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Abstract

Path planning generates a shorter path from source to destination based on
sensor information acquired from an environment. An obstacle avoidance
is an important task in robotics within path planning since the automatic
functioning of robots requires reaching the destination without collisions.
Moreover, obstacle avoidance algorithms have an important part in robotics.
The existing algorithms did not enable robots to navigate their environments
effectively, lessening the threat of collisions and preventing obstacles. Here,
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an Adaptive Spider Wasp Optimizer (ASWO) is introduced for path planning
in mobile multi-robots. Initially, the simulation of an environment utilizing
multiple robots and targets along with obstacles is accomplished. There-
after, multi-objectives namely path smoothness, obstacle avoidance, and path
length are considered. Lastly, path planning is conducted employing ASWO
by considering fitness parameters such as path smoothness, obstacle avoid-
ance, and path length. However, ASWO is designed by integrating adaptive
concept with Spider Wasp Optimizer (SWO). In addition, ASWO achieved
maximal value of fitness and path smoothness about 1.795 and 91.121% as
well as minimal value of path length about 897.883 km.

Keywords: Path planning, mobile multi-robots, obstacle avoidance (AD),
adaptive concept (AC), spider wasp optimizer (SWO).

1 Introduction

The mobile robots have an advantage of being easier to activate and it can
be adaptably managed as well as transmitted. Moreover, these robots replace
the manpower for reducing handling costs of material while decreasing the
possibility of accidental threats. Also, the mobile robot has the benefits of
reliable operation and easier maintenance [1]. In the practical applications of
mobile robots, an ability to work safely, stably and effectively is an important
factor for enhancing effectiveness of complete production model. The two
vital key technologies are obstacle avoidance model and path planning model.
The path planning includes an identification of feasible paths for mobile
robots to move towards starting location to targeted location in specific envi-
ronment by considering parameters namely path smoothness, path distance
and time [2, 8, 9]. As an outcome, mobile robots are predicted to reach their
targeted location within short duration [2]. Path planning is classified into
two types such as global path planning and local path planning. In the global
path planning, an automatic robot needs information regarding environment,
initial and target locations as well as obstacle locations. On the contrary, such
data are not recognized in the local path planning [2].

An autonomous obstacle avoidance is that while the robots moving along
planned route and identifies an occurrence of dynamic or static obstacles
on a path by sensors, it requires to initiate the related obstacle avoidance
approach. Hence, an essential factor influencing the obstacle avoidance
and path planning capability of robots is its corresponding approach and
thus, it is highly significant to devise an effectual obstacle avoidance and
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path planning algorithm for avoiding collisions and improving operation
speed of robots [1]. Nowadays, metaheuristic algorithms have been gained
admiration to resolve Obstacle Avoidance Path Planning (OAPP) owing to
their easiness and efficacy in identifying solutions. The most commonly
employed algorithms are classified into four types namely population-
based algorithm, evolution-based algorithm, physical/chemical-based algo-
rithm and human-inspired algorithm. The population-enabled algorithms
include whale optimization algorithm (WOA) [4, 10], salp swarm algo-
rithm (SSA), Aquila Optimizer (AO), Harris Hawks (HHO) [4, 12], and
Grey Wolf Optimizer (GWO). Evolution-enabled algorithms include the
genetic algorithm (GA), differential evolution (DE) [4, 13] and evolution
strategies (ESs) [4, 11]. Human-inspired algorithms mostly include teaching–
learning-based optimization (TLBO), socio evolution and learning optimiza-
tion (SELO) and search and rescue optimization (SAR) [4, 14]. Physical and
chemical-based algorithms include big bang–big crunch algorithm (BB-BC),
multi-verse optimizer (MVO) [4, 15] and water evaporation optimization
(WEO) [4].

Motivation

Path planning is a crucial task in robotics that involves generating the shortest
and most efficient path from a source to a destination using sensor data while
avoiding obstacles. Obstacle avoidance plays a key role in ensuring safe and
autonomous navigation without collisions. Although various metaheuristic
algorithms have been applied to robotic path planning, they often suffer
from limitations like premature convergence, poor adaptability in dynamic
environments, and weak performance in balancing path smoothness with
obstacle avoidance. These shortcomings reduce the reliability and efficiency
of robot navigation, especially in complex multi-robot scenarios. To address
these challenges, this paper proposes an Adaptive Spider Wasp Optimizer
(ASWO) for effective path planning in mobile multi-robot systems. ASWO
integrates an adaptive mechanism into the original Spider Wasp Optimizer
(SWO) to enhance its exploration–exploitation balance and responsiveness
to environmental changes. The method considers key objectives, such as path
smoothness, obstacle avoidance, and path length. Simulation results in envi-
ronments with multiple targets and obstacles demonstrate that ASWO outper-
forms traditional methods by achieving higher fitness values and improved
path quality. This shows the necessity of ASWO in scenarios where existing
algorithms fall short in optimizing multiple objectives simultaneously.
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An essential contribution is described by,

• Proposed ASWO for path planning in mobile multi-robots: Path
planning refers to an important technology in the obstacle avoidance
and plays a significant part in system performance. Here, path planning
is done utilizing ASWO by considering fitness parameters such as path
smoothness, obstacle avoidance and path length. However, ASWO is
presented by incorporating adaptive concept with SWO.

The layout of below sections is: Section 2 mentions literature overview of
conventional methods and their shortcomings, Section 3 interprets method-
ology of ASWO, Section 4 reveals the outcomes of ASWO and Section 5
illustrates conclusion of ASWO.

2 Literature Survey

Zhang, T., et al. [1] developed improved particle swarm optimization (IPSO)
for path planning in for multiple robots. It improved the exploration ability
of robot configuration, but still, it did not sufficiently address the commu-
nications amongst robots. Muhammad, A., et al. [2] presented Generalized
Laser Simulator (GLS) to navigate mobile robots autonomously in an
occurrence of static and dynamic obstacles. It generated an optimum path,
even though this method failed to identify paths for individual probable
point combination. Wang, Q., et al. [3] designed Ant Colony Optimization-
Dynamic Window Approach (ACO–DWA) for multiple mobile robot’s path
planning and obstacle avoidance. This technique could understand a coop-
erative obstacle avoidance in indefinite environment with global optimality
and high safety. However, it failed to include evaluation measures namely
ocean currents and energy consumption for coordinating multi-agent systems.
Gao, Y., et al. [4] introduced an enhanced OAPP approach termed LMB-
SWO for mobile robots. This model had effective resolving performance
together with higher robustness. Nevertheless, it did not consider definite
map environments for enhancing the performance of mobile robots. Poojith
U. Rao, et al. [16] proposed a Quantum Alternating Operator Ansatz (QAOA)
approach for path planning in multi-robot systems. While the model achieved
significant improvement in runtime, it was evaluated using only a limited set
of metrics. Lin Chen et al. [17] introduced a Transformer-based Imitative
Reinforcement Learning (TIRL) approach for multi-robot path planning by



Obstacle-Aware Path Planning in Multi-Robot Systems 1001

integrating a transformer structure into policy neural networks. This model
combined a double deep Q-network with contrastive learning to address
training challenges in policy networks. The key advantages of this method
were achieving the lowest average steps and highest success rates. How-
ever, its planning performance reduced when handling a large number of
robots [18, 19].

2.1 Challenges

Some of the challenges experienced by classical algorithms are interpreted
below.

• The algorithm introduced in [2] was not utilized for boosting up the path
planning process by perfectly training the path.

• In [3], high-density obstacles as well as unknown static obstacles were
only focused, and it did not consider more complicated factors such as
dynamic obstacles, non-flat terrain and so on.

• The usage of robots is increasing everyday as it is able to perform
complicated and risky tasks faster and better than humans. For iden-
tifying the shorter and obstacle-free path for robots in minimal time
becomes highly significant. Hence, an effective path planning and
obstacle avoidance model is essential.

3 Problem Statement

Initially, problem of the path planning examined can be defined as fol-
lows: Consider, the cluttered environment with starting location and targeted
location. The purpose of path planning is to identify a collision-free optimum
path with series of points that are feasible and safer to follow by the mobile
robots. Figure 1 exposes the system model of path planning in mobile multi-
robots. The working space ω refers to physical space, which is a subset of
ℜ2 for planar 2ρ or ℜ3 for 3ρ spaces. The obstacles specify to a part of ω
that are occupied, indicated as C1, C2, . . . , Ci. The configuration space ως of
obstacles is a mapping of obstacles in working space to configuration space.
The free configuration space ωℑ is a group of configurations, wherein robot
is collision-free with obstacles as stated below.

ωℑ = ω/ως (1)
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Figure 1 System model of path planning in mobile multi-robots.
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Figure 2 Visual presentation of ASWO for path planning in mobile multi-robots.

4 Proposed Adaptive Spider Wasp Optimizer for Path
Planning in Mobile Multi-robots

Determination of path planning for the mobile robots has gained more
attention over past few decades, with an intention to identify effectual and
safe paths amongst initial and final paths. Here, ASWO is presented for
path planning in mobile multi-robots. Firstly, simulation of an environment
utilizing multiple robots and targets along with obstacles is done. After that,
multi-objectives like path smoothness, obstacle avoidance and path length
are considered for path planning. At last, path planning is accomplished by
ASWO that is derived by merging adaptive concept with SWO. Figure 2
demonstrates a visual presentation of ASWO for path planning in mobile
multi-robots.
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4.1 Multi-objectives for Path Planning

Path planning in mobile multi-robots is the dynamic and complicated domain
with several strategies and models. Here, path planning is accomplished
based on multi-objectives such as path smoothness, obstacle avoidance and
path length.

4.1.1 Path length
An individual robot should generate the consequent location in a trajectory
path and thus, it refers to minimal path from existing position to targeted
position. As an outcome, path length [7] is minimized. An objective measure
derived for calculating a distance from present position to target can be
expressed as,

f1 =
a∑

m=1

{
νzm +

√
(µz

m + νzm cos θm − µλ
m)2 + (ηzm + νzm sin θm − ηλm)2

}
(2)

where, νzm indicates present velocity of robot Tm at time τ , (µz
m, ηzm) and

(µλ
m, ηλm) depicts initial location and targeted location, (µa

m, ηam) represents
next location while the robot Tm decides to move in a time (τ+∆τ) whereas
f1 denotes parameter of path length.

4.1.2 Path smoothness
A path smoothness [6] is computed by adding the turning angle of robots in
desirable path. The trajectory smoothness is a highly essential feature in path
planning of robots as the robots should not considerably vary its directions.
The path smoothness factor can be modeled by,

f2 = Θ(H) =

j∑
m=1

|θm| (3)

Here, θm mentions angle amongst two vectors
−−−−−−→
Hm−1Hm and

−−−−−−→
HmHm+1

whereas f2 implies path smoothness.

4.1.3 Obstacle avoidance
The obstacles consisting in an environment should be prevented while a robot
is moving towards specific target. The obstacles can be static or dynamic in
nature and an expression of obstacle avoidance is given as,

f3 = Os +Od (4)
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Figure 3 Solution encoding for path planning.

Here, Os and Od implies static and dynamic nature of obstacles whereas
f3 depicts obstacle avoidance.

4.2 Path Planning Using ASWO

Path planning in multi-robots is an important domain of research as well
as applications in the robotics, especially for tasks such as surveillance,
rescue and exploration. An intention is to manage numerous robots for
navigation through the environment effectively while preventing collisions,
optimizing routes and attaining certain task objectives. Here, path planning is
accomplished by ASWO, which is modelled by combining adaptive concept
with SWO.

4.2.1 Solution encoding
The solution encoding is defined as a process to identify best path from
starting location to targeted location for multi-robots to reach. From ‘ϕ’
probable solutions, choose ‘ξ’ optimum paths utilizing ASWO. Figure 3
presents the solution encoding for path planning.

4.2.2 Fitness function
Fitness function is the quantitative measure utilized for evaluating a specific
path or group of paths satisfies definite constraints and objectives. Here, the
fitness measure should be maximum and it is computed as,

F =
(1− f1) + f2 + f3

Z
(5)

Here, Z specifies normalizing factor whereas f1, f2 and f3 illustrates
path length, path smoothness and obstacle avoidance. Z is defined as the
sum of the maximum possible values of the individual components, such as
path length, path smoothness, and obstacle avoidance. This ensures that the
computed fitness value remains within a consistent range and facilitates fair
comparison across different scenarios.
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4.2.3 Algorithmic steps of ASWO
SWO [5] is the naturally inspired algorithm, which imitates the nesting,
mating and hunting characteristics of female spider wasps. This algorithm
efficiently balances exploitation and exploration and thus, leads to highly
effectual convergence against optimum solutions. Here, adaptive concept is
combined with SWO termed as ASWO is designed for path planning in multi-
robots. ASWO acts as an efficient, robust and flexible algorithm for path
planning in mobile multi-robot systems. The algorithmic steps of ASWO are
discussed as follows.

Step 1: Initialization of solution

Initially, all spider wasps are considered as the solution in a current group and
it is given as,

S = {S1, S2, . . . , Sw, . . . , Sy} (6)

Here, Sw indicates wth candidate solution and Sy mentions overall
variables in population S.

Step 2: Computation of objective function

The objective measure is evaluated based on path smoothness, obstacle
avoidance and path length using Equation (5).

Step 3: Exploration phase

During this phase, spider wasp hunts a search zone randomly for obtaining
prey, which can be modeled as,

−−→
Sl+1
w =

−→
Sl
w + c1 ∗ (

−−→
Sl
p−Sl

q) (7)

Here,
−−→
Sl+1
w implies updated position of all female wasps with constant

movement (c1) across current direction, l signifies index of current genera-
tion whereas w mentions population index. Moreover, Sl

p and Sl
q illustrates

dual arbitrary solutions, which are utilized for classifying exploration way
whereas p and q specifies their indices. An update expression of ASWO is
interpreted by,

−−→
Sl+1
w =

−→
Sl
t + c2 ∗ (

−→
L −

−→
R2 ∗ (

−→
U −

−→
L )) (8)

Here,
−→
R2 is made adaptive and it can be specified as,

−→
R2 = v −

(
J

Jmax

)
∗ k ∗ h (9)
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Here, v implies constant parameter, Jmax indicates maximum generation,
k signifies distance control parameter, h mentions binary vector whereas J
reveals present generation, L depicts lower bound and U represents upper
bound. The adaptive formulation is designed based on a linear decay mech-
anism, where the value of the term decreases as the number of generations
increases. This helps the algorithm shift gradually from global exploration in
the early stages to local exploitation in the later stages. This type of adaptive
design is commonly used in evolutionary and swarm-based algorithms to
improve convergence. Furthermore, c2 can be evaluated as,

c2 =
1

1 + eγ
∗ cos(2πγ) (10)

Here, γ illustrates randomly generated number amongst 1 and −2.

Step 4: Exploration and exploitation phase

Thereafter identifying a prey, spider wasps try to identify and abolish it.
Normally, two scenarios are available. In an initial scenario, spider wasp
follows the target to catch and put on their nests whereas in next scenario,
wasps are not able to get the released target. Both scenarios can be estimated
as mentioned below.

−−→
Sl+1
w =

−→
Sl
w + k ∗ |

−→
R5 ∗

−→
Sl
p −

−→
Sl
w| (11)

Here, l depicts index of existing generation, w indicates population
index, Sl

p signifies random solution, wherein p mention its index,
−→
R5 implies

vector of values formed randomly within 0 and 1. During next scenario, a
distance amongst prey as well as spider wasp are increased slowly that can be
manifested as, −−→

Sl+1
w =

−→
Sl
w ∗ −→a (12)

where, −→a refers to the vector

Step 5: Exploitation phase

The below expression includes dragging of spider nearer an area and optimal
location for building nests.

−−→
Sl+1
w =

−→
S∗ + cos(2πγ) ∗ (

−→
S∗ −

−→
Sl
w) (13)

Here,
−→
S∗ represents optimal solution.
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Step 6: Mating characteristics

Spider wasp has an ability for identifying gender, which is foreseeable by
host size in which egg is located. In this stage, every spider wasp defines the
possible solution and below mentioned equation is utilized for making spider
wasp eggs. −−→

Sl+1
w = X(

−→
Sl
w,

−→
Sl
n, E) (14)

Here, X indicates an operator that is used for achieving uniform crossover

whereas male and female spider wasps are represented by
−→
Sl
n and

−→
Sl
w.

Step 7: Re-evaluate fitness function

The fitness function is re-evaluated until achieving maximum value to obtain
best solution.

Step 8: Termination

The steps of ASWO are continually performed and terminated after acquiring
optimum solution.

5 Results and Discussion

The results of ASWO designed for path planning in mobile multi-robots are
described below.

5.1 Experiment Setup

The newly devised ASWO is experimentally implemented in PYTHON
tool using simulation. Table 1 signifies the simulation parameters. The
parameters used in the proposed ASWO are selected based on a grid
search strategy to systematically explore various combinations and iden-
tify the most effective configuration. The chosen values lead to superior
performance in terms of convergence speed, path optimality, and obstacle
avoidance.

5.2 Experimental Outcomes

The experimental results of ASWO are demonstrated in Figure 4. Figure 4(a)
shows the fixed obstacles and single target whereas Figure 4(b) illustrates
fixed obstacles and multiple targets.
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Table 1 Simulation parameters
Parameters Values
Population size 50
Max iterations 1000
Spider movement factor 0.8
Wasp movement factor 0.5
Crossover rate 0.2
Trade-off rate 0.3
Max velocity 2 m/s
Turning Radius 0.5 km
Communication range 15 km
Cooperation factor 0.6

(a)            (b) 
Figure 4 Experimental results, (a) Fixed obstacles and single target, (b) Fixed obstacles and
multiple targets.

5.3 Evaluation Metrics

The metrics considered to assess ASWO are path length, path smoothness
and fitness, which are already explained in Sections 4.1.1, 4.1.2 and 4.2.2.

5.4 Comparative Techniques

IPSO [1], GLS [2], ACO–DWA [3], LMBSWO [4] MDHO algorithm,
QAOA [16], and TIRL [17] are the comparative methods taken into concern
to show the effectiveness of ASWO.
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5.5 Comparative Evaluation

The comparative analysis of ASWO is carried out based on two setups like
fixed obstacles and single target as well as fixed obstacles and multiple
targets.

5.5.1 Analysis based on fixed obstacles and single target
Figure 5 presents the comparative analysis of the proposed ASWO algorithm
under varying numbers of robots, with detailed results discussed for the
case of six robots. The evaluation is based on three key metrics, such as
fitness, path length, and path smoothness. Figure 5(a) specifies an analysis
of ASWO in terms of fitness. Fitness obtained by ASWO is 1.795 whereas
other techniques attained 1.338, 1.434, 1.081, 1.024, 1.729, 1.003, and 1.695.
This improvement is primarily attributed to ASWO’s adaptive mechanism,

(a) (b) 

 

(c) 

Figure 5 Comparative analysis of ASWO based on fixed obstacles and single target, (a) Fit-
ness, (b) Path length, (c) Path smoothness.
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which dynamically balances exploration and exploitation by adjusting move-
ment behaviors during the optimization process. An estimation of ASWO
with respect to path length is shown in Figure 5(b). The traditional algo-
rithms achieved path length of 1420.157 km, 1611.902 km, 1222.257 km,
1002.035 km, 943.073 km, 951.933 km, and 895.919 km whereas ASWO
obtained 897.883 km. The reduction in path length is due to ASWO’s
ability to incorporate both local and global search strategies effectively.
Figure 5(c) signifies an evaluation of ASWO based upon path smoothness.
ASWO acquired path smoothness of 91.121% whereas existing methods
achieved 76.841%, 78.866%, 80.788%, 88.630%, 90.053%, 87.858%, and
87.436%. The high path smoothness demonstrates that ASWO not only finds
shorter paths but also ensures fewer abrupt changes in direction. This is
achieved through the algorithm’s fitness function, which explicitly includes
smoothness as a criterion.

5.5.2 Analysis based on fixed obstacles and multiple targets
Figure 6 illustrates the performance evaluation of the proposed ASWO algo-
rithm when handling multiple targets in the presence of fixed obstacles, with
a specific focus on scenarios involving six robots. The analysis is conducted
based on fitness, path length, and path smoothness. Figure 6(a) indicates
an assessment of ASWO concerning fitness. The conventional algorithms
achieved fitness of 1.372, 1.562, 1.108, 1.059, 1.757, 1.722, and 1.063
whereas ASWO obtained 1.818. An analysis of ASWO based upon path
length is delineated in Figure 6(b). ASWO achieved 1052.695km whereas
classical algorithms attained path length of 1747.843 km, 1959.018 km,
1499.298 km, 1296.534 km, 1237.383 km, 1113.645 km, and 1163.140 km.
Figure 6(c) represents an estimation of ASWO in terms of path smoothness.
Path smoothness acquired by ASWO is 91.121% whereas traditional algo-
rithms attained 76.841%, 78.866%, 80.788%, 88.630%, 90.053%, 89.895%,
and 85.654%. Overall, the improved results are a direct consequence of
ASWO’s hybrid structure, which combines biologically inspired optimization
with adaptive parameter control. This allows the algorithm to respond effec-
tively to dynamic environmental demands, such as increased task complexity
due to multiple targets.

5.6 Performance Analysis

Figure 7 shows an evaluation of ASWO based on different iterations. The
speed analysis is provided in Figure 7(a). When the number of robots is 6,
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(a) (b) 

 

(c) 

Figure 6 Comparative analysis of ASWO based on fixed obstacles and multiple targets,
(a) Fitness, (b) Path length, (c) Path smoothness.

(a) (b) 

Figure 7 Performance analysis of ASWO based on iterations, (a) Speed, and (b) Success
rate of obstacle avoidance planning.

the speed of the ASWO with iteration 20, 40, 60, 80, and 100 is 14.55 m/s,
16.22 m/s, 18.29 m/s, 20.16 m/s, and 22.29 m/s. The success rate of obstacle
avoidance planning of ASWO with different iterations is given in Figure 7(b).
The success rate of obstacle avoidance planning of ASWO with iterations 20
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Figure 8 Scalability analysis.

is 0.787, 40 is 0.820, 60 is 0.836, 80 is 0.872, and 100 is 0.903 for number of
robots 6.

5.7 Scalability Analysis

Figure 8 presents the runtime comparison of the proposed ASWO and exist-
ing algorithms as the number of robots increases from 7 to 12. The results
indicate that the proposed ASWO consistently maintains a lower runtime
compared to other methods, such as IPSO, GLS, ACO-DWA, LMBSWO, and
others. As the number of robots increases, the runtime of all algorithms rises
due to higher computational complexity. However, ASWO shows a slower
growth in runtime, demonstrating its better scalability. For instance, when
the number of robots increases from 7 to 12, ASWO’s runtime increases
from 3.65 s to 9.00 s, whereas IPSO increases from 12.38s to 19.85 s, and
GLS from 11.28 s to 18.34 s. This improvement is due to adaptive strategy of
ASWO and efficient task distribution mechanism, which minimize redundant
calculations and optimize path computations even in multi-robot settings.

5.8 Comparative Discussion

Table 2 explains the values acquired by comparative algorithms and ASWO
for the analysis carried out. Fitness acquired by ASWO is 1.795 while
considering number of robots = 6 whereas other algorithms obtained 1.338,
1.434, 1.081, 1.024, 1.729, 1.003, and 1.695. The high fitness depicts that
ASWO had a capability for navigating complicated environments securely,



Obstacle-Aware Path Planning in Multi-Robot Systems 1013

T
ab

le
2

C
om

pa
ra

tiv
e

di
sc

us
si

on
of

A
SW

O
M

et
ri

cs
/M

et
ho

ds
IP

SO
G

L
S

A
C

O
–D

W
A

L
M

B
SW

O
M

D
H

O
A

lg
or

ith
m

Q
A

O
A

T
IR

L
Pr

op
os

ed
A

SW
O

F
ix

ed
ob

st
ac

le
s

an
d

si
ng

le
ta

rg
et

F
it

ne
ss

1.
33

8
1.

43
4

1.
08

1
1.

02
4

1.
72

9
1.

00
3

1.
69

5
1.
79

5
Pa

th
le

ng
th

(k
m

)
14

20
.1

57
16

11
.9

02
12

22
.2

57
10

02
.0

35
94

3.
07

3
95

1.
93

3
89

5.
91

9
89

7.
88

3
Pa

th
sm

oo
th

ne
ss

(%
)

76
.8

41
78

.8
66

80
.7

88
88

.6
30

90
.0

53
89

.8
95

85
.6

54
91

.1
21

F
ix

ed
ob

st
ac

le
s

an
d

m
ul

tip
le

ta
rg

et
s

F
it

ne
ss

1.
37

2
1.

56
2

1.
10

8
1.

05
9

1.
75

7
1.

72
2

1.
06

3
1.

81
8

Pa
th

le
ng

th
(k

m
)

17
47

.8
43

19
59

.0
18

14
99

.2
98

12
96

.5
34

12
37

.3
83

11
13

.6
45

11
63

.1
40

10
52

.6
95

Pa
th

sm
oo

th
ne

ss
(%

)
76

.8
41

78
.8

66
80

.7
88

88
.6

30
90

.0
53

87
.8

58
87

.4
36

91
.1

21



1014 Sakthitharan Subramanian et al.

Table 3 ANOVA test
Sum of Squares Degrees of Freedom F P-value

C 0.085566 4 1.2506 0.02968
Residual 0.02258 120

and effectively while adapting to dynamic states as well as uncertainties.
When number of robots = 6, the conventional algorithms attained path length
of 1420.157 km, 1611.902 km, 1222.257 km, 1002.035 km, 943.073 km,
951.933 km, and 895.919 km whereas ASWO achieved 897.883 km.
The maximum path length specifies that ASWO is capable to recompute
their paths for preventing suddenly appearing obstacles. ASWO obtained
path smoothness of 91.121% whereas other algorithms acquired 76.841%,
78.866%, 80.788%, 88.630%, 90.053%, 89.895%, and 85.654% for number
of robots=6. A maximal path smoothness specifies that ASWO reduced the
requirement for abrupt maneuvers. From the analysis, it can be concluded
that, ASWO is an effective algorithm for path planning in mobile multi-
robots. Furthermore, ASWO achieved maximum fitness and path smoothness
of 1.795 and 91.121% as well as minimum path length of 897.883 km while
considering number of robots = 6 for fixed obstacles and single target.

5.9 Statistical Analysis

The Analysis of Variance (ANOVA) test is conducted to assess the statistical
significance of the performance differences among the compared methods.
The results are shown in Table 3, where the calculated F-value is 1.2506, and
the P-value is 0.02968, which is less than the standard significance level of
0.05. This indicates that there is a statistically significant difference among
the algorithms’ performances at the 95% confidence level. Additionally, the
confidence interval for the proposed ASWO’s performance is between 89.852
and 96.366, further supporting the consistency and reliability of its results.

5.10 Analysis Based on Computational Time and Memory

Table 4 presents a comparative analysis of computational time and memory
usage across various algorithms as the number of robots increases from 2 to
6. The results demonstrate that the proposed ASWO consistently outperforms
all baseline methods in terms of both execution time and memory efficiency.
In terms of computational time, ASWO recorded the lowest runtime across
all robot counts. For instance, with 6 robots, ASWO required only 13.37
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seconds, compared to 19.29 sec for IPSO, 18.43 sec for GLS, 18.25 sec
for ACO–DWA, 18.00 sec for LMBSWO, 17.35 sec for MDHO algorithm,
16.73 sec for QAOA, and 16.36 sec for TIRL. Similarly, for memory usage,
ASWO demonstrated the least consumption. At 6 robots, ASWO used only
34.36 MB, whereas IPSO, GLS, ACO–DWA, LMBSWO, MDHO algorithm,
QAOA, and TIRL consumed 49.57 MB, 47.36 MB, 46.91 MB, 46.25 MB,
44.59 MB, 42.99 MB, and 42.05 MB, respectively. This reduction is mainly
due to the lightweight design of ASWO.

6 Conclusion

Path planning is the basic feature of mobile robot’s navigation. It plays an
essential part in facilitating robots to automatically navigate during avoidance
of obstacles. However, conventional algorithms developed for path planning
confront challenges such as obstacle avoidance and possibility to get stuck
in a local minimum along the path. Also, obstacle avoidance in the denser
obstacle environments is complicated to be effective and efficient due to
attributes of non-linearity optimization issues. In this research, ASWO is
designed for path planning in mobile multi-robots. Initially, an environment
utilizing multiple robots and targets along with obstacles is simulated. After-
wards, multi-objectives such as path smoothness, obstacle avoidance and
path length are defined for path planning. Finally, path planning is carried
out using ASWO, which is modeled by combining adaptive concept with
SWO. Furthermore, ASWO attained maximum fitness and path smoothness
of 1.795 and 91.121% as well as minimum path length of 897.883km for
fixed obstacles and single target when number of robots = 6. However, the
proposed study assumes a 2D static environment with fixed obstacles, which
simplifies the real-world complexity. In future, highly complicated factors
such as large-scale robots, non-flat terrain and so on will be considered. Also,
Pareto front-based optimization will be integrated in the further extension of
this work.
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