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ABSTRACT

The goal of this work is to compare fuzzy, neural network and neuro-fuzzy approaches
to the control of mobile robots. The first part of this paper is devoted to the formal
framework of fuzzy controllers. Results of an example of their use for a mobile robot
are discussed. As an experimental platform, the Khepera mobile robot is used. The
same example is studied using artificial neural networks. For that purpose, funda-
mentals of artificial neural networks are outlined. Similarities and differences between
fuzzy systems and neural networks are discussed as well as the respective advantages
and drawbacks, and reasons for merging these two approaches are developed. Three
models of fuzzy neurons, the learning methods and an architecture of neuro-fuzzy
controller are presented. A learning procedure for the controller is described. To
conclude, the application of a neuro-fuzzy controller on Khepera is discussed.

1 INTRODUCTION

The word robot (robota) has Slavic origins and means work. Robots are built to
replace human beings in performing tasks that humans cannot or prefer not to
do. They can clean dangerous areas in nuclear plants, transport goods, clean
floors, search for mines or harvest crops in fields. Present technology is far
too deficient to make robots accomplish these complicated tasks. This paper
surveys very simple controllers based on fuzzy logic and/or neural networks for
the control of mobile robots. The purpose is to investigate those solutions most
likely to be found in nature which, notwithstanding an astonishing simplicity
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can produce complex behaviours. For instance, in spite of a relatively simple
nervous system, an ant may show many different behaviours. In the same way
as animals in their natural environment, real mobile robots have to achieve
tasks in unpredictable conditions.

Fuzzy logic was one of the major developments of Fuzzy Set Theory and was
primarily designed to represent and reason with knowledge that cannot be
expressed by quantitative measures. The main idea of algorithms based on
fuzzy logic —loosely called fuzzy systems or fuzzy controllers— is to imitate the
human reasoning process to control ill-defined or hard-to-model plants. Fuzzy
inference systems model the qualitative aspects of human knowledge through
linguistic if-then rules [ZAD65]. They have to capture the imprecision of the
reasoning process without using exact quantitative analysis. We do not pretend
the fuzzy logic approach to be a methodology borrowed from biology or having
biological foundations. It is a rigorous mathematical branch offering solutions
for control. An example of fuzzy control is shown in Section 3.1. We report
experiments with a small mobile robot, Khepera, developed in our laboratory.

Neural networks were developed as an attempt to realise simplified mathemat-
ical models of brain-like systems. The key advantage is their ability to learn
from examples instead of requiring an algorithmic development from the de-
signer. One of the main motivations of the interest in neural networks is to
build machines with the intelligence of biological organisms. In Section 4.3, we
describe a neural network approach applied to the Khepera robot.

The main drawback of fuzzy controllers is the lack of a systematic methodology
for their design. Usually, tuning parameters is a time consuming task. Neural
network learning techniques can automate this process,; significantly reduce
development time, and result in a better performance. The merge of neural
networks and fuzzy logic led to the creation of neuro-fuzzy controllers which
are one of the most popular research fields today. Lotfi Zadeh proposed the
name soft computing for these techniques [ZAD94]. The principal constituents
of soft computing are: fuzzy logic, neural networks and probabilistic reasoning.
An example of a neuro-fuzzy controller is presented in Section 6 as well as its
implementation on Khepera.
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2 FUZZY CONTROL

Humans, when making decisions tend to work with vague or imprecise concepts
which can often be expressed linguistically. One of the ways of modelling this
decision making process has been proposed by Zadeh [ZAD65] and is based
on the Theory of Approzimate Reasoning which enables certain classes of lin-
guistic statements to be treated mathematically. First investigations by Prof.
Zadeh [ZADT73] concerned how to use mathematical tools to represent a human
language and human knowledge. He was the first to introduce the fuzzy set
theory in the field of control. He proposed that all problems in which the data,
the objectives and the constraints are too complex, or too ill-defined to admit
a precise mathematical analysis have to be treated by approximate (fuzzy) so-
lutions. Fuzzy control has received a lot of attention since it was applied for
the first time by Mamdani and Assilian [MAMT75].

The main argument in favour of fuzzy control is that conventional mathematical
tools are not well suited for dealing with ill-defined and uncertain systems that
are typically difficult to model. Some authors argue that fuzzy controllers are
suitable where a precise mathematical model of the process being controlled is
not available [Kic78, L188]. However, it is not possible to build a controller
which does not utilise environmental information.

2.1 Linguistic variables and membership
functions

Linguistic variables represent process states and control variables. We can
use fuzzy sets to represent them. Every fuzzy set can be represented by its
membership function. If the referential set is a finite set, membership values
are discrete values defined in the range [0,1]. If the referential set is an infinite
set, we can represent these values as a continuous membership function. In
general, the shape of a membership function depends on the application and
can be monotonous, triangular, trapezoidal or bell-shaped as shown in Figure 1.

One of the first steps in every fuzzy application is to define the universe of
discourse (dynamic range) for every linguistic variable. Every fuzzy set on a
universe of discourse represents one linguistic value or label. Figure 2 illustrates
one example of the universe of the discourse for the linguistic variable speed.
Linguistic values, which define this variable are: NEGATIVE BIG, NEGATIVE
MEDIUM, etc.
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Figure 1 Different shapes of membership functions: monotonous, triangular,
trapezoidal and bell-shaped

ZERO
NEGATIVE  NEGATIVE NEGATIVE p  POSITIVE  POSITIVE POSITIVE
BIG MEDIUM SMALL 1 SMALL MEDIUM BIG

speed

Figure 2 Universe of discourse for linguistic variable: speed

2.2 Notion of linguistic rule

As mentioned above, the principal idea of fuzzy logic systems is to express
human knowledge in the form of linguistic if-then rules. Every rule has two
parts:

m  antecedent part (premise), expressed by If...

m  consequent part, expressed by: then...

The antecedent part is the description of the state of the system which should
turn on the rule, and the consequent is the action that the operator who controls
the system must take. There are several forms of if-then rules. The general one
is:

If a set of conditions is satisfied then a set of consequences can be
inferred.

Zadeh was the first to introduce a notion of fuzzy rule [Zap73] of the form:

Ry: If xis A, then yis B.
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A and B are linguistic values or labels characterized by appropriate membership
functions of fuzzy sets defined on the universe of discourse of the linguistic
variables  and y respectively. Every control rule is implemented by a fuzzy
implication (fuzzy relation) and is defined as follows:

pr, = pa—B(z,y) = pa(z) — up(y) (1.1)

where pup, = pa—p(x,y) is the truth value for the statement Ry and p4 and
up are the levels of membership (membership values) of the variables z and y
in fuzzy sets A and B respectively.

There are many ways in which the fuzzy implication may be defined. Zadeh
suggested the compositional rule of inference [ZADT3]. Nearly 40 distinct fuzzy
implication functions have been described in the literature [LEE9O, Z1M90].

Takagi and Sugeno [TAK83] proposed a form which has fuzzy sets only in the
premise part of the rule, and the consequent part is described by a non-fuzzy
equation of the input variable:

Ry: If xis A, then yis k12?2 + kox + ks.

Like in Zadeh’s rule, A is the linguistic label. k1, ko, k3 are predefined constants.

The generalization of a control rule which has two conditions in the antecedent
part has the following form:

Rs: If zis A and y is B, then z is C.

Following the previous definition (eq. 1.1) we can conclude that the truth value
of this statement is:

HRs = Ha and B—c(2,Y,2) = [pa(z) and pp(y)] — pc(z) (1.2)

where A, B and C are fuzzy sets defined on the universes of discourse for z, y
and z. pa, up and pc are the levels of membership of the variables z, y and
z in fuzzy sets A, B, C respectively.

For the fuzzy intersection (and operator) Zadeh [ZAD65] suggested the min
operator. Generally, intersection operators are called T-norms and union op-
erators are called T-conorms.
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2.3 Reasoning based on fuzzy logic vs.
reasoning based on Boolean logic

In order to present the idea of fuzzy control to the reader, we will give a very
simple toy problem from the field of mobile robotics.

Suppose that the goal of our experiment is to control a mobile robot shown in
Figure 3 using a trivial algorithm. The robot is equipped with a single sensor

a

Figure 3 Mobile robot

which gives information about the distance between the robot and the obstacle.
The first step in the design of a controller is to define its inputs and outputs
i.e. linguistic variables. In this example, we consider a one input/one output
controller: the input is a distance between the robot and the obstacle (d) and
the output is the steering angle of the robot’s wheel («).

If we apply the Boolean logic approach, we can establish the following linguistic
rules:

m  Jf the distance between the robot and the obstacle is less than 10 cm,
then steer for +10°.

m  Jf the distance between the robot and the obstacle is more than 10 cm,
then steer for -10°.

m  Jf the distance between the robot and the obstacle is 10 cm, then go
straightforward.

These Boolean rules are intended to result in a wall following behaviour. The
universes of discourse for these two linguistic variables are shown in Figure 4.
Since we are in the binary domain, membership functions are crisp. This algo-
rithm is quite primitive and the robot will unavoidably oscillate.
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d<10cm d>10cm o =-10° a=0° o =10°

Yo

10cm

Figure 4 Universe of discourse for the distance and the steering angle

For the fuzzy controller, we define the following linguistic rules:

m  Jf the distance between the robot and the obstacle is less than 10 cm,
then turn to the left (« is negative).

m  Jf the distance between the robot and the obstacle is more than 10 cm,
then turn to the right (« is positive).

m  Jf the distance between the robot and the obstacle is nearly 10 cm, then
keep the direction (o is around 0).

In fact, with these rules, we defined three linguistic values for the linguistic
variable distance: More than 10 ¢cm, Nearly 10 cm (optimal distance) and Less
than 10 cm. For the steering angle, we have chosen three linguistic values:
Negative for negative angles, Zero for going straightforward and Positive for
positive angles.

With this controller, we expect to have a more “intelligent” behaviour. The
universes of discourse for the distance and the steering angle are shown in
Figure 5. The chosen membership functions have triangular and monotonous

Less then More then Zero
10cm  Nearlyl0em ™55 cm Negative Positive

10cm Omin
Figure 5 Universes of discourse for the distance and the steering angle

shapes. We can calculate the control value by applying the fuzzy implication
we mentioned in Section 2.2.
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Suppose the sensor gave 5 cm for the distance. This distance belongs to the
fuzzy set Less than 10 cm with a degree of truth 0.7, or 70% (Figure 6), and

Less then More then
10 cm Nearly 10 cm 10 cm

Figure 6 Fuzzification

we can say that the truth value of the statement It is true that the distance is
less than 10 cm is 0.7. At the same time, it is true but only 0.2, or 20%, that
this distance is Nearly 10 cm.

We apply the rules. The antecedent part of the first rule is satisfied but not
100%. It is true only 70%. This value is the firing strength of this rule. It
means that the steering angle has to be Negative 70%. For the second rule, we
will proceed in an analogous way. The distance is Nearly 10 cm, but only 20%.
The robot has to keep the direction with this degree of truth. The premise part
of the third rule is not satisfied so the rule is not used.

We can conclude that the robot has to steer 70% to the left and 20% to go
straightforward. It means that we have to “modulate” the appropriate fuzzy
sets with these two values. The methods mostly used are: linear modulation
(Figure 7a) and modulation by clipping (Figure 7b).

There are several methods to find a crisp value of the command. Figures 7a
and 7b illustrate two of them: centre of gravity and mean of mazima.

) Zero »
Negative Positive

) Zero .
Negative Positive

Qmin N Omax Amin
a 0 a 0
Center of gravity Mean of maxima
a b

Figure 7 Fuzzy inference and defuzzification
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Although trivial, this example is introduced to give a general idea of fuzzy
reasoning and the design of a fuzzy controller.

2.4 Procedure for fuzzy reasoning

From the previous example, we summarize the steps in fuzzy reasoning:

1. Fuzzification: to each measure of an input variable is attributed a mem-
bership value for all the fuzzy sets defined over the universe of discourse
of that variable.

2. Application of the T-norm (usually this operator is min or product) on
the membership values of the premise part of the rules to get firing strength
or the weight for each rule (pa(z) in eq. (1.1) or [pa(z) and up(y)] in

eq. (1.2)). 1

3. Generation of the consequent value (up(y) in eq. (1.1) or pc(z) in
eq. (1.2)) of each rule. It can be crisp or fuzzy.

4. Defuzzification: generate the crisp output values.

Knowledge base

S e |
i Y % Y

I
I
L I
I | Fuzzification Decision Defuzzification |
: interface > makingunit [P interface |
I
I
I
I

A
input output
p4{ Process %

Figure 8 General structure of fuzzy inference system

This means that every fuzzy controller is composed of four principal blocks

(Figure 8):

1. Knowledge base (parameters of membership functions and definitions of
rules)

1In the previous example we had only one input and we didn’t need to apply the T-norm.
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2. Fuzzification interface (transformation of crisp inputs into membership
values)

3. Decision making unit (inference operations on the rules)

4. Defuzzification interface (transformation of the fuzzy result of the in-
ference into a crisp output)

2.5 Advantages and disadvantages of fuzzy
control

Standard controllers deal with systems that have a precisely defined mathe-
matical model. In the design of a fuzzy controller one does not need to know a
precise mathematical model of the plant to be controlled. If the model however
exists, it can be used for the simulation and for the test of the control strategy.
The main advantages of fuzzy controllers are:

m No need to have a mathematical model of the system.

m [t is possible to implement expert human knowledge and experience using
comprehensible linguistic rules.

m [t is possible to control non-linear plants.

m  Thanks to dedicated processors, it is possible to control fast processes.

One of the results of the fuzzy “boom” in 90’s was the general opinion that
the fuzzy approach can solve all control problems and that classical control ap-
proaches will be soon abandoned. However, it is definitely not possible to solve
all control problems using fuzzy logic because there are some very important
drawbacks:

m  There is no standard and systematic method for the transformation of the
human knowledge or experience into the rule base of a fuzzy inference sys-
tem, no general procedure for choosing the optimal number of rules, since
a large number of factors are involved in the decision, e.g. performance of
the controller, efficiency of computation, human operator behaviour, the
choice of linguistic variables etc.

m  Even when human operators exist, their knowledge is often incomplete and
episodic, rather than systematic.
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m [t is not possible to show the stability of the controlled system, since the
model is not known.

m [t is not guaranteed that rules are coherent. It is possible to have a mis-
match between the rules.

m  Computing time could be long, because of the complex operations such as
fuzzification and particularly defuzzification.

As a result, many researchers have been trying to automate the modelling
process of fuzzy systems [SUN91]. The task can be divided in two parts:

m  Structure identification of the system (related to finding a suitable number
of rules and a proper partition of the feature space).

m  Parameter identification (adjustment of the membership functions).

These two reasons have led to the idea of merging the neural network approach
and fuzzy technology.

3 KHEPERA MOBILE ROBOT

We think that the only way to check out a control algorithm for a mobile robot
is to apply it to the real robot. Simulation is a very nice approach, but the
problem is that simulation is often not an approach that represents veraciously
the processes from the real world.

Our work is based on experiments with a miniature robot named Khepera
(Figure 9) developed in our lab [MoN94]. It has cylindric shape, measuring
55 mm in diameter and 30 mm in height. Its weight is only 70 g. Its small size
allows experiments to be performed in a small work area (Figure 10). In this
configuration, Khepera is remote controlled by a work station through a serial

link.

The basic configuration of Khepera is composed of the CPU and of the sen-
sory /motor boards. The CPU board is a complete 32 bit machine including a
16 MHz microcontroller, system and user memory, analogue inputs, extension
busses and a serial link allowing a connection to different host machines (ter-
minals, visualization software tools, etc.). The microcontroller includes all the



12 CHAPTER 1
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Figure 9 Khepera mobile robot Figure 10 Khepera’s working envi-
ronment

features needed for easy interfacing with memories, with 1/O ports and with
external interruptions.

The sensory/motor board includes two DC motors coupled with incremental
sensors, eight analogue infra-red (IR) proximity sensors (S0...S7 on Figure 11)
and on-board power supply. IR sensors are composed of an emitter and of an

Distance in front
S2 S3

Distance
to the left
SO

Distance
to the right

S1 S4

Distance on the back

Figure 11 Position of the sensors on the Khepera mobile robot

independent receiver. The dedicated electronic interface is built with multiplex-
ers, sample/hold’s and operational amplifiers. This allows the measurement of
the absolute ambient light and the estimation, by reflection, of the relative posi-
tion of an object from the robot. This estimation gives, in fact, an information
about the distances between the robot and the obstacles.
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What can one do with a robot that has 8 not very accurate sensors? Ap-
ply fuzzy logic? It can be one of the ideas. There are some others: genetic
algorithms [FL0o94], subsumption architecture [BRo86], distributed adaptive
control [VER92], learning with neural networks [GAU93, ZRE94], artificial in-
telligence approaches [BAs93]. In next section, we will describe a very simple
fuzzy controller for this robot.

3.1 A simple fuzzy controller for obstacle
avoidance

Suppose that the first goal is to do obstacle avoidance with a mobile robot.
Whatever the mobile robot has to perform, it has to avoid obstacles. Follow a
guide, transport objects, go to a goal... All these actions are supposed not to
damage the robot’s hardware. Nor its environment!

The aim of our first “fuzzy” experiment was to design a simple controller for
Khepera with a minimal number of the linguistic rules. The simple fuzzy
controller could be designed in the following way:

Suppose that we take all the available informations. The controller would have
8 inputs and 2 outputs. The inputs are the distances between the robot and the
obstacles and the outputs are the motor speeds. For every input we can define
2 membership functions (Small distance, Big distance) and for every output
3 membership functions (Backward, Stop, Forward). It means that there are
2304 (28 * 3%) possible rules and a complete fuzzy engine needs 256 (2%) rules!
It is obvious that the design of such a controller without a precise methodology
is not possible. In its absence, one is forced to reduce the number of inputs (the
number of outputs cannot be reduced) and simplify the fuzzy inference engine.

We have chosen to deal with four inputs: distance to the right, to the left,
in front and on the back of the robot (Figure 11). The structure of the im-
plemented controller is shown in Figure 12. For each input we defined three
membership functions, therefore classifying the distances as: Big, Average and
Small. Each motor speed is represented by seven linguistic variables: Back-
ward Fast, Backward Medium, Backward Slow, Stop, Forward Slow, Forward
Medium and Forward Fast.

The linguistic rules can be defined in an almost intuitive way. The first very
necessary rule is: If there are no obstacles around a robot, then it has to go
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Figure 12 Structure of a fuzzy controller with 3 rules

straightforward. The second might be for example: If there is an obstacle in
front of the robot, then it has turn to the left.

The minimum number of necessary rules is three but of course, the obtained
behaviour is very primitive. These rules are represented in Table 1 and can be
read in the following way:

Rule 1: If the distance to the left is Big and the distance in front is Big and
the distance to the right is Big and the distance on the back is Big then

left motor speed is Forward Medium and right motor speed is Forward
Medium.

Distances Motor speeds
Left | Front | Right | Back Left Motor Right Motor
Rule 1: Big Big Big Big Forward Medium Forward Medium
Rule 2: Small Forward Medium | Backward Medium
Rule 3: Big Big Big Small Forward Fast Forward Fast

Table 1 Linguistic rules for the fuzzy controller
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Rule 2: If the distance in front is Small (other distances are not considered)
then left motor speed is Forward Medium and right motor speed is Back-
ward Medium.

Rule 3: If the distance to the left is Big and distance in front is Big and
distance to the right is Big and distance on the back is Small then left
motor speed is Forward Fast and right motor speed is Forward Fast.

The robot avoids obstacles turning always in the same way. It turns while the
back sensors do not “see” the obstacle. This algorithm allows the robot to
move without a specific goal in a simple environment. It means that it cannot
get out of a dead end for example.

The next step was the building of a more complicated controller by adding lin-
guistic rules. With 16 rules, Khepera avoids obstacles very successfully turning
to the left and to the right. Unfortunately, tuning by hand is very difficult when
the controller has more than 16 or 20 rules because of possible mismatching of
the rules. An automatic method for the choice of the rules and the parameters
18 necessary.

The critical problem of this algorithm is that the number of possible rules is
very large and it is very difficult to make appropriate definitions of parameters
for membership functions. Moreover, a very important factor is the big com-
putational time and this was one of the main reasons that led us to simplify
the fuzzy algorithm.

We made some experiments with Takagi and Sugeno’s method [TAK83] where
output membership functions were defined as singletons (see Section 2.2). The
behaviour of the robot was not changed in comparison with the previously
described method. The only difference was the computing time which decreased
significantly. The centre of gravity method takes around 70% of computational
time of the fuzzy controller.

This approach allows a possibility to realise very interesting behaviours of the
robot by simply changing linguistic rules. The robot can follow the edge of a
wall, approach (or run away from) a light source and so on.
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4 NEURAL NETWORKS

The aim of neural networks is to model networks of biological neurons in the
brain. From the neuroscientist’s point of view, these models are extremely
simplified. However, we use them because we hope that they give some insight
into principles of biological “computation”.

Artificial neural network models have many names in the literature like: connec-
tionist models, parallel distributed processing models, neuromorphic systems,
associative networks, etc. Their structure is based on our present understand-
ing of biological nervous systems. In fact, they are parallel structures composed
of many computational elements connected by links with variable weights.

4.1 Biological neuron

There are about 10'' neurons of different types in a brain. The main parts
of a neuron are: cell body or soma, dendrites and azon (Figure 13). The cell

4

Dendrites Cell Body ff Dendrites

’ S & A 4
Initial ¥
L Segment A

Excitatory synapse
Inhibitary synapse

Figure 13 Biological neuron

nucleus is located in the soma, while dendrites are fibres connected to it. The
axon is one long fibre that is the extension of the cell body. It branches into
strands and substrands. At the end of these are synapses to other neurons.
One axon makes typically a few thousand of ezcitatory or inhibitory synapses
with other neurons.

The process of transmitting a signal from one neuron to another is chemically
complex and is beyond the scope of this paper. Shortly, the receiving cell’s
electrical potential raises or lowers depending on the incoming signal. When
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this potential reaches a threshold, an action potential of fixed strength and
duration is sent down the axon. The neuron “fires” and the action potential
is transmitted through the axon to the synapses with other cells. After a
refractory period, the cell can fire again [HER91].

4.2 Model of artificial neuron
The first model of an artificial neuron was proposed in 1943 by McCulloch and
Pitts [McC43]. Although it is a very simple computation unit, it is the basic

element of connectionist neural networks.

In the neuron in Figure 14, z; (j = 1,...,n) is the input stimuli that can be

Xn

Figure 14 Model of artificial neuron

either 1 or 0 representing the state of neuron j as firing or nonfiring respectively.
The synaptic weight w;; can be excitatory or inhibitory and represents the
strength of synapse that connects the neuron j to the neuron i. 8 is a threshold.

The neuron potential is:
n
pi = g Zjwij
ji=1

This neuron sums n weighted inputs and passes the result through a nonlinear-
ity (or activation function). The node is characterized by an internal threshold
or offset # and by the type of the nonlinearity. Figure 15 illustrates some
common types of nonlinearities. The most employed is a sigmoid function be-
cause it is considered to be very close to the input/output function of a real
neuron [BLa90].

It is obvious that this model does not imitate the real neuron. Why then
all this excitement about neural networks in the last 40 years? The most
important reason is their ability to learn and to generalise to new situations.
Once a neural network has been trained for a set of data, it can interpolate and
produce answers for the cases not present in the training set.
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Figure 15 Nonlinearities in the model of artificial neuron

Neural networks are specified by their topology or connection matriz, node
characteristics and training or learning rules. These rules specify an initial
set of weights and indicate how weights should be adapted during learning to
improve performance. This can be done in two ways:

m  Supervised learning. The weights are adjusted on the basis of compar-
ison of the output of the network with the desired (or correct) answer. It
means that we “teach” the network to perform a desired computation.

m  Unsupervised learning. This method is used when the learning goal is
not defined at all in terms of specific correct examples. The only avail-
able information is in the correlation of the input data. The network has
to create categories from these correlations and produce output signals
corresponding to the input category [HER91].

4.3 Application to the Khepera mobile robot

A very simple neural network has been implemented on Khepera. It is based
on Braitenberg’s idea to directly connect sensors with actuators [BRA84] as
shown in Figure 16. Every connection has a positive (excitatory) or negative
(inhibitory) weight. The vehicle can perform different kinds of behaviours de-
pending on the value of the weight and the kind of sensors. It can be attracted
or repulsed from the light source, it can follow another vehicle, avoid obstacles
and so on.

To allow a comparison with the fuzzy controller applied to the same robot, we
will consider the problem of obstacle avoidance [MoN93]. A learning procedure
has not been applied because of the simplicity of the task. Tuning of weights
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— Excitatory connection
—< Inhibitory connection

Figure 16 Braitenberg vehicle

has been done by hand. The only problem was to find the proper weights for
all connections.

If one examines the matrix shown in Table 2 and even if the principle of the

Sensor: S0 S1 S2 S3 S4 S5 S6 S7 Threshold
Motor 1 0.2 0.2 0.3 -0.72 -0.46 -0.2 0.26 0.15 0.30
Motor 2 -0.26  -0.51 -0.77 0.31 0.2 0.2 0.15 0.26 0.30

Table 2 Matrix of weights for Braitenberg’s vehicle

algorithm is known, it is not possible to define which behaviour the robot will
perform. From this point of view the fuzzy controller is superior because the
behaviour is defined by a set of linguistic easily comprehensible rules. How-
ever the computational time for neural networks is shorter than that for fuzzy
controllers.

4.4 Similarities between neural networks and
fuzzy systems
Neural network technology and fuzzy theory were developed at the same time.

Their similarities are often discussed in the literature [Kos92, TAk90]. So far,
the main direction of the research has been on automatic design and fine-tuning
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of the membership functions used in fuzzy control through learning by neural
networks.

Neural networks and fuzzy systems are highly parametric parallel structures.
In neural nets, both knowledge extraction and knowledge representation are
difficult. On the other hand, the advantage of fuzzy systems is that knowledge
is represented in the form of the comprehensive linguistic rules.

Fuzzy systems are able to treat the uncertain and imprecise informations. The
weak points of fuzzy controllers are caused mainly to the difficulty of defining
accurate membership functions and lack of the systematic procedure for the
transformation of the expert knowledge into the rule base. The shape of the
membership function in fuzzy systems and the threshold function in neural
networks are similar. Multiply-add operation of artificial neurons is very
close to maz-min operation of approximate reasoning.

These reasons lead to the idea of merging these two approaches. There are
two possible methods: a method by which individual merits are combined,
and another by which analogies between these are overlapped. One possibility
is to endow learning functions to fuzzy logic systems, or to conduct pattern
processing before fuzzy logic is applied. The other is to incorporate fuzzy logic
and linguistic rules into the structure of neural networks.

5 FUZZY NEURONS

There are a lot of fuzzy neurons proposed in the literature. Also, some learn-
ing and adaptation mechanisms for the proposed neurons are given [GoD94,
Gupr91, JaN92]. We will focus on only three of them.

5.1 Basic structure of fuzzy neuron

The theoretical structure of fuzzy neuron is shown in Figure 17. Since it has
to be able to cope with fuzzy informations [GUP91], the inputs are fuzzy sets
Z1,...,Z, on the universes of discourse Uy, ..., U,, respectively. These fuzzy
sets can be labelled by linguistic terms like: warm, high, large... First, they
are weighted, but in a different way than in neural networks. After, the inputs
are aggregated by the fuzzy operation which is, in general the fuzzy implication
function.
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Figure 17 General model of fuzzy neuron

5.2 Models of fuzzy neurons

The principal motivation for building fuzzy neurons is to have models that
behave in much the same way as biological neurons [GUP91]. Even if the
motivation is the same as in the field of neural networks, we do not agree that
these simplified models imitate biological neurons because natural structure is
much more complicated than the models presented below.

The first model is an attempt to design the linguistic if-then rule. The experi-

Model 1 M X Rule:
Xai ) If X1; and Xo; and ... and X,;
Model of the | /% - Y then Y;
linguistic .
if-then rule if}x”' Y; = X1;0X0;0---0Xy;
H(x1)
Model 2 x1—=0)
Fuzzification

Fuzzy H(x2)

; X —>=0O _
extension \@ U wlz1,@2,...,&n) =

—

of the '

non-fuzzy ' p1(z1) ® po(z2) ® -+ @ pn(zn)
neuron T H(Xn)
Xn —»O

Model 3 m.xl —’g\lk/ \ Fuzzy inference

Extension of o~ Y | Y=X{®X e -0 X
the non-fuzzy : Jl

neuron ]i X, *:és 1; X! =Gi(X;),i=1,2,...,n

Table 3 Models of fuzzy neurons
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ence of the neuron is stored in the fuzzy operator o which is usually a T-norm
or a T-conorm [GUP91]. It is composed from the current inputs and the past
experiences. There are currently few, if any, learning methods proposed in the
literature.

The second model is the fuzzy extension of the non-fuzzy neuron. It has n fuzzy
or non-fuzzy inputs and the weighting operations are replaced by membership
functions. These operations are synaptic. The results are membership values
of the corresponding input in the fuzzy set. These values are then aggregated
and the aggregation operation is called somatic. It means that the output,
considered as a level of confidence or degree of truth, is a crisp value from the
interval [0,1]. The aggregating operation ® may be one of the operators such as
min or maz. Learning method for this kind of neuron is proposed in [GoD94].

The third fuzzy neuron is also an extension of a non-fuzzy neuron. It has fuzzy
inputs Xi,...,X,. Each input undergoes a synaptic operation which results
in another fuzzy set. All modified fuzzy sets Xi,..., X} are aggregated to
produce another n-dimensional fuzzy set Y. The operator ® may be one of the
T-norms or T-conorms. Similarly to the first model, learning method for this
one is not proposed in the literature.

5.3 Learning methods

The aim of a learning method is to train a system to perform the desired
computation by iterative adjustment of the synaptic weights. The proposed
adaptation mechanisms for neurons described above can be synaptic or so-
matic [GoD93]. They are based on the supervised neural network learning
scheme.

Synaptic adaptation means that all the inputs are constantly modified by
synaptic operations and then forwarded to the neuron body. These opera-
tions are simple in the non-fuzzy case (multiplication), but in fuzzy neurons
they are very complex. If the membership functions and inputs are triangular,
the proposed modification are shown in Figure 18. The dotted lines represent
the fuzzy inputs before modification, and the solid ones after modification.

Somatic adaptation implies that the modifications are applied to the structure
of the fuzzy neuron. These modifications include: changing the rule base,
changing the membership functions assigned to the fuzzy terms in every rule
and changing the aggregation functions.
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A

Figure 18 Changes of membership functions during learning phase

These types of adaptation can be applied in supervised learning procedures
with well known methods like the gradient descent algorithm.

6 NEURO-FUZZY CONTROLLER

Usually, neuro-fuzzy controllers are fuzzy inference systems implemented under
the framework of neural networks. The idea of the design of neuro-fuzzy system
is to exploit the advantages of fuzzy logic, as an important branch of fuzzy set
theory that emulates human reasoning process, and a neural network’s ability
to learn.

Learning methods for fuzzy controllers are usually the application of conven-
tional adaptive control techniques. Since these techniques are used in neural
networks, as for example the least square algorithm, adaptive fuzzy controllers
are named neuro-fuzzy networks or neuro-fuzzy controllers. One of the interest-
ing architectures for neuro-fuzzy controller has been proposed by Jang [JAN92].

In this section we will describe one learning method for a fuzzy controller

[NoM92]. The starting point is the Takagi-Sugeno method where output mem-
bership functions are defined as singletons.

6.1 Linguistic rules

Assume that a fuzzy controller has m inputs z1, s, ..., %,, and one output y
and that we defined n linguistic rules in the form:

R;: If ©1is Aj1 and x5 1s Ajs and .. .and x,, 1s Ajy, then yisw; ,1=1,...,n
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where 7 is the index of the rule, A;; is a fuzzy set for i-th rule and j-th linguistic
variable defined over the universe of discourse for j-th variable and w; is a real
number that represents a consequent part.

6.2 Membership functions

Every membership function in this controller is defined as symmetric and tri-
angular and has to be partially differentiable (Figure 19). The definition of the

v

Figure 19 Membership function

membership values is given by the eq. (1.3). For every input the universe of
discourse is defined. We use 5 fuzzy sets as uniformly distributed triangular
membership functions.

2|z 5 —aij| b g b
/w:{l_ B o foraiy = < <ai (1.3)

0 , otherwise

6.3 Fuzzy inference

For the application of the rules we need to define a fuzzy inference, and in
this case, we will take product operator as T-norm. It means that the firing
strength of every rule is:

Ui = fitfiz - Pim (1.4)
The consequent part of the rules are crisp values, and the evaluation of a centre
of gravity is given by:

E?—l U;W; Ui Us Un - —
y= = — w + w ++7w :Zu'w- 15
Z?:l U E?:l U ' Z?:l Ug ’ E?:l Ui ! i=1 o ( )
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A general scheme of this system with two inputs and one output is represented
in Figure 20. This presentation is analogous to the architecture of a feed-

Fuzzification ~ Application Normalization  Defuzzification
of T-norm

A H1g

7

A
u _
Bera s

P .

Wn

Figure 20 Neuro-fuzzy controller

forward artificial neural network. The first layer performs a fuzzification for
each linguistic rule and it is a layer of neurons of model 1 (Table 3). Outputs
from this layer are membership values (eq. 1.3) and they are fed into the next
layer which performs a T-norm operation —product— (eq. 1.4). The result is a
firing strength for each rule and in the next layer, firing strengths are normalized
(eq. 1.5). The last layer computes the overall output as the weighted sum of
the incoming signals.

6.4 Computational aspects

Suppose that the parametric model of one non-linear system is given in the
following form:
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where z is a state vector, u an input vector, z a parameter vector and y is the
output vector. The learning problem is a parameter estimation problem. All
solutions to parameter estimation problems consist in finding the extremum
of criterion (loss) function V considered a function of the parameters of the
unknown system. The function to minimize is:

V() = 5 (t) — va0))’ (16)

where y4 is the desired output provided by an expert. The minimization of
this function can be done in several ways [AsT71]. All of them use the scheme
suggested by Robbins and Monro in [RoB51]. Here we will use the criterion
(eq. 1.6) and apply the method of stochastic approzimation to identify the
parameters of the fuzzy system. It is an iterative procedure given by:

At+1) = 2(t) — IV, V [2(1)]

where z is the vector of parameters to adapt, I' is the predefined constant and
—V.V is the notation for the gradient of V' with respect to z:

v ]

sz: a_ T
[32:1 8zn

6.5 The learning algorithm

In the fuzzy controller presented above, z is given by:

zZ = (a11: . ~:anmab11a .- ':bnmawla - -a’wn)

The number of parameters to estimate is p = 2nm + n. The vector which
minimizes the loss function is given by:

v ov vy
O0z1 Oz’ 0z )
and the learning rule:
oV
st +1) = 2zp(t) = T 82(:) L k=1,...p (1.7)

It follows from (eq. 1.3 - 1.7) that the equations for the adaptation of the
parameters of fuzzy system are:

14 1) = a550) = oty = i) (us = ) 0 (55 = a350) ﬁ
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1 — puj(x5)

w
bij(t+ 1) = b;;(t) — Dy=—(y — va) (wi — y)
! ! dim U bijpij(z5)

wi(t +1) = wi(t) — [y ﬁ(y ~ Ya)

=1

The iterative procedure for the adaptation of parameters and for the minimiza-
tion of the criterion function can be summarized as follows:

1. Initialisation of parameters.

m  Consequent values w; are random numbers.

m  Choice of antecedent parameters a;; and b;; (all membership functions
on the universe of discourse are regularly distributed and have the
same width).

2. Data input (21,22, ..., Zm, Yd).

Fuzzy inference.

Adaptation of consequent parameters w;.

Repeat once the step 3 with new values for w; and step 4.

Adaptation of parameters a;; and b;;.

S

Evaluation of the criterion function V.

8. Repeat the steps 3 to 7 until V' is smaller than one threshold value.

This method is very similar to the method of gradient descent for the Percep-
tron [RUM&9].

6.6 Application of the neuro-fuzzy controller
to the Khepera

We applied this algorithm to the obstacle avoidance problem of the Khepera
mobile robot [GoD95]. The goal was to adjust the parameters of membership
functions using a supervised learning procedure. The robot started with 625
basic rules and non-adjusted membership functions. During the learning phase,
the adaptation is done each time the robot encounters an unknown situation.
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In the first step we have limited the learning method to the adaptation of
parameters with a fixed rule base. After learning, we suppressed all rules not
used in the supervised learning phase. The problem is that some membership
functions “disappeared” from the universe of discourse or overlapped with other
functions. It was necessary to make an analysis of the obtained results and to
suppress useless functions and rules.

This method is very interesting because it has the ability to express the knowl-
edge acquired from input-output data in the form of linguistic rules.

7 CONCLUSION

In this paper some basic notions of fuzzy controllers and neural networks have
been presented. The application of these methods is described in the case of
the obstacle avoidance behaviour. As an experimental platform we used the
Khepera mobile robot. It is shown that a simple fuzzy controller can be applied
for a realization of very simple tasks. Even if the number of rules is small, the
robot shows interesting behaviour.

The same problem is treated in the frame of a neural network based approach.
We presented a simple neural net which enabled the robot to have different
kinds of behaviour. The problem is that the extraction of knowledge from the
neural network is impossible.

The advantage of fuzzy systems is that knowledge is represented in the form of
the easily comprehensible linguistic rules. On the other hand, neural networks
have the ability to learn. This lead to the idea of supplying fuzzy controllers
with learning functions. This was implemented on a controller based on the
Takagi-Sugeno method. The learning procedure is the stochastic approximation
method known in the field of identification of systems which corresponds to
supervised learning of neural networks. The results show that fuzzy systems
have an ability to learn and that the methods used in the neural network field
can be applied. The method is tested on Khepera and the experiments show
that the robot can learn by adjusting the parameters of the controller.
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