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Introduction

In fuzzy control developing techniques, it is of great importance how to obtain the
control rules. A traditional method widely used to obtain control rules is extracting the
knowledge from experienced operators. Knowledge is supplied by means of an expert
operator and commonly, the empirical knowledge is incomplete. For the case of
different experts, results that even contradict each other.

Fuzzy modelling is another method based on structure identification and parameter
estimation but is in contradiction with the advantage of no requiring a mathematical
model for a fuzzy controller.

Self-organising fuzzy control proposed first by Mamdani, has been applied successfully
in many application on fuzzy process control. Actually self-organising fuzzy control is
being enhanced with the use of neural networks giving a class of neuro-fuzzy controller.
In all of them, there are a common characteristic: Rule evaluation and network training
are in most applications excessively time-consuming.

In contrast with above methods, it is proposed in this work an intuitive approach to

automatically generate fuzzy control rules, which are to be on-line updated. The

purpose is to develop a self-organising rule based fuzzy controller by means of solving

two main problems:

e Generating the control rules on the basis of achieve a virtual controller model to act
as trainer by auto tuning that supply inherent process knowledge to a rule base

e Develop an inference engine based on a simple strategy to reduce drastically the rule
base.

A virtual controller is defined as the one that can be used as trainer or teacher on
generating a consistent rule base.

Any strategy applied on rule base reduction, requires that the control function
developed by a virtual controller or its output be synthesised by additive sub-functions
of the form

f1(e)=u,=f(e)

fa(e)=u,=f(Ze)

f3(e)=us=f(Ae)
then,

u=31,) 1)



where u is the controller output, fi(e) is any component sub-function of the controller
actions such as derivative or integral actions. Consequently, the selected virtual
controller (fuzzy controller trainer) must satisfy the requirement of being composed by
partial additive sub-functions. Controllers of such characteristics can be achieved by
some on-line auto-tuning techniques among the most popular self-tuning methods.

Achieving Virtual Controllers

Training a fuzzy rule base requires a pattern algorithm to be learned by a fuzzy rule
base. Such a pattern algorithm is used as trainer on the rule base. The trainer is a virtual
control algorithm, which satisfy dynamically some performance criteria according
operating requirements. Several virtual control algorithms to be used as patterns can be
achieved. The most important due to its reliability are autotuning methods, and among
them, two frequency domain methods are selected to automatically achieve virtual
controllers in this work.
e Method based on relay feedback named method of harmonic balance [1,2,12]
e Method based on determining the phase and magnitude at operating frequency
under phase and gain margins specification. [3]
The idea of using two autotuning procedures, which can be applied alternatively or in
parallel, is due to the possibility of failure. For instance, the method of harmonic
balance is not useful to be applied on a type of second order systems, a system
described by a single pair of integrator in series, such as satellite position control, ship
position control and in general all inertial loads under low dumping coefficient.
Consequently, using two autotuning methods contributes to increase the possibility of
successes.

Inference procedure

When there are many variables in premises, the direct method of fuzzy reasoning has

the following difficulties

e The number of rules increases exponentially with the number of premise-part
variables

e As the number of rules increases, the task of constructing rules becomes
excessively burdensome.

Takagi, Sugeno and Kang, [5], [9], proposed a method to solve these problems, based
in a fuzzy reasoning mechanism, which consist in using linear functions for the
consequence part. Such a reasoning method has the following features:

e The consequence part of the rule uses linear input-output functions

e |tis possible the identification of rules on the basis of input-output data modelling.
The implementation of this method requires a modelling approach based in input-output
data, which will be achieved from the virtual controller.

The general reasoning model by means of rules is

IF X1 is A and. X, is Ap THEN Y7 = f(Xg,...Xn) = Co.X1 + ...+ Cp.Xp (2

This method is extremely useful in cases where the number of variables is high. For
instance, processes such a position servo, a temperature controlled process, a power



engine or a level controlled process, can operate with several level set points under
different loads, and so on. So that, it is of particular interest to design controllers
capable for control a process having into account the actual operating point and actual
load for a wide range of set points and process loads. Those requirements add to the
achieved controller two degree of freedom, which means two input variables more
despite some classic error based controller variables as is the error, its derivative and /or
its integral.

Theoretically, the number of rules to cover all possible input variations for a five term
fuzzy controller is

N X.N,.X.Ng. XN, XNy, (3)

where n,.x.n,.Xx.n;.x.n,.x.n, are the number of membership functions or linguistic
labels of the five input variables. In a particular case, if n, =n, =n, =n, =n, =5, then

the number of rules will be 3125 as shown in figure 1. In practical applications, the
implementation of such a large rule base will take a lot of reasoning time besides a large
amount of process memory.
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Fig. 1. Some strategies in reducing Rule bases. (a), Original hyper-cube rule base. (b),
Two rule bases in series. (c), Reduction based on Takagi & Sugeno method.
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In contrast with last results, in the classical approach of an adaptive controller by gain
scheduling strategy, the controller algorithm will quite similar:

Kp = fp(SP,L) _
Ki = fi(SP,L) U=f(Kp, Ki, Kd, e, 4e, 2k)
Kd =f(SP,L)

Automatic Rule base Generator Tool

To implement any drastically reduced fuzzy rule base, it was developed an automatic
tool with capacity to process in parallel input/output process variables. Such a tool
operates on commercial hardware platforms with properly selected drivers, depending
on the particular architecture, mainly on PCI, VXI and VME Buses.



Experimental results
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