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In traditional, the stability of a fuzzy
system can be assured by finding a
common positive definite matrix in a
Lyapunov function. That matrix and the
corresponding  controller  can be
simultaneously found by solving a set of
linear matrix inequalities (LMIs). However,
LMI-based fuzzy static output-feedback
gains are not obtained by traditional
approaches for nonlinear systems with
uncertainties or with time delays in the
literatures. In this paper, a new approach
will be proposed to stabilize nonlinear
interval time-delay systems via static
output feedback. This approach does not
need to find a common positive definite
matrix to guarantee the system stability.
The verification process is via computing
the matrix measure for each separate

subsystem. In this paper, we shall derive
the stability conditions based on the matrix
measures of the system matrices of the
subsystems of a fuzzy model. We derive a
new sufficient condition to ensure the
stability of the following T-S fuzzy model

X(t) = & h(y(O)AX(H)+Dx(t- 1))

i=1

y() = & h(y(O)CxX(D)

i=1

The dtatic output feedback gains F,
j=12,...,r,satisty the following conditions
m(A;+BFC,)<g. /,j,k=12,...,r-

if and only if
(Bi)"(A/'+A/‘T' 2g,|)(B,T)A <0| i=l2,...,r|

and (C).(A+AT-291)C). <0, i=12,...,r-
In this research, we have proposed a
new robust fuzzy static output feedback
controller  design  methodology  for
nonlinear interval time-delay systems with
norm-bounded uncertainties and time
delays. Finding an admissible solution to
the matrix measure assignment problem
can solve the problem of stabilizing
controller design via static output-feedback
for nonlinear interval time-delay systems
represented by a T-S fuzzy model. The
designed controller can indeed tolerate
norm-bounded parametric uncertainties
and against the effect of time delays. In the
paper, we have shown that the matrix
measure assignment problem is equivalent
to an LMI feasibility problem. A sufficient
condition for the existence of the fuzzy
static output-feedback gain is obtained.
Our approach does not need to find a
common positive definite matrix for all
rules and the verification of stability is very
easy. Simulation results have verified and
confirmed the effectiveness of the new
approach in controlling a nonlinear interval
time-delay system.
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Abstract

The project proposes an intelligent teaching
system to guide user’s operation skill. The systemis
built by learning an efficient and proper exercising
skill provided by experts or experienced operator.
Learning is performed mainly by a neural fuzzy
network. We have developed structure of a new
type of recurrent neural fuzzy network and its
learning algorithm. The network is characterized
with on-line structure and parameter learning and
owns high learning ability. After testing and
comparisons with other recurrent network, we have
verified the advantages of the proposed network.

Keywords. Neural network, Fuzzy network,
Supervised learning, On-line learning

= ~ Motivation And Objective

The project aims at setting up an intelligent
teaching system to guide and evaluate user's
operation skill. The role of the system can be
regarded as an instructor. The development of the
system relies on proper operation and exercising
skill provided by experts. To learn expert's
knowledge and skill, a learning network and
mechanism should be developed. Since the



operation of a person usually depends on previous
states, a recurrent network is more suitable than a
feedforward network for the learning task. For
nonlinear system learning, the most commonly used
model is the neural or neural fuzzy network. The
performance of a neural fuzzy network has shown
to be superior than a neural network. For this reason,
in this project, a recurrent fuzzy network is
proposed.

Some recurrent neural fuzzy networks have
been proposed in the literature. In [1], a dynamic
fuzzy logic system is proposed with multiple
external output. In [2], a recurrent neuro-fuzzy
model is proposed. In[3], adynamic fuzzy neural
network (DFNN) is proposed. In DFNN, the
premise and defuzzification parts are static while
the consequent parts of the fuzzy rules are recurrent
neural networks with internal feedback and time
delay synapses. For these recurrent neural fuzzy
networks, one common characteristic is that the
recurrence is achieved by including externa
feedback. To apply these networks to dynamic
system processing problems, we still need to know
the order of both the system. To conquer this
problem, a TSK-type Recurrent Fuzzy Network
(TRFN) [4] is proposed. In contrast to the
aforementioned networks, in TRFN, the recurrent
property is achieved by including internal feedback.
The internal variables, derived from fuzzy firing
strengths, are fed back to both network input and
output layers in TRFN, and no a priori knowledge
of the plant order isrequired. In TRFN, there are no
rules initially, they are constructed by on-line
structure and parameter learning. TRFN has the
following advantages over a neural network: faster
learning speed, higher learning accuracy, and each
node and weight has its corresponding meaning.

"

~» Structureand Learning of TRFN

A. Structure of TRFN

In this section, structure of the TRFN (as
shown in Fig. 27) is introduced. A network with
two external inputs and a single output is
considered here for convenience. This six-layered
network realizes a recurrent fuzzy network of the
following form:

Rule 1: IF Xl(t) iSAll and Xz(t) iSAlz and hl(t) isG
THEN y(t+1) is ayotayxa(t)+awXe(t) +ags/u(t)
and m(t+1) is w, and h (t+1)is W5,
Rule 2 : IF x(t) is Ay and x(t) is Ay and h(t) isG

THEN Yt+1) i app+apsxi(t)+apXo(t)+aos/u(t)

and m(t+1) is W,and p,(t+1) is Wh,
where A and G are fuzzy sets, Wand a are the
consequent parameters for inference output A and

y, respectively. The consequent part for the
external output y is of TSK-type and is a linear
combination of the external input variables Xand

internal variables h, plus a constant.

To give a clear understanding of the
mathematical function of each node, we will
describe functions of TRNFN layer by layer. For
notation convenience, the net input to the /th node

inlayer Kis denoted by Llfk) and the output value
by O

Layer 1. No function is performed in this layer.
The node only transmitsinput values to layer 2.

Layer 2: Two types of membership functions are
used in this layer. For externa input X;, the
following Gaussian membership function is used,

3 2 _ m 2§
O =expl - (”5'52”%)9 and U2 =0 (1)
i) i

where mM;and S are, respectively, the center
and the width of the Gaussian membership function
of the /th term of the jth input varisble X;.

For interna variable /7, the following sigmoid
membership function is used,

-1 = o
1 1+exp{_ L,I(Z)} ! 1
Linksin layer 2 are al set to unity.

Layer 3. The output of each node in this layer is
determined by fuzzy AND operation. Here, the
product operation is utilized to determine the
firing strength of each rule. The function of each
ruleis

! 1 *

3 = O S
O/( (F)lq 1+exp(- OI_(S)}

i g (0-m)’ i
opl- (@ )y @
T = Si p
where 1 is the number of external inputs. The
link weights are all set to unity.

Layer 4. Nodes in this layer perform a linear
summa;ion. The mathematical function of each
node / is

n+1 n
4) _ 2 4) _ Q
Oi< - a aijui' - aia + a ainj + ain+lhi (4)
j:O j=1

where nis the number of external input variables,
and a;, Jj=0,---,n+1, are the parameters to be
tuned. Links from this layer to layer 6 are all
equal to unity.

Layer 5: The context node functions as a
defuzzifier for the fuzzy rules with inference output



h. Thelink weights represent the singleton values
in the consequent part of the interna rules. The
simple weighted sum is calculated in each node,

h=0%= él qs)% ®)
I:

Asin Fig. 27, the delayed value of h,isfed back

to layer 1 and acts as an input variable to the
precondition part of a rule. Each rule has a
corresponding internal variable A and is used to
decide the influence degree of temporal history to
the current rule.

Layer 6 The node in this layer computes the
output signal y of the TRNFN. The output node
together with links connected to it act as a
defuzzifier. The mathematical function is

o_ 8,079
y d = o r 3)
=

(6)

B. Learning of TRFN

The task of constructing the TRFN is divided
into two subtasks: structure learning and parameter
learning. The objective of the structure learning is
to decide the number of fuzzy rules, initial location
of membership functions, and initial consequent
parameters. On the contrary, the objective of
parameter learning is to tune the free parameters of
the constructed network to an optimal extent.

Since there are no rules initially in TRFN, the
first task in structure learning is to decide when to
generate anew rule. Clustering on the external input
X, which represents the spatial information, is used
as the criterion. Based on this concept, the spatial
firing strength

. Py
F(n=09d"
-expi oA (x, - m,)Zsﬁl 0y
e/

is used as the criterion to decide if a new fuzzy rule
should be generated. For each incoming data X({) ,
find
| =arg max F' 8
gmax F(x) ®
where r(t) isthe number of existing rules at time
t.If F' <F (1), then a new rule is generated,
where F, ()T (0) is a pre-specified threshold
that decays during the learning process. Once a
new rule is generated, the next step is to assign

initial centers and widths of the corresponding
membership functions. Here, they are decided by

x(t)
g (x,- m)° )
= b xa
j=1 S Ij
for i=1.--n , according to

rr{r(t)+1)i

S (r(y+1)i

the

21

first-nearest-neighbor heurigtic, where
b 3 0 decides the overlap degree between two
clusters. The number of fuzzy sets in each external
input dimension is equal to the number of fuzzy
rules. Once a new rule is newly generated during
the presentation of (x(7), J(t)) data, generation
of the corresponding consequent node in layer 4 and
context node in layer 5 follows. The initial constant

value &, connected to layer 4 is set to y(t), and the

other d;; parameters are assigned as small random
signals in [-0.05, 0.05] initialy. For the newly
generated context node, its fan-in comes from all
the existing rule nodes in layer 3. The initial link
weights Ware set as random values in [-1,1] to
make the initia values of internal variables
hlocate in the sensitive region of membership
function G. This way, a quick parameter learning
can be reached at the beginning. The output, A,
of the new context node is fed back as input in the
precondition part of the newly generated rule.
With this setting, each rule has its own memory
elements for memorizing the temporal firing
strength history. Via repeating the above process
for every incoming training data, a new recurrent
rule is generated, one after another, and a whole
TRFN is constructed finally.

As to the parameter learning, the rea time
recurrent learning is used. Detailed learning
algorithm may refer to [4].

7 ~ Results And Discussion

Suppose the control action sequence u provided
by the expert is described by the following
equation:

u(k+1) =0.72u(k) + 0.025 u(k- ) x(k- 1)

+0.01x2 (k- 2) +0.2x(k - 3)

where x denotes the state of the operated plant. To
learn the mapping by TRFN, only the current state x
and action u are fed as the network input. After
9000 time steps of training, there rules are
generated and there are 33 network parameters in
total. A test sequence is generated and the test result
isshownin Fig. 28, and the root mean square (RMS)
error is 0.0313. To show the effectiveness and
efficiency of the recurrent part in TRFN, the
performance of Elman’s recurrent neural network
(ERNN) [5] is compared. There are five hidden
nodes in ERNN and the number of network
parameters is 54. The test RMS error for the test
sequence is 0.078. That is, the performance of
TRFN is better than that of ERNN.

T ~ Conclusion

An intelligent teaching system based on the
proposed  TSK-type recurrent fuzzy network



(TRFN) is proposed. The network enables us to
learn the operation data provided by an expert or
experienced operator. Besides, the proposed TRFN
has also been accepted and published in
international journalg4].

+ ~ References

[1] G. C. Mouzouri and J. M. Mend el, Dynamic
nonsingleton fuzzy logic systems for nonlinear
modeling, /EEE Trans. Fuzzy Syst., vol. 5, no.
2, 199-208, 1997.

[2] J Zhang and A. J. Morris, Recurrent
neuro-fuzzy networks for nonlinear process
modeling, /EEE Trans. Neural Networks, vol.
10, no. 2, pp. 313-326, 1999.

[3] P. A. Mastorocostas and J. B. Theocharis, A
recurrent fuzzy-neural model for dynamic
system identification, /EEE Trans. Syst., Man
and Cyber., Part B: Cybernetics, vol. 32, no. 2,
pp. 176-190, 2002.

[4 C. F. Juang, “A TSK-type recurrent fuzzy
network for dynamic systems processing by
neural network and genetic algorithm,” /EEE
Trans. Fuzy Systems, vol. 10, no. 2, pp.
155-170, April, 2002.

[5] J. L. Elman, “Finding structure in time”
Cognitive Science, Vol. 14, pp. 179-211, 1990.

N

Laya 6

hi)
he e Ve 2 XM
Laye' 5 Laerd
% Y1 ‘2
n )y Layer 3
R R,
Layer 2
Layer 1
h®)  heg)
X] Xy

Figure 27: Structure of the proposed TRFN.
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Figure 28: Outputs of the desired action sequence
(solid curve) and model TRFN.
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