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Abstract
In this paper a methodology to develop a fuzzy
rule-based controller is described. The rulebase is obtained by learning from a virtual
feedback (PID) controller. The designed
controller is supposed to support typical control
requirements (i.e. fast-following, zero steady
state error, overshoot suppression, etc.) using
only a small number of rules. The virtual
controller is designed by manual adjusting with
one of two alternative methods: simulation of a
feedback controlled system using a estimated
process model or by means of an on-line
training phase.
Keywords: Fuzzy control, rule-based fuzzy
controllers, self-learning fuzzy controllers.
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be updated on-line- is proposed. The aim is to develop a
self-organising rule-based fuzzy controller solving the
following problems:
• To generate the control rules using a virtual
controller model as a trainer, that would supply its
inherent process knowledge to the rule base. This
controller would be tuned by manual supervision.
• To develop an inference engine based on a simple
strategy in order to reduce drastically the rule base.
A virtual controller is defined as a controller that is used
as a trainer or teacher for generating a consistent rule
base. Any technique used for rule base reduction requires
that the control function or the output of the virtual
controller was described using additive sub-functions of
the form
f1(e) = u1 = f(e)
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f2(e) = u2 = f(Σe)

INTRODUCTION

f3(e) = u3 = f(∆e)
In fuzzy control developing techniques, it is of great
importance how to obtain the control rules. A traditional
method, widely used, to obtain the control rules consists
of gathering the knowledge from experienced operators.
Knowledge is supplied by an expert operator and usually
it is incomplete. When the knowledge is obtained from
different experts, contradictions among results are
usually found. Fuzzy modelling is another method based
on process structure identification and parameter
estimation. But it requires a process model, which is in
contradiction with applying fuzzy controllers when the
process model is unknown. Self-organising fuzzy control,
proposed first by Mamdani, has been applied successfully
in many applications. Also neural networks have been
used in self-organising fuzzy control systems, giving rise
to a class of neuro-fuzzy controllers.
All of them shares the same drawback: rule evaluation
and network training are, in most practical applications,
excessively time-consuming. In this paper a method to
generate automatically fuzzy control rules -that have to

hence,
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å f (e )
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where u is the controller output, fi (e) is any 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 formed by partial additive sub-functions.
Controllers with this characteristic can be achieved using
some of the on-line auto-tuning techniques that are
among the most popular self-tuning methods.
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VIRTUAL CONTROLLER DESIGN

The aim of training a fuzzy rule base is that a pattern
algorithm was learned by the rule base. This pattern
algorithm, that is used as a trainer of the rule base, is a
virtual control algorithm which must satisfy dynamically
some performance criteria in accordance with operating

requirements. There exists several virtual control
algorithms that could be used as training patterns. The
most important due to their reliability are auto-tuning
methods, and among them, two frequency domain
methods which are not used in this work: (a) relay
feedback named method of harmonic balance [1][2][7];
(b) a method based on determining the phase and
magnitude at operating frequency under phase and gain
margins specifications [4]. The method used in this
paper to solve the problem of finding a virtual training
controller is a manual supervised method: manual
adjusting procedure using classical knowledge of a PI(D)
controller.
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Theoretically, the number of rules needed to cover all
possible input variations with a five term fuzzy controller
would be
n1 × n 2 × n3 × n 4 × n 5
(3)
where n1, n2, n3, n4, and n5 are the number of
membership functions or linguistic labels of the five
input
variables.
For
instance,
if
n1 = n2 = n3 = n4 = n5 = 5 then the number of rules
would be 3125. In practice, the implementation of such a
large rule base would require too much reasoning time
besides a large amount of process memory.
SP
L
e
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INFERENCE PROCEDURE

When there are many variables in premises, the direct
method of fuzzy reasoning has the following difficulties:
•

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

•

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

The consequence part of the rules uses linear inputoutput functions

•

It is possible the identification of rules on the basis
of input-output data modelling.

5x5x5x5x5 = 3125 rules

Rule Base
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L

5x5 = 25 rules

Kp, Ti, Td
e
∆e
Σe

Rule Base
25 + 125 = 150 rules
5x5x5 = 125 rules

(b)
Rule Base

SP
L

5x5 = 25 rules

The implementation of the method requires a modelling
approach based on input-output data. This data could be
gathered from the virtual controller. The general
reasoning model is given by rules of the form
IF x1 is A1 and xn is An
THEN Y1 = f(x1,..,xn) = C0x1 +..+ Cnxn

(2)

This method is extremely useful in cases where the
number of variables is high. For instance, processes such
as a position servo, a temperature controlled process, a
power engine, a level controlled process and, in general,
any process that could operate with several level set
points under different loads. So that, the method is
suitable when designing controllers that have to take into
account the actual process operating point and load for a
wide range of set points and loads. These requirements
add two degrees of freedom to the designed virtual
controller, which means that two more input variables
are needed besides the classic error based variables (i.e.
the error, the error derivative and/or the error integral).

Hiper-cube
Rule Base

(a)

Takagi, Sugeno and Kang proposed a method [5][6] to
solve these problems using linear functions in the
consequence part of the rules. This method has the
following features:
•

Rule Base
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Kp.e

Kd.∆e

Σ

25 + 3 = 28 rules
Takagi&Sugeno

Ki.Σe

(c)

Figure 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.
If a system with five input variables is considered, where
SP and L are the set point and load as shown in Figure
1(a), and e, Σe and ∆e are a set of error dependent
variables, the number of rules needed to implement a rule

base is too high. This number could be drastically
reduced using the additive procedure of association of
rules. The necessary condition is that the system to be
modelled must be linear. If we consider a PID algorithm,
where the nominal load and the set point define a
constant operating point (see Figure 1(b)), then a reduced
rule base with only three rules is enough as shown in
Figure 1(c). Table 1 shows the structure of the rule base
used to get the set of PID parameters in adaptive mode by
a common gain scheduling strategy.

SetPoint

Table 1: Structure of a two input/three output rule base

Large
Medium
Small

Large
Kp1,Ti1,Td1
Kp4,Ti4,Td4
Kp7,Ti7,Td7

SP
L

Load
Medium
Kp2,Ti2,Td2
Kp5,Ti5,Td5
Kp8,Ti8,Td8

Small
Kp3,Ti3,Td3
Kp6,Ti6,Td6
Kp9,Ti9,Td9

Rule Base
3x3 = 9 rules

Kp, Ti, Td
e
∆e
Σe

Additive rule base

Kp.e+ki.Σe+kd.∆e

Figure 2: The structure of the reduced rule base.
In contrast with last results, the adaptive controller
algorithm obtained using the classical approach of gain
scheduling strategy will be quite similar:
Kp = fp(SP,L)
Ki = fi(SP,L)
Kd = f(SP,L)

4

U=f(Kp, Ki, Kd, e , ∆e, Σe)

EXPERIMENTAL RESULTS

An automatic tool to design a controller of reduced fuzzy
rule base using the Takagi&Sugeno method has been
developed. This tool can handle on-line input/output data
gathered from the process or off-line data gathered from
an estimated model of the controlled process. This tool
was developed using a visual engineering environment
that is available for several commercial hardware
platforms (i.e. PCI, VXI and VME bus architectures).
The specific architecture used to test the method was a
Data Translation I/O card on a PCI-based computer.
The proposed method was validated using the design tool
on-line (gathering data directly from the process) and
off-line (simulating the process). The selected process to

be simulated was a second order open loop system (i.e. a
double heater in cascade). A virtual PID controller is
installed in the forward path. The PID parameters that
supply the desired response are tuned manually by an
operator. The fuzzy rule base is automatically generated
using a number of membership functions that is also
supplied by the operator. Figure 3 shows the excitation
and response signals obtained during the manual tuning
of the virtual PID controller. In this phase, PID
parameters are adjusted to get the desired time response
to an excitation of the controlled system. As it is shown
in Figure 4, the fuzzy controller uses three rule bases in
additive mode to supply a crisp output. The resultant
rules are linear because the virtual controller used in the
training phase was linear. In Figure 5 it is shown a
typical response obtained by applying the designed fuzzy
controller to control the process.
As conclusion, it has been showed that the fuzzy
reasoning procedure adopted first by Takagi&Sugeno is
a proper method to get a fuzzy rule base with reduced
number of rules. The advantage of having this reduced
rule base is that it could be easily modified and adjusted
by a plant operator acting only in one or more premises
(i.e. the proportional action, the derivative action, etc.)
with total independence.
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Figure 3: The virtual controller tuning phase.

Figure 4: The reduced rule base.

Figure 5: Fuzzy controller response.

