate complex, multimodal search spaces. Traditional GWO may sometimes struggle
with premature convergence, particularly in environments with multiple local optima. By
incorporating DE, the EPDE-GWO algorithm ensures a broader exploration of the search
space, reducing the likelihood of getting trapped in suboptimal solutions and improv-
ing the overall quality of the optimization results. Additionally, the Elitist Preservation
(EP) strategy in the EPDE-GWO algorithm ensures that the best solutions are retained
throughout the optimization process. This addresses a limitation in the traditional GWO,
where high-quality solutions might be lost due to the stochastic nature of the algorithm.
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By preserving elite solutions across generations, the EPDE-GWO algorithm accelerates
convergence and increases the stability of the results.

Algorithm 1. Elitist Preservation Differential Evolution Grey Wolf Optimizer (EPDE-GWO)

1. Input: SearchAgents_no, Max_iter, lb, ub, dim, fobj
2. Output: Alpha_pos, Convergence_curve
3.
4. Initialize the population of wolves (Positions), and set parameters aaa, AAA, CCC.
5. Initialize α\alphaα, β\betaβ, δ\deltaδ positions and their fitness scores.
6.
7. Evaluate the fitness of each wolf.
8. Update α, β, δ positions based on fitness scores.
9.
10. for t = 1 to Max_iter do
11. Update wolf positions using the differential evolution strategy.
12. Evaluate the new fitness of each wolf.
13. Update α, β, δ based on new fitness scores.
14. Apply elitist selection to preserve the best wolves (α, β, δ).
15. Update wolf positions using α, β, δ information.
16. Record the best fitness value (α score) in the Convergence_curve.
17. end for
18.
19. Return the best solution found (Alpha_pos) and the Convergence_curve

These enhancements make the EPDE-GWO algorithm particularly well-suited for
challenging optimization tasks that demand both precision and robustness. In the context
of vertical farm path planning, for example, the complexity of the environment with its
multiple obstacles, constraints, and the need for efficient space utilization requires an
algorithm that can effectively balance exploration and exploitation. The improved global
search capability ensures that the algorithm can thoroughly explore potential paths, while
the elitist preservation guarantees that the best-found solutions are not discarded. As a
result, the EPDE-GWO algorithm not only finds shorter and more efficient paths but also
does so with greater consistency and reliability, making it a powerful tool for optimizing
operations in vertical farming and similar complex domains.

2.3. Solving the VFSMRTP Model Using the EPDE-GWO Algorithm

In order to validate the performance benefits of EPDE-GWO algorithm for path optimi-
sation in vertical farms, we compared the performance of EPDE-GWO with other classical
optimisation algorithms including PSO, GA, SA, DBO and GWO in solving VFSMRTP mod-
els. The baseline algorithms selected for comparison, GA, SA, DBO and PSO, were chosen
based on their established effectiveness in solving optimisation problems, particularly in
contexts similar to multi-robot path planning. GA and PSO are well-established optimi-
sation algorithms that are widely used due to their versatility and effectiveness in global
search tasks. SA was selected for its robustness in escaping local optima through its proba-
bilistic technique, which allows it to explore a wide range of potential solutions and avoid
premature convergence. DBO was selected due to its distinctive approach, which draws
inspiration from the navigational strategies of dung beetles. This approach offers robust
capabilities in maintaining a balance between exploration and exploitation. The selected
algorithms represent a diverse set of approaches, thereby facilitating a comprehensive
evaluation of the proposed EPDE-GWO algorithm’s performance.

The hardware environment utilized for the experiments included an Intel(R) Core
Trade Mark (TM) i7-11800H processor as the experiment platform (Intel, Santa Clara, CA,
USA), with a clock speed of 2.30 gigahertz (GHz), 32 gigabyte (GB) of random-access
memory (RAM), and a GeForce Ray Tracing eXtreme (RTX) 3060 graphics processor with
6GB of video memory (NVIDIA, Santa Clara, CA, USA). The software environment uses
Matrix Laboratory (MATLAB) R2023b and Microsoft Excel (Microsoft 365) for model
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construction and algorithm simulation. The experiments were repeated 50 times in the
same experimental environment with the algorithm parameters shown in Table 1. The path
length of each iteration of each algorithm was recorded for each experiment. The optimal
path length, the worst path length, the average path length and the standard deviation
of each algorithm were summarised and calculated and tabulated for comparison. In
addition, the average convergence curves for each algorithm were plotted to illustrate the
convergence performance of the different algorithms.

Table 1. Algorithm parameters.

Algorithm Parameters

GA
n = 2 Max_iter = 100

p1 = 0.8 p2 = 0.3
lb = 0 ub = 1

PSO

n = 20 Max_iter = 100
w = 0.4 c1 = 1.2
c2 = 1.2 v = randn(size(x))
lb = 0 ub = 1

SA
T0 = 1000 Max_iter = 100
Tr = 0.99 ub = 1

lb = 0

DBO
n = 20 Max_iter = 100

p = 0.2 R = Linearly decreases from 1
to 0

lb = 0 ub = 1

GWO, EPDE-GWO

n = 20 Max_iter = 100

p1 = 0.8 a = Linearly decreases from 2
to 0

p2 = 0.3 c = 2r
lb = 0 ub = 1

3. Results
3.1. Results of Ablation Study
3.1.1. Effectiveness of Population Diversification Based on DE Strategies

To facilitate a clear understanding of the experimental setup, Table 2 lists the key
symbols, terms, and a brief description. This table provides a concise reference for the
various metrics used in the analysis. This table helps to contextualise the results and
highlights the importance of the comparative performance metrics discussed in this section.

Table 3 describes that the minimum number of convergences for both GWO and
DE-GWO is one iteration, which implies that in some experiments both algorithms find the
optimal solution quickly. The maximum number of convergences for GWO is 36 iterations,
while that for DE-GWO is 65 iterations. The maximum number of convergences for DE-
GWO is higher than that of GWO, which indicates that in some experiments DE-GWO
requires more iterations to find the optimal solution. The average convergence number of
GWO is 12.4 iterations, while that of DE-GWO is 22.8 iterations. The average convergence
number of DE-GWO is higher than that of GWO, which indicates that DE-GWO needs
more iterations than GWO in order to reach the optimal solution in some experiments. The
standard deviation of GWO is 9.7 while that of DE-GWO is 18.3. The standard deviation
of DE-GWO is higher than that of GWO, which indicates that the convergence number of
DE-GWO fluctuates more in different experiments, meaning the performance of DE-GWO
is not as stable as that of GWO.
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Table 2. Glossary of terms for comparative experiments.

Term/Symbol Description

Min convergence iteration The minimum number of iterations required
for the algorithm to converge to a solution

Max convergence iteration The maximum number of iterations required
for the algorithm to converge to a solution

Mean convergence iteration The average number of iterations required for
the algorithm to converge across all trials

Standard deviation A measure of the variation in convergence
iterations across different runs

Min path length The shortest path length found by the
algorithm in a particular trial

Max path length The longest path length found by the algorithm
in a particular trial

Mean path length The average path length found by the
algorithm across all trials

Top 3 best and worst solutions The three best and three worst path lengths
found across all trials

IQR (Interquartile Range) The range between the first quartile (Q1) and
the third quartile (Q3) of the path lengths

Optimal path length The shortest possible path length achievable by
the algorithm in the given environment

Mean number of iterations The average number of iterations taken across
all trials

Average iteration time The average time taken per iteration during the
algorithm’s execution

Table 3. Iteration counts of GWO and DE-GWO comparison.

Algorithm
Min

Convergence
Iteration

Max
Convergence

Iteration

Average
Convergence

Iteration

Standard
Deviation

GWO 1 36 12.4 9.7
DE-GWO 1 65 22.8 18.3

Table 4 shows that the minimum path length for GWO is 824 m, while for DE-GWO it
is 810 m. The smaller minimum path length of DE-GWO suggests that it can find shorter
paths than GWO in some experiments, indicating better performance in some cases. The
maximum path lengths for both GWO and DE-GWO are 948 m, suggesting that the worst-
case scenario is the same for both algorithms. The average path length for GWO is 865.3 m,
while for DE-GWO it is 850.4 m. This indicates that, on average, DE-GWO finds shorter
paths, meaning its overall performance is better than that of GWO. The standard deviation
of GWO is 16.5, while that of DE-GWO is 23.9. The larger standard deviation of DE-GWO
indicates that the path lengths vary more in different experiments, showing less stability
compared to GWO.

Table 4. Path lengths of GWO and DE-GWO comparison.

Algorithm Min Path
Length (m)

Max Path
Length (m)

Mean Path
Length (m)

Standard
Deviation

GWO 824 948 865.3 16.5
DE-GWO 810 948 850.4 23.9
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Figure 4 depicts the distribution of the top three best and worst solutions. The hori-
zontal axis represents the different algorithms, while the vertical axis indicates the number
of occurrences. The blue colour represents the top three best solutions, and the red colour
represents the top three worst solutions. The figure shows that DE-GWO achieves nine
counts of the top three best solutions, whereas GWO only achieves three counts. This
indicates that DE-GWO has a better ability to find more global optimal solutions, and the
quality of these global optimal solutions is higher than those found by GWO.
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The average path lengths of the GWO and DE-GWO algorithms in each iteration are
calculated, and convergence curves are plotted to show the algorithms’ convergence during
the iterations. As shown in Figure 5, it can be seen that the GWO algorithm reaches the
convergence state faster than the DE-GWO algorithm during the iteration process, i.e., the
optimal path is found within a smaller number of iterations. However, the convergence
value of the GWO algorithm is larger than that of DE-GWO, indicating that GWO falls into
a local optimum. The slope of the DE-GWO convergence curve is significantly steeper than
that of GWO, indicating that DE-GWO approaches the global optimum solution faster than
GWO during the search process.

The discrepancies in convergence behaviour between GWO and DE-GWO can be
directly attributed to the algorithmic enhancements introduced in DE-GWO. The DE strate-
gies introduced enhancements to the exploration and refinement mechanisms. These
strategies permit DE-GWO to sustain diversity within the population of solutions, which
is vital in preventing the algorithm from becoming trapped in local optima. By enhanc-
ing the global search capabilities, DE-GWO is able to explore a more extensive range of
potential paths, thereby increasing the probability of identifying more optimal solutions.
Consequently, DE-GWO is not only capable of identifying more global optimal solutions,
but also of producing solutions of a superior quality. Nevertheless, this also gives rise to a
greater degree of variability in the results, as evidenced by the elevated standard deviation.
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3.1.2. Effectiveness of EP Strategy

Figure 6 shows a box plot of converged path lengths. The box plots show the distribu-
tion of converged path lengths for each algorithm in the experiments. EP-GWO’s median
converged path length is lower. The box has smaller Interquartile Range (IQR), indicating
a more concentrated data distribution and higher stability. There are a small number of
outliers, but the overall fluctuation is small. GWO’s median of the converged path length
is higher. The box has larger IQR, indicating a more dispersed data distribution and lower
stability. A larger number of outliers exist, indicating greater fluctuations in the results.
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Figure 7 is a box plot of the number of converged iterations. EP-GWO’s median
number of converged iterations is lower. The box has smaller IQR, indicating a more
concentrated data distribution and higher stability. A small number of outliers exists,
indicating slower convergence in individual cases. The number of iterations ranges from
1 to 26, and most of the data are clustered around the median 7 iterations. GWO’s median
(9.5) number of converged iterations is higher. The box has larger IQR, indicating a more
dispersed data distribution and lower stability. There are some outliers, indicating that the
results are more volatile.

Agriculture 2024, 14, x FOR PEER REVIEW  15  of  25 
 

 

data distribution and lower stability. There are some outliers, indicating that the results 

are more volatile. 

 

Figure 7. Box plots of convergence iterations for EP-GWO and GWO. 

The results presented in Figures 8 and 9 demonstrate the substantial benefits of the 

Elitist Preservation  strategy  in  the EP-GWO  algorithm. The  lower median values  and 

smaller IQR in both converged path lengths and iteration counts indicate that EP-GWO 

consistently achieves more stable and reliable optimisation outcomes  in comparison  to 

GWO. By retaining and refining the optimal solutions throughout the iterative process, 

EP-GWO reduces variability and enhances convergence efficiency, resulting in a reduction 

in fluctuations and a tighter distribution of results. In contrast, the higher median values, 

larger IQR, and greater number of outliers observed in GWO reflect its susceptibility to 

variability and instability. The results demonstrate the significance of the EP strategy, as 

outlined in EP-GWO, for attaining consistent and efficient performance in intricate opti-

misation tasks. 

 

Figure 8. Average convergence curves of different algorithms. 

Figure 7. Box plots of convergence iterations for EP-GWO and GWO.

The results presented in Figures 8 and 9 demonstrate the substantial benefits of the
Elitist Preservation strategy in the EP-GWO algorithm. The lower median values and
smaller IQR in both converged path lengths and iteration counts indicate that EP-GWO
consistently achieves more stable and reliable optimisation outcomes in comparison to
GWO. By retaining and refining the optimal solutions throughout the iterative process,
EP-GWO reduces variability and enhances convergence efficiency, resulting in a reduction
in fluctuations and a tighter distribution of results. In contrast, the higher median values,
larger IQR, and greater number of outliers observed in GWO reflect its susceptibility to
variability and instability. The results demonstrate the significance of the EP strategy,
as outlined in EP-GWO, for attaining consistent and efficient performance in intricate
optimisation tasks.
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3.2. EPDE-GWO Algorithm Performance Analysis

The primary objective of this section is to undertake a comparative analysis of EPDE-
GWO with other established classical optimisation algorithms, including PSO, GA, DBO,
SA and GWO. The performance of each of these algorithms will be evaluated when solving
the VFSMRTP model in a complex vertical farm environment, with a view to validating the
performance advantages of EPDE-GWO for path optimisation.

3.2.1. Comparison of Energy Consumption

From Table 5, it can be seen that the optimal path lengths of all algorithms are 810 m,
except for GWO, which has an optimal path length of 824 m. This indicates that under optimal
conditions, all algorithms except GWO find the same shortest paths. The worst path length of
EPDE-GWO is 912 m, which is lower than that of the other algorithms (948 m). This indicates
that the EPDE-GWO algorithm still finds better paths in the worst-case scenario, while the
other algorithms have relatively longer path lengths in the worst-case scenario. The mean path
length of EPDE-GWO is 815.1 m, which is lower than that of the other algorithms, indicating
that EPDE-GWO outperforms the others in terms of overall performance. The mean path
lengths of GA, PSO, DBO, and SA are relatively close to one another, with respective values of
828.3 m, 825.2 m, 835.0 m, and 823.6 m. GWO has the highest path mean value of 865.3 m,
indicating the worst performance among the compared algorithms.

Table 5. Experimental path length results comparison.

Algorithm Min Path
Length (m)

Max Path
Length (m)

Mean Path
Length (m)

Standard
Deviation

GA 810 948 828.3 17.2
EPDE-GWO 810 * 912 * 815.1 * 10.4 *

PSO 810 948 825.2 16.2
SA 810 948 823.6 18.2

GWO 824 948 865.3 16.5
DBO 810 926 835.0 19.6

Note: * Best in class.

Figure 8 shows the average convergence curves of different algorithms. The horizontal
axis represents the iteration number, the vertical axis represents the average path length,
and different colours indicate different algorithms. It can be seen that the EPDE-GWO
algorithm converges to shorter path lengths faster than the other algorithms during the
iteration process. Additionally, as the number of iterations increases, the average path
length for EPDE-GWO remains the lowest, indicating that EPDE-GWO is superior to the
other algorithms in terms of global optimality-finding ability.

From the statistics of the experimental results (Table 4) and the average convergence
curves (Figure 9), it can be seen that the EPDE-GWO algorithm outperforms the other
classical optimisation algorithms in all metrics. The EPDE-GWO algorithm can find better
solutions and shorter travelling paths, thus saving more energy. The length of the unop-
timized path is 1076 m, so the EPDE-GWO algorithm can save 24.6% of the path length
(energy consumption).

The innovative design of the EPDE-GWO algorithm is a key factor in its superior
performance in terms of energy consumption and path optimisation. The integration of DE
and EP strategies into the GWO framework serves to enhance the algorithm’s global search
capabilities, whilst simultaneously preventing premature convergence to local optima. The
DE strategy plays a pivotal role in augmenting the global search capabilities of the algorithm
by fostering diversity within the population and forestalling premature convergence to local
optima. This broader exploration of the search space enables the EPDE-GWO algorithm to
identify shorter paths with greater consistency, even when presented with varying conditions.
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This is reflected in its lower worst-case and mean path lengths. Furthermore, the EP strategy
enhances this performance by ensuring that the optimal solutions are preserved across
generations, thereby facilitating faster convergence and more reliable optimisation results.
The integrated DE and EP strategies not only enhance the exploratory and exploitative
capabilities of the algorithm, but also ensure that these capabilities are efficiently applied to
solve complex, real-world problems such as path planning in vertical farms. The reduction
in path length achieved by EPDE-GWO is a direct consequence of its capacity to balance
exploration and exploitation, thereby avoiding the common pitfalls of local optima and
ensuring the identification of the most efficient paths. This makes EPDE-GWO a powerful
tool for optimising energy consumption in environments where efficiency is critical.

3.2.2. Comparison of Convergence Efficiency

In Table 6, the data indicate that the optimal number of convergence iterations for
the EPDE-GWO, SA, and GWO algorithms is one iteration, indicating that under optimal
conditions, these algorithms can converge to the optimal solution in a single iteration.
The GA and PSO algorithms have an optimal number of convergence iterations of two
iterations, which is slightly more than that of EPDE-GWO, SA, DBO, and GWO. The worst
number of convergence iterations for the EPDE-GWO algorithm is 30 iterations, which is
lower than those of the other algorithms, suggesting that EPDE-GWO converges faster
even in the worst-case scenario. The worst numbers of convergence iterations for the other
algorithms are GA (50 iterations), PSO (43 iterations), SA (50 iterations), DBO (49 iterations),
and GWO (36 iterations). Clearly, EPDE-GWO performs better in this regard.

Table 6. Experimental convergence count results comparison.

Algorithm
Min

Convergence
Iteration

Max
Convergence

Iteration

Mean
Convergence

Iteration

Standard
Deviation

Average
Iteration
Time (s)

GA 2 50 23.9 14.2 1.22
EPDE-GWO 1 * 30 * 11.7 * 6.8 * 2.45

PSO 2 43 11.7 9.1 1.15
SA 1 50 22.4 13.9 1.11

GWO 1 36 12.4 9.7 1.23
DBO 1 49 22.8 14.8 1.20

Note: * Best in class.

The average number of convergence iterations for both EPDE-GWO and PSO algorithms
is 11.7 iterations, which is significantly better than the other algorithms, suggesting that these
two algorithms perform the best in terms of overall convergence efficiency. Although PSO has
the same average number of convergence iterations as EPDE-GWO, EPDE-GWO has a better
worst-case convergence iteration number and standard deviation, indicating that it performs
more consistently across all scenarios. Therefore, the EPDE-GWO algorithm demonstrates
superior performance when compared to the PSO algorithm.

In addition to comparing the convergence performance of the different algorithms, we
also evaluated their computational cost, which is an important factor in practical applications.
The computational cost is measured in terms of the average iteration time for each algorithm,
as shown in Table 5. The EPDE-GWO algorithm, while demonstrating the fastest convergence
and highest performance in path optimization, incurs the highest computational cost with
an average iteration time of 2.45 s. This is notably higher than the other algorithms, where
the average iteration time ranges from 1.11 to 1.23 s. The increased computational cost for
EPDE-GWO is primarily due to the additional complexity introduced by the DE and EP
strategies, which enhance the algorithm’s optimization capabilities.
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Figure 9 depicts the distribution of the top three best and worst solutions. The horizontal
axis represents the different algorithms, while the vertical axis indicates the number of
occurrences. The blue colour represents the top three best solutions, and the red colour
represents the top three worst solutions. It shows that EPDE-GWO achieves 45 counts of the
top three best solutions, with a standing ratio of 90%. This demonstrates that EPDE-GWO has
higher convergence efficiency and a greater probability of converging to the optimal solution.

The superior convergence performance of the EPDE-GWO algorithm is a direct con-
sequence of its algorithmic improvements, as evidenced by its capacity to reach optimal
solutions in fewer iterations and its consistency across different scenarios. The capacity
of the EPDE-GWO algorithm to achieve convergence in a single iteration under optimal
conditions serves to illustrate the efficiency of its algorithmic design. The incorporation
of DE into the GWO framework is of significant importance. The DE component of the
algorithm enhances its global search capability, allowing it to rapidly explore a diverse
set of potential solutions and thereby increasing the likelihood of identifying the optimal
solution at an early stage of the process. Furthermore, the EP strategy facilitates the re-
tention of optimal solutions, thereby reducing the number of iterations required to refine
and reach the optimal solution, and thus minimising the worst-case convergence time.
The high frequency with which EPDE-GWO achieves optimal solutions, as illustrated in
Figure 10, can be attributed to the strategic integration of DE and EP within the algorithm.
The combined effect of these strategies not only increases convergence efficiency, but also
improves the reliability of the algorithm in consistently identifying the optimal solution.
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3.2.3. Comparison of Algorithm Stability and Robustness

As shown in the path length box plot in Figure 10, the x-axis lists the six different
algorithms tested and the y-axis represents the convergence path length. The EPDE-GWO
algorithm exhibits a more concentrated path length distribution and a smaller interquartile
range (IQR), indicating enhanced stability. The GA, PSO, and SA algorithms demonstrate
comparable performance and a certain degree of stability; however, SA displays a higher
incidence of outliers. The GWO and DBO algorithms exhibit larger IQRs and a higher median,
indicating suboptimal performance in terms of both stability and optimisation outcomes.

As shown in Figure 11, the x-axis lists the six different algorithms tested and the
y-axis represents the number of iterations required for each algorithm to converge. The
EPDE-GWO and PSO algorithms exhibit a more concentrated distribution of iteration
counts and smaller interquartile ranges (IQRs), suggesting that their convergence speeds
are consistent and stable across multiple experiments. In contrast, the interquartile ranges
(IQRs) of GA, SA and DBO are considerable, indicating that their stability is poor. The
median number of iterations is higher for GA, SA and DBO, indicating that these three
algorithms require more iterations to reach a stable solution.
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Table 7 presents a comparison of the performance of different algorithms in optimizing
the path length for varying numbers of agri-robots. It shows that the EPDE-GWO algorithm
performs best in terms of optimal path length, average path length, average number of
iterations, and standard deviation for any quantity of robots, indicating an advantage in
path planning. EPDE-GWO not only finds shorter paths but also converges faster, with
more stable results. In contrast, the other algorithms do not perform as well as EPDE-GWO
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in terms of path length and number of iterations, and their results are less stable. This
suggests that EPDE-GWO is more efficient in path optimization, particularly as the number
of agri-robots increases.

Figure 12 describes the average number of iterations with varying numbers of agri-
robots. GA’s average number of iterations is relatively stable, remaining around 25 itera-
tions throughout the process, showing some robustness. For the SA and DBO algorithms,
the average number of iterations initially increases and then decreases, with large fluctu-
ations, indicating relatively poor robustness. The EPDE-GWO algorithm has a relatively
smooth trend in the average number of iterations, remaining stable, especially when the
number of robots is high. The average number of iterations is always low, demonstrating
good robustness. With PSO, as the number of robots increases from 6 to 10, the average
number of iterations decreases significantly, showing some robustness, but it fluctuates
considerably in the early stages. For the GWO algorithm, the average number of iterations
keeps increasing as the number of agri-robots increases, showing poor robustness.

Table 7. Experimental results of varying numbers of robots.

Number of
Agri-Robots Algorithm Optimal Path

Length (m)
Mean Path
Length (m)

Mean Number
of Iterations

4

GA 1740 1775.9 25.5
EPDE-GWO 1694 1718.3 20.1

SA 1710 1767.5 24.5
PSO 1740 1744.7 28.3

GWO 1754 1806.3 16.6
DBO 1742 1780.5 27.2

6

GA 1724 1751.7 24.7
EPDE-GWO 1676 1701.4 18.2

SA 1694 1735.6 38.1
PSO 1692 1721.9 31.2

GWO 1752 1787.9 16.5
DBO 1732 1758.4 34.1

8

GA 1600 1634.5 27.1
EPDE-GWO 1578 1599.1 20.8

SA 1598 1632.6 35.1
PSO 1578 1657.3 32.4

GWO 1622 1654.2 19.8
DBO 1612 1640.8 30.4

10

GA 1516 1542.2 28.7
EPDE-GWO 1478 1493.4 21.4

SA 1500 1528.8 27
PSO 1478 1529.9 22.3

GWO 1538 1598.1 29.1
DBO 1524 1555.3 24.4

Figure 13 describes the variation of the average path length with varying numbers of
robots. The GA and DBO algorithms demonstrate stable performance with shorter path
lengths. For the GWO algorithm, the average path length decreases with the increase
in the number of robots but fluctuates significantly in some phases, indicating some
instability. The EPDE-GWO algorithm’s average path length decreases continuously with
a smoother trend, demonstrating good overall performance and robustness with shorter
path lengths. The PSO algorithm’s average path length decreases gradually with increasing
numbers of robots. Although there are some fluctuations in the early stages, the overall
performance is better. The SA algorithm’s average path length is longer than that of the
other algorithms but decreases gradually with increasing numbers of robots, indicating
more stable performance.
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The superior performance of the EPDE-GWO algorithm can be attributed to its inno-
vative design, which integrates DE and EP strategies. This is evidenced by its centralised
distribution of path lengths, consistent convergence speeds, and lower variability in re-
sults. The DE strategy enhances the global search capability by promoting diversity in
the population, thereby enabling the algorithm to explore the search space thoroughly
and avoid premature convergence to local optima. This robust exploration enables the
EPDE-GWO algorithm to consistently identify shorter paths, even in complex scenarios
involving a larger number of robots. Concurrently, the EP strategy guarantees that the
optimal solutions are retained and refined throughout the optimisation process, thereby fa-
cilitating a more rapid convergence and greater stability across iterations. The combination
of these strategies results in a more predictable, efficient, and scalable optimisation process
compared to traditional algorithms, which may lack such mechanisms and thus exhibit
greater variability and instability.

Furthermore, the algorithm’s capacity to maintain a stable and low average number
of iterations, particularly as the problem scale increases, underscores its robustness and
adaptability. The smooth trend in performance, as evidenced by the continuous decrease in
average path length with increasing robot numbers, serves as a testament to EPDE-GWO’s
ability to effectively balance exploration and exploitation. In contrast to alternative algo-
rithms that may exhibit pronounced fluctuations or instability due to less effective search
and preservation mechanisms, the design of EPDE-GWO ensures consistent efficiency and
robustness, rendering it particularly well-suited for complex path planning tasks. Although
the computational cost is higher due to the added complexity of DE and EP, this is justified
by the superior optimisation results delivered by the algorithm, which demonstrates that
the design choices in EPDE-GWO lead to significant practical advantages.
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4. Discussion

The results of the ablation experiments show that the DE-GWO algorithm finds the
global optimal solution more quickly by introducing a population updating approach based
on a differential evolution strategy. This is because the mutation and crossover operations
in DE facilitate the exploration and utilization of the search space by combining existing
individuals to introduce new ones. This improves the efficiency of the search process and
allows the algorithm to converge to a high-quality solution more quickly. However, this
process of pursuing globally optimal solutions also imposes certain limitations on the DE-
GWO algorithm. As shown in Tables 3 and 4, the standard deviation of DE-GWO is larger than
that of GWO. This indicates that the DE-GWO algorithm is less stable than the GWO algorithm.
The improved stability of the EP-GWO algorithm is attributed to its elitist preservation strategy,
which retains the optimal individuals in each generation. This approach ensures that the
best genes are passed on to subsequent generations, thereby enhancing the overall quality of
individuals in the population. Consequently, this mechanism prevents the algorithm from
converging to local optima and minimizes significant fluctuations. In contrast, the basic
GWO algorithm lacks this mechanism and is more susceptible to random factors, leading to
substantial variations in path length and reduced stability.
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Secondly, the EPDE-GWO algorithm, which combines both EP and DE strategies into
the basic GWO, is proposed. By setting the same experimental parameters in the VFSMRTP
model, a comprehensive comparison with GA, SA, PSO, DBO, and GWO algorithms was
made. The results show that EPDE-GWO has the shortest average path length (815.1 m),
the fastest convergence (11.7 iterations), the smallest IQR, and a stable convergence curve.
Therefore, the improved algorithm effectively addresses the shortcomings of the GWO
algorithm, such as poor global optimisation-seeking ability and poor stability.

The increased computational complexity of the EPDE-GWO algorithm, resulting from
the integration of DE and EP strategies, is substantiated by its superior convergence speed,
enhanced global optimisation, and increased stability. These enhancements result in more
efficient path planning, which in turn reduces energy consumption and enhances economic
efficiency in vertical farms. The experimental results corroborate the algorithm’s resilience and
scalability across varying numbers of robots, thereby attesting to its efficacy in both small- and
large-scale operations. Although the computational expense is greater, it is offset by substantial
energy savings and enhanced economic outcomes, rendering the trade-off justifiable.

5. Conclusions

In this paper, a multi-tasking path planning model for multi-agri-robots is investigated
in the complex environment of vertical farms and the EPDE-GWO algorithm is proposed
to solve it. Finally, it is compared with various other algorithms in the same environment.
The main conclusions are as follows. First, the VFSMRTP model is built based on the
environmental constraints, task constraints, and constraints between agri-robots in vertical
farms. Second, the GWO algorithm is improved using DE and elite retention strategies,
and the EPDE-GWO algorithm is proposed, and ablation experiments are conducted to
verify the impact of each module on the overall performance of the algorithm. Finally,
the performance of the EPDE-GWO algorithm is compared with other algorithms in the
VFSMRTP model, and the results show that the EPDE-GWO algorithm excels in global
optimisation capability, convergence speed, algorithmic stability, and robustness.

While the EPDE-GWO algorithm has demonstrated superior performance in optimiz-
ing path planning for vertical farm robots, it is important to acknowledge certain limitations
of the study. A key limitation is the increase in computational cost associated with the algo-
rithm. The enhanced complexity introduced by the DE and EP strategies results in a higher
average iteration time of 2.45 s, which is greater than that of the other algorithms compared
in this study. This increased computational cost could pose challenges in scenarios where
computational resources are limited or where real-time processing is required. Future
research could explore ways to optimize the algorithm further to reduce its computational
burden while maintaining its performance benefits.

In the future, we will focus our research on the collaboration of different types of
agri-robots to perform complex agricultural tasks. Another avenue is the study of adaptive
strategies of the algorithm when facing uncertainty or dynamic changes of the environment
in vertical farms. Moreover, future research will explore integrating advanced machine
learning techniques such as Reinforcement Learning and deep learning-based predictive
models, along with more advanced optimization algorithms, including recent develop-
ments in swarm intelligence, hybrid methods, and dynamic optimization techniques.
Additionally, the scalability of the algorithm to larger robot clusters will be investigated,
addressing the challenges of increased complexity in path planning for large-scale multi-
robot systems. These techniques hold significant potential for enhancing the efficiency and
effectiveness of path planning in complex, dynamic environments like vertical farms.
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