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ABSTRACT

Fuzzy rules, developed by experts thus far, may be often inconsistent and incomplete. This paper pro-
poses a new methodology for automatic generation of fuzzy rules which are nearly complete and not incon-
sistent. This is accomplished by simulating a knowledge gathering process of humans from control
experiences, This method is simpler and more efficient than existing ones. It is shown through simulation
that our method even generates better rules than those generated by experts, under fine tuned parameters.
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I. Introduction

Development of fuzzy rules is one of the most important parts in designing a fuzzy logic controller [1].
Such rule sets are made by experts in the human-in-loop system. However these rule sets may be incom-
plete and inconsistent [2]. Several approaches to automatically generate fuzzy rules have been
introduced from the early 1990s (3, 4, 5, 6, 7]. However, these methods are quite complex and cannot
guarantee a dependable performance of the control. This paper introduces a new methodology for auto-
matic generation of fuzzy rules in an offline fashion by simulating a knowledge gathering process of
humans from control experiences. With knowledges of nonlinear plants, experts are able to control
them. The knowledge is gathered from their previous experiences while trying to control the plants. Be-
fore human has the knowledges, they know only very simple knowledges. However, they will obtain more
and more knowledges about the controlled plant according as the control experiences are gathered more
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and more. In our algorithms, gathered information will be represented as a set of fuzzy rules for a fuzzy
logic controller. This generated set of fuzzy rules fits the control dynamics of the fuzzy logic controller
into the nonlinear plant control. Simulation results show that our method generates better rules than
those generated by experts, under fine tuned parameters.

II. Human Control Knowiedge Gathering Process

All humans have some basic innate reasoning power. For example, if a fuzzy positive error exists, we
would apply a fuzzy positive control input:if a fuzzy negative error exists, we would apply a fuzzy nega-
tive control input. We also try to reduce a steady state error as small as we can. The control results are
used to make the control dynamics be more fitted in the nonlinear plants. Thus, the control dynamics is
accumulated according to the progression of the control process. With this accumulated information, we
can better control the nonlinear plants. To fully understand the dynamics of a plant, we should experi-
ence many set points in the operating range.

I. Automatic Fuzzy Rule Generation

The innate control operation of humans, mentioned in previous section, is very similar to that of a
Pl-type controller. However, the control values of humans cannot exactly be the same as those of the a
Pl-type controller because the control operation of humans are fuzzy. This fuzziness of control inputs
can be simulated by adding a perturbation factor using Gaussian random noise to the Pl-type control
value. As a consequence, the innate human control is simulated on a computer with a PI-plus Pertur-
bation control.

This type of human control can be simulated on a computer with a very similar manner to a Pl-type
controller. That is, this controller just inputs a fuzzy positive value when the current error is fuzzy posi-
tive, and inputs a fuzzy negative value when the current error is fuzzy negative. Humans also try to re-
duce the steady state error. To make fuzzy control inputs, we add a perturbation factor to the Pl-type
control value using Gaussian random noise.

To cover the entire operating range, a sufficient number of time series of controlled results should be
obtained. Such time series contain partial information about the dynamics of a controlled plant. This in-
formation should be combined to makeup a nearly complete set of dynamics of the plant. In this paper,
our method simply adopts the average values of all data in correspondence with the error and change of
error parts of gathered data. Algorithm 1 shows a time table generation algorithm.

Using the n time series, fuzzy rules are generated as shown in Algorithm 2.

This method can be applied to any nonlinear plants if the closed loop system does not unstable at all
set points.

V. Simulation Results and Discussion

Three highly nonlinear plants are employed to show the performance of our method. These nonlinear
plants are given by difference equations as:

y (k)

fylk+ 1) =—
plant 1 : ylk+1) T+

u (k) + ulk) (1)
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ylk)
: =Y +
plant 2 : yk + 1) T+ 5200 exp (ulk) + u k) (2)
: -yl
plant 3 : ylk +1) T+ 5200 sin(u(k)) +u(k) (3)

Set points are randomly selected from —1.0 to 1.0 with uniform distribution. The number of control
length for one time series is set to 100 and the number of set points for gathering statistics is set to
100. We use the Mamdani’'s inference method and the LGMi(Level Grading Method) defuzzification
method [8] to implement a fuzzy logic controller. Seven linguistic values, NB, NM, NS, ZO, PS, PM, PB,
are also employed. Figure 1 2 3 show the simulation results of the three nonlinear plants, respectively.
Each figure (a) shows the nonlinear control dynamics of the fuzzy logic controller, which is generated by
the fuzzy rules shown in each figure (b). Each figure (c) shows the control result of a human control, i.e.,
PI + Perturbation and (d) shows the control result of the fuzzy logic controller using generated rules.
The nonlinear mapping enables a fuzzy logic controller to adequately control the highly nonlinear plant.

Input/output relation of a juzzy logic controller with generated rule
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Fig. 1 [PLANT 1] (a) Input/Output relation of a fuzzy logic controller, (b) Generated rule table, (c) Simulated
human control (d) Controlied output of an FLC using generated rules
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Fig. 2 [PLANT 2] (a) Input/Output relation of a fuzzy logic controller, (b} Generated rule table, (c) Simulated
human control (d) Controlled output of an FLC using generated rules
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Fig. 3 [PLANT 3] (a) Input/Output relation of a fuzzy logic controller, (b) Generated rule table, (c) Simulated
human control (d) Controlled output of an FLC using generated rules

The simulation results show that our method generates more efficient fuzzy rules which map well the
control dynamics of the plant even for highly nonlinear plants. These results are better than those
produced by human experts. This is because computers are more accurate in detecting all dynamics of
the plant. However, man can adapt to the dynamic variation of the plant itself or its environment in an
on-line fashion.

V. Conclusion

This paper proposes a new fuzzy rule generation paradigm which is based on the knowledge gathering
process of humans. First, our algorithm produces a set of time series using a Pl-type like control method
with perturbation, and then generates the fuzzy rules using these time series. Our method is applied to
a highly nonlinear plant to measure the performance. Although our method is simpler and more trac-
table than existing approaches, the simulation results are excellent for some parameters. More elaborate
operations to extract the dynamics and adapt to the environment are left for future research.
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