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Abstract

Path planning receives considerable attention over the last two decades. This study proposes a hybrid approach
that combines the probabilistic roadmap with an enhanced genetic algorithm (EGA), enabling path planning for both
single and multiple targets. Compared with existing genetic algorithm (GA) methods, the proposed approach offers
three main advantages: (1) it employs an environment representation based on image processing and morphological
operations; (2) it introduces a new strategy for creating the initial population of the GA; and (3) it incorporates a
novel operator to increase the quality of the generated paths. To demonstrate the effectiveness of the probabilistic
roadmap and enhanced genetic algorithm (PRMEGA), multiple simulation experiments are performed, with results
compared against the GA, artificial bee colony, and particle swarm optimization. The proposed approach
outperforms existing methods by 25.5%, achieving near-optimal paths for both single and multiple targets in fewer

generations while also reducing computation time by 14.1%.
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1. Introduction

Mobile robots are widely applied across diverse fields [1-3], including exploration, medical treatment, education, hazard
seeking, and target finding. The mobile robot navigation process involves several key prerequisites, such as path planning,
robot localization, and environment characterization [4]. Path planning aims to find an optimal or near-optimal path from a
starting point to one or multiple targets, which may be independent, dependent, or a combination of both [5]. The path planning
problem has been actively investigated, with numerous approaches developed to address this issue. A novel approach based
on the geometrical structure proposed by researchers [6] allows effective configuration space search and optimal path planning
for robots, but it needs to balance accuracy and speed. An alternative method to improve robot path planning and obstacle
avoidance efficiency was proposed by Wu et al. [7]. It adds a temperature component to the potential field function, but its

sensitivity to parameter tuning remains a shortcoming.

An effective neural network model was developed by Diao et al. [8]. To guide path planning and avoid obstacles, the
model generates weights for each neighbor based on the obstacle, the searched path, and the random geometric graph. However,
this approach leads to overfitting and increases computational complexity. A hybrid particle swarm optimization—simulated

annealing (PSO-SA) method for automated guided vehicle (AGV) path planning was developed by Lin et al. [9]. With faster
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convergence and lower time consumption, this method reduces the possibility of becoming trapped in a local optimum,
although at the expense of accuracy. Each approach offers advantages in specific aspects. Robot path-planning problems

typically involve three key challenges: computational complexity, local optimum, and adaptability.

Genetic algorithms (GAs) have been effectively applied to numerous optimization problems since their introduction in
1975. Based on the principle of ‘survival of the fittest,” they operate as stochastic search strategies inspired by natural evolution.
Their success in many applications can be attributed to their parallel search function and their quick identification of high-
performance regions [10]. Consequently, GAs are widely adopted for mobile robot path planning. An improved GA was
proposed by Ab Wahab et al. [11]. The new model uses the fitness score of each cell in the environment to guide the population
initialization process, which reduces the number of impractical paths. However, the cell-based approach still faces a challenge:

it must maintain a balance between accuracy and speed.

Heng and Rahiman [12] present a new optimization technique called the modified ant colony optimization and genetic
algorithm (MACOGA), which is designed to navigate grid spaces quickly and effectively; however, it is not suitable for large
maps. Also, ACO still requires fine-tuning of parameters. A novel knowledge-based GA for creating a collision-free path in a
complex environment is introduced by Li et al. [13]. It incorporates a local search technique with five operators tailored to the
situation, but this improvement comes at the cost of increased time consumption. Nevertheless, GA approaches still face the

following three important problems in motion planning:

(1) Environment representation: Cell-based methods divide the environment into a 2D matrix, marking each cell as black for
obstacles and white for empty [14]. This approach requires a trade-off between speed and accuracy. If speed is prioritized,
coarse-grained cells can be used, but they may misclassify free and occupied cells, leading to longer and lower-quality
paths. Conversely, fine-grained cells provide more accurate classification and near-optimal paths, but at the cost of

increased computation time [15].

(2) Existing GA methods generate an initial population of paths, regardless of whether they are feasible or unfeasible. This
random population may slow down the convergence rate, which may result in finding an appropriate path in higher

generations [16].

(3) The stochastic nature of GA in generating population paths may result in routes with sharp turns and zigzag movements,

rendering them unsuitable for real-world applications.

This study proposes a hybrid approach combining the probabilistic roadmap method (PRM) with an enhanced genetic
algorithm (EGA), referred to as the probabilistic roadmap and enhanced genetic algorithm (PRMEGA). It is designed to plan
an optimal or near-optimal path for a single target or multiple independent targets. The approach depends on image processing
and morphological operations to build realistic representations, replacing conventional cell-based methods. This strategy
removes the trade-off between accuracy and speed in environment modeling. Furthermore, the proposed approach introduces
anew method for generating the initial population in the GA, leveraging the PRM to produce collision-free paths [17-18]. This
method speeds up convergence and enables the identification of a near-optimal path in fewer generations. In addition, a novel

operator is incorporated to improve the quality of the paths produced by the PRMEGA.

2. Problem Description

This study addresses the challenge of planning an optimal or near-optimal path between a start point and a single target
in environments filled with various obstacles, as shown in Fig. 1(a), and between a start point and multiple independent targets,
as shown in Fig. 1(b). There is no particular sequence for visiting the targets since they are independent. This is considered a
difficult case because the proposed approach must determine the visiting sequence within the route planning to achieve the

shortest and fastest path. The following assumptions were taken into consideration during the research:
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(1) All environments are assumed to be static.

(2) All environmental information is assumed to be known in advance.

(3) No information is provided regarding the order of targets, as the targets are independent of each other.

(4) In this research, the mobile robot is modeled as a point, and the obstacle boundary is defined as the actual limits of the

obstacles plus the minimum safety distance required for the robot[19].
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(a) Single target (b) Multiple targets

Fig. 1 An environment with a single target VS. multiple targets

3. Proposed Methodology: A Hybrid PRM and EGA Approach

The methodology in this study is a hybrid of the PRM and EGA, hereafter referred to as PRMEGA. It utilizes PRM to
generate feasible paths that serve as the initial GA population. Furthermore, it improves the basic GA operators and exploits

the parallel search capability of GA to produce an optimal or near-optimal smooth path.

3.1. Environment representation (map building)

This work employs image processing and morphological operations to interpret realistic maps and compose the robot’s
environments. The method consists of a set of codes, implementable in any programming language, that first reads a 2D map
image in .jpg format. The image is then converted to grayscale and subsequently to a binary image. Afterwards, all objects and
their sizes are identified. The proposed method outlines the objects’ boundaries using morphological operations, and finally
fills all identified objects with black. The environment representation consists of the following steps:

Input: 2D image map
Output: A map that can be recognized by algorithms

Read the 2D map as an image.

Convert the image to grayscale, then convert it to a binary image (0.8).
Define main objects inside the image.

Apply erosion and Dilation (morphological operation).

Find the outer boundaries of the objects in the image.

With the objects’ borders, create a new binary picture.

Program features of the binary image’s regions.

Create a map of binary occupancy.

e R o o

Display the occupancy map.

w
N

Path representation (GA chromosome representation)

In the proposed approach, a path can consist of a start and a single target, as shown in Fig. 2(a), or a start and several n

targets {Ty, T, Ts, -, T}, which may appear in any order, as shown in Fig. 2(b).
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(a) Single target (b) Multiple targets
Fig. 2 Path of the robot

Paths are represented as chromosomes of varying lengths, and path nodes (Cartesian floating points) serve as chromosome
genes. A chromosome is shown in Fig. 3; where (x,, y,) is the starting point and (x,, ,,) is the last point, with (x;, y;) and

(xi41,Vi+1) connected by a line segment.

YD) [ Yy | | K Ya) | XYl |

Fig. 3 Chromosome representation

3.3. Initial population

The proposed approach has a main advantage over other existing GAs in how it generates the initial population.
Conventional GAs are blind. They generate paths from the starting point to the goal without considering potential collisions
with obstacles, which increases both the number of generations and the time required to achieve a feasible solution. In contrast,
the proposed approach utilizes PRM to construct feasible paths, as collision avoidance is the primary feature of PRM. The
three major steps of the PRM [20] are (1) creating random uniform milestones in the free configuration space, (2) connecting
these milestones to form a graph by linking edges that cross the free space, and (3) analyzing the graph to find the shortest

path between the start and target milestones.

The PRM steps are as follows:

Input: Map and PPM parameters
Output: Feasible path

Initialize an empty graph G.

In the configuration space, generate random samples and look for instances where they collide with obstacles.
Add collision-free samples to graph G.

Connect nearby samples in G using local planners and check for collisions.

Add collision-free edges to graph G

Repeat steps 2—5 until a sufficient number of samples and connections are added to G.

Nk » b=

Utilize a path planning method (such as Dijkstra’s or A *) to determine a route from the start point to the goal.

PRM performs well in maps with small, medium, and somewhat large areas, but its efficiency decreases in maps with complex
or very large areas, where computational time and memory usage increase, and node distribution deteriorates. These drawbacks
can be reduced by adopting efficient strategies in sampling techniques, data structures, and by optimizing the number of

milestones and edges.

If only one target is present, the PRM generates a path from the start point to the target. When multiple targets are present,
a different tactic must be used. The PRM is applied between the start point and all targets, as well as between each target and
the remaining targets, at least three times. This process creates several segment lines between the start point and each target,
as well as between each target and the others. Next, these lines are connected to form feasible paths from the start point to all
targets in a random sequence, ensuring that no target is visited more than once in any path. This process is repeated until the
required GA population is generated. Although these paths are collision-free, they may contain sharp turns and be unsuitable
for real-world applications. Therefore, these paths must be refined using genetic operators to achieve optimal or near-optimal

solutions.



Proceedings of Engineering and Technology Innovation, vol. 31, 2025, pp. 29-44 33

3.4. Objective function

The fitness function evaluates the quality of the paths. Since every path in this work is feasible, the evaluation focuses
solely on path length, without considering feasibility. Accordingly, the objective function f is minimized, with distance serving

as the optimization criterion, as expressed in the following equation.

1

f==
d, (D

=1

1

1

where Y7, d; is the summation of distances between the nodes along the path, and n is the number of path nodes. In this work,

the Euclidean distance is used to calculate the d; [21-22].

d; :\/(xi+l_xi)2+(yi+l_yi)2 "

In Eq. (2), x; and x;,4 are the X-coordinates of the ith and (i+1)th node of path P, respectively. Similarly, y; and y;, are the
Y-coordinates of the ith and (i+1)th node of path P.

3.5. Operators of GA

The three genetic operators (selection, crossover, and mutation) used in traditional GAs to mimic natural selection provide
their powerful search capabilities [23-24]. In this section, the genetic operators are refined to maintain and enhance the

feasibility of population paths and achieve optimal solutions. The flowchart of the proposed approach is depicted in Fig. 4.

Environment preparation (map building) by
morphological operation and image processing

l

Generating initial population: by running PRM
algorithm several times till get the maximum
number of chromosomes (paths)

|

Smoothing population paths: by utilizing the
enhanced operator

l

—-{ Measure the fitness of all chromosomes

l

Selection of chromosomes depending on the
wheel selection mechanism

l

One-point crossover between the selected
chromosomes (parents)

l

Mutation: to add genetic diversity to the
population

If the number of
iterations equals 100

Elitist: preserve 10% of
the best chromosomes

Fig. 4 Flowchart of the proposed approach
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(a) Enhanced operator

The path generated by PRMEGA is collision-free and achieves the highest fitness value. However, due to the randomized
nature of both PRM and GA, the resulting paths often contain sharp turns and zigzag movements. This issue is particularly
evident immediately after the start point and before the target point when a single target is present, or before each target point
when multiple targets exist. These irregularities render the paths unsuitable for real-world applications. An enhanced operator

is developed to refine the path of PRMEGA by smoothing sharp turns and improving overall path quality.

This operator utilizes a slope-based calculation and focuses on the first two nodes after the start point, as well as the last

two nodes before each target in the path.

Ay y,—y
Slope = — = —=———
Pe= A 3)

Xy T X

where Ay represents the change in Y, and Ax represents the change in X. Here, x; and x, are the respective X-coordinates of
the given points, whereas y; and y, are the respective Y-coordinates of the given points. The operator determines the quadrant
of the circle in which the first and second points are located, according to the path’s starting point, by applying Eq. (3) between

the start point and the first point, and between the start point and the second point.

(1) If the two points lie in the same quadrant, the operator performs no modification, as illustrated in Fig. 5.

=)

‘ (Kitarts Ystart)

v v
(a) Before the enhanced operator (b) After the enhanced operator

Fig. 5 First case: the first and second points are located in the same quarter

(2) If the two points lie in opposite quadrants, the operator removes the first point and connects the start point to the second

point, since no obstacles are present in this region, as depicted in Fig. 6.

il g S—

= y

(X,,Yy)

(X,,Yy)
v v

(a) Before the enhanced operator (b) After the enhanced operator

Fig. 6 Second case: the first and second points are located in opposite quarters
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(3) If the two points are located in horizontally adjacent quadrants, the operator removes the first point and generates a new
point, where X, will is set equal to X, and Y, is kept the same, so the first becomes (Xgiare, Y2). This adjustment

accounts for the potential presence of an obstacle between the start point and the second point, as shown in Fig. 7.

(X1,Yy) :(
‘ (Xsta.mYstan) } ‘ (XstansYstan)
v
(a) Before the enhanced operator (b) After the enhanced operator

Fig. 7 Third case: the first and second points are located on horizontally adjacent quarters

(4) If the two points lie in vertically adjacent quadrants, the operator deletes the first point and generates a new point, where
Y, is set equal to Yy and X, is kept the same as the original value. Thus, the new first point becomes (X3, Ystart). This
adjustment accounts for the potential presence of an obstacle between the start point and the second point, as illustrated

in Fig. 8.

V' N
(Xz.Yg)
‘ (&m’Ysm) } ‘ (XstamYslan)
(X1,Yy)
A 4 v
(a) Before the enhanced operator (b) After the enhanced operator

Fig. 8 Four cases: the first and second points are located on vertically adjacent quarters

The enhanced operator is also applied to the target. If the path contains a single target, it operates on that target; if multiple
targets exist, it is applied to all of them. In this case, the four cases are evaluated for the last two points preceding each target,
but in the opposite direction. As a result, the produced path becomes smoother and more suitable for real-world applications.

The steps of the enhanced operator are summarized in Pseudocode 1.

Pseudocodel: an enhanced operator

Function-enhanced path
1. Initialize p = path
2. Calculate leg = Length(p)
3. S =p(start point), pl = p(first point), p2 = p(second point)
4. Ifleg>6:
- Calculate th1 = angle between S and p1
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- Calculate th2 = angle between S and p2
- Determine the quadrant of th1 and th2
- If th1 and th2 are in the same quadrant:
- No modification
- Else if th1 and th2 are in opposite quadrants:
- Delete pl
- Else if th1 and th2 are in different quadrants:
- Modify p1 according to the quadrant difference
- Delete pl
- Update x-coordinate of p1
- Update y-coordinate of p1
4. Ifleg > 5 (after modification):
T = p(target), pl = p(target-1), p2 = p(target-2)
- Calculate th1 = angle between T and p1
- Calculate th2 = angle between T and p2
- Determine the quadrant of th1 and th2
- If th1 and th2 are in the same quadrant:
- No modification
- Else if th1 and th2 are in opposite quadrants:
- Delete pl
- Else if th1 and th2 are in different quadrants:
- Modify p1 according to the quadrant difference
- Delete pl
- Update x-coordinate of p1
- Update y-coordinate of p1
5. Return the modified path p

(b) Selection operator

The selection operator is the most important factor influencing the performance of a GA. It is based on the principle of
‘survival of the fittest’ [10], where individuals with higher fitness values have a greater probability of being selected for the
next generation. Several selection methods exist; this work adopts roulette wheel selection. Wheel selection is a mechanism in
which individuals (paths) from the population are chosen for reproduction according to their fitness scores. The higher the

fitness, the greater the probability of being selected.

(c) Crossover operator

The crossover operator enables two parent chromosomes to exchange information, producing two offspring for the next
generation. Each path in this work may contain multiple target nodes arranged in a random order, in addition to a start node.
In this case, the path must be divided into segments corresponding to the number of targets before performing the crossover
operation. A one-point crossover is then carried out between the segments of the two chosen paths if they belong to the first
or second case, as described by Alabbadi and Kanan [25]. Finally, the segments of the newly created paths are merged and
rearranged according to the paths’ original order. In contrast, for paths containing a single target, the one-point crossover is

performed directly without segment division or merging.

(d) Mutation operator

Mutation is considered the most important operator in GA, as it introduces genetic diversity into the population and helps
prevent convergence to local optima by exploring the solution space [25]. In this work, the mutation operator randomly selects
a node from the path, excluding the start and target points, and generates several nodes around the chosen node. The operator

then selects the candidate nodes that produce the best fitness value for the path.
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3.6. Elitist strategy

This strategy is crucial and is typically adopted in modern GA algorithms. Since chromosomes may change during
crossover or mutation operations, the best chromosome from the previous generation may be lost. To prevent this, an elitist
strategy is employed to preserve the best chromosomes across generations. This approach maintains a steady convergence rate

and enhances the overall quality of the solutions [26]. There are two main types of elitist strategies:

(1) Strong Elitism: Only the best individual(s) in the current population are preserved, ensuring they are carried forward to

the next generation.

(2) Weak Elitism: On the other hand, it retains a specific proportion of the best individuals rather than just the single best one,

typically ranging from 5% to 20%.

In this study, 10% of the best chromosomes were preserved, which is sufficient to maintain high-quality solutions without

interfering with GA operators in the search for better solutions.

3.7. Termination condition

For GAs, there are no universally accepted stopping criteria [27]. Termination typically depends on the nature of the
problem and the size of the solution space. In most cases, the algorithm stops either when predefined criteria are satisfied or
when the maximum number of generations is reached. In some cases, additional conditions, such as fitness stability or a lack
of improvement over successive generations, are also employed alongside the generation limit. The choice of termination
condition ultimately depends on the specific objectives and constraints of the problem. In this study, the algorithm terminates
when the total number of generations exceeds 100. By fixing the termination condition at 100 generations, the algorithm
achieves a balance between computational effort and solution quality. This strategy is effective for solving similar optimization

problems.

4. Experimental Results

This section presents the experimental results of applying the proposed approach to the path planning problem. Section
4.1 reports the results for a single target, including a performance comparison of the proposed approach with traditional GA
[28], the artificial bee colony (ABC) algorithm [29], and enhanced diversity particle swarm optimization (EDPSO) [30].
Section 4.2 presents the results for multiple targets. All experiments were conducted on a laptop computer equipped with a

Core (TM) i7-11800H CPU and 16 GB RAM, and implemented in MATLAB.

4.1. Experimental results of the robot’s path with a single target

(a) Original complex map (b) Draw a simple map using AutoCAD (c) Processed complex map

Fig. 9 Processing a complex map by the proposed approach

To demonstrate the feasibility and effectiveness of the proposed approach, simulation experiments were conducted on
four maps: two realistic maps with different levels of complexity, a cluttered map, and a narrow passage map. The two realistic

maps (obtained from online sources) were initially redrawn as 2D layouts using AutoCAD, and subsequently processed and
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constructed image processing and morphological operations, as illustrated in Fig. 9 and Fig. 10. Fig. 9(a) shows the complex
map image, while Fig. 10(a) shows the simple map image. During the initialization stage, the two map layouts were drawn
using AutoCAD, and the results were saved as images in the .jpg format, as depicted in Figs. 9(b) and 10(b). Subsequently,
the two map images were processed and prepared in a way that makes them recognizable for search algorithms, as shown in

Fig. 9(c) for the complex map and Fig. 10(c) for the simple map.
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(a) Original simple map (b) Draw a simple map using AutoCAD (c) Processed simple map

[ _ -

Fig. 10 Processing a simple map by the proposed approach

Fig. 11 shows a cluttered map image and a narrow passage map in .jpg format. Fig. 12 illustrates the corresponding images
processed using the proposed approach. Despite differences in size and complexity, the processing time required for each of
the four maps is approximately 1.5 seconds. This makes the proposed approach suitable and practical for real-world
applications, in contrast to grid-based decomposition, which is typically used for mapping or environment representation. The
processing speed of this method is influenced by the map’s complexity, size, and required level of accuracy, all of which

significantly affect execution time.
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(a) Original cluttered map (b) Original narrow passages map

Fig. 11 The original maps

(a) Processed cluttered map  (b) Processed narrow passages map

Fig. 12 Processing the maps by the proposed approach

The PRM was subsequently employed to generate feasible paths, producing 1,000 nodes for all simulation experiments
across all maps. The number of nodes has a significant impact on computation time. A larger number of nodes expands the
search space, increasing the likelihood of finding an optimal path. However, it also substantially increases computational time.
Conversely, a smaller number of nodes reduces computation time, but may result in less efficient paths. Therefore, selecting
an appropriate number of nodes is essential. The EGA used paths generated by the PRM as its initial population and employs

them to produce optimal or near-optimal paths. Table 1 summarizes the control parameters of the EGA.
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Table 1 Control parameters of the EGA

Parameter Value
Generation No. 100
Papulation size 10

Selection probability | 0.33
Crossover probability | 0.85
Mutation probability | 0.01

As illustrated in Fig. 13(a), a complex map, Fig. 13(b), a simple map, Fig. 13(c), a cluttered map, and Fig.13(d), a narrow
passages map, the large circle represents the starting point, and the small circle represents the target point. The straight lines

represent feasible paths generated by the PRM, whereas the dashed line depicts the best solution (path) obtained by EGA.

Moreover, as shown in Fig. 14, the simulation process using the PRMEGA algorithm yields a near-optimal path with only
23 iterations, 4 despite the maximum number of iterations being set to 100 for all maps. This result demonstrates the capability
of the proposed approach to generate an optimal or near-ideal collision-free path with a relatively small number of generations

and offspring.
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(a) Best path planned on the complex map (b) Best path planned on the simple map
O Target O Target
O Start
(c) Best path planned on the cluttered map (d) Best path planned on the narrow passages map
Fig. 13 Simulation result of the proposed approach on all maps
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Fig. 14 Evolution procedure of the proposed approach on different maps
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Fig. 14 Evolution procedure of the proposed approach on different maps (continued)

To verify the efficiency of the proposed approach, comparisons were conducted with conventional GA [28], ABC [29],
and EDPSO [30]. The control parameters for each algorithm are summarized in Table 2. All parameters were adopted directly
from the original literature, except for the number of generations and the population size, for which fair values were assigned

to ensure a balanced comparison

Table 2 Values of algorithms’ parameters

Algorithm Parameter Values
Population size 50
Chromosome length 10
GA Generation No. 100
Crossover probability 0.80
Mutation probability 0.15
Population size of bees 50
Iteration No. 100
ABC No. of handling points 5
Acceleration coefficient 1
Abandonment limit parameter 200
Population size 50
Generation No. 100
EDPSO G, G, 04,04
fi 2
g 6

Since optimization algorithms yield different numerical results in each run, even under identical parameters and
workspace, each algorithm was executed 20 times for path planning on the complex map. For each algorithm, the mean, best,
worst, and standard deviation values of the running time and fitness value were calculated. The results are presented in Table
3 and Table 4, respectively. As shown in Table 3, PRMEGA required less execution time to plan a near-optimal path compared
with the other algorithms. The results in Table 4 further indicate that the proposed approach achieved the best fitness value,

indicating that the planned path was shorter than those generated by the other algorithms.

Table 3 Running time comparison

Parameter (Second) | PRMEGA GA ABC EDPSO
Mean running time 32.115 57.891 | 98.489 | 39.041
Best running time 31.779 56.143 | 96.899 | 37.892
Worst running time 32.937 59.031 | 100.021 | 40.122
Table 4 Fitness value comparison

Parameter PRMEGA GA ABC | EDPSO
Mean fitness value | 0.00260 | 0.00255 | 0.00246 | 0.00257
Best fitness value 0.00268 | 0.00266 | 0.00259 | 0.00268
Worst fitness value | 0.00255 | 0.00249 | 0.00240 | 0.00253
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Fig. 15(a) shows that the proposed approach outperforms traditional GA, ABC, and EDPSO in execution time by up to
25.5%. Fig. 15(b) indicates that it achieves a better fitness value than the other three algorithms by up to 14.1%. Although all
strategies are capable of generating a collision-free path, the computational time required to obtain them must be considered.

The proposed method demonstrates its superiority by building a nearly optimal path in both execution time and fitness.

120 0.00265
98.489 N 0.0026
100 0.0026 0.00257
0.00255
80 0.00255
57.891
60 0.0025
2.115 39.041 0.00246
40 328 0.00245
20 0.0024
0 0.00235
PRMEGA GA ABC EDPSO PRMEGA GA ABC EDPSO
(a) Mean running time (b) Mean fitness value

Fig. 15 Performance of PRMEGA, GA, ABC, and EDPSO

4.2. Experimental results of the robot’s path containing multiple targets
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(a) Single start and three targets

Fig. 16 Path with a single start and multiple targets in a complex map
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Fig. 17 Path with a single start and multiple targets in a simple map
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In this section, the proposed PRMEGA approach was applied to both complex and simple maps with multiple independent
targets, using the same parameter values as specified in Section 4.1. Fig. 16(a) and 16(b) illustrate the optimal paths generated
by PRMEGA in a complex map with different numbers of targets, three targets in Fig. 16(a) and four targets in Fig. 16(b).
Figs. 17(a) and 17(b) illustrate the optimal paths generated by the proposed approach in a simple map with a single start point
and multiple independent targets, three targets in Fig. 17(a), and four targets in Fig. 17(b). The resulting paths successfully

visit all targets without colliding with any obstacles.

The experimental results demonstrate the effectiveness of the proposed method in both simple and complex environments
with varying numbers of independent targets. These findings indicate that PRMEGA is scalable with respect to the number of
targets, the size of the environment, and its complexity. However, as the number of targets increases, PRM requires more time
to plan routes between them and to supply EGA with the necessary information to find the optimal or near-optimal path from
the start point to all targets. Nevertheless, it remains more computationally efficient than planning routes sequentially from the

start point to the nearest target and then to the next one.

5. Conclusion

This study introduces PRMEGA, a new algorithm designed to plan collision-free, near-optimal paths from a starting point
to one or multiple independent targets in realistic environments with obstacles. The proposed approach significantly improves

the efficiency of existing GA-based techniques.

(1) Concerning environmental representation, PRMEGA relies on morphological procedures and image processing to
represent the environment. This approach eliminates the typical trade-off between accuracy and speed found in

conventional cell-based methods.

(2) A novel method is introduced to generate an initial population composed entirely of collision-free paths, which expedites
the evolutionary process and allows finding a nearly optimal path to one or multiple targets in fewer generations and

offspring.

(3) An enhanced operator is developed to smooth paths and improve their quality. Simulation results demonstrate that the
proposed approach successfully and efficiently plans collision-free, near-optimal paths for both single and multiple

independent targets.

The results of PRMEGA are compared with those obtained by traditional GA, ABC, and EDPSO. The results demonstrate
that PRMEGA greatly outperforms the other approaches by producing smoother, shorter paths and reducing runtime by 14.1%.
Future work should include additional comparisons based on various criteria and diverse environments. Moreover, the

proposed approach can be further developed to handle unknown environments or dynamic obstacles and targets.
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