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With an aim to solve the issue of dynamic obstacles and the global optimal path planning for indoor Automated Guided Vehicles (AGVs),
this paper addressed an enhanced hybrid path planning method based on the improvement of Harris Hawk Optimization (HHO) and
Dynamic Window Approach (DWA). The main contributions are given as follows. On the one hand, compared to the traditional HHO, the
performances are improved in the following aspects. First, initializing the Harris Hawk population with a circle-tent chaotic map to
enhance search capability. Second, balancing global and local searches with a segmented strategy to avoid local optima; Third, improving
population survival with a hard-constraint mutation strategy. On the other hand, DWA is enhanced from the following three perspectives:
a sector potential field is adopted for early obstacle avoidance and a smoother AGV trajectories; a dynamic weighting strategy is used to
obtain a better escape local optima and enhance safety; a obstacle-free path attraction strategy is proposed to solve the problem of detours
and accelerates the convergence speed. Finally, combined the enhanced HHO with DWA, Generalized Harris Hawks Optimization-Dynamic
Window Approach (GHHO-DWA) algorithm addresses the issues of nonsmooth global paths and inadequate dynamic obstacle avoidance.
Meanwhile, the effectiveness and practicality of GHHO-DWA algorithm are validated through MATLAB simulations and physical testing on
the QBot2e platform.
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1. Introduction

In recent years, with the rapid development of artificial
intelligence, Automated Guided Vehicles (AGVs) have seen
widespread application in the industrial and logistics sec-
tors [1, 2]. AGVs operate autonomously without a human
driver and use their own navigation system to navigate
predetermined paths, and are primarily used for tasks such
as material transportation, loading and unloading, and
warehouse management. Owing to their efficiency, flexibil-
ity, and cost-saving advantages, AGV systems have been
extensively adopted in modern factories and large ware-
houses [3–5]. Despite the numerous advantages of AGV
systems, their path planning faces several challenges.

Traditional path planning algorithms often encounter path
conflicts and suboptimal path optimization in complex dy-
namic environments, resulting in decreased AGV opera-
tional efficiency. Furthermore, existing path planning
methods frequently fail to adequately consider the AGV’s
own radius and dynamic obstacle avoidance requirements,
leading to possible collisions with obstacles and increased
safety risks [6, 7]. Therefore, achieving efficient path plan-
ning and real-time obstacle avoidance in complex dynamic
environments has become a crucial research topic for AGVs.

Path planning algorithms are typically divided into
global path planning and local path planning based on their
search scope and target tasks. In path planning, global path
planning is a crucial step in determining the overall optimal
path from the starting point to the target point, which often
face challenges such as large search spaces, complex envi-
ronmental constraints, and path optimization, necessitating
the use of effective algorithms and techniques to address
these issues [8, 9]. Common methods in global path
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planning include classical algorithms like A* and Dijkstra, as
well as swarm intelligence optimization algorithms. Swarm
intelligence optimization algorithms, which simulate the
behavior of natural swarms, have shown unique advantages
in the field of path planning [10]. Through the advantages of
global search capability, adaptability and parallelism, these
algorithms are able to provide efficient and safe path plan-
ning solutions in both static and dynamic environments.
Therefore, swarm intelligence optimization algorithms have
been widely applied in path planning problems, offering
reliable support for system path planning tasks [11, 12].

The Harris Hawk Optimization (HHO) algorithm is
widely used in AGV path planning due to its strong global
search capability, fast convergence speed, and robust per-
formance. However, the traditional HHO algorithm has
certain drawbacks, such as the problem of local optima,
sensitivity to parameter selection, lack of safety, excessively
long paths, and limited applicability. Many researchers have
proposed improvements to address these issues. He et al.
[13] used segmented chaotic maps to initialize the popu-
lation and introduced nonlinear dynamic weighting factors
to optimize the producer update equation. They also
employed an improved sine-cosine algorithm to optimize
the searcher update equation, avoiding local optima and
improving convergence accuracy. Cai et al. [14] proposed a
modified HHO algorithm (MHHO) that enhances path
planning performance through strategies like a straight-line
path strategy, a local search update strategy, and a non-
linear control strategy. These improvements result in
smoother paths with reduced length, stronger global search
capabilities to avoid local optima, and faster convergence. Li
et al. [15] introduced a global robot path planning method
based on the HHO algorithm, involving coarse and fine-
grained planning steps. They first used the MAKLINK graph
and Dijkstra’s algorithm for coarse-grained path planning,
and then applied the HHO algorithm for fine-grained opti-
mization. An improved version, IHHO, was proposed with
Rank-based dynamic updates and nonlinear perturbation
control factors to avoid local optima. Gregoric̀ et al. [16]
utilized autonomously generated hierarchical environmen-
tal maps, with layered abstractions representing the envi-
ronment from the most detailed to the most abstract levels.
Precomputed partial paths at the most detailed level served
as graph edges at the highest level, effectively reducing
the complexity of path planning and improving efficiency.
Rodríguez et al. [17] proposed a new steering angle allo-
cation strategy that, by maintaining a constant speed, gen-
erates a set of discrete possible directions for each robot,
effectively solving the problem of collision-free path allo-
cation of turning angles and minimizing deviations from the
shortest path. Existing improvement strategies for the HHO
algorithm typically do not consider the size and dynamic
model of AGV, fail to meet AGV motion constraints, and do

not account for the presence of dynamic obstacles, making it
difficult to satisfy path safety and obstacle avoidance
requirements [18, 19]. The aforementioned studies have
optimized HHO algorithm in terms of efficiency, computa-
tional complexity, and energy efficiency. The use of various
optimization strategies and the integration of multiple
algorithms offer significant reference value for subsequent
research, enhancing algorithm performance and improving
the efficiency and safety of path planning to some extent.
Despite improvements in HHO algorithm’s performance,
there remains room for further optimization and enhance-
ment. Moreover, current research on the HHO algorithm
primarily focuses on algorithm theory and its ability to solve
objective functions. Research on applying the HHO algorithm
to robot path planning is still relatively limited, and studies
on its applicability in addressing dynamic path planning
challenges in complex environments are also scarce.

In local path planning, commonly used methods include
the Artificial Potential Field (APF) method and Dynamic
Window Approach (DWA), which have the unique advan-
tage of sampling the velocity space, simulating the trajec-
tory, and evaluating its safety, efficiency, and consistency
with the target direction to select the optimal velocity
command. These algorithms, with their real-time capabili-
ties, flexibility, and adaptability, provide efficient and safe
path planning solutions in dynamic environments. Conse-
quently, DWA has been widely applied in local path plan-
ning problems, offering reliable support for system path
planning tasks. The DWA algorithm is extensively used in
AGV path planning due to its strong real-time response
capability, effective obstacle avoidance, and high adapt-
ability. However, traditional DWA algorithms also have
some disadvantages, such as the problem of local optima,
nonsmooth paths, high computational complexity, and in-
sufficient adaptability to dynamic environments. Many
researchers have proposed improvements to address these
issues. Wu et al. [20] combined a stability fuzzy controller
with a collision risk controller and defined two proportional
factors to improve fuzzy control based on global and ob-
stacle avoidance phases. This significantly reduced the ro-
tation angle of the DWA, shortening the navigation distance
and time. Lin et al. [21] enhanced the DWA by integrating a
fuzzy control strategy to improve obstacle avoidance per-
formance. By introducing collision risk indices and relative
distances to assess the threat level of moving obstacles,
this method allows for more precise threat evaluation and
helps the robot respond quickly and adaptively in complex
environments. Zhou et al. [22] improved the DWA by
adjusting its cost function and introducing additional terms
to enhance path tracking and real-time obstacle avoidance
for mobile robots. The improved DWA algorithm is more
effective in handling dynamic obstacles and generating op-
timized paths in complex environments. This adjustment
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of the cost function allows for more flexible obstacle
avoidance and better adherence to kinematic constraints.
Ding et al. [23] used the beetle antennae search algorithm
to address the optimization problem of APF, which does not
require velocity kinematics, by incorporating randomness
in the antenna direction vector. They proposed a collision-
free path planning method for cable-driven continuum
robots based on an improved APF, solving the problems of
local optima and collisions. Although these methods can
address high computational complexity and insufficient
adaptability to dynamic environments, they do not guar-
antee a globally optimal path. Existing DWA algorithms
mainly have two issues. On the one hand, the DWA is prone
to getting trapped in local optima, leading to situations
where the target is unreachable. On the other hand, the
DWA lacks global path guidance, making it unable to find
the optimal path.

As is known to all, single global path planning algorithms
struggle to cope with potential unknown static and dynamic
obstacles during actual planning processes. Conversely, local
path planning algorithms can effectively handle obstacles
encountered during travel. But they tend to fall into local
optimality, which prevent them from finding a global opti-
mal path [24–26]. Motivated by these observations, the
purpose of this paper is to design a new path planning al-
gorithm called the Generalized Harris Hawks Optimization-
Dynamic Window Approach (GHHO-DWA), which ensures
both global optimality and dynamic obstacle avoidance
considering the radius and dynamic performance of AGVs.
The main contributions of this paper are as follows:

. First, HHO algorithm is initialized using a circle-tent cha-
otic map, generating an initial population that is relatively
uniform and stable. Then, a segmented global–local search
optimization strategy is applied to differentiate between
global and local hawks. This approach maintains conver-
gence speed while effectively addressing the problem
of the algorithm easily getting trapped in local optima.
Furthermore, a hard constraint-mutation strategy is in-
troduced when applying the algorithm to path planning.
It enhances the population utilization rate significantly,
which is often low due to the randomness of the algorithm
during convergence. Consequently, the algorithm can
maximize the discovery of the global optimal path with a
limited population, and it also significantly improves the
efficiency of finding the optimal path. Experimental results
in a variety of scenarios demonstrate that the global path
planned by GHHO outperforms the global paths generated
by three other comparison algorithms in terms of path
length, number of turns, the frequency of finding the op-
timal path, and algorithm runtime.

. The sector potential field obstacle avoidance algorithm
significantly improves the anticipation of obstacle
avoidance and path safety by assigning artificial potential

field repulsion to obstacles within a sector region defined
by the current position of the AGV, its distance to the
target point, and its orientation change. The dynamic
weighting strategy adjusts the orientation weight of the
evaluation function to prevent the AGV from falling into
local optima. The obstacle-free path attraction strategy
solves the problem of detours and accelerates the con-
vergence speed by applying a larger attraction force on
the obstacle-free path. Experiments show that the im-
proved DWA algorithm is able to generate smoother and
safer paths by jumping out of the local optimum and
avoiding obstacles in advance.

. Furthermore, the GHHO-DWA algorithm is proposed
through using the global path critical points generated by
GHHO as local subgoal points of DWA. So that the com-
bination of the two optimizes the overall performance of
the path planning for indoor AGVs, and the effectiveness
and practicality of the proposed GHHO-DWA algorithm is
verified in different complexity scenarios via Matlab
simulations and QBot2e platform experiments.

As shown in Fig. 1, the structure of this paper is given as
follows. Section 2 introduces the GHHO algorithm. Section 3

Fig. 1. Overall framework diagram.
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presents the improved DWA algorithm and GHHO-DWA al-
gorithm. Section 4 analyzes the simulation and experimental
results, which verify the effectiveness and practicality of
GHHO-DWA. Section 5 concludes the paper and discusses our
future work.

2. Global Path Planning

2.1. Traditional HHO

HHO is derived from the hunting behavior of Harris’ hawks.
When the prey energy factor jEj � 1, the algorithm per-
forms global search behavior; when jEj < 1, it executes
local search behavior. Additionally, by introducing the
probability of prey successfully escaping the local search
behavior is divided into four strategies to simulate the
population’s predation behavior [27].

2.1.1. Global search phase

When jEj � 1, the algorithm performs the search behavior
based on two strategies as follows:

xðt þ 1Þ ¼
xrandðtÞ � rjxrandðtÞ � 2rxðtÞj q � 0:5;

ðxrabbitðtÞ � xmðtÞÞ
� rðLbþ rUb� LbÞ q < 0:5;

8<
: ð1Þ

xmðtÞ ¼
1

N

XN
i¼1

xiðtÞ; ð2Þ

where t represents the iteration count of the population;
xðtÞ denotes the position of the Harris hawk population;
xrabbitðtÞ represents the position of the prey; xmðtÞ indicates
the average position of the individual Harris hawks; r and q
are random numbers within ½0; 1�; Ub and Lb are the upper
and lower bounds of the algorithm’s search space.

2.1.2. Local search phase

When jEj < 1, the algorithm enters the local search phase.
At this point, the algorithm selects four different strategies
for predation behavior based on the probability of suc-
cessful prey escape � and the value of the prey energy
factor jEj.
(1) Soft enveloping: When 1 > jEj � 0:5 and � � 0:5, the

position update formula for the Harris hawk population
during the prey predation process is shown in Eq. (3).

xðt þ 1Þ ¼ xrabbitðtÞ � xðtÞ � Ej JxrabbitðtÞ � xðtÞj: ð3Þ
(2) Hard enveloping: When jEj < 0:5 and � � 0:5, the

position update formula for the Harris hawk population
during the prey predation process is shown in Eq. (4).

xðt þ 1Þ ¼ xrabbitðtÞ � Ejxrabbit � xðtÞj: ð4Þ

(3) Progressive rapid dive soft enveloping: When 1 >
jEj � 0:5 and � < 0:5, the position update formula for
the Harris hawk population during the prey predation
process is shown in Eqs. (5)–(7).

Y ¼ xrabbitðtÞ � Ej JxrabbitðtÞ � xðtÞj; ð5Þ
Z ¼ Y þ S � LFð2Þ; ð6Þ

xðt þ 1Þ ¼ Y if FðYÞ < FðxðtÞÞ;
Z if FðZÞ < FðxðtÞÞ;

�
ð7Þ

where Fð�Þ is the fitness function, S is a two-
dimensional random vector, and LFð�Þ is the mathe-
matical expression of L�evy flight.

(4) Progressive rapid dive hard enveloping: When jEj <
0:5 and � < 0:5, the position update formula for the
Harris hawk population during the prey predation
process is shown in Eqs. (8)–(10).

xðt þ 1Þ ¼ Y if FðYÞ < FðxðtÞÞ;
Z if FðZÞ < FðxðtÞÞ;

�
ð8Þ

Y ¼ xrabbitðtÞ � Ej JxrabbitðtÞ � xmðtÞj; ð9Þ
Z ¼ Y þ S � LFð2Þ: ð10Þ

2.2. Improvement HHO

2.2.1. Circle-Tent chaotic map population initialization

In the initialization phase, the random generation of the
dimensions of the Harris hawk population leads to an
uneven distribution of initial solutions, a lack of diversity
among individuals, and low coverage of the search space
[18]. It may result in premature convergence, slow con-
vergence speed, and insufficient exploration of the solution
space. Aimed to address these issues and make ensure a
more uniform distribution, the Circle-Tent chaotic map
method is applied to initialize the population in this paper.

Chaotic maps are effective tools for solving the problem
of uneven population distribution in search algorithm ini-
tialization due to their high randomness, chaotic behavior,
high-dimensional space coverage, and ease of implementa-
tion. Common chaotic mapping strategies include Circle,
Tent, Logistic, and Iterative maps. The Circle chaotic map,
with its simple structure, can produce chaotic dynamics
with periodic control and continuity, demonstrating high
coverage in the search space. The formula for the Circle
chaotic map is defined in Eq. (11):

xiþ1 ¼ mod xi þ 0:2� 0:5
2�

sin 2�xi

� �� �
; ð11Þ

where xi is the i-th chaotic particle, and xiþ1 is the ðiþ 1Þ-th
chaotic particle.
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The Tent chaotic map is a piece wise linear map known
for its uniform distribution function and good correlation
properties. It is widely used to address the issue of uneven
population distribution in search algorithm initialization.
The formula for the Tent chaotic map is defined in Eq. (12):

xiþ1 ¼
xi=a xi 2 ½0; aÞ;
ð1� xiÞ=ð1� aÞ xi 2 ½a; 1�;

�
ð12Þ

where xi is the i-th chaotic particle, xiþ1 is the ðiþ 1Þ-th
chaotic particle, and the value of a is 0.499.

The initial population of Harris Hawks Search algorithm
is solved based on a Circle-Tent hybrid chaotic map. The
formula is defined as follows:

xiþ1 ¼

xt �
xi
a
þ xc �mod xi þ 0:2� 0:5

2�

� �
sinð2�xiÞ

� �

xi 2 ½0; aÞ;
xt �

1� xi
1� a

þ xc �mod xi þ 0:2� 0:5
2�

� �
sinð2�xiÞ

� �

xi 2 ½a; 1�;

8>>>>>>>><
>>>>>>>>:

ð13Þ
where xi is the i-th chaotic particle, xiþ1 is the ðiþ 1Þ-th
chaotic particle, the value of a is 0.499, the value of xt is 0.1,
and the value of xc is 0.9.

As shown in Fig. 2, particles generated by Circle-Tent
hybrid chaotic mapping exhibit a more uniform distribution
compared to randomly generated particles, with minimal
clustering phenomenon. It indicates the clear chaotic char-
acteristics of Circle-Tent hybrid chaotic mapping, which
enhances the complexity and randomness of the chaotic
system, aiding in better coverage of the search space.

Remark 1. Circle-Tent hybrid chaotic map combines
complex chaotic dynamics of the Circle chaotic system
with the Tent chaotic system’s fast iteration speed, strong
autocorrelation, and suitability for large datasets. In the

initialization process of the HHO algorithm, the Circle-Tent
hybrid chaotic map is used to generate positions for each
dimension of the population, allowing it to cover every part
of the search space. This approach enhances global search
capability, helps in better discovering the global optimum,
improves convergence speed, and thoroughly explores
solution space.

2.2.2. Segmentation of global-local search

The prey energy factor E controls the transition of HHO
algorithm from global search to local search. As the algo-
rithm iterates, the maximum value of E gradually decrea-
ses. When the number of iterations reaches t � T=2, and
jEj � 1, it indicates that all of Harris’ hawks have entered
the local search phase. The advantage of this strategy is the
gradual narrowing of the search range of the Harris hawk
population, thereby enhancing the algorithm’s local search
capability. However, due to the population becoming overly
concentrated, the algorithm often loses diversity in the
later stages of iterations. The limited search range here
makes the algorithm prone to local optima, thus reducing
its search accuracy. To address this issue, this paper pro-
poses a segmentation of global search–local search opti-
mization strategy to prevent the algorithm from falling into
local optima.

Based on the principles of swarm intelligence optimiza-
tion algorithms such as the Bee Algorithm (BA) and Dung
Beetle Optimization (DBO) Algorithm, the Harris hawk
population is divided into two different subgroups when
t � T=2. One subgroup engages in the global search phase,
while the other subgroup performs the local search phase.
This approach aims to address the issue of the traditional
HHO algorithm being prone to local optima. To retain the
local convergence speed of the traditional HHO algorithm,
the allocation of the two subgroups becomes a critical
parameter under the fixed total number of hawks. Through

(a) (b)

Fig. 2. (a) Particle plot of Circle-Tent hybrid chaotic mapping (b) Random particle plot.
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multiple experiments and averaging the results, it was
found that allocating four hawks to the global search phase
provides the algorithm with a better capability to escape
local optima while significantly preserving the local con-
vergence speed. In a 40� 40-dimensional map environ-
ment, the results after 20 runs are shown in Fig. 3.

Remark 2. By strategically allocating a portion of the hawk
population to maintain global search behavior throughout
the entire iteration process, the HHO algorithm retains its
global exploration capability even in the later stages of the
search. This mechanism broadens the exploration range in
the early stages and refines solution accuracy through the
local hawks’ detailed development in the later stages.
The dynamic allocation of global and local hawks ensures
the algorithm’s adaptability at different stages, significantly
enhancing overall optimization performance.

2.2.3. Hard constraint-mutation strategy

Due to the randomness of the HHO algorithm during the
path generation phase in path planning, it cannot consider
the positions of obstacles. Instead, paths are evaluated post-
generation, and those that fail to avoid obstacles are dis-
carded. Thus, it significantly reduces the efficiency of HHO
path planning. Moreover, with a limited number of itera-
tions and a small population size, the probability of finding
the optimal solution is greatly reduced. To address this
issue, a hard constraint-mutation strategy is introduced into
the HHO algorithm during both the global and local search
phases. The incorporation of hard constraints and a muta-
tion strategy ensure that each generated HHO position
avoids obstacles, thereby significantly improving the sur-
vival rate of the population.

Remark 3. For complex constraint optimization problems,
this study introduces a hard constraint mutation strategy.
When a solution violates hard constraints (where the search
mechanism employed by the algorithm cannot account for
obstacle positions), the algorithm adjusts the solution
through specific mutation operations (mutating dimensions
that failed to successfully avoid obstacles), ensuring that it
returns to the feasible solution space. This mechanism not
only guarantees the feasibility of solutions but also prevents
the algorithm from being restricted by constraint conditions,
enhancing the adaptability and stability of the HHO algorithm
in handling complex constraints.

2.2.4. Improved algorithm workflow

The pseudocode representation of the GHHO algorithm is
shown in Table 1.

3. Main Results on GHHO-DWA

GHHO addresses and improves upon the limitations of the
basic HHO algorithm. Given a start and end point on a

Fig. 3. Comparative illustration of results from 20 runs.

Table 1. GHHO algorithm pseudocode.
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two-dimensional grid map, GHHO can generate the
globally optimal path from the start to the end point.
However, due to the lack of information on dynamic
obstacles, GHHO cannot achieve real-time dynamic ob-
stacle avoidance, and it does not consider the size of
the AGV itself, resulting in path planning without safety
considerations. To address these issues, a fusion algo-
rithm called GHHO-DWA is proposed in this paper, which
combines GHHO with an improved DWA algorithm.
When the global path is obtained via GHHO, the nodes of
the global path are used as target points for DWA, and
local motion strategies are formulated based
on information about unknown and moving obstacles to
achieve global path optimization and local dynamic ob-
stacle avoidance for mobile robots. During the process of
local dynamic obstacle avoidance, based on the char-
acteristics of the DWA path planning algorithm, the
safety requirements of AGV are achieved.

3.1. Improvement DWA

The DWA path planning algorithm generates a series of
candidate paths by simulating the possible velocity and
angular velocity combinations of an AGV in its current
state. These paths are constrained within a dynamic win-
dow in the velocity-angular velocity space to ensure that
the robot can safely reach the goal within a certain time
frame. Subsequently, the quality of each path is evaluated,
and the optimal path is selected as the robot’s direction of
travel. By taking both the dynamic characteristics of the
AGV and the dynamic changes in the environment into
account, it enables us to navigate quickly and safely in
complex environments.

3.1.1. Kinematic model of AGV

Assuming that AGV moves forward at a velocity � and
rotates around its center at an angular velocity !, its posi-
tion change over a time interval Δt can be described by the
following kinematic equations:

xtþ1 ¼ xt þ � � cosð�tÞ � Δt; ð14Þ

ytþ1 ¼ yt þ � � sinð�tÞ � Δt; ð15Þ

�tþ1 ¼ �t þ ! � Δt: ð16Þ

where ðxt; yt; �tÞ represents the position and orientation of
AGV at time t, and ðxtþ1; ytþ1; �tþ1Þ represents the position
and orientation of the AGV at time t þ 1.

The kinematic model of the AGV is shown in Fig. 4.

3.1.2. Velocity sampling space

The velocity sampling space refers to the range of linear
and angular velocities that can be sampled within a given
time interval [28]. The definition of the velocity sampling
space is crucial for determining the appropriate velocity for
the AGV’s next move.

(1) The speed range of the AGV.

�d ¼
ð�; !Þj� 2 ½�c � �

:
bΔ t; �c þ �

:
aΔt�

! 2 ½!c � !
:
bΔ t; !c þ !

:
aΔ t�

( )
; ð17Þ

where �min and �max represent the maximum and min-
imum linear velocities of the AGV, and !min and !max

represent the maximum and minimum angular veloci-
ties of the AGV.

(2) The motor constraints of the AGV.
Sampling of velocity and angular velocity is performed
within the dynamic window to generate a series of
possible velocity and angular velocity combinations. By
taking the constraints imposed by the actual motor
torque into account, the vehicle is subject to constraints
on maximum acceleration and deceleration. The velocity
constraint formula is shown in Eq. (18):

�m ¼ fð�; !Þj� 2 ½�min; �max�; ! 2 ½!min; !max�g; ð18Þ
where �c and !c represent the current linear velocity
and angular velocity, respectively, and �

:
a and �

:
b denote

the maximum linear acceleration of the vehicle, while !
:
a

and !
:
b represent the maximum angular acceleration.

(3) The safety constraints of the AGV.
When calculating collision risk, the DWA algorithm
introduces the concept of a safety distance, which
represents the minimum distance that should be main-
tained between the vehicle and its obstacles. If the dis-
tance between the vehicle and the obstacles is less than

Fig. 4. The kinematic model of an AGV.
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the safety distance, it is considered a collision risk, and
corresponding avoidance or deceleration strategies need
to be implemented. The safety constraint formula is as
shown in Eq. (19).

�a ¼ fð�; !Þj� �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2distð�; !Þ�: b

q
; !

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2distð�; !Þ!: b

q
g; ð19Þ

where �
:
b and �

:
b, respectively, represent the maximum

linear deceleration and maximum angular deceleration
of the vehicle, while distð�; !Þ denotes the minimum
distance between the vehicle and obstacles at the next
time step.

3.1.3. Fan-shaped potential field obstacle avoidance
algorithm

Traditional DWA algorithms can achieve obstacle avoidance
for ordinary rectangular obstacles, but they often react
when AGV is close to the obstacles, leading to sharp changes
in the vehicle’s angle and higher risk factors. To address this
issue, a Fan-shaped Potential Field Obstacle Avoidance
Algorithm is proposed in this paper. The boundaries of a
fan-shaped region are defined based on the AGV’s current
position as the center, the distance from its current position
to the target point as the radius, and the angle of the AGV’s
orientation change at the next time step as the sector angle.
Within this fan-shaped region, obstacles are assigned arti-
ficial potential field repulsion forces, which are integrated
as a new evaluation function to determine the optimal path
for the next time step. Experimental results demonstrate
that a new evaluation function is introduced to make the
vehicle react in advance to obstacles, resulting in safer AGV
paths with smoother angle changes.

(1) Calculate the Euclidean distance dtarget from the current
position of the AGV to the target point:

dtarget ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxtarget � xAGVÞ2 þ ðytarget � yAGVÞ2

q
; ð20Þ

where ðxtarget; ytargetÞ and ðxAGV; yAGVÞ represent the
target position and the current position of the AGV,
respectively.

(2) Change in the orientation of AGV at the next moment:

Δ� ¼ !t; ð21Þ

�min ¼ �t �
Δ�
2

; ð22Þ

�max ¼ �t þ
Δ�
2

; ð23Þ

where �t represents the current orientation of the AGV,
and Δ� represents the change in orientation angle.

(3) Calculate the distance d between obstacles within the
fan-shaped region and the AGV, as well as the angle a of
obstacles relative to the AGV.

d ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxobs � xAGVÞ2 þ ð yobs � yAGVÞ2

p
; ð24Þ

a ¼ arctan 2ð yobs � yAGV; xobs � xAGVÞ � �AGV; ð25Þ
where ðxobs; yobsÞ represents the position of obstacles
within the fan-shaped region.

(4) Define the repulsive force Frepulsiveðd; aÞ represented by
a Gaussian function.

Frepulsiveðd; aÞ ¼ k � e�
ðd�d0Þ
2�

2 ; ð26Þ
where d0 is the mean of Gaussian function, � is the
standard deviation, and e is the base of the natural
logarithm.

(5) Utilizing Frepulsiveðd; aÞ as a new evaluation function,
combined with other evaluation functions, to determine
the optimal path for the next time step.

Based on the data above, draw the corresponding sche-
matic diagram of the sector potential field obstacle avoid-
ance algorithm, as shown in Fig. 5.

The blue sector area represents the search area assigned
with obstacle repulsion, the orange region represents the
assigned obstacle repulsion, and the green denotes the
target point.

The experimental results of its obstacle avoidance effect
in the grid map are shown in Fig. 6.

From Fig. 6, it is evident that in the presence of obstacles
ahead, the original algorithm reacts only when it gets very
close, resulting in drastic changes in the AGV’s angle and
low safety. In contrast, the improved algorithm can react in
advance under the same conditions, implementing slight
turning strategies beforehand, ensuring the AGV reaches

Fig. 5. Schematic diagram of sector potential field obstacle
avoidance algorithm.
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the target point safely without decelerating and with min-
imal angle changes.

Remark 4. The fan-shaped potential field mechanism
defines a fan-shaped region between the AGV’s current
position and the target point, applying repulsive forces to
obstacles within this region. The repulsive force is used as a
fourth evaluation function, combined with the other three
functions to assess the path cost. The robot plans its path
based on the aggregated path costs, prioritizing paths with
lower costs to avoid high-density obstacles. This strategy
enhances the DWA algorithm’s obstacle avoidance cap-
ability, allowing the robot to handle complex environments
more flexibly and improving overall navigation safety and
reliability.

3.1.4. Dynamic weighting strategy

Due to the inherent characteristics of AGVs, such as con-
straints on angular velocity and speed, the original DWA
algorithm’s three evaluation functions tend to trap AGVs in
local optima. To address this issue, this paper proposes a

dynamic weighting strategy. It assesses whether there are
continuous obstacles in the fan-shaped region that could
lead the vehicle into local optima. If such obstacles are
detected, the orientation weight of the evaluation function
is altered to a negative value; otherwise, the original eval-
uation function is retained. Experimental results demon-
strate that this approach enables the algorithm to escape
local optima prematurely.

From Fig. 7, it is evident that the original DWA path
planning algorithm gets trapped in local optima when fac-
ing concave obstacles, preventing the vehicle from reaching
the target point. In contrast, the improved algorithm can
identify the type of obstacle ahead and react promptly by
turning early to break free from local optima.

Remark 5. This paper proposes a method for dynamically
adjusting the evaluation function weights. Specifically, by
assessing the presence of continuous obstacles within a fan-
shaped region, the strategy dynamically modifies the
direction weight. If obstacles that could lead to local optima
are detected, the direction weight is adjusted to a negative
value, encouraging the algorithm to escape local optima;
otherwise, the original weight is maintained. This strategy

(a) (b)

(d) (d)

Fig. 6. (a) Original DWA algorithm path planning graph (b) Improved DWA algorithm path planning graph (c) Original DWA algorithm
linear velocity, angular velocity, angle change graph (d) Improved DWA algorithm linear velocity, angular velocity, angle change graph.
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significantly enhances the flexibility and success rate of
path planning, enabling AGVs to more effectively address
challenges in complex environments.

3.1.5. Target attraction enhancement strategy

In the above experiments, although the possibility of falling
into local optima has been addressed, there is still a concern
when turning that, if continuous obstacles persist within the
range of the orientation angle, the evaluation function with
negative orientation weight will still be used. This situation
may result in the occurrence of detours. To address this
issue, this paper proposes a new approach to determine
whether there are obstacles between the current position
and the target point. If there are no obstacles, a new eval-
uation function is adopted, which can be understood as
giving an AGV a stronger attraction towards the target point
when there are no obstacles between the two points. Ex-
perimental validation not only resolves the aforementioned
issue but also accelerates the convergence speed of the
algorithm.

Remark 6. To address the potential issue of detours
during turning, a new evaluation function is proposed to
determine whether there are obstacles between the current
position and the target point. If no obstacles are present, the
new evaluation function is used to increase the AGV’s
attraction towards the target point. This approach resolves
the detour problem and accelerates the algorithm’s
convergence speed.

3.2. Introduction of GHHO-DWA algorithm

The GHHO algorithm performs remarkably well in acquiring
global optimal paths in static obstacle environments with
known maps. However, when applied to AGV path planning

in real scenarios, the generated global paths lack smooth-
ness and safety considerations. Additionally, they do not
account for newly introduced obstacles, rendering the
real-time obstacle avoidance ineffective. Conversely, DWA
updates an AGV’s perception range as a window in real-
time to detect nearby unknown and dynamic obstacles. It
employs an evaluation function to endow the AGV with
dynamic obstacle avoidance capabilities. However, DWA
tends to get trapped in local optima when the destination is
far, leading to scenarios where the goal cannot be reached
or the path is excessively long.

The main process of the GHHO-DWA algorithm is as
follows: in a known map environment, GHHO plans the
global path and uses the critical nodes of the GHHO-gener-
ated global path as the local path target points for DWA. This
algorithm employs segmented dynamic path planning to
ensure real-time obstacle avoidance capability for the AGV.
Moreover, based on the DWA safety distance evaluation
function, path safety is ensured. The resulting path is both
globally optimal and safe. The GHHO-DWA algorithm com-
bines the advantages of both methods, resulting in shorter
paths while enhancing path smoothness and safety. The
workflow pseudocode for the GHHO-DWA algorithm is
presented in Table 2.

One of the advantages of the GHHO-DWA algorithm lies in
its ability to balance the computational costs of global search
and local optimization. Although the complexity of the HHO
component increases with the population size and the
number of iterations, the efficiency is improved through
carefully designed initialization and search strategies, which
help reduce the generation of invalid search paths. Mean-
while, the DWA component’s local optimization, while adding
some computational load during each local path adjustment,
effectively prevents the algorithm from getting stuck in local
optima. Therefore, the complexity of the GHHO-DWA algo-
rithm is not only determined by the computational costs of
individual components but is also influenced by the

(a) (b)

Fig. 7. Comparison of DWA algorithm path planning diagrams.
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interaction and synergy between the global and local search
processes. Through this interaction, the algorithm can
maintain efficient global search while achieving more refined
local optimization, thus demonstrating superior performance
in more complex environments.

The GHHO-DWA algorithm combines the strengths of
HHO and DWA. The global search capability of HHO ensures
that the algorithm explores potential global optima within

a broad search space, and its convergence can be demon-
strated by proving that it can find the global optimum with
high probability. Meanwhile, DWA’s local search capability
further optimizes the path when approaching the optimal
solution. Theoretically, as long as the HHO algorithm
gradually converges on a global scale, the DWA algorithm
can refine the local path to improve the solution quality.
Therefore, the GHHO-DWA algorithm is convergent and,
with proper parameter settings, can converge to the global
optimum or a near-optimal solution with high probability.

4. Simulation and Experimental

4.1. Environment modeling

Environment modeling is a critical step in robotic path
planning. It abstracts the real-world environment into a
form that can be processed by a computer, enabling the
path planning algorithm to understand and operate within
it. Common methods for environment modeling in path
planning include grid-based methods, visibility graphs, and
feature maps. In this paper, a grid-based method is used for
binarization, creating a grid map where 0 represents free
traversable space and 1 represents obstacles, as shown in
Fig. 8. By modeling the actual environment as a grid map,
the necessary input for path planning is provided. The path
planning algorithm utilizes this grid map to search for the
most efficient path from the start point to the destination,
adhering to specific constraints and optimization objectives.

Mapði; jÞ 0 Free space;

1 Obstacle;

�
ð27Þ

Fig. 8. 2D grid map of a complex environment.

Table 2. Enhanced AGV path planning using HHO and sector-
wide field DWA.
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To ensure the reliability and reproducibility of the ex-
perimental results, this paper adopts the control variable
method. The constant factors in all simulation experiments
include the software and hardware configurations. The
computer processor used is an Intel(R) Core(TM) i5-1035G1
CPU with a base frequency of 1.00GHz and an actual op-
erating speed of 1.19GHz. The operating system is Windows
10 Professional, and the simulation platform is MATLAB
R2021b.

4.2. Simulation on GHHO

In order to verify the effectiveness and superiority of GHHO,
simulations are performed in this chapter on complex grid
maps to compare GHHO with the conventional HHO, Ant
Colony Optimization (ACO) and Ant Colony Optimization
Genetic Algorithm (ACO GA) algorithms. The parameter
settings for each algorithm are shown in Table 3.

4.2.1. Environment model 1

Environment model 1 was modeled as a 20� 20 grid map
with randomly distributed obstacles with given start and
end points and simulated in MATLAB. Figure 9 intuitively
represents the path planning results of ACO [29], ACO GA
[30], HHO, and GHHO. To minimize the influence of ran-
domness in swarm intelligence optimization algorithms,
each algorithm is independently run for 30 repetitions of
simulation experiments. The comparative results are shown
in Fig. 10 and Tables 4 and 5.

The simulation results indicate that all four algorithms
can plan collision-free global paths. Analysis was conducted
based on the path length, number of turns, and planning time
from 30 simulated experiments. The simulation results are
shown in Tables 4 and 5. GHHO exhibited outstanding effi-
ciency in path planning. Compared to ACO, HHO, and
ACO GA, the average path length of GHHO was reduced by
11.04%, 3.63%, and 1.32% respectively. Out of the 30 sim-
ulated experiments, GHHO, ACO, HHO and ACO GA found
the optimal path 21, 3, 2, and 11 times respectively (as
shown in Table 4). The variance of path lengths was
0.0293, 3.0051, 3.0051 and 0.4874 respectively. As
depicted in Fig. 9, GHHO demonstrated remarkable sta-
bility and the ability to find optimal paths consistently.
Regarding the number of turns, GHHO exhibited fewer
turns, reducing the number of turns by 36.9%, 14.7% and
8.7% compared to ACO, HHO and ACO GA respectively.
Figure 10 vividly illustrates that GHHO algorithm can
reach the endpoint with fewer turns. In terms of timing
for path planning, GHHO performed excellently, with an
average runtime reduction of 2.3% and 86.2% compared
to ACO and ACO GA, respectively.

4.2.2. Environment model 2

To highlight the advantages of the algorithms, Environment
Model 2 was modeled as a 40� 40 grid map with more
complex obstacles added for simulation experiments.
Figure 11 visually represents the path planning results of
ACO, Sparrow Search Algorithm (SSA) [31], HHO and GHHO.
After 30 simulation experiments, the comparison results
are shown in Fig. 12 and Tables 6 and 7.

In Environment Model 2, due to the scale and complexity
of the map, the shortest path is defined as a path shorter
than 57m. Among the four algorithms’ simulation results,
GHHO produced the shortest path at 56.4764 meters, re-
ducing the shortest path by 3.74%, 1.76% and 1.04%
compared to ACO, HHO and SSA, respectively (as shown in
Table 6). In terms of average path length, GHHO reduced
the length by 4.48%, 4.33% and 3.84% compared to the
other algorithms. There was a significant improvement in
the average number of turns, with reductions of 23.7%,

Table 3. Parameter settings for HHO, ACO, ACO GA, GHHO, and
SSA.

HHO Parameters

Number of Harris Hawks 50
Maximum Number of Iterations 200
Number of Harris’s Hawks in GHHO 4
Search Dimension 18
xtent=xcircle 0.1/0.9

ACO
Ant Quantity 50
Maximum Number of Iterations 200
Pheromone Factor 2
Heuristic Function Factor 6
Pheromone Evaporation Factor 0.1

ACO GA
Ant Quantity 50
Maximum Number of Generations 200
Crossover Probability (pcrossover) 0.8
Mutation Probability (pmutation) 0.05
Pheromone Evaporation Factor 0.1

GHHO
Number of Harris Hawks 50
Maximum Number of Iterations 200
Number of Harris’s Hawks in GHHO 4
Search Dimension 18
xtent=xcircle 0.1/0.9

SSA
Number of Sparrows 50
Maximum Number of Iterations 200
Soft Value 0.8
Recovery Percentage 0.3
Scout Percentage 0.2
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10.4% and 15.9% compared to the other algorithms.
Tables 6 and 7 shows that in high-scale and high-complexity
map environments, GHHO found the optimal path 8 times,
while the other three algorithms did not find the optimal
path at all. Figure 12 clearly illustrates that the GHHO al-
gorithm can reach the destination with shorter and
smoother paths. Furthermore, GHHO demonstrated stron-
ger stability. Although the path planning time of GHHO may
be relatively longer as the complexity and scale of the map
increase, the resulting stability and shortest path effect are
quite impressive.

The above experimental results indicate that the GHHO
proposed in this paper can plan globally optimal paths in
maps of varying scales and complexities. The generated
global paths consistently outperform the other three com-
parative algorithms in metrics such as path length, number

(a) (b)

(c) (d)

Fig. 9. Trajectories of four path planning algorithms in environment model 1.

Fig. 10. Performance metrics comparison of algorithms (GHHO,
ACO, HHO, ACO GA) under environment model 1.

Table 4. Comparison of different algorithms (part 1).

Path length/m

Algorithm Minimum Mean
Frequency of

minimum value

ACO 29.2132 31.2603 3
HHO 27.7028 28.8564 2
ACO GA 27.7318 28.1795 11
GHHO 27.7028 27.8083 21

Table 5. Comparison of different algorithms (part 2).

Number of turns Time/s

Algorithm Minimum Mean Minimum Mean

ACO 8 12.2 4.18 5.08
HHO 7 9.03 2.92 3.82
ACO GA 7 8.43 24.47 36.32
GHHO 7 7.7 4.13 4.97
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of turns, and optimization capability. GHHO not only
demonstrates outstanding path optimization capability
but also shows the ability to produce smooth paths and
excellent stability.

4.3. Simulation on GHHO-DWA

4.3.1. GHHO-DWA for unknown obstacle avoidance

Validation of the fused algorithm is conducted on grid
maps with three sets of scenarios featuring different con-
figurations of unknown obstacles. The path planning is
performed using both GHHO and GHHO-DWA algorithms.
The starting and ending points are set to (1, 1) and (50, 50),
respectively. Black grids represent known obstacles, while
orange grids depict unknown obstacles. The weight para-
meters for DWA are configured as shown in Table 8, and

Table 6. Comparison of different algorithms (part 1).

Path length/m

Algorithm Minimum Mean
Frequency of

minimum value

ACO 58.669 61.0529 0
HHO 57.4853 60.9549 0
SSA 57.0709 60.6464 0
GHHO 56.4764 58.3168 8

Table 7. Comparison of different algorithms (part 2).

Number of turns Time/s

Algorithm Minimum Mean Minimum Mean

ACO 11 18.7 8.38 9.51
HHO 10 15.93 6.77 11.08
SSA 12 16.97 8.92 10.46
GHHO 10 14.27 11.65 15.17

Table 8. DWA weight parameters.

Parameters � � 	 "

Weight 0.05 0.1 0.3 0.2

(a) (b)

(c) (d)

Fig. 11. Trajectories of four path planning algorithms in environment model 2.

Fig. 12. Performance metrics comparison of algorithms (GHHO,
ACO, HHO, SSA) under environment model 2.

34 Z. Zhou, Y. Song & S. Li

December 6, 2025 8:54:08am WSPC/284-US 2550078 ISSN: 2301-3850



the dynamic parameters of the AGV are set, as shown in
Table 9.

Figures 13–15 depict the simulation results of obstacle
avoidance algorithms. The paths planned by GHHO are
represented by red dashed lines, while those planned by
GHHO-DWA are represented by blue solid lines. Unknown

obstacles are denoted by orange rectangles. From these
simulation results, it is evident that in the absence of
unknown obstacles, both algorithms can achieve optimal
paths. However, when encountering unknown obstacles,
using GHHO algorithm alone cannot identify and avoid these
obstacles. In contrast, GHHO-DWA algorithm, integrated
with DWA, can recognize and circumvent unknown obsta-
cles while planning smooth and safe paths. Regardless of
the increase in the number of unknown obstacles, the
planned paths consistently succeed in obstacle avoidance
and reaching the destination. The incorporation of hybrid
methods effectively handles unknown obstacles in grid
maps, thus providing a trajectory closely associated with the
global optimal path. Considering the working characteristics
of AGVs in real environments, this simulation experiment
uses four evaluation indicators: optimizing path length,
number of turns, safety, and smoothness. The relevant
performance indicators for random obstacle avoidance using
the integrated algorithm are shown in Table 10.

To visually demonstrate the improvement of the GHHO-
DWA algorithm, we conducted simulation experiments

Table 9. AGV kinematic parameters.

Parameter Numerical values

Starting point coordinates (1,1)
End point coordinates (50,50)
Maximum linear velocity of AGV 1.5m/s
Maximum angular velocity of AGV 20 deg/s
Maximum linear acceleration of AGV 0.2m/s2

Maximum angular acceleration of AGV 50 deg/s2

Linear velocity resolution 0.02m/s
Angular velocity resolution 1 deg/s
Time resolution 0.1 s
Prediction period 3 s

(a) (b)

Fig. 13. No unknown obstacle scenario: (a) Path planning graph, (b) Linear velocity, angular velocity, and angle change graph.

(a) (b)

Fig. 14. A scenario with an unknown obstacle: (a) Path planning graph, (b) Linear velocity, angular velocity, and angle change graph.

Indoor AGV Path Planning 35

December 6, 2025 8:54:39am WSPC/284-US 2550078 ISSN: 2301-3850



under the same conditions for the traditional HHO and
DWA algorithms. Performance comparisons were made in
both scenarios, without random obstacles and with multiple
random obstacles. The specific simulation results are shown
in Fig. 16.

Based on the analysis of Tables 10 and 11, the GHHO-
DWA fusion algorithm significantly outperforms the tradi-
tional HHO and DWA algorithms in path planning. In the
absence of random obstacles, GHHO-DWA achieves a path
length 0.13m shorter than HHO, approximately 99.83% of
HHO’s path length, and 1.34m shorter than DWA, about

98.24% of DWA’s path length. In scenarios with multiple
random obstacles, GHHO-DWA’s path length is 3.75m
shorter than HHO, about 95.30% of HHO’s path length. In
terms of the number of turns, GHHO-DWA requires 7 fewer
turns than HHO in the absence of random obstacles,
representing only 22.22% of HHO’s turns, and 6 fewer turns
than DWA, about 25.00% of DWA’s turns. In scenarios with
multiple random obstacles, GHHO-DWA requires 7 fewer
turns than HHO, approximately 30.00% of HHO’s turns.
Additionally, GHHO-DWA achieves path smoothness and
safety in all scenarios, whereas HHO and DWA fall short in
these aspects. Overall, the GHHO-DWA fusion algorithm
demonstrates superior efficiency, smoothness, and safety in
path planning, especially in complex environments with
random obstacles.

4.3.2. GHHO-DWA for dynamic obstacle avoidance

To assess the obstacle avoidance capability of GHHO-DWA
fusion algorithm in dynamic environments, simulations

(a) (b)

Fig. 15. Multiple unknown obstacle scenario: (a) Path planning graph, (b) Linear velocity, angular velocity, and angle change graph.

(a) (b)

Fig. 16. The path planning trajectories of HHO and DWA in different scenarios: (a) No unknown obstacle scenario, (b) Multiple unknown
obstacle scenario.

Table 10. Path-planning performance of the GHHO-DWA fusion
algorithm.

Scenario Path length Turns Smoothness Safety

Figure 11 75.10 2 Yes Yes
Figure 12 75.44 3 Yes Yes
Figure 13 75.52 3 Yes Yes
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were conducted on a 50� 50 grid map with four different
environmental models. A certain number of dynamic
obstacles and static unknown obstacles were introduced
into the experimental environment. The starting and ending
points were represented by green and red dots, respectively.
The green fan-shaped region represents the predicted tra-
jectory of AGV. Dynamic obstacles were denoted by yellow
small squares, with their starting and ending points marked
by purple and brown dots. The planned path was depicted
by green dashed lines, while the traversed path was repre-
sented by purple dashed lines. Orange rectangles repre-
sented unknown obstacles. The trajectory generated by

GHHO was shown by red dashed lines, while the trajectory
generated by GHHO-DWA fusion algorithm was depicted by
blue solid lines.

In Fig. 17, it is evident that AGV progresses along the
path planned by GHHO. When encountering unsafe turns,
AGV introduces local avoidance to make its path curve
safely. When encountering unknown static obstacles, the
local avoidance algorithm accurately identifies and avoids
them. In the presence of dynamic obstacles, the local
avoidance algorithm predicts potential collisions and
implements avoidance strategies if necessary. It is clear
that AGV swiftly and accurately adopts appropriate avoid-
ance strategies when encountering random unknown
obstacles and dynamic obstacles along the global path.
Local path planning, through real-time perception and
analysis of the surrounding environment, enables AGV
to promptly recognize collision risks and react swiftly,
selecting smooth and safe paths. This efficient obstacle
avoidance capability allows AGV to navigate safely in
complex environments, ultimately achieving the intended
path planning objectives.

Table 11. HHO and DWA path planning performance.

Scenario Algorithm
Path
length Turns Smoothness Safety

Figure 14(a) HHO 75.23 9 No No
Figure 14(a) DWA 76.44 8 Yes Yes
Figure 14(b) HHO 79.27 10 No No
Figure 14(b) DWA — — — —

(a) (b)

(c) (d)

Fig. 17. Dynamic obstacle avoidance effect of GHHO-DWA algorithm: (a) Avoiding a single position obstacle; (b) Avoiding dynamic
obstacles; (c) Avoiding continuous obstacles; (d) Completing dynamic path planning to reach the target point.
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To further validate the effectiveness of fusion algorithm,
a series of dynamic path planning simulations were con-
ducted in environments of varying complexity levels, com-
paring the paths generated by fusion algorithm with those
determined by GHHO. Through these comparisons, dynamic
obstacle avoidance performance of fusion algorithm can be
comprehensively evaluated. The comparative results are
shown in the Fig. 18.

4.4. Experimental validation

To further verify the effectiveness and practicality of algo-
rithm, an indoor AGV path planning experiment was con-
ducted in a real-world environment. This study utilized the
QBot 2e, a two-wheeled differential drive mobile robot,
equipped with a Raspberry Pi and a 640� 480 Microsoft
Kinect sensor to collect surrounding information. Quanser
control model was built using the Simulink functionality in

(a) (b)

(c) (d)

(e) (f)

Fig. 18. Fusion algorithm dynamic obstacle avoidance diagram.
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the Matlab 2019b environment. The robot was controlled to
gather environmental information and scan the generated
map, where white represents obstacle-free areas, black
represents obstacles, and gray represents unexplored areas.
The process algorithm was used to convert the scanned
real-world map into a two-dimensional grid map, and the

GHHO algorithm, HHO algorithm, DWA algorithm, and
GHHO-DWA algorithm were validated on the grid map.

The experimental environment for the indoor AGV path
planning experiment in a real-world setting includes
six 0:5� 0:5� 1:0 cubic meter cardboard boxes.
The experimental data parameters are detailed in Sec. 4.3.
The necessary code for the experiment is presented in
pseudocode form in Secs. 2.2 and 3.2. The dataset used in
the experiment consists of the map data generated by the
QBot 2e in the aforementioned environment, which is uti-
lized to test the algorithm’s performance in complex path
planning tasks. The experimental steps are as follows:Es-
tablish a connection between the host computer and the
QBot 2e robot, and open Quanser control model in Matlab/
Simulink environment. Then, control robot to collect data
from the surrounding environment and save the collected
map to the workspace. Next, process the actual map using
the process algorithm, convert it into a two-dimensional grid
map format, and define the starting and ending points for
the robot. After that, perform path planning in the envi-
ronment from the previous step to generate a series of
continuous points. Finally, provide the path points from the
previous step to QBot 2e robot, open the Quanser control
model, and conduct algorithm validation.

(a) (b)

Fig. 19. Indoor obstacle environment diagram.

Fig. 20. Validation of path planning algorithm in indoor
environment.

(a) (b)

Fig. 21. Indoor experimental results display.
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In Fig. 19, (a) depicts the distribution of obstacles and
the initial position of AGV, while (b) shows the actual map
environment scanned by AGV. The process program con-
verts the scanned actual map into a grid map and provides
the destination position. The path planning algorithm
generates a path, as depicted in Fig. 20. In this figure, the
red rectangle represents the starting point of AGV, the blue
rectangle represents the destination point of AGV, the
black rectangles represent obstacles, and the white areas

indicate freely passable regions. The orange solid line
represents the path planned by the GHHO-DWA algorithm,
the cyan solid line represents the path planned by the
GHHO algorithm, the dark blue solid line represents the
path planned by the DWA algorithm, and the red solid line
represents the path planned by the HHO algorithm. Under
the constructed Quanser control model, the generated path
points are provided to AGV for path verification. The pro-
cess of AGV operation is illustrated in Fig. 21.

Figure 21(a) shows the AGV’s starting position and pre-
planned path; (b) and (c) depict the safe passage through
the first obstacle; (d) and (e) illustrate the safe passage
through the fourth obstacle; (f) and (g) demonstrate the
safe passage through the sixth obstacle; and (h) shows the
AGV reaching its destination.

From Table 12 and Fig. 20, it is clear that although the
GHHO and DWA algorithms generate shorter paths, they
often result in unreachable paths in practical applications,

(c) (d)

(e) (f)

(g) (h)

Fig. 21. (Continued )

Table 12. Experimental data of algorithms.

Algorithm Path length Turns Smoothness Safety

HHO 58.3 3 No No
DWA 57.41 4 Yes No
GHHO 57.07 2 No No
GHHO-DWA 58.13 2 Yes Yes
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leading to collisions with obstacles. In contrast, while the
GHHO-DWA algorithm produces slightly longer paths, these
paths are reachable and smooth. Experimental validation
shows that, considering the AGV’s radius, GHHO-DWA offers
feasible and safe paths with the shortest safe distance.
In summary, GHHO-DWA integrates smoothness, reach-
ability, and safety in path planning, demonstrating signifi-
cant overall advantages and significantly reducing collision
risks for the QBot2e during movement. The experimental
results confirm the effectiveness and practicality of the
GHHO-DWA algorithm, and its validity has been verified
using the QBot2e platform.

5. Conclusions and Future Works

Based on the improved HHO and DWA algorithms, this
paper proposes a new optimal path planning algorithm for
indoor AGVs called GHHO-DWA. First, the improved HHO
algorithm is used to generate the global optimal path, with
its key nodes serving as local target points for the DWA
algorithm. Then, the improved DWA algorithm is employed
for local path planning, ensuring that the AGV reaches
the target point safely and smoothly. The effectiveness of
the GHHO-DWA algorithm is validated through targeted
simulations, and its practicality is further confirmed
through experiments on the QBot2e platform.

The experimental results show that the GHHO-DWA al-
gorithm can effectively generate reachable and smooth
paths in various obstacle environments, a key advantage
that highlights its significant potential for application in
complex indoor environments. However, due to limitations
in the experimental equipment, the algorithm’s perfor-
mance in environments with random and dynamic obsta-
cles has not yet been fully tested, which may affect its
adaptability and path replanning capabilities in dynamic
settings. Additionally, the algorithm’s computational com-
plexity could become a bottleneck in larger-scale or more
complex environments, potentially limiting its real-time
performance and efficiency.

Despite these challenges, the GHHO-DWA algorithm
continues to demonstrate outstanding adaptability and
practical value in handling complex path planning tasks.
Future research should focus on the following areas: first,
further testing the algorithm’s performance in random
and dynamic obstacle environments to verify its robust-
ness and adaptability in real-world applications; second,
validating the algorithm’s generalizability across a wider
range of AGV platforms to ensure its effectiveness in var-
ious practical scenarios; and finally, optimizing the algo-
rithm’s computational complexity to enhance its real-time
performance and collaborative capabilities in complex

environments, thereby better meeting the demands of
practical applications. These efforts will further enhance
the competitive advantage of the GHHO-DWA algorithm
in dynamic environments and expand its potential for
industrial application.
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