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ABSTRACT

In this paper a control strategy based on a neuro-fuzzy
systems have been devised. Two control system have been
considered in order to test the method. Satisfactory results have
been obtained in both cases.

INTRODUCTION

New Intelligent strategies have been applied in a wide
range of problems [1][2]. The Fuzzy Logic techniques have
been used successfully in any of them. However, in some cases
it is difficult to design the most adequate Fuzzy Rules in order
to solve the underlying problem.

On the other hand, Neural Networks have also been
applied with a good performance [2]. Neural Networks have
shown good learning properties which make them very
appropriate in some tasks where a automatic adjustment is
necessary. On the contrary, it is difficult to know what they are
doing, that is, they are seen as black boxes which make well its
work in most of cases. In spite of some studies have been done
in order to find out more about these systems, most cases it is
difficult to predict the number of neurons which will reach the
best solution for a particular problem. On the contrary, the
fuzzy logic systems are easier to interpret. The Neuro-Fuzzy
systems are a form of unifying the two strategies in order to
take benefit of their advantages and to overcome their
disadvantages [3]. This new strategy have been applied in some
control problems [4][5]. In this paper the presented Neuro-
Fuzzy system will be applied to some control systems. In
section 2 a description of the Neuro-Fuzzy System along with
the learning algorithm is shown. Section 3 will be focused on
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the application of the Neuro-Fuzzy system in order to improve
the behavior of a classical controller in two particular cases.

2. NEURO-FUZZY APPROACH.

In the subsequent sections, the structure along with the
learning algorithm of the used Neuro-Fuzzy system is
presented.

2.1 Structure of the Neuro-Fuzzy System.

The Neuro-Fuzzy System could be seen as a three-layer
Network. The nodes of the network are cascaded together in
layers. A diagram of the Neuro-Fuzzy System is shown in
Figure 1.

The first layer or input layer comprises several nodes,
each one consisting of a Radial Basis neuron. The inputs to the
radial basis neuron are the inputs to the Neuro-Fuzzy System,
and the outputs of the nodes are as follows:

2
b= exp (U
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(1)

Where:

mij = Centre of the membership function corresponding to

ith input and the jth neuron of the hidden layer.
U; = ith Input to the Neuro-Fuzzy System.
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oij = Width of the membership function corresponding to

the ith input and the jth neuron of the hidden layer.
Pij = Output of the Radial Basis neuron (or degree of
membership for ith input corresponding to jth neuron).

N2 = number of nodes at the hidden layer.
N1 = number of Neuro-Fuzzy System inputs.
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Figure 1- Diagram of the Neuro-Fuzzy System

On the other hand, the node outputs corresponding to the
hidden layer are calculated as:

7 zmin[plj,p2j,...,pij,...,pN1jJ Jj=L2,..,N2 (2
Where:
Vi< Output of the jth node at the hidden layer.

Finally, the output layer could be considered as a sigmoid
neuron layer, where the weight connections between the hidden
layer and the output layer are the estimated values of the
outputs. The outputs of these nodes are calculated by this
expression:

Y. = Sigmoid | B %:Sv/w’j j=12,..,N2 3)
=01gmol ——
s >, k=12,.,N3

Where:
Y, = kth output of the Neuro-Fuzzy System.

sV jx = Estimated value of the kth output provided by jth

node at the hidden layer.
N3=number of outputs of the Neuro-Fuzzy System.

S = Gain of the sigmoid function.

Hence, it could be said that the output layer carries out the
non-linear defuzzification process, providing the outputs of the
Neuro-Fuzzy System.

To sum up, the structure of the Neuro-Fuzzy system could
be seen as a typical Radial Basis Network, where an additional
layer has been inserted between the Radial Basis layer (the
input layer) and the sigmoid neuron layer (the output layer).
The neurons of this additional layer calculate the degrees of

membership corresponding to the different rules,
that is, they apply the fuzzy operator min, being
N2 the total number of Fuzzy rules. Once, these
Y, calculations have been carried out the output layer
applies a defuzzification process in order to obtain
numeric values for the outputs of the system. Note
as this defuzzification process depends on the gain
of the sigmoid function. It is possible to change
the non-linear defuzzification process behavior

depending on the choice of [, given the gain of

the sigmoid function determines the steepness of
the transition region.

Y In the Nepro—Fuzzy ‘Systern ther.e are some
parameters which determine the relation between
the inputs and outputs. In this case, the behaviour
of the Neuro-Fuzzy system depends on the value
of the following parameters: the membership
function centres, the widths of the membership
functions and the estimated output values. In order
to determine these parameters a learning
algorithm has to be designed. In the future, the
gain of the sigmoid function will be considered as
a constant.

2.2) Learning Algorithm.

The learning algorithm can be divided into three phases.
The first phase and second phase are focused on obtaining
initial values for some of the parameters and optimising the
number of nodes at the hidden layer, that is, the number of
Fuzzy rules. Whereas the last phase is focused on adjusting the
different parameters of the Neuro-Fuzzy System taking as
initial values the given ones in the previous phases.

First phase consists of obtaining convenient values for the
membership function centres and estimated output values.
These values are adapted in the third phase. In the first phase
only initial values are calculated. In order to obtain these initial
values a Kohonen’s Self-organising feature map algorithm has
been applied. The initial weight vector of the self-organising
map has been chosen over a range of random numbers, being
the dimension of the weight vector equal to the number of
inputs (N1) plus the number of outputs (N3). A 1-D self-
organising map has been used. After, an unsupervised learning
algorithm has been applied, initial values for the centres of
membership functions and for the estimated outputs are
obtained. In the following step an optimisation process is
applied in order to obtain a minimum number of rules. This
second phase is based on evaluating the Euclidean distances
between node weights corresponding to the 1-D self-organising
map. The nodes which Euclidean distances are less than a
constant value will be mixed in one node. Hence, the hidden
layer of the Neuro-Fuzzy systems will be reduced given each
node of the 1-D self-organising map corresponds to one node of
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the hidden layer. Furthermore, each node of the hidden layer
corresponds to a Fuzzy rules. Hence, the Neuro-Fuzzy system
will have less rules as a result of this second phase.

On the contrary, Third phase is focused on adjusting the
parameters of the Neuro-Fuzzy system and improving the given
ones in the previous phases. Taking into account the similarities
between the typical Radial Basis Network and the Neuro-Fuzzy
system, the least mean squared learning algorithm has been
used as usual in a typical Radial Basis Network.

The purpose of this algorithm is to minimise the following
sum-squared criterion function:

1 N3 A
EZE;(Yk_yk)z k=1,..,N3 (4)
=1
Where:

¥} = kth desired output.
Y i = kth Neuro-Fuzzy system output

4. APPLICATION.

Such as it was shown in the previous section, a training
process is necessary to choose conveniently the Neuro-Fuzzy
system parameters. This process is carried out in an off-line
mode and it is based on the experience of an expert.
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Figure 2.- Comparation beetwen Neuro-Fuzzy, ANFIS and
proportional control

In this paper the Neuro-Fuzzy system will be applied to
improve a motor control system. Only control systems where a
classical controller is used will be considered. Moreover, a
proportional controller will be considered for the sake of
simplicity. The purpose of the Neuro-Fuzzy system will be to
improve the behavior of the controller without modifying its
structure. Because of that, each movement between an initial
angular position and a determined final angular position will be
divided into so steps as the electronic devices allow. Therefore,
as setpoints as steps will be presented to the classical controller.
Consequently, the Neuro-Fuzzy system has to be able to give

the appropriate period of times where these intermediate
setpoints are applied.

Using these pairs (time, position) the behaviour of the
system is set. Two parameters are used to do this. First one is
the time period the motor get the first position after initial
position of the particular movement and the second one is an
incremental interval of time where the motor gets the next
positions. So the motor moves slower when it is reaching the
final position and in this way the performance of the
proportional action could be improved.

The expert has to provide the right timing for the different
movements. These data are provided in a direct way, that is, a
software application guides him in the whole process. Because
of that, it is not necessary any previous knowledge about the
applied strategies. This makes easier the definition of the most
adequate fuzzy rules.

The Neuro-Fuzzy system is built up of two inputs and two
outputs. The inputs are the current angular position and the
desired angular position, respectively. The first output refers to
the initial period of time while the first setpoint is being
applied. The second output refers to the time frame each of the
other setpoints up to the final setpoint are applied. Note as, the
period of time while first setpoint is being applied has been
considered different than the other setpoints. It has considered
in this way because it is necessary to apply the setpoint in a
greater frame time in the initialization of the movement. In this
way the motor is able to acquire an adequate speed, overall
taking into account that most times the motors start from the
rest. In order to apply the Neuro-Fuzzy strategy it is necessary
to generate a set of inputs and desired outputs for a particular
Control System. Each training pattern consists of four values.
First one is the current angular position expressed by degree
units, however, the second one refers to the desired final
angular position for that movement. Third value refers to the
initial period while first setpoint is being applied. At last, fourth
value refers to the period of time the other setpoints are applied
up to the desired final setpoint. These parameters are provided
by the expert. Because of that, a simple software has been
developed in order the expert to see the effects produced by a
particular choice of the parameters.

In summary, different movements are provided to the
subsequent training process. In this way, the resultant Neuro-
Fuzzy system will be able to show a similar behaviour to an
expert would like.

In order to test the proposed strategy two particular control
systems have been considered. First one corresponds to a

Initial Tita =-60
el

= _ 1% Output

-- 2" QOutput
i

Qutput Meuro-Fuzzy Systermn (msec)

-80 B0 -40 -20 0 20 40 B0 =21}

Final angular position (dearees)

Figure 3.- Neuro-Fuzzy outputs vs. final angular position
for an initial angular position of 60°.
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binocular head where the motors are in charge of moving the
mechanical structure. In this kind of systems sometimes it is a
requirement of the problem to use small motors with simple
controllers in order to reduce cost and weight of the whole
system.

On the other hand, a two-link robot have been used in
order to improve the performance of a classical controller
(Proportional o Proportional Integral Controller). Because of
the nonlinear nature of the system the proposed control strategy
can improved its typical behavior.

Several trials have been carried out. In order to compare
with other Neuro-Fuzzy Systems an implementation of a
standard ANFIS System has been used. Concretely, the ANFIS
System implemented by Matlab has been used [6]. In the
following, it will be referred as ANFIS. The difference between
the typical proportional action, the Neuro-Fuzzy actions and
ANFIS action corresponding to one of the trials is shown in
Figure 2. In this case, the training process has been started with
120 fuzzy rules. The Neuro-Fuzzy strategy (dash line) and
ANFIS strategy (dot line) produces a better movement than the
proportional action (solid line), arriving at the final position
more or less at the same time with a better behaviour. At the
end of the training process the number of fuzzy rules have been
reduced to 60. It Should be considered that the ANFIS strategy
fixs the number of rules, and the training is based on these
rules, so an appropriate election of the number of rules it is
critical for the performance of the system. Note as, the Neuro-
Fuzzy system shown in this paper includes a nonlinear
defuzzyfication, that is able to improve the capacity of the
network generalization. It is important to remark that the results
shown in Figure 2 correspond to the Neuro-Fuzzy and ANFIS
system after the training process has concluded. In Figure 2
only the results corresponding to one degree of freedom have
been shown, a similar process have been followed for the other
degrees of freedom.

In the case of the binocular head the outputs of the Neuro-
Fuzzy system versus different final angular positions starting at
an initial angular position of 60 degrees are presented in Figure
3. It can be seen that the motor moves slower for positions near
to zero degrees, because the motor of the binocular head finds
more difficult to set this position. It is because the used
electronic devices are more damage when the binocular head is
moving around zero degrees. This fact shows that the proposed
strategy adapts automatically to the underlying particular
conditions. In the movements near to the initial position (60
degrees) it is necessary to do slow movements, and when the
system is far away of the final position fast movements are
necessary instead. Note that the Neuro-Fuzzy system infers this
behavior from the data provided by the expert.

Other trials have been done with a two-link robot based on
the same control strategy, getting a satisfactory for the control
of the different links.

Taking into account the obtained results it could be said
that the best performance of the Neuro-Fuzzy Strategy will be

associated with links, where inertial effects are considerable.
However, in the cases where great inertial effects are not
present, the Neuro-Fuzzy strategy still keeps a good
performance.

4. CONCLUSIONS.

In this paper, a Neuro-Fuzzy system has been used to improve
the behavior of a classical controllers. The devised control
strategy has been applied to two control systems obtaining
satisfactory results. In addition to the proposed Neuro-Fuzzy
System , the standard ANFIS Neuro-Fuzzy system have also
been used. As a result of the application of the strategy, it can
be seen that the proposed control strategy is able to adapt itself
to the particular conditions of the underlying system.
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