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Abstract - Path planning field for autonomous
mobile robot is an optimization problem that
involves computing a collision free path between
initial location and goal location. In this text, we
present an improved artificial potential field
based regression search method, by analysing the
shortcoming of the artificial potential field
methods for robot path planning, we propose an
obstacle avoidance method based on gravity
chain, which can obtain a global sub-
optimal/optimal path efficiently without local
minima and oscillations incompletely known
environment information.
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I INTRODUCTION

Mobile robot path planning problems have been an
important research topic since the 80’s. Mobile
robots are expected to work in many places such as
factories, offices and so on. Jiang Xinsong [1] defined
path planning problem as, “The path planning is a
vital part of mobile robot, according to some
evaluation standards, it finds a collision-free path
from original state to target state in obstacle
environment” that is the mobile robot path planning
problem is typically defined as, generating a
collision free path in an environment with obstacles
and optimize it with respect to some criterion [2, 3]
so we need to plan a path between two specified
locations, a start and end point. The path should be
free of collision and satisfies certain optimization
criteria (i.e., more global optimal/near optimal,
collision-free and safety path) [4]. According to this
definition, the path planning problem is categorized
as an optimization problem.

Now a day, autonomous mobile robots used in the
environment where many human beings are working,
cooperating with robots. In these situations, the
collision-free path planning is one of the major
problems to realize autonomous mobile robots.

A considerable number of researchers have been
working extensively to develop efficient methods to
overcome these problems. The major research took
place in this area on the potential field method which
has been studied a lot in the past decade [1-24]. The
basic concept of the potential field method is to fill
the robot’s workspace with an artificial potential
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field in which the robot is attracted to its goal
position and is repulsed away from the obstacles [7].
This method is particularly attractive for path
planning in stationary environments because of its
elegant mathematical analysis and simplicity but
show poor performance for dynamic environment.
Till then, a large number of research results have
been achieved in the path planning, such as: artificial
potential field [6], D*arithmetic [8], neural network
[10], fuzzy logic [11], genetic algorithm [19, 23, 24].
The artificial potential field (APF) method is widely
used for autonomous mobile robot path planning due
to its efficient mathematical analysis and simplicity
[18]. However these methods were also suffering
from local minima problem which occur when the
total force acting on a robot is summed up to zero.
In order to solve the problem, some previous
researches have been done in constructing potential
fields free from local minima problem. Such as
transforming the Gaussian function of potential [ 14].
Another solution is to develop the strategies of APF
[9-12]. A random sampling scheme that applies
random APF force vectors to move away from local
minima. But that may cause the robot follow a
longer path or does not guarantee to get rid of local
minima in one shot [13].

As the total force acting on the robot is calculated by
summing up all the force components of the
environmental Based on the electric charge
modeling, the repulsive potential of obstacles is
defined as a function of the relative position and
electric charge.

In order to overcome the problem investigate above
we proposed a novel method, where the parameters
are optimized & decide through particle swarm
optimization, solves the problem of local minima
and finally avoids oscillatory movement and
unreachable problems. The Simulation experiments
verify that this algorithm is not bound to the limits
as is the case with traditional APF methods, which
can overcome the disadvantages of the artificial
potential field method.

I1. PROPOSED ALGORITHM
A. Artificial Potential Field

The main idea behind artificial potential field
methods is finding a function that represents the
energy of the scheme, and producing a force on the
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they may have

and
characteristics of repulsive, attractive or random

tangential

and reach its least value, at the goal position. Hence,
or

moving to the goal position can be supposed as
APF mainly consists of force vectors, produced by
the difficulties or target positions, which may be
depending on the state of the agent with respect to

moving robot from a high-value state to a low-value
state by succeeding at, “downhill” path.

robot so that the energy of the system is minimized
Basic Concepts of APF

linear

its environment. An example of a potential field

force function is as follows;

Figure 5: Blending of attractive and repulsive

Linear potential Fields [25]
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Figure 6: Path of a robot in the environment,
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Direction of the potential Field force can be

determined by considering its gradient;
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B. Particle swarm opt
Kennedy and Eberhart develop PSO founded on

analogy of the swarm of birds and fish school. PSO
as an optimal device supplies a community based
search method in which individuals called particles

change their place with time. In a PSO, particles fly

in multi-dimensional search space. Throughout their

flight each particle corrects its location according its
own skill and the skill of the neighbouring particles,

making use of the finest location come across by

itself and its neighbours.
The steps encountered during particle swarm

optimization method are as follows:
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Step 1: make a selection of the required parameters

of PSO.

Figure 4: Single direction tangential potential

Step 2: Set a population of particles with random

velocities and positions in the problem space.

Fields [25]

Step 3: Calculate the suitable optimization fitness

function for each particle.
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Step 4: For each individual particle, compare the
particles fitness value with itsPbest. If the current
value is better than the Pbest value, then set this
value as the Pbest for agent i.
Step 5: Identify the particle that has the best fitness
value. The value of its fitness function is given as
Gbest
Step 6: Calculate the new velocities and positions of
the particles according to equation (4) & (5).
VE =wx VE + € xry x (Pbestf — X5
+ Cy X 1, X (Gbestf — X[t
“4)
Wherei =1,2,..Np ; i =12,..Npg
X=X+ VS
)
V{; Dimension i of the velocity of particle j at
iteration t, X, fj Dimension i of the position of particle
j at iteration t, w Inertia weight, C;, C;Acceleration
coefficients, Pbest{;Dimension i of the own best
position of particle j until iteration t, Gbestfj
Dimension i of the best particle in the swarm at
iteration t, NpDimension of the optimization
problem, N,,. Number of particles in the swarm,
11, o Two separately generated uniformly distributed
random numbers in the range [0, 1]
Step 7: Repeat steps 3-6 till the stopping criterion of
maximum generations is met [10].

1. RESULTS
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Figure 7: Path follow by mobile robot in both the

cases (using only artificial potential field method

and artificial potential field method with particle
swarm optimization) for 7 robots
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Figure 8: Path follow by mobile robot in both the

cases (using only artificial potential field method

and artificial potential field method with particle
swarm optimization) for 10 robots
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Figure 9: Path follow by mobile robot in both the

cases (using only artificial potential field method

and artificial potential field method with particle
swarm optimization) for 15 robots
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Figure 10: Path follow by mobile robot in both the
cases (using only artificial potential field method)
for 10 robots
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Figure 11: Path follow by mobile robot in both the
cases (using artificial potential field method with
particle swarm optimization) for 15 robots

V. CONCLUSION

Anovel potential field method has been proposed for
mobile robot motion planning in a static
environment where both the goal and the obstacles
are fixed. Once the potential field has been
generated, the path proceeds very fast, since it only
involves the calculation of gravity factors. The path
generated by the proposed approach has various
favourable features such as freedom from local
minima, no shaking problem, smoothness and
collision avoidable. The experiments presented in
this paper confirm the power of Particle swarm
optimization Algorithms (PSOs) for solving multi-
criterion optimization problems. Most importantly,
unlike various learning techniques, PSO can
gradually evolve the control system of an
autonomous robot by exploiting the variations in the
interactions between the environment and the robot
itself.
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