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Adaptive Fuzzy Neural Control of Unknown Nonlinear Systems
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Abstract - In this paper, an adaptive fuzzy neural control of unknown nonlinear systems based on
the rapid learning algorithm is proposed for optimal parameterization. We combine the advantages of
fuzzy control and neural network techniques to develop an adaptive fuzzy control system for updating
nonlinear parameters of controller. The Fuzzy Neural Network(FNN), which is constructed by an
equivalent four-layer connectionist network, is able to learn to control a process by updating the
membership functions. The free parameters of the AFN controller are adjusted on-line according to the
control law and adaptive law for the purpose of controlling the plant track a given trajectory and it ’s
initial values are off-line preprocessing. In order to improve the convergence of the learning process,
we propose a rapid learning algorithm which combines the error back-propagation algorithm with

Aitken’s 87 algorithm. The heart of this approach is to reduce the computational burden during the
FNN learning process and to improve convergence speed. The simulation results for nonlinear plant
demonstrate the control effectiveness of the proposed system for optimal parameterization.
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L Introduction _ transcribe their knowledge into the requisite rule
_Fuzzy controllers are supposed to work in  form; (2) there exists no formal framework for
situations where is a large uncertainty Or  the choice of the parameters of a fuzzy control
unknown variation in plant parameters and system; [2]
structures. Generally, the basic objective of To overcome the above-mentioned drawbacks,
adaptive control is tq maintain consistent there is a growing interest in bringing the
performance of a system in the presence of these learning abilities of the neural networks to
uncertainties. Therefore , advanced fuzzy control  ayromate and realize the design of fuzzy control

should be adaptive. An adaptive fuzzy system is systems. The neural networks provide the

a fuzzy logic system equipped with a training connectionist structure (fault tolerance and

(adaptation) algorithm [1]. distributed  representation  properties) and
The most important advantage of adaptive learning ability to the fuzzy logical systems.

fuzzy control over conventional adaptive control In this paper , firstly , FNN are implemented
is that adaptive fuzzy controllers are capable of  ging an equivalent four-layered connectionist
incorporating linguistic fuzzy information from network. With the result that FNN are able to
human operators, whereas conventional adaptive find optimal initial parameters. Secondly, the
contrgllers cannot. However, the fuzzy control proposed rapid learning algorithm which
techniques suffer from problems such as (1) the combines the error back-propagation algorithm

system performance relies significantly on so- with Aitken’s &7 algorithm can reduce the
called process experts who may not be able to
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computational burden during the FNN s
learning process and to improve convergence
speed . The applicability and effectiveness of the
proposed scheme were demonstrated through
indirect adaptive fuzzy control system.

I. The Fuzzy Neural Networks and
Learning Algorithm

1.1. The Fuzzy Neural Network structure

Sor

pui

Fig.1 The structure of the Fuzzy Neural Network

Fig.1 depicts the FNN structure, which is a
four-layer feed-forward connectionist network to
realize fuzzy inference system. The FNN, in
essence, integrates the basic elements and
functions of a conventional Fuzzy Logic in a
connectionist structure that has distributed
learning ability to learn the membership
functions and fuzzy logic rules. Let each input
has n membership functions, then the input-
output relations between layers are stated
precisely as follows:

® Layer 1: Input layer

Inputunit: 1P =x, i=12

Output unit: O =1, i=12;j=12,.,n
® Layer 2: Linguistic term layer

Input units:

oY —g.)
i =_(#Ti!)_, i=1,2;j=12,..,n
b’
i
Output units:
O =p,, =exp(y),  i=12;j=12..n
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where a;and b, are, respectively, the center
and the width parameters of the Gaussian
function.

¢ Layer 3: Rule layer

3) 2) (2)

Input units: L = 05027, J =1 20ms
1=12,..,n
Output units:
OP =p, =17, i=1,2,...,m(=n%)

® Layer 4: Output layer

Input unit: 71 = 2101(,3)%
o

4
I()

Output unit: 0“ =—
Sop
p=1

O(J)

Apparently, the FNN presented is
equivalent to a simplified fuzzy inference
system [3], where layers 1 and 2 correspond to
the antecedent part of the fuzzy control rules,
and the layers 3 and 4 correspond to the
conclusion part.

1.2. A learning algorithm for the FNN
A. Gradient-based EBP algorithm.

Once an FNN has been constructed, learning
aims at determining appropriate values for the
parameters of the Gaussian MF, @, and b,-j and
linking weights w , .The adjustment of these
parameters can be divided into two task,
corresponding to IF (antecedent) part and THEN
(consequence) part of the fuzzy logic rules.

Based on minimizing the error function of

E=(1/2)y,-y)*, the FNN parameters can be

updated by
w,,<k+1)=w,,(k)—n,,;7Ep
ai,(k+1>=a,.,<k>—n,,% i=12 (L.1)
b,-,-(k+1)=b,-,(k)—n,,% i=1L2.n

4

where 7 are the learning rate. In the updating
rules, the gradients can be derived respectively

by

(1.2)



O oy 3y 2000 -a,)o) $ o
Ba” R O S Vi) S (1.3)
W S0l =B 00,0, =12
oF dy 200 —a, )0 o
==y~ ¥ e T TR 0‘,’
aa;; o0 bn(Z,, . ;1))_ & 1.4)
(W(IAl)mjz’::lo;;]) _2’;=10§,‘)W,,) , J=hL2,..,n
_a_E_z —~(y, —y)— oy 2(8011 alj) 011 Z (2)
3b, 0P BT o) (1.5)
Wjmmat Do O = 2 107W,), j=12,.0m
O dy 200 —a, Yo u |,
==V =5 #’— o
abz, d 0 (4) (Z,,l ;73)) ; (16)
W) 2 O = 21 0W,) s j=1,2,.m

B. Aitken ’s 6° Learning Algorithm

In order to improve the convergence speed
and release computational burden, we proposed
a Rapid learning algorithm based on Aitken’s
5% method [4]. Then the weight-updating
formula is usually as sequence (1.1). Aitken’s
8% is used to accelerate the learning speed.

The algorithm of the presented learning
scheme is as follows.

<ALGORITHM>
Rapid learning method with Aitken’s §°

Start learning with  w;

For Learning does not finish ,

_ OF
Wpp =W =71 )
Wn+1
* (WVH-I _..W )2 . ' 2
w, =W, — ;&= aitken's O
2w, +w,
w,=w, ; End

The value w, is a better approximation of the
solution thanw, or w,,,.

The rapid leamning method not only
accelerates the rate of convergence, but also
induces convergence in some cases where the
iteration diverges.

I1. Description of Adaptive Fuzzy Systems
2. 1. Construct the Fuzzy Systems
The fuzzy inference engine uses the fuzzy IF-
THEN rules to perform a mapping from an input
linguistic vector x’ =[x, x,,L, x,JeR" to
and an output linguistic variable ye R.
The ith fuzzy IF_THEN rule is written as
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RV If x is Al and L and x, is A!
Then y is B'

where A,A;,L ,A and B’ are fuzzy sets [3].
Let M be the number of the fuzzy IF-THEN
rules. By using product inference, center-
average and singleton fuzzifier, the output of the
fuzzy logic system can be expressed as

DIMEA ) (TIER)
21 I(Hj 1 A‘ (x ))

y point at which p,(y)=1;

Q.1

y(x) = =07E(x)

0" =[y' L y"] adjustable parameter vector;
g =[E' E? L E™]  fuzzy basis vector ;
/JA; (x;) membership function
where &' is defined as
_ QLm0
&'(x)= (2.3)

Zl I(HJ IuA' (x ))

Then the output of the fuzzy system can be

rewritten as (2.4)
-
X; — X
M T exp (0]
~ c
Fxlp,) = T

x —Xf
"ﬁ

= T exp(~( )

2.2. Construct Adaptive Fuzzy Parameters

Stepl. FNN Learning based on Aitken’s &°

This is the same as the neural networks in the
section I.

Step2. Initial Membership parameters,

-l

Xg f (off-line &'(x) s initial parameter) ,

Construction

Step 3. Construct the fuzzy system f(x|6f)
Step 4. On-line Adaptation

III. Simulations
Consider the problem of balancing of an
inverted pendulum on a cart{5] . Let x =6,x, =&
&=x,

& = g(x)sin(x,) — 117711.\'33(2.\’,)/2 ~acos(x))u
- 4113 — aml cos’(x))

+d(t)
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where g=98m/s> the gravity constant, m is

the mass of the pendulum(0.1kg ), M is the mass

of the cart(M = 1kg ) ,2l is the length of the
pendulum(1m), d(r)is the external disturbance

and a=1/(m+M). Here, the reference signal is

assumed as y = (x/30)sin(z) .
r

The design parameters are selected y, =50

p= [155 i] .Y, =1,0 = diag(10,10),k, =[12]" .

The following membership functions for x; are
given as

”,lai =exp{~(x; + 0.5)/0.13)2},u§i =exp{-(x; + 1)/0.13)2}
l»lii =exp{—(xi)/0.13)2}, lif‘i =exp{—(x; —0.5)/0.13)2}

5 =exp{~(x,-D/013)2), i=12
i 1
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Fig.2 Trajectories of the x,, y, without disturbance
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Fig.3 Trajectories of the x,, y, with disturbance d(¢)
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Fig4 A comparison of the tracking output errors

AFC and proposed AFNC based on Rapid algorithm

Fig.2 shows the rapid learning algorithm can
reduce the computational burden and improve
convergence speed.

Fig.3 shows adaptive fuzzy neural controller
have better performance than conventional fuzzy
control.

Fig.4 shows that the proposed fuzzy neural
control system has a optimal performance and
small tracking error.

IV. Conclusion

In this paper , the rapid learning algorithm based
adaptive fuzzy neural controller of unknown
nonlinear systems is developed . We propose Fuzzy
Neural Network structure and learning with
Aitken ’s & 2algorithm. We can see that FNN are
able to find optimal initial parameter selection
during the learning

Through application examples, proposed system
could give a good robust performance to the fuzzy
control systems in the sense of an indirect adaptive
control methodology.
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