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ABSTRACT

Motion planning is a critical task for any robotic system. Despite the large volume of research in this field, the
computational complexity of the motion planning and the increasing potential application domains require more accurate
and efficient motion planning algorithms. In this paper, a novel positional-based motion controller is proposed which
requires very little amount of information from the robot’s sensory system. The proposed controller evaluates candidate
positions of the robot and selects the most promising ones according to the output of a fuzzy logic controller. The designed
controller defines three positional variables for destination evaluation in order to improve the path length and runtime of
the solutions. The performance of the proposed planner is tested through computer simulation in different types of
environments. Simulation studies indicate the efficiency and robustness of the proposed algorithm.
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INTRODUCTION

Path planning is regarded as one of the primary
challenges encountered within applied robotics which has
been studied by many researchers over the past few
decades resulting in various algorithms with different
specifications. Path planning for a mobile robot is the
process of finding a path from an initial position to a final
one, while avoiding any collision with obstacles. In the
simplest form of path planning problem, i.e. the piano
mover’s problem, the running time of any algorithm is
exponentially the degrees of freedom, which makes the
path planning problem NP-Complete. It is also shown that
the path planner requires memory exponential in the
degrees of freedom which indicate that the problem is
PSPACE-Complete (Tsianos, Sucan, & Kavraki, 2007).
When the environment is completely known for the robot,
the path planning problem becomes a geometric
programming problem, where there are a variety of
techniques proposed to solve this problem (Ebrahimi,
Janabi-Sharifi, & Ghanbari, 2014; Khoukhi, 2015; O
Motlagh, Jamaludin, Tang, & Khaksar, 2013; Omid
Motlagh, Nakhaeinia, Tang, Karasfi, & Khaksar, 2014;
Omid Motlagh, Tang, Khaksar, & Ismail, 2012; Nayl,
Nikolakopoulos, & Gustafsson, 2015; Vatcha & Xiao,
2014). A detailed review on these techniques can be found
in (Tang, Khaksar, Ismail, & Ariffin, 2012). When the
planner has no prior information about the environment,
the path planning is called online, local, or sensor-based
path planning. In an unknown environment, the robot
obtains local information by means of a sensory system. A
basic difference between these two types of path planning
problems is that a path can be preplanned in known
environment, but in an online path planning, path should
be progressively computed as the robot explore the
environment and obtain newer knowledge about its
surrounding area (Choset, 2005).

The available sensor-based motion planning
algorithms generally require extensive information about

the surrounding area of the robot within its sensing range
which normally results in high compuataional cost. On the
other hand, as the degreed of freedom increase, the
complexity and difficulty of the motion planning problem
dramatically increases and more accurate, simple and cost-
efficient algorithms are required to deal with real-life
problems.

In this paper a new sampling-based navigation
algorithm is proposed which is able to plan navigation in
complex environments and also can handle sensor-based
planning tasks. A fuzzy controller is applied to make the
sampling procedure more intelligent. This controller
evaluates the generated samples within the visible region
and selects the best samples according to some criteria in
order to solve sensor-based planning problems in complex
environments. These criteria are designed based on three
positional variables and are being converted to fuzzy
variables to form the fuzzy reasoning system. The fuzzy
controller considers three criteria to evaluate the samples,
including distance of the robot’s next position to the goal
(1_G), distance of the robot’s next position to its previous
positions (p_(N-P)) and finally the robot current position’s
distances to the start position (p_S). Based on these
criteria, three variables will be defined and used in a
single package for candidate positions evaluation. The
simple logic behind the concept of these variables is that,
the robot needs to get closer to the goal, get farther from
the start and also not get close to its previous position.

Problem formulation

The robot is a 2D circle freely moving in a
workspace filled with different shaped obstacles. The
robot is equipped with a range finder which can sense the
distance to the surrounding area within the reading range
of the sensors. The reading of the range finder can be
formulized as follows:
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In which, ¥ is the reading range of the range finder. The
value of @(&,; &) shows the distance of the robot’s
current position (€} to the closest obstacle along the

direction of ()} and if there is no obstacle in that
direction, the distance equals to the reading range. Using
this value, the robot is able to identify three important
parameters including the distance of each position of the
robot to the start configuration, the distance to the goal
position and the interlude between next and previous
positions. Figure-1 illustrates the sensing mechanism of
the robot.

Figure-1. The perception procedure of the robot placed at
point C in the middle of the environment.

Each time the robot moves, a new point on the
perimeter of the reading range will be selected randomly
according to a uniform distribution. Then, this point will
be checked by a fuzzy logic controller based on the
aforementioned variables and if this random point was
decided to be suitable, the robot will move to this new
coordinates instantly.

The proposed fuzzy logic controller

The proposed controller utilizes the fuzzy logic to
evaluate the next position of the robot. This controller
includes three input variables and one output variable all
with bell-shaped membership functions. These fuzzy
variables include fg, Hyap and [z which can be
formulized as follows:

X, = pu(New) — p. (Current) @

Xy =typ 3)

X3 = pg(New) — pg(Current) 4

As can be seen, these variables have different
ranges and to simplify the fuzzy logic controller, they will

be normalized as follows to all fall in the interval [@,4],

X7 = (X, +v)/2y

(5)

X?ﬂm :XE.HEY (6)
Xﬂ-o?“m. — X _;_ 2

3 (X3 +v)/2y ™

By defining these variables, the fuzzy logic
controller is able to make sure that the robot is always
getting closer to the goal, getting farther from the start and
keeping distance from its previous position. Figure-2
shows the input membership functions.

All input and output variables follow similar bell-
shaped membership functions. For FF#TT _if the value is
Close, then the robot is getting closer to the goal position.
For &F¥"™ if the value is Close, then the robot is getting
close to its previous position anf finally for & ?m, if the
value is Closer, then the robot is getting closer to the start
position. For the output value, i.e. Suitability of the
randomly selected position, the position will be selected if
its value is more than 0.7 and rejected otherwise.
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Figure-2. The corresponding membership functions for
the inputs and output variables.

Figure-3 shows the rule-base surfaces for all pair
of input variables against the output variable. Note that for
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any pair of inputs, the third variable is set to be 0.5 in
order to have standard and uniform surfaces.

Figure-3. Corresponding decision surfaces based on rule-
base system of the fuzzy logic controller.

The overall procedure of the algorithm is as
follows: The robot scans the surrounding area and
calculates the value of three input variables. Then the
fuzzy logic controller takes place and calculates the
suitability of the randomly selected position. If the output
of the fuzzy system is below 0.7, the position will be
rejected and otherwise, the robot will move directly to this
position. This procedure will be repeated until the goal is
reached.

Simulation results

The performance of the proposed algorithm was
tested in several simulated environments in MatLab and
also was compared to four different pioneer motion
planning algorithms. Four instances of the resulted
solutions are shown in Figure-4.
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Figure-4. Some instances of the simulation results in 2D

environments filled with different types of obstacles.

As can be seen in Figure-4, the generated paths
are almost optimum, safe and smooth in all four
environments. In the third environments where the
presence of narrow corridors makes the motion planning
problem even more difficult, the proposed fuzzy logic
controller efficiently finds the entrance of the narrow
region and navigates the robot through the narrow passage.

The summary of the comparison studies are
presented in Table-1, where the path length and runtime of
different planners are given in all test environments
according to Figure-4.

Table-1. The summary of the simulation results in all test
environments.

Buvironments-] | Envionmentsd | Environments} | Environments4
Algonttm | PL RT | PL | RT | PL | RT | BL | RT
Bugl B30 | MET | | 14| U720 | 805 | M6 | 18
Bugl W8 | 1566 | 1865 | 1284 | 1369 | 647 | 291 | M3
TmgentBug | 1598 | 1807 | 1305 | 1667 | 1370 | 832 | 1% | 171
TanBased  [1455 | 245 | B3| 1732 | 1436 | 864 | 230 | 18)
Propased W6 | R0 | 1295 | 93 | 148 | 5K | IOT | 113

)
§
!
]
)

For comparison studies, for different motion
planning algorithms have been included as stated in Table
1. These algorithms are Bug I, Bug II, Tangent-Bug
(Choset, 2005) and Tabu-based (Masehian & Amin-
Naseri, 2008) algorithms. They were selected for their
powerful performances in sensor-based motion planning
tasks. A comprehensive review of these algorithms van be
found in (Tang et al. 2012). The results of Table-1 are
visualized in Figure-5 and it shows the superiority of the
proposed algorithm in terms of path length and runtime.
Note that the results in Figure-5 are averaged over all test
environments to provide a more general and uniform
analysis of performances for all five algorithms.
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Figure-5. Performance comparison in terms of (a) path
length and (b) running time. The results are averaged over
all environments.
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CONCLUSIONS

A novel fuzzy logic controller was proposed in
this paper to deal with the challenging problem of motion
planning in unknown environment. The proposed planner
defines three variables according to the positional situation
of the robot and evaluates the candidate destinations
accordingly. The randomly generated candidate will be
selected as the robot’s next position if the output of the
corresponding fuzzy system is more than 0.7. This value
has been obtained over an extensive amount of simulation
studies.

The performance of the proposed controller was
tested in different environments and shown significant
improvements in terms of length of the generated path and
rinning time of the planner. Furthermore, the results of the
introduced algorithm have been compared with four
powerful sensor-based navigation algorithms to proof the
superiority of the proposed fuzzy logic controller.
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