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a b s t r a c t

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 ShandongUniversity. This is an open access

article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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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],
griculture [3], disaster relief [4], navigation [5], and emergency

response [6]. Indeed, path planning is a fundamental component
nd critical technology in robotic systems [7]. Specifically, it
nvolves determining a collision-free route from the start point to
he target point within a given workspace. Efficient path planning
ethods can reduce capital investment while minimizing robot
ear and tear. Although path planning has made steady progress

n the past few decades, it remains an open problem in many
pplications.
Nowadays, numerous algorithms are developed to determine

he optimal path for mobile robot, such as cell decomposition
CD) [8], artificial potential field algorithm (APF) [9,10], and
oadmap method (RM) [11]. Specifically, the CD partitions the
obot’s configuration space into areas designated as free and
hose containing obstacles. It utilizes a connectivity graph to nav-
gate through these cells, aiming to establish a collision-free path
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from the starting point to the destination. The method usually
ends to focus on whether the unit is occupied by obstacles,
ithout 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
ovement 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,
hey 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-
ithm (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,
ptimality, and efficiency by searching for near-optimal solutions
ather 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,
ue to its good exploration ability, few parameters, and simple
tructure. 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
xplains the path planning problem addressed in this study. Sec-

tion 4 presents the proposed HABC-GA, while Section 5 describes
he simulation results. Finally, Section 6 offers conclusions and
uture 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]
esigned a PSO-MFB that combines local search and obstacle
etection modules for planning collision-free paths that meet the
hortest distance and path smoothness criteria. Song et al. [12]
eveloped an improved PSO algorithm to address the problem of
ocal traps and premature convergence, combined with continu-
ous high-order Bezier curves to plan the smooth path of mobile
obots. Yuan et al. [21] presented an improved PSO that incorpo-
ates differential evolution, which improves convergence speed
nd achieves safe path planning by introducing adaptive adjust-
ent 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.
esides, Lin et al. [23] proposed a hybrid PSO-SA algorithm for
GV path planning, achieving smoother, collision-free paths with
aster convergence and reduced runtime. These PSO variants have
demonstrated convincing performance in solving path planning
problem by optimizing algorithm parameters or enhancing global
2

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
afety performance and stability for indoor robot path planning.
dditionally, 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
olony algorithm through four design improvements, to achieve
hortest path planning. The aforementioned studies reveal that
CO has shown remarkable effectiveness in addressing path plan-
ing problem. However, the excessive dependence of the ACO
n the existing pheromone concentration on the path can easily
ead to local optima. Although researchers have enhanced ACO’s
xploration ability through various improvements, it still faces
hallenges 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
etween exploration and exploitation. For example, Contreras-
ruz et al. [29] integrated ABC with evolutionary programming
o 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-
orhood search, providing faster convergence speed and better
lobal search capability for robot path planning. In summary, for
he above literatures, we found that researchers have improved
onvergence speed of algorithms and path planning efficiency
y incorporating co-evolutionary frameworks and rules, or using
ynamic parameter control. However, the above algorithms lack
 deep search mechanism, which is crucial for exploring the
olution space as much as possible and further improving the
erformance of solution.

3. Path planning

3.1. Problem definition of path planning

Let X⊂Rd denote the configuration space of a mobile robot,
where d is the dimensionality of the configuration space, where
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d∈N, d ≥ 2. Define Xobs⊂X as the obstacle region and Xfree⊂X \Xobs
s the corresponding free space. A path planning problem can
hus be defined by the tuple (X, xstart, xtarget), where xstart∈Xfree
s the start state and xtarget∈Xfree represents the target state,
espectively. Assume the robot is a point agent whose path is
epresented by a continuous function with bounded variation,
(τ ): [0, 1] → X, where σ (τ ) indicates an intermediate state along
he path.

Problem1 (Feasible Path Planning). Given a path planning
problem (X, xstart, xtarget), a feasible path exists if the robot can
move from the start state xstart to the target state xtarget such that

σ (τ ) : [0, 1] → Xfree, σ (0) = xstart where xstart =
{
x ∈ Xfree

⏐⏐x − xtarget
 ≤ r

}
(1)

If no such path exists, report failure.
Problem2 (Optimal Path Planning). Let Σ denote the set of

ll feasible paths, and f (·) represent an objective function to be
inimized over the path. The optimal path with respect to this
bjective function is formulated as

σ∗ = argmin
σ∈Σ

{ f (σ )| σ (0) = xstart, σ (1) = xtarget, ∀τ ∈ [0, 1], σ (τ ) ∈ Xfree} (2)

3.2. Path metrics

3.2.1. Path length
Path length directly affects the navigation time required for a

obile robot. Let the path ζ be defined as ζ= [S, p1, p2, . . . , pi, . . . ,
pn−1 , T ], where each pi corresponds to a coordinate point (xi, yi) 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:

Length(ζ ) =

n−1∑
i=0

dis(pi, pi+1) (3)

dis(pi, pi+1) =

√
(xi+1 − xi)2 − (yi+1 − yi)2 (4)

where dis(pi, pi+1 ) is the Euclidean distance between pi and pi+1 .

3.2.2. Path safety
Path safety measures the safe distance between a path and

bstacles. A safe path ensures mobile robot to move with a high
peed. Path safety is determined by measuring the minimum dis-
ance between the path and obstacles. In this study, to minimize
his objective, the calculation formula of path safety is presented
s follows:

Safety(ζ ) =
1

mindis
(5)

mindis = min
1≤i≤n−1

min
1≤j≤m

{
dis

(
PiPi+1,Obsj

)}
(6)

where mindis describes the closest distance between the path ζ

nd 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 αi 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(ζ ) = max {π − αi} (7)

i=1,...,n−1 i

3

αi = sec
(xi − xi−1)(xi+1 − xi) + (yi − yi−1)(yi+1 − yi)

dis(pi−1, pi) × dis(pi, pi+1)
(8)

where αi refers to the value of the ith angle that ranges from 0
o π .

3.3. Objective function

To obtain safe and smooth paths, in this study, path met-
ics discussed in Section 3.2 are given corresponding weights.
he optimization objective function of path ζ is formulated as

follows:

f (ζ ) = w1 × Length(ζ )+w2 × Safety(ζ )+w3 × Smoothness(ζ ) (9)

where w1, w2, and w3 are the weight coefficients of path length,
ath 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
estart 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,
his algorithm also has two notable drawbacks: its slow conver-
ence speed and its tendency to produce tortuous paths. In this
tudy, these tortuous paths contribute to enriching the diversity
f 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.
hrough iterative application of this process, RRT* generates a
redetermined number of initial solutions. Subsequently, the ob-
ective value for each individual is calculated. In the employed
ee phase, a genetic augmented exploration mechanism is ap-
lied 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
nhance the global exploration ability of the proposed algorithm.

Inspired by genetic evolution, this mechanism consists of three
perators, i.e., path crossover operator, adaptive obstacle-aware
utation operator, and dynamic elite selection operator. This
echanism begins by conducting path crossover operator on each

ndividual to form a temporary crossover population. Afterward,
n adaptive obstacle-aware mutation operator is applied to each
ndividual of crossover population to form temporary mutated
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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-

pring 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
 t

4

the current solution, and the other is selected from the top 50%
f solutions ranked in ascending order of their objective values.
n the worst case, the time complexity of the path crossover
perator is O(n), where n is the number of the path segments.
lgorithm 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-
ional 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-

erformance individuals. In this operator, two variable-sized pop-
ulations are used to store solutions with better objective values
and diversity, i.e., elite population POPε and differential popula-
tion POP1−ε . In addition, a dynamic ratio ε 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, ζi) = |M(ζi) − median(M(POP))| (10)

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

4.3. Objective-guided optimization strategy

The objective-guided optimization strategy aims to enhance
he algorithm’s local search ability. The strategy begins by
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normalizing the metric values of each solution in population, i.e.,
ath length, path safety, and path smoothness values. Normaliza-
ion is conducted using the following formula:

Norm_M i
v =

Mv(ζi) − min(Mv(POP))
max(Mv(POP)) − min(Mv(POP))

(11)

where Norm_M i
v represents the normalized value of the ith solu-

ion for a specific path metric, Mv(ζi) represents the metric value
f the ith solution. min(Mv(POP)) and max(Mv(POP)) denote the
inimum and maximum metric values of all solutions in POP,

espectively. Afterward, the strategy identifies the metric that
ost significantly affects the current solution’s objective value.
ased on the identified metric, this strategy applies the cor-
esponding metric optimization operator, i.e., path length, path
afety, or path smoothness as described in [36]. If the opti-
ized 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×(n2+n+1)),
here n denotes the number of path nodes, and psize denotes
he population size. Algorithm 6 provides the pseudocode for the
bjective-guided optimization strategy.

4.4. The dual exploration restart strategy

The dual exploration restart strategy aims to increase the
ctivity of individuals in the population. The strategy sorts indi-

viduals in ascending order based on their objective values and
onitors 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%
 M

6

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
ollected for performance comparison.
The relative percentage increase (RPI) was used to assess the

performance of the proposed algorithm, given as follows:

RPI =
fc − fb

fb
× 100% (12)

where fc represents the value obtained through the specified
algorithm, fb is the optimal value from all algorithms.

5.1. Experimental instances

To comprehensively assess the performance of the proposed
lgorithm, six representative maps are used for testing and shown
n 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 AI 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 × 500 pixels.
or each map, coordinate points for prospective paths are selected
rom four directions, i.e., main diagonal (MD), secondary diagonal
SD), horizontal axis (HA), and vertical axis (VA). The selection of
D, SD, HA, and VA setups was based on their ability to represent
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a variety of directional and spatial challenges encountered in real-
world path planning scenarios. Table 1 lists the 24 environmental
nstances, with the first column giving the environmental maps,
he second column providing the instances, and the last two
olumns presenting the start and target points.
7

5.2. Weight coefficients selection

In multi-objective path planning problems, different objectives
have different ranges of variation. After preliminary experiments,
we found that the metric values of path length, path safety, and
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Fig. 2. Six tested environmental maps used to evaluate the compared algorithms.
Table 1
Tested environmental instances.
Tested environments Instances Start point Target point

Map A
Inst_map_A_MD (30, 30) (470, 460)
Inst_map_A_SD (445, 45) (75,480)
Inst_map_A_HA (235, 25) (250, 485)
Inst_map_A_VA (25, 265) (465, 280)

Map B
Inst_map_B_MD (15, 15) (445, 455)
Inst_map_B_SD (415, 15) (55, 470)
Inst_map_B_HA (245, 20) (255, 485)
Inst_map_B_VA (15, 235) (480, 265)

Map C
Inst_map_C_MD (17, 61) (443, 479)
Inst_map_C_SD (477, 67) (23, 440)
Inst_map_C_HA (248, 18) (216, 478)
Inst_map_C_VA (18, 265) (451, 238)

Map D
Inst_map_D_MD (40, 40) (455, 450)
Inst_map_D_SD (455, 45) (48, 458)
Inst_map_D_HA (228, 24) (235, 470)
Inst_map_D_VA (37, 245) (459, 259)

Laser_Map E
Inst_map_E_MD (75, 60) (400, 440)
Inst_map_E_SD (370, 80) (105, 440)
Inst_map_E_HA (220, 60) (220, 445)
Inst_map_E_VA (105, 275) (380, 275)

Laser_Map F
Inst_map_F_MD (90, 110) (320, 415)
Inst_map_F_SD (400, 90) (115, 409)
Inst_map_F_HA (244, 90) (230, 415)
Inst_map_F_VA (100, 285) (420, 280)
s

path smoothness are in different numerical orders of magnitude,
i.e., 102, 100, and 10−1, 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:
8

Step 1: assign weight coefficients w1, w2, and w3 for path
length, path safety, and path smoothness, respectively.

Step 2: execute the following loop.
for i = 1 to 3 do

set wi to 1, and set the other two coefficients to 0;
repeat simulation experiment 30 times and output corre-

ponding optimal metric value opt_metric;
endfor
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Table 2
Weight coefficients setting and standardization coefficient values.
Metric Weight coefficient setting

w1 = 1, w2 = w3 = 0 w2 = 1, w3 = w1 = 0 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
S
a
p
w
r
w
t

t

l

Table 3
evels of four parameters.
Parameter Level

1 2 3 4

popsize 10.0 20.0 50.0 100.0
pc 0.4 0.5 0.6 0.7
pm 0.6 0.7 0.8 0.9
stagmax 5.0 10.0 15.0 20.0

Table 4
arameter combinations and their corresponding response values.
Parameter combinations Level RV

popsize pc pm stagmax

1 1 1 1 1 7.236
2 1 2 2 2 7.159
3 1 3 3 3 7.007
4 1 4 4 4 7.354
5 2 1 2 3 6.971
6 2 2 1 4 6.999
7 2 3 4 1 6.768
8 2 4 3 2 6.820
9 3 1 3 4 6.940
10 3 2 4 3 6.909
11 3 3 1 2 7.069
12 3 4 2 1 6.969
13 4 1 4 2 6.900
14 4 2 3 1 7.057
15 4 3 2 4 6.979
16 4 4 1 3 6.852

Step 3: set the metric coefficient of the intermediate order of
agnitude to 1, i.e., w3 = 1.
Step 4: calculate the other two metric weight coefficients,

.e., w1 and w2, using the following formula:

w1 =
otp_smoothness

otp_length
, w2 =

otp_smoothness
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-
mn of Table 2, it can be seen that the standardized values of the
eight coefficients are almost equal.

5.3. Main parameters analysis

In this study, four main parameters were calibrated, i.e., pop-
ulation size (popsize), crossover rate (pc), mutation rate (pm), and
threshold for stagnant evolution (stagmax). Table 3 presents the
evels of four parameters. The design of experiments (DOE) is
used to construct a set of orthogonal arrays L16 (44) to combine
arameters. For each parameter combination, the average objec-
ive value obtained from 30 independent runs of the proposed
lgorithm is used as the response variable (RV). Table 4 provides
etailed parameter combinations and corresponding RV values
or each parameter combination. Based on Table 4, the factor
evel trend of the four parameters is shown in Fig. 3, and the
ignificance ranks of the four parameters are given in Table 5. It
can be concluded that HABC-GA performs best where popsize =

0, p = 0.6, p = 0.8, and stag = 15.
c m max

9

Table 5
Ranking of four parameters.
Level popsize pc pm stagmax

1 7.19 7.01 7.04 7.01
2 6.89 7.03 7.02 6.99
3 6.97 6.96 6.96 6.94
4 6.95 7.00 6.98 7.07
Range 2.2 0.4 0.8 0.4
Importance 1 4 3 2

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
ection 4.2 is designed to enhance the algorithm’s global search
bility. To evaluate the effectiveness of this mechanism, we im-
lemented three algorithms. The first algorithm is HABC-GA,
hich incorporated the proposed mechanism. The second algo-
ithm is HABC-GA_WO, which replaced the proposed mechanism
ith the genetic evolution operators described in Ref. [39]. The
hird 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-
er results in all 24 instances. (2) In the last two columns of
Table 6, HABC-GA achieved an average PRI value of 0, significantly
ower 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 × 10−10,
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 4.28 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 2.31 2.32 0 0.57 0.75
Inst_map_C_MD 4.93 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 0 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 4.53 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 3.41 3.55 3.67 0 4.13 7.78
Inst_map_F_SD 4.51 4.92 5.16 0 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 0 15.42 18.24
n
a
s
N
n

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
ccelerates convergence. To verify the effectiveness of this strat-
gy, we designed two algorithms. One is HABC-GA, which uses
he objective-guided optimization strategy in the onlooker bee
hase. The other is HABC-GA-NB, which replaces this strategy
ith a random mutation operator in the onlooker bee phase. All
ther components of both algorithms remain identical. Table 7

displays the comparison results of the two algorithms. From the
ata, 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
hat the average RPI value of HABC-GA is 0, significantly lower
han 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 × 10−6, 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-
ation. To assess the effectiveness of this strategy, two algorithms
re tested. One is HABC-GA, which uses a dual exploration restart
trategy to replace stagnation solutions. The other is HABC-GA-
D, which replaces stagnant solutions with randomly generated
ew 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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Table 7
Comparison results between HABC-GA and HABC-GA_NB.
Tested environments Instances Algorithms RPI

HABC-GA HABC-GA_NB HABC-GA HABC-GA_NB

Map A
Inst_map_A_MD 6.49 7.17 0 10.56
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

Map B
Inst_map_B_MD 6.35 7.08 0 11.38
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

Map C
Inst_map_C_MD 4.93 5.25 0 6.49
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

Map D
Inst_map_D_MD 4.70 5.70 0 21.42
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

Laser_Map E
Inst_map_E_MD 4.61 5.07 0 9.96
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

Laser_Map F
Inst_map_F_MD 3.41 3.45 0 1.33
Inst_map_F_SD 4.51 4.54 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 0 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

Map A
Inst_map_A_MD 6.49 7.29 0 12.31
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

Map B
Inst_map_B_MD 6.35 7.12 0 12.03
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

Map C
Inst_map_C_MD 4.93 5.44 0 10.27
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

Map D
Inst_map_D_MD 4.70 5.58 0 18.79
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 4.53 0 0.15

Laser_Map E
Inst_map_E_MD 4.61 4.79 0 3.87
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

Laser_Map F
Inst_map_F_MD 3.41 3.46 0 1.45
Inst_map_F_SD 4.51 4.6 0 2.23
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 5.23
G

d

strategy.
Fig. 6 shows the ANOVA results of HABC-GA and HABC-GA_ND,

ith a p-value of 2.2816 × 10−6, indicating significant differences
etween the two algorithms.
To evaluate the impact of each component on the algorithm,

we conducted an ablation experiment. Fig. 7 shows the Tukey
est plots for the three components of HABC-GA obtained under
 95% confidence interval. The results show that the genetic
ugmented exploration mechanism is the most critical compo-
ent for HABC-GA, followed by the objective-guided optimization
trategy and the dual exploration restart strategy, in descending
11
order of importance.

5.7. Comparison with other algorithms

To further assess the effectiveness of the proposed HABC-
A, five efficient algorithms are compared. For each compared

algorithm, the results from 30 independent runs are collected for
etailed 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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Table 9
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_A_MD 6.88 8.51 6.66 9.19 6.57 7.91 7.07 9.93 5.84† 7.49 5.88 6.49
Inst_map_A_SD 4.50 5.51 4.71 6.31 4.26 4.83 5.06 7.25 4.00† 4.76 4.09 4.29
Inst_map_A_HA 5.32 6.34 5.31 7.18 4.95 5.98 5.51 7.98 4.85 6.04 4.75† 5.06
Inst_map_A_VA 3.01 3.65 2.99 4.43 2.90 3.55 3.77 5.28 2.74† 3.26 2.96 3.04
Inst_map_B_MD 7.67 8.60 6.61 8.70 6.15 7.63 7.96 10.24 5.96 7.86 5.95† 6.35
Inst_map_B_SD 7.11 8.89 7.16 9.57 6.38 8.05 7.27 10.06 6.29† 7.82 6.39 6.86
Inst_map_B_HA 7.69 9.20 7.99 9.55 6.76 7.59 7.95 10.67 6.46 7.69 6.4† 6.74
Inst_map_B_VA 2.28 2.33 2.26 2.32 2.24 2.29 2.30 2.51 2.22 2.29 2.1† 2.30
Inst_map_C_MD 4.69 6.95 5.52 7.27 4.53 5.60 5.10 6.55 4.42† 5.77 4.49 4.93
Inst_map_C_SD 6.69 7.96 7.22 8.06 6.26 6.91 6.73 7.64 6.06† 6.66 6.17 6.38
Inst_map_C_HA 12.62 14.07 12.74 14.73 11.24 12.68 12.35 14.22 10.76 12.12 10.46† 10.96
Inst_map_C_VA 6.99 9.25 8.12 9.27 7.40 7.80 7.86 8.97 6.38 7.54 6.34† 6.80
Inst_map_D_MD 6.05 6.83 6.13 7.08 5.34 5.91 5.94 6.75 5.24 5.87 4.67† 4.70
Inst_map_D_SD 6.33 8.12 6.89 8.47 5.98 7.18 6.68 8.03 5.27† 7.00 5.30 6.01
Inst_map_D_HA 3.93 4.86 3.96 5.01 3.92 4.40 3.94 4.54 3.82† 4.39 3.87 4.01
Inst_map_D_VA 4.50 5.07 4.58 5.22 4.49 4.76 4.50 5.03 4.49† 4.73 4.49† 4.52
Inst_map_E_MD 5.07 6.11 5.40 6.42 4.80 5.39 5.79 7.58 4.59 5.45 4.13† 4.61
Inst_map_E_SD 4.31 5.15 4.57 5.31 4.20 4.63 4.77 6.02 4.160† 4.40 4.33 4.64
Inst_map_E_HA 5.28 5.97 5.42 6.29 4.80 5.52 5.53 6.90 4.78 5.38 4.7† 4.92
Inst_map_E_VA 2.11 2.31 2.14 2.45 2.12 2.22 2.35 2.87 2.11† 2.19 2.11† 2.15
Inst_map_F_MD 3.45 3.74 3.51 3.72 3.40 3.56 3.56 4.32 3.30† 3.60 3.32 3.41
Inst_map_F_SD 4.67 5.43 4.83 5.53 4.39 4.82 5.03 6.38 4.26† 4.73 4.28 4.51
Inst_map_F_HA 3.58 3.80 3.59 3.85 3.53 3.61 3.57 4.24 3.53† 3.63 3.54 3.56
Inst_map_F_VA 5.12 5.50 5.01 5.47 4.84 5.17 5.45 5.98 4.72 5.15 4.41† 4.73
Means 5.41 6.42 5.56 6.73 5.06 5.75 5.67 7.08 5.24 5.66 4.81† 5.08
(
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Fig. 6. ANOVA result for HABC-GA and HABC-GA_ND.

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

instances and the subsequent 12 columns display the minimum
bjective values and average objective values achieved by the
ix 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
Fig. 8. ANOVA result of the six compared algorithms.

From Table 9, the key findings can be summarized as follows:
1) The HABC-GA achieved the best average objective values in
2 out of 24 instances compared to the other algorithms. (2)
ABC-GA achieved the minimum objective value in 12 out of 24
nstances. The optimal minimum objective values for the other
2 instances are obtained by the IMO-ABC algorithm. We can see
hat on these 12 instances, although the best minimum objective
alue obtained by HABC-GA is slightly higher than that of IMO-
BC, the average objective value obtained by HABC-GA is much
ower than that of IMO-ABC. This phenomenon indicates that
hile obtaining similar results, the proposed HABC-GA is more
table. In addition, in terms of the average objective value of
ll instances, HABC-GA consistently outperforms other instances.
3) As shown in the last row of the table, HABC-GA achieved an
verage target value of 5.082 out of 24 instances, a decrease of
0.18% compared to the second-best average value. Fig. 8 shows
he ANOVA results of the six compared algorithms. From the
igure, it can be seen that the HABC-GA algorithm achieved the
inimum median. In conclusion, The HABC-GA algorithm has
igher performance in solving safe and smooth path planning.
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Fig. 9. The solutions with the best objective value obtained by HABC-GA on six instances.
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To intuitively demonstrate the effectiveness of the algorithm,
e present the optimal solutions for six representative instances:

nst_map_A_MD, Inst_map_B_SD, Inst_map_C_HA,
nst_map_D_VA, Inst_map_E_HA, and Inst_map_F_VA. As shown
n Fig. 9, the start point is indicated by a green square, the target
oint 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.
s observed in Fig. 10, HABC-GA consistently achieves the ma-
ority of optimal objective values in the early stage, indicating
hat the utilization of RRT* in the initialization phase success-
ully generates diverse solutions. Additionally, among all com-
pared algorithms, HABC-GA demonstrates superior convergence
peed, 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
mooth path planning for mobile robot. First, the genetic aug-
ented exploration mechanism is developed, including the path
rossover, adaptive obstacle-aware mutation, and dynamic elite
13
selection operators, to enhance population quality and the algo-
rithm’s global exploration capability. In addition, the objective-
uided optimization strategy is designed to optimize each indi-
idual while accelerating convergence. Moreover, we presented
he dual exploration restart strategy, which selects the appro-
riate restart method based on individual objective values to
pdate the stagnant solutions. Finally, experiments conducted on
4 instances in six different environments showed that HABC-GA
utperforms the five efficient algorithms in achieving safe and
mooth path planning.
The limitations of this research include: (1) Our main goal is to

ind a safe and smooth path, ignoring the adaptability of the path
o dynamic environments. (2) We only considered path planning
or a single robot and did not take into account path planning for
ultiple agents.
Future research will consider the following aspects: (1) The

ey to achieving safe and stable path planning in dynamic en-
ironments will be addressed. (2) Multi-agent path planning is
onsidered as a future research direction.
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