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ABSTRACT

Path planning is important for mobile robot to ensure safe and efficient navigation. This paper proposes
a hybrid artificial bee colony with genetic augmented exploration mechanism (HABC-GA) that enables
mobile robot to achieve safe and smooth path planning. Considering the characteristics of path
planning problem, a mathematical model is constructed to balance three objectives: path length, path
safety, and path smoothness. In the employed bee phase, a genetic augmented exploration mechanism
is designed, which encompasses redesigned path crossover, adaptive obstacle-aware mutation, and
dynamic elite selection operators. In the onlooker bee phase, an objective-guided optimization strategy
is investigated to improve local search ability. In the scout bee phase, a dual exploration restart strategy
is developed to increase the activity of individuals in the population, in which stagnant individuals
in the evolution are replaced by more promising ones. Finally, the proposed HABC-GA is compared
with five efficient algorithms in 24 instances of six representative environments. Simulation results
demonstrate the effectiveness and high performance of HABC-GA in obtaining safe and smooth paths.
© 2024 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access
article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Mobile robots are autonomous devices capable of perform-
ing particular tasks in intricate environments without human
intervention. Currently, mobile robots are extensively utilized
across multiple sectors, including manufacturing [1], military [2],
agriculture [3], disaster relief [4], navigation [5], and emergency
response [6]. Indeed, path planning is a fundamental component
and critical technology in robotic systems [7]. Specifically, it
involves determining a collision-free route from the start point to
the target point within a given workspace. Efficient path planning
methods can reduce capital investment while minimizing robot
wear and tear. Although path planning has made steady progress
in the past few decades, it remains an open problem in many
applications.

Nowadays, numerous algorithms are developed to determine
the optimal path for mobile robot, such as cell decomposition
(CD) [8], artificial potential field algorithm (APF) [9,10], and
roadmap method (RM) [11]. Specifically, the CD partitions the
robot’s configuration space into areas designated as free and
those containing obstacles. It utilizes a connectivity graph to nav-
igate through these cells, aiming to establish a collision-free path
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from the starting point to the destination. The method usually
tends to focus on whether the unit is occupied by obstacles,
without strict constraints on the safe distance from the obstacle,
so the generated path may be very close to obstacle edges. The
APF algorithm generates a virtual force field in the configuration
space of robot where the target point creates an attractive force
and obstacles generate repulsive forces to prevent collisions. The
movement of robot is directed by the combined influence of these
forces. However, during path planning, the algorithm can cause
the robot to become trapped near obstacles, preventing further
movement toward the target. As a result, the path generated
may be unsafe or incomplete, leading to task failure. The RM
constructs a graph representing the free configuration space of
robot by identifying key points and connecting them to collision-
free paths. Once a roadmap is established, the robot navigates
from the start location to the destination by traversing the chart
to find the shortest path. Although RM effectively captures the
connectivity of the environment, it often prioritizes path feasi-
bility over path quality. This approach can lead to suboptimal
path smoothness and safety, as it may not adequately consider
proximity to obstacles or minimize sharp turns between points.
Overall, although these classic methods have been successfully
applied in path planning to generate the shortest possible path,
they generalize imperfectly without consistent performance and
computational efficiency in other complex environments.
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Recently, researchers increasingly turned to metaheuristic al-
gorithms inspired by biological and natural processes, as they
have greater flexibility and adaptability in complex environ-
ments. In contrast to the classical algorithms, metaheuristic al-
gorithms including particle swarm optimization algorithm (PSO)
[12], ant colony optimization algorithm (ACO) [13], genetic algo-
rithm (GA) [14-17], and firefly algorithm (FA) [ 18] are not limited
by strict assumptions about environmental structure or precise
robot motion capability. These algorithms balance path feasibility,
optimality, and efficiency by searching for near-optimal solutions
rather than exact solutions. Among the various metaheuristic
algorithms, the artificial bee colony algorithm (ABC) [19] is exten-
sively utilized across numerous fields, including path planning,
due to its good exploration ability, few parameters, and simple
structure. However, existing research often lacks deep search
mechanism, which leads to incomplete exploration of the solu-
tion space. In this study, we proposed a HABC-GA to address
safe and smooth path planning for mobile robot. Considering
the excellent global search capability of GA, we redesign the
evolutionary operators of GA based on the specific characteristics
of the path planning problem. Specifically, we developed a path
crossover operator to enhance solution diversity, an adaptive
obstacle-aware mutation operator for local optimization, and
a dynamic elite selection operator to retain high-quality solu-
tions for further exploration. These improvements significantly
enhance the algorithm’s ability to explore the solution space
effectively. The contributions of this study are as follows:

(1) A mathematical model that balances path length, path
safety, and path smoothness is formulated.

(2) A genetic augmented exploration mechanism is designed
to improve algorithm’s global search ability.

(3) An objective-guided optimization strategy is investigated
to enhance algorithm’s local search ability.

(4) A dual exploration restart strategy is developed to increase
the activity of individuals in the population.

The structure of this paper is outlined as follows. Section 2
covers the pertinent research work, followed by Section 3, which
explains the path planning problem addressed in this study. Sec-
tion 4 presents the proposed HABC-GA, while Section 5 describes
the simulation results. Finally, Section 6 offers conclusions and
future works.

2. Related works

In recent years, many researchers have employed various
heuristic algorithms to solve path planning problems. A com-
monly used one is the PSO algorithm. For example, Ajeil et al. [20]
designed a PSO-MFB that combines local search and obstacle
detection modules for planning collision-free paths that meet the
shortest distance and path smoothness criteria. Song et al. [12]
developed an improved PSO algorithm to address the problem of
local traps and premature convergence, combined with continu-
ous high-order Bezier curves to plan the smooth path of mobile
robots. Yuan et al. [21] presented an improved PSO that incorpo-
rates differential evolution, which improves convergence speed
and achieves safe path planning by introducing adaptive adjust-
ment of weights and acceleration coefficients. Similarly, Zhang
et al. [22] introduced an adaptive PSO that dynamically adjusts
inertia weights and acceleration coefficients based on the group’s
state for smooth path planning in environments with obstacles.
Besides, Lin et al. [23] proposed a hybrid PSO-SA algorithm for
AGYV path planning, achieving smoother, collision-free paths with
faster convergence and reduced runtime. These PSO variants have
demonstrated convincing performance in solving path planning
problem by optimizing algorithm parameters or enhancing global
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search to avoid premature convergence. However, this makes
algorithm performance sensitive to parameters. In different sce-
narios, it is necessary to constantly adjust parameters, which
increases the complexity of the algorithm.

Currently, ACO algorithm is widely used to solve multi-
objective path planning problems. For instance, Su et al. [24]
developed an improved ACO to address path redundancy and
local optima in mobile robot path planning, optimizing both
path length and path smoothness. Miao et al. [25] enhanced
ACO by introducing adaptive mechanisms and multi-objective
optimization to achieve global optimal paths with improved
safety performance and stability for indoor robot path planning.
Additionally, Hou et al. [26] suggested an enhanced ACO with a
communication mechanism, which can integrate historical path
information to achieve the shortest path planning. Wu et al. [27]
proposed an improved adaptive ACO, which significantly im-
proves the efficiency of path planning and shortens path length
by introducing direction guidance, improving heuristic functions,
state transition rules, and pheromone distribution. Moreover, Cui
et al. [28] proposed a multi-strategy adaptive ACO to alleviate the
problems of insufficient convergence and low efficiency of the ant
colony algorithm through four design improvements, to achieve
shortest path planning. The aforementioned studies reveal that
ACO has shown remarkable effectiveness in addressing path plan-
ning problem. However, the excessive dependence of the ACO
on the existing pheromone concentration on the path can easily
lead to local optima. Although researchers have enhanced ACO’s
exploration ability through various improvements, it still faces
challenges in balancing exploration and exploration capabilities.

In addition to PSO and ACO algorithms, the ABC algorithm has
been applied by researchers to solve multi-objective path plan-
ning problems due to its simple structure and minimal parame-
ters. Within this framework, the three types of bees, employed,
onlooker, and scout, collaborate effectively to strike a balance
between exploration and exploitation. For example, Contreras-
Cruz et al. [29] integrated ABC with evolutionary programming
to achieve shortest path planning for mobile robot. Xu et al. [30]
implemented a coevolutionary framework in ABC, creating an
advanced version that enhances convergence speed for optimal
path planning. Kamil et al. [31] developed an adaptive dimension-
constrained ABC for path planning of mobile robots, which re-
duces unnecessary iterations and computation time through dy-
namic parameter control and improves path planning efficiency.
In addition, Cui et al. [32] introduced an improved ABC that uses
reinforcement learning to optimize exploration and search strate-
gies, achieving optimal path planning. Similarly, Cui et al. [33]
developed an IMOABC algorithm that leverages advanced multi-
objective strategies to enhance solution quality and demonstrates
superior performance in solving complex path planning prob-
lem for mobile robot. Li et al. [34] presented a node mobility
ABC algorithm that improves initial path generation and neigh-
borhood search, providing faster convergence speed and better
global search capability for robot path planning. In summary, for
the above literatures, we found that researchers have improved
convergence speed of algorithms and path planning efficiency
by incorporating co-evolutionary frameworks and rules, or using
dynamic parameter control. However, the above algorithms lack
a deep search mechanism, which is crucial for exploring the
solution space as much as possible and further improving the
performance of solution.

3. Path planning
3.1. Problem definition of path planning

Let XCR? denote the configuration space of a mobile robot,
where d is the dimensionality of the configuration space, where
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deN, d > 2. Define X,,s CX as the obstacle region and Xgee CX \Xobs
as the corresponding free space. A path planning problem can
thus be defined by the tuple (X, Xstart, Xtarget), Where Xseare€Xfree
is the start state and Xarget€Xfee Iepresents the target state,
respectively. Assume the robot is a point agent whose path is
represented by a continuous function with bounded variation,
o(t):[0, 1] = X, where o(7) indicates an intermediate state along
the path.

Problem1 (Feasible Path Planning). Given a path planning
problem (X, Xstart, Xtarget), @ feasible path exists if the robot can
move from the start state X,,¢ to the target state Xgrger Such that

0 (7):[0, 1] = Xiree, 0(0) = Xstart Where Xseary = {X € Xiree |||X — Xtarget H =< T}

(1)

If no such path exists, report failure.

Problem2 (Optimal Path Planning). Let X denote the set of
all feasible paths, and f(-) represent an objective function to be
minimized over the path. The optimal path with respect to this
objective function is formulated as
ox = argmin{f(0)|0(0) = Xstare, (1) = Xtarget, YT € [0, 1], 0(7) € Xfree) (2)

oeX

3.2. Path metrics

3.2.1. Path length

Path length directly affects the navigation time required for a
mobile robot. Let the path ¢ be defined as ¢= [S, p1, P2, ..., Di» ---»
Pn_,» T], where each p; corresponds to a coordinate point (x;, y;) in
the two-dimensional space, and n+1 denotes the total number of
points along the path. Path length is calculated by summing the
lengths of each segment along the trajectory, which as shown as
follows:

—_

n—

Length(¢) =) _ dis(pi, pis1) (3)

i=0
dis(pi, pir1) = V(X1 — X2 — (Vier — i) (4)

where dis(p;, pi,,) is the Euclidean distance between p; and p;_,.

3.2.2. Path safety

Path safety measures the safe distance between a path and
obstacles. A safe path ensures mobile robot to move with a high
speed. Path safety is determined by measuring the minimum dis-
tance between the path and obstacles. In this study, to minimize
this objective, the calculation formula of path safety is presented
as follows:

1

Safety(¢) = ——: (5)
mindis

mindis = min min {dis (PP, Obs;) } (6)

1<i<n—-11<j<m

where mindis describes the closest distance between the path ¢
and obstacles.

3.2.3. Path smoothness

Path smoothness is closely associated with the energy con-
sumption of mobile robot. In this study, the smoothness of a
feasible path is quantified by computing the angle «; formed
between two adjacent segments. Hence, the path smoothness
could be determined by the maximum complementary angle of
all angles along the path, which is calculated as follows:

Smoothness(¢) = max 1{71 — o} (7)
1=1,....n—
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(xi — Xi—1)(Xig1 — X)) + (Vi — Yi—1)Wiz1 — ¥i)
dis(pi—1, pi) x dis(pi, Piz1)

o = sec

(8)

where «; refers to the value of the ith angle that ranges from 0
tom.

3.3. Objective function

To obtain safe and smooth paths, in this study, path met-
rics discussed in Section 3.2 are given corresponding weights.
The optimization objective function of path ¢ is formulated as
follows:

f(z) = wy x Length(¢) + w, x Safety(¢ )+ ws x Smoothness(¢) (9)

where wy, W, and ws are the weight coefficients of path length,
path safety, and path smoothness, respectively.

4. The proposed HABA-GA

This section provides the proposed HABC-GA, including its
framework, genetic augmented exploration mechanism,
objective-guided optimization strategy, and dual-exploration
restart strategy.

4.1. The framework of HABC-GA

The HABC-GA consists of four phases, i.e., the initialization
phase, the employed bee phase, the onlooker bee phase, and
the scout bee phase. Algorithm 1 presents the framework of
HABC-GA. In the initialization phase, RRT* [35] is used to gen-
erate the initialization population. RRT* is chosen not only for
its widespread application in solving path planning problems
but also for its extensive exploration of the configuration space,
which facilitates the generation of diverse solutions. However,
this algorithm also has two notable drawbacks: its slow conver-
gence speed and its tendency to produce tortuous paths. In this
study, these tortuous paths contribute to enriching the diversity
of the initial population. It should be noted that, to enhance
initialization efficiency, two termination conditions are employed
during each execution of RRT*: (1) successfully finding a new
solution, or (2) exceeding a single execution time of 0.01 s.
Through iterative application of this process, RRT* generates a
predetermined number of initial solutions. Subsequently, the ob-
jective value for each individual is calculated. In the employed
bee phase, a genetic augmented exploration mechanism is ap-
plied to population, resulting in a new population, for which the
objective values are recalculated. In the onlooker bee phase, an
objective-guided optimization strategy is adopted to enhance the
performance of each individual in population. Then, the objective
values are recalculated. In the scout bee phase, a dual exploration
restart strategy is applied on population to obtain a more ac-
tive population. Finally, the optimal solution is obtained. Fig. 1
presents a graphical explanation of the proposed HABC-GA.

4.2. Genetic augmented exploration mechanism

The genetic augmented exploration mechanism is designed to
enhance the global exploration ability of the proposed algorithm.
Inspired by genetic evolution, this mechanism consists of three
operators, i.e., path crossover operator, adaptive obstacle-aware
mutation operator, and dynamic elite selection operator. This
mechanism begins by conducting path crossover operator on each
individual to form a temporary crossover population. Afterward,
an adaptive obstacle-aware mutation operator is applied to each
individual of crossover population to form temporary mutated
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Algorithm 1: Framework of the proposed HABC-GA

Output: best solution

# initialization phase

POP « generate initial population using RRT*;
2. while the stopping condition is not satisfied do

# employed bee phase
3. ObjectiveValuepop < calculate the objective value of each individual in POP;
4. POPy — apply genetic augmented exploration mechanism on POP;
5. ObjectiveValuepopr < calculate the objective value of each individual in POPg;

# onlooker bee phase
POPo «+ apply objective-guided optimization strategy on POPg;
ObjectiveValuepopo < calculate the objective value of each individual in POPo;
# scout bee phase

POP «— apply dual exploration restart strategy on POPo;

endwhile

Set parameters of the proposed algorithm and generate initial
population POP using RRT* algorithm

[
v

Calculate the objective value of each individual in POP

Employed bee phase l

POP: «— Apply genetic augmented exploration mechanism on POP

l

Calculate the objective value of each individual in POPg

Onlooker bee phase l

POP, < Apply objective-guided optimization strategy on POPg

J

‘ Calculate the objective value of each individual in POPq ‘

Scout bee phase l

POP <« Apply dual exploration restart strategy on POP,

If the stopping condition is met?

Yes

| Output the best solution |

End

Fig. 1. The flowchart of the proposed HABC-GA.

population. Finally, a dynamic elite selection operator is applied
to the combined mutated, crossover, and current populations
to select the most promising individuals, which form the new
population for next phase. Algorithm 2 provides pseudocode for
the genetic augmented exploration mechanism.

4.2.1. Path crossover operator

The purpose of the path crossover operator is to create off-
spring that obtain advantageous features from the parent gen-
eration. In this operator, a new feasible path is generated by
exchanging path segments between two different paths. One is

the current solution, and the other is selected from the top 50%
of solutions ranked in ascending order of their objective values.
In the worst case, the time complexity of the path crossover
operator is O(n), where n is the number of the path segments.
Algorithm 3 presents the pseudocode for the operator.

4.2.2. Adaptive obstacle-aware mutation operator

The adaptive obstacle-aware mutation operator aims to pro-
mote the local search ability of proposed algorithm. To mini-
mize the computational cost associated with collision detection,
this study employs the single-point mutation operator. In tradi-
tional single-point mutation operator, mutation point is replaced
by randomly generated point. On the other hand, traditional
single-point mutation operators may make the path infeasible.
The adaptive obstacle-aware mutation operator is achieved by
threshold control based on the minimum distance between path
and obstacles. A new mutation point is added into path only if
both the new point and the new path segments created by new
point and two adjacent points are feasible. The time complexity
of the adaptive obstacle-aware mutation operator is O(1). The
pseudocode for this operator is presented in Algorithm 4.

4.2.3. Dynamic elite selection operator

The dynamic elite selection operator aims to select high-
performance individuals. In this operator, two variable-sized pop-
ulations are used to store solutions with better objective values
and diversity, i.e., elite population POP, and differential popula-
tion POP1_,. In addition, a dynamic ratio ¢ based on the runtime
is employed to adjust the size of elite population and differential
population. Individual differences are calculated using Eq. (10).

DE(M, &) = IM(¢&;) — median(M(POP))| (10)

where M(e) denotes metric values of a special path,
median(M(POP)) denotes the median of the metric values of all
paths. In the early stage, the operator tends to select individuals
with significant differences to maintain the diversity of solutions.
As the algorithm runs, it tends to select individuals with better
objective values to accelerate convergence toward optimal solu-
tion. The time complexity of the dynamic elite selection operator
is O(1). Algorithm 5 provides the pseudocode for this operator.

4.3. Objective-guided optimization strategy

The objective-guided optimization strategy aims to enhance
the algorithm’s local search ability. The strategy begins by
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Algorithm 2: Genetic augmented exploration mechanism

Input: current population: POP, objective value of individuals in POP: ObjectiveValuepop
Output: new population: POPey

1 for each solution §; in POP do

2 {; < select a solution from the top 50% of POP ranked by objective value;
3 i new < PathCrossoverOperator((, {o);

4 store i new iNt0 POPeross;

5. endfor

6.  for each solution §j in POPross do

7 i new < AdaptiveObstacleAware MutationOperator(();

8 store ¢ new into POPmutated;

9

1

endfor

S

. POPney < DynamicEliteSelectionOperator(POPnmuated, POPeross, POP);

Algorithm 3: Path crossover operator

Input: current population: POP, two current solutions: & =[S, p'i, ..., pe ..., T1and & =[S, p"1, ...,
..., T]
Output: new solution: j new

1. [P 1 Pl 2] < select two intermediate nodes on {j;

2. [Pli 1 Pl12] < select two intermediate nodes on (;;

3.  Dis<«[]; # initialize list to store distances between selected nodes;

4. for each pair nodes (P’ v, p'1 w) in [Pk 1. P'1 1) Pk 1, P'11)s D'k 2, D1 2). ('K 2, P'1 2)] do

5 if CollisionFree(p' v, p'1 ) then

6. distance «— CalculateDistance(p'y v, p'1 w); # Compute Euclidean distance between

Plivand pp;

7. append (distance, p's v, p'1 w) to Dis;

8. endif

9. endfor

10. if Dis is not empty then

11. [min_distance, p'x \ opts Pt w op] < FindMinDistance(Dis); # Select feasible pair points
with shortest distance;

12. Gonew! =[S, Py wevs Dk v opiets Pk v opts DL w opts P'Lw oprits -os T'1;

13. Gonew” < [S, Pty wvos D1 opiets P opts D'k v opts Pk v opttts «oos T'1;

14. i new < select a path with the minimum objective value between i new' and & new’s

15. else

16. Ginew < G

17. endif

Algorithm 4: Adaptive obstacle-aware mutation operator

Input: current solution: ;= [S, p'i, ..., p'k, ..., T']
Output: new solution: & new
Pl < select an intermediate point on ¢; randomly;
disi obs < calculate the distance between p’ and the nearest obstacle;
D'hew <— generate a new point with a distance of dis; o5 * 0.5 around point pi;
if CollisionFree(p'.1, p'new) && CollisionFree(p'i1, p'new) then
Ginew < [S, 2"t oo Dkt Ploews Pt o, T
else
Ginew < (i
endif

P N AW
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Algorithm 5. Dynamic elite selection operator

Input: POP, POPross, POPmutated, deadline for running: fmax, current run time: ¢, population size: psize

Output: new population: POPrey

l. P()Pmcrgc «— POP U POP ross U POPnutated;

2. calculate the objective values of POPpere and sort individuals in ascending order based on

objective values;

&= l/[max;

num_elite = | psiexe |5 #] | is used to round up a float number.

POP; < select the top num_elite individuals with objective values ranking from POPerge;

if rand == 1 then

3
4
5
6. rand < generate a random integer number between 1 and 3;
7
8

POP|.; < select (psize - num_elite) individuals with larger DE values on length metric from

[POPnerge-POP:];
8.  elseif rand == 2 then

9. POP\.; < select (psize - num_elite) individuals with larger DE values on safety metric from

[POPerge - POP,];

9. else

10. POP|.; < select (psize - num_elite) individuals with larger DE values on smoothness metric

from [POPmerge - POP,];
11. endif
12. POPyey, — POP, U POP,.;

normalizing the metric values of each solution in population, i.e.,
path length, path safety, and path smoothness values. Normaliza-
tion is conducted using the following formula:

Norm_M! = M, (&) mln(Mu(POP)) (11)

Y max(M,(POP)) — min(M,(POP))

where Norm_Miv represents the normalized value of the ith solu-
tion for a specific path metric, M, (¢;) represents the metric value
of the ith solution. min(M,(POP)) and max(M,(POP)) denote the
minimum and maximum metric values of all solutions in POP,
respectively. Afterward, the strategy identifies the metric that
most significantly affects the current solution’s objective value.
Based on the identified metric, this strategy applies the cor-
responding metric optimization operator, i.e., path length, path
safety, or path smoothness as described in [36]. If the opti-
mized solution achieves a better objective value, it is replaced
by the optimized one. In the worst case, the time complexity of
the objective-guided optimization strategy is O(psize X (n?+n+1)),
where n denotes the number of path nodes, and psj,e denotes
the population size. Algorithm 6 provides the pseudocode for the
objective-guided optimization strategy.

4.4. The dual exploration restart strategy

The dual exploration restart strategy aims to increase the
activity of individuals in the population. The strategy sorts indi-
viduals in ascending order based on their objective values and
monitors stagnation value, which represents the number of con-
secutive evolutionary failures. If an individual’s stagnation value
exceeds a predefined threshold, this strategy replaces the indi-
vidual with a new one. Specifically, individuals in the population
are divided into two groups: the top 50% of individuals and
the remaining 50% of individuals, according to their objective
values. Different operations are applied to the stagnant evolu-
tion individuals of different categories. Algorithm 7 demonstrates
pseudocode for dual exploration restart strategy. Lines 4 and 5
describe the operation conducted on the top 50% of individuals,
while line 7 provides the operation conducted on remaining 50%

of individuals.

5. Simulation results

To verify the performance of the proposed HABC-GA algorithm
as discussed in Section 4, extensive computational experiments
were performed with five efficient algorithms proposed in recent
years, i.e., SPSFA [37], PSO-MFB [20], PSO-SA [23], IAACO [25],
and IMOABC [33]. All algorithms were implemented in MATLAB
R2019a and executed on a PC with a 3.60 GHz CPU, 16.0 GB RAM.
To ensure a fair comparison, all compared algorithms used the
same termination condition with a running time of 50 s. Each
algorithm was independently run 30 times, and the results were
collected for performance comparison.

The relative percentage increase (RPI) was used to assess the
performance of the proposed algorithm, given as follows:

fe=Fo o 100y (12)
b

RPI =

where f. represents the value obtained through the specified
algorithm, f;, is the optimal value from all algorithms.

5.1. Experimental instances

To comprehensively assess the performance of the proposed
algorithm, six representative maps are used for testing and shown
in Fig. 2. Map A represents an irregular environment character-
ized by a chaotic distribution of obstacles, while Map B depicts
a realistic outdoor street setting. Map C represents a forest en-
vironment with maze feature sourced from Nathan Sturtevant’s
Moving Al Lab [38]. Map D represents an indoor environment.
Laser_Map E and Laser_Map F are high-resolution laser radar
maps. Each map is standardized to a size of 500 x 500 pixels.
For each map, coordinate points for prospective paths are selected
from four directions, i.e., main diagonal (MD), secondary diagonal
(SD), horizontal axis (HA), and vertical axis (VA). The selection of
MD, SD, HA, and VA setups was based on their ability to represent
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Algorithm 6: Objective-guided optimization strategy

Input: current population: POP, objective value of each individual: ObjectiveValuepop, each
individual corresponds to optimization metric values, i.e., path length, path safety, and path
smoothness values: [Miength, Msatetys Msmoothness)

Output: new population: POP ey

1. [Norm Miengm, Norm Mgy, Norm Mimoothness] <— normalize each metric value using Eq. (8)
based on [Miengths Msatetys Msmoothness];

2. for each solution ¢ in POP do

3. id < calculate the index of the minimum value in [Norm Mingw', Norm Mgy’

N()rmiMsmoothnessl] 5

4 if id == 1 then

5 i new < PathLengthOperator({);

6. Objective value i« calculate the objective value of { new;
7 if Objective value i< ObjectiveValuepop' then
8 G Ginews

9. end

10. elseif index == 2 then

11. i new < PathSafetyOperator((y),

12. execute lines 6-9;

13. else

14. i new < PathSmoothnessOperator(();

15. execute lines 6-9;

16. endif

17. store i new into POPrey:

18. endfor

Algorithm 7: Dual exploration restart strategy

Input: current population: POP, population objective function values: ObjectiveValuepop, individual
stagnation value in the population: Stag Value, threshold for stagnant evolution: sfagmax, population
SiZe: Psize

Output: new population: POPney

1. ID « sort individuals of POP in ascending order corresponding objective value and assign

corresponding numbers to the sorted population;

2. for each solution {; in POP do

3 if Stag Value({;) > stagmax then

4 if ID; < psize ¥ 0.5 then # Top 50% individuals

S. i new < AdaptiveObstacleAware MutationOperator((),
6 else # Remaining 50% individuals

7. i new < select the solution with the best objective value among the five solutions
generated using the RRT*;

8. endif

9. G Ginews

10. endif

11. endfor

12. POPpey < POP;

a variety of directional and spatial challenges encountered in real- 5.2. Weight coefficients selection

world path planning scenarios. Table 1 lists the 24 environmental

instances, with the first column giving the environmental maps,

the second column providing the instances, and the last two In multi-objective path planning problems, different objectives

columns presenting the start and target points. have different ranges of variation. After preliminary experiments,
we found that the metric values of path length, path safety, and
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Fl,

Laser_Map E

Fig. 2. Six tested environmental maps used to evaluate the compared algorithms.

Laser_Map F

Table 1
Tested environmental instances.

Tested environments Instances Start point Target point
Inst_map_A_MD (30, 30) (470, 460)

Map A Inst_map_A_SD (445, 45) (75,480)
Inst_map_A_HA (235, 25) (250, 485)
Inst_map_A_VA (25, 265) (465, 280)
Inst_map_B_MD (15, 15) (445, 455)

Map B Inst_map_B_SD (415, 15) (55, 470)
Inst_map_B_HA (245, 20) (255, 485)
Inst_map_B_VA (15, 235) (480, 265)
Inst_map_C_MD (17, 61) (443, 479)

Map C Inst_map_C_SD (477, 67) (23, 440)
Inst_map_C_HA (248, 18) (216, 478)
Inst_map_C_VA (18, 265) (451, 238)
Inst_map_D_MD (40, 40) (455, 450)

Map D Inst_map_D_SD (455, 45) (48, 458)
Inst_map_D_HA (228, 24) (235, 470)
Inst_map_D_VA (37, 245) (459, 259)
Inst_map_E_MD (75, 60) (400, 440)

Laser_Map E Inst_map_E_SD (370, 80) (105, 440)
Inst_map_E_HA (220, 60) (220, 445)
Inst_map_E_VA (105, 275) (380, 275)
Inst_map_F_MD (90, 110) (320, 415)

Laser_Map F Inst_map_F_SD (400, 90) (115, 409)
Inst_map_F_HA (244, 90) (230, 415)
Inst_map_F_VA (100, 285) (420, 280)

path smoothness are in different numerical orders of magnitude,
i.e., 10, 10° and 107!, respectively. The magnitude difference
between these metrics may lead to an imbalance in optimization.
To address this problem and prioritize smoother and safer paths,
a weighted method is employed to normalize the metrics to a
similar order of magnitude. The procedure for determining the

weight coefficients is as follows:

{’E %

*3 Whk

.

Step 1: assign weight coefficients wq, w,, and ws for path
length, path safety, and path smoothness, respectively.
Step 2: execute the following loop.
fori=1to3do
set w; to 1, and set the other two coefficients to 0;
repeat simulation experiment 30 times and output corre-
sponding optimal metric value opt_metric;

endfor
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Weight coefficients setting and standardization coefficient values.
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Metric Weight coefficient setting
W]:],Wz:W:;:O Wz:l,Wg:W]:O W3:1,W1:W2:0, W1:0.002,W2:7.65,W3:1
otp_length 689.78 0 0 1.38
otp_safety 0 0.20 0 1.53
otp_smoothness 0 0 1.53 1.53
Table 3 Table 5
Levels of four parameters. Ranking of four parameters.
Parameter Level Level DODsize De Pm Stag max
1 2 3 4 1 7.19 7.01 7.04 7.01
POPere 100 200 500 1000 2 6.89 7.03 7.02 6.99
Pe 0.4 05 06 0.7 3 6.97 6.96 6.96 6.94
Pm 06 0.7 08 09 4 6.95 7.00 6.98 7.07
SLAg 5.0 10.0 15.0 20.0 Range 2.2 0.4 0.8 0.4
Importance 1 4 3 2
Table 4
Parameter combinations and their corresponding response values. 720 POPsize P P Stagmax
Parameter combinations Level RV ’
popsize Dc Pm Stagmax 715 1
1 1 1 1 1 7.236
2 1 2 2 2 7.159 7.10
3 1 3 3 3 7.007
4 1 4 4 4 7.354 > 7.05 -
5 2 1 2 3 6.971 x
6 2 2 1 4 6.999
7 2 3 4 1 6.768 7.00
8 2 4 3 2 6.820
9 3 1 3 4 6.940 6.95
10 3 2 4 3 6.909
11 3 3 1 2 7.069 6.90
12 3 4 2 1 6.969
}i j ; ‘3‘ % sggg 123 4123412341234
15 4 3 2 4 6.979 Level
16 4 4 1 3 6.852

Step 3: set the metric coefficient of the intermediate order of
magnitude to 1, i.e, w3 = 1.

Step 4: calculate the other two metric weight coefficients,
i.e.,, w; and ws, using the following formula:

otp_smoothness otp_smoothness

= 13
otp_length 2 otp_safety (13)

This procedure ensures that each metric is standardized to the
same order of magnitude. Table 2 provides the setting of weight
coefficients and normalized coefficient values. From the last col-
umn of Table 2, it can be seen that the standardized values of the
weight coefficients are almost equal.

w1

5.3. Main parameters analysis

In this study, four main parameters were calibrated, i.e., pop-
ulation size (pops;,.), crossover rate (p.), mutation rate (pp,), and
threshold for stagnant evolution (stag,,..)- Table 3 presents the
levels of four parameters. The design of experiments (DOE) is
used to construct a set of orthogonal arrays L (4*) to combine
parameters. For each parameter combination, the average objec-
tive value obtained from 30 independent runs of the proposed
algorithm is used as the response variable (RV). Table 4 provides
detailed parameter combinations and corresponding RV values
for each parameter combination. Based on Table 4, the factor
level trend of the four parameters is shown in Fig. 3, and the
significance ranks of the four parameters are given in Table 5. It
can be concluded that HABC-GA performs best where popg,. =
20, p. = 0.6, pm = 0.8, and stag,,, = 15.

Fig. 3. Factor level trend of the four parameters.

5.4. Efficiency of the genetic augmented exploration mechanism

The genetic augmented exploration mechanism discussed in
Section 4.2 is designed to enhance the algorithm’s global search
ability. To evaluate the effectiveness of this mechanism, we im-
plemented three algorithms. The first algorithm is HABC-GA,
which incorporated the proposed mechanism. The second algo-
rithm is HABC-GA_WO, which replaced the proposed mechanism
with the genetic evolution operators described in Ref. [39]. The
third algorithm is HABC-GA_NG, which employed the original bee
exploration strategy used by ABC in the employed bee phase. All
other components of the three algorithms remain identical for a
fair comparison.

Table 6 presents the results for the 24 tested instances eval-
uated using three algorithms. The first column lists the envi-
ronment maps, the second column lists the instances, and the
subsequent four columns present the average objective values
along with the corresponding RPI values for each algorithm.

The comparison results show that (1) HABC-GA achieved bet-
ter results in all 24 instances. (2) In the last two columns of
Table 6, HABC-GA achieved an average PRI value of 0, significantly
lower than the average RPI that of the second-best performance
algorithm that of 15.42. This shows that the results of HABC-
GA are obviously better than those of the second-best perfor-
mance algorithm. Furthermore, a multifactor analysis of variance
(ANOVA) was conducted to evaluate the statistical significance
of the differences among the three compared algorithms. Fig. 4
presents the ANOVA result, with a p-value of 3.1885 x 1071,
which is significantly lower than 0.05, confirming a substantial
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Table 6
Comparison results of HABC-GA, HABC-GA_NG, and HABC-GA_WO.
Instances Algorithms RPI
HABC-GA HABC-GA_NG HABC-GA_WO HABC-GA HABC-GA_NG HABC-GA_WO
Inst_map_A_MD 6.49 7.26 7.92 0 11.88 22.09
Inst_map_A_SD 428 4.89 5.21 0 14.11 21.66
Inst_map_A_HA 5.06 5.38 5.87 0 6.32 15.99
Inst_map_A_VA 3.04 3.32 3.56 0 9.42 17.35
Inst_map_B_MD 6.35 8.19 8.43 0 28.85 32.67
Inst_map_B_SD 6.86 8.27 8.08 0 20.62 17.82
Inst_map_B_HA 6.74 8.74 8.58 0 29.57 27.23
Inst_map_B_VA 2.30 231 2.32 0 0.57 0.75
Inst_map_C_MD 493 5.88 6.44 0 19.18 30.62
Inst_map_C_SD 6.38 7.56 7.59 0 18.59 18.98
Inst_map_C_HA 10.96 13.79 13.62 (1] 25.82 24.29
Inst_map_C_VA 6.80 8.49 8.48 0 24.90 24.80
Inst_map_D_MD 4.70 6.62 6.69 0 40.85 42.48
Inst_map_D_SD 6.01 7.80 7.64 0 29.82 27.08
Inst_map_D_HA 4.01 4.47 453 0 11.55 13.00
Inst_map_D_VA 4.52 4.85 4.79 0 7.14 6.00
Inst_map_E_MD 4.61 5.70 5.86 0 23.66 27.02
Inst_map_E_SD 4.64 5.03 5.00 0 8.45 7.82
Inst_map_E_HA 4.92 5.71 5.95 0 16.00 20.83
Inst_map_E_VA 2.15 2.15 2.22 0 0.00 2.93
Inst_map_F_MD 341 3.55 3.67 0 4.13 7.78
Inst_map_F_SD 451 4.92 5.16 (1] 9.02 14.41
Inst_map_F_HA 3.56 3.58 3.69 0 0.70 3.84
Inst_map_F_VA 4.73 5.16 5.22 0 8.98 10.21
Means 5.08 5.98 6.11 (1] 15.42 18.24
50 F w . x = _
p-value=3.1885x 101 201 |
—_— i
40} R E 1 |
i i :
: ; 15+ ! .
30 ¢ . : . !
T ’ _ p-value=3.0804x10" :
o - .
20 + J o 10 + 4
10 + ; 1 5| ]
ol o — |
‘ . : ol R ]
HABC-GA HABC-GA_WO HABC-GA_NG . .
HABC-GA HABC-GA_NB

Fig. 4. ANOVA results for the three compared algorithms.

difference between the HABC-GA and the other two algorithms. In
general, the proposed genetic augmented exploration mechanism
is effective.

5.5. Efficiency of the objective-guided optimization strategy

The objective-guided optimization strategy discussed in Sec-
tion 4.3 enhances the algorithm’s local search capability and
accelerates convergence. To verify the effectiveness of this strat-
egy, we designed two algorithms. One is HABC-GA, which uses
the objective-guided optimization strategy in the onlooker bee
phase. The other is HABC-GA-NB, which replaces this strategy
with a random mutation operator in the onlooker bee phase. All
other components of both algorithms remain identical. Table 7
displays the comparison results of the two algorithms. From the
data, it can be seen that (1) HABC-GA achieved the best results on
the given 24 instances. (2) The last two columns of Table 7 show
that the average RPI value of HABC-GA is 0, significantly lower
than that of HABC-GA_NB, which is 5.87. These results validate
the effectiveness of the proposed objective-guided optimization

10

Fig. 5. ANOVA result for HABC-GA and HABC-GA_NB.

strategy. Fig. 5 shows the ANOVA results between HABC-GA_NB
and HABC-GA, presenting a p-value of 3.0848 x 1078, which is
less than the threshold of 0.05, signifying a statistically significant
difference between HABC-GA and HABC-GA_NB.

5.6. Efficiency of the dual exploration restart strategy

The dual exploration restart strategy discussed in Section 4.4
is implemented to replace solutions that have experienced stag-
nation. To assess the effectiveness of this strategy, two algorithms
are tested. One is HABC-GA, which uses a dual exploration restart
strategy to replace stagnation solutions. The other is HABC-GA-
ND, which replaces stagnant solutions with randomly generated
new solutions. Table 8 shows the comparison results of the two
compared algorithms. From this table, it can be concluded that
(1) HABC-GA achieved the best results in all 24 instances. (2) The
final row of Table 8 shows that the average RPI value of HABC-
GA is notably lower than that of HABC-GA_ND. The above results
confirm the effectiveness of the proposed dual exploration restart
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Comparison results between HABC-GA and HABC-GA_NB.
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Tested environments Instances Algorithms RPI
HABC-GA HABC-GA_NB HABC-GA HABC-GA_NB
Inst_map_A_MD 6.49 7.17 0 10.56
Map A Inst_map_A_SD 4.28 4.47 0 4.29
Inst_map_A_HA 5.06 5.24 0 3.57
Inst_map_A_VA 3.04 3.20 0 5.30
Inst_map_B_MD 6.35 7.08 0 11.38
Map B Inst_map_B_SD 6.86 6.96 0 1.40
Inst_map_B_HA 6.74 7.31 0 8.45
Inst_map_B_VA 2.30 2.30 0 0.03
Inst_map_C_MD 493 5.25 0 6.49
Map C Inst_map_C_SD 6.38 6.52 0 2.20
Inst_map_C_HA 10.96 11.85 0 8.14
Inst_map_C_VA 6.80 7.60 0 11.89
Inst_map_D_MD 4.70 5.70 0 21.42
Map D Inst_map_D_SD 6.01 6.66 0 10.83
Inst_map_D_HA 4.01 4.06 0 1.41
Inst_map_D_VA 4.52 4.57 0 0.96
Inst_map_E_MD 4.61 5.07 0 9.96
Laser_Map E Inst_map_E_SD 4.64 4.84 0 4.32
Inst_map_E_HA 4.92 5.09 0 3.36
Inst_map_E_VA 2.15 2.16 0 0.11
Inst_map_F_MD 341 3.45 0 1.33
Laser_Map F Inst_map_F_SD 4.51 454 0 0.73
Inst_map_F_HA 3.56 3.56 0 0.00
Inst_map_F_VA 4.73 5.34 0 12.79
Means - 5.08 5.42 (1] 5.87
Table 8
Comparison results between HABC-GA and HABC-GA_ND.
Tested environments Instances Algorithms RPI
HABC-GA HABC-GA_ND HABC-GA HABC-GA_ND
Inst_map_A_MD 6.49 7.29 0 12.31
Map A Inst_map_A_SD 4.28 4.41 0 3.03
Inst_map_A_HA 5.06 5.29 0 4.40
Inst_map_A_VA 3.04 3.04 0 0.13
Inst_map_B_MD 6.35 7.12 0 12.03
Map B Inst_map_B_SD 6.86 7.38 0 7.58
Inst_map_B_HA 6.74 7.14 0 5.84
Inst_map_B_VA 2.30 2.30 0 0.00
Inst_map_C_MD 4.93 5.44 0 10.27
Map C Inst_map_C_SD 6.38 6.43 0 0.91
Inst_map_C_HA 10.96 11.79 0 7.56
Inst_map_C_VA 6.80 7.43 0 9.32
Inst_map_D_MD 4.70 5.58 (1] 18.79
Map D Inst_map_D_SD 6.01 6.39 0 6.34
Inst_map_D_HA 4.01 4.15 0 3.51
Inst_map_D_VA 4.52 453 (1] 0.15
Inst_map_E_MD 4.61 4.79 0 3.87
Laser_Map E Inst_map_E_SD 4.64 4.85 0 4.49
Inst_map_E_HA 4.92 5.09 0 3.28
Inst_map_E_VA 2.15 2.16 0 0.36
Inst_map_F_MD 341 3.46 0 1.45
Laser_Map F Inst_map_F_SD 4.51 4.6 0 223
Inst_map_F_HA 3.56 3.58 0 0.67
Inst_map_F_VA 4.73 5.07 0 7.07
Means - 5.08 5.39 0 523

strategy.

Fig. 6 shows the ANOVA results of HABC-GA and HABC-GA_ND,
with a p-value of 2.2816 x 107¢, indicating significant differences
between the two algorithms.

To evaluate the impact of each component on the algorithm,
we conducted an ablation experiment. Fig. 7 shows the Tukey
test plots for the three components of HABC-GA obtained under
a 95% confidence interval. The results show that the genetic
augmented exploration mechanism is the most critical compo-
nent for HABC-GA, followed by the objective-guided optimization
strategy and the dual exploration restart strategy, in descending
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order of importance.
5.7. Comparison with other algorithms

To further assess the effectiveness of the proposed HABC-
GA, five efficient algorithms are compared. For each compared
algorithm, the results from 30 independent runs are collected for
detailed analysis. The comparison focused on two metrics for each
test instance, i.e., the minimum objective value and the average
objective value achieved by the algorithms. Table 9 summarizes
the results for 24 test instances, where the first column lists test
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Comparison results of compared algorithms on objective function values.

Tested instances  SPSFA PSO-SA IAACO PSO-MFB IMOABC HABC-GA
Min Avg Min Avg Min Avg Min Avg Min Avg Min Avg
Inst_map_AMD 688 851 666 919 657 791 707 993 584t 749 588 6.49
Inst. map_ASD 450 551 471 631 426 483 506 725 400t 476  4.09 429
Inst_map_A HA 532 634 531 718 495 598 551 798 485 6.04 475t  5.06
Inst_map_A_VA  3.01 365 299 443 290 355 377 528 274t 326 296 3.04
Inst_ map_BLMD 767 860 661 870 615 763 796 1024 596 786 595t 635
Inst_map_B_SD  7.11 889 716 957 638 805 727 1006 629t 782 639 6.86
Inst_map_B_LHA 769 920 799 955 676 759 795 1067  6.46 769  6.4f 6.74
Inst_map_B_.VA 228 233 226 232 224 229 230 251 222 229  2.1% 2.30
Inst. map_C_MD 469 695 552 727 453 560 510 655 442t 577 449 493
Inst_map_C_SD 669 796 722 806 626 691 673 764 606t 666  6.17 6.38
Inst_map_C_HA 1262 1407 1274 1473 1124 1268 1235 1422 1076 1212 1046t 10.96
Inst. map.CVA 699 925 812 927 740 780 786 897 638 754 634t  6.80
Inst_map_D_.MD 605 683 613 708 534 591 594 675 524 587 467t 470
Inst_map_D_SD 633 812 689 847 598 718 668 803 527t 7.00 530 6.01
Inst_ map_D_.HA 393 486 396  5.01 392 440 394 454 382t 439 387 4.01
Inst_map_D_VA 450 507 458 522 449 476 450 503 449t 473 449t 452
Inst_map_E_ZMD 507  6.11 540 642 480 539 579 758 459 545 413t 461
Inst_map_E.SD 431 515 457 531 420 463 477 602 4160t 440 433 464
Inst. map_E_LHA 528 597 542 629 480 552 553 690 478 538  47% 492
Inst_map_E_ZVA 211 231 214 245 212 222 235 287 211t 219 211t 215
Inst_map_F_ MD 345 374 351 372 340 356 356 432 330t 360  3.32 3.41
Inst_map_F_SD 467 543 483 553 439 482 503 638 426t 473 428 451
Inst_map_F_ HA 358 380 359 385 353 361 357 424 353+ 363 354 3.56
Inst_map_F.VA 512 550 501 547 484 517 545 598 472 515 441t 473
Means 541 642 556 673 506 575 567 708 524 566 481+  5.08
20 : 16 . :
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0t —_ 1
. . Fig. 8. ANOVA result of the six compared algorithms.
HABC-GA HABC-GA_ND
Fig. 6. ANOVA result for HABC-GA and HABC-GA_ND. o ]
From Table 9, the key findings can be summarized as follows:
(1) The HABC-GA achieved the best average objective values in
HABC-GA_NG-HABC-GA — . .
22 out of 24 instances compared to the other algorithms. (2)
HABC-GA_NB-HABC-GA —_— HABC-GA achieved the minimum objective value in 12 out of 24
HABC-GA_ND-HABC-GA I U instances. The optimal minimum objective values for the other
HABC-GA NB-HABC-GA NG 12 instances are obtained by the IMO-ABC algorithm. We can see
- - that on these 12 instances, although the best minimum objective
HABC-GA_ND-HABC-GA_NG S — . . . -
value obtained by HABC-GA is slightly higher than that of IMO-
HABC-GA_ND-HABC-GA_NB —_—— ABC, the average objective value obtained by HABC-GA is much
3 2 -1 0 1 2 3 lower than that of IMO-ABC. This phenomenon indicates that

Fig. 7. Tukey test and 95% LSD intervals among the components of HABC-GA.

instances and the subsequent 12 columns display the minimum
objective values and average objective values achieved by the
six algorithms. The value with the symbol “{” represents the
best value among the minimum objective values obtained by
all compared algorithms for each instance, while the bold value
represents the best values among the average objective values
obtained by all compared algorithms for each instance.

12

while obtaining similar results, the proposed HABC-GA is more
stable. In addition, in terms of the average objective value of
all instances, HABC-GA consistently outperforms other instances.
(3) As shown in the last row of the table, HABC-GA achieved an
average target value of 5.082 out of 24 instances, a decrease of
10.18% compared to the second-best average value. Fig. 8 shows
the ANOVA results of the six compared algorithms. From the
figure, it can be seen that the HABC-GA algorithm achieved the
minimum median. In conclusion, The HABC-GA algorithm has
higher performance in solving safe and smooth path planning.
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Inst_ map_D_VA

Inst_ map_E_HA

Inst_ map_F_VA

Fig. 9. The solutions with the best objective value obtained by HABC-GA on six instances.

To intuitively demonstrate the effectiveness of the algorithm,
we present the optimal solutions for six representative instances:
Inst_map_A_MD, Inst_map_B_SD, Inst_map_C_HA,
Inst_map_D_VA, Inst_map_E_HA, and Inst_map_F_VA. As shown
in Fig. 9, the start point is indicated by a green square, the target
point is represented by a red hexagon, and the obtained path is
depicted by a blue line.

To effectively illustrate the evolution process of the compared
algorithms, Fig. 10 shows the convergence curves of the objec-
tive values of the compared algorithms on the six instances. All
comparison algorithms have a cutoff condition of 50 s of runtime.
As observed in Fig. 10, HABC-GA consistently achieves the ma-
jority of optimal objective values in the early stage, indicating
that the utilization of RRT* in the initialization phase success-
fully generates diverse solutions. Additionally, among all com-
pared algorithms, HABC-GA demonstrates superior convergence
speed, underscoring the effectiveness of the proposed genetic
augmented exploration mechanism and the objective-guided op-
timization strategy. In the later stage, HABC-GA continues to
produce the lowest objective function values, confirming its ca-
pability to provide high-quality solutions for the safe and smooth
path planning problem.

6. Conclusions and future work

In this work, we proposed the HABC-GA to achieve safe and
smooth path planning for mobile robot. First, the genetic aug-
mented exploration mechanism is developed, including the path
crossover, adaptive obstacle-aware mutation, and dynamic elite
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selection operators, to enhance population quality and the algo-
rithm'’s global exploration capability. In addition, the objective-
guided optimization strategy is designed to optimize each indi-
vidual while accelerating convergence. Moreover, we presented
the dual exploration restart strategy, which selects the appro-
priate restart method based on individual objective values to
update the stagnant solutions. Finally, experiments conducted on
24 instances in six different environments showed that HABC-GA
outperforms the five efficient algorithms in achieving safe and
smooth path planning.

The limitations of this research include: (1) Our main goal is to
find a safe and smooth path, ignoring the adaptability of the path
to dynamic environments. (2) We only considered path planning
for a single robot and did not take into account path planning for
multiple agents.

Future research will consider the following aspects: (1) The
key to achieving safe and stable path planning in dynamic en-
vironments will be addressed. (2) Multi-agent path planning is
considered as a future research direction.
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Fig. 10. Convergence curves of the compared algorithms on six instances.
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