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Abstract—The last few years, research in the area of path 
planning for mobile robots has been focusing on dynamic 
environments. Most of methods proposed in this topic need to re-
plan the remaining path of the robot, every time when new 
information come in which significantly increase the computation 
time and make real-time implementation of these methods difficult 
and sometimes impossible. The proposed approach consists of two 
different modules (static and dynamic) that combine two navigation 
methods to exploit prior information of global static map and local 
information coming from sensors. The robot uses global information 
about his environment, and plans the optimal path using genetic 
algorithms (GA) combined with Dijkstra algorithm through static 
obstacles. The dynamic phase is done while the robot is moving. The 
algorithm is able to avoid a moving obstacle by wait/Accelerate 
concept (W/A C), or by producing a new optimal local path using 
Dijkstra algorithm. A particularly new aspect of the work is to use 
the prior information about the environment for searching a global 
path efficiently and the incorporation of Dijkstra algorithm in both 
off-line and online phases, which leads to a significantly 
computation time reducing, and increases the accuracy of the global 
trajectory. The introduction of the accelerate action is also a new 
aspect. The simulation results confirm the efficiency and 
effectiveness of this approach in complex environments.   

 
I. INTRODUCTION 

Mobile robots are commonly used in many industrial fields. 
Thus, the research on path planning for mobile robot to avoid the 
obstacles in its path is very important. The objective of path 
planning is to find a collision-free route in an environment 
cluttered with obstacles, from a specified start location to a 
desired goal destination while satisfying certain optimization 
criteria such as distance, computation time, delay in the 
communication and energy consumption [1] [2] [3]. 
 
Path planning depends mainly on the environment in which the 
robot acts. Researchers classify the various methods used to 
solve this issue according to two factors  [4] : 

1- The environment type (static or dynamic) 
2- The information gathered by the robot about the 

environment (local or global) 
Global methods like visibility graph [5][6], Voronoi diagram 
method [7], A* [8], Ant colony optimization [9], simulated 
annealing [10] and genetic algorithms  [11][12] require a 
complete and correct knowledge about the entire environment 
[11]. Therefore, they work only in static environment. In 
dynamic environment, complexity and uncertainly increase with 
the number of dynamic obstacles [13]. Consequently, global 
methods do not perform well in such environment. On  the  other 
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hand, in local methods the robot uses only currently sensed 
information regarding its position to plan his local path. In other 
words, the path planning is being implemented while the robot is 
moving. Local methods include the artificial potential field [14] 
[15], state dominance method [16], dynamic window approach 
[17]. These methods have been studied extensively in the 
literature.  
In the real world, navigation in a partially known environment is 
the most often situation. Although, this environment is not 
dynamic as a whole, it is a static model and inside elements keep 
changing. In this work, this prior knowledge is used to plan a  
global path using one of the meta-heuristic that has been often 
used in the field of motion planning, namely Genetic Algorithms. 
They are easy to implement, use parallel searches and are a 
powerful tool for searching in the space of higher dimension [18] 
[19]. 
 
Recently, many approaches [20][4][15][21] have been developed 
for the robot path planning in a dynamic environment [22]. 
However, most of these approaches are mainly used in known 
environment where robots have prior knowledge about mobile 
obstacles before navigating. In this case, the optimal solution can 
still be obtained. Unfortunately, this is not always the case in real 
life. Also, these approaches cost too much time, which may 
weaken the performance of real-time implementation. According 
to their simulation results, approaches proposed in [21] [20] need 
successively nearly 30, 60 seconds to find the first feasible path 
and not the optimal in an environment that does not exceed 15 
static obstacles and 5 moving obstacles. Further, the major 
drawback of these methods is that they require complete re-
planning of the robot path from the point where it is to the goal, 
each time when new information comes in. This process needs  
much computation time when dealing with dynamic and large 
sized environment [4]. Evenly, results of local minima can 
happen in certain cases [15]. These algorithms cannot reach an 
ideal solution individually in complex dynamic environment. 
Therefore, an improved method for path planning in a dynamic 
environment purpose is really essential.  
 
In this paper, GWAC approach based on the GAs combined with 
W/A C algorithm for path planning of a mobile robot in a 
dynamic complex environment is proposed. This method focuses 
only on vertices of the obstacles rather than focusing on the 
entire environment. Using GAs, it seeks for an optimal path for 
the robot and when a moving obstacle is detected with a risk of 
collision, the second step called dynamic planning is launched. 
Our approach is simple and performs very quickly. Also, it aims 
to overcome the major drawbacks of existing works described 
above, and uses a simple representation of the environment 
which leads to a significantly computation time reducing and 
saves a lot of memory space. This appears more clearly in the 
dynamic phase, during the update of moving obstacle, instead to 
update all points, only its vertices are updated. It does not require 
complete re-planning path when new environment changes occur 
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Fig 4. Environment Modeling 

D. Creation of the two adjacency matrices 'A' and 'B' 
The global path of the robot is constituted by segments that 
connect two vertices of the search space. Thus, two matrices (A 
& B) are created to represent all segments that can be part of the 
robot path. They are square matrices of order N where N is the 
total number of obstacles vertices in the environment. The rows 
and columns of these matrices are the obstacles vertices. 
        matrix A 
It is a distance matrix that contains the distance between vertices 
Vi and Vj for each position (i,j). The distance is the length of a 
shortest path connecting the vertices. Instead of telling the exact 
distance between the vertices, it gives us whether or not two 
vertices are connected. If there is no connection between two 
vertices (i.e there is an intersection between the segment [i, j] and 
an obstacle, this segment is then infeasible), the element (i, j) 
must contain '-1'. 
        matrix B 
This matrix has the same characteristics as the matrix A, except 
that in this matrix each element (i,j) contains the number of 
intersecting obstacles of infeasible segment, otherwise the 
element (i,j) contains '0 '. This matrix is used to differentiate 
between infeasible segments. 
In Fig. 5, (a) corresponds to the representation of an environment 
which contains two obstacles, (b) and (c) represent the two 
adjacency matrices B and A respectively. It may be noted that 
this environment contains eight vertices plus the two start and 
goal points. The number of rows of the two matrices is therefore 
equal to 10. 

(a)Representation of all feasible paths                   (b) Matrix B                                    
in the environment     

(c)Matrix A 
Fig 5. Environment modeling 

 

III. PLANNING ALGORITHM 

A. Static Planning 

1. Genetic representation 

Each path is represented by a chromosome with a certain number 
of intermediate genes (vertices). Fig. 6 shows the structure of a 
chromosome where the first gene always corresponds to the 
starting point (number 1) and the last gene to the end point 
(numbered N +2), where N is the number of vertices of all the 
static obstacles in the environment. The Intermediates genes 
represent the vertices of the obstacles in the environment. 
Starting gene  gene 1   Arrival gene 
1 ଵܸ … ேܸାଵ N+2 

Fig 6. Structure of a chromosome 

 
2. Structure of the algorithm 

 

The pseudo-code of the static planning algorithm is given in Fig. 
7, and steps of its implementation are outlined below: 
 

Planning process with Gas 
Start 
t                          0 
Enlargement of obstacles 
Encoding of obstacles vertices  
Generation of the initial population P (t) of N individuals 
Evaluation of P (t) 

o Generate the probability of application of each operator 
(Pgc, Pgm, Pgr, Pgi) in each generation. 

o Generate the probability of application of each operator 
(Ppc, Ppm, Ppr, PPi) in each population. 

While (the stop condition is not met) do 
t                           t + 1 

o Select K= Ppc* N  individuals from P (t) for the crossover   
• crossover 

o Select M= Ppm* N individuals from P (t) for the mutation 
• mutation 

o Select L= Ppr N  individuals from P (t) for the reparation 
• Repair 

o Select Q= Ppi* N individuals from P(t) for the inversion 
• inversion  

Evaluation of P (t)  
Select the best N individuals from the population of N + K individuals 
(parents and children) 
End of While  
Pick the best individuals among best individuals of each generation 
End 

Fig 7. The pseudo-code of the static planning 

a. Enlargement of obstacles 
In the proposed approach, each obstacle is enclosed in a 
rectangle or square. It is then amplified by a predetermined 
value, from the minimal distance with which the robot can 
approach the obstacle without collision, taking in consideration 
its physical dimensions, as shown in Fig. 8. 

    
Fig 8. Enlargement of obstacles 

b. Coding of obstacles vertices 
The vertices of the enlarged obstacles are numbered randomly as 
shown in Fig. 9. These vertices are used as potential genes for 
chromosome whose phenotype presents a path between two 
given locations. 



 
    

 

 

 

 

 
Fig 9. Numbering of vertices 

c. Generation of the initial population 
In the proposed approach, the selected chromosomes in the 
population have a variable length where each chromosome 
represents a set of vertices selected from the graph. Each gene in 
the chromosome corresponds to a specific vertex in the graph. 

All selected vertices represent a potential path for the robot from 
the start vertex to the destination vertex, where each vertex can 
belong once at most to this path. We are interested in feasible 
and infeasible paths to diversify the initial population. In this 
latter, the chromosomes are produced as follows: 

(i) Select a random integer k in the range [2 ... N+1], 
where k represents the size of the chromosome. 

(ii) Select K random integers in the range [2 ... N+1], the 
integers correspond to chromosome genes. Duplication 
is prohibited. 

(iii) To ensure that there is no repeated vertex in the same 
chromosome, the algorithm proceeds as follows: for 
each chosen vertex, the number ‘1’ is put into an array 
of 'N' boxes (initially filled with zeroes). This number 
takes the position corresponding to this vertex to 
indicate that it has been chosen in this chromosome. 
During the filling process of chromosome, we select 
vertices from the set that has labels equal to "0" in this 
array. 

d. Population Assessment 
In this step, the algorithm evaluates individuals by the fitness 
function that gives two values for each chromosome. The first 
indicates whether the path is feasible or not (it takes two values: 
0 if the path is feasible and 1 if the path is infeasible), and the 
second indicates the length of each chromosome. 
 
The fitness function of feasible and infeasible paths 
The evaluation function used to define feasible paths is 
determined by the linear combination of distances. It is given by: 

௙ܧ ൌ ෌ ݀ሺ ௜ܸ, ௜ܸାଵሻ
௟ାଵ
௜ୀ଴    (1) 

Where dሺV୧, V୧ାଵሻ represents the Euclidean distance between the 
vertex V୧ and V୧ାଵ. 
The fitness of infeasible paths function is given also by: 
 

௜ܧ ൌ ߛ ൅  (2)    ߚ
The term ߛ denotes the number of intersecting obstacles along 
the path and  ߚ  is the mean number of obstacles intersected by 
segments. This feature is used to differentiate between the 
infeasible paths. This method is used in [23] to differentiate 
between feasible and infeasible paths. 

In this evaluation process, the goal is to minimize both fitness 
functions for feasible and infeasible paths, of respective 
populations of GAs. In most cases, the obtained populations  
contain feasible and infeasible paths. A given penalty is added to 
infeasible path in order to differentiate between them and 
feasible ones. But, still keep them in the population because, they 
could become good feasible solutions after certain genetic 
transformations. So, the worst feasible path is assumed to be 
better than the better infeasible path. To do so, we add a constant 
π to the fitness of infeasible paths functions to make sure that the 
value of the fitness function of any given infeasible path is worse 
than those of feasible paths. This constant must be big enough 
and is defined as: 

ૈ ൌ ሺܰ ൅ 2ሻ כ  ܦ
   (3) 

Where N+2 indicates the maximum number of genes in a 
chromosome, and D denotes the maximum length of a path 
segment. 
 

e. The used genetic operators  
Five operators are used in the proposed algorithm, three standard 
genetic operators: crossover, mutation and selection, and two 
additional operators: repair and inversion. Each operator is 
applied with two probabilities, one for generations and the other 
for the individuals in each population. Note the significant 
difference between our genetic approach and the one of [23]. In 
this approach [23], only two standard genetic operators 
(crossover and mutation) are used and an additional operator 
called repair. The used algorithm is different since only one 
operator is needed for each generation compared to our approach 
where all operators are applied at the same time with different 
probabilities. 
 
Crossover 
The multi-points crossover is used with two rates [24]:  
- One for generations: it indicates the probability that the 
crossover operator is applied to the generation (applied to how 
many generations). 
- And one for the population: it indicates the probability that the 
crossover operator is applied to the population (applied to how 
many chromosomes in the population).  
 
Mutation  
The mutation is introduced to diversify the population and 
explore the search space. For this operator, two rates are also 
used, one for the generations and the other for the populations as 
in the crossover operator.   
 
Inversion of genes 
The inversion contributes to the adjustment and the ordering of 
genes (perhaps disordered) of the same chromosome. Like any 
other operator, it is used with two probabilities (for generations 
and populations), but too high rate leads to infeasible paths, i.e. 
the destruction of feasible paths. In our case, we use two types of 
inversion: 
Inversion of two genes 
This operator switches between two genes of the same 
chromosome (one is brought to the position of the other).  
Inversion of block of genes 
This operator consists to reverse the order of a block of genes in 
the same chromosome. 
  
Repair 
As its name indicates, it is used to repair an infeasible line 
segment randomly selected from infeasible path, by using 
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moment and it moves forward or backward. Moreover, the 
number of dynamic and static obstacles is higher than those of 
the simple environment. All information on the positions of the 
static obstacles in the environment are known for the robot 
before it starts to move. 

 TABLE I  
NUMBER OF OBSTACLES IN THE ENVIRONMENTS 

 
A. The control parameters of the algorithm   
This part concerns the GAs planning. Generally, the choice of 
parameters setting is a critical aspect using genetic algorithms. 
Unfortunately, there is no formal way to define the appropriate 
parameters. Traditionally, this is done experimentally. For us, 
after several tests, we set the control parameters of the algorithm 
as shown in Table II with the population size equal to 30 and the 
number of generations equal to 100. 
 

TABLE II  
THE CONTROL PARAMETERS OF GAS ALGORITHM 

Operator Probability in 
generations 

Probability in 
populations 

Crossover 0.7 0.6 
Mutation 0.4 0.3 

Repair 0.85 0.8 
Inversion of genes 0.1 0.05 

Inversion of block of 
genes 

0.05 0.5 

 
B. Simulation results 

1. Environment 1  
First, the approach is tested for a simple environment which 
contains static obstacles in black color, with enlargement in blue 
and red dynamic obstacles whose trajectories are represented by 
simple green lines. Positions and velocities of dynamic obstacles 
are randomly generated. Figure 12(a) shows the optimal path 
computed by the static planner which is based on the vertices of 
static obstacles. Figure 12(b) shows that if a moving obstacle is 
detected with a possibility of collision, position and waiting time 
are calculated by the dynamic planner.   
 

    (a) Static planner                                              (b) dynamic planner 
Fig 12. Environment 1  

 
In this environment, three cases of dynamic planner are present. 
In Fig. 12(b), the robot path’s is intersected by five dynamic 
obstacles among eight. Waiting vector “[0 0.5861 3 0 0]” given 
by the dynamic planner, indicates that there is no collision 
between the robot and the first obstacle intersecting the robot 
path because the robot reaches this intersection point before the 
obstacle arrives there. However for the second obstacle, there is a 
collision which brings the robot to calculate a waiting position 
(represented by the blue circle) and a waiting time equal to 

0.5861 seconds (the time required for the obstacle to pass the 
intersection point). The third obstacle stops squarely on the path 
of the robot, in this case, the dynamic planner waits a certain 
period equal to 3 seconds, and then, it calls the second action that 
is maneuvering around. This action uses the Dijkstra algorithm to 
find a local path which circumvents this obstacle (shown by 
purple dashed lines in Fig. 12(b)). For the fourth obstacle, the 
robot estimates its speed and position as well as the remaining 
speed and position of the obstacle to reach the intersection point. 
From these information, a collision occurs. The dynamic planner 
starts then to increase the speed of the robot and calculates if a 
collision can occur. The speed’s mean vector [2/0 2.5/0 2/0 2/0 
4.4/0] indicates that with the speed of 4.4m/s, the robot can reach 
the intersection point before the obstacle reaches its safety 
interval, therefore, the robot avoids this possibility of collision. 
For the last obstacle, there is no collision. Table III shows the 
length of the optimal path given by the genetic planner, the speed 
of the robot during this path, time needed to find this path and the 
calculation period of the W/A C planner. The simulation is run 
ten times, the results in the table are the average results of 10 
simulations. 
 

TABLE III  
RESULTS OF THE ENVIRONMENT 1 

The search space 
(number of vertices) 

32 

Number of dynamic obstacles 8 
Numberof static obstacles 8 

GA best chromosome [33     9      27     34] 
Robot speed (ms-1) [1.5/0   1.1/0   0.7/0   0.8/0   4.4/0] 

Path length given by the genetic planner (m) 158.3405 
Waiting Vector(s) [0 0 0.5861 3 0 0] 

Computation time of genetic Planner (s) 0.523856 
Global time of waiting (s) 3.586102 
 

2. Environment 2 
For this simulation, a more complex environment is tested. More 
static and dynamic obstacles are added. It contains 20 static 
obstacles with 90 vertices representing the search space. As 
shown in Fig. 13, this environment is complicated in terms of 
research and optimal feasible path. Most of the developed 
techniques have found their limits to provide an optimal solution 
or minimize the planning cost (the calculation time, ...) for large 
scale environments [21][4][15][20]. Since this environment is 
more complicated, the results given by the genetic planner are 
not identical each time. However, all the results given by this 
planner are optimal or near-optimal. 
 

Fig 13. Environment 2 
 

Table IV gives the results of this simulation environment. 
  
 
 

Enviro
nment 

Number of 
static obstacles 

Number of 
dynamic 
obstacles 

Number of 
vertices of static 

obstacles 
1 8 8 32 
2 20 7 90 
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Table IV 
RESULTS OF THE ENVIRONMENT 2 

The search space 90 
Nbr  dynamic obstacles 7 

Nbr static obstacles 20 
best chromosome [91  19   29  15  41  39  61  62  59  77 92] 

Robot speed (ms-1) [1.2/0 1.3/0   2.8/0   4.3/0   1.4/0   3.2/0   1.3/0   
3.5/0   2/0 1.2/0] 

Path length given by 
GA planner (m) 

532.6458 

Waiting Vector(s) [0    0.3152   0   0   1.8450    0   0   0   0   0] 
Computation time of 
genetic Planner (s) 

 
9.018568 

Global time of waiting(s) 2.160246 

From the result of Table IV, the robot had make two wait periods 
against the first and the third dynamic obstacles intersecting his 
trajectory, also it had a two accelerate phases against  the second 
and the fourth dynamic obstacles intersecting his trajectory. 

(a) Evolution of the minimum for                  (b) Evolution of the mean             r           
each generation                                                   for each generation 

Fig 14. Evolution of mean and minimum for each generation 
 

Figure 14 (a) and (b) show the evolution of the minimum and 
average in every generation respectively. Initially, the approach 
has no feasible path. The first Figure shows that the algorithm 
runs 20 times to have the first feasible path. The optimal 
trajectory is obtained at generation 57 as shown in the Figure. 
 

V. CONCLUSION 
In this study, a new approach to deal with complex dynamic 
environments is proposed. The approach uses GAs to plan a 
global path using prior information about the environment. Upon 
reaching his goal location, its map is changed based on the 
perceptual information extracted during motion. Then, it uses the 
W/A C to deal with moving obstacles. Using current information 
from sensors as a type of local map, this dynamic planner 
generates one action from (accelerate, wait or coordinate a local 
path from the robot current position to the next vertex on the 
global trajectory). The algorithm provides a feasible path from an 
infeasible one after applying Dijkstra algorithm. 
The obtained simulation results in complex and dynamic 
environments are, in most cases, sufficient (target met, low 
execution time, and optimal trajectories in most cases). These 
results clearly illustrate the first main contribution of the 
proposed approach which is able to generate for the robot, a free 
path without collision with obstacles in a dynamic complex 
environment. Furthermore, the approach gives improved 
performance compared to GA based approach in [21] in term of 
computation time to obtain the optimal trajectory. In this work, 
we introduced some new contributions as: 

- The introduction of the Dijkstra algorithm in the repair 
operator to find the local optimal path around the 
intersected obstacle. 

- Introduction of the accelerate action.  
- The combination of W/A C algorithm with GAs for path 

planning in dynamic environments.   

As a future work, the implementation of this approach on a real 
robot will be conducted. In addition, this work can be extended 
to multiple robots with unknown dynamic environments. 
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