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Abstracts - This paper proposes identification and control algorithm of nonlinear systems and the proposed
fuzzy-neural network has following characteristics. The network is roughly divided into premise and consequence. The
consequence function is nonlinear function which consists of three parameters and the membership function in the
premise contains of two parameters. The parameters in premise and consequence are leamed by the extended
back-propagation algorithm which has a modified form of the generalized delta rule. Simulation results on the
identification show that this method is more effective than that of Narendra [3]. The indirect fuzzy-neural control is
made of the fuzzy-neural identification and controller. Result on the indirect fuzzy-neural control shows that the
proposed fuzzy-neural network can be efficiently applied to nonlinear systems.
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1. INTRODUCTION

In recent years, there have been a number of ways of
identification and control with fuzzy-neural network [1],
[2). Fuzzy relationship models are expressed by a set of
fuzzy linguistic propositions which is derived from the
experience of the skilled operators or a group of observed
input-output data. Fuzzy model identification which is
based on the fuzzy set theory proposed by Zadeh has
been developed and widely investigated.

However, for some large complex systems, it is almost
impossible to establish such a fuzzy relationship model
due to the large amount of the fuzzy propositions and the
highly complicated multidimensional fuzzy relationships.

Artificial Neural Network has been developed because
of the strong nonlinear mapping and learning abilities.
Use of neural networks for adjustment of fuzzy
membership functions and modification of fuzzy rules
makes it be practical to design adaptive fuzzy medels and
self-organizing fuzzy controllers.

In this paper, nonlinear systems are identified by using
fuzzy and multilayed neural network. The neural network
contains not only summing and product neurons but also
fuzzy neurons that perform minimmm operation which
selects the minimum value of the membership grades for
all premise variables. In order to adjust the consequence
and premise parameters, the error back propagation
algorithm is extended.

Before control is trained on-line, the identification of
system is required to be trained off-line in the indirect
fuzzy-neural control. The pretrained emulator is crucial to
the performance of the indirect fuzzy-neural control.

The paper is organized as follows: In section 2, the
proposed fuzzy-neural network structure is described.
section 3 introduces control schemes about direct and in-
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direct fuzzy-neural control. Section 4 deals with method
for adjustment of parameters of fuzzy-neural network.
Section 5 shows about Identification and indirect fuzzy-
neural control. Finally, section 6 represents conclusions
and research for the future.

2. FUZZY-NEURAL NETWORK SYSTEM

The proposed fuzzy-neural network architecture is
shown in Fig.l. In Fig. 1, the network is divided into
premise and consequence. The neural networks contain
summing, multiplying neurons and fuzzy neurons, which
perform fuzzy operations such as the minimum or maxi-
mum operation. 2 represents the summing neurons, I7
means the products neurons and /1 describes the fuzzy
neurons which are minimum operators.

Fig. 1 Fuzzy-Neural Network Architecture

In order to update the parameters in premise and
consequence, error back propagation algorithm is applied
to nonlinear system. The final output of fuzzy model is



expressed by (1).
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where, w is the overall truth value for the premises of
the i-th implication and #u(x) is the membership fun-
ction of the fuzzy subset which is supposed to Gaussian
function.

Assume that the consequence sub-network has n
hidden neurons, then the output of conseqguence is made
by (2) and (3) where, R -) is a sigmoid type nonlinear
function.

If input variables are large numbers, values of sigmoid
and membership function become 0 or 1. Also, output of
fuzzy-neural identifier is saturation which means its
output don’t follow desired output after the training is
stopped. Therefore, input variables must be normalized.
The truth value of the premise for each rule is determin-
ed by the minimum value of the membership grades for
all premise variables and it will be updated indirectly by
changing the form of the membership function. The
membership function is used to gaussian type.

3. FUZZY-NEURAL CONTROL

3.1 Direct Fuzzy-Neural Control
Structure of direct fuzzy-neural control is depicted as
Fig. 2.
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Fig. 2 Direct Fuzzy-Neural Control Structure

The square error function Er is defined as
=Ly 2
Er_ 2 (f Y)

The problem of direct fuzzy-neural control is that the
exact calculation of &k (sensitivity of E- w. r. t the
output of the FNC) requires knowledge of the Jacobian of
the plant.
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8k term can be represented as
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where e(k)=r(k)-y(k) and the binary factor ex Iis
introduced to account for the constraint on the input u(k).
The role of ex is to prevent the FNC(Fuzzy-Neural
Controller) from mistraining to the references that cannot
be tracked. The inclusion of e is equivalent to consider-
ing the existence of a limiter hetween the output of the
FNC and the input of the plant. Parameters on direct
FNC is approximately updated by egn. (5) and w is
weights of FNC.

This control scheme mainly suffers from the problem of
estimating the derivation of the model output with respect
to the control input signal, i. e. , the sensitivity of the
unknown plant ( dy/d% ) can not be back propagated to
the feed forward inverse dynamic fuzzy-neural controller.
So, this term can be replaced by sgn(dy/du).

3.2 Indirect Fuzzy-Neural Control
Scheme of the indirect fuzzy-neural control is shown in
Fig.3.
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Fig. 3 Indirect Fuzzy—-Neural Controller

The square error function Er between reference and
model error function is defined as

E,=4(r- V7

FNI (Fuzzy-Neural Identification) is used to compute the
sensitivity of the error function Er w. r. t. the controller's
output. The desired sensitivity output is calculated by
using BP.

The difference between direct FNC and indirect FNC is
that y(output of the plant ) is changed into Y (output of
FND in egn. 5. FNI should be off-line trained with a data
set sufficiently rich to allow plant identification, and then
both FNC and FNI are on-line trained.



4. LEARNING ALGORITHM

Supposed that the actual plant cutput is y and output
of fuzzy neural network is Y, we define the error
function as

=2y 1)? ®6)

To adjust the consequence and premise parameters, the
error back propagation algorithm should be slightly ex-
tended. The consequence and premise parameters are
updated as

oE
wi(n+1) =w;(n)—7p- m
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where 7 is the leaming rate,a is the momentum factor,
and n indicates the number of training iterations.

Using the chain rule, in eqn.(7), gradients of the
required E, w. r. t. consequence(Wen) and premise(Wire)
parameters are determined by
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Then, we obtain the training algorithm for adjusting
the consequence parameters (A4P% , APYi ,4P%) as the fol
lowing form
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where 8 is (y-Y)w"/ ’gw',fl is learning rate, m is the

number of rule, k is the number of input, f ( - ) is f(1-f)
and a1 is momentum coefficient. _

Also, the parameters of the membership function(Ja') ,
4 bY) are modified in the following form

i) ai,(n) = -1)
=8¢ Z(x,— apyl ¥li+a2da(n—-1)
A6 ,(n) = —L+a24 b i(n—1) (10)

3 b,
=8 852 (xi— a' Dl b} +a24 b (n—1)

where £ is leaming rate ,22 is momentum coefficient
and & is (y— Y/ 2w’ '~ D).
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5. SIMULATIONS
Example 1: Plant to be identified is governed by
y(k+1)=0.3y(k)+0.6y(k-1)+fuk)]

where the unknown function has the form flu(k)]=06sin
(7 uk))+0.3sin(3 7 uk))+0.1sin(5 7 u(k)). Input vectors [
y(&k-1),y(k-2),y(k-3),y k-4, uk-1),uk-2)}, and rule size is
40,7 is 005 and e is 08. In Fig. 4, the identification
model follows the plant more and more accurately as
more and more training is performed. When the adapta-
tion process is stopped at k=500, we can see the identi-
fication model approximately follows the plant. In
Narendra and Parthasarathy[3], the same plant is identifi-
ed using a neural network identifier which failed to follow
the plant when the training is stopped at k=500. It is
shown in Fig. 5.

Example 2: Nonlinear plant is described by

1+y2(k 2)+y(k 3)

where u(k)=sin(2 7 k/250) (1<k=500),u(k)=0.8sin(2 7 k/250)
+0.2sin(2 7 k/25 ) (k>500), rule size is 20 ,7 is 0.01, and
a is 0.8. Comparing Fig.6 and Fig. 7,although Narendra’s
neural identifier was trained for 100,000 steps, its
performance is worse than that of fuzzy-neural identifier
which was trained for 16,000 steps.

Example 3: Nonlinear plant is described by

y(1e+1)=——"-(——)—Hy’(?k)2 + u(B)?

e+ 1)=0.25- (sin(2%3.14*(k+1)/25)
+ sin(2#3.14*(k+ 1)/10))

where, r(k) is reference function, control input vectors [
y&),y&k-1),y(k-2)r(k+1), u(k-1)], rule size is 5,7 is 001
and a is 0.8, rule size is 5.

The output of reference and the actual output of plant
was depicted in Fig. 8.

Fig. 4. Fuzzy-Neural identification for Example 1
(solid line: desired output, dashed line: model out-
put)
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Fig 5 Neural network identification of Narendra
when the training is stopped at k=500(solid line:
desired output, dashed line: model output)

6. CONCLUSIONS

In this paper, we proposed the fuzzy-neural network
which can be largely divided into consequence and
premise. In leaming algorithm, back propagation algorithm
contains momentum term in order to reduce significantly
training time. Identifier and controller of the proposed
fuzzy-neural are introduced. Simulation results of Identi-
fier show that the proposed fuzzy-neural network is more
effectively than that of Narendra [3] and simulation result
of the indirect fuzzy-neural control shows that it can be
effectively applied to nonlinear systems. For the research
of future, we must study method for selecting suitable
initialization of weights and normalization of input vari-
able and we must develope the better leaming algorithm.
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Fig .6.Fuzzy-Neural identification for Example 2 when
training stops at k=16,000(solid line: desired output,
dashed line: model output)
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Fig.7. Neural network identification of Narendra

when the training is stopped at k=100,000(solid line:
desired output, dashed line: model output)

Fig.8. Indirect fuzzy-neural control for Example 3
(solid line: desired output, dashed line: model output)



