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ABSTRACT Robotic applications across industries demand advanced navigation for safe and smooth
movement. Smooth path planning is crucial for mobile robots to ensure stable and efficient navigation, as
it minimizes jerky movements and enhances overall performance Achieving this requires smooth collision-
free paths. Partial Swarm Optimization (PSO) and Potential Field (PF) are notable path-planning techniques,
however, they may struggle to produce smooth paths due to their inherent algorithms, potentially leading to
suboptimal robot motion and increased energy consumption. In addition, while PSO efficiently explores
solution spaces, it generates long paths and has limited global search. On the contrary, PF methods offer
concise paths but struggle with distant targets or obstacles. To address this, we propose Smoothed Partial
Swarm Optimization with Improved Potential Field (SPSO-IPF), combining both approaches and it is
capable of generating a smooth and safe path. Our research demonstrates SPSO-IPF’s superiority, proving
its effectiveness in static and dynamic environments compared to a mere PSO or a mere PF approach.

INDEX TERMS Path Planning, Path smoothness, Kinematic Constraint, Collision Avoidance, Swarm

Optimization, Improved Potential field.

I. INTRODUCTION

OBOTIC navigation in dynamic and uncertain envi-

ronments poses formidable challenges, demanding the
development of efficient and adaptable algorithms. Optimiza-
tion algorithms are indispensable in mobile robot navigation,
facilitating the discovery of optimal solutions to intricate
problems. These algorithms empower robots to meticulously
plan their paths, accurately localize themselves, and dynam-
ically avoid obstacles in real-time, thereby significantly en-
hancing navigation performance [1].
Among the plethora of optimization methodologies, Particle
Swarm Optimization (PSO) and Potential Fields (PF) stand
out as widely utilized approaches with extensive applica-
tions in mobile robot navigation [2]. PSO and PF algorithms
represent two significant methodologies in navigation and
optimization tasks, particularly in scenarios characterized by
complex constraints and the necessity for energy consump-
tion minimization. Integrating these approaches leverages the
strengths of each to provide a robust solution for multifaceted
navigation problems [3].
PSO, inspired by social behaviors observed in nature, excels
at exploring and exploiting search spaces, making it ideal
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for finding optimal solutions in dynamic, multi-dimensional
environments [4]. However, this method faces challenges in
path planning, especially in scenarios with narrow passages
or complex environments. These challenges include difficulty
in avoiding obstacles, ensuring smooth trajectories, and main-
taining computational efficiency. Researchers have proposed
innovative solutions to address these issues [5] [6] [7] [10].

Yang et al. introduced an improved PSO (IPSO) to address
the limitations of standard PSO, particularly in dynamic en-
vironments. This IPSO demonstrated better performance in
avoiding premature convergence and finding optimal paths
[8]. Zheng et al. developed an artificial potential field-based
PSO (apfrPSO) that combines the strengths of both meth-
ods, resulting in more effective path planning and obsta-
cle avoidance [9].The Artificial PF (APF) method is widely
used for real-time obstacle avoidance and path smoothing.
Despite its advantages, classical APF methods are prone to
local minima and oscillations near obstacles. Melchiorre et al.
proposed enhancements to the APF approach by integrating
local optimization techniques, which improved the method’s
ability to navigate in dynamic environments without getting
trapped in local minima [11]. Similarly, other studies delving

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and

IEEE Access

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2024.3504360

Author et al.: Preparation of Papers for IEEE TRANSACTIONS and JOURNALS

into the application of PSO and APF optimization algorithms
in mobile robot navigation, underscore their pivotal role in
path planning, environmental adaptability, and navigation ef-
ficiency [12]-[14]. Within these algorithms, particles traverse
the search space to ascertain the optimal path, typically de-
fined by a fitness function. However, despite its efficacy in
finding optimal paths, PSO often grapples with generating
smooth trajectories [15].This lack of smoothness can result in
jerky or discontinuous motions, compromising path traversal
efficiency and potentially destabilizing the system. In con-
trast, PF emerges as a probabilistic filtering technique adept at
estimating the state of dynamic systems based on noisy sensor
measurements [8].

In PF path planning, a single robot or agent moves through
the environment based on attractive and repulsive forces. The
potential field is usually designed to have a global minimum
at the goal, attracting the robot towards the target [17], [18].
However, maintaining smooth paths can be challenging for
potential field methods, especially when the robot deviates
significantly from the target [19]. This issue arises due to
the potential field’s inherent tendency to excessively attract
the robot towards obstacles, which can lead to discontinuous,
non-smooth paths [20]. Moreover, the resampling process
in PF can inadvertently introduce variability and diminish
path smoothness [8]. To alleviate these concerns, researchers
have proposed modifications to the artificial potential field
approach, introducing novel sets of potential fields [21].
Techniques such as deterministic annealing [22], wavefront
planning [23], and navigation functions [24] can help address
these limitations and improve the overall performance and
safety of PF-based path planning.

One fundamental hurdle of navigation in dynamic and uncer-
tain environments using PSO and PF lies in balancing explo-
ration and exploitation [16]. While exploration seeks new and
potentially better paths, the dominance of this factor can yield
erratic and disorganized paths. Conversely, an overemphasis
on exploitation may trap the search in local optima, resulting
in suboptimal trajectories. Thus, meticulous tuning of this
trade-off is pivotal for both path efficiency and smoothness.
Furthermore, the discrete representation of paths in PSO and
PF, often grid-based, introduces artifacts and discontinuities
[18]. Researchers propose solutions like higher-resolution
grids or alternative spatial representations such as curves
or splines to mitigate this challenge [18], [25]. However,
these approaches may introduce additional computational
complexity and trade-offs between smoothness, accuracy,
and real-time performance. Moreover, the complexity and
dynamic nature of environments significantly impact path
smoothness [26], [27]. PSO and PF may struggle in complex
environments with numerous obstacles or narrow passages
due to limited exploration capabilities. In highly dynamic
environments, rapid changes may render generated paths ob-
solete, necessitating abrupt corrections or replanning.
Integration of PF and PSO techniques emerges as a promising
solution for optimal path planning, synergizing their strengths
to enhance mobile robot navigation capabilities. This inte-
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gration offers potential solutions to address the challenges
of exploration-exploitation balance, path representation, and
environmental dynamics, ultimately facilitating smoother and
more efficient navigation [9].

Kinematic constraints play a crucial role in robotic sys-
tems, affecting their performance in various ways. These
constraints, including joint limits, self-collision avoidance,
and torque limits, significantly impact the movement and
control of robots [28]-[30]. Understanding and managing
these limitations are essential for optimizing the kinematic
movement of robots and ensuring their overall effectiveness
in various applications.

Considering kinematic constraints in path planning is cru-
cial because it ensures that the planned paths are feasible
for the actual movement of vehicles, especially in scenarios
where traditional methods treat vehicles as point masses,
neglecting constraints like turning radius [31]. Failures in path
planning using PSO and Potential Fields can occur when the
planned path contains inflection points with large curvatures
that exceed the vehicle’s performance capabilities, leading
to ’planning-failure’ [32]. Addressing kinematic constraints
helps avoid local minima in PSO potential fields path plan-
ning, particularly when the target is near obstacles, making
the points unreachable [32].

By integrating kinematic constraints into path planning
algorithms, such as the improved artificial potential field
method, the feasibility and effectiveness of the planned paths
can be significantly enhanced, ultimately improving the over-
all performance of autonomous vehicles [34]. Previous re-
search has addressed kinematic constraint issues in path plan-
ning using Potential Fields and Particle Swarm Optimization
(PSO) algorithms. The integration of Artificial Potential Field
(APF) methods with kinematic-based control systems has
been proposed to overcome the limitations of assuming robots
as point masses and neglecting nonholonomic constraints
[35], [36].

Our primary contribution is the fusion of PSO with an
Improved PF (IPF) methodology, accompanied by the design
of an innovative objective function customized for seamless
path planning while taking into account the robot’s kinematic
restrictions on rotational angles and smoothness of the gen-
erated path. By explicitly integrating these kinematic con-
straints into the repulsive and attractive forces of the proposed
IPF technique, coupled with the optimization capabilities
of PSO, we have propelled the advancement of heuristic
approaches in path planning. The original fitness function
we have devised accommodates these aspects, ensuring the
creation of secure and fluid trajectories in both stationary
and changing environments, as evidenced by simulation in-
vestigations. While some existing techniques may address
smooth path creation through diverse curve-fitting method-
ologies [36], [37], few have integrated rotational constraints
alongside kinematic limitations to enable swift, real-time path
planning. Moreover, our strategy employs the IPF approach
to tackle the issue of long-range target path planning, a sig-
nificant drawback of traditional PF methods. Incorporating
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kinematic constraints like turning radius, angular velocity
boundaries, and maximum velocity into the path planning
procedure enables our algorithm to produce realistic trajec-
tories that the robot can execute dependably. This, in con-
junction with the optimization capabilities of PSO, results
in notable enhancements in the safety, fluidity, and effective-
ness of the planned trajectories, thus constituting a valuable
addition to autonomous navigation research. The integration
of kinematic constraints, such as turning radius and angular
velocity limits, into the path planning process allows our
algorithm to generate feasible trajectories that can be reliably
executed by the robot. This, combined with the optimization
capabilities of PSO, leads to significant improvements in
the safety, smoothness, and efficiency of the planned paths,
making it a valuable contribution to the field of autonomous
navigation. The paper is organized into several sections to
systematically present the research findings. The Materials
and Methods section details the proposed approach of com-
bining Smooth PSO (SPSO) with IPF (SPSO-IPF), to enhance
path planning smoothness in mobile robots. This section out-
lines the modifications made to the objective function to pri-
oritize smoothness and describes the experimental setup and
parameters used for simulation. The Results section presents
the simulation outcomes, showcasing the effectiveness of the
SPSO-IPF approach in generating smoother paths compared
to traditional PSO and PF solitary methods, and two state-of-
the-art hybrid PSO approaches. Simulation results are illus-
trated and discussed comprehensively.

Il. MATERIALS AND METHODS

In this section, we present the methodology employed for path
planning, focusing on a novel approach integrating Smooth
Particle Swarm Optimization (PSO) with an Improved Po-
tential Fields (IPF) method. This approach is designed to ad-
dress the challenges of path planning for mobile robots while
considering kinematic constraints. The integration of PSO
and IPF aims to generate smooth and collision-free paths in
dynamic environments, ensuring optimal trajectory lengths.
The smooth PSO-IPF approach is a result of advancements
in optimization techniques, particularly suited for geometric
path planning in autonomous and robotics applications. By
incorporating kinematic constraints, the proposed approach
seeks to improve the efficiency and safety of mobile robot
navigation. The following sections outline the key compo-
nents of the SPSO-IPF approach, detailing its formulation and
implementation to achieve robust and effective path-planning
solutions under dynamic conditions.

A. PROBLEM PRIORITIES AND CONSTRAINTS
To design an effective path planning algorithm, it is crucial to
identify the problem priorities and constraints. In this study,
the following problem priorities are considered:

1) Ensure collision-free movement from start to goal in

a dynamic environment.
2) Ensure smooth traversal along the path.
3) Consider near-optimal path length.
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The constraints for the problem are defined as follows:

1) Linear velocity of the robot is restricted to be lower
than 0.8 m/s in x-y coordinates.
2) Angular velocity is limited to 7 /6 rad/s.

While achieving an optimal path length is a priority, global
approaches are favored, acknowledging their limitations in
ensuring safety in dynamic environments. Therefore, a hy-
brid approach combining reactive and classic methods is
proposed. Specifically, the PF method is integrated with the
PSO algorithm to address the identified priorities within the
mentioned constraints.

B. ARTIFICIAL POTENTIAL FIELD
The conventional PF method is a widely used approach in
path planning, where the robot’s environment is modeled as a
potential field. The potential field is composed of an attractive
force that pulls the robot towards the goal, and a repulsive
force that pushes the robot away from obstacles. The total
potential field is the sum of these two forces.

The attractive potential field, U,,(q), is typically defined
as:

1
Ualt(q) = 5 kan dé €))

where k,; is the attractive force gain, and dg; is the distance
between the robot position (q = [x,y]), and the goal (qgoal)-

The repulsive potential field, U,.,(q), is typically defined
as:

2
krep (% ! ) ) if dobs < q0

obs 40

) if dobs > qo

Urep (Q) = (2)

S N

where k., is the repulsive force gain, d,, is the distance
between the robot and the nearest obstacle position (q,ps), and
qo s the influence distance of the obstacle.

The total potential field, Uy, (q), is the sum of the attrac-
tive and repulsive potential fields:

Utoml (Q) = UatI (OI) + Urep(q) (3)

Conventional PF methods can fail in certain situations. For
example, when the robot is at a considerable distance from
its target, the attractive force is significantly heightened. This
can lead to the robot approaching obstacles too closely when
the distance is substantial, prompting [44] to recommend
adjustments to the conventional U,,. Conversely, when the
robot is near its destination, it may also be in proximity to
surrounding obstacles. In this scenario, the repulsive force
becomes much more dominant than the attractive force, hin-
dering the robot’s ability to reach its goal. To tackle this
problem, [44] proposed modifications to U,,. To address
these issues, we propose the use of a modified version of
the APF method, as presented in [21], instead of techniques
that integrate traditional PF methods into their navigation
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approach, such as those described in [9] the attractive and
repulsive potentials are modified as follows:

%katt-d(g; dc < qc

4)
qG-katr-dG - %kafr-q% dG > 4G

Uar((q) = {
where ¢q¢ is the threshold value that defines the distance
between the robot and the goal which is compared for the
choice between conic and quadratic potential. The attractive
force which is the gradient of the function (4) is defined
below:

—kar- (4 — dcoal)  dc < qG
Fur(d) = =VUau(q) = { _qg Kuis (q—%(::) ds > q¢
.k, 4o
&)

Correspondingly, the repulsive potential can be described

by:
Lk (A~ — = 2d" dops < d
Ure — frep\ g, do G obs > GQ
0 dobs > dO

(6)

where d is the threshold value and n is the positive constant.
The repulsive force of (6) is calculated as follows:

Frep1 + Fre dops < d
Fup = ~Vtgla) = { P s )
1 1\ d?
Frepl = krep (dam - do) é ®)
2
n 1 1 _
Frep2 = _ikrep <dobv - do) dé ! )

While the modified potential field function, defined by
equations (4) and (6), can address some of the issues, it still
yields non-smooth paths and neglects kinematic constraints.
Additionally, it may remain vulnerable to local minima. To
mitigate these limitations, especially in dynamic environ-
ments, we recommend adopting the concept of force Model
scenarios [45] within the potential field framework. Instead of
using the potential function from [44], this approach allows
for a more conservative strategy. These scenarios, although
similar, may differ in their force definitions. We propose ac-
counting for the velocity of obstacles, or at least considering
the maximum possible velocity if the actual velocities are not
readily measurable. Our study introduces a modification to
the parameter dj, which is one of the key contributions of this

paper.

C. IMPROVED ARTIFICIAL POTENTIAL FIELD

To address these limitations, this paper proposes enhancing
the potential field-based path planning approach through sev-
eral key modifications:

1) Cell Decomposition: This method is adapted to incor-
porate angular and linear displacement constraints.

2) Kinematic Constraints: Turning radius and angular
velocity limits are considered within the IPF framework
to ensure the feasibility of the generated paths.

The IPF method aims to overcome the limitations of the
conventional potential field method and enhance the Artifi-
cial Potential Field (APF) algorithm by incorporating these
modifications to generate more realistic and feasible paths for
the robot.

To this end, this paper suggests adapting the new distance
threshold value, dy, based on the velocity of the robot and
obstacles to handle local minima as a modified version of
[21] and [22]. If the obstacle velocity, denoted as 'V, (k), is
observable, the paper proposes a new predictive IPF collision
avoidance criteria for the repulsive force. This criteria takes
into account the relative velocity between the robot and the
obstacle, as well as the distance between them. This approach
enables more accurate prediction of potential collisions and
generates smoother and safer paths for the robot to navigate
through cluttered environments.

By incorporating these modifications, the IPF method aims
to overcome the limitations of the conventional potential field
method and provide a more robust and efficient path planning
algorithm for mobile robots. The adaptive distance threshold
and predictive collision avoidance criteria enable the robot to
navigate more safely and effectively, making it suitable for
real-world applications.

The paper outlines the specific details of the new predictive
IPF collision avoidance criteria for the repulsive force as
follows:

lall + Il Qoss|| + de Qobs determined
”(.1” + maX{HQobs”} + dc ma‘X{H('lubsH} determined
2max{|[|q||} + d. otherwise

dy =

(10
Itis assumed that the velocity of the robot, denoted as v, can
be observed and estimated either through the optimal particle
velocity approximation (see (16)) or the dynamic equations of
the robot. In most environments, it is possible to determine the
velocity or at least the maximum velocity of the obstacles.
For uncertainty considerations, the boundary of uncertainty
is considered as a constant value d.. Although our simula-
tion studies, like others, may provide complete knowledge
of all values, we have intentionally assumed that only the
maximum velocity values are known. This decision reflects
a more realistic approach to robot navigation in the real
world, where unknown values and uncertainties regarding
parameters, estimated positions, and velocities are common.
By assuming that we only know the maximum velocity in the
environment, we can better simulate the challenges faced in
practical scenarios. Consequently, we calculated the bound-
ary of uncertainty, dy, based on this maximum velocity. This
approach allows us to address the inherent uncertainties and
complexities of real-world navigation, making our findings
more applicable to actual robotic applications. The simplify-
ing assumption allows us to focus on the main aspects of the
problem without getting bogged down in the complexities of
real-time velocity estimation. However, in practical applica-
tions, the uncertainty boundary d. may not be truly constant
due to factors such as sensor noise, environmental changes, or
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robot dynamics. Nevertheless, assuming a constant d,. serves
as a reasonable approximation for the purpose.

Based on the specified priorities and criteria for the naviga-
tion problem, the minimization of the potential field described
in equation (3) satisfies two criteria: minimizing the path
length and avoiding collisions. To also address the criterion of
path smoothness in conjunction with the Improved Potential
Field strategy, this paper suggests the following objective
function:

F(@) =U@) + (0 — wmax)® + (4 — dmax)®> (11

Where 9q is the angular velocity, wyqy and g, are respec-
tively the maximum angular velocity and linear velocity of
the robot, defined by kinematic constraints.

The objective function (11) is paramount for achieving a
balance between speed and smoothness in the generated path.
It accomplishes this by imposing penalties on deviations from
the optimal linear and angular velocities, thereby effectively
steering the trajectory towards smoother paths. The parameter
w in equation (20) assumes a pivotal role in this methodology
by modulating the velocity updates within the framework of
PSO. By adjusting the velocity in accordance with the term
(1- % ), wherein an elevated value of % results in diminished
velocity, the system fosters smaller and more controlled
steps toward the next position. This modulation not only
mitigates abrupt directional shifts but also promotes gradual
modifications, ultimately contributing to the enhancement of
the overall smoothness of the generated pathway.

This study proposes to reformulate the angular velocity based
on the linear velocity and the robot’s movement. To this
aim, consider figl, which indicates the relationship between
the angle of movement and the displacement in the x and y
directions. The figure illustrates how the robot’s motion can
be decomposed into linear and angular components, which
can be used to derive a novel expression for the angular
velocity.

Y=[0 11x(a2a) ©=arctan(Y/X)

X=[L,00¢ (qemral)

FIGURE 1: Relationship between displacement and angle of
movement

By analyzing the geometric relationships shown in the
figure, and considering the kinematic constraints of the robot,
this study aims to develop a more comprehensive model for
the angular velocity éq. This reformulation will provide a
better understanding of the robot’s motion and enable more
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efficient control strategies. The proposed approach leverages
the insights gained from the visual representation in figl to
derive a refined expression for the angular velocity, which can
be used to improve the overall navigation and control of the
robotic system.

In this regard, let (gGour — q) = [Xa,ya] be a vector in the
Cartesian plane. The angle can be defined as the inverse
tangent of the ratio of the y-component and the x-component
(B = %) of the vector:

6 = arctan(p) (12)

The derivative of  with respect to ¢ can be calculated using
the chain rule:

ag. 1 1
dq 1+ 62 HqGoal - C1||2
This derivative can be expressed in vector form as:

do 1
T =5 | TYd X (14)
dq  |lgcea — ql? [ ]
where ||qgoa — ql| represents the magnitude of the vector
dGoal — 4, 1.€., dg.
This equation is calculated based on considering a restric-
tion on arctan(ge, — ¢) which is calculated as follows:

[—ya  xd] (13)

. L0 —1
) do dq (ngal - Q) [1 0 ] (ngal - CI>T
Sk 15
dq dt dg + ¢ (15
Where € is a small positive constant which is considered with
the aim of avoiding the singularity condition.

1) PSO Algorithm

The PSO algorithm is used to optimize the total potential
field, which serves as the fitness function. PSO is chosen
for its ability to efficiently explore the search space and find
near-optimal solutions [39]. The velocity and position of an
ith particle can be updated iteratively in the kth iteration as
follows:

vf.“H =w-vi+ clrl(qﬁi —qf) + czrg(qg —q) 6)

o' =af +vi T (17)

where v¥ is the velocity of particle i at iteration k, /% is
the ith particle at kth iteration, and w is the inertia weight.
c1 and ¢4 are the coefficients of particle acceleration, mostly
selected in the range of [0,2], and r; and re are random
numbers uniformly distributed between 0 and l.qf,l_ is the best-
known position of particle i, and qg is the global best position
known by the swarm. ql’jl_ and qg are respectively determined
as follows:

qp(i,r) = argminf(qe;), ¢ € {1,...,N,} (18)

k=1,...t

arg min
k=1,....t,i€{1,....N,}

qg(t> = fak,i) (19)
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where N,, is the number of particles and f (q) is the fitness
function, defined at (11).
Since the velocity of particles must be adjusted according to
the robot’s kinematic constraints, it is essential to generate
a path using PSO while adhering to these constraints. To
effectively incorporate the objective function defined in (11),
the variables and constant values in (16) are established based
on this objective function.
To this aim and to address the issue of getting trapped in
local minima and generating smooth paths, we have utilized
several techniques. Firstly, it is considered specific values for
ricq1 and roco that may exceed the commonly used range to
speed up the convergence of PSO. This approach allows us to
explore the impact of these coefficients on the optimization
process and the generated path.
Additionally, we have utilized the velocity direction of repul-
sive and attractive forces calculated in the potential field to
guide the particles toward the global minimum. By consid-
ering the direction of these forces, we can push the parti-
cles away from local minima and towards the desired goal.
Furthermore, we have incorporated a negative feedback of
angular velocity in the particle velocity to generate a smoother
path.
To further enhance the smoothness of the generated path
and ensure that the robot stays within the maximum allowed
velocity, we have included the term (9 — w)? in the potential
field cost function. This term penalizes deviations from the
desired angular velocity, encouraging the robot to maintain a
consistent velocity throughout the navigation process.
By combining these techniques, we have effectively ad-
dressed the challenges of local minima and generated smooth,
consistent paths for the robot to navigate in dynamic environ-
ments.
The equation (20) is derived from the concept that the veloc-
ity difference can be obtained from the difference in force,
which is in turn derived from kinetic energy, expressed as

dv

K, = %va, and the force, given by F,, = m*.

Accordingly, the parameters are defined as follows:

do
s

The equation (20) is derived from the concept that the veloc-
ity difference can be obtained from the difference in force,
which is in turn derived from kinetic energy, expressed as
K, = %mvg, and the force, given by F,, = m‘%’. Accord-
ingly, other parameters are updated based on the following

laws:

1 1 1
=y [ — — = ) - - step(do — dops) (21
an v (dobs dO) dohs ° ep( 0 b ) ( )

cara = kyy <1 + <ZG - 1> - step(dg — QG)>

G
2
1 1
ke [ — — — 2
p(dobs dO) ( )

where step(.) is step function, defined as follows:

1 x>0
step(x):{ 0 i Z0 (23)

2) Methodology

The problem definition and methodology are illustrated in the
accompanying flowchart (Figure 2). This flowchart provides
a detailed, step-by-step depiction of the proposed hybrid
approach, showcasing the integration of the IPF method and
PSO. Additionally, it highlights how kinematic constraints are
incorporated throughout the process, ensuring a comprehen-
sive understanding of the approach’s structure and function-
ality.

start

»

}

Input data and sensory information ‘

4

‘ Attractive Potential Calculation for each particle

|

‘ Obstacle distance Computation for each particle ‘

}

‘ Repulsive Potential Calculation for each particle ‘

l

‘ Angular velocity calculation for each particle ‘

l

‘ Update particles velocity and position ‘

|

‘ Update Evolutionary factors ‘

}

‘ Calculate best global Particle position |

|

e T

No

FIGURE 2: Flow chart of path planning method of PSO
integrated by PF
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By combining the strengths of the IPF method and the
smooth PSO algorithm (SPSO-IPF), while incorporating
kinematic constraints, the proposed approach aims to gen-
erate safe, smooth, and near-optimal paths for the robot in
dynamic environments, within the specified velocity con-
straints. The algorithm of the proposed SPSO-IPF is de-
scribed below:

Algorithm 1 Path Planning Method of proposed SPSO-IPF

1: Step 1: Initialization

2: Determine Lower bound L, and Upper bound U, of
particles’ positions, based on kinematic constraints

3: for each Particlei = 1,...,N, do
Calculate dj (see (10))

5:  Initialize the particles’ position g and uniformly in
the range of [Lj, Up|

6:  Initialize velocity uniformly V;(0), according to the
kinematic constraints

7: end for

8: Step 2: Repeat until the minimum objective value is
achieved

9: while true do

10:  Calculate c1rq, core, and w (see (21) to (22))

11:  Update the velocity and position of each particle (see
(16) and (17))

12:  Update g}, and ¢ (see (18) and (19))

13:  Update time epoch

14: end while

15: Step 3: Return the best-found solution at time epoch ¢

Ill. RESULTS

To assess the performance of our proposed method, SPSO-
IPF, we conducted a comparative analysis with three other
path planning strategies: Cubic Spline PSO [39], Bezier curve
PSO [19], and apfrPSO [9]. We chose to compare our ap-
proach with Cubic Spline PSO and Bezier curve PSO because
they are both smooth variants of the PSO algorithm, which
aligns with the goals of our SPSO-IPF method. Additionally,
we included apfrPSO, which combines PSO with a Potential
Field approach, to provide a fair comparison with similar
state-of-the-art techniques.

Table 1 summarizes the parameter settings used across the
various algorithms evaluated in our experiments, including
Cubic Spline PSO, Bezier Curve PSO, apfrPSO, and our
proposed method, SPSO-IPE.
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TABLE 1: Parameter settings for the evaluated algorithms.

Parameter Value
Max iterations 300
Population size 200

Initial Cognitive coefficient (c1) 2
Initial Social coefficient (c2) 1

Initial Inertia weight (w) 0.8
Damping factor of w 1
Resetting parameter 25

Attractive force coefficient (ko) 0.5
Repulsive force coefficient (k.p) 1

Repulsion radius 0.5
qG 0.5
de 0.01
n 2

The comparison was performed in four distinct static envi-
ronments to ensure a comprehensive evaluation. In this study,
four distinct environments are designed to rigorously evaluate
the performance of our algorithm in navigating complex ob-
stacle configurations. Each environment is constructed with
specific characteristics to challenge traditional PSO and po-
tential field methods. For instance, Environment 1 features
five obstacles of varying sizes, strategically placed to create
a mix of open and constrained spaces. The obstacles, with
radii ranging from 5 to 12 units, are positioned to test the
algorithm’s ability to navigate through tight spaces while
maintaining a clear path from the starting point at [5, 5] to
the goal at [95, 95].

In contrast, Environment 2 introduces additional complexity
with seven obstacles, including larger ones with radii up
to 15 units. This arrangement creates potential bottlenecks,
particularly near the goal, challenging the algorithm to find
efficient paths while avoiding collisions.

Environment 3 is the most complex, featuring a total of 13
obstacles that vary in size and placement, designed to create a
highly cluttered space. This requires the algorithm to demon-
strate its capability to navigate through densely populated
areas effectively.

Finally, Environment 4, while similar to Environment 1 in
terms of the number of obstacles, presents different place-
ments and sizes to further evaluate how well the algorithm
adapts to varying configurations. By designing these environ-
ments with diverse obstacle characteristics, we aimed to cre-
ate scenarios that push the limits of conventional navigation
algorithms, allowing for a comprehensive assessment of our
proposed method’s effectiveness in overcoming challenges
associated with local minima and collision avoidance.

The best path generation of these methods, has been achieved
by 10 runs with three iterations is illustrated in Figures 3 to
6 for the different environmental examples. The results of
this comparison are summarized in Table 2, highlighting the
performance differences among these methods.

To provide a comprehensive evaluation of the algorithms’
performance, we conducted multiple execution runs to ac-
count for the stochastic nature of the methods. Initially, we
reported the averaged results from three iteration runs for each
algorithm.
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However, our experiments involved at least ten executions
for each algorithm, with each execution consisting of three
iterations. This approach enables us to capture a more ac-
curate representation of the performance variability across
different runs. To enhance the clarity and robustness of our
results, we have included the mean and standard deviation of
key parameters such as path length, time, and speed peaks
per meter (SP) as a measure of smoothness criterion [43], for
these ten executions in 2.

The T-test statistical analysis of the smoothness of paths
generated by the algorithms, presented in 2 shows that our
proposed algorithm performs significantly better than the
Bezier Curve PSO and APFR-PSO algorithms, with p-values
of 0.027531568 and 0.019730091, respectively. This sug-
gests that our algorithm may achieve superior smoothness
or efficiency in certain scenarios. Conversely, the lack of
significance when compared to the Cubic Spline PSO algo-
rithm (p-value of 0.345805076) indicates that our proposed
algorithm and the Cubic Spline PSO algorithm have simi-
lar smoothness performance characteristics. This similarity
could be attributed to the specific environmental conditions
under which the algorithms are evaluated. For instance, in
environments with fewer obstacles, both algorithms may
perform similarly well.

As shown in Table 2, SPSO-IPF effectively balances shorter
path lengths with collision avoidance, while also providing
reasonable execution times and competitive smooth path.
This positions SPSO-IPF as a compelling option for path
planning in autonomous systems when compared to the other
methods assessed in this study.Figures 3 to 6 depict the four
unique environmental scenarios discussed in the comparative
analysis shown in Table 2.

A significant observation is that the SPSO-IPF method effec-
tively balances path length, safety, and smoothness.

A summary of the metrics comparing these methods, pro-
vided in Table 2, highlights the superiority of the SPSO-IPF
method in more complex environments, particularly regard-
ing the generation of safe and shortest paths. As shown in Ta-
ble 2, among the methods that produce collision-free paths in
environments 1 to 4, the SPSO-IPF method averagely yields
the shortest paths, with no collisions occurring during ten test
runs for each environment across three iterations.Although
the Bezier Curve PSO method produced a slightly shorter
average path in Environment 2, its higher standard deviation
indicates less reliability compared to the paths generated by
SPSO-IPE. Importantly, all methods were tested under the
same conditions to ensure a fair evaluation.

In contrast, both the Cubic Spline PSO method failed to
generate collision-free paths in Environment 2, and apfrPSO
also encountered difficulties in Environment 3. All processes
for the Cubic Spline PSO, Bezier Curve PSO, apfrPSO,
and SPSO-IPF were conducted using 200 particles, with the
time cost calculated for a single iteration for each method
throughout one epoch. Notably, Cubic Spline PSO exhibited
the lowest time cost, making it the fastest approach, while
the proposed SPSO-IPF method ranked third in terms of time

10

cost, demonstrating moderate efficiency.

Figures 7 and 8 illustrate the path generation performance
of the SPSO-IPF method in dynamic environment. In real-
time applications, where only one run per epoch is typically
considered, the focus is primarily on the collision avoidance
criterion. Consequently, the criteria for smoothness and path
length optimization may not significantly influence the gen-
erated trajectory. This underscores the method’s effectiveness
in ensuring safety by prioritizing obstacle avoidance, even if
it compromises the smoothness and optimality of the path
length.

FIGURE 7: Performance of the SPSO-IPF algorithm in a
dynamic environment. The moving obstacle is shown by a
green circle, the path previously traversed by the obstacle is
depicted by a light green tube, the generated path is shown by
ared line, and the star represents the target position.

Figure 9 illustrates how the proposed method can outperform
non-smooth PSOPF [42], both in terms of path length and
generating a smooth path within a complex environment.The
mean and standard deviation on the number of speed peaks
indicates that the proposed SPSO-IPF with 0.9 £ 0.4 outper-
forms non smooth PSO with 1.16 £ 0.6.

However, it is essential to recognize that the computational
cost of the proposed method may increase with the complex-
ity of the environment, which poses a practical concern. As
mentioned earlier, finite-time convergence guarantees that
the algorithm will find a path within a bounded number
of iterations or a specified time limit [41]. While this is a
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TABLE 2: Performance Metrics of Different Methods Across Environments

Method and Metrics Envi Env2

Length Collision  Time(s) SP Length Collision  Time(s) SP
Cubic Spline PSO [39] 130.9 £+ 1.062 No 0.30 1.167 £0.11 183.93 + 27.11 Yes 0.31 1.125 £+ 0.0625
Bezier Curve PSO [19]* 133.25 +1.78 No 0.33 0.875 + 0.05 169.89 + 7.2 No 0.36 0.857 + 0.346
apfrPSO [9] * 132.24 + 8.2 No 0.27 1.083 £ 0.062 176.03 +6.14 No 0.31 1.303 £ 0.157
SPSO-IPF 129.96 + 1.04 No 0.31 0.93 £0.187 169.95 + 6.089 No 0.39 14+0.25
Method and Metrics Env3 Envd

Length Collision  Time(s) SP Length Collision  Time(s) SP
Cubic Spline PSO [39] 185.84 + 10.28 No 0.38 1.05 +0.04 146.62 +£1.73 No 0.36 1.12 +0.368
Bezier Curve PSO [19]* 169.85 + 1.7 No 0.49 1.25 4+ 0.231 145.46 4+ 4.68 No 0.41 1.125 £0.347
apfrPSO [9] * 159.33 £ 11.2 Yes 0.47 1.267 £ 0.187 146.19 £+ 0.96 No 0.34 1.2£0.08
SPSO-IPF 162.73 £ 6.75 No 0.43 0.875 + 0.0625 142.31 + 2.05 No 0.33 1.1+ 0.06

* indicates SP metric t-test statistical significance at P < 0.05.

desirable property, the computational cost associated with
achieving finite-time convergence in complex environments
should be carefully considered. Investigating techniques to
maintain finite-time convergence while reducing computa-
tional overhead could be an area for future research.
Furthermore, in dynamic environments with high velocities,
the time cost of execution becomes critical. If the vector sum
of the velocities of both the robot and the nearest obstacle
exceeds the path planning speed, the effectiveness of the path
planning may be compromised. This situation could lead
to potential failures in collision avoidance, especially if the
controller and actuator speeds are not sufficiently responsive.
Addressing this challenge requires a holistic approach that
considers the interplay between path planning, control, and
actuation in high-speed dynamic environments.
Furthermore, regarding the issue of locating the target or start
position within a non-convex obstacle, Figure 8, which illus-
trates step-by-step path planning in a dynamic environment,
shows that in step 7, the obstacle collides with the target,
and the target position is located at the same position as the
obstacle. In this situation, collision avoidance becomes the
most critical criterion, and the path planning process remains
in the loop. If this condition persists, the algorithm may fail
to find a feasible path. However, when generating paths in
static environments (Figure 9), we observed that if the process
is offline or in a static environment, the start position can
be located within a non-convex obstacle, and the algorithm
is still capable of generating a safe path. This demonstrates
that the proposed method can handle such scenarios in static
environments.

Additionally, while considering the kinematics of the problem
is crucial, the role of the controller for autonomous vehicles or
mobile robots should not be overlooked. In scenarios where
obstacles are in close proximity, tracking control errors may
lead to collisions.

Future research should prioritize the investigation of tracking
controller designs and their effects on the path planning of
mobile robots, as well as the evaluation of their performance
across diverse scenarios. This exploration has the potential
to yield valuable insights into enhancing the robustness and
safety of autonomous navigation systems. Furthermore, the
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emphasis on evaluating all methods under consistent con-
ditions strengthens the validity and reliability of the perfor-
mance metrics presented.

In addition, in multi-robot systems or decentralized path
planning, robots need to communicate their positions and
planned paths to coordinate and avoid collisions. Using dis-
crete communication [40], where information is exchanged
at specific time intervals rather than continuously, can help
reduce communication overhead and complexity.

Figures 10 and 11 showcase additional screenshots of dy-
namic scenarios. In Figure 10, all obstacles are in motion,
creating a fully dynamic environment. Conversely, Figure 11
highlights one dynamic obstacle marked in blue, while the
remaining obstacles are static. Figure 12 presents a scenario
akin to that in Figure 11 but includes a comparative analysis of
different methods’ performances in complex environments.
As illustrated in Figure 12, the Cubic Spline PSO method
collides with an obstacle, whereas both the Bezier Curve PSO
and apfrPSO methods produce paths that are nearly identical
and dangerously close to the obstacles, posing a high risk
of collision. In contrast, the SPSO-IPF method generates a
longer yet significantly safer path, demonstrating its effec-
tiveness in navigating complex scenarios.

IV. CONCLUSION

This paper presents an innovative approach known as path-
smoothed PSO-IPF, which not only incorporates kinematic
constraints but also enhances collision avoidance criteria
within the potential field objective function. It underscores the
significance of considering various factors, such as obstacle
avoidance, robot speed, and environmental dynamics, when
formulating optimal path-planning strategies. While the criti-
cality of path smoothness is emphasized, particularly in static
environments, the study acknowledges its potential decline in
importance in dynamic settings near the target.

Nonetheless, the proposed technique demonstrates promising
outcomes by generating secure, concise, and notably smooth
paths in both static and dynamic scenarios. Furthermore,
this exploration provides valuable insights into the develop-
ment of effective navigation systems for autonomous robots.
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FIGURE 8: Performance of the SPSO-IPF algorithm in a
dynamic environment. The moving obstacle are shown by
black circles, the generated path is shown by a blue line, and
the red square exhibits the robot position and the green square
represents the target position.

By prioritizing problem constraints and adopting a hybrid
approach that combines reactive and classical techniques,
it offers a robust framework for creating effective path-
planning solutions. This approach addresses the multifaceted
challenges of navigation, paving the way for enhancing the
autonomy and adaptability of robotic systems in diverse real-
world environments.

In conclusion, the findings of this study have significant
practical implications for the implementation of autonomous
navigation systems. By integrating advanced methodologies
such as Particle Swarm Optimization (PSO) and refining

12
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FIGURE 9: Path planning comparison between two methods:
(a) non-smooth PSO-PF [42] and (b) the proposed SPSO-IPF.
The obstacles are static.
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FIGURE 10: Screenshots of the third Dynamic Environment
Scenario- The red Square is robot position, and the green
Square indicates target
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FIGURE 11: Screenshots of the fourth Dynamic and static
Environment Scenario- The blue obstacle moves up and
down- The red Square is robot position, and the green Square
indicates target

potential field techniques while considering kinematic con-
straints, this research sets the stage for developing robust and
adaptable robotic platforms capable of navigating complex
environments with precision and efficiency.

However, it is crucial to recognize that the computational cost
of the proposed method may increase with the complexity
of the environment, which poses a practical concern. Finite-
time convergence ensures that the algorithm will find a path
within a bounded number of iterations or a specified time
limit. While this property is desirable, the computational
cost associated with achieving finite-time convergence in
complex environments should be carefully considered. Future
research should investigate techniques to maintain finite-time
convergence while reducing computational overhead.
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