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a b s t r a c t

This paper presents a new quantum-behaved particle swarm optimization (QPSO) algorithm for the
trajectory planning task of mobile robotic vehicles in static and dynamic environments—it is called
enhanced diversity particle swarm optimization (EDPSO). The main characteristic of this algorithm
is that it has peaks of diversity in its population, making it possible to escape from local minima
effectively, avoiding stagnation. Through the proposed PSO, it is possible to obtain safe and efficient
routes, avoiding energy waste and maintaining system integrity in several possible applications. The
parameters of the proposed algorithm were tuned using the benchmarking functions. The same
functions were used to compare the algorithm with those already established in the literature.
Once the proposed algorithm showed promising results, it was simulated in four environments,
each with different complexities, presenting dangerous regions and terrains unsuitable for robot
navigation, and a large number of obstacles or even moving objects. Further, the algorithms used for
comparison were also simulated and the EDPSO presented satisfactory results. Through simulations it
was possible to notice that the proposed approach resulted in collision-free and planned routes, and
the algorithm presented increased exploration features owing to the diversity peaks that occur during
the optimization.

© 2021 Elsevier B.V. All rights reserved.
1. Introduction

Autonomous mobile robots have a great variety of applications
n several areas of study; such as cinematography, monitoring,
esearch, sports, and agriculture. Technological advances have
nabled the acquisition of faster and cheaper microcontrollers,
llowing the development of more complex algorithms for the
ontrol of robotic vehicle movements, in addition to allowing
hese vehicles to become autonomous [1].

The first autonomous vehicles were completely reactive; that
s, their behaviors depended entirely on the sensor response to
chieve their objectives and avoid obstacles. However, for today’s
esired complex applications with autonomous decision-making,
fully reactive architecture is inadequate. The microprocessor

hat controls the vehicle must be able to ’’look ahead’’ and man-
ge to plan a trajectory even before the robotic vehicle starts
oving. This planned trajectory should consider the current state
f the vehicle and the navigation environment, leaving the sen-
ors responsible for detecting any change that might modify the
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568-4946/© 2021 Elsevier B.V. All rights reserved.
initial planning. Thus, besides having a reactive component, the
robot must have a deliberative component to carry out prior
trajectory planning, in addition to making decisions about when
the initial plans should be changed or not, resulting in a hybrid
architecture [2].

The navigation environment can be classified into two groups:
static and dynamic. Static environments are those where no
change in the state of the environment is expected; that is, ob-
stacles, and the final position of a displacement remain immobile
during the journey. On the other hand, dynamic environments
are those in which there may be movement of obstacles or even
the arrival point of the path. Several studies have addressed both
types of environments for the development of fast and efficient
planners [3,4].

Before going any further, it is better to highlight the definition
of a better trajectory, which can be mistaken as the shortest
path between two points; however, a slightly deeper analysis
reveals some other parameters that should be taken into con-
sideration. In addition to minimizing the distance traveled, the
terrain to be used in the trajectory should be analyzed, avoiding
unnecessary wear and tear of the vehicle as well as minimizing
energy consumption. In some applications, an altitude restriction
can be made in the case of unmanned aerial vehicles (UAVs) or
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epth restrictions for autonomous underwater vehicles. In some
ases, certain areas are considered very dangerous for the vehicle
nd should be avoided as much as possible. Thus, depending on
he case, the definition of the best trajectory should be adapted
ccording to convenience [5].
It is worth noting that there is a differentiation in the literature

etween the terms trajectory planning and movement planning.
s observed by LaValle [6], movement planning focuses on the
ranslation and rotation movements necessary to follow a path.
rajectory planning, in turn, determines a path to be navigated
y a vehicle, respecting its movement restrictions. This study fits
aValle’s definition for trajectory planning.
Some considerations must be made to simplify the task of the

lanner to be developed. The vehicle in which this planner is
pplied is a UAV for filmography purposes. First, sudden changes
n direction will be avoided, as applications for large spaces are
ought and, in this way, faster navigation with better fluidity in
he movement of the vehicle is possible—avoiding unnecessary
nergy consumption with brakes and accelerations [7]. The mo-
ile robot to be worked on is considered slow, as it will not be
ecessary for a high speed of translation between two points.
n addition, it is considered that the vehicle should maintain a
onstant altitude, so the planning of trajectories can be performed
n two dimensions, resulting in a planner whose application can
e extended to autonomous vehicles on land and underwater.
According to Richter et al. [8], in order to result in better

rajectories, each route must be planned in two stages: the first
ne is the planning of a viable path between two points, while
he second part consists of the refinement of the result obtained
n the first stage—in which the trajectory can be shortened and
moothed for a better performance of the mobile robot during
avigation.
To address this challenge, computational intelligence tech-

iques have been studied with promising results in different
nvironments [9]. These algorithms present valuable features,
uch as high performance, universality, and simplicity. In addi-
ion, computational intelligence implementation for path plan-
ing has been shown to promote the decentralization of activities
nvolving autonomous mobile robots [10]. Artificial intelligence
echniques have some drawbacks for over-simplifying the envi-
onments; for example, obstacles and robotic vehicles are usually
reated as geometric shapes, and constraints are normally incor-
orated into the problem by penalization into a single objective
unction, which might be harmful for the optimization because
his approach does not guarantee a feasible path [11]. Despite
hese disadvantages, these techniques have a large number of
pplications in the path planning field, and their results continue
o improve [12].

The results presented in this paper are a step forward in the
esearch by Fernandes et al. [13], which addresses a deliberative
rajectory planner based on artificial intelligence for complex
tatic and dynamic open environments. The algorithm presented
s based on particle swarm optimization (PSO), which consists of
population-based evolutionary intelligence technique.
The entire planning process can be summarized in three stages:

he treatment of the navigation environment, in which the map
f the robot’s movement location is modeled, the planning of a
alid trajectory between the starting and finishing points of the
esired movement, and the post-processing of the determined
ath, making the vehicle navigate through a smooth, safe, and as
hort as possible route—respecting the restrictions inherent to the
obile robot. This last stage will not be addressed in this paper.
Here are the main advantages of the proposed algorithm:

• Simple and understandable definition of the navigation en-

vironment.

2

• Adaptability to slight changes in environmental characteris-
tics.
• Optimal solution guarantee.
• Possibility of application for land, air and water vehicles.
• Safe trajectory planning, free from collision.

This paper is organized as follows: Section 2 presents an
overview of the subject, surveying recent research in the area of
trajectory planning; Section 3 addresses the theory behind the
PSO algorithms; Section 4 presents some basic concepts about
trajectory optimization starting from the treatment of the map
of the navigation environment, to the handling of the constraints
for the task; in Section 5, the algorithm proposed in this paper is
presented; in Section 6, the results of simulations using the pro-
posed algorithm in various types of environments are presented
and compared to the performance of other algorithms already
well established in the path planning optimization task; finally,
in Section 7, the results are discussed and indications of possible
future research are presented.

2. Literature review

Trajectory planning for robotic vehicles or handlers is a very
wide field of research, allowing several approaches to address
various aspects of this problem. The first techniques to present
good results in various applications are sample-based algorithms.
There are several algorithms, such as artificial potential fields [14]
and visibility graphs [15]. The two mentioned algorithms must
present a good representation of the space, usually done through
occupation grids [6], which consists of dividing the space into
small squares, called cells, allowing the analysis of the passage
of the vehicle from one cell to another adjacent until the desired
path is created. There are several studies on the treatment of
these cells and the cost contained in the passage from one to
another [16].

Within sample-based algorithms, there is a large group of
probabilistic algorithms, developed mainly during the 1980s,
which have the advantage of lower computational cost com-
pared to deterministic algorithms such as those previously men-
tioned [17]. The central idea of these algorithms is to create
several random routes, checking the final cost of choosing the
most feasible one. One disadvantage of this approach is that
normally the route created is larger than necessary and may
present several loops in the same area, and a post-processing
stage is usually necessary to improve the resulting trajectory [18].
Among these, probabilistic roadmaps (PRMs) [19] and the rapidly
exploring random trees (RRT) [7] are still widely applied.

With the development of more complex programming lan-
guages, as well as the acquisition of increasingly powerful micro-
controllers, computational intelligence algorithms have begun to
gain space in the field of trajectory planning. These algorithms
are largely implemented for optimization tasks in many areas
such as scheduling problems. Many studies approach algorithms
for workflow applications in cloud environments, such as the
gray wolf optimizer [20], cuckoo search (CS) [21], particle swarm
optimization based algorithms [22], among others, have achieved
promising results. There are also applications of meta-heuristic
algorithms in power flow for smart grid configurations [23], en-
ergy generation [24], and structure analysis of building [25]. To
solve path planning problems, numerous studies have applied ge-
netic algorithms (GA), fuzzy logic, ant colony optimization (ACO),
and many other nature-inspired algorithms.

Santana et al. [26] developed a trajectory planner for a multi-
robotic system based on GAs through an approach that combines
solutions for team orienteering and multiple backpack problems.
Some studies reveal that the GA presents some limitations in its

application to path planning—such as a lack of guarantee to obtain
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ptimal solutions, difficulty in tuning parameters such as muta-
ion rate and population size, and low speed of convergence [1].
o mitigate these disadvantages, Li et al. [27] presented a strategy
o speed up the convergence of a GA without reducing the opti-
ization quality. Another modified GA was presented by Jianjun
t al. [28], in which the chromosomes size is adaptable, resulting
n a lower processing cost. Patle et al. [29] proposed a GA in
hich the chromosomes are represented by binary matrices for
ovement with a dynamic point of arrival. Shivgan and Dong [30]
odeled the path planning task as a traveling salesmen problem

o apply a GA for energy consumption purposes, achieving up to
0% of economy.
Trajectory planning strategies with the application of fuzzy

ogic have also been successful, similar to the navigation of hu-
anoid robots [31] and underwater vehicles [32]. Neural net-
orks (NNs) also find room for application in this field of study

or planning in several environments [33]; but in most applica-
ions, NNs are applied jointly with another algorithm for better
fficiency [34].
There are many other examples of computational intelligence

echniques used for trajectory planning, such as ant colony op-
imization (ACO) [35], artificial bee colony (ABC) [36], cuckoo
earch (CS) [37], and the firefly algorithm (FA) [38]. In [4], an ACO
lgorithm based on the age of the ants was presented to solve the
ath planning in static and dynamic environments. An ABC global
ath planner was used in [39] to provide offline information
bout the points of interest in a dynamic environment. These
oints will then help another path planner based on Dijkstra’s al-
orithm, which will act online by choosing the best way. Sharma
t al. [40] proposed a modified CS algorithm using a tournament
or path planning, replacing the concept of random selection.
o validate the achieved routes, the length of the path and the
stimated time were used as tuning parameters. Li et al. [41]
resented an FA with an adjustable population size proportional
o the number of obstacles in an environment. They proposed
wo nonlinear functions to determine the number of fireflies in
ach iteration. These functions indicate how many fireflies must
e added or deleted in order to obtain a better evolution of swarm
itness.

In a recent paper, Fan and Akhter [42] presented a PSO for
AV trajectory planning using a time-varying inertia weight ap-
roach, obtaining good results. Song et al. [43] developed a new
trategy to plan a smooth path for mobile robots through an
mproved PSO algorithm in combination with a continuous high-
egree Bezier curve. There are also studies applying PSO al-
orithms along with other artificial intelligence approaches, as
n the work by Liu et al. [44], who designed a particle swarm
ptimization-trained fuzzy neural network algorithm to solve the
ath planning problem.
The algorithm proposed in this paper addresses static and

ynamic scenarios by considering the environment in two di-
ensions. The QPSO algorithm was chosen for trajectory planning
ecause many studies have shown that it is possible to overcome
ts convergence disadvantages by making additions and adapta-
ions, such as changing the evaluation function [45] or updating
articles by means of classification [46]. All of the aforementioned
tudies are specific for path planning. The proposed algorithm
hanges the update process of QPSO by using alternative equa-
ions, and will have its results side by side with those of other
onsolidated algorithms based on artificial intelligence to verify
ts efficiency.

. Particle swarm optimization algorithms

.1. Particles Swarm Optimization (PSO)

The particle swarm optimization (PSO) algorithm is a meta-
euristic based on the social behavior of birds within a flock. This
3

algorithm was proposed in 1995 by Kennedy and Eberhart [47]
and quickly became a powerful tool in several optimization tasks.

PSO is based on the creation of an initial random swarm of
particles, each containing a solution for the desired optimization
task. Each solution contains a fitness value—that is, a value added
to the efficiency of the solution—and the algorithm causes the
particles with the worst fitness values to be attracted to those
with the best ones. In order to avoid premature convergence, all
particles contain memory of the best fitness value they have ever
achieved, and this information is also used to update the position
of particles in the search for a better overall solution.

For the trajectory planning task, each particle has a position
vector x = (x1 x2 · · · xn) in the configuration space, where xi
represents points in the navigation space to be interpolated to
form a valid route. For each dimension used in the configuration
space, a new position vector must be contained in the particle. In
short, there is a position matrix P = [x y z] contained in each
particle. In addition, the particles have a velocity matrix V =[
vx vy vz

]
, which indicates the changing rate of the particle’s

position in each iteration. When two-dimensional configuration
spaces are used then z = vz = 0.

Consider a swarm of N particles with D points to be inter-
polated in the configuration space; then, the updating of the
positions and speeds contained in the particles follows

xi,d(k+ 1) = xi,d(k)+ vi,d(k) (1)

and

vi,d(k+1) = ωvi,d(k)+c1r1(pbesti−xi,d(k))+c2r2(gbest−xi,d(k)) (2)

here i (1 < i < N) and d (1 < d < D) denote the particle and the
point updated during iteration k, respectively. The best solution of
a certain particle i is represented by pbesti, and the best solution
found among all the particles is called gbest . The parameter ω is
called the inertia weight, c1 and c2 are positive constants, and r1
and r2 are random numbers with a uniform distribution between
0 and 1.

3.2. Quantum-behaved Particle Swarm Optimization (QPSO)

The PSO ruled by Eqs. (1) and (2), despite showing good
results, often has problems of stagnation at points that may
not even be locally optimal [48]. Several studies have addressed
techniques in an attempt to improve this problem. According
to Clerc and Kennedy [49], convergence in local optima can be
guaranteed if all particles are attracted to point p given by

pi,d(k) = ϕpbesti + (1− ϕ)gbest (3)

where pi,d =
(
pi,1 pi,2 · · · pi,D

)
is known as the local attractor

of particle i and the constant ϕ is calculated by

ϕ =
c1r1

c1r1 + c2r2
(4)

From Eqs. (3) and (4), Sun et al. [50] developed an algorithm
named quantum-behaved particle swarm optimization (QPSO).
This algorithm modifies the position update equation of the par-
ticle, which is

xi,d(k+ 1) = pi,d(k)± L× ln
(

1
ui,d

)
(5)

where L is a control parameter for the maximum movement a
particle can make in an iteration, which must decrease in each
iteration—therefore the QPSO has a good performance. To obtain
this characteristic, L is given by:

L = α |x(k)−mbest(k)| (6)
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here α is

α = α1 +
(T − k)× (α0 − α1)

T
(7)

The parameter α should decrease from an initial value α0 to
final value α1 over the total number of iterations T of the

lgorithm. In turn, mbest is the average of all the best N particle
itness values of the swarm and it is calculated by

best(k) =
1
N

N∑
i=1

pbesti (8)

As can be observed from Eq. (5), there is no speed update step
in the QPSO algorithm because this parameter is controlled by L.
hus, in addition to ensuring convergence, this algorithm also has
ower computing costs than the standard PSO, which justifies its
opularity in several applications [51]. The QPSO pseudocode is
hown in Algorithm 1, and the flowchart is presented in Fig. 1.
The QPSO computational complexity can be given by the time

eeded to create or update the population (Tp) to evaluate the
itness of each particle (Tf ) and the number of iterations (Nit ).
Thus, the computational cost of the QPSO algorithm is given by:

Cc = Tp × Tf × Nit . (9)

Algorithm 1 QPSO pseudocode.

1: Procedure QPSO
2: Initialization: n ← swarm population ; t ← number of

iterations
3: Initialize the swarm with random solutions
4: for i = 1 to t do
5: for j = 1 to n do
6: Calculate pj,d by Equation (3)
7: Calculate pbestj
8: if pbestj < gbest then
9: gbest = pbesti
0: Calculate mbest by Equation (8)
1: Update xi,d by Equation (5)
2: end Procedure

4. Optimization approach for trajectory planning

4.1. Configuration space

The configuration space is a representation of the environment
o be navigated, the mobile vehicle, and the obstacles in an n-
imensional space, with the objective of allowing the creation of
formulation that is convenient and appropriate for the current
roblem. In general, for mobile vehicles, the proper manipulation
f the configuration space allows the transformation of the mo-
ile robot movement problem into a trajectory planning one for
point that represents the vehicle [52].
In this study, to reduce the complexity of the problem, the

ehicle will be treated as a disk-shaped object, so that the config-
ration space can be a bi-dimensional version of the map of the
nvironment to be navigated, and the vehicle is only one point
n this map—following the algorithms described by Latombe [52]
nd LaValle [6].
Because a metaheuristic is applied, it is necessary to deter-

ine the number of points that will be interpolated between the
eginning and the end of the movement to generate the path.
t is common for this number to be determined empirically, or
hrough the creation of equations [53]. However, in practical ap-
lications, a straight line can be the best path in many situations;
hus, there is no need for points to be interpolated as it would
ake the optimization itself unnecessary [13].
4

Fig. 1. Flowchart of QPSO algorithm.

To obtain a satisfactory definition of this number of points,
Fernandes et al. [13] presented a simple and efficient algorithm
in which was stated that the number of points needed for a good
optimization is equal to the number of obstacles crossed by a
straight line between the starting point and the arrival point of
the movement. All of this except when there are fewer than three
obstacles crossed by the straight line—in which case n is equal to
the number of obstacles plus one. If no obstacles cross the straight
line, then it itself is the best path—and no optimization should be
performed.

4.2. Cost function

As mentioned in Section 1 of this paper, trajectory optimiza-
tion is not necessarily a task of looking for the shortest path
between two points, although the extent of the route is always
taken into consideration. It is also important to analyze other
parameters depending on the application of the task. The energy
consumption to cross an area, the terrain conditions in a certain
region, or the safety and integrity of the vehicle can enter the
analysis during the planning of a route.

In this work, three parameters are used for the cost function:
the length of the route created, the terrain crossed, and the
avoidance of obstacles, according to the following equation:

C = κCl + πCt + ηCc; (10)

here Cl is the cost of the trajectory length, Ct is the cost for the
rossed terrain, and C is the cost of collisions with obstacles in
c
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he environment. The terms κ , π and η are parameters chosen by
he programmer for the costs related to trajectory extent, terrain,
nd collision, respectively.
In the case of the parameter κ , its goal is simply to provide

eight to the cost of trajectory extent in relation to the other
arameters, so that the distance of the trajectory may have less or
ore importance on certain occasions. In this study, the value of
is one. In turn, π aims to evaluate and penalize a certain terrain;

therefore, for a totally flat and intact terrain, π = 1; for a terrain
considered unsuitable for the traffic of the vehicle, π should have
a relatively high value. The constant η can also be considered a
weight that should be high as avoiding collisions is one of the
main objectives for trajectory planning. However, it should be
observed that if this parameter has an extremely high value, the
optimization task can be impaired because the algorithm would
learn very little from invalid solutions (with collisions) [54]. For
this research, we used η = 20, a value found by trials and errors
that is high enough to avoid collisions without preventing the
algorithm from finding invalid solutions during some iterations.

It is worth noting that the term Cl is simply the extent of the
trajectory, while Ct and Cc correspond to the extent of trajec-
tory that passes through a certain terrain and through obstacles,
respectively. As the environment has various types of possible
terrains, Ct is the result of the sum of the trajectory extent
through each terrain multiplied by its penalty factor.

4.3. Constraint handling

In the trajectory optimization task, constraints are represented
by collisions because a route that passes through an obstacle is
considered invalid. A simple way to treat restrictions would be
to use the technique called Death Penalty [54], which basically
consists of assigning an extremely high value to η, such as one
million. In this way, the algorithm avoids any collisions. However,
as already mentioned, such a strategy prevents the algorithm
from exploring some spaces in the search scope of the task,
avoiding the exploration of regions that might have minimum
solutions.

In this study, the technique chosen for use was stochastic
ranking [55]. Using this technique, there will be a probability Pr
on each iteration that, rather than C being used as a cost function,
only the value of Cc is considered. The value of Pr should decrease
with each iteration t , because the more advanced the algorithm
is, the less relevance is presented in the information of invalid
cases. The updating of the value of Pr is given by

Pr = 1−
t
T

(11)

where T is the total number of iterations.

5. The proposed PSO algorithm

In the algorithm proposed in this paper, the position update of
a particle is performed through Equation (5), in a similar way to
QPSO. The approach, however, proposes the use of the concept of
a particle neighborhood for the calculation of the average for the
best individual fitness (mbest). In Eq. (8), it is verified that mbest
is updated at each iteration; however, the value is the same for
all particles.

To obtain a swarm with greater diversity, enhancing its ability
to explore, and even exploit the search region, it is proposed that
each particle i has a different mbest—defined as the average of
the best fitness value among the particle i and its n neighbors.
From this point on, this parameter is called nbesti to avoid any
misunderstanding. The formula for nbesti in use is

nbesti(k) =
1

n+ 1

(
pbesti +

n∑
pbestc

)
(12)
c=1

5

where c is the index of the neighboring particle relative to particle
i. As stated in Fernandes et al. [13], such a change will not affect
the QPSO convergence guarantee if an adequate value of α is used.
Several papers have approached the idea of a neighborhood and
presented several configurations for its application [56]. In this
study, a cyclic configuration was used.

Another characteristic of the proposed algorithm is that Eq. (5)
is used at each iteration in which there is an improvement in the
optimization. At other times, another PSO algorithm configuration
will run and update the position of the particles using

xi,d(k+ 1) = xi,d(k)− pbesti + gbest + ρi(k)rj (13)

here rj is defined as a uniform random function ranging from
1 to 1 in every iteration and ρi(k) is a scaling factor defined as

ρi(0) = 1

i(k+ 1) =
{
φ, if f > ft
ξ, otherwise

(14)

Eq. (14) creates a mechanism for adjusting the search space
ccording to the performance of each particle. The term f is the
umber of consecutive times in which there is no improvement
n the fitness value of a particle. If the value of f is greater than
he threshold ft , then the parameter ρ has its value reduced to
estrict the exploration scope of the particle—hence, φ < 1. On
he other hand, when this threshold is not reached, it is desirable
hat the search space be expanded—that is, ξ > 1. This part of the
lgorithm is based on the guaranteed convergence particle swarm
ptimization (GCPSO) [57], which tends to converge rapidly to
he local optimum. The proposal of merging this algorithm with
he modified QPSO algorithm aims to enhance the advantages of
CPSO in the final stages of optimization, in which its high power
f convergence is harnessed at a local level. The modified QPSO
lgorithm is activated more frequently during the first iterations,
here the diversity of the proposed algorithm aims to increase
he exploration of the search scope.

Finally, the algorithm causes a renewal of the swarm when-
ver the optimization stagnates a number of iterations in a row.
his renewal consists of inserting random solutions in all the par-
icles, but without changing the values of pbest of each particle—
s well as the gbest of the swarm. This type of tool in the
lgorithm causes what is known as a swarm explosion; which
s responsible for increasing the diversity among the particles
hen activated. For nomenclature purposes, in this study, the
roposed algorithm is called enhanced diversity particle swarm
ptimization (EDPSO). Algorithm 2 shows the EDPSO pseudocode,
nd Fig. 2 presents the flowchart for better comprehension.
As for the computational complexity of the EDPSO algorithm;

t is given by the time needed to create or update the population
Tp), to evaluate the fitness of each particle (Tf ), the number of
terations (Nit ), the time to update the parameter ρ (Tu), and the
time to analyze stagnation and reinitialize the swarm (Ts). This
way the computational cost of the EDPSO algorithm is given by

Cc = Tp × Tf × Tu × Ts × Nit . (15)

Comparing Equations (15) to (9), it is clear that EDPSO has a
computational cost larger than that of QPSO. The time Ts varies
depending on the need to reinitialize the swarm.

In terms of trajectory planning, this algorithm will result in
routes that can be improved through post-processing. This last
stage is necessary to reduce the final trajectory slightly, when
possible, by increasing the speed of movement and energy sav-
ings. This stage will not be detailed in this paper, but it consists of
verifying whether the path between each interpolated point can
be reduced without causing instability in the movement or sharp
curves.
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Fig. 2. Flowchart of EDPSO algorithm.
.1. Tuning EDPSO parameters

To tune all EDPSO parameters, 10 complex multimodel func-
ions were used from the CEC 2019 benchmarking suite [58]. The
enchmarking suite can verify the performance of an algorithm
ystematically using performance indicators. In particular, the
ndicator of the reciprocal Pareto sets proximity (rPSP) [59] will
e used as it provides information about the overlapping rates
etween the obtained PSs, and the true PSs. It also evaluates the
iversity and convergence of a given algorithm.
The parameters were set initially to φ = −2, ξ = 1, ft = 2

and ns = 6. Then these values were varied to obtain the best
value for each. First the values of φ was changed, then, when the
best performance was determined, ξ had its value modifies and
o on.
Tables 1–4 show the mean of rPSP obtained after 21 runs. In

able 1 it is possible to verify that tuning φ = −0.5 achieves
he best results in 9 of the cases, being MMF7 the only exception
6

for which φ = −0.2 was better. The parameter ξ obtained the
best rPSP values when it was equal to 2 in eight of the cases.
For the threshold ft , when it is tuned to ft = 6 it gets the better
results in six cases against four cases when its value is set to
8. Finally, the better number of iterations without improvement
before performing the renewal of the swarm is ns = 10 in eight
of the analyzed functions. This way, Tables 1–4 indicate that the
better values for the EDPSO algorithm are: φ = −0.5, ξ = 2,
ft = 6 and ns = 10. The complete CEC 2019 benchmarking suite
presents 22 functions and must be tested with 3 other indicators
besides the rPSP. We present only the rPSP for 10 functions in
this section for organization reasons and because all other tests
indicate the same conclusions.

6. Results

To test the algorithm proposed in Section 5, its performance
is compared with the AG, CS [37] PSO, QPSO, GCPSO, hybrid



P.B. Fernandes, R.C.L. Oliveira and J.V. Fonseca Neto Applied Soft Computing 116 (2022) 108108

T
M

1
E
t
e
A

1
1
1
1
1

1

2
2
2

able 1
ean rPSP values varying φ.

φ = −0.8 φ = −0.5 φ = −0.2 φ = 0.2 φ = 0.5 φ = 0.8

MMF1 0.1966 0.1557 0.1832 0.1779 0.1571 0,2330
MMF2 0.1239 0.1069 0.1299 0.1332 0.1567 0.1160
MMF3 0.1936 0.1421 0.1907 0.1667 0.1453 0.2184
MMF4 0.2933 0.2161 0.2595 0.2705 0.2351 0.2747
MMF5 0.1321 0.0703 0.0951 0.0738 0.1156 0.1137
MMF6 0.0568 0.0472 0.0667 0.0645 0.0774 0.0793
MMF7 0.0784 0.0529 0.0459 0.0627 0.0733 0.0591
MMF8 0.1576 0.1193 0.1414 0.1764 0.1576 0.1766
MMF9 0.0512 0.0371 0.0415 0.0331 0.0484 0.0431
MMF10 0.0144 0.0098 0.0131 0.0104 0.0138 0.0142

Table 2
Mean rPSP values varying ξ .

ξ = 1 ξ = 2 ξ = 3 ξ = 4 ξ = 5 ξ = 6

MMF1 0.1434 0.1489 0.1779 0.1873 0.2065 0.2259
MMF2 0.1155 0.0862 0.1396 0.1449 0.1428 0.1943
MMF3 0.1343 0.1296 0.1579 0.1708 0.1943 0.2802
MMF4 0.2305 0.1982 0.2589 0.2286 0.3367 0.4127
MMF5 0.0948 0.0682 0.1060 0.0953 0.1135 0.1349
MMF6 0.0544 0.0382 0.0498 0.0764 0.0661 0.0892
MMF7 0.0577 0.0502 0.0625 0.0570 0.0823 0.0985
MMF8 0.1739 0.1320 0.1502 0.1742 0.2387 0.2565
MMF9 0.0344 0.0341 0.0333 0.0433 0.0529 0.0654
MMF10 0.0135 0.0102 0.0133 0.0130 0.0141 0.0194

AG-PSO [5],GWO-PSO [60] CMOPSO [61], and EEPSO [13] algo-
rithms. All the cited meta-heuristics were compared using 10
complex multimodel functions from the CEC 2019 benchmarking
suite [58].

All the mentioned algorithms had an initial population of
00 particles and there were 100 generations for all simulations.
very parameter is consistent with the original literature, and
he algorithm’s fitness values are evaluated for each generation
very time a particle is updated—that is, 10,000 times per run.
ll algorithms were run 21 times.

Algorithm 2 EDPSO pseudocode.

1: Procedure EDPSO
2: Initialization: n ← swarm population ; t ← number of

iterations
3: Initialize f = 0, ρi = 0, ft and ns
4: Initialize the swarm with random solutions
5: for i = 1 to t do
6: for j = 1 to n do
7: Calculate pj,d by Equation (3)
8: Calculate pbestj
9: if pbestj < gbest then

10: gbest = pbestj
11: f = 0
12: else
13: f = f + 1
4: Calculate nbesti by Equation (12)
5: if f > ft then
6: ρj = −0.5
7: else
8: ρj = 2
9: Update xj,d by Equation (13)
0: if gbest is the same after ns iterations then
1: Reinitialize swarm with random solutions
2: end Procedure
7

Table 3
Mean rPSP values varying ft .

ft = 2 ft = 4 ft = 6 ft = 8 ft = 10 ft = 12

MMF1 0.2302 0.1459 0.1236 0.1134 0.1248 0.2014
MMF2 0.1605 0.1142 0.0847 0.0833 0.0886 0.1404
MMF3 0.2359 0.1537 0.1087 0.1190 0.1393 0.1851
MMF4 0.3029 0.2270 0.1544 0.1827 0.1898 0.2463
MMF5 0.1162 0.0910 0.0675 0.0747 0.0829 0.0990
MMF6 0.0796 0.0572 0.0410 0.0395 0.0415 0.0659
MMF7 0.0833 0.0532 0.0355 0.0401 0.0490 0.0649
MMF8 0.1919 0.1705 0.0992 0.1200 0.1290 0.1928
MMF9 0.0477 0.0360 0.0268 0.0255 0.0343 0.0373
MMF10 0.0161 0.0118 0.0082 0.0095 0.0096 0.0149

Table 4
Mean rPSP values varying ns .

ns = 6 ns = 8 ns = 10 ns = 12 ns = 14 ns = 16

MMF1 0.1212 0.0943 0.0922 0.1006 0.1355 0.1424
MMF2 0.0737 0.0759 0.0597 0.0709 0.0887 0.1001
MMF3 0.1179 0.0927 0.0852 0.0962 0.1290 0.1335
MMF4 0.1734 0.1458 0.1303 0.1365 0.1807 0.2094
MMF5 0.0689 0.0594 0.0522 0.0572 0.0748 0.0818
MMF6 0.0388 0.0318 0.0317 0.0346 0.0419 0.0529
MMF7 0.0393 0.0323 0.0301 0.0304 0.0449 0.0517
MMF8 0.1124 0.0976 0.0856 0.0835 0.1272 0.1457
MMF9 0.0235 0.0231 0.0218 0.0222 0.0318 0.0324
MMF10 0.0079 0.0071 0.0070 0.0071 0.0100 0.0106

The performance of the analyzed algorithms are verified on
the CEC benchmarking suite [58]. The suite contains 22 test
functions with different characteristics and is an important tool
to verify the performance of the proposed algorithm. In order to
use the suite correctly, four distinct indicators must be applied:
the reciprocal of Pareto Sets Proximity (rPSP) [59], the recipro-
cal of Hypervolume (rHV) [58], Inverted Generational Distance
(IGD [62]) in decision space (IGDx) and in objective space (IGDf).
The indicators rPSP and IGDx are used to evaluate the distribution
of the population in the decision space while rHV and IGDf
are used to evaluate the distribution of the population in the
objective space.

Tables 5–8 record statistical comparison of each algorithm for
the four indicators regarding mean value and standard deviation.
Better results are shown in bold.

From Table 5, it can be noticed that EDPSO gets the smallest
mean rPSP value on 12 functions and is the second best on
other five. Table 6 shows that the EDPSO algorithm achieved the
smallest rHV mean value on 14 functions and obtains the second
best on other 3 functions. Table 7 presents the statistical results
the IGDx indicator and again the EDPSO is the algorithm that
presents the smallest mean values more often, being the best on
10 functions and the second best on 6. Finally, from Table 8, it can
be obtained that the EDPSO presents the best IGDf mean values
on 15 functions and is the second best on 4. These results show
the effectiveness and superiority of the EDPSO algorithm over the
other compared in this study.

As the results in Tables 4–8 show the efficiency of EDPSO in
the optimization of benchmarking functions, it is time to verify
its performance for trajectory planning tasks alongside the same
algorithms compared before. In addition, two sample-based al-
gorithms were simulated for comparison purposes. The chosen
algorithms were PRM and RRT.

The PRM algorithm used in this study had 150 configurations
on the map, and each was linked to its five nearest neighbors.
The RRT, on its turn, performed 1000 iterations with bidirec-
tional search, using a maximum step size of five percent of the
perimeter of the navigation space [5].

The genetic algorithms used for the test had an initial popula-
tion of 150 individuals, with 150 generations for each simulation.
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able 5
ean and standard deviations of rPSP values obtained by all algorithms.

EDPSO EEPSO CMOPSO GWO-PSO AG-PSO GCPSO QPSO PSO AG CS

MMF1 mean 0.0806 0.1021 0.1836 0.0947 0.2141 0.2238 0.3447 0.2584 0.2779 0.1348
std. dev. 0.0121 0.0128 0.0218 0.0138 0.0271 0.0301 0.046 0.0309 0.0319 0.0184

MMF2 mean 0.0564 0.1106 0.1283 0.0975 0.3245 0.1509 0.4293 0.153 0.2382 0.1274
std. dev. 0.025 0.0696 0.0696 0.0645 0.201 0.0916 0.2643 0.0959 0.1488 0.0797

MMF3 mean 0.0759 0.1348 0.1033 0.0629 0.1596 0.2629 0.1626 0.0996 0.3331 0.0886
std. dev. 0.0538 0.0912 0.0601 0.0431 0.1048 0.1459 0.1068 0.0606 0.2269 0.0553

MMF4 mean 0.1131 0.098 0.131 0.144 0.1985 0.3271 0.5278 0.3997 0.2381 0.151
std. dev. 0.0345 0.0276 0.0372 0.041 0.0559 0.0854 0.1545 0.1266 0.0696 0.0441

MMF5 mean 0.0456 0.1155 0.233 0.1635 0.1812 0.2505 0.2825 0.2115 0.2607 0.2575
std. dev. 0.0066 0.0194 0.0336 0.0163 0.0161 0.0225 0.0321 0.0251 0.0529 0.0247

MMF6 mean 0.0273 0.0933 0.0312 0.1654 0.1735 0.0289 0.2208 0.2832 0.2007 0.0322
std. dev. 0.0045 0.0277 0.0063 0.0306 0.0313 0.0266 0.0479 0.0545 0.0398 0.0147

MMF7 mean 0.0262 0.0852 0.1418 0.0034 0.0044 0.0929 0.1503 0.1462 0.1395 0.0263
std. dev. 0.0214 0.0791 0.1117 0.003 0.0046 0.0845 0.0813 0.1278 0.1294 0.1242

MMF8 mean 0.0742 0.0424 0.1078 0.4716 0.4394 0.574 0.5327 0.5241 0.0702 0.5932
std. dev. 0.0525 0.0096 0.0257 0.1542 0.1655 0.1502 0.1201 0.1245 0.0401 0.1689

MMF9 mean 0.0179 0.0602 0.0559 0.0482 0.0722 0.0262 0.0547 0.0555 0.025 0.0019
std. dev. 0.0101 0.0304 0.0295 0.0285 0.0403 0.025 0.0302 0.0337 0.0211 0.0012

MMF10 mean 0.0059 0.042 0.1114 0.3176 0.1083 0.1057 0.4904 0.5237 0.0864 0.2039
std. dev. 0.0062 0.0317 0.1067 0.3429 0.1115 0.1108 0.2141 0.2505 0.0907 0.2118

MMF11 mean 0.0055 0.0060 0.0070 0.0066 0.0053 0.0087 0.0063 0.0102 0.0062 0.0086
std. dev. 0.0004 0.0004 0.0005 0.0005 0.0004 0.0005 0.0007 0.0007 0.0006 0.0004

MMF12 mean 0.0020 0.0027 0.0023 0.0026 0.0030 0.0025 0.0044 0.0033 0.0026 0.0027
std. dev. 0.0001 0.0001 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002

MMF13 mean 0.0324 0.0381 0.0538 0.0511 0.0508 0.0366 0.0495 0.0553 0.0436 0.0559
std. dev. 0.0009 0.0011 0.0014 0.0011 0.0018 0.0017 0.0023 0.0015 0.0015 0.0015

MMF14 mean 0.0528 0.0467 0.0589 0.0551 0.0717 0.0856 0.1101 0.0578 0.0680 0.0738
std. dev. 0.0009 0.0008 0.0009 0.0010 0.0012 0.0009 0.0015 0.0012 0.0014 0.0009

MMF15 mean 0.0576 0.0623 0.0564 0.0582 0.0765 0.0716 0.0848 0.1031 0.0705 0.0572
std. dev. 0.0007 0.0009 0.0011 0.0010 0.0011 0.0009 0.0010 0.0016 0.0011 0.0010

MMF1_z mean 0.0409 0.0476 0.0447 0.0388 0.0412 0.0564 0.0516 0.0465 0.0605 0.0568
std. dev. 0.0010 0.0015 0.0014 0.0013 0.0019 0.0014 0.0025 0.0015 0.0017 0.0016

MMF1_e mean 0.4467 0.6001 0.4710 0.6608 0.5152 0.7305 0.5451 0.5439 0.8201 0.5055
std. dev. 0.1963 0.2225 0.3317 0.3445 0.2716 0.2339 0.5230 0.3433 0.2702 0.3504

MMF14_a mean 0.1052 0.1123 0.1343 0.0962 0.1036 0.1536 0.1525 0.1812 0.1368 0.1501
std. dev. 0.0021 0.0027 0.0028 0.0028 0.0027 0.0022 0.0033 0.0032 0.0038 0.0021

MMF15_a mean 0.0588 0.0659 0.0926 0.0677 0.0690 0.0831 0.1211 0.1091 0.1080 0.0705
std. dev. 0.0015 0.0019 0.0025 0.0021 0.0023 0.0017 0.0036 0.0026 0.0031 0.0018

SYM-PART simple mean 0.0351 0.0414 0.0506 0.0502 0.0601 0.0603 0.0492 0.0498 0.0622 0.0409
std. dev. 0.0236 0.0231 0.0323 0.0279 0.0248 0.0345 0.0387 0.0432 0.0239 0.0324

SYM-PART rotated mean 0.1345 0.1484 0.1586 0.1805 0.1735 0.1763 0.3033 0.2970 0.1660 0.2197
std. dev. 0.3605 0.3131 0.4458 0.4613 0.3353 0.3277 0.3935 0.4798 0.4719 0.5002

Omni-test mean 0.1702 0.1887 0.2809 0.2472 0.2025 0.2775 0.4262 0.3105 0.2131 0.2384
std. dev. 0.0699 0.0758 0.1040 0.1030 0.1197 0.0851 0.1145 0.1122 0.0910 0.0885
The parent selection operator used was the proportionate selec-
tion, and a single-point crossover was performed with chromo-
somes containing real numbers. The mutation operator used was
random and non-uniform, with a 5% probability. Finally, it was
decided to use elitism, in which the top 5% (rounded down when
necessary) of the best individuals from a population are copied
and passed on to the next generation.

The cuckoo search algorithm used 150 nests with one egg
ach. There was a probability of 25% of the eggs being disposed
nd the nest being renewed.
In the case of the PSO-based algorithms, all of them contained

n initial population of 150 particles and 150 iterations were
erformed during each optimization. All algorithms were run 100
imes for each environment. The GWO-PSO used 75 particles for
xploitation, and 75 search agents to explore the search space.
ll of the parameters for all of the algorithms are summarized in
able 9.
8

To evaluate the proposed algorithm, four navigation envi-
ronments were created, as shown in Fig. 3, with varying dif-
ficulties. Environments 1 to 3 were static. The blue areas de-
note static obstacles, while the orange ones represent non-ideal
terrains—through which it is possible to travel, but with greater
difficulty.

The first environment, shown in Fig. 3(a), presents four static
obstacles and two non-ideal areas. For both non-ideal terrains,
the penalty parameter was π = 1.5, which can be interpreted as
a mild slope. There is an L-shaped obstacle between the starting
point and the target, which will be seen as two different obstacles
by the algorithm; for this reason, there are three points to be
optimized for by the planner. An example of an efficient trajectory
is presented in Fig. 4(a), where it is shown that although there
is a clear path between the two non-ideal areas, the algorithm
interpreted that it is better to travel through the non-ideal terrain
than go around it, since it is going to lengthen the travel distance,
resulting in unnecessary energy consumption.
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ean and standard deviations of rHV values obtained by all algorithms.

EDPSO EEPSO CMOPSO GWO-PSO AG-PSO GCPSO QPSO PSO AG CS

MMF1 mean 1.4822 1.4470 1.4101 1.4527 1.6357 1.5914 1.9185 1.7867 1.6830 1.5362
std. dev. 0.0003 0.0004 0.0014 0.0016 0.0035 0.0015 0.1132 0.0075 0.0021 0.0032

MMF2 mean 1.4282 1.4732 1.4643 1.4370 1.5040 1.4375 1.6426 1.5808 1.4324 1.4836
std. dev. 0.0013 0.0013 0.0014 0.0017 0.0020 0.0018 0.0263 0.0231 0.0014 0.0016

MMF3 mean 1.2698 1.3653 1.3055 1.3409 1.3643 1.3204 1.3365 1.3995 1.3791 1.3730
std. dev. 0.0009 0.0009 0.0011 0.0008 0.0008 0.0010 0.0323 0.0015 0.0011 0.0012

MMF4 mean 2.0189 2.0063 2.0071 2.0409 2.0970 2.0209 2.1578 2.0245 2.0057 2.0210
std. dev. 0.0017 0.0015 0.0022 0.0019 0.0035 0.0011 0.0135 0.0029 0.0026 0.0017

MMF5 mean 1.2014 1.2093 1.2291 1.2592 1.2117 1.2940 0.7819 1.2327 1.2020 1.2809
std. dev. 0.0017 0.0017 0.0025 0.0015 0.0020 0.0029 0.2549 0.0056 0.0025 0.0020

MMF6 mean 1.2772 1.5053 1.4575 1.8608 1.6826 1.8619 1.5617 1.7564 1.9435 1.4962
std. dev. 0.0012 0.0011 0.0015 0.0029 0.0025 0.0021 0.0329 0.0031 0.0029 0.0015

MMF7 mean 1.6959 1.7384 1.9432 1.8348 1.8173 1.8009 1.7993 1.7903 1.8846 1.7221
std. dev. 0.0003 0.0003 0.0004 0.0003 0.0003 0.0003 0.0016 0.0004 0.0003 0.0004

MMF8 mean 3.0911 3.0135 3.0446 3.1784 3.0847 3.2817 3.1499 3.2063 3.1845 3.0005
std. dev. 0.0025 0.0031 0.0025 0.0031 0.0023 0.0036 1.3909 0.0029 0.0026 0.0029

MMF9 mean 0.1353 0.1721 0.1659 0.1952 0.1884 0.1635 0.1550 0.1749 0.2139 0.1378
std. dev. 0.0001 0.0001 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002

MMF10 mean 0.0952 0.1310 0.1245 0.1349 0.1248 0.1266 0.1222 0.2100 0.1145 0.1409
std. dev. 0.0001 0.0001 0.0001 0.0002 0.0001 0.0002 0.0003 0.0002 0.0002 0.0002

MMF11 mean 0.0961 0.0989 0.1098 0.1059 0.1483 0.1491 0.1083 0.1529 0.1108 0.0949
std. dev. 0.0001 0.0001 0.0002 0.0001 0.0001 0.0002 0.0003 0.0002 0.0002 0.0002

MMF12 mean 0.9316 0.9770 1.0455 0.9315 1.2206 1.2931 1.2668 1.0870 0.9070 1.2049
std. dev. 0.0001 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.0003 0.0001 0.0002

MMF13 mean 0.0617 0.0913 0.1018 0.0848 0.1065 0.0826 0.1050 0.1002 0.0913 0.0705
std. dev. 0.0001 0.0001 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002

MMF14 mean 0.4306 0.4057 0.4851 0.4395 0.5077 0.4488 0.5419 0.4726 0.4668 0.4598
std. dev. 0.0200 0.0223 0.0231 0.0276 0.0248 0.0281 0.0458 0.0432 0.0370 0.0321

MMF15 mean 0.2826 0.3423 0.2910 0.3762 0.3913 0.3791 0.3283 0.3945 0.3602 0.2988
std. dev. 0.0096 0.0132 0.0125 0.0112 0.0119 0.0167 0.0169 0.0207 0.0138 0.0149

MMF1_z mean 1.4848 1.6136 1.7675 1.5598 1.4897 1.5278 1.6609 1.6932 1.4917 1.5369
std. dev. 0.0003 0.0003 0.0003 0.0003 0.0004 0.0003 0.0003 0.0005 0.0004 0.0004

MMF1_e mean 1.4784 1.4970 1.5528 1.5475 1.5110 1.6109 1.4361 1.5240 1.5421 1.4827
std. dev. 0.0125 0.0167 0.0210 0.0186 0.0168 0.0186 0.3212 0.0280 0.0191 0.0163

MMF14_a mean 0.3748 0.4299 0.4372 0.4153 0.4423 0.4673 0.5037 0.4458 0.4980 0.4832
std. dev. 0.0183 0.0178 0.0205 0.0201 0.0268 0.0194 0.0347 0.0226 0.0207 0.0247

MMF15_a mean 0.2494 0.2758 0.2908 0.3015 0.3021 0.3045 0.3563 0.3601 0.3279 0.3107
std. dev. 0.0085 0.0102 0.0109 0.0093 0.0135 0.0147 0.0123 0.0200 0.0114 0.0098

SYM-PART simple mean 0.7841 0.7643 0.7838 0.8504 0.8322 0.8059 0.9508 0.7674 0.8272 0.8551
std. dev. 0.0001 0.0001 0.0002 0.0002 0.0002 0.0002 0.0003 0.0010 0.0002 0.0001

SYM-PART rotated mean 0.8499 0.8826 0.9025 0.9530 0.9011 0.8549 0.9320 0.9692 0.9094 0.8507
std. dev. 0.0001 0.0001 0.0001 0.0001 0.0002 0.0001 0.0002 0.0002 0.0002 0.0002

Omni-test mean 0.0248 0.0293 0.0269 0.0254 0.0270 0.0287 0.0249 0.0250 0.0256 0.0286
std. dev. 0.0001 0.0001 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002
In the second simulated environment (Fig. 3(b)), there are
ix static obstacles and only one bad terrain with π = 2.5
(bumpy terrain) in an area that could be used to obtain a shorter
path. Three static obstacles are positioned between the starting
point and the target; thus, it is necessary to use three points for
trajectory optimization. As a bad area could threaten the vehicle’s
integrity, the algorithm avoids choosing a longer path that does
not cross this terrain, as shown in Fig. 4(b).

The third scenario is the most difficult among the static en-
vironments. There are 19 obstacles and four non-ideal terrains
located in areas that can be used to achieve short trajectories.
All of these bad areas have π = 5, which means that these
terrains could easily destroy the vehicle, such as a sandy area.
There are five points to be interpolated in this case because there
are five obstacles between the beginning and the end of the
movement. There are a great number of possibilities for designing
a path between the starting point and the target, and the one
that showed better performance, as seen in Fig. 4(c), crosses
9

the middle of the configuration space, passing near the smaller,
non-ideal area.

Environment 4 has two static obstacles and one dynamic
obstacle with its initial position shown in red—and its probable
future positions are presented in pink with dashed borders. This
type of scenario presents a challenge for computational pro-
cessing, because the vehicle’s sensor must detect the direction
and velocity of the dynamic obstacle and estimate its future
positions—which might have to be recalculated if there is a great
modification in the direction of movement of the obstacle. For
this simulation, the obstacle is moving downward with half the
velocity of the vehicle. The best trajectory for this case is shown
in Fig. 4(d). There are three points interpolated because there are
two static obstacles between the starting point and the target at
the beginning of the movement.

Fig. 4 presents the value of the cost function below each
configuration space. To be considered an efficient trajectory, the
cost functions for environments 1, 2, 3, and 4 must be less than
or equal to 25, 35, 30, and 18, respectively. Fig. 5(a) presents a
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able 7
ean and standard deviations of IGDx values obtained by all algorithms.

EDPSO EEPSO CMOPSO GWO-PSO AG-PSO GCPSO QPSO PSO AG CS

MMF1 mean 0.0541 0.0547 0.0662 0.0583 0.0554 0.0651 0.0624 0.0902 0.0825 0.0669
std. dev. 0.0149 0.0142 0.0145 0.0148 0.0196 0.0192 0.0177 0.0164 0.0154 0.0169

MMF2 mean 0.0153 0.0132 0.0146 0.0159 0.0195 0.0230 0.0266 0.0183 0.0171 0.0197
std. dev. 0.0020 0.0029 0.0025 0.0036 0.0034 0.0024 0.0046 0.0042 0.0040 0.0032

MMF3 mean 0.0116 0.0113 0.0123 0.0134 0.0128 0.0178 0.0141 0.0248 0.0141 0.0157
std. dev. 0.0021 0.0023 0.0031 0.0032 0.0030 0.0039 0.0039 0.0027 0.0033 0.0027

MMF4 mean 0.0310 0.0365 0.0308 0.0365 0.0473 0.0364 0.0458 0.0660 0.0506 0.0427
std. dev. 0.0012 0.0015 0.0016 0.0017 0.0021 0.0024 0.0029 0.0028 0.0021 0.0017

MMF5 mean 0.1039 0.1180 0.1118 0.1424 0.1415 0.1486 0.2079 0.1999 0.1050 0.1261
std. dev. 0.0038 0.0041 0.0049 0.0056 0.0051 0.0072 0.0095 0.0079 0.0054 0.0054

MMF6 mean 0.0859 0.0901 0.0847 0.1029 0.1349 0.1263 0.1371 0.1544 0.1287 0.1200
std. dev. 0.0025 0.0034 0.0030 0.0030 0.0043 0.0029 0.0055 0.0044 0.0033 0.0031

MMF7 mean 0.0281 0.0373 0.0404 0.0342 0.0288 0.0406 0.0524 0.0428 0.0435 0.0388
std. dev. 0.0019 0.0022 0.0023 0.0020 0.0024 0.0018 0.0031 0.0034 0.0030 0.0025

MMF8 mean 0.0540 0.0726 0.0653 0.0743 0.0986 0.0794 0.0741 0.1003 0.1049 0.0664
std. dev. 0.0049 0.0044 0.0044 0.0050 0.0050 0.0058 0.0063 0.0085 0.0073 0.0067

MMF9 mean 0.0048 0.0043 0.0046 0.0045 0.0047 0.0061 0.0070 0.0077 0.0054 0.0062
std. dev. 0.0001 0.0001 0.0002 0.0002 0.0002 0.0002 0.0002 0.0003 0.0002 0.0002

MMF10 mean 0.0024 0.0026 0.0025 0.0025 0.0040 0.0041 0.0047 0.0052 0.0041 0.0037
std. dev. 0.0003 0.0005 0.0006 0.0005 0.0006 0.0007 0.0006 0.0009 0.0006 0.0004

MMF11 mean 0.0052 0.0047 0.0063 0.0057 0.0077 0.0084 0.0102 0.0082 0.0074 0.0076
std. dev. 0.0001 0.0001 0.0001 0.0001 0.0002 0.0002 0.0002 0.0003 0.0002 0.0002

MMF12 mean 0.0022 0.0026 0.0032 0.0025 0.0032 0.0024 0.0041 0.0033 0.0030 0.0026
std. dev. 0.0001 0.0001 0.0002 0.0002 0.0001 0.0001 0.0003 0.0002 0.0002 0.0002

MMF13 mean 0.0397 0.0391 0.0467 0.0462 0.0552 0.0483 0.0608 0.0598 0.0649 0.0540
std. dev. 0.0010 0.0012 0.0013 0.0012 0.0013 0.0015 0.0021 0.0022 0.0016 0.0015

MMF14 mean 0.0456 0.0487 0.0553 0.0702 0.0500 0.0775 0.0762 0.0695 0.0852 0.0567
std. dev. 0.0007 0.0008 0.0009 0.0012 0.0013 0.0009 0.0010 0.0010 0.0009 0.0011

MMF15 mean 0.0557 0.0597 0.0740 0.0504 0.0537 0.0770 0.0813 0.0713 0.0721 0.0727
std. dev. 0.0008 0.0010 0.0012 0.0011 0.0013 0.0014 0.0017 0.0015 0.0014 0.0009

MMF1_z mean 0.0328 0.0368 0.0420 0.0553 0.0410 0.0642 0.0607 0.0649 0.0516 0.0479
std. dev. 0.0013 0.0011 0.0018 0.0015 0.0015 0.0020 0.0021 0.0017 0.0020 0.0015

MMF1_e mean 0.3657 0.3903 0.4121 0.4099 0.5547 0.4828 0.6529 0.6885 0.6093 0.5004
std. dev. 0.0875 0.0836 0.1271 0.0902 0.1456 0.1565 0.2038 0.1927 0.1104 0.0911

MMF14_a mean 0.1067 0.0989 0.1326 0.1072 0.1218 0.1292 0.1328 0.2008 0.1545 0.1064
std. dev. 0.0020 0.0022 0.0031 0.0031 0.0022 0.0029 0.0030 0.0044 0.0030 0.0027

MMF15_a mean 0.0690 0.0693 0.0797 0.0853 0.0626 0.0896 0.0795 0.0818 0.0811 0.0851
std. dev. 0.0017 0.0022 0.0019 0.0019 0.0019 0.0022 0.0036 0.0022 0.0023 0.0019

SYM-PART simple mean 0.0419 0.0403 0.0414 0.0576 0.0497 0.0494 0.0732 0.0854 0.0516 0.0450
std. dev. 0.0233 0.0268 0.0326 0.0241 0.0342 0.0218 0.0285 0.0328 0.0307 0.0263

SYM-PART rotated mean 0.1449 0.1367 0.1390 0.1491 0.2084 0.2039 0.2063 0.1520 0.1833 0.1502
std. dev. 0.3015 0.2627 0.2966 0.2895 0.2829 0.3450 0.4514 0.5588 0.4822 0.3199

Omni-test mean 0.2004 0.2459 0.2615 0.2868 0.2805 0.3108 0.2793 0.2338 0.3105 0.2394
std. dev. 0.0730 0.0829 0.1030 0.1014 0.0997 0.0982 0.1031 0.1605 0.0892 0.1093
satisfactory result for environment 2, and Fig. 5(b) shows a result
that, despite being a valid route, is not considered efficient. It can
be seen that, while the first trajectory manages to be as direct as
possible, the second trajectory contains two unnecessarily long
curves, besides passing through an non-ideal terrain.

Table 10 shows the percentage of times that satisfactory and
nvalid routes were obtained for each environment with static
bstacles for comparison. All algorithms were able to perform
elatively well in the first environment, which had a lower com-
lexity. In the second scenario, the PRM, AG, CS, PSO, and QPSO
lgorithms presented great difficulty; while in the third scenario,
nly the EEPSO and EDPSO achieved a higher rate than 70% to
ind a trajectory that was considered optimal. The PSO-based
lgorithms GCPSO, AG-PSO, GWO-PSO, and CMOPSO achieved
ood optimization in the first and fourth scenarios, but when
here were many obstacles, their performance decreased. It is
orth mentioning that the EDPSO obtained the best results, as
xpected, because it is an evolution of the first algorithm.
10
Table 11 shows the overall performance of all analyzed algo-
rithms, presenting the mean value, standard deviation, and best
and worst optimizations. All algorithms were run 100 times to
obtain the values. It can be seen that the EDPSO has the best mean
values for Scenarios 1 and 3, and is the second best in Scenarios 2
and 4, after GWO-PSO and EEPSO, respectively. In addition, EDPSO
has a smaller standard deviation for all scenarios, and its best
result is the overall best in Scenario 3, and the second best for
all other cases.

Fig. 6 shows a comparison between the convergence of AG,
PSO, QPSO, and EDPSO using the second scenario. It should be
noted that in the first iteration, EDPSO presents a better result.
This is because the other algorithms create the first population
randomly in a single batch. In EDPSO, the particles are created
in series and use the information provided by the particles that
came before. In addition, we can see that EDPSO shows a slow
convergence requiring a larger number of iterations than AG and
PSO to achieve the final results. The advantage of this charac-
teristic is that the algorithm hardly stagnates, while the AG and
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ean and standard deviations of IGDf values obtained by all algorithms.

EDPSO EEPSO CMOPSO GWO-PSO AG-PSO GCPSO QPSO PSO AG CS

MMF1 mean 0.0028 0.0029 0.0030 0.0038 0.0037 0.0051 0.0058 0.0050 0.0050 0.0045
std. dev. 0.0001 0.0002 0.0001 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002

MMF2 mean 0.0051 0.0067 0.0079 0.0077 0.0086 0.0072 0.0093 0.0121 0.0080 0.0069
std. dev. 0.0005 0.0006 0.0006 0.0007 0.0007 0.0009 0.0009 0.0010 0.0007 0.0007

MMF3 mean 0.0042 0.0048 0.0051 0.0066 0.0056 0.0057 0.0089 0.0056 0.0060 0.0068
std. dev. 0.0012 0.0013 0.0013 0.0016 0.0014 0.0016 0.0018 0.0018 0.0020 0.0016

MMF4 mean 0.0035 0.0030 0.0036 0.0039 0.0048 0.0032 0.0067 0.0035 0.0044 0.0047
std. dev. 0.0002 0.0001 0.0001 0.0001 0.0002 0.0002 0.0002 0.0002 0.0002 0.0001

MMF5 mean 0.0034 0.0037 0.0042 0.0045 0.0035 0.0044 0.0045 0.0065 0.0054 0.0035
std. dev. 0.0001 0.0001 0.0002 0.0001 0.0002 0.0002 0.0002 0.0003 0.0002 0.0002

MMF6 mean 0.0028 0.0032 0.0043 0.0043 0.0045 0.0045 0.0052 0.0047 0.0050 0.0033
std. dev. 0.0001 0.0002 0.0002 0.0002 0.0001 0.0002 0.0002 0.0003 0.0002 0.0002

MMF7 mean 0.0034 0.0039 0.0035 0.0046 0.0047 0.0037 0.0049 0.0061 0.0042 0.0038
std. dev. 0.0001 0.0001 0.0002 0.0002 0.0001 0.0002 0.0003 0.0003 0.0002 0.0002

MMF8 mean 0.0036 0.0034 0.0046 0.0041 0.0054 0.0047 0.0045 0.0070 0.0049 0.0045
std. dev. 0.0001 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.0002

MMF9 mean 0.0139 0.0154 0.0201 0.0167 0.0197 0.0213 0.0161 0.0279 0.0182 0.0169
std. dev. 0.0007 0.0008 0.0009 0.0008 0.0013 0.0009 0.0011 0.0016 0.0011 0.0009

MMF10 mean 0.0153 0.0165 0.0216 0.0227 0.0262 0.0175 0.0320 0.0334 0.0234 0.0214
std. dev. 0.0045 0.0040 0.0047 0.0056 0.0048 0.0045 0.0091 0.0056 0.0071 0.0066

MMF11 mean 0.0170 0.0150 0.0163 0.0196 0.0239 0.0203 0.0220 0.0280 0.0259 0.0177
std. dev. 0.0011 0.0015 0.0017 0.0016 0.0019 0.0019 0.0020 0.0030 0.0019 0.0014

MMF12 mean 0.0030 0.0028 0.0029 0.0032 0.0041 0.0029 0.0037 0.0041 0.0041 0.0030
std. dev. 0.0001 0.0001 0.0002 0.0001 0.0001 0.0002 0.0003 0.0003 0.0002 0.0001

MMF13 mean 0.0187 0.0208 0.0239 0.0283 0.0292 0.0251 0.0226 0.0250 0.0210 0.0200
std. dev. 0.0043 0.0052 0.0061 0.0059 0.0062 0.0074 0.0102 0.0093 0.0075 0.0046

MMF14 mean 0.1281 0.1461 0.1353 0.1674 0.1303 0.1368 0.2557 0.1543 0.1671 0.1884
std. dev. 0.0015 0.0018 0.0020 0.0019 0.0015 0.0023 0.0017 0.0033 0.0020 0.0022

MMF15 mean 0.1247 0.1367 0.1287 0.1564 0.1966 0.1659 0.1968 0.2415 0.1986 0.1209
std. dev. 0.0017 0.0020 0.0017 0.0023 0.0022 0.0027 0.0031 0.0032 0.0030 0.0025

MMF1_z mean 0.0027 0.0031 0.0046 0.0038 0.0045 0.0040 0.0047 0.0040 0.0036 0.0039
std. dev. 0.0001 0.0001 0.0001 0.0001 0.0002 0.0002 0.0003 0.0002 0.0002 0.0002

MMF1_e mean 0.0039 0.0048 0.0067 0.0055 0.0058 0.0057 0.0090 0.0070 0.0053 0.0055
std. dev. 0.0004 0.0005 0.0005 0.0005 0.0005 0.0006 0.0005 0.0009 0.0006 0.0005

MMF14_a mean 0.1231 0.1243 0.1508 0.1626 0.1379 0.1299 0.1906 0.2634 0.1327 0.1587
std. dev. 0.0031 0.0026 0.0038 0.0041 0.0045 0.0045 0.0055 0.0040 0.0050 0.0034

MMF15_a mean 0.1311 0.1236 0.1612 0.1711 0.1491 0.1557 0.2334 0.1879 0.2033 0.1640
std. dev. 0.0029 0.0039 0.0042 0.0041 0.0053 0.0040 0.0051 0.0053 0.0056 0.0046

SYM-PART simple mean 0.0124 0.0156 0.0151 0.0196 0.0153 0.0237 0.0312 0.0285 0.0215 0.0201
std. dev. 0.0016 0.0020 0.0023 0.0019 0.0022 0.0026 0.0019 0.0027 0.0025 0.0024

SYM-PART rotated mean 0.0126 0.0154 0.0174 0.0179 0.0157 0.0224 0.0191 0.0231 0.0147 0.0140
std. dev. 0.0013 0.0016 0.0020 0.0020 0.0023 0.0018 0.0024 0.0028 0.0019 0.0021

Omni-test mean 0.0134 0.0129 0.0135 0.0193 0.0187 0.0188 0.0266 0.0239 0.0153 0.0136
std. dev. 0.0007 0.0006 0.0010 0.0008 0.0009 0.0010 0.0013 0.0015 0.0009 0.0009
Table 9
Parameters of all algorithms.

Number of particles (solutions) generations other parameters

PRM - 150 configurations; k=5
RRT - 1000 iterations step size = 0.05
CS 150 nests 150 pa = 0.25
AG 150 150 m = 0.05; e = 0.05
AG-PSO AG = 150; PSO = 50 150 m = 0.05; e = 0.05; c1=0.4; c2 = 0.4; ω = 1
PSO 150 150 c1 = 0.4; c2 = 0.4; ω = 1
QPSO 150 150 c1 = 0.4; c2 = 0.4; α1 = 0.4; α0 = 0.7
GCPSO 150 150 c1 = 0.4; c2 = 0.4; ft = 10; st = 10
CMOPSO 150 150 c1 = 0.4; c2 = 0.4; ω = 1
GWO-PSO GWO = 75; PSO = 75 150 c1 = 0.4; c2 = 0.4
EEPSO 150 150 c1 = 0.4; c2 = 0.4; ft = 5
EDPSO 150 150 c1 = 0.4; c2 = 0.4; ft = 2; ns = 6
PSO present difficulty in improving results after iterations 70 and
20, respectively. As seen in the graphics, this slow convergence
comes from the part of the algorithm based on the QPSO, which
shows the same characteristic. However, other parameters of
11
the EDPSO, which will be discussed later, avoid the intermittent
periods of stagnation observed in QPSO.

Fig. 7 shows the average evolution of the optimization using
EDPSO for the other three scenarios. It is observed that, even
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Fig. 3. Configuration space of scenarios used in simulations for trajectory planning: (a) four static obstacles and two areas not ideal for traveling (π = 2); (b) six
tatic obstacles and one terrain with π = 2; (c) nineteen static obstacles and four areas with π = 2.5, and; (d) two static and one dynamic obstacles, the last one
oving downwards through the configuration space.
Table 10
Performance of the algorithms tested for all environments analyzed.

Scenario 1 Scenario 2 Scenario 3 Scenario 4

Satisfactory Invalid Satisfactory Invalid Satisfactory Invalid Satisfactory Invalid

PRM 65% 21% 2% 89% 0% 99% 60% 19%
RRT 71% 2% 62% 9% 5% 91% 65% 9%
AG 73% 19% 23% 51% 18% 49% 67% 7%
CS 80% 17% 51% 20% 42% 36% 75% 5%
PSO 77% 9% 14% 45% 1% 82% 71% 5%
QPSO 89% 3% 8% 58% 1% 74% 73% 4%
GCPSO 89% 5% 58% 24% 6% 76% 75% 5%
AG-PSO 91% 1% 61% 15% 55% 20% 85% 2%
GWO-PSO 85% 7% 65% 9% 62% 32% 87% 1%
CMOPSO 74% 12% 54% 24% 1% 81% 71% 13%
EEPSO 99% 0% 82% 2% 71% 5% 95% 1%
EDPSO 100% 0% 87% 0% 76% 0% 100% 0%
by the definition of this algorithm, the evolution is slow—which
necessitates an adequate number of iterations. As it is intended to
embed the algorithm in a mobile vehicle, the number of iterations
used is considered efficient because there is a dedicated circuit for
the planner. Moreover, the performance presented in Tables 10
and 11 justifies this undertaking.

For the fourth scenario, with dynamic obstacles, the various
lgorithms performed well; however, only EDPSO achieved 100%
fficiency in finding a safe trajectory. Fig. 4(d) shows that the
lgorithm estimates the initial velocity of displacement of the
bstacle and traces a route that avoids any chance of collision.
n Fig. 6(c), it is observed again that, on average, the algorithm
akes time to converge because of its own formulation; however,
fter an adequate number of iterations, convergence occurs. In
his case, it can be seen that 100 iterations would be sufficient
or a good performance.
12
The mean computational times for all algorithms are listed in
Table 12. It is shown that the proposed algorithm has a consider-
able drawback in this parameter when compared to all the other
algorithms. However, when the algorithm is embedded into a
dedicated circuit, the processing time is approximately ten times
faster—which makes the implementation of the EDPSO algorithm
possible despite this disadvantage.

To prove the high level of diversity that the proposed al-
gorithm gives to the swarm, a test was performed in which
the positions of each particle were mapped and the Euclidean
distances between all of them were added up, according to

D =

∑n
i=1
∑n

j=1

(√(
xi − xj

)2
+
(
y1 − yj

)2)
(16)
2
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Fig. 4. Optimal trajectories for the four simulated environments.
Fig. 5. (a) Trajectory considered as optimal for environment 2, with cost below 35; (b) Trajectory with no collisions, however it is considered inefficient.
The calculation described in Eq. (16) was performed in each
teration so that the graph presented in Fig. 8 could be assembled.
t can be observed that the algorithm causes peaks of diversity
hat occur at each ’’restart’’ of the swarm. It is noticeable that
his action of reorganizing the particles does not occur in an
xaggerated manner—because as is shown in the case, it occurs
hree times. Another important characteristic of the diversity of
his algorithm is that each peak is followed by a minimum value
13
after a few iterations. Thus, it is observed that this characteristic
of the algorithm is quite useful for the adequate convergence
of the EDPSO, although it seems contradictory, because it avoids
premature stagnation in minimal solutions. For comparison pur-
poses, Fig. 9 shows the evolution of diversity for the PSO and
QPSO algorithms. It is noticeable that, although there are diversity
oscillations, there is not a great variation as seen in EDPSO.
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Table 11
Overall performance of all algorithms for the trajectory planning task for each scenario.

Scenario 1 Scenario 2 Scenario 3 Scenario 4

PRM

mean 27.577 37.2868 62.2631 16.38
std. dev. 5.632 8.3003 29.6208 5.3199
best 20.9671 29.3258 21.005 15.9612
worst 39.0355 51.5053 100.6467 30.1718

RRT

mean 26.9621 33.7092 56.9528 17.7767
std. dev. 5.5748 6.5894 35.0449 5.878
best 19.7004 28.8082 20.4671 16.8938
worst 48.5481 54.9312 105.7979 56.9671

AG

mean 23.4006 32.7639 45.7252 16.5707
std. dev. 9.7197 5.426 20.3344 2.9318
best 19.8041 28.3995 19.4072 15.1595
worst 80.8935 49.5914 110.7218 34.9994

CS

mean 32.41 40.6353 50.4228 17.9448
std. dev. 17.1499 5.7241 27.4513 3.1173
best 18.9682 28.5729 19.0361 15.2437
worst 84.0398 62.2318 98.3439 35.7724

PSO

mean 31.6061 45.931 56.8944 18.28
std. dev. 20.5533 7.2559 34.3003 16.5147
best 19.7475 28.8046 20.9703 15.8419
worst 74.4503 61.4426 97.8207 38.1878

QPSO

mean 31.139 46.2706 60.1643 18.7012
std. dev. 44.2385 20.9993 39.1003 21.179
best 19.0731 29.755 21.2697 15.0898
worst 92.644 72.3556 110.4398 45.5586

GCPSO

mean 25.335 31.3888 41.7445 16.0048
std. dev. 8.0368 5.126 16.4275 2.1535
best 19.2454 28.2115 19.5387 15.2684
worst 65.3919 47.5905 86.6004 34.0398

AG-PSO

mean 25.4629 31.7553 40.0581 16.258
std. dev. 7.4956 6.7396 15.0313 2.891
best 19.8281 28.383 19.5631 15.82
worst 61.456 48.1553 88.3463 35.265

GWO-PSO

mean 24.1117 30.2377 36.9838 15.8708
std. dev. 5.9712 3.0706 11.7207 2.2495
best 19.5399 28.1876 13.5637 16.8405
worst 49.4423 40.9689 60.1428 20.5354

CMOPSO

mean 24.7755 31.7707 39.303 16.7229
std. dev. 5.6828 5.9866 15.5022 3.7084
best 19.0869 28.2256 19.5725 16.0294
worst 50.6628 46.344 65.4915 23.8868

EEPSO

mean 22.1305 30.5773 31.7395 15.5487
std. dev. 3.5376 2.096 10.8629 1.8549
best 19.5938 28.861 15.8629 15.1995
worst 27.7132 35.7642 57.537 20.8799

EDPSO

mean 19.7092 30.5489 29.0063 15.6598
std. dev. 0.3957 1.2554 6.9354 0.6667
best 19.1967 28.1646 13.0434 15.1529
worst 20.1178 33.1631 51.8848 18.1822
Table 12
Mean of computational times for all scenarios.

Computational Time (seconds)

EDPSO 34.470
GCPSO 30.854
EEPSO 29.926
AG-PSO 29.652
PSO 28.247
GWO-PSO 28.118
CMOPSO 27.583
CS 27.531
AG 27.464
QPSO 27.432
RRT 16.253
PRM 16.231
14
7. Conclusion

This paper presented a PSO algorithm with diversity peaks
to ensure convergence and avoid stagnation of the optimization
process, making it easier to find a satisfactory result for the
trajectory optimization task.

This algorithm was developed for application in trajectory
planning for autonomous vehicles with relatively slow move-
ments; it is suitable for mapping, monitoring, or cinematography
in a certain location in addition to several other applications.
The EDPSO requires a considerable number of iterations to be
performed, since its convergence takes time. Therefore, it should
be applied in cases that do not require urgent and rapid travel.
For applications that require quick answers, such as rescue mis-
sions or navigation through risky locations, faster algorithms are
required.

Compared to some established algorithms in trajectory plan-
ning, the EDPSO proved to be reliable and efficient, resulting in
optimal routes that guarantee safety and energy savings for the
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Fig. 6. Convergence average of (a) AG, (b) PSO, (c) QPSO and (d) EDPSO for the second scenario.
Fig. 7. Convergence average of the EDPSO algorithm for the scenarios 1, 3 and
4.

autonomous robotic vehicles in which it will be applied. Thus,
EDPSO has emerged as a good alternative for the development
of mobile robotic vehicles.

The computational cost of EDPSO must be further improved.
able 12 shows that the proposed algorithm takes 25% more
ime to process than the other analyzed algorithms on average.
n future work, we propose that the trajectory planner can be
urther developed by adding mutation operators. The algorithm
ust also be tested for multiple mobile vehicles, and with moving

arget points.
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