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Abstract: In this paper, a new Enhanced Genetic Algorithm (EGA) is used to find the
best global path planning for a mobile robot according to a specific criterion. The EGA
is enhanced by a new encoding method, new initial population creation method, new
crossover and mutation operations as well as new additional operations correction
operation and classification operation. The study considers the case when the mobile
robot works in a known static environment. The new proposed algorithm is built to help
the mobile robot to choose the shortest path without it colliding with the obstacles
allocated in a working known environment. The use of grid map in the environment
helps to locate nodes on the map where all nodes are assigned by coordinate values. The
start and the target nodes of the required path are given prior to the proposed algorithm.
Each node represents a landmark that the mobile robot either passes through only one
time or never passes through during its journey from start node to the target node. Two
examples of known static mobile robot environments with many obstacles in each one
are studied and the proposed algorithm is applied on them. The results show that the
proposed algorithm is very reliable, accurate, efficient and fast to give the best global
path planning for the two cases.
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1. INTRODUCTION

Optimization is maybe the process of
adjusting the inputs to, or characteristics
of a device, mathematical process, or
experiment to find the minimum or
maximum  output or result (i.e.
Optimization is the process of making
something better) [1].

Path planning is one of the most
important fields of research in the area of
robotics. It is usually defined as
generating a collision-free path, between
two specific locations in an environment
with obstacles and optimizing it with
respect to some criterion [2]. Path
planning can be divided into two major
categories: local path planning and
global path planning.

Local Path Planning, which is also
called on-line path planning, is a set of
algorithms that plan and execute a path
at the same time. This task is based on
feedback from a variety of sensors such
as sonar and laser. Every task, like
obstacle avoidance and backing, is
analyzed based on data obtained from
these sensors.

The Global Path Planning which is
also called off-line path planning is a set
of algorithms that process the existing
data before the vehicle starts moving. In
this way the user can visualize the path
and detect possible errors in the
algorithm. This method provides the
safest possible path planning [3]. In [4],
the authors present an effective method
to achieve both obstacle-avoidance and
target-tracking for an autonomous
mobile robot in an indoor environment.
They employ a wall-following algorithm
using neural network pattern recognition
to avoid obstacles. An autonomous
mobile robot reaches a given target by
the tracking algorithm. In case obstacles
are detected by sonar sensors, an
autonomous  mobile  robot avoids
collision with obstacles by the wall-
following algorithm. They propose a
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simple making method to avoid being
trapped in a local minimum which was a
serious problem in local path planning.
Kolushev and Bogdanov [5] presented a
novel approach to multi-agent optimal
path planning using graph representation
of environment models. When planning
the path of each robot, the graph model
of environment is dynamically changed
for path correction and collision
avoidance. The new algorithm applies
changes of robot's paths and speeds to
avoid collisions in a multi-agent
environment. A method based on Ant
Colony Optimization Meta-Heuristic
(ACO-MH) to find the optimal path in a
previously defined static search map is
presented in [6]. The proposed algorithm
supports the avoidance of dynamic
obstacles; that is, once the optimal path
is found and the robot starts navigating,
if the robots route is interrupted by a
new obstacle that was sensed at time t, it
will recalculate an alternative optimal
path from the actual robot position in
order to surround this blocking object
and reach the goal. Also [7] proposed a
path planning for a mobile robot based
on chaos GA where a reasonable coding
way and fitness function are used. The
chaos operation is added to the GA,; the
solution obtained by chaos GA may not
only satisfy the shortest but also the most
effective path to avoid the collision with
an obstacle. Kambhampati & Davis in
[8] presented an approach to automatic
path planning based on a quad-tree
representation. They demonstrated the
merits of quad tree-based path planning
and also discussed in detail a method of
staged path planning with improved
computational cost compared to pure

quad-tree based single stage path
planning. The GA, which was developed
by John Holland (1975), is an

optimization and search technique based
on the principles of natural genetics and
natural selection. GA allows a
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population  composed of  many
individuals to evolve under specified
selection rules to a state that maximizes
the “fitness” (i.e., minimizes the cost
function). It begins, like any other
optimization algorithm, by defining the
optimization variables, the cost function,
and the cost. It ends like other
optimization algorithms too, by testing
for convergence.

Mobile robots imitate biological
movement, and GA imitates biological
survival [1]. The two topics seem to be a
perfect match. Many researchers have
made that connection, especially for the
problem of finding optimal path, which
has a great attention in the recent years.
Many researchers have research in this
field, for example, [9] proposes a new
path planning method based on neural
network and GA. The method constructs

a neural network model of
environmental information in the
workspace for a robot, and then

establishes the relationship between a
collision avoidance path and the output
of the model. This GA was applied to
find the global optimal path in static
environment.

This paper focuses on off-line path
planning and uses EGA to find the best
path of the mobile robot to reach its
target. The terminology “best” path
implies that there are many paths, which
are not of equal lengths. The definition
of “best” is relative to the problem at
hand, its method of solution, and the
tolerances allowed. Here, the required
path is optimal in the sense of the
shortest distance and the less effort done
by the mobile robot.

2. PROBLEM DESCRIBTION

In our problem, we have a mobile
robot moving in a known static
environment. The environment space has
many obstacles located in specific

71

positions. The mobile robot's mission is
to choose offline the shortest path to
travel from a start node to a target node
without colliding with the obstacles that
appear on its way.

3. THE GENETIC ALGORITHM

In general, GA starts with a random
initialization of individuals. The fitness
for each individual is evaluated. Then
the  genetic  operators’  selection,
crossover and mutation are applied. Thus
new individuals are produced from this
optimization process, which then results
in the next population. Encoding of
chromosomes is the first question to be
asked when starting to solve a problem
with GA. It depends on the problem
heavily [10] [11]. There are many
possible individuals' encodings. Binary
encoding (or bit strings), is the most
common way of encoding mainly
because the first researchers of GA used
this type of encoding and secondly
owing to its relative simplicity. On the
other hand, this encoding is often not
natural for many problems and
sometimes corrections must be made
after ~ crossover and/or  mutation
operations [11]. In binary encoding,
every chromosome is a string of bits O or
1.

Crossover and mutation are two
basic operators of GA. The performance
of GA depends on them very much. The
type and implementation of these
operators depend on the encoding and
also on the problem [10]. There are also
many ways to perform crossover; some
of these are: single point crossover, two-
point crossover, uniform crossover, and
arithmetic crossover.

4. PROPOSED ALGORITHM

In order to use EGA to solve the
path-planning problems, a number of
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preparation steps are needed. These steps
are;

1) Convert the search known
environment to a gird map.
2) Choose the necessary and

minimum number of nodes on
the map to allow the mobile
robot reach to each demanded
place.

Specify an integer symbol for
each node.

Specify the existent subpaths
between nodes (i.e. the allowable
node linkages between each
other).

Calculate the coordinate values
for each node.

Count the number of static
obstacles in the known search
environment.

Determine the starting node and
target node in order to establish
the required path.

3)

4)

5)

6)

7)

5. PROBLEM FORMULATION
a) Encoding of Chromosome

The nodes are used to encode a path
as a string of an ordered integer symbols.
The first integer in the string represents
the starting node while the last integer in
the string is the target node. Each
chromosome represents a candidate
solution to the optimization problem.
Thus the chromosome represents a path
which consists of straight line segments;
the first node indicates the starting point
of first line segments while the first
intermediate node is the end point. The
second line segment is the line
connected between the first and the
second intermediate nodes. Other line
segments are similarly constructed from
the connection between any two
neighbor intermediate nodes. The final
line segment is the connection between
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the last intermediate node and the target
node. The maximum chromosome length
is equal to the number of map nodes
times the gene length.

In this case, we have 16 nodes where
each node is coded by one integer
location. The chromosome length is
equal to 16 integers. This result is
straight forward but the chromosome
length can be reduced to save the
computation power. One can observe
from map topology that the chromosome
length of the shortest path between a
starting node and a target node is
proportional to the number of obstacles.
When the number of static obstacles is
equal to n, the shortest path consists of at
most of (n+2) nodes or (n+1) linear
segments. This relation assumes that the
obstacle shapes are not complex and can
be considered as mass points. When
there are no obstacles in the environment
n=0, the shortest path consists of a one
liner segment from the start node to the
target node. If there is one obstacle in the
environment, the shortest path consists

of two linear segments. Thus, the
maximum number of chromosome
length will be determined by the

equation (1).

L=n+2 1)
Where, L is the number of genes in the
chromosome, n number of static
obstacles.

According to this relation variable
length chromosome will be proposed in
this paper with maximum chromosome
length is equal to L and minimum length
is 2.

b) Initial Population.

The initial population is generated in
two manners. Each manner generates
half the number of chromosomes of the
total population. The starting node and
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target node are fixed in each
chromosome. In the first manner, we
begin from the starting node, if for
example the starting node is linked to
three nodes; one of these linked nodes is
chosen randomly and fixed as the first
intermediate node. The first line segment
is the connection between these start and
first intermediate nodes. Now, the path
reaches the first intermediate node, in the
same way, we look to the number of
linked nodes to this intermediate node,
and choose randomly one node to be the
second intermediate node. The second
line segment is the connection between
these two intermediate nodes. The

procedure continues till the location of
last intermediate node is filled as shown
in Figure (1).

Figure(1). The first manner of creation
chromosome

In the second manner, we begin from
the target node. The last intermediate
node is chosen randomly from the
number of linked nodes to the target
node. The node before the last
intermediate node is chosen randomly
from the number of linked nodes to the
last intermediates node. The procedure
continues till the first intermediate node
location is filled as shown in Figure (2).

We classify the chromosomes in a
number of categories. So, we add one
location in the chromosome for this
purpose to discriminate the type of the
chromosome.
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Figure (2). The second manner of creation
chromosome

The chromosome generated by the
first manner is of type A, but if the target
node of this chromosome is one of the
linked nodes to the last intermediate
node, the chromosome is of type C. The
chromosome generated by the second
manner is of type B, but if the first
intermediate node is one of the linked
nodes to the start node the chromosome
is of type C.

Any chromosome, which results
from crossover or mutation operations
that will not meet the above three types,
will be of type D. The classification
operation is applied in each generation
for all chromosomes in the population.

c) Creation Operation.

The creation operation is unique in
that it does not require any existing
chromosome. It creates an entire new
chromosome in the same way that a
chromosome in the initial population is
created. This operation is applied to
create a predefined number of new
chromosomes for the new population in
each generation. The created
chromosomes are of type A and B.

d) Selection Operation.

In the EGA, a tournament selection
is used to create a new population. In
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this method, two chromosomes are
chosen at random from the population. A
random number r is then chosen
between 0 and 1. If r< k (where k is a
parameter, for example 0.75), the fittest
of two chromosomes is selected to be a
parent chromosome, otherwise the less
fit chromosome is selected. The two
parental chromosomes are then returned
to the original population and can be
selected again. Elitist mode is also used
where a certain number of best parental
chromosomes of each generation are
kept in the next generation, so as to
improve the efficiency of the EGA.

e) Crossover Operation.

Two new proposed types of
crossover operations are implemented on
the selected chromosomes. The start
node and target node are not contributed
in the crossover operations, only the
intermediate nodes are considered.
During the crossover operation, a
chromosome that has an efficient fitness
value is randomly selected as a parent.
The first parent is selected of type A or C
chromosome while the second parent is
selected from type B or C chromosomes.
The two methods of crossover operations
are illustrated as follows:

Method-1-: If there are same
intermediate nodes in the two parents
and the crossover between them does not
result in any child of chromosome length
more than the maximum length, this
node is possible to be a crossover point.

All these possible crossover points
are counted. Then, one of them is chosen
randomly to make the crossover
operation. Two parents are taken from
the environment map shown in Figure
(7) to illustrate the first type of crossover
operation in Figure (3).
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Figure (3). The first method of crossover
operation.

Method-2-: when there are not the same
intermediate nodes in the two parents,
for each node in first parent, a search is
made in the second parent for a node
which is one of the linked nodes to it. If
the linking between them by crossover
operation does not result in any child of

chromosome length more than the
maximum  length, the  crossover
operation can be made. All these

possible states are counted. Then, one of
them is chosen randomly to make the
crossover operation.

Two parents are taken from the
environment map shown in Figure (7) to
illustrate the second type of crossover
operation in Figure (4).

Crossover points
A p

T[T ==

Paren2 [S |1 ]2 ]5 8|@])9 T|B

Crossover ﬂ Operation

ot [s |3 |6 [fduf o] 7

8 |09)]10]1s] 7

Figure(4). The second method of crossover
operation

Parentl| S | 3

chiz |s|1]215

If the two methods of crossover
operations cannot be implemented in this
case, mutation is made for these two
parents.
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f) Mutation Operation

This operation is an asexual
operation that operates on only one
parental chromosome. The parental
chromosome is selected based on fitness
measure. One node is selected randomly
from parental chromosome. The linked
nodes to the node before this selected
node are considered. Then one of these
linked nodes is chosen randomly to
replace the original selected node. The
chosen of new linked node is
accomplished using the table of linked
nodes as shown in Table (1). The
mutation operation is illustrated in
Figure (5).

M

parent |S |1 258@913TB

Mutation ﬂ Operation

4\,@
Q

{
QIE

Figure (5). The proposed mutation
operation

Chid |S|1]2]5]8 13T

g) Correction operation.

This is a new proposed operation.
The name “correction” has been chosen
for this operation as an indication to the
process of correcting a chromosome
path. This operation eliminates the loops
that may exist in the path during
traveling from start node to target node.

The chromosomes are created or
yielded from creation, crossover and
mutation operations during generations.
Some of these chromosomes may have
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repeated nodes. This means there are one
or more loops in a chromosome path.
The correction operation is implemented
to test if the chromosome has repeated
nodes.

When there are loops in the path,
these loops are removed in order to
shorten the length of the chromosome to
minimum  value.  The  correction
operation is illustrated in the Figure (6).

(o)1 ] [(o)[3 |

ﬂ Operation
(o)f3 ]

Figure(6). The proposed correction operation

Parent |S 11121518

Correction

chid |S|1]12]5]8

This operation is applied for all
chromosomes of the population in each
generation.

h) Classification Operation.

The new chromosomes resultant
from crossover and mutation operations
have an unknown type of chromosomes
because they are constructed from parts
of their parents.

So, this operation is used to classify
each chromosome of the new population
in order to use them correctly in the next
generation.

1) Fitness and Evaluation.

The fitness can be considered the
most difficult and important part in
EGA. The success of EGA to find the
optimal chromosome depends mainly on
the selection of appropriate fitness
measures.

The fitness is a number assigned to a
chromosome representing a measure of
goodness. In our problem the shortest
path between start node and target node
is an optimal path. Thus, the fitness
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measure must be able to guide the EGA
to find this shortest path. Since each path
consists of many segments of straight
lines, the distance can be calculated by
equation (2):

n+l

Distance =i (xi+1-xi)z+(vi+l-v. f @

Since there are a number of types of
chromosome, then any chromosome
results in an unfeasible path is punished.
The chromosomes of type D are getting
punishment in order to have very small
fitness value. The chromosomes of types
A and B are getting relatively small
punishment. While the chromosomes of
type C are not getting any punishment
because they are feasible chromosomes.
The fitness function is illustrated by
equation(3):

1

Fitness =
Distance + Punishment

-(3)
6. FINDING THE OPTIMAL PATH

In this paper, two examples are
suggested and expressed in two maps of
static environments with many obstacles.
We assume the mobile robot works in
these two known environments and can
reach any point in the environment
without colliding with the existent
obstacle.

Example-1: The map of the first
example is shown in Figure (7).

When we apply the steps of the
proposed algorithm on this map, we find
the minimum number of required nodes
Is 16 and the number of obstacles in the
environment is 21.

The coordinate values of any node
and the nodes linking to it through the
subpaths are shown in Table (1).
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Figure(7).Environment map of example-1

Table(1). Nodes linking and their
coordinates values for the map of

example-1.
N,\?ge t‘gg: va)l(ue vaTue Linked Nodes
(m) (m)
0 0 1.3 2.3 134
1 1 15 4.6 02,45
2 2 3.2 7.6 159
3 3 3.2 1 0,4,6,7
4 4 3.2 3.1 01357
5 5 4.9 4.6 12,4789
6 6 75 0.8 3,7,10,12
7 7 6.6 33 3,4,5,6,8,10,11
8 8 6.6 5.2 57,911
9 9 6.6 8.2 25811
10 10 8.3 3.1 6,7,11,12,13
11 11 8.3 46 7,8,9,10,13
12 12 10 16 6,10,13,14
13 13 10 T
14 14 11.7 3.1 12,13,15
15 15 11.7 6 9,13,14
In the proposed EGA the

chromosome is represented as a string of
integers, each node represented by one
integer, the chromosome length is a
variable with maximum value 16 and
minimum value 2. Tournament selection
with elitism strategy is used (retain two
best individuals), Creation rate P, = 0.2,
Crossover rate P.=0.65, Mutation rate,
Pm=0.15, Population size=100,
Maximum generation 1000 for each run.
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The results of some optimal paths
between certain start nodes and certain
target nodes are shown in Table (2).
Figures (8,9,10) show the optimal paths
on the map of the environment.

Table(2).Some optimal paths for example-1.

Start Interénedlate Target d.The
node nodes or node istance
optimal path of path
3I—> 4—>5 —>9 ] 8.34836
5—>7—>10
1—> 519 —> 14 ] 11.7861
4—>7—>11
0—> 313 —> 15 | 11.3030
Y(m) Target
9 point
9
8 gu—
) o N
) y/ SN
/ &
5 1
4
3 14
2 |0 /
=
1 Start 2
0 point 6
001 2 3 4 5 6 7 % 9 10 11 12 Xm)

Figure(8). The optimal path from
node 3 to node 9 for example-1

o R

15

Start |1
point

’ Target
point

12

01 2 3 4 5 6 7 8 9 10 11 12 Xm

Figure(9). The optimal path from
node 1 to node 14 for example-1
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Y (m)
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Target
6 / \ 15 point
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5 lﬁ
4
Nl
14
2 < 0 /
tart
| point %
s 6
0
01 2 3 4 5 6 7 8 9 10 11 12 Xmw

Figure(10). The optimal path from
node 0 to node 15 for example-1

Example -2: The map of the second
example is shown in Figure (11).

[N
[

16

=
o

130

28

I

12 20

o B N W A U1 N 0 W

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 X(m)

Figure(11).Environment map of example-2

When we apply the steps of the
proposed algorithm on this map, we find
that the minimum number of required
nodes is 31 and the number of obstacles
in the environment is 18. The coordinate
values of each node and the nodes
linking to it through subpaths are shown
in Table (3).
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Table(3).Nodes linking and their coordinates Maximum generation is 1000 for each
values for the map of example-2  run. The results of some optimal paths

< v _ between some start nodes and target
m’:‘:qdbeer TSS: value | value '?\:QL(:S nodes are shown Table (4).
0 (rln) (;n) >3 Table (4). Some optimal paths for example-2.
1 1 2 3 142 Start | Intermediate nodes | Target The
2 2 2 6 0,1,6,8 node or optimal path node distance
s s z i L 0— | 2,8,10,14,19,22,27,28 | — 30 1?4?9?1
: : 2 : ;:2,12 0—> | 2:8110114.192327.28 | —> 30
5 s 2 7 124713 4—> |6,7,14,19,23,24 —> 25 | 11.88634
- - 7 5 1614 9—> |11,8,10,14,13,12 — 20 | 12.40491
= = - o PXTET 9—> |11,15,10,14,13,12 —>20
9 9 4 9 |511,16 ) .
7o 0 5 5 181415 Figures (12,13,14) show_the optimal
T T = 5 138015 paths on the map of the environment.
12 12 7 1 |4132021 v
13 13 6 4 ]6,12,14,21 = 1 [
14 |14 | 6 6 | 7,10,1319 i T2 = |
15 15 6 7 | 10,11,17 NN\ !
16 16 6 10 |9,1825 [ arge
17 17 7 7 | 151819 : %
18 18 7 8 |16,17,24 5 -
19 19 8 6 |14,17,22,23 4 1
20 20 9 1 | 12,26 3 i %
21 21 9 4 |12,13,22,26 2 A ——
22 22 9 5 | 19,2127 ; DR
23 23 9 7 19,24,27 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 X(m)
24 24 2 8 18,2325 Figure(12). The optimal path from
;2 ;2 191 130 ;g’ii’iz node 0 to node 30 for example-2
27 27 10 6 | 22232829 Vo
28 28 | 13 5 | 26,27,30 ; . o
29 29 13 9 | 2527,30 . sl L ~N"
30 30 14 6 | 2829 2 L __) o
S|
The chromosome of proposed EGA 6 %
is represented by a string of integers, 5 e
each node represented by one integer, ! :
the chromosome length is a variable with } I %
maximum value 20 and minimum value ? T
2. Tournament selection with elitism ; 12 20

strategy are used (retain two best 01 2 3 4 5 67 8 9 1011 1 13 14w

individuals), Creation rate P,=0.2, . .
Crossover rate, P.=0.65, Mutation rate, Figure(13). The optimal path from
P, .=0.15, Population size=100, node 4 to node 25 for example-2
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-
[

Start 16
point

25

-
o

30

28

I

Targef
Ipoint

o B N W A U o N ®© 0

12 T 20

6 7 8 9 10 11 12 13 14 Xm)

0 1 2 3 4 5

Figure(14). The optimal path from
node 9 to node 20 for example-2

7. CONCLUSIONS & DISCUSSION

In this paper, a new path planning
method based on EGA is introduced.
The EGA is proposed to find the optimal
path in two dimensional known
environments offline. The grid is used to
establish the working environment of a
mobile robot. The nodes labels are used
to encode the chromosome as a string of
integers. The EGA is enhanced by the
new method of creating initial
population, two types of crossover
operations, mutation operations and new
additional operations which are called
correction operation to shorten the length
of the chromosome, and classification
operation to classify the chromosomes.
The statistic results of the two examples
are shown in Table (5).

In order to ensure the ability of the
proposed EGA to solve path planning
problem, different optimal paths with
different start nodes and target nodes are
taken for two environment maps.
Moreover 10 runs are taken for each
case. The results show that the EGA can
find the optimal path with probability
100% because all runs succeeded to find
the optimal path in all cases as shown in
the Table (5).
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Table(5).The statistic results of two examples

gslgls |52 |88
c - - T - »
g1 512 |28]&82
wn = Z Z 8 = SE’
o
3o 10 1.1
el 1]1a]10] 10 5.7
Wlolws [ 10] 10 48
o~ Lo |30 | 10 | 10 455
ol 4]25] 10 ] 10 12.6
Wlol2[10] 10 5.3

The average of generations for
success runs is relatively small and so it
takes a reasonable time. Therefore, the
EGA can be implemented online to find
the optimal path for the mobile robot.
Finally the simulation results prove that
the EGA is very reliable, accurate,
efficient and fast to find the best global
optimal path planning for the mobile
robot in different known environments.
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