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Abstract. This paper describes a Fuzzy-Genetic Algorithm Approach
for path planning of mobile robots with obstacle detection and avoidance
in static and dynamic scenarios. Through the software Netlogo, used in
simulations of multi-agent applications, a seminal model was developed
for the given problem. The model, which contains a robot and scenarios
with or without obstacles, is responsible for determining the best path
used by a robot to achieve the goal state in a shorter number of steps
and avoiding collisions. Additionally, a performance evaluation of this
model in comparison with A* algorithm is presented.
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1 Introduction

Mobile robots are an important feature to be considered in automated envi-
ronments [1, 2], in particular smart cities, offering a large range of applications
such as: service robots for elderly people, automated guided vehicles for trans-
ferring goods in a factory or at home, unmanned bomb disposal robots, house
and pool cleaning robots, planet exploration robots, underwater robots, remote
physical presence system robots, combat-proven robots, personal robots and pro-
grammable robots, which can be personalized by the user. For example, see Care-
bot (http://www.geckosystems.com/), iRobot (http://www.irobot.com/us/) and
the several robots by Willow Garage (http://www.willowgarage.com/) projects.

In these applications, the mobile robots usually perform their navigation
tasks with success using four building blocks: (i) perception of the environment,
(ii) localization and map building, (iii) cognition and path planning and (iv)
motion control. The path planning should be done in accordance with the robot’s
task, by using cognitive decision making. So, the path planning problem of a
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mobile robot can be stated as: given the starting location, goal location and
the map of workplace including static obstacles, how to plan a collision-free
path between two specified points, able to satisfy an optimization criterion with
constraints (performance criterion such as distance, time or energy, being the
distance the most commonly adopted criterion) [1–3]. And what happens if a
dynamic environment is considered?

In the literature, there is a significant number of approaches to solve the path
planning problem, as discussed by Raja and S. Pugazhenthi [1] and Latombe [3].
The two categories of path planning algorithms are off-line and on-line algo-
rithms, concerning the available information related to the environment. Off-line
(or global) path planning of robots can be used if we know all the information
about the static obstacles and the trajectory of the moving obstacles in the envi-
ronment in advance. Otherwise, the mobile robot has to obtain information using
its sensors when moving through the environment – on-line or local path plan-
ning. In general, on-line path planning builds its initial path off-line, becoming
on-line path planning when it finds any change in the environment.

The class of off-line algorithms related to the Configuration Space (C-space)
Approach [4, 5], was discussed by Latombe in the 90’s [3]. Using C-space as the
fundamental concept, many classic path planning approaches such as roadmap
approach (e.g. visibility graph and Voronoi diagram) and cell decomposition
approach (e.g. grid method) have been developed.

Classic approaches, although effective, are known to take more time in deter-
mining a practicable collision-free path. Another shortcoming is the tendency of
getting locked in local optimal solutions. Moreover, when multiple obstacles are
considered, the path planning problem is a non-deterministic polynomial time
hard (NP-hard) problem [6]. The problem is more difficult if the environment
is dynamic, showing that the classic approaches are not adequate to be used in
complex environments [7].

There is also the Dead-reckoning approach, which can be used in some lower-
end, non mission-critical or tightly constrained by time or weight robots. How-
ever, Dead-reckoning is not totally accurate, which can lead to serious errors in
distance estimates [8].

On-line path planning approaches, like the artificial potential field approach,
the collision-cone approach, the vector field histogram approach, dynamic win-
dows approach and their extensions and variants (influential algorithms, escape-
force algorithm, trap recovery model, adaptive virtual target algorithm), have
been widely discussed since the growing interest in autonomous mobile robots
that are capable of operating in dynamic environments [3, 9–13].

Although classic approaches for the on-line path planning problem are ef-
fective, computation time is here more crucial for the success of any algorithm,
since optimum results can be hardly achieved in a very short computation time,
due to incomplete information about the environment. Hence, evolutionary ap-
proaches like Genetic Algorithm (GA) and Particle Swarm Optimization, Ant
Colony Optimization and Simulated Annealing have been used to solve the path
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planning problem quickly, also combined with the classical approach [14, 1, 15,
2].

This paper is organized as follows: Section 2 presents the Genetic Algorithm
Approach; Section 3 presents the proposed model of path planning of robots;
Section 4 describes the comparative performance tests conducted between A*
and GA, and the results obtained through the simulations; Section 5 presents
the conclusion and points to future studies.

2 The Genetic Algorithm Approach

The Genetic Algorithms Approach has emerged as an important alternative
in several recent studies related to the problem of path planning of mobile
robots [16–19, 8, 15, 20, 21, 2, 22]. A Genetic Algorithm is a variant of stochastic
beam search, in which the successor states are generated by combining two par-
ent states, rather than being generated by the modification of a single state [23].

The GAs were introduced by John Holland in the 60’s, whose main objective
was not to develop algorithms to solve specific problems, but to devote himself
to the formal study of the phenomenon of evolution as it occurs in nature,
and develop ways to import it to computing systems [24]. In this model, there
are initially a set of states (individuals) called population, which is randomly
generated. Each individual is represented by a single chromosome containing
the coding (genotype) of a candidate for a solution.

Besides the wide possibility of variations, configurations and modifications,
the Genetic Algorithm Approach also allows the addition of other techniques
that complement and/or improve the results. In [19], the Genetic Algorithm
Approach was combined with the use of Hopfield Neural Networks, avoiding the
collision of obstacles in the process of crossover between two distinct paths. By
using this type of neural network, it is possible to add new nodes on the path of
the robot, creating deviations along the way, and thus avoiding collision. In [18],
the potential numeric field was added to the genetic algorithm, being taken into
account the feedback of the position and movements of the obstacles to avoid
collisions by path replanning.

Besides the addition of new techniques to genetic algorithms in order to
solve the problem of path planning, there have also been proposed changes in
the traditional characteristics of the GA model – as we can see in [17], where a
hybrid genetic algorithm is introduced to avoid a premature convergence in the
model. A fuzzy control strategy is used to adjust the crossover and mutation
probabilities, making the model self-adaptive.

Additional knowledge about the problem can also be used in the model of
genetic algorithms. In [16], the domain knowledge was incorporated to specialized
operators, combined with local search techniques. In this model, some operators
have been specifically developed to the refinement of solutions, where one can
adjust lines between two points crossing an obstacle, a point that is located just
over an obstacle or even the placement of nodes.
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More recently, the Navigation Strategy algorithm was proposed in [15] to
find an optimal path in a simulated grid environment. The GA finds a path that
connects the robot’s starting and target positions via predefined points. The
length of the chromosomes (number of genomes) is dynamic and the genome
represents a node in the 2D grid environment. The problem they found is that
it is likely that the fittest chromosome is lost while performing the reproduction
operations. This problem was solved by using the concept of elitism to maintain
the population richness.

3 The Model of GA-Based Path Planning of Robots

This paper presents a study aims at proposing an approach based on genetic
algorithms to the problem of path planning of mobile robots using a multi-agent
systems development platform, where both robot and obstacles are implemented
as interacting agents.

For the development of our approach for a GA-based path planning, we
consider static and dynamic environments in order to analyze the ability to avoid
collisions and to determine the choice of the best path. The development platform
adopted was the Netlogo software, a development environment for multi-agent
models, based on the Logo language [25]. We represent both robot and obstacles
as agents, since the software allows the movement and interaction among agents,
as well as the modeling of a GA.

The model consists of a robot, fixed and mobile obstacles – the amount of
mobile obstacles can be changed in any simulation. Initially, the robot builds
the best path, based on a static environment. Once the process is complete,
the robot begins to move along its path, while the obstacles begin to move
featuring a dynamic environment. When finding an obstacle in the way, the robot
recalculates the path and redirects its way to avoid collisions. Upon reaching the
goal state, the robot stops and the procedure ends.

At first, a random initial population of individuals is generated, where each of
these individuals is composed of a chromosome that represents a particular path
in the environment. All individuals in the population are possible candidates
to solve the problem. At this moment, however, the solutions are generated
randomly without any selection criterion. There are static and mobile obstacles
in the scenario, which may interfere in the path determined by the robot.

The GA is basically made of reproduction and mutation operations, with
the specification of the fitness function of each new individual generated. The
process is performed a number of times, called generations or eras. At the end
of these procedures, the best individual, i.e. the best solution to the problem is
returned.

In static environments, where the obstacles are immobile, these procedures
would be sufficient. However, the problem consists of a static and dynamic envi-
ronment, where obstacles can move freely around the scenario, directly affecting
the path of the robot. In order to deal with this, we implemented a procedure
to detect obstacles to avoid collision.
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The implementation was done using the NetLogo Platform and a flowchart
of the model is shown in Figure 1.

Fig. 1. Flowchart of GA-Based Path Planning of Robots

This model begins with the random generation of a population of candidates
to solve the problem, where each individual has a chromosome with a sequence
of movements for the robot. These movements are performed in a static scenario
and evaluated according to a fitness function. Using the value obtained through
the fitness function, the model chooses individuals for the crossover process,
generating a new population of (possibly) better individuals. After that, the
mutation process is used, to add diversity to the population and to escape from
maximum locals. These two processes are repeated a number of times and the
best solution is returned at the end.

The simulation starts with the robot leaving its initial state and following the
sequence of movements contained in the solution. In this moment, the obstacles
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also begin to move in the environment. At each step, the robot checks if there
is an obstacle close to it in the remaining path. If so, it is recalculated and the
GAs process starts looking for a new solution again. The simulation ends when
the robot finally achieves the goal state.

So, the proposed approach for path planning of mobile robots consists by a
GA determining the best path for the robot, that is, the shortest free-collision
path, the ability to identify obstacles in the way and the recalculation of the
path to reach the goal state.

The proposed algorithm is presented in Algorithm 1.

Algorithm 1 - Fuzzy GA Obstacle Detection Procedure

Generated the population of individuals randomly

Perform the movements present in each chromosome

Evaluate the fitness of each individual at the end of the path

Repeat the GA process for the number of generations

Repeat the crossover process according to the rate defined

Select the parents through the tournament selection

Divide in two, in a random position,

each of the parent chromossomes

Generate two new individuals with the mixture

of the two parental chromosome

If elitism is enabled

Select the best individual

Transfer it to the subsequent generation

Copy the remaining individuals to the next generation

Discard the old population

Perform the mutation according to the rate defined

Perform the movements present in each chromosome

Evaluate the fitness of each individual at the end of the path

Do while the lowest fitness is >= 0

Repeat the same process of GA

Add random chromosome every 10 generations

Print the best individual path

The algorithm starts with the generation of the initial population for the
genetic algorithm. The number of individuals of the population is determined
by the POPULATION slider which lies on the interface of the model (elements
of the simulation tool will be more detailed in the next Section).

Each individual of the population is coded in a chromosome. This chromo-
some is a binary array that represents a sequence of movements, where each
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movement is coded in three bits (required to encode the eight possible move-
ments ) as follows: right (000), top-right (001), top (010), top-left (011), left
(100), bottom-left (101), bottom (110) and bottom-right (111). For example, a
chromosome that represents a path with 15 movements, composed of 15 genes,
has the phenotype 001001001001000001001001010010011001001001000.

The chromosomes can have distinct sizes, starting with the size determined
by the MIN-SIZE-CHROMOSOME slider. The movements that comprise the
chromosomes are also chosen randomly. Soon thereafter, the movements present
in each chromosome are performed, and the calculation of the value of the fitness
function – also known as fitness of the individual – is done.

The fitness function is responsible for quantifying the quality of each individ-
ual as a possible solution to the proposed problem. In a maximization problem,
the higher the value calculated by the fitness function, the better the solution.

The problem of path planning of mobile robots is a minimization problem, as
it aims at determining the best path of displacement of a robot from an initial
point to a goal state. Therefore, the best path is determined by the shortest
path, i.e. the smallest chromosome, since it avoids collisions with obstacles. In
order to calculate the fitness, all the movements present in the chromosome of
each individual are run.

At each movement, the presence of obstacles along the way is checked, and
those individuals whose path collides with obstacles are penalized. While moving
to a new patch, according to the movement determined by the chromosome, the
presence of obstacles is checked in the local. In case there is an obstacle, the
candidate to the solution of the best path is then penalized in the fitness function,
according to the value stipulated in the interface through the PENALTY slider.

In case there are no obstacles in the patch selected for the movement, a new
scan is performed, but this time in relation to the goal state. If the chosen patch
is the goal state to be reached through the path, the solution is rewarded (the
value of the bonus is determined by the BONUS slider in the interface) in its
fitness function.

Finally, if the chosen patch is just a common one without the presence of
obstacles or the goal state, the value of the fitness function is only increased by
the value of the displacement.

The Fitness Function adopted for the problem is defined by:

Fitness =

n∑
i=0

dist× (1+weight)+ (maxsizex−posx+maxsizey−posy), (1)

where dist is the stretch covered in the movement (forward, backward or side-
ways movements consume one unit of distance, whereas the diagonal movements
consume

√
2 units of distance); weight is the value assigned by the penalty or

bonus (this value will be zero if none of the above is attributed to the variable);
maxsizex and maxsizey represent the values of the maximum dimension of the
environment; posx and posy indicate the current position of the solution with
respect to x and y axis, respectively.
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After performing the movements present in the chromosomes and calculat-
ing the fitness function of all individuals from the initial population, the process
of genetic algorithm and its operations of crossover and mutation begin. Based
on the crossover rate, determined by the CROSSOVER slider, new individuals
are generated through reproduction or copy (e.g., if the crossover rate is 70,
this means that 70% of the new population will be generated through reproduc-
tion and the other 30% will be merely a copy of the individuals of the current
population).

The reproduction process used is the tournament selection. In this process,
three individuals of the current population are randomly selected. The individual
with the best fitness among the three is chosen as a parent. The same procedure
is used to choose the other parent of the new individual. Then, the genetic code
(chromosome) of each one of the selected parents is randomly divided into two
parts, in a process called one-point crossover.

As a result, two new individuals are generated and receive part of the chro-
mosome from each parent. The first individual stores the first portion of the
genes of its father and the second portion of the genes of its mother in its chro-
mosome. The second one will inherit the second part of the genes of its father
and the first part of the genes of its mother.

At the end of the reproduction process, the remaining individuals of the new
population are generated by cloning, i.e. they are selected through the same
tournament selection used in the reproduction, but without the cross between
two individuals. Thus, the chosen individual is copied to the next generation. If
elitism is on via the ELITISM? switch button in the interface, the best individual
of the current population is copied to the subsequent generation. With the new
population created, the old population is eliminated and the mutation process
begins.

The mutation is performed based on the mutation rate determined by the
MUTATION-RATE slider (e.g. if the slider is positioned on 10, the chances
of occurring mutation in the individual is 10%). The mutation process is the
replacement of one of the genes of the chromosome, i.e. the change of a movement
of path of the individual. One of the genes of the chromosome is randomly chosen
and replaced by another gene, also arbitrarily chosen, which will be composed
by one of the eight possible movements.

At the end of the mutation process, all individuals of the population are
subjected to movement (through the paths present in their chromosomes) and
to the calculation of the fitness function. The process of the genetic algorithm is
repeated until the number of generations determined by the interface is reached.
If the goal state is not achieved by the best path obtained at the end of the pro-
cess, the simulation continues to run and, every 10 generations, new individuals
randomly generated are included, aiming at adding diversity to the population
and escaping from local maximum.

Since the goal state is achieved in the best solution, the final path of the
robot is performed. The movements performed by the robot are alternated with
the movements realized by the obstacles which, in turn, are triggered by another
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function. The obstacles move as a snake; its head is identified by the color brown
and determines the direction of the movement of the obstacles, being followed
by the other parts of the body. The head chooses one of the neighbor patches
(von Neumann neighborhood) to move. If the selected patch is already occupied
by an agent, the function is called again to choose a new neighbor. The function
is recursively performed until an available neighbor is found. Having satisfied
this condition, the head moves to this patch and the remaining obstacles track
the movement.

With the random displacement of the mobile obstacles and the presence of
fixed obstacles in the environment, the path taken by the robot cannot reach
the goal state, as the scenario changes at every step. Therefore, it is necessary to
constantly verify the closeness of the obstacles in the path. This verification can
be done with or without the use of a fuzzy function. When the fuzzy function
is used, the robot is given autonomy to anticipate the decision of path recalcu-
lation, in accordance with some degree of relevance to situations of imminent
collision. The robot can realize up to four patches ahead. If the function detects
the presence of obstacles within this perimeter up to four patches, a degree of
relevance to collision is calculated and used as the probability of recalculation of
the robot’s path. If the obstacles are detected at a distance of four patches from
the robot, the probability is 40%; at a distance of three patches, the probability
is 60%; at a distance of two patches, the probability is 80%; at a distance of one
patch, the probability is 100% (in this case, the recalculation is required, since
the next movement of the robot will make it collide with the obstacle).

When the fuzzy function is not used to detect the presence of obstacles
around the path, it is only recalculated when the obstacle is in the subsequent
patch where the robot is. Whatever approach is used, with or without the fuzzy
function, the recalculation of the path will always occur to avoid collision between
robot and obstacles.

In the recalculation of the path, the same procedures described above are
performed, though this time in a completely different scenario. The recalculation
of the path can be executed several times along the way of the robot – for each
new obstacle found along the way, there will be a new recalculation of the path.
This way, the collision is avoided and the best path for the robot is obtained.
Upon reaching the goal state, the chromosome is edited by removing all genes
that are surplus after the gene that reached the goal state (e.g. if a chromosome
composed of 25 genes achieved the goal state at gene 23, genes 24 and 25 are
discarded).

During simulation, the values of the fitness function from the best and the
worst individual in the population of each generation over the time are printed on
the graph. While the graph generated by the worst individuals across generations
presents an extremely oscillatory aspect, with large variations in the value of the
fitness function, the graph generated by the best individuals shows a decrease in
the value of the fitness function, sometimes reaching stability at a given point
in the simulation.
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4 The Simulation Tool

The Netlogo development environment consists of three main tabs: interface,
information and procedures. In tab interface we can control, perform and display
all the actions of the model, whereas all the details and features of the model,
as well as the explanation of its operation are added to the tabinformation. Tab
procedures holds all the functions of the model programmed in Logo language. In
the sections that follow, the elements that make up the interface and functions
related to these elements implemented in the tab procedures will be described.
The explanation adopted in tab information will be throughout the text.

Fig. 2. General View of Tool Interface

In the Netlogo tab interface, several elements and buttons for the configura-
tion, execution and control of the simulation of the problem of path planning of
mobile robots were added, as shown in Figure 2.

The red and green patches represent the starting and final point respectively.
The mobile obstacles (snake) are the brown-and-blue houses while the fixed
obstacles are the orange houses. The scenario is marked as a chessboard to
facilitate the visualization of the movements of the robot.

The SETUP and GO buttons are responsible for setting and executing the
model. Initially, the environment is composed of an invisible population of candi-
dates to the best path and fixed (orange) and mobile (blue) obstacles distributed
across the map. When the simulation starts – GO button, the genetic algorithm
is executed by a certain number of generations, which is defined by the user
through the GENERATION slider.

Besides the SETUP and GO buttons, there are other sliders to set the pa-
rameters adopted in genetic algorithm, such as number of generations, number
of individuals (population), crossover rate, mutation rate, minimum size of the
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chromosome, bonus and penalty scores of the fitness function. On the other
hand, the monitors and plots have relevant information about the model. In this
case, through the POPULATION and GENERATION monitors, it is possible to
visualize the number of individuals of the model and the progress of generations
of the genetic algorithm during the execution of the simulation. In the plot, we
can see the value of the fitness function of the best and worst solution over the
time.

Finally, there are the switch buttons to enable or disable certain characteristic
of the model. In the model, the switch buttons ELITISM? and USE-FUZZY? are
included. The first one controls the presence or absence of elitism in the genetic
algorithm. If so, the best individual of each generation moves on to the next one.
If elitism is off, there is the possibility that the best individual of its species does
not move on to the next generation. The USE-FUZZY? switch button enables
or disables the use of fuzzy function for the recalculation of the robot’s path.

5 Simulation and Results

To assess the feasibility of the proposed path planning of mobile robots using
the Genetic Algorithms Approach, we used the A* (A star) algorithm to carry
out comparative performance tests. The A* algorithm was developed by Peter
Hart, Nils Nilsson e Bertram Raphael in 1968 and is widely used in problems
of path planning and transversal graphs, due to its high performance – it is a
complete and optimal [26].

The A* algorithm evaluates the nodes combining g(n), the cost to reach a
node, and h(n), the cost to go from this node to the goal.

f(n) = g(n) + h(n), (2)

In the Equation 2, h(n) must be a admissible heuristic, i.e. never overestimate
the cost to reach to the goal. This way, f(n) is the estimate cost of the solution
with lowest cost that pass through n [26].

Fig. 3. Performing the Simulation with a Path Obtained After 38 Generations
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In the search for the optimal solution, the A* algorithm explores the promiss-
ing nodes. After choose a node based in the Equation 2, A* explodes this node
for find its neighbor with lowest f(n). Next, the algorithm picks up this node
(the best neighbor from the previous node) and explodes again, searching for
its neighbors. This process continues until the A* finds the best solution to the
problem.

The genetic algorithm used in the performance tests was configured as fol-
lows: population of 299 individuals, 80% crossover rate, 20% mutation rate and
elitism activated. During the simulation, the GA is run for at least 38 gener-
ations – if the goal state is not reached in the first 38 generations, the model
continues to be executed until the robot can achieve its goal. In Figure 3 a path
obtained in 38 generations being performed during the simulation is shown.

Altogether, twenty simulations were performed in three distinct scenarios (as
shown in Table 1): one without obstacles, one with fixed obstacles and another
with fixed and mobile obstacles. As a benchmark performance of the two models,
the length of the path was used – number of movements used by the robot to
reach the goal state. In the last two columns of the table, the superscript number
(i.e. 181) represents the number of recalculations in each simulation.

Table 1 shows the results obtained during the comparative performance tests
between A* and GA.

Table 1. Measure of the amount of movements performed on paths. (Scenarios: ♦ w/o
obstacles – � fixed obst. – 4 fixed and mobile obst.)

Simulation
♦ � 4

A* GA A* GA A* GA

01 15 16 15 21 18 171

02 15 18 15 30 211 254

03 15 16 15 21 18 251

04 15 16 15 21 161 221

05 15 18 15 19 202 23
06 15 16 15 20 161 25
07 15 18 15 17 18 203

08 15 20 15 21 18 23
09 15 15 15 18 171 21
10 15 16 15 26 18 24
11 15 15 15 20 18 21
12 15 16 15 24 211 20
13 15 16 15 20 211 241

14 15 19 15 24 18 29
15 15 16 15 20 18 25
16 15 15 15 21 18 30
17 15 17 15 18 18 256

18 15 16 15 20 181 205

19 15 15 15 16 18 191

20 15 16 15 19 18 25
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To evaluate the performance tests we used the Student’s t-test. In those
performed with the three elaborated scenarios, the A* showed an extremely
significant statistics difference compared to the GA, i.e. 99% sure that the A*
was superior to GA in the tests. Comparing only the results from performance
tests where there was the recalculation of the path in environments with fixed
and mobile obstacles (the superscript number next to length path represents the
number of recalculations performed on each path), the difference between the
two models is statistically significant, i.e. 95% sure.

Despite the opposing outcome presented by the GA Approach in relation
to A*, there is an indication of improvement in the results of the GA as the
complexity of the scenario grows. For example, in scenario 3 (with fixed and
mobile obstacles) the paths calculated by GA were, on average, 26% higher than
the paths calculated to A*. However, when considering only those situations
where there was recalculation of the path, the paths calculated by the GA were,
on average, 19% higher. This suggests that in larger scenarios (in the tests the
size of the scenario was 15×15), with the largest number of obstacles and more
likely to crash, the GA model would pair with the A* in the quality of the path
calculated.

Fig. 4. Final Solution Generated Through GA After Three Recalculations of Path

In the example shown in Figure 4, we could confirm the meeting between the
robot and obstacles while running his path at three different points – black points
1, 2 and 3. In these moments, the path is recalculated to avoid collision between
the robot and obstacles. Each path recalculation, the robot finds a new way free
of obstacles. However, in the first two recalculations, the obstacles eventually
crossing the way of the robot again, forcing him to seek an alternative path.
After the third recalculation, the robot found a path and reached the goal state
without colliding with any obstacle.

In the example shown in Figure 4, we could confirm the meeting between
the robot and the obstacles while running its path at three different points –
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black points 1, 2 and 3. In these moments, the path is recalculated to avoid
collision between the robot and the obstacles. After each path recalculation, the
robot finds a new way free of obstacles. However, in the first two recalculations,
the obstacles eventually cross the way of the robot again, forcing it to seek
an alternative path. After the third recalculation, the robot found a path and
reached the goal state without colliding with any obstacle.

6 Conclusion

After the development of the proposed model and result analysis, we concluded
that the Genetic Algorithms Approach proved to be a viable alternative to solve
the problem of path planning of mobile robot in static and dynamic environment.

Through the Genetic Algorithms Approach, it was possible to model solutions
to the problem using the chromosomes composed by the movements of the robot
in the environment. From solutions arbitrarily generated, the process of crossover
and mutation, based on the fitness function of each individual, the candidates
were able to evolve to solve the problem, reaching a satisfactory solution for each
of the simulations.

The use of the Netlogo software was also of paramount importance in the
development of the proposed model, once it allowed the modeling of a dynamic
environment consisting of mobile obstacles, where the robot can detect them
and avoid potential collisions. Through interaction between the agents of the
environment, the robot can sense the obstacles on its way and recalculate its
trajectory to reach the goal state.

The GA model presented in this paper uses only the basic operations of
crossover and mutation. As it was explained in the introduction of this study,
the genetic algorithm is a powerful tool that can be combined with different
techniques to improve their performance, such as Hopfield Neural Networks and
Numeric Potential Field. Moreover, it is possible to add new and more robust
operators, able to improve the model’s performance.

Despite verifying the superiority of A* in relation to GA in performance
tests, we can expect an improvement in the approach of GA in more complex
models – scenario with fixed and mobile obstacles involving the recalculation of
the path. The scenarios used in the tests favor the A* model, because this is an
optimal algorithm. However, this type of algorithm tends to have its performance
decreased in more complex environments. Thus, in future works, we intend to
improve the GA model by adding new operators and refinement techniques,
subjecting the used models to performance tests with larger and more complex
scenarios. There will be a higher number of fixed and mobile obstacles, and other
robots will be added to feature a multi-agent environment.
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