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Abstract

In this paper, a robot navigation model is constructed in MATLAB-Simulink. This robot navigation model make the robot capable for the
obstacles avoidance in unknown environment. The navigation model uses two types of controllers: pure pursuit controller and fuzzy logic
controller. The role of the pure pursuit controller is to generate linear and angular velocities to drive the robot from its current position to
the given goal position. The obstacle avoidance is achieved through the fuzzy logic controller. For the fuzzy controller, two novel fuzzy
inference systems (FISs) are developed. Initially, a Mamdani-type fuzzy inference system (FIS) is generated. Using this Mamdani-type FIS
in the fuzzy controller, the training data of input and output mapping, is collected. This training data is supplied to the adaptive neuro-fuzzy
inference system (ANFIS) to obtain the second FIS as of Sugeno-type. The navigation model, using the proposed FISs, is implemented on

the simulated as well as real robots.

Keywords: ANFIS; fuzzy controller; obstacle avoidance; path planning; robot navigation.

1. Introduction

Mobile robots have a wide range of applications like space missions,
household and office work, receiving-delivering orders of clients in
restaurants, transportation of logistics in inventories, inspection and
maintenance, agriculture, security and defence, operations in radioac-
tive areas etc. Mobile robots are very useful in the area where either
the task is boring due to the repetitiveness of the same operations
or the working environment is hazardous for the human being. For
mobile robots, the navigation from one location to the other is one of
the most desirable operations. Therefore, robot navigation attracted
many researcher since past few decades to the recent time [1]. In
an unknown environment where very less or no information about
the environment is prior available to the robot for the navigation. As
a result, robot navigation in unknown environment becomes much
more challenging in comparison to the robot navigation in known
environment where sufficient information about it is prior available.
In the navigation process can be subdivided into two parts: global
navigation and local navigation. The global navigation method is
used to find globally optimal path on the basis of priory information
like map of the environment. However, in the absence of sufficient
priory information the global navigation strategy is not applicable.
Instead of the priory information, the local navigation is based on the
on-line sensory data received from the sensors mounted on the robot.
Therefore, the local navigation methods can also be applied when
the navigation environment is unknown or partially known. In robot
navigation, obstacle avoidance is one of the major tasks [2]. The task
of obstacle detection can be more complex in the case of similar kind
of obstacles [3]. Obstacles in the robot’s path can be categorized as

static and dynamic. Static obstacles are those which do not change
their position and orientation after the start of the navigation. In
this case, the priory information about the obstacles does not change
after navigation starts. Therefore, the global navigation methods can
provide an optimal path from start to goal. On the other hand, the
dynamic obstacle changes their position or orientation after the start
of navigation process. So, in the presence of dynamic obstacles, the
global navigation methods are not applicable. The local navigation
methods can solve the problem of dynamic obstacles. In case of
unknown environment, navigation task needs an approach that can
work in uncertain situation [4].

Commonly, there are two steps in the design of the controllers for
mobile robots. Firstly, the data from sensors are computed into
high level and meaningful values of variables. Secondly, some
machine learning method is used to produce a controller. Taking
these high level variables as input, the controller outputs the control
commands for the robot [5]. Humans perform the navigation task
without any exact computation and mathematical modelling. The
ability of humans to deal with uncertainties can be followed in robot
navigation using the neural network and fuzzy logic. Fuzzy logic
gives an abstract behaviour of the system in an intuitive form even in
the absence of precise mathematical and logical model. In practice,
the sensor information is noisy and unreliable. The sensor inputs
to the robot can be mapped into the control actions using fuzzy
rules. Therefore, fuzzy logic is a suitable tool to achieve robust robot
behaviour [6].

In robot navigation, neural network can be employed to map the
relationships between inputs and outputs for interpreting the sensory
data, obstacle avoidance and path planning. Although, the neural
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network method is slow and the learning algorithm used may not lead
to an optimal solution. Thus, the integrated approaches like neuro-
fuzzy technique are much more suitable for the robot navigation task
[7]. In complex and unknown environments, simulation experiments
indicate better navigation performance using neuro-fuzzy approach.
Using neuro-fuzzy approach, the parameters of the controller can be
optimized and the structure of the controller can be self-adaptive. To
improve automatic learning and adaptation, ANFIS combines fuzzy
logic and neural network. ANFIS can be used to predict and model
several engineering systems. ANFIS is a fuzzy based model which
is trained using some data set. Consequently, ANFIS computes the
best suitable parameters of membership functions involved in FIS
[8, 9]. A fuzzy controller for robot navigation in unknown static and
dynamic environment is implemented in [10]. However, ANFIS was
not taken into consideration and controllers were not implemented
on real robots.

The remaining part of this paper is organized as follows: Section 2
presents the theoretical background of controllers used in our robot
navigation model. Simulink model for the robot navigation is pre-
sented in Section 3. Section 4 describes the FISs for the fuzzy
controller taken in the model. Section 5 is for experimental set-up
and results. Conclusions of the study are presented in Section 6.

2. Background of controllers used

The path pursuit controller is based on the path pursuit algorithm
given in subsection 2.1. Subsections 2.2 and 2.3 present theoretical
insight of Mamdani-type and Sugeno-type FIS, respectively.

2.1. Path Pursuit Algorithm

The pure pursuit algorithm [11] calculates the required curvature
that can lead the robot from its current position to the goal position.
The geometry of the pure pursuit algorithm is given in Fig. 1.
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Figure 1: Geometry of the pure pursuit algorithm.

Pythagorean equation for the larger right triangle in Fig. 1, can be
written as (1):

PP=x 4y M

The line segments at the X axis of Fig. 1 hold the relation given in

(2).
q=r—=x. 2)

For the smaller right triangle of Fig. 1, Pythagorean equation can be
presented by (3).

=g+ 3)

By solving (1) to (3), the curvature (p) of the path arc can be given
by (4) as follows:

1 2x

rop
The curvature of the path arc, obtained in (4), determines the steering
wheel angle of the robot.

2.2. Mamdani FIS

Fuzzy inference system maps the input variable(s) to an output
by using If-Then rules, membership functions and fuzzy logical
operation. Mamdani fuzzy inference includes the following five
steps:

1) Convert the crisp numerical values of input(s) into the fuzzy
sets using membership functions. This is known as fuzzification
of input variables.

2) Employ the fuzzy operator.

3) Employ implication method.

4) To make a decision, combine the fuzzy sets obtained in step 3
into a fuzzy set. This is called aggregation process.

5) Defuzzity the combined fuzzy set to obtain the output as a
single scalar quantity.

2.3. Sugeno FIS

Sugeno FIS is similar to the Mamdani method in fuzzifying the inputs
and applying the fuzzy operator. However, the output membership
functions in Sugeno FIS are either linear or constant. Table 1 shows
a typical rule in a Sugeno fuzzy model.

Table 1: Form of a typical rule in Sugeno FIS.

Input1 | Input2 Output
c1A+cyB+c3.
A B Where, ¢y, ¢3, and c¢3 are constants.

For zero order FIS: ¢; =¢p = 0.

3. Robot Navigation Model in Simulink

The robot navigation model is presented using MATLAB-Simulink
software. This robot navigation model communicates with the robot
through robot operating system (ROS). Using publisher-subscriber
strategy, the Simulink model and the robot communicate with each
other by passing specified messages on the relevant ROS topics.
A publisher of the message sends the message on ROS topic. On
the other side, the subscriber receives the message on the same
topic from the ROS. In this model we are using two controllers:
pure pursuit controller and fuzzy based controller. The pure pursuit
controller directs the robot from the current location to goal location
without considering the obstacles in the path. In addition, the fuzzy
based controller is used for the obstacle avoidance.

Fig. 2 describes the details of the robot navigation model. This
Simulink model contains four subsystems namely: Subscribing topic:
‘Yodom’, Subscribing topic: ‘/scan’, Goal Distance Checking, and
Publishing topic: ‘mobile_base/commands/velocity’. The robot pub-
lishes its position and orientation, in the environment, on the /odom
topic of the ROS. The Subscribing topic: ‘/odom’ subsystem, in the
given model, subscribes the /odom topic of the ROS to obtain current
pose of the robot. The robot publishes its laser sensor scan readings
vector on /scan topic in ROS. A typical message vector on /scan
topic contains distance ranges of obstacles in the scan area. In two
dimensional state, the scan area is of ‘“V’ shape. From right to left, a
single laser scan may contain some hundred ranges. Using minimum
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Figure 2: Robot navigation model in Simulink.

angle of scan and angle increment, the corresponding angle to each
range in a message can be find out. The obstacle ranges and their
corresponding angles of scan, together, give the locations of the ob-
stacles in the robot path. The Subscribing topic: ‘/scan’ subsystem
is subscribing the ROS topic /scan to get the vectors of ranges and
their corresponding scan angle.

The goal distance (p) between the goal position (x,y) and current
position (x’,y’) of the robot can be expressed by (5) as given below:

(x=x)2 4+ (y—y)2. ®)

Before sending the new velocity commands to the robot, the Goal

p:

Distance Checking subsystem checks the distance of goal from the
current position of the robot. If the distance between the goal and the
robot is less than or equal to the given value (in our case, it is 0.1 me-
ter) then the new velocity commands will not be given to robot. As a
result, the robot navigation process gets completed and, therefore, ter-
minated. The linear and angular velocities commands are given to the
robot by publishing geometry_msgs/Twist message on the topic /mo-
bile_base/commands/velocity of ROS. Robot is subscribing the topic
/mobile_base/commands/velocity of ROS which is being published by
the subsystem Publishing topic: ‘/mobile_base/commands/velocity’.

In addition to these subsystems, there are two constant blocks named
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as Waypoints and Goal, a Mux block, a Pure Pursuit path following
algorithm block, two MATLAB functions and a fuzzy logic for ob-
stacle avoidance block. The Waypoints constant block is to contain
a Nby2 matrix of way points of navigation path . In case of unknown
environment, we are considering that only start and goal positions
of the robot are known, initially. The Goal constant block contains
a two dimensional coordinates of goal position. The Mux block is
combining the two inputs (minimumRange and CorrespondingAngle
received from the MATLAB Function block) in a single output link.
So that, these two input values can be passed to the fuzzy controller
block by a single link. The Pure Pursuit block is used to compute the
required linear and angular velocities to drive the robot using inputs
from way-points of the path and current pose of the robot. Since the
navigation environment is considered as unknown, the way-points
of the feasible path are unknown except the two points: start and
goal. The function fcn in MATLAB Function block computes the
minimum range and its corresponding angle of scan from the vectors
of ObstaclesRanges and ObstaclesAngles received from Subscrib-
ing topic: '/scan’ subsystem block. The MATLAB function in the
Training data writing block is used to write the data in three separate
columns for minimum range, its corresponding angle and the output
from the fuzzy controller. This training data can be used to train a
FIS using ANFIS model. The block named Fuzzy Logic for Obstacle
Avoidance is a fuzzy logic controller block.

The published linear velocity is same as linear velocity given by the
pure pursuit block. Since the pure pursuit block does not consider
the obstacles in the path, the angular velocity is needed to be ad-
justed before its publication on the ROS. This required adjustment
in the angular velocity is obtained by the Fuzzy Logic for Obstacle
Avoidance block. The published angular velocity (@) can be stated
by (6) as below:

O = 0+ 0. (6)

where, @; is the angular velocity (i.e. AngVel) provided by path
pursuit controller. @, is the output (i.e. d(AngularVelocity)) of the
fuzzy logic controller.

The FIS of the used fuzzy logic controller is considered as of the
following two types:

1) Mamdani-type FIS
2) ANFIS trained Sugeno-type FIS

The steps to use a FIS in the Simulink model are as follows:

1) Export the FIS to the MATLAB workspace with a name (e.g.
NK_ZV_Sugeno).

2) In the block parameters of the fuzzy logic controller in the
Simulink model, specify the FIS name as taken in step 1 (i.e.
NK_ZV_Sugeno).

4. Proposed FIS for the Fuzzy Controller

For the fuzzy controller, the Mamdani and Sugeno-type FIS are
evolved in subsections 4.1 and 4.2, respectively.

4.1. Mamdani-type FIS

Fuzzy controller used in the robot navigation model of the section
3 outputs the required change in angular velocity of robot to avoid
the obstacles in the path. The fuzzy logic designer of the Mamdani-
type FIS is given in Fig. 3. The input variables minR and A(minR)
are the minimum scan range and corresponding angle of the scan,
respectively. Using minR, it can be find out that whether the obstacle
is close enough for its avoidance. In addition, the A(minR) variable
decides the location side of the closest obstacle in the laser scan area.
The controller is using the strategy that if the obstacle is at right
side of the robot’s scan area then turn the robot left. Similarly, if the

Fuzzy Logic Designer: Fuzzy_NK_ZV
File Edit Wiew
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minR Yol
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or method e - || Mame
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Figure 3: Fuzzy logic designer of Mamdani-type FIS.

Rule Editor: Fuzzy_NK_ZV
View Options

File Edit

[]

|l. If {(minR is close) and (A(minR) is Right] then (d{w) is Left) (1)

2. If (minR is close) and (AlminR) is Left) then (d{w) is Right) (1)

3. IF (minR is nermal) then (d{w) is NoTurn) (1)

4. If (minR is close) and (A(minR) is Center) then (d(w) is Right) (1)

if and Then
minR is A{minR) is dlw) is

close |~

none

[ not [ not
- Connectio Weight:
Zor
‘® and ’T Delete rule| Add rule | changer..| ==| ==
| FIS Mame: Fuzzy NK_ZV | ‘ Help Close |

Figure 4: Rule base of the Mamdani-type FIS.

obstacle is at left side then turn the robot to the right. Fig. 4 presents
the rule base used in the controller. It can be noted from Fig. 4 that
the number of rules taken in the Mamdani-type FIS is 4. There are
two membership functions (namely: close and normal) for the input
variable minR and three membership functions (i.e. Right, Center,
and Left) for the input variable A(minR). For the only output variable
d(w), three membership functions, Right, noTurn, and Left, are used.

4.2. Sugeno-type FIS

The training data, received from the execution of the navigation
model with Mamdani-type FIS in its fuzzy controller, are inputed to
ANFIS to find the Sugeno-type FIS. Fig. 5 depicts the plot between
the training data and FIS output. The structure of ANFIS model
is presented in the Fig. 6. After training, the number of rules and
output membership functions are six each. It is observed that for the
given number of input variables, output variable(s) and input mem-
bership functions for each input variable, the ANFIS has generated
input membership functions, rules and output membership functions.
Fig. 7-8 presents the resultant input membership functions. The
input variables, inputl and input2, are auto generated names after
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Figure 7: Membership function plots for inputl in Sugeno-type FIS.

the training through ANFIS and correspond to the input variables
minR and A(minR) of Mamdani-type FIS given in Fig. 4, respectively.
Similarly, the output variable output is corresponding to the output
variable d(w) of the Mamdani-type FIS. The membership functions
of the only output variable of the produced Sugeno-type FIS, are

Figure 8: Membership function plots for input2 in Sugeno-type FIS.
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Figure 9: Rule Viewer of the Sugeno-type FIS.

constants. Therefore, it can be find out from the output column of
Table 1 that this Sugeno-type FIS is of zero order.

Similarly, the output variable output is corresponding to the output
variable d(w) of the Mamdani-type FIS. The membership functions
of the only output variable of the produced Sugeno-type FIS, are
constants. Therefore, it can be find out from the output column of
Table 1 that this Sugeno-type FIS is of zero order.

The rule viewer of the received Sugeno-type FIS is presented in
Fig. 9. The rules in the Fig. 9 are auto generated rules after the
successful training from the ANFIS model. It can be noted that the
number of rules of this Sugeno-type FIS is different from the number
of rules used in the Mamdani-type FIS given in subsection 4.1.

5. Experimental Set-Up and Results

The robot navigation model is implemented on a general purpose
laptop with the processor configuration as 4x Intel(R) Core(TM)
i3-2350M CPU @ 2.30GHz and 3952MB of memory. The operat-
ing system is considered as Ubuntu 14.04.5 LTS. Turtlebot robot
model in Gazebo multi-robot simulator, version 2.2.6, and Indigo
1.11.21 robot operating system are taken. For Simulink modeling,
the MATLAB version 9.1.0.441655 (R2016b) is used.
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Figure 10: Simulated world in Gazebo simulator.

5.1. Implementation in Gazebo Simulator

The robot navigation model (as given in Section 3) is tested on the
simulated world shown by Fig. 10. This simulated world has been
constructed by using the Gazebo simulator.

Y (meters)
=

2 : ; .
-5 0 5

X (meters)

Figure 11: Paths followed by the robot using Mamdani and Sugeno-type
FISs in fuzzy controller.

In the simulated world of Fig. 10, three spot lights are used to show
one starting and two goal positions. Using the robot navigation
model, presented in Fig. 2, the simulated Turtlebot robot navigates
from the starting position to each goal positions (i.e. goal 1 and
goal 2), successfully. During its navigation from start to goal 1 or

goal 2, the robot avoids the obstacles present in each of the path.

In our case, the two dimensional coordinates of the start, goal 1
and goal 2 positions are given as (0.0007, 0.0000), (5.9500, 0.9015)
and (7.1586, 2.0189), respectively. In addition, at start, the robot is

heading towards positive X axis direction. In the navigation model
(presented by Fig. 2), the fuzzy logic controller block provides
the required change in the angular velocity for obstacle avoidance.
Consequently, the robot avoids the obstacles encountered in the path.
The position coordinates of the robot, in the navigation environment,
can be received by subscribing the ROS topic /odom. The (X,Y)
coordinate positions of the robot, in the Gazebo world (as taken in
Fig. 10), are plotted in Fig. 11 to depict the paths followed by the
robot using Mamdani and Sugeno-type FISs in the fuzzy controller.
Abbreviations of the acronyms used in the legend of the Fig. 11 are
given in Table 2.

Table 2: Abbreviations of the acronyms in the legend of the Fig. 11.

Abbreviations Acronyms
Path to first goal using Mamdani-type FIS PFM

Path to second goal using Mamdani-type FIS PSM

Path to first goal using Sugeno-type FIS PFS

Path to second goal using Sugeno-type FIS PSS

In case of Mamdani-type FIS, the name of FIS is specified as
Fuzzy NK_ZV (the Mamdani-type FIS as taken in subsection 4.1)
in block parameters of the fuzzy logic controller of the navigation
model in Fig. 2. On the other hand, in case of Sugeno-type FIS, the
name of FIS in block parameters of the fuzzy logic controller, of the
navigation model, is taken as NK_ZV_Sugeno (the Sugeno-type FIS
obtained from ANFIS model as taken in subsection 4.2).

5.2. Implementation on Real Robot

The proposed model for the robot navigation is implemented on real
Turtlebot robot equipped with Microsoft Kinect XBOX 360 sensor.
The robot is navigated from starting position to the goal position
in the environment presented by Fig. 12. The linear velocity of the
robot is taken as 0.5 meter per second. It is evident from Fig. 12 that
the robot has to avoid obstacles on both of its sides during its drive
from start to goal. In addition, some of the portion of the corridor is
fenced by the iron railing instead of solid brick wall fence. Therefore,
this real environment is an excellent case for testing the proposed
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Figure 12: Real world environment for the real robot.

navigation model and FISs.

The Sugeno-type FIS, as obtained in subsection 4.2, is used as the
FIS of the fuzzy controller block of the robot navigation model.
The path followed by the robot is shown by the Fig. 13. It is clear
from the Fig. 13 that the robot takes turn whenever the fence wall
or railing comes in the path, otherwise, the robot directly navigates
towards the goal.

6. Conclusion

The training data obtained from the Mamdani-type FIS is quit suit-
able for ANFIS model. It is observed that the ranges and types of
input membership functions of Sugeno-type FIS can successfully
obtained using ANFIS model. Further, the number of required rules
and the number of output membership functions generated from
the ANFIS model are differ from the Mamdani-type FIS. However,
the resultant Sugeno-type FIS gives successful obstacle avoidance
during robot navigation and it can be noted from the results that the
robot follows the same paths using Mamdani and Sugeno FIS except
few situations. The FIS generated through the simulator are capable
of obstacle avoidance in real world environment for the real robot.
For better results, it has been observed through rigorous experimen-
tal work that the linear velocity of the real robot should be close to
the linear velocity taken for the simulated robot.

Except starting and goal positions, the navigation model does not
require any other prior information about the navigation environment.
Therefore, in addition to the static obstacles avoidance, the avoidance
for dynamic obstacles is achieved.
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Figure 13: Path followed by the real robot.
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