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1. Introduction 
Nowadays, an autonomous vehicle reminds us of open research for helping human beings in daily 

activities. Moreover, autonomous vehicles can be used to help people mitigate natural disasters such as 
landslides. Thus, it has advantages for reducing human risk. Therefore, the development of autonomous 
vehicles has been interesting for many researchers, including in hardware and software areas. Nano and 
micro-material technology used for supporting hardware requirements are grown to compensate for size 
limitations with a high performance [1]. On the other hand, software capability cannot be separated 
from hardware devices. Control systems and intelligence systems must be provided for the autonomous 
vehicle. 

Path planning is one of the parts of an intelligence system that guides a robot to reach its goal. The 
main issues of path planning are feasibility, computational complexity, global optima, and adaptability. 
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 The genetic algorithm (GA) is a well-known algorithm that finds feasible 
path planning, which can be defined as a global optimum problem. The 
drawback of GA is the high computation due to random processes on each 
operator.  This research proposed that the new initial population should be 
integrated with a new crossover operator strategy. The parameter is the 
length of distance traveled by the robot. Before employing the crossover 
operator, a c-obstacle was generated. The c-obstacle is used as a filter to 
reduce unnecessary nodes and decrease time computation. After that, the 
initial population has been determined. The initial population is divided 
into two parents whose parent's chromosome contains an initial and goal 
position. The second parents are fulfilled with nodes from each obstacle. 
The genes of chromosomes will be added with c-obstacle nodes. The 
Crossover operator is applied after filtering, and the c-obstacle of possible 
hopping is determined. The filtering method is used to remove unnecessary 
nodes that are part of the c-obstacle. The fitness function considers the 
distance from the last to the next position. The optimum value is the 
shortest distance of path planning, which avoids obstacles in front.  The 
aim of the proposed method is to reduce the random population and 
random operation in GA. By using a similar data set from previous research, 
the modified GA can reduce the total generation and yield an adaptive 
generation number. This means that the modified GA converges faster than 
the other GA methods.  
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Adaptability relates to dynamic and static environments. Feasibility means that the path planning must 
fulfill kinematic constraints and reach the global optima with minimum computational complexity. High 
computational complexity will affect hardware requirements. 

Many researchers used a certain approach to solve path-planning problems. The first approach was a 
grid-based algorithm. Some methods of the grid-based algorithm were A*, D-star, and Greedy algorithm 
[2]–[4]. These methods were approached using global methods to find feasible paths in the workspace 
[5]. Although the algorithm constructed a feasible path, it had a very expensive computation [6]. 
Therefore, normally, the approaches dealt with static environments.  

Artificial Potential Field (APF) is one of the well-known approaches based on obstacles such as 
repelling force sources and goals such as attracting force sources [7], [8]. The algorithm is appropriate 
for real-time implementation, for it only requires local gradient information without requiring global 
information [9]. The main disadvantage of the potential field method is the local optima obtained from 
the total potential of repulsive and attractive forces. 

The other solution to the path planning problem is evolutionary computation. One of the examples 
is particle swarm optimization (PSO) [10]. The inspiration for the social behavior of flocking birds 
seeking food is that the solutions to the optimization problem are the birds that are called particles. The 
optimization process is the progressive movement of the particles while they seek food. Each particle has 
its velocity and is computed by the fitness function. All the particles will move until the optimal or near-
optimal solutions are obtained. Although the traditional PSO algorithm has the ability to solve the 
optimization problem, it encounters some disadvantages, such as premature convergence and stochastic 
stagnation [11]. The other approach to evolutionary computation is ant colony optimization (ACO) 
[12]–[14]. The ant's behavior within its pheromones when searching for a food source is the idea behind 
the method. In the initial stages of the absence of pheromone guidelines, the path is in random search 
which ants will have the same probability to all paths.  Regarding the distance of the path, the shortest 
path will have higher concentrations on the pheromone than long path. Due to the search space is very 
wide, the disadvantages of ACO are that ACO converges into local best solution and needs long search 
time to solve a problem [15]. 

The research of Ajmal Deen Ali et al. found the effectiveness of genetic algorithms (GAs) on the 
study of collision free path planning that compares with conventional A* [16]. The result yields GA has 
a better performance both in the distance traveled and in computation time [17], [18]. Chen and Zalzala 
compared the GA with the modified A* in mobile robot path planning [19].  The result showed that 
the modified A* method obtained less time complexity than the GA but fall into some local optima. 
The other disadvantage is that A* algorithm  has difficulty solving problems with multiple constraints. 
Moreover, this algorithm is based on the cost map, which is a very time-consuming task and effect to 
slow execution [20]. On the other hands, probabilistic optimization approach based on GA always 
generates global optimum or near global optimum solutions [21]. Although some of the researches 
proposed techniques in GA [22]–[24], but GA have lack of disadvantages, i.e.  computationally 
expensive, requires large memory spaces when dealing with dynamic and large sized environments, and 
time consuming [25]. Lee and Kim use DAG (Directed Acyclic Graph) to generate multiple path as 
offspring candidates of feasible path.  The lack of GA occurs because of the random selection of 
population and operators. Nazarahi et al. uses  APF to determine all feasible path as initial population. 
This hybrid method increase the time complexity due to the application of APF algorithm [12]. Thus, 



ISSN 2442-6571 International Journal of Advances in Intelligent Informatics 399 
Vol. 10, No. 3, August 2024, pp. 397-409 

 

 Pratomo et al. (Dynamic path planning using a modified genetic algorithm) 

this research has an objective to reduce the random process of GA and proposed several operators to 
increase time convergent significantly. 

 In order to elaborate the proposed method, the modelling of environment including GA 
representation and the main contribution of GA improvement are derived and presented in second 
section. The next part brings how to proof the concept and how do the results can be obtained. The 
comparison with previous method is tested as well. The last section gives a conclusion and opportunity 
for the future work. 

2. Method 

2.1. Material 
Actually, path planning algorithm aims to set the equilibrium point of control system while 

considering safety and distance factor. Path planning algorithm constructs feasible path which means 
the shortest path and avoids the obstacle in front during movement.  

The research was conducted using simulation. Thus, a computer or laptop with supported software 
is the main research material to obtain the simulation data. The material, which is a fundamental part 
of the research methodology, is explained below. 

A grid-based model representation of the environment space makes it easier to calculate the distance 
and determine a position [26]. The grid-based assumption can be represented in two ways, i.e., by an 
orderly number or by coordinates that are based on the number of dimensions of space. For instance, 
for two dimensions of space, the grid-based environment is divided into the x and y-axis. Due to the 
simplicity of the grid-based method, this research uses the method to model the environment, as seen 
in Fig. 1. 

Based on Fig. 1, in the scenario, the robot has two poses, x and y, that determine the position in the 
space. The area space has a certain size that is assumed to be the size of the robot environment.  Initial 
and goal positions are set based on the scenario. Some of the obstacles occupied certain areas of the 
environment. The robot moves along the environment from the initial to the goal position. While the 
robot was traveling in the environment, it identified and avoided the obstacles in front of it. In this 
research, for simplicity, the obstacle has a structured shape and has been set in static conditions. The 
robot has been given prior knowledge of the environment, which means all the information is global. 

 
Fig. 1. Example model of the environment 
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The main components of GA are a genetic representation of the solution domain, an operator to 
generate a new solution in a search space, and a fitness function to evaluate the solution domain. The 
main components are explained as follows: 

2.1.1. Chromosome of GA 

A chromosome of the GA is one of the candidate solutions for path planning problems. The 
chromosome is divided into two types. The first type is filled with genes that consist of a starting node, 
a goal node, and one or more hoping nodes. The hoping nodes are waypoints in between the starting 
and goal nodes. The second type consists of obstacle points. Generally, although binary code is used by 
some research in the path planning area, based on a decimal-coded string, it has less memory and less 
space in optimization [27]. Thus, this research involves decimal codes to represent the chromosome of 
GA, which can be depicted in Fig. 2. 

 
(a) (b) (c) 

Fig. 2. 2a: The example of the parent's chromosome that contains the initial and goal node, 2b: The 
example of the parent's chromosome that contains the initial, hoping, and goal node, 2c: The example of 

supporting parent that contains the obstacle's position 

Fig. 2a shows an example of the chromosome with 0 as the initial position and 99 as the goal position. 
The waypoint is shown in Fig. 2b, as shown in (75). The other chromosome that fulfilled with obstacle 
position as in Fig. 2c. Fig. 2c explains the obstacles appear at positions 2, 4, 6, 8, and 10, which means 
the robot must avoid those positions in robot space 

2.1.2. Parent Selection 

Roulette wheel is a conventional GA method to select parents from a population [19], and the 
population is generated randomly. In the roulette wheel, each individual is represented by a space that 
proportionally corresponds to its fitness. By repeatedly spinning the roulette wheel, individuals are 
chosen using stochastic sampling, and individuals with bigger fitness functions will be selected more 
times. The random process of the population obtains two possible conditions, i.e., feasible and infeasible 
solution. The feasible and infeasible solution can be improved by using a GA operator. For an infeasible 
solution, sometimes the solution is far away from the global optimum, and then it will take more time 
complexity to find the optimum solution [28]. On the other hand, the random process reduces the 
performance of GA in finding the global optimum solution. One of the contributions of this research is 
a new selection parent, which avoids the random process. The parent is determined from the initial 
condition. 

2.1.3. Crossover and mutation operator 

The idea behind the crossover operator is a combination of two parents to obtain two offspring. 
Normally, the probability of crossover is [0,1] [19]. This study applied single-node crossover, which 
swapped the genes of two chromosomes, as seen in Fig. 3. It should be noted that the crossover operation 
is for one parent and not for both parents. Before the crossover operator was applied, a filtering method 
was generated to reduce the possibility of obtaining a worse result than the parents. The filtering method 
will delete one or more chromosome genes that fulfill an infeasible path 
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(a) (b) 

Fig. 3. (a) The example of crossover gene (b) The result of crossover operator 

Generally, mutation is a process of random small changes in a gene. Mutation has a smaller probability 
than crossover to avoid significantly obtaining a change in an individual. The probability of mutation 
operator is one percent [19]. The mutation operator aims to increase diversity and avoid the local optima. 

Regarding the mutation operator, in this research, only one parent has a possibility for the mutation 
operation. The chromosome had to undergo mutation to obtain a better individual. This process 
implemented the idea of a mutation operator [5]. That simple idea considered the genes, which are 
values from a certain gene's surrounding position, and calculated the fitness function. 

2.1.4. Fitness Function 

The fitness function is the key of GA to finding an optimum solution for path planning from the 
start to the target node. The optimal path should be the shortest and safest path. In the path planning 
problem, the fitness function is a formula to find the shortest path that can be modeled as (1). 

𝑓 = ∑ 𝑑(𝑝𝑖 , 𝑝𝑖+1),𝑛−1
𝑖=1    () 

Where 

𝑑(𝑝𝑖 , 𝑝𝑖+1) = √(𝑥𝑖+1 − 𝑥𝑖)2 + (𝑦𝑖+1 − 𝑦𝑖)2   () 

Variable 𝑝𝑖 is  the ith genes of the chromosome, 𝑛 is the length of the chromosome, 𝑑 is the 
distance between two points, 𝑥𝑖 and 𝑦𝑖  are robot current pose in 𝑥 and 𝑦 axis, 𝑥𝑖+1 and 𝑦𝑖+1 are 
the next robot pose in 𝑥 and 𝑦 axis. The direction of the robot can be obtained by using the formula 
in (3). 

∝= 𝑡𝑎𝑛−1 (𝑦𝑔𝑜𝑎𝑙−𝑦𝑖)

(𝑥𝑔𝑜𝑎𝑙−𝑥𝑖)
   () 

Pose of 𝑦𝑔𝑜𝑎𝑙  and 𝑥𝑔𝑜𝑎𝑙  is the destination position. From (1), it is shown the objective function 
is defined as the sum of distances between each node in a path. The shortest distance path with 
obstacle avoidance is the best individual for a global optima solution. 

2.2. Method 
The modified GA is applied to all the operators of basic GA, but it is added using the c-obstacle and 

filtering method. The proposed GA is depicted in Fig. 4. The modified GA starts with a common 
method, i.e., generating population and selecting parents. 

The c-obstacle step generated the safety distance surrounding the obstacle that considers the degree 
of freedom of the robot. The filtering step is used to reduce the probability of obtaining an infeasible 
gene. The fitness function is implemented before the crossover operator. One of the differences between 
this proposed method and basic GA is in the fitness function. The fitness function is applied after the 
filtering method, or it can be said that the fitness function evaluates and selects the best gene that will 
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be used for crossover operation. The Crossover operator is then used to fill the hoping node for the main 
parents. The last task of the GA is mutation, which refers to [3].  The result of mutation is a new 
offspring that will be used as one of the parents. The looping condition arises until the robot reaches its 
goal. 

 
Fig. 4. Diagram block of modified GA 

2.2.1. Population initialization 

Normally, the population is generated randomly. In this research, the population is determined 
exactly. Population yields two individuals as parents. The difference between the basic GA and the 
population is that the population is used as the parent itself. This means that this proposed method 
merely generates one population without selecting parents. The member of the population equals the 
member of the parent, as seen in (4). The individual is divided into two parents. The first parent is called 
the main parent, and the second is the supporting parent. The first parent is filled with the initial node 
and goal node. The second parent is a flyable node surrounding the obstacle. A flyable node is a node 
that the robot can traverse and is obviously not part of the obstacle.  The main parent is illustrated in 
Fig. 2a, and the supporting parent is depicted in Fig. 2c. In Fig. 2, e.g., the initial main parent, 0 is an 
initial node, and 99 is the goal node. On the other hand, nodes 2,4,6,8, and 10 are obstacles nodes in 
the space. 

𝑖𝑓 𝑡 = 0 𝑡ℎ𝑒𝑛 {𝑛𝑝𝑎𝑟} ≈ {𝑛𝑝𝑜𝑝}    

𝑖𝑓(𝑡 > 0 ∧ (𝑛𝑒𝑥𝑡 𝑛𝑜𝑑𝑒 = 𝑔𝑜𝑎𝑙 𝑛𝑜𝑑𝑒))  𝑡ℎ𝑒𝑛 {𝑛𝑝𝑎𝑟} ≈ {𝑛𝑝𝑜𝑝}    
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𝑖𝑓(𝑡 > 0 ∧ (𝑛𝑒𝑥𝑡 𝑛𝑜𝑑𝑒 = 𝑔𝑜𝑎𝑙 𝑛𝑜𝑑𝑒))  𝑡ℎ𝑒𝑛 {𝑛𝑝𝑎𝑟} ≉ {𝑛𝑝𝑜𝑝}   () 

Let assume 𝑛𝑝𝑎𝑟 is a set of members of parent and npop is a set of members of the population. When 
the t equals 0, the member of a parent is similar to the member of the population. If the t is more than 
0, then two conditions can be happened. The first condition occurs if the robot already meets the goal, 
and then the member of the parent is the same as the member of the population. This condition is 
called non-obstacle condition which there is no obstacle in between the robot and the goal. The second 
condition occurs if the robot avoids an obstacle, and then the offspring will replace the parents. 

It can be concluded that the main parent is the optimum path when the robot meets a non-obstacle 
environment. The optimum path of a non-obstacle environment is a linear function. Thus, the global 
optimum solution is the main parents. For one or more environmental obstacles, the modified GA 
continues with the next steps, such as c-obstacle, filtering, etc. 

2.2.2. C-obstacle 

The c-obstacle is the simplest way to find safety nodes surrounding an obstacle. The safety node is 
obtained by considering the dimension of the robot, whereas in the two-dimensional case, by adding the 
radius of the robot dimension to the obstacle. This means that if the robot's distance against the obstacle 
is equal to or bigger than the radius, it will be safe. In order to generate the c-obstacle, the outer nodes 
of the obstacle have to expand at a certain distance. The determination of the c-obstacle is shown in the 
Fig. 5. 

 
Fig. 5. C-obstacle construction 

Fig. 5 shows that n is the node and n1 until n8 is the expandable node that can be determined as the 
c-obstacle. It was assumed that the distance of the c-obstacle was 1 unit. The formulation is depicted in 
(5). 

𝑛1 = (𝑛 − 1) − 𝑎𝑥𝑖𝑠; 𝑛2 = 𝑛 − 𝑎𝑥𝑖𝑠; 𝑛3 = (𝑛 + 1) − 𝑎𝑥𝑖𝑠; 𝑛4 = 𝑛 − 1;  

 𝑛5 = 𝑛 + 1; 𝑛6 = 𝑛 − 1; 𝑛7 = 𝑛 + 𝑎𝑥𝑖𝑠; 𝑛8 = (𝑛 + 1) + 𝑎𝑥𝑖𝑠;  (5) 

The axis is the length dimension of air space. The example of the calculation can be explained as 
follows. For instance, if 𝑛 = 11 and the axis has 9 of value. In Fig. 1, by using (4), then 𝑛1 =  1, 𝑛2 =

 2, 𝑛3 =  3, 𝑛4 =  10, 𝑛5 =  12, 𝑛6 =  19, 𝑛7 =  20, and 𝑛8 =  21. The c-obstacle operation 
yields an expanded node for each gene. Therefore, the chromosome of the supporting parent will be 
combined with the original node and expanded node. The process is illustrated in Fig. 6. 
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(a) 

 
(b) 

Fig. 6. Original node (a) Expanded node (b) 

Fig. 6a is the example of the original chromosome of the supporting parent filled with nodes 12 and 
13. After the c-obstacle operation, the result in Fig. 6b obtained a chromosome that fulfills the original 
and extended nodes. The extended node is derived from (5). 

2.2.3. Filtering  

The filtering method is the main part of eliminating the possibility of obtaining the infeasible path. 
Before the crossover process, the modified GA will make sure that the candidate of the supporting parent 
is the gene that avoided an obstacle. The linear function method, which is set as the dependent variable 
in a certain value, evaluates the candidate genes in the supporting parent. The function can be formulated 
in (6) and (7). 

𝑥𝑡 = 𝑥𝑡−1 ± (cos(∝) ∗ k)   () 

𝑦
𝑡

= 𝑦
𝑡−1

± (sin(∝) ∗ k)   () 

where 𝑘 was a constant that determined the desired distance at a certain time, and α was derived 
from (3).  It was shown that if the extrapolation node equals one of the points of the obstacle, then the 
node is not the candidate of genes. Otherwise, if the node is not a member of an obstacle, the value is 
one of the candidate genes that the crossover operator will apply. The filtering method will reduce 
candidate genes significantly. The genes that can be chosen will have a probability of 1, and the genes 
with a probability equal to 0 will not be selected. 

2.2.4. Crossover operator 

The crossover operator in the experiment fulfilled the main parent chromosome with the candidate 
genes in supporting parents. The crossover is operated when the airspace is in an obstructed 
environment. Before the crossover operator is employed, the GA calculates the fitness objectives of each 
gene as modeled in (8). Therefore, the operator will select the gene with the best fitness. Since the main 
parent contains two genes, the crossover operator will take one gene from the supporting parent as a 
hoping node, as seen in Fig. 3b. 

{𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 𝑔𝑒𝑛𝑒||max(𝑓𝑖𝑡𝑛𝑒𝑠𝑠)} = ℎ𝑜𝑝𝑖𝑛𝑔 𝑛𝑜𝑑𝑒   () 

2.2.5. Mutation operator 

In this study, the mutation operator implemented the method that was introduced by [5]. The 
mathematical model of the method is described as, 
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{𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛 𝑔𝑒𝑛𝑒||max(𝑓𝑖𝑡𝑛𝑒𝑠𝑠 𝑜𝑓 𝑛𝑖)},   () 

where 𝑖 =  1 to 8 and n is adjacent surrounding the node. As in (9), the concept of the mutation 
method simultaneously considers all the free nodes adjacent to the mutation node instead of randomly 
selecting a node one by one. This means that this proposed method neglects the node that is far away 
from the mutation node. The concept is to avoid the method not convergent at the global optimum and 
to increase the computational cost due to unselected random nodes. The mutation method evaluates the 
node according to the fitness value of the total path instead of the direction of movement through the 
mutated node 

3. Results and Discussion 
The experiments are performed to test the performance of modified GA. Parameter k on (3) is set to 

1 unit. The scenario of the environment is divided into two types. The non-obstacle environment is the 
first type of environment, and the second type is the environment similar to the previously improved 
GA studied in the literature [16]. In the non-obstacle environment, the robot moves from the initial to 
the final destination with no obstacle. A simple non-obstacle environment is conducted, as seen in Fig. 
7. 

 
Fig. 7. The proposed method for a non-obstacle environment 

For the non-obstacle environment, since the global optimum solution of the non-obstacle 
environment is in linear function and the main parent can solve it, the modified GA merely needs one 
generation to solve the global optimal problem. In Fig. 7, the parents contain genes 1 and 100, which 
indicate the initial and goal position, respectively. 

Fig. 8 shows the environment consists of 16x16 grids. The obstacles occur in six areas, which are 
shown in shaded areas. The initial node is set to 0, and the goal node is set to 15. GA runs with the 
proposed filtering and crossover operator. The mutation operator applied refers to [5]. The experiments 
give results as shown in Fig. 8a and Fig. 8b. In Fig.  8a is the method introduced by [5]. As shown in 
Fig. 8b, the proposed method yields a different path from the previous research. The length of the path 
is 28.35, which is longer than 27.82 in the previous research. Despite the path length, the generation 
results different number from the previous method. The comparison is shown in Table I, and it is proven 
that the modified GA reduces the average generation number significantly. 
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Conversely, the proposed method gives a more stable system according to a 100 percent optimal 
solution. This means that the proposed method minimizes the random process in GA and yields precise 
results. Therefore, it is possible to use it for online and dynamic paths.  

  
(a) (b) 

Fig. 8. The proposed method for non-obstacle environment 

Table 1.  Comparison to other research works  

Research 
Work 

 Indicators  

# of optimal 
solution 

# of near 
optimal 
solution 

# of infeasible 
solution Fitness value 

Generation 
Number 

Whitley [29] 3 69 28 29.25 23 
Yao and Ma [30] 2 69 29 29.91 22 

Tuncer and 
Yildirim [5] 54 44 2 27.82 11 

This work 100 0 0 28.35 2 

 

Although the proposed method can solve the global optimum problem, the method neglects non-
holonomic constraints. Fig. 8 shows that the result is sharp and cannot be implemented for non-
holonomic robots. Thus, the method needs a curve algorithm, such as a B-spline curve, to make a 
smooth path. The other thing is due to the grid-based method, which merely solves discrete problems 
and cannot solve continuous problems. Generally, in the real-time system, the problem is in the time 
domain, meaning it must be a continuous problem naturally.  

Fig. 9 contains the generation number of optimal solutions versus the total obstacle avoidance. It can 
be concluded that the generation number is influenced by the obstacle that the robot should pass. It 
doesn't mean that the generation equals the number of obstacles; it merely depends on the obstacles 
that should be passed. The modified GA has an adaptive generation number compared with the other 
methods. 
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Fig. 9. Total generation vs total of the obstacle avoidance 

One of the drawbacks in Fig. 9 is that the method will have high computational costs when the robot 
encounters many obstacles. Otherwise, this method is very effective for a small number of obstacles. 
Therefore, the method has the opportunity to be used in a real-time system platform. 

4. Conclusion 
This paper aims to improve the genetic algorithm in the path planning field. The contribution of 

this paper is explained as follows. Firstly, the initial population is divided into two individuals, i.e., the 
chromosome filled with the initial and goal node and the chromosome containing coordinates 
surrounding the obstacles. The coordinates surrounding the obstacles are based on the c-obstacle, which 
considers the robot's dimensions. The second contribution is in the filtering method. The method 
considers that the coordinates that yield an infeasible path will be eliminated. After that, the supporting 
parents will be added with the gene that can obtain the optimum path. The gene will fill the main parent 
as a hoping node. The supporting parents will have a constant gene in the chromosome in the method, 
but the main parent will change based on the needed hoping node. In conclusion, the modified GA 
merely yields one offspring.  The mutation follows the method of [5] that checks all the free nodes 
surrounding the mutation node. Then, the method compares all the fitness function values and chooses 
the best one. The node that has the highest fitness function will be selected. In order to prove the 
concept, testing method is conducted by simulation using Matlab software with two kind of 
environments. The environments are non-obstacle environments that are similar to the previous 
improved GA studies in the literature. The method meets the optimum result for a non-obstacle 
environment due to a linear path. The result of the obstacle environment obtains a longer path for the 
environment than the previous GA. However, the total generation number of the modified GA is less 
than that of the previous method. The total generation number is influenced by the number of obstacles 
that the robot should pass. If the number of obstacles increases, then the total generation number will 
also increase. The GA has an adaptive generation number based on the total number of obstacles in the 
method. The drawback of the proposed method is the non-holonomic constraint. The method neglects 
the non-holonomic constraint and assumes the robot is a point mass and can move in any direction. 
Many robots cannot move without neglecting non-holonomic constraints. Thus, the opportunity that 
occurred from this research is to consider non-holonomic constraints and implement local information 
in a real-time scenario. Furthermore, this research can be implemented in a real autonomous vehicle, 
which is used to monitor environmental changes in disaster-prone areas, especially landslides. 
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