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Abstract—Global path planning is considered as a fundamental problem for mobile robots. In this paper, we investigate the
capabilities of genetic algorithms (GA) for solving the global path
planning problem in large-scale grid maps. First, we propose a
GA approach for efficiently finding an (or near) optimal path in
the grid map. We carefully designed GA operators to optimize
the search process. We also conduct a comprehensive statistical
evaluation of the proposed GA approach in terms of solution
quality, and we compare it against the well-known A* algorithm
as a reference. Extensive simulation results show that GA is able
to find the optimal paths in large environments equally to A* in
almost all the simulated cases.

I.

I NTRODUCTION

Mobile robots global path planning is a hot research area.
Indeed, in any mobile robot applications, the robot must be
able to find its path to a certain goal position while avoiding
obstacles and reducing the path cost. Designing an efficient
path planning algorithm is an essential issue in mobile robots
navigation since path quality influences the efficiency of the
entire application. The constructed path must satisfy a set
of optimization criteria including the traveled distance, the
processing time, and the energy consumption. The traveled
distance represents a typical metric of interest since it has a
direct impact on time and energy.
In robotics, path planning, in its simplest form, consists
in establishing an obstacle-free path for a robot starting from
the initial (or current) location to the target location. Path
planning makes part of the more generic navigation function
of a mobile robot, that ensures how a robot moves effectively
in its surrounding environment. The path planning particularly
addresses the following question: What is the best way to go
there?
In the literature, the path planning problem is influenced
by two factors: (1) the environment, which can be static or
dynamic, (2) the knowledge that the robot has about the

environment; if the robot has a complete knowledge about the
environment, this problem is known as global path planning.
On the other hand, if the robot has an incomplete knowledge,
this problem is classified as local path planning. In this paper,
we consider the problem of global path planning in static largescale grid environments.
Similar to other optimization problems, the global path
planning problem can be solved with either exact or metaheuristic search methods. Exact methods have the advantage
of being complete, meaning that they find the optimal solution
if any exists. However, the scalability of these approaches is
limited as their execution time increases exponentially with
the size of the problem, which represents the size of the
environment model in the case of global path planning. On the
other hand, metaheuristic methods provide intelligent means
to explore the search space, which significantly reduces the
execution time, but pays the cost that they are uncertain with
respect to finding the optimal solution, thus are qualified as
incomplete methods.
A large number of metaheuristics have been proposed to
solve the global path planning problem such as Ant Colony
Optimization (ACO), Tabu Search, bees’ algorithms, and Genetic Algorithms (GA), etc. Although the GA approach has
been extensively used to solve the robot path planning problem
as compared to the other approaches, most of the previous
works limited their studies to small-size environments with
different complexities. This represents the main motivation of
this paper, we aim at investigating GA capabilities in largescale environments.
In order to investigate more the properties of the GA
approach for solving the global path planning problem for a
mobile robot in large scale environments, we present an algorithm based on the GA approach and evaluate its performance.
Different crossover operators are evaluated to help choosing
the most appropriate one that improves the solution quality.

The effectiveness of the GA algorithm is demonstrated by
an extensive simulation study, and compared against the A*
method.
The rest of this paper is organized as follows. In Section
II, we give an overview of some relevant works that addressed
the robot global path planning using GA. Section III presents
a detailed description of the GA algorithm. The results of
simulation are presented in Section IV. Section V concludes
the paper and discusses the future works.
II.

R ELATED W ORKS

GA is a heuristic method invented in 1975 by John Holland
[1]. It is based on the laws of natural selection and genetics. It
starts with a set of initial candidate solutions for the problem.
Each set of solutions is called a population or generation, and
each individual solution is called a chromosome. For robot
path planning each chromosome represents a path. Usually, the
chromosome consists of start position, goal position, and intermediate positions crossed by the mobile robot. These positions
represent genes of the chromosome. The evolution usually
starts from a population of randomly generated chromosomes,
and it includes four basic steps: fitness evaluation, selection,
crossover, and mutation to create the subsequent generations.
The GA approach has been extensively used for robot
path planning: In [2], Nearchou proposed a GA approach
based on visibility graphs, with fixed length chromosomes
consisting of string of bits, where each bit corresponds to a
specific vertex in the graph. A reordering operator was added
to GA aiming at enhancing performance. The performance
of the proposed approach was compared with hill-climbing
and simulated annealing techniques. The results show a much
better performance for GA approach as the complexity of
the environment grows and the algorithm was capable of
determining a near-optimal solution.
Besides this old work, the GA approach is still being
investigated in recent works, including [3]-[4]. In [3], the
authors presented a path planning algorithm based on a pure
GA. In their simulation work, they tested their algorithm in
several environments that differ by their complexities. The
environments were classified in two categories: with and
without obstacles. The authors evaluated the path cost while
varying the population size and the number of iterations; they
proved that the algorithm was effective as it is able to find
the optimal solution for all the different environments. In [4],
the path planning problem with sub-path constraints has been
tackled. The constraints on the sub-path include particular
paths that must be incorporated in the solution. Obstacle-free
and obstacle-based environments were considered. A GA with
a fixed-length chromosome has been used to solve the problem
of obstacle free path planning. In [5], authors proposed GA
with only the crossover operator to improve execution time
and computational cost. They used adaptive population size
and fixed length chromosomes, each path is represented by two
chromosomes, one for x-coordinate and one for y-coordinate.
In [6], authors proposed modified fitness function and selection
operator. They also added a new operator named “modification” in order to avoid collision in paths. They adopted fixed
length chromosomes where each gene represents a cell in the
grid.

In addition to the variation of GA basic characteristics,
some works proposed using new techniques to generate initial
population for GA. In [7], the authors proposed using rough
sets reduction theory to enhance and reduce the size of initial
population. In [8], fast random search method based upon
probability was proposed to ensure that individuals of the
initial population have a higher advantage.
In the literature, some other research efforts proposed a
hybrid algorithm combining GA with other approaches such
as A*, ACO, etc. In [9], Zhao et al. presented a modified
GA to solve global path planning in case of disasters. They
used a novel method to generate the initial population of the
algorithm which based on a position information feedback
generated using the ACO approach and a priority grouping
method to make sure that the initial population contains only
feasible paths. In their simulation work, the authors claimed
that their proposal provide better collision-free path in a
higher speed. In [10], the authors proposed a hybrid technique
combining GA and the potential field method to solve the
global path planning. The potential field method is applied to
generate the initial feasible paths population of GA (collisionfree paths), then applied to the paths of the new generation
produced after each iteration of GA. The authors implemented
different strategies classified into categories: (1) the diversity
methods such as crossover, mutation, and immigration. (2) The
memory strategy which clones the best solution to the next
generation. In their simulation work, the authors tested the
algorithm in 100*100 environments; they varied the number
and the size of obstacles (maximum 8 obstacles). They tested
different scenarios in which they used different combinations
of the aforementioned strategies. They demonstrated that the
algorithm provides optimal solutions in case of high diversity
(high crossover, mutation and immigration probabilities) with
the use of the memory strategy. They also proved that the
mutation has no impact. Our work differs in the fact that we
considered only GA based planner and we evaluated larger
maps with size up to 2000*2000 grid cells.
A comparative study between different metaheuristic approaches classified as trajectory-based and population-based
approaches for solving the global path planning problem of
mobile robots was conducted in [11]. Three methods were
evaluated namely tabu search, simulated annealing and GA.
It was demonstrated through simulations that simulated annealing outperforms the other planners in terms of execution time, while tabu search was proved to provide the best
solution in terms of path length. The difference with our
work is that we designed a different GA algorithm approach
with new operators that we tested against A* algorithm for
different large-scale and random maps with different obstacle
ratios, whereas in [11] global comparison between different
approaches where performed on one example of a campus map.
In [12], the authors proposed a multi-objective GA using the
elitist non-dominated sorting GA to demonstrate the flexibility
of evolutionary computing approaches in solving large-scale
and multi-objective optimization problems. The objective was
to optimize path length, path safety, and path smoothness.
Using simulations, the GA planner was evaluated with different
size environments up to 128*128 grid cells with obstacle ratios
up to 91%. In our work, we evaluated grids with size up to
2000*2000 cells for very large-scale grid environments, which
makes substantial difference with previous works.

All of these previous works limited their studies to small
and medium size environments (maximum size 128*128 grid
cell environments) with different complexity. In this work,
we design a GA path planner and evaluate its performance
of on large-size environments starting from 100*100 up to
2000*2000. To the best of our knowledge such very largescale grid maps were not evaluated in the literature, which
represents one of the contributions of this paper as compared
to related works. We aim at investigating the GA capabilities in
solving the global path planning problem in large environment
in terms of solution quality. For that purpose, we compare path
obtained by our GA planners against those found by the A*
algorithm. The next section, present the GA planner and its
control parameters.
III.

GA PATH P LANNER

In this section, we first present the environment model that
we used for the global path planning problem of mobile robots,
then we describe our GA approach.
A. Environment Model
In our model, we consider a grid-based map to represent
the environment space of the robot, which is typical for
mobile robots. One main reason that leads us to consider
grid map is that we would like to integrate our path planners
into the Robot Operating System (ROS) framework for robot
application development, which uses occupancy grid maps.
Most of GA algorithms of the literature were applied to
the traveling salesman problem TSP [13], [14]; which can
be seen as a particular case of the path planning problem.
Designing GA for solving the path planning problem needs to
select and wisely adjust different parameters of the algorithm.
Unlike in the TSP problem where the number of nodes of
the path is fixed as it represents a complete tour, the length
of the chromosome in global path planning problem is of a
variable size because the lengths of feasible solutions may be
different, and so the length of the optimal solution (in terms
of number of nodes) is unknown. This makes the global path
planning problem more challenging than the TSP problem, in
that respect.
Before describing the proposed path planning algorithm,
we first introduce some definitions, to provide a clear formulation of the path planning problem as a search problem and
to discuss some issues of applying GA algorithm to the path
planning problem.
1) Grid map model: The grid map representing the environment is divided into equal size cells. Each cell is represented by a unique number, starting from 0 for the top left
cell, 1 for the next cell to the right and so on (see Fig. 1). We
assume that the robot can move horizontally or vertically or
diagonally from a cell to another free cell with costs 1, 1 and
1.4 respectively; it means that there are eight possible moves
from each cell. We also assume that all obstacles are static and
known in advance. Based on ROS convention, the grid map
is represented by a two dimensional matrix where each cell is
assigned one of two possible values: “0” for a free cell and
“100” for a obstacle cell. A feasible solution is defined by a
path from the initial cell to the goal cell traversing a certain
number of free cells. The cost of a feasible solution is the sum
of all costs of the moves along the associated path.
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Fig. 1: A 10*10-cell grid-based environment model

2) Solution encoding: As mentioned above, in order to
design an efficient GA path planner, it is judicious to carefully
adjust different parameters that impact the GA performance.
Unlike the TSP problem, in the global path planning problem
the lengths of the feasible solutions are variable so it is
mandatory to encode them with chromosomes having different
sizes. We have associated a gene to each cell traversed by
the path solution, so the chromosomes of each population
may have different sizes. The fact of encoding solutions in
such a way may lead to obtain infeasible path solutions when
performing classical crossover operations. For this reason, we
need to inject some conditions to carry out this operation
correctly. This issue will be discussed and solved in the next
section.
Fig. 1 shows an example of environment of size 10*10 and
a feasible path. The path is encoded as (11, 12, 13, 14, 25, 36,
47, 57, 67, 77), the initial cell is 11, the goal cell is 77, and
the cost of the path is (1+1+1+1.4+1.4+1.4+1+1+1 = 10.2).
B. The GA Path Planning Algorithm
The proposed algorithm is presented in Algorithm 1. The
algorithm begins with a randomly generated initial population
of candidate solutions. Each individual in the population
must be a feasible path in the environment, i.e. it must be
continuous and does not contain obstacles. The generation of
initial population starts with generating an initial path from
the start cell to the goal cell using the greedy approach based
on Euclidean distance heuristic. Greedy approach is used to
helps building initial paths in short times. To generate the
subsequent paths in the initial population, the algorithm will
choose a random intermediate cell, not in this initial path,
which will be used to generate a new path from start to
goal position across the selected intermediate cell. How to
choose the initial population is a common problem in GA
which affects the performance. For small environments it is
sufficient to choose close intermediate cell each time. However,
for large environments, we allow the algorithm to choose some
far intermediate cells to give the GA a chance to explore better
the environment.
When the initial population reaches its maximum size, the
GA process starts the fitness evaluation. In each generation,

Algorithm 1 GA path planner pseudo-code
1:

2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:

Generate randomly the initial population (set of feasible
paths) using the greedy approach based on Euclidean
distance heuristic
while (generation number <max generation number) do
Fitness function
Elitist selection
Rank selection
repeat
choose randomly two paths (parents) from current
generation
if (random number generated < crossover rate) then
if (the parents have common cells) then
perform the crossover
move the resulting paths to the next generation
else
choose other two parents
end if
else
move the parents to the next generation
end if
until (next generation size < max population size)
for each path in the next generation do
if (random number generated < mutation rate) then
choose randomly a cell and replace it
if (the resulting path feasible) then
replace the old path with the new one
else
choose randomly two cells C1 and C2 from the
path
remove all the cells between C1 and C2
connect C1 and C2 by using the greedy approach
based on Euclidean distance heuristic
end if
end if
end for
end while

the fitness function evaluates every individual in the population
and gives each one a fitness value based on its quality. We used
the path length as a primary criterion for fitness evaluation.
Then, the best individuals are selected to form the current
generation. The selection process simulates the survival of the
fittest principle of nature to make a search process. There
are many selection strategies such as rank selection, elitist
selection, roulette wheel selection, and tournament selection.
Both elitist selection and rank selection were used in our
algorithm. First, elitist selection will be executed to move the
best individual in the current generation to the next generation
without any change. The elitist selection was used to avoid
losing the best individual because of the genetic operators
randomness. Subsequently, in the rank selection, the individuals are sorted out in the ascending order according to their
fitness values first. Then, the probability for each individual
to be selected will be calculated such that individuals with
higher fitness value (i.e. shortest path length) will have higher
probability of being selected in the current generation. The

rank selection is used because it gives each individual a chance
to be selected, thus the diversity of the population increases.
After selecting all individuals of the current generation,
they undergo two genetic operators: crossover and mutation.
The objective of these operators is to create new generation of
individuals from the current individuals that are shown to be
temporary good.
The crossover operator (also called recombination) simulates the process of gene recombination. It is used to recombine two candidate solutions called parents to get better
solutions called offspring. There are many crossover strategies
such as one-point crossover, two-point crossover, and uniform
crossover. In our algorithm, we used traditional one-point
and two-point crossover operators, in addition to a modified
crossover operator that we proposed in [15], aiming at comparing their performance for the robot path planning problem.
Fig. 2 illustrates the three crossover operators used in our
algorithm. The one-point crossover is performed by randomly
choosing one crossing position Cp shared in two different
parent paths, and then exchanging parts from the two parents
on the right side of the crossing position Cp. The two-point
crossover is performed by randomly choosing two crossing
positions Cp1 and Cp2 shared in the two parent paths, and
then exchange the parts of the two parents existing between
the two crossing positions. The modified crossover consists in
randomly choosing two crossing positions Cp1 and Cp2 from
two parents P1 and P2, then comparing the three sub-parts of
P1 and P2 existing (i.) before Cp1, (ii.) between two crossing
position Cp1 and Cp2 and (iii.) after Cp2. The best parts are
selected to form the new path.
Parent 1
11 21 22 23 24 35 46
Parent 2
11 22 33 34 35 36 46
One-Point Crossover
Offspring 1
11 21 22 23 34 35 36 46
Offspring 2
11 22 23 24 35 46
Two-Point Crossover
Offspring 1
11 21 22 33 34 35 46
Offspring 2
11 22 23 24 35 36 46
Modified Crossover
Offspring 1
11 22 23 24 35 46
!
!

Fig. 2: Crossover operators

!
!

As mentioned! in the previous section, it is necessary that
some conditions hold to guarantee that the crossover operations
produce feasible path solutions. Indeed, if not done carefully,
the crossover would likely lead to undesirable infeasible path.
Let us consider the previous example to illustrate this problem and explain how we solved it. The one-point crossover

operation applied to the two feasible path solutions leads to
an infeasible path solution:
P1 : (11, 12, 13, 14, 25, 36, 47, 57, 67, 77)
P2 : (11, 22, 33, 44, 55, 66, 77)
Notice that for any selected point both in P1 and P2 the
one-point crossover operation leads to infeasible path. In our
implementation, we established the necessary conditions to
ensure that the resulting path is always feasible :
1)
2)
3)

The two parents must traverse at least one common
cell.
The one-point crossover operation must be performed
on a common selected cell.
The two-point crossover operation must be performed
on two common selected cells.

The example of figure 2 illustrates the crossover operation
fulfilling these conditions and leading to feasible path solutions.
In all three crossover types, the parents are chosen randomly from the current generation. The resulting offspring will
move directly to the next generation.
After completing crossover, individuals are subjected to
the mutation operator. It aims to add a new information in
a random way to the genetic search process and ultimately
helps to avoid getting trapped into a local optimum. It is
an operator that introduces diversity in the population. If an
individual is selected for mutation, one of its genes will be
replaced. The mutation is performed by randomly choosing a
cell from the individual and trying to replace it with one of its
neighbour cells of the grid map. Then, the resulting offspring
path is evaluated: if it is feasible, it will be accepted and the
individual will be replaced in the next generation. Otherwise,
if after a certain number of trials, the mutation operator fails in
generating a feasible path, it will randomly choose two cells C1
and C2 from the individual, and remove all the cells between
them, then connect C1 and C2 by using the greedy approach
based on Euclidean distance heuristic. To make sure the new
path between C1 and C2 is different from the old one, the old
neighbour cell of C1 will be discarded.
C. Control Parameters
The GA performance is affected by a number of parameters: number of generations, population size, and the
crossover and mutation probabilities. Usually, the number of
generations determines the number of iterations after which
the algorithm should stop. The population size determines how
many individuals in each population. Increasing the population
size will increase the diversity of population and reduce the
probability of converging to a local optimum, but this will also
increase the execution time of the algorithm. The probabilities
(or rates) of crossover and mutation operators determine how
often they are performed. After choosing the paths for the
operator (i.e. crossover, mutation), the algorithm performs the
operator only if a uniformly distributed randomly generated
number in the range 0 to 1 is less than the operator probability
(i.e. crossover probability, mutation probability). Otherwise,
the paths will move to the next generation without any change.
A high crossover probability leads to generate new individuals

faster, but also increases the disruption of good solutions.
On the other hand, a high mutation probability increases the
diversity of population, but tends to transform the GA into
a random search. Typically, the crossover probability should
range from 0.6 to 0.9, and the mutation probability should
range from 0.001 to 0.01 [16]. In the next section, we will
investigate the best settings for the operators probabilities for
our GA path planner.
IV.

P ERFORMANCE E VALUATION

A. Simulation Model
In this section, we present a simulation model that we
used to evaluate the performance of our GA path planner in
large-scale grid environments. We designed an object-oriented
simulation model and implemented it using C++ under Linux
OS on a PC with an Intel Core 2 Duo Processor P8700 (2.53
GHz) and 4GB of RAM. The main classes include the map
class, that represents a grid environment as a two dimensional
matrix, the path class, that represents the path as a vector
structure for the sequence of cells forming the path, the GA
class that implements all GA operators and the path planner
algorithm. We tested the algorithm on four different-size maps
with different complexities (i.e. obstacle ratio) and randomly
chosen start and goal positions. The grid maps’ sizes are
(100*100), (500*500), (1000*1000), and (2000*2000) cells.
To impose different environment complexities, we varied the
obstacle ratio from 0.1 to 0.4 for every map. We also used
different random configurations of the rectangular-shaped obstacle size.
B. Simulation Results
In this section, we present the simulation results of our
proposed GA approach for solving the global path planning
problem in large-scale grid maps. First, we investigate the
impact of crossover operators and the GA parameters on the
performance of the planner. Our goal is to identify the most appropriate crossover type and parameters’ settings that produce
the best results. Subsequently, we evaluate the performance
of our GA path planner in large scale environments and we
compare it against the A* algorithm with Euclidean distance
heuristic, that we also implemented in our C++ simulator. We
opted for the A* algorithm as a reference because it is widely
used in solving the path planning problems due to its optimality
and completeness [17].
For the evaluation, two performance metrics were assessed:
(1) the path length: it represents the length (or cost) of the
shortest path found by GA, (2) the number of generation: it
represents the number of repetitions that GA takes to converge
to the shortest path.
1) Impact of GA parameters: This section aims to study
the impact of the GA parameters including mutation probability, crossover probability and the crossover operation on the
performance of path planner.
To study the impact of the parameters, we considered
maps with size 500*500 cells, although other map sizes can
be considered. We generate different 500*500-cell maps with
different obstacle ratios for imposing diversity and various
complexities in the search problem. We fix the start position to

Impact of crossover type: Fig. 3 shows the impact of
the crossover type on the average cost of the best paths, and
average number of generations to find the best paths. The
generation number was set to 100, the population size to 200,
the mutation probability to 0.1 and the crossover probability
to 1. Fig. 3 shows that the path quality or cost does not really
affected by the crossover type. In the most cases, GA can
find the same best path with all types. The major effect of
the crossover type is on GA convergence time. GA using the
modified crossover can find its best paths faster than two other
types. This does not mean that the modified crossover always
faster, but it is faster in most cases.
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was set to 50 and mutation probability to 0.1. The crossover
probability also does not effect the cost of the best paths,
and mainly effect the GA convergence speed. Increasing the
crossover probability will make GA converge faster.
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Fig. 3: Impact of crossover types
Impact of crossover probability: Fig. 4 shows the impact
of the crossover probability (with one-point crossover type)
on the average cost of the best paths, and average number
of generations to find the best paths. The generation number

Impact of mutation probability: Fig. 5 shows the impact
of varying the mutation probability on the average cost of the
best paths, and average number of generations to find the best
paths. The generation number was set to 50 and crossover
probability to 1. Fig. 5 shows that without using the mutation
operator, (i.e. mutation probability equals zero), GA converges
faster to non-optimal solution. In fact, without the mutation
operator, GA could not improve the initial paths in most cases.
As the mutation probability increases, the convergence speed
will decrease and the quality of the solutions enhanced.
2) Performance Evaluation of GA planner: In this paragraph, we evaluate the performance of the GA planner in
terms of solution quality (i.e. path length) and we compare
it against A*. Based on the results of the previous section, we
choose the GA parameters which produced the best average
values: population size = 200, crossover probability = 1,
mutation probability = 0.15, and number of iterations = 150
(for 100*100), 200 (for all other environments). However, as
GA is an incomplete method, it is not guaranteed that all of
the paths are optimal, higher population sizes and number of
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V.

In this paper, we studied the efficiency of the GA approach
in the context of robot global path planning, which represents
a fundamental problem in robotics. The major contributions of
this paper are the definition of a suitable environment modeling
of the path planning problem for applying GA algorithms and
the consideration of large-scale grid environments as the previous works limited their studies to small-size environments.
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We designed a GA path planner to solve the aforementioned problem, we considered three differents crossover operators: one-point crossover, two-point crossover and a modified
crossover proposed in [15], in order to choose the suitable
one which ameliorates the solution quality and accelerates the
search procedure.
The GA path planner was extensively evaluated through
simulation: we studied the impact of the crossover operator,
the impact of the different GA parameters including the
mutation and crossover probabilities. We also compared its
performance against the A* algorithm. It has been shown that
the algorithm based on the GA approach is able to generate
the optimal solution generated by A* in most cases. We were
not interested in comparing the execution time of GA against
that of A* because the two methods are of different nature.
Indeed, A* is a constructive method that progressively build
the solution, whereas GA performs local search to improve
existing solution, and its execution time depends on the number
of generations and not related to the instant of finding the best
path.
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generations may be essential for GA to achieve better results,
but at expenses of greater simulation times.
Tables I, II, III, and IV present the results of GA and A* for
100*100, 500*500, 1000*1000, and 2000*2000 environments
respectively. As seen from table I, the GA is capable of
producing optimal or near optimal paths. GA with the modified
crossover type produces exactly the same best paths as A*.
The first map in table I is the least complex map, and GA can
always find an optimal solution quickly in this map particularly
with any set of parameters and with all crossover types.
As the obstacles become smaller with higher ratios, the
capability of GA gets reduced, and it still can find optimal
or near optimal solution, but after more iterations and requires
larger population size. Although for some maps, GA could not
improve initial paths as in last map in table II, it could produce
the optimal paths in less than 10 iterations for all 2000*2000
environments. Also, GA achieves good results for 1000*1000
environments but with more iterations. This demonstrates that
the GA, with appropriate design of operators and appropriate
parameters’ settings, could produce optimal or near optimal
solutions in very large environments.

So, in this work we showed that GA can produce optimal
solution in solving the path planning problem in large scale
grid environments when used as a post-optimization process
of constructive metaheuristic methods such as Ant Colony
Optimization (ACO) (see [15]) or Particle Swarm optimization
(PSO).
Currently, we are working towards designing hybrid path
planners based on constructive metaheuristic methods (such as
ACO) and local search methods (such as GA and Tabu Search
[17]) to optimize both solution quality and execution time.
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