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Abstract: This paper presents a navigation method for annantous mobile robot. In order equip the robot by
capability of autonomy and intelligence in its govimen, the control systemrmust perform many complex informati
processing tasks in real tinaed it is well suited to use the s-computing technique§ he objective of this paper is
elaborate an intelligent control system for thehdatlowing behavior by mobile robot usira neuro-fuzzy controller.
The hybrid approach refers to the way of applyiegrihing techniques offered by neural networks fazy system:
parameter identificationThe proposed controller is used for pursing a mgwiarget. Simulation results show tt

effectiveness of the designed contro
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INTRODUCTION

The evolvement of softemputing paradigms ha
provided a powerful tool to deal with mobile rol
navigation process, which exhibits incomplete
uncertain  knowledge due to the inaccuracy
imprecision inhenat from the sensory system. Amo
all the softeomputing methods fuzzy logic bas
decisionmaking and neural networks have been fo
to be the most attractive techniques that can led
for this purpose [TZA 97][FUL 95].

Fuzzy system is tolerant twise and error in th
informations coming from the sensory system, ¢
most importantly; it is a factual reflection of t
behavior of human expertiséd fuzzy controller is
commonly defined as a system that emulates a hi
expert. The knowledge of theperator would b
presenting in the form of a set of fuzzy linguigtites
[PAS 9§. These rules produce an approxim
decision in the same manner as an expert woull
Ever since the fuzzy systems were applied
industrial applications, developers kr that the
construction of a well performing fuzzy system @t
always easy.

The problem of finding appropriate members
functions and fuzzy rules is often a tiring proces:
trial and error.However, the design of fuzzy log
rules is often reliant ormeuristic experience and
lacks systematic methodology, therefore these |
might not be correct and consistent, do not posa
complete domain knowledge, and/or could hav
proportion of redundant rules. Furthermore, tt
fuzzy logic rules canndte adjusted or tuned on r-
time operation, and the ofifie adjustment of the

parameters is a time consuming process. Anc

problem could be raised when better precisiol

needed which is the huge expansion in the fuza-

based system [JAN 98]n general, there are tw

approaches to the application of fuzzy logic in it

robot navigation, namely, behav-based approach
[BRO 84 and classical fuzzy ru-based approach
[SAF 97].

Techniques based on the use of Artificial Nel
Networks (ANN)have a great interest in control ¢
robotic domains [GAU 99 The fastness of treatme
and their capacity of approximating comp
nonlinear functions motivate their use for mobdbéaot
control [JAN 04] The learning parameters of net
networks madehem a prime target for a given ta
Learning allows autonomous robots to acq
knowledge by interacting with the environment. T
kind of behavior learning methods can be use
solve control problems that robots encounter i
world environment. Aificial neural networks ar
considered to be simplified mathemat models of
brain-like systemsHUL 95]. A neural network (NN)
is a processor of information which can be repriest
in its simplest form by a set of connected and reg
processing elementsPEs). Each PE is able of
receiving ann-dimensional input vector from eith
external sources oIPEs at previous layers, and
processing the data to deliver a scalar outputchvis
the function of a present input. They are gene
trained by neans of trainin-data, and due their
property of generalization, they can learn r
associationsnew functional dependencies and r
patterns.Due to these properties, they have b
widely used for control.

The learning parameters of neural netwcmade
them a prime target for a combination with a fu
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system in order to automate or support the prooess
developing a fuzzy system for a given task. Regentl
the role of neural networks has been found to g ve
useful and effective when integrated with fuzzy
control systems to produce what is called neurayfuz
systems [FUL 95]. These hybrid systems provide an
urgent synergy can be found between the two
paradigms, specifically the capability to mimic ham
experts in fuzzy logic, and learning from previous
experience capability in neural networks. Generally
neuro-fuzzy systems can be classified into two
categories, adaptive neuro-fuzzy inference system
(ANFIS) [JAN 93] and hybrid neuro-fuzzy systems
[FUL 95]. The first category is the most widely dse
and they are designed to combine the learning
capabilities of neural networks and reasoning
properties of fuzzy logic. The main function of nalu
network is to learn about the fuzzy inference syste
(FIS) behavior and uses this knowledge to adaptivel
modify its parameters. The adaptability of the fuzz
inference system can be achieved by either rule bas
modification and/or membership functions
modifications. Rules can be generated, modified,
and/or eliminated, while membership functions & th
input variables can adjusted and tuned by scaling
mechanism [JAN 93]. The basic idea behind the fise o
the second category is to replace all or partshef t
basic modules that builds a FIS [KHA 09]. The only
advantage that can be gained from such arrangements
is the high processing speed, presuming that a
hardware implementation of such neural networks
exists.

In this paper an approach to design a simple neuro-
fuzzy controller is described for the path follogin
task. The control system generates the appropriate
action that will drive the mobile robot straight tre
path to reach the final destination. This paper is
organized as follows: section 2 gives the necgssar
background of ANFIS model. In section 3, we will
describe the path following behavior. The proposed
controller is introduced and explained in sectian 4
Section 5 shows simulation results for examplethef
path following. In section 6, we present a moving
target pursing by a mobile robot and the section 7
concludes this paper.

1. Adaptive Neuro-Fuzzy Inference System
(ANFIS based controller design)

1.1. ANFIS structure

In this section we introduce the basic of ANFIS
network architecture and its hybrid learning rule.
Inspired by the idea of basing the fuzzy inference
procedure on a feed forward network structure, Jang
[JAN 93] proposed a fuzzy neural network model
(Adaptive Neural-based Fuzzy Inference System)
whose architecture is shown in Figurel. He reported
that the ANFIS architecture can be employed to rhode
nonlinear functions, identify nonlinear components
on-line in a control system, and predict a chabtie
series. It is a hybrid neuro-fuzzy technique thands

learning capabilities of neural networks to fuzzy
inference system. The learning algorithm tunes the
membership functions of a sugeno-type fuzzy
inference system using the training input-outputida
ANFIS consists of five layers; the adaptive nodés o
the neural network are the nodes in layers 1 afidhd.
depicted model defines a controller with two inputs
and one output. Each input has two membership
functions. We assume that the rule base contains tw
fuzzy if-then rules of a Takagi and Sugeno's type:

i Layer 2 ' | Layer3 |

Figure 1. ANFIS structure for TS system with 2
inputs-one output.

R,: If xis Aand yis BThen,y= f, (X, YEpX+ qy + 1,
R,:If xis Aand yis BThen, ¥ f, (X, YFRX + Gy + I,

The output of the nodes in layer 1 is the membgprshi
values of the premise part:

=, (9 i = 12
(1)
Every node in layer 2 is a fixed node label@dwhich
multiplies the incoming signals:

07 =W =1, ()% g () i = 12 @

Every node in layer 3 is fixed node labelddfor
normalization it calculates the ration of theh rule’s
firing strength to the sum of all rules firing sigths:

02 = =W i=12 (3)

I I W + W2
In layer 4, every node is an adaptive node whike th
node function is
Oi4:V_Vixfi:V_Vi(pix-'-qiy"-ri)'vi:l‘z 4
Where w, is the output of layer 3 arg, g, r; are the
parameters for the first order Sugeno rule.
The overall output of the network can be defined as

Oi5=f=ZV_vixfi

.E\

®)
1.2 Hybrid learning techniques

Using a given input-output data set, constructs a
fuzzy inference system whose membership function
parameters are tuned (adjusted) using either a-back
propagation algorithm alone or in combination with a
least squares method [JAN 93][BOT 05]. This
adjustment allows the fuzzy systems to learn from th
data they are modeling. If we suppose thatShe the
set of premise parameters an® is consequent
parameters set.
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Jang proposed that the learning task is done in two
passes using a hybrid learning algorithm as shawn a
table 1. In the forward pass the first set is figelS,
is optimized by the least square estim&t8Hj. In the
backward pass$, is tuning by the back-propagation
algorithm [JAN 93].

TABLE 1
Two Passes in the Hybrid Learning procedure for FENF

Forward Pass Backward
Pass
Premise Parameters Fixed Back-
propagation
Consequent Parameters Least Squares fixed
Estimate

After a learning phase, the controller is able to
generate the appropriate actions for the desidgsg.t

2. Path following for a mobile robot

2.1. Mobilerobot model

The mobile robot used in this study is a tricycle
robot with non-holonomic property that restricts it
mobility in the sideways direction and with limita
of angle. It has two rear driving wheels and a ipass
front wheel. The inputs of this kinematic systera ar
the steering angle of the front wheé& and the

velocity V. . The outputs ar€X. , Y, ,6.) (see Figure

2). In perfect adhesion conditions (movement withou
sliding), this kinematic model can be describedhsy
following equations [GUE 05]:

X, =V, cos(b,)
, =V, sin(6,) ©)

6, =g (@)
Where At is the sample time aridhe robot long.

2.2 Path following behavior

The path following is one of the basic missions of
a mobile robot navigation. It is a significant taslat
must have the robot, because it permits this machin
to execute its path with a minimum error [GUE 05].
consists to direct the robot to follow a trajectakythe
best possible precision, and must not be necesisatry
the robot passes exactly through the points on the
trajectory, but at least passes in their proxinatyd
arrives to a final destination. Generally, the n@bi
robot executes its movement with a constant velocit
and estimates the trajectory position with its own
odometric sensors. The trajectory to follow is stbin
the memory in the form of a three elements vector

(xp,yp,Hp). In the present work we will only

consider a vector with two element@(p,yp)
generated by a module named (path generation

module). The third parameter will be calculatecthosy
robot during displacement. In its actual posititime

robot (Figure 2) calculates the desired orienta@n

which allows it to go ahead to the desired poinpath
[GAU 99][GUE 05][BEN 07].

A Desired point

yr """""

X X, "

Figure r2 Path following strategy

3. Proposed controller

In this section, the developed approach is
discussed. It is based on a simple design method fo
path following behavior by a mobile robot. The rbbo
controller is a neuro-fuzzy model. It is a one orde
Takagi-Sugeno model trained by a data-base for this
task. To guide the studied robot to follow the path
each sample, the movement represented by the angle
error e is given to the controller to let the robot to
reach the next reference. This controller should
generate the appropriate actiéh allowing executing
the right movement. Figure 3 presents the proposed
neuro-fuzzy controller. The network structure is
similar to that of a neural network, which mapsuitsp
through output membership functions and associated
parameters, and then through output membership
functions and associated parameters to outputshean
used to interpret the input/output map.

T-norm  and

Fuzzification N
Normalization

Aggregation

Input Output

a—0

e

Figure 3. The proposed ANFIS structure
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3.1 Learning phase

This phase consists to adjust the fuzzy controller
parameters (premise part and conclusion part) using
the training data for the path following task. Theta-
base contains two vectors of the angle e®aand its
appropriate action¥ . Figure 4 shows the using of the
ANFIS editor to elaborating the robot controller.
3.1.2 Loading training data

Firstly, we begin by loading a training data settth
contains the desired input-output pairs of the istiid
task (Figure 4-a).
3.1.2 Generating the I nitial FIS Structure

It consists to specify an initial FIS model struetu
The generation of this model can be done by the
generation of a single-output Sugeno-type FIS using
grid partitioning on the datar subtractive clustering
one. The graphical representation of the initiab FI
model is depicted in figure 4-b.
3.1.3 TrainingtheFIS

It consists to tuning the FIS parameters. The
optimization method is a combination of least-sgqaar
and back-propagation gradient descent method in
order to emulate the training data. The trainirmgreis
depicted in (Figure 4-c) to illustrate the learning
process. The error decreases and the training stops
whenever the maximum epoch number is reached or
the training error goal is achieved.
3.1.4 Tedting thetrained FIS

The figure 4-d compares the FIS outputs with the
training data set. We observe the similarity betwee
the two responses. So the controller is able teigda
the appropriate action for the robot motion.

! W Magel Siraciure

(©) d) (
Figure 4. GUIs for training the ANFIS controller

The input variable of the neuro-fuzzy controller is
fuzzified by the five following labels:PS: Positive
Small PB: Positive BigZR: ZeroNB: Negative Big
NS: Negative Small.

3.2 Control phase

The bloc diagram of this control system is shown
in Figure 5. At each sample, the calculation module
compares the actual robot coordinates with the
coordinates of the path and computes the desirglg an

noted Hd. This value is compared with the orientation

of the robot measured by the odometry module in
order to compute the error of ang& The trained
neuro-fuzzy controller uses this angle to genettate
appropriate action conducting the robot to reach th
next reference point of the path.

Trajectory
Generation

Yo ¥y i 1

+ e, 4
; o Catcutation |74 O
ey Module

Neuro-Fuzzy | u N Mobile
Controller ! Robot

;]

!
7| Odometry
|
1

Module

____________

Figure 5. Neuro-Fuzzy controller

4. Simulation results

To compare the desired control output by the
ANFIS one, Figure 6.a presents the two responses. W
observe a big similarity between them. As depidted
Figure 6.b, the error is minimized to zeros illasitig
the best learning of the used data-base.

To illustrate the effectiveness of the designed
controller, we have simulated the robot behaviadhwi
different reference paths to provide several dioact
changes and types of curves. The paths are composed
of several segments (discontinuous curve which does
not respect the kinematic constraints of the rabot)
These paths lead the robot to the final destingtion
the path. The simulation results for a path witlke on
segment are given in figure 7 (a-b). The path
following is good and the robot can follow the path
with a minimum error. For different straight pathish
different slopes following, the results are shown i
Figure 8. In this case, the robot is initially 4D(10)
point with a null orientation. As depicted, the
proposed controller can behave correctly in allesas
and this behavior is realized correctly. The rdieods
to overlapping the trajectory by few errors at finst
turning.
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x 1072 Learning Error

(b)

Figure 6 (a) the desired control with the ANFISpuit
(b) the learning error.

Nasigation Emironment Navigation Envronment

[ e R e T T N
BF = - T - T o T
N que,reﬁeep%, o

(b)

Figure 7. Line following using Neuro-fuzzy contell

Navigation Environment

Figure 8. Straight paths following using ANFIS
controller

The application of this controller for a V and N
shaped references trajectories composed of segments
and presenting attenuated angles (not respectiag th
kinematic constraints of the robot and steering
limitation) leads to the robot trajectory depictat
figure 9. The behavior in this case is good; the
tracking error exists at changed points of the
trajectory. This is due to the sudden directionngfea
and especially to the limitation of the steeringylan
(control value).

For a trapezoidal and a polygon composed of
several segments; the results are shown in figQre 1
The path following is satisfactory and the robatds
to overlapping the trajectory by few errors at the
turning steps. This is due to the curvature
discontinuity which leads to abrupt change @f at
segments beginning.

Navigation Environment

Navgation Enironment

(@) (b)
Figure 9. Robot trajectory using neuro-fuzzy
controller, (a) V shaped reference trajectory,Nb)
shaped form,

Navigation Environment

Nasigation Environment

0 12 14 16 18 20
X(m)

(a) (b)
Figure 10. Robot path using ANFIS controller for a
trapezoidal path and a polygon path form.

5. Movingtarget pursing

If we consider a moving target in the robot
environment. The mission is to purse this targdiijev
there coordinates are known at any time. The mobile
robot purses the target by the calculation of the
steering angle that conducts the robot ahead to the
target.

In the first example (Figure 11.a), the mobile robo
is initially located at point (3,6) with a null entation.
The target is located at (3,14) and will start magvi
along a straight line parallel to the abscissa auils a
linear velocity. Until the target starts moving the
mobile robot begins pursing it. The pursing will be
halted when the robot catches the target. Another
example is shown in Figure 11.b, which illustrate t
efficiency of the robot control. It is also showrat the
proposed controller can guide the robot toward the
target.

In figures 12.(a-b), examples of a moving target
pursing will be presented. In each example, thgetar
has a different path (sinusoidal and a circle). fidimt
can purse the target effectively.
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(a) (b)
Figure 11. Moving target pursing using ANFIS
controller
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(@) (b)
Figure 12. Pursing a target with sinusoidal andutar
paths

6. Conclusion

In this paper, we have presented a control system
based on a neuro-fuzzy model for an autonomous
mobile robot movement. ANFIS controller is well
suited for controlling a mobile robot because it
capable of making inference ever uncertainty with a
learning capacity. The elaborated controller isduise
realize the path following behavior and for moving
target pursing. Different reference trajectorieghwi
different curves are simulated. The simulation itssu
show the efficiency of the proposed controller tioe
robot control and permitting to equip the mobileab
with a certain degree of intelligence. The advamtaf
the proposed controller is the simplicity and the
efficiency for the robot control.

As prospects, it is interesting to improve the tobo
behavior and apply this strategy on a real mobile
robot. The interest of this type of approach wi b
given to the development of a complete navigation
system including other behaviors.
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