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This paper is concerned with the exponential state estimation problem for a class of discrete-time fuzzy cellular neural networks
with mixed time delays. The main purpose is to estimate the neuron states through available output measurements such that the
dynamics of the estimation error is globally exponentially stable. By constructing a novel Lyapunov-Krasovskii functional which
contains a triple summation term, some sufficient conditions are derived to guarantee the existence of the state estimator. The linear
matrix inequality approach is employed for the first time to deal with the fuzzy cellular neural networks in the discrete-time case.
Compared with the present conditions in the form of M-matrix, the results obtained in this paper are less conservative and can
be checked readily by the MATLAB toolbox. Finally, some numerical examples are given to demonstrate the effectiveness of the

proposed results.

1. Introduction

Cellular neural networks (CNNs), initially proposed by Chua
and Yang in 1988 [1], have been extensively investigated owing
to their important applications in many areas such as image
processing, pattern recognition, and combinatorial optimiza-
tion. However, when mathematically modeling real neural
networks, uncertainty or vagueness is often encountered. In
order to take this vagueness into consideration, the fuzzy
cellular neural networks (FCNNs) were proposed by Yang et
al. in [2, 3], which integrate fuzzy logic into the structure of
traditional CNNs and maintain local connectedness among
cells. Recently, the dynamics analysis problem of FCNNs has
received an increasing research attention and some relevant
results have been reported in the literature [4-9].

It should be noted that all of the aforementioned results
are in the continuous-time settings. In reality, however,
discrete-time neural networks (DNNs) become more impor-
tant than their continuous-time counterparts when imple-
menting the neural networks in a digital way. Therefore,
it is necessary to study the dynamics of DNNs and many

results have been obtained during the past years [10-17]. By
using the average dwell time approach and the discontinuous
piecewise Lyapunov function technique, Zhang and Yu [16]
studied passivity analysis problem for a class of discrete-
time switched neural networks with various activation func-
tions and mixed time delays. More recently, Wu et al. [17]
discussed the problem of dissipativity analysis for discrete-
time stochastic neural networks with time-varying discrete
and finite-distributed delays with the aid of Jensen inequality
and lower bounds lemma. Unfortunately, little attention has
been paid to the discrete-time fuzzy cellular neural networks.
In this context, only two works can be found [18, 19]. The
following discrete-time fuzzy cellular neural networks with
variable delays and impulses were studied in [18]:
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where k = 1,2,...,i = 1,2,...,n, n corresponds to the

number of units in the neural networks; u; () is the state of
the ith neuron at time m1; fj(~) denotes the neuron activation
function; 7;;(m) corresponds to the transmission delay and
satisfies 0 < 7,,(m) < 7; Tj;, Hyj, o, and f;; are elements
of fuzzy feed-forward MIN template, fuzzy feed-forward
MAX template, fuzzy feedback MIN template, and fuzzy
feedback MAX template, respectively; a;; and b;; are elements
of feedback template and feed-forward template, respectively;
/\ and \/ denote the fuzzy AND and fuzzy OR operation,
respectively; ¥; and I; denote input and bias of the ith neuron,
respectively; ¢; € (0,1). The time sequence {m} satisfies

0<m <my <+, <my <--,and lim_, ,, = +00;
Py (m™), ..., u,(m")) represents impulsive perturbation of
the ith unit at time ny; g, (u,(m — 1;;(m))"),..., u,((m -

7,,(m))”)) denotes impulsive perturbation of the ith unit
at time m;, which is caused by the transmission delays; J;;
represents external impulsive input at time .

In [18], by using M-matrix theory and analytic methods,
several sufficient conditions guaranteeing the global expo-
nential stability of the equilibrium point and the existence
of periodic solutions were obtained. Recently, Li and Wang
[19] further discussed the existence and global exponential
stability of equilibrium for discrete-time fuzzy BAM neural
networks with variable delays and impulses. However, there
still exist two points waiting for the improvements. First, in
[18,19], the authors only discussed discrete-time fuzzy neural
networks with discrete delays. We all know the effects of
distributed delays should not be neglected because a neural
network usually has a spatial nature due to the presence of
an amount of parallel pathways of a variety of node sizes and
lengths. Second, the results in [18, 19] are described in the
form of M-matrix. However, the results in the form of M-
matrix do not contain any unknown parameters. Moreover,
the excitatory and inhibitory effects of neuron on neural
networks are also neglected. Thus, the conservativeness of
the results is much greater. We note that the results in the
form of linear matrix inequalities (LMIs) are less conservative
because they not only include suitable number of unknown
parameters, but also consider the excitatory and inhibitory
effects of neuron on neural networks. Furthermore, the LMIs
can be easily solved by using the MATLAB LMI toolbox.

In many applications, one needs to know the neuron
states to achieve certain objectives. On the other hand, the
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neuron states are not often fully available in the network
outputs. Thus, the state estimation problem for neural net-
works has drawn particular research interests [20-24]. The
results reported in [20-24] can only ensure that the dynamics
of the error system is asymptotically stable. In some cases,
the engineers need to know how fast the trajectory of the
error system converges to the equilibrium point. Therefore,
the problem of exponential state estimation is very important.
Reference [25] investigated the problem of exponential state
estimation for Markovian jumping neural networks with
time-varying discrete and distributed delays. By construct-
ing a novel Lyapunov-Krasovskii functional and developing
a new convex combination technique, a new exponential
stability condition was proposed. Reference [26] studied
the estimator design problem for discrete-time switched
neural networks with time-varying delay and addressed the
asynchronous phenomenon between the neuron state-mode
switching and the estimator switching. Delay-dependent
sufficient conditions were provided to ensure the exponential
stability of estimation error dynamics as well as a prescribed
I, gain level from the noise signal to the estimation error.
Recently, the authors in [27] discussed the state estimation
problem for continuous-time fuzzy cellular neural networks.
However, to the best of our knowledge, the state estimation
problem for discrete-time fuzzy cellular neural networks has
not been investigated in the existing literatures, which elicits
our research work.

In this paper, the state estimation problem for a class
of discrete-time fuzzy cellular neural networks is considered
for the first time. The neural networks under study involve
fuzzy parameters, discrete delays, and unbounded distributed
delays, which are more general than those discussed in the
previous literatures. By constructing a Lyapunov-Krasovskii
functional including the triple-integral term, some delay-
dependent sufficient conditions are derived, such that, for
all admissible delay bounds, the dynamics of the estimation
error is globally exponentially stable. It is noted that the
effects of neuron excitatory and inhibitory responses on
neural networks are taken into account in the proposed
approach, which will lead to less conservative results. These
conditions obtained are in the form of LMIs whose solution
can be easily calculated by using MATLAB LMI toolbox.

2. Problem Formulation

Considering the following discrete-time fuzzy cellular neural
networks with mixed time delays:
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where i = 1,2,...,n, nis the number of neurons in the net-
works; x;(k) is the state of the ith neuron at time &; ot;j, B, ;>
and y;; are elements of fuzzy feedback MIN template, fuzzy
feedback MAX template, fuzzy feed-forward MIN template,
and fuzzy feed-forward MAX template, respectively; a;; and
b, are elements of feedback template and v;; are elements of
feed-forward template; /\ and \/ denote the fuzzy AND and
fuzzy OR operation, respectively; u; and I; denote input and
bias of the ith neuron, respectively. f;(-) denotes the neuron
activation function; 7(k) denotes the time-varying delay and
satisfies 7,, < (k) < Ty, in which 7, and 7,; are known
positive integers; d; satisfies 0 < d; < 1 and represents the
rate with which the ith neuron will reset its potential to the
resting state when disconnected from the network and exter-
nal inputs.

Throughout the paper, the following assumptions are
needed.

(H1) The constant y,, > 0 (m = 1,2,...) satisfies the
following convergent conditions:

+00 +00
Zym:ﬁ<+oo, Zmym:ﬁ<+oo,

m=1 m=1

fm‘ume =w () < +00, )

m=1

0>1.

(H2) Fori € {1,2,...,n}, the neuron activation function

g;(+) satisfies
I SWSZL V(1,8 € R($ #8,), (5)

where [, I] are some constants.

Remark 1. This assumption was first introduced in [28].
The constants I, I are allowed to be positive, negative,
or zero. Hence, the resulting activation functions could be
nonmonotonic and more general than the usual sigmoid
functions and Lipschitz-type conditions. Such a description is
very precise in quantifying the lower and upper bounds of the
activation functions and therefore very helpful for employing

LMI-based method to reduce the possible conservatism.

As mentioned before, for relatively large scale neural net-
works, it is very difficult to acquire the complete information
of the neuron states. The purpose of this study is to develop an
efficient approach to estimate the states of neural networks via

the available network outputs. Here, we assume the network
outputs to be of the form

y (k) = Cx (k) + ¢ (k, x (k) , (6)

where y(k) € R”, C is a known constant matrix with appro-
priate dimension, and ¢ : R x R” — R™ is the nonlinear
disturbance satisfying the following Lipschitz condition:

lp o)~ (k. y)| < |[H(x-y)], VkeN, x,y eR",
(7)

where H € R™" is also a known constant matrix.
We construct the state estimator as follows:

% (k+1) = —dx (k) + ) a,g,(%; ()
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where ¥, is the estimation of the ith neuron state and k;; is the
element of an estimator gain matrix to be designed.

Define the error e;(k) = x;(k) — X;(k). Then the error
system can be directly obtained from (3) and (8):

ei(k+1)= —de; (k) = Y kg Y je; (k)

=1 j=1
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where f,(k) = g;(x;(K) - (%, (K)) and hy (k) = 1k, x; (k) -
ok, fcj(k)). The initial condition associated with (9) is given
ase(s) = y(s) (s =0,-1,-2,...). It is obvious that e(k,0) = 0
is a trivial solution of the system (9).

Now we introduce the following definition and lemmas
which will be used in the sequel.

Lemma 2 (see [2]). Let x and y be two states of system (3),
then one has

/\I“ijhj(xj(s)) /\ &ij J(yJ(S))
i i1

< 3ol 15 9) =1 (3 )

(10)

hi (x;9) = \/ Bih; (; (5))l
j=1

(v, (7)) -

Lemma 3 (see [7]). For any constant € > 0, n-dimensional
real vectors x, y, and positive definite matrix N € R™", the
following matrix inequality holds:

sgww<ﬂ

2xTy <ex Nx + eflyTNfly. 11)
Lemma 4 (see [29, 30]). Let M € R™" be a positive
semidefinite matrix, let x; € N" be a vector, and let a; > 0
(i = 1,2,...) be scalar. If the series concerned are convergent,
then the following inequality holds:

+00 T +00 +00 +00 -
(1) ( Zaixi) M ( Za,-xi) < (Zai) Zaixi Mx;,
m=1 m=1 m=1 m=1
i=—n—-1-1 i=—n-1-1
O 3 Y| M| 3 D, @2
i=—m j=i i=—m j=i
i=—n-1-1
i=—m j=i
[(r, O 0 0 7
£+ -Q 0 0 0
* * —-Q, 0 0
* * *  rgy 0
* * * *  I5s
Y= % * * * *
* * * * *
* * * * *
* * * * *
* * * * *
L * * * * ok
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Definition 5. The error system (9) is said to be globally
exponentially stable, if there exist constants « > 0 and 0 <
¢ < 1 such that

Vk > 0,

le (k)] < a*_max_fle(s)], (13)

where |le(k)|| is the Euclidean norm of e(k).

3. Main Results

In this section, by constructing a new Lyapunov-Krasovskii
functional, we will develop an LMI approach to derive some
sufficient conditions under which the error system (9) is
globally exponentially stable, and the resulting gain matrix
K will also be given. For presentation convenience, in the
following, we denote

L, = diag (115,51, [T,

L+ L+ Lo+l
L2=d1ag( L 5 L 22 2 >

T =Ty — Ty

) ; (14)

Ty = Tpp + Tppe

Theorem 6. Suppose that assumptions (H1)-(H2) and con-
dition (7) hold; the error system (9) is globally exponentially
stable if there exist positive diagonal matrices P, D,, and D,,
positive symmetric matrices Q,, Q,, T, S, and R, real matrix
N, and scalars € > 0, 9 > 0 such that the following LMI
holds:

vy o
o= <0, (15)
* —en 'I ]
where
T "7 Tig Ti 0 -NJ
0O 0 O 0 0 0
0O 0 O 0 0 0
0o o0 o0 L,D, O 0
0 0 PA PB 0 -N
Tes Ty O 0 0 0|, (16)
* 1,5, 0 0 0 0
¥ % rgg O 0 0
* * * =D, 0 0
* * * * 710,10 0
* % % * * =9I ]
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2
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T, +1
ra=-D'P—CINT—P,  ro=r,=-—R
1,5 > 1,6 1,7 T2+1 >
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— 1
rgg = US — Dy, 010 = nY'PY + el - ﬁS,
Y = lal, + Al

n n n
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i=1 i=1 i=1

1

|/5|r = diag{;'Bﬂ"g|’ﬂi2|""’21:|ﬂin|}'

17)
Moreover, the estimate gain matrix can be designed as K =
P7'N.

Proof. Defining #(k) = e(k + 1) — e(k), we introduce the
following Lyapunov-Krasovskii functional:

5
V(k)=YV(k)), (18)
i=1

where
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According to Lemma 2, the following inequalities hold:
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Calculating the difference of V(k) along the solution of
system (9), we have

5
AV (k) = Y AV (k), (21)

5
where
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< 1" (k) Py (k) + 2" (k) AV, (k) = V, (k +1) =V, (k)
P[-(D+KC+1I)e(k)+ Af (k) =e' (k) (Q +Q)e(k) —e' (k—1,)Qe(k-1,)
+ Bf (k - 7 (k) - Kh (k)] —e (k-1y) Qe (k—1y),
(23)
¢ 20 (P (la] + { AV, (K) = Vs (k+ 1)~ Vs (K
-1+l k ~7,,+1
= Te (
< n' (k) Py (k) + 2¢" (k) i:_;m;ﬂ e(j)"Te ( . TZMHJ kzme(J) Te(j
P|-(D+KC+1)e(k)+ Af (k) T+l
[ ‘ / = Y [ (K)Te(k)-e" (k-1+i)Te(k-1+i)]
+ Bf (k - 7 (k)) - Kh (k)] =1
k-1,
+20e (OI"P (lad + { =) ®Ted- ) S OTe0
T
+ 27 () P [~ () + 1 (K)] < @m+De@Te®
—e (k-1 (k) Te (k-7 (k)),
< — " () P (k) + 2" (K) e (k-7 (k) Te(k-7(k)) o1
P[-(D+KC+1)e(k)+Af (k) AV, (k) = V, (k+1) -V, (k)
+Bf (k- 7 (k)) - Kh (k)] = Y [FT R SFR) — £ (k- i) Sf (k- )]
i=1
+ 2|3(k)|TP(|‘X| + t (by Lemma 4)
. (25)
+2n" (k) P [~ (D +KC +I)e (k) + Af (k) SﬁfT(k)Sf(k)—%<§yif(k—i)>
i=1
+ Bf (k - 7 (k)) = Kh (k)] oo
- xS(ZyJ(k—i)),

+ 21" (k) P (ol +

‘ AV, (k) = Vg (k + 1) - Vs (k)

< = (k) Py(k) +2[e" (k) +7" (k)] - % (r, + 1) 4" (k) Ry (k)
P[-(D+KC+1)e(k) + Af (k) ~1,-1 k-1
- Z Z 7" (j)Rn(j) (by Lemma 4)
+ Bf (k — 7 (k)) — Kh (k)] + e(k)" Pe (k) i==Ty jokti
<D+ ) () Ry (k) - — 2
+nz;4mf (k= m) (o, + |B].)"P (lad, + |B],) y (2 L () R 7, (1, +1)
-7,—1 k-1 T 7,1 k-1
+00 ; R ]
x Z b f (k= m) + 6_1”’1T (k) : i:Zer:Zmin 0 i:ZT:Mj:Zk;Hﬂ )
m=1
T T
P(|(X|r n |ﬁlr) (I(Xlr T lﬁlr)TPTﬂ (k) < E (T2 + 1)’1 (k) R}/I (k) - T (Tz T 1)
+00 +00 T
k-7,,—1 k-1(k)-1
+e ( Zlume (k- m)) ( Zlﬂmf (k- m)>> x lfle(k) - Y - Y e(i)]
m= m= i=k-1(k) i=k—Ty,

(22)
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k-T1,,—1 k—1(k)-1
xR|mek) - > e@- Y el
i=k—1(k) i=k—Ty;

= 2 (n+ ) (R Ry (k)

_ 2T ) Re ()
+1

2

4 k-7,,—1
. e (R ) e(i)
7+ 1 i=k—z(k)

k—1(k)-1
+e' (R Y e(i)

i=k—Typ

4 k-T1,,—1
- T (Tz + 1) (i_sz(k)e (l)>
k-1(k)-1
x R< Y e (i))
i=k—Ty;
) k-1,,—1 T k-1,,~1
- = j R j
7 (1, +1) (z‘_k;(k)e (l)> (i—k—zr(k)e (l)>
k-t(k)-1 T
+ < Y e (i)> )
i=k—Ty;

k-t(k)-1
X R< z e (i))] .
i=k—Ty,

Moreover, from (5) and (7) we know that, for any n-
dimensional diagonal matrices L, > 0, L, > 0 and any scalar
9 > 0, the following inequalities hold:

T

(26)

e(k)1" [L,D; -L,D,][e(k)

ol [ B R @
e(k—1(k) 1" [LyD, -L,D,][e (k-7 (k)
[f(k—f(k))] [ « D, Hf(k—r(k))]go’

(28)
O (k) h (k) < 9¢” (k) HT He (k). (29)

Substituting (22)-(29) into (21) leads to

AV (k) < 8" () [W + E"e k] 8 (k) , (30)

where

T (k)= |e" (k),e" (k-1,),e" (k—1y),e" (k-1 (K),

k-7,,—1 k-t(k)-1
n k), Y e, " (i), £ (k),
i=k—1(k) i=k—Ty;

frle=7(0), Y pf" o=, K |,
i=1
£=0,0,0,0,(PY)",0,0,0,0,0,0,0].
(31)

By Schur complement, (15) implies that there exists a constant
£ < 0 such that

AV (k) < 8" (k) Q8 (k) < elle(k)|”, (32)
where
Q=V+&eln (33)
By the definition of V'(k), it is easy to obtain

k-1 k-1
VK < plle®I*+p, Y le@I*+p5 Y llel+ DI

i=k—Ty; i=k—Ty
+oo k-1 5
)t ) eI
=1 j=k—i
(34)
where
P1 = Amax (P) >
P2 = Amax (Ql) + )Lmax (QZ) + (Tl + 1) )Lmax (T)
+ T (TZ + 1) Amax (R) >
(35)
ps =1 (T, + 1) Ay (R),
P4 = Amax (LTSL) >
L= diag{l},0;,....I}}.
For any scalar 0 > 1, it follows from (32) and (34) that
OV (k + 1) - 6V (k)
= 0"AV (k) -6 (0-1)V (k)
< [6°(0-1)p, - 6] le (W) + 6 (6 - 1)
k-1 k-1 (36)
x[p D le@IP+py Y llel+ D)
i=k—Ty; i=k—Ty;
+oo k-1 5
i ) eI |-
=1 jek—i



For any integer N > 1), + 1, summing up both sides of (36)
from 0 to N — 1 with respect to k, we can obtain

N-1
OV (N) <V (0) +[(0-1) p, 6] Y 6 lle (k)II®

k=0
N-1 k-1 i 5
+@-D[p) Y Ole@l
k=0i=k-7),
(37)
N-1 k-1 . )
+psy. Y 6leli+ D)
k=0i=k-7),
+00 N-1 k-1 . )
+P4Z.”iz Z 6 ||e(j)|| .
i=1 k=0 j=k—i
By the methods employed in [31], we have
N-1 k-1 i 5 5
Y Y M@ < 1y0™ sup fle(s)]
k=0i=k-1y ~TmEs<0
(38)
N-1
+70,0% Y O le (i),
i=0
N-1 k-1
Y N Fle+ DIP < 1 0™ sup Je(s)I
k=0i=k—7y ~Ty<s<0
(39)
N .
+ 10 Olle ()],
i=1
N-1 k-1 )
Y N Mle@)’ < i6 sup e (s)I
k=0 j=k—i —00<s<0
(40)
iN_l . N
+if' Y o'l ()]
j=0
In (34), let k = 0 and from (HI) we can obtain
k-1
V() < plle @ +p, Y eI
i=k—Ty;
k-1 ) +00 k-1 5
o Y NG+ DI +p Y Y e
i=k—1,, i=1  j=k—i (41)

< [p+ 7 (py+p3)] sup e )

—T<s<0

+ Pl sup e ()l

—Tp<s<0
Substituting (38)-(41) into (37), we have

N
NV (N) < ¢, (0) sup le I’ +¢,©0) Y 6 lle (I,
k=0

—Tp<s<0

(42)
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where
$1(0) = py +Tar (py + p3) + pufi + 0™ (6 1)
X (py+p3) +py (B -1 w(0),
¢, (0) = (O-1)p, — e +1,,6™ (8- 1)

(43)

X(p+ps)+p (O-1)w(®).

Because ¢,(1) < 0, it can be verified that there exists a scalar
0, > 1 such that ¢,(6,) < 0. Therefore, we can get that

N
V(N) < ¢, (60)(9%)) sup [le ()], (44)

—Tp<s<0
Meanwhile, it follows from (18) that V(N) > )Lmin(P)IIe(N)HZ.
Then, it can be obtained that
/2 N/2
$1 (6) ) ( 1 )
e(N)| < (— — sup Jle(s)|. (45)
le®l=\3.®) \g) 2l

According to Definition 5, we conclude that the system (9) is
globally exponentially stable. This completes the proof.  [J

Remark 7. In [30], the triple-integral term was first intro-
duced in the Lyapunov functional since it could reduce the
conservativeness of the stability criterion greatly. The triple-
integral term has been used to deal with the continuous-time
neural networks, yet few present works have extended it to
tackle the discrete-time neural networks. In this paper, a triple
summation term is introduced in V;(k) which is helpful for
the reduction of conservativeness.

Remark 8. In [18, 19], the authors concerned the discrete-
time fuzzy neural networks only with discrete-time delays.
Meanwhile, the information on the considered time delays
was not involved in the results. The condition given in
Theorem 6 contains the time delay information. Thus the
effect of the delays on the dynamical behavior of neural
networks is considered in our result.

Remark 9. This work is the first attempt, to the best of our
knowledge, to deal with the state estimation problem for
discrete-time fuzzy cellular neural networks by using linear
matrix inequality approach, not to mention the fact that the
unbounded distributed delays are also involved. Compared
with the results in the form of M-matrix in [18, 19], the
result in the form of linear matrix inequalities (LMIs) is less
conservative and can be easily solved by using the MATLAB
LMI toolbox.

If we neglect the effect of the distributed delay term, the
error system (9) reduces to

e(k+1)= —(D+KC) (k) + Af (k)
+ Bf (k-7 (k) - Kh (k).

(46)

For the system (46), we obtain the following result based on
Theorem 6.
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Corollary 10. Suppose that assumption (H2) and condition
(7) hold; the error system (46) is globally exponentially stable if
there exist positive diagonal matrices P, D,, and D,, positive
symmetric matrices Q, Q,, T, and R, real matrix N, and
scalars 9 > 0 such that the following LMI holds:

_[w &p
D, = [* "o, <0, (47)
where
(1, 0 0 0 rsre ry; 1rg —NJ
£ -Q. 0 0 0 0 0 0 0
x %« -Q 0 0 0 0 0 0
¥ % * 1,4 0 0 0 L,D, 0
WY, =] = * * * Ts5s Tse O 0 01,
* * * ¥ % rge 0 0 0
* * * « % % —D 0 0
* % * % % % x -D, 0
| * * % % % * * —9I |
(48)
with
ri= -2PD-NC-C'N"-2P+Q, +Q,
T
+(r,+1)T- —R-L,D, +9%H"H,
T, +1
2 R PA+L,D
T =71 = 5 T = 5
1,5 = 6 — 1,7 2y
r1s = PB, 44 =-T—L,D,, (49)
T r 2
= =r..=——R,
55 = I's6 = Te6 (5, +1)

QZ:%(12+1)R—P,

& =[-(D+KC+1),0,0,0,0,0,A,B,-K].

Moreover, the estimate gain matrix can be designed as K =
P'N.

Proof. Consider the following Lyapunov-Krasovskii func-
tional:

4
V (k)= DV (k), (50)
i=1

where
V; (k) = ' (k) Pe (k),

k-1 k-1
V()= Y e Qe+ Y e ()Qel),

i=k—1,, i=k—Ty;

T, +1 (51)
Vv, (k) = Z Z (j)'Te (j

i=—Ty+1 j=k—1+i

~T,—1-1 k-1
Vily= Y Y > ORy().

i=—Tpy j=il=k+j

Calculating the difference of V(k) along the solution of
system (46), we have

AV, (k) =V, (k+1) -V, (k)
= 1" (k) Py (k) + 2¢" (k) Pr (k)
= y' (k) Py (k) + 2¢" (k) (52)
P[-(D+KC+1D)e(k) + Af (k)
+Bf (k-7 (k)) - Kh (k)] .

AV, (k), AV, (k), and AV, (k) can be calculated using the same
method in Theorem 6; hence the proof is omitted to avoid
duplication. Then, we have

AV (k) < 87 (k) [, + E[Q,&,] 8, (), (53)
where
8 (k)= [e' (k) e (k-1,).e" (k-1y),e" (k-7 (K),
k-7,,—1 k—1(k)-1
Y e, Y e, f k),
i=k—1(k) i=k—Ty;

fM =1k, h" (k)]
7
Q, = 3(TZ+ 1)R+P.
(54)
From R > 0,P > 0,and (P — QI)QII(P - Q,) > 0, we have
-PQ;'P<Q,-2P=Q,. (55)

Noting K = PN, it follows from (47) and (55) that
¥, &P
[ . —PQIIP] < 0. (56)

Pre- and postmultiplying (56), respectively, by diag{I, Q, P"'}
we can obtain

[‘1’1 ’EITQI] <. (57)

* =)

By Schur complement, (57) implies that ¥, + & Q,&, < 0.
Thus there exists a constant &; < 0 such that

AV (k) < & (k) [¥, + E] 0,8, 8, (k) < e lle®)I>.  (58)

It follows from Lyapunov-Krasovskii stability theorem that
the system (46) is globally asymptotically stable. The proof
of the exponential stability of the system (46) is similar to
Theorem 6 and hence it is omitted. O

4. Numerical Examples

In this section, two numerical examples are introduced to
illustrate the effectiveness of the proposed results.
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Example 1. Consider system (3) with the following parame-
ters:

06 0 O -2.1 14 12
D=0 03 0 [, A=| 0 16 -23],
0 0 08 0 09 1.1
1.5 37 -24 1.2 -08 -24
B=|13 -15 14 |, V=|-05 11 16 |,
21 0 -07 31 17 =21
1 0.2
C=[(1)(1)8], U=|1], I=(03],
1 0.5
0.1 0.05 -0.2 111
a=p=|(02 -013 -0.1{, X=Z=|011
-03 0.15 04 010

(59)

The activation function and the nonlinear disturbance are
taken as follows:

£ (x) = (- tanh (0.6x, ) , 0.4 tanh (x, ) , tanh (0.8x,))",

@ (k, x) = (0.2 sin (x,), 0.2 sin (x,), 0.2 sin (x3))" .

(60)
It is easy to verify that
L,=0, L,=diag{-03,0.2,04},
02 0 0 (e1)
H= [ 0 02 0]'

Choosing 7(t) = 3.5 + 1.5 sin(k7/2), u,,, = (2.4)">". With the
above parameters and by using the MATLAB LMI toolbox to
solve the LMI in Theorem 6, we obtain the feasible solution
as follows:

5.6538 0.3218 -0.2439
0.3218 7.5645 0.0879 |,
—-0.2435 0.0879 0.2576

Q1:

2.3359 0.1966 0.9296
0.1966 4.3578 0.8385 |,
0.9296 0.8385 2.1764

Q2=

8.6079 0.0148 0.5234
R=0.0148 5.6131 -1.6227
0.5234 -1.6227 3.2485

>

24.7993 -2.4517 1.7653
S=1-24517 452584 4.3912 |,
1.7653  4.3912 18.2866

Mathematical Problems in Engineering

4.1344 0.9635 1.1195
T=1{0.1032 6.3798 -2.3912 1,
1.1195 -2.3912 11.4738

9.3859 1.3260
N =1]-0.9772 5.0316 |,
—-0.1236 4.8976

P = diag {7.6333,6.5716, 4.4942} ,
D, = diag {17.2788,23.2664, 9.4513},
D, = diag {8.1396, 16.2168, 7.2743},

9 =18.3817, e =13.6115.
(62)
Thus, the state estimator gain matrix can be designed as
9.3859 1.3260
K =1-0.9772 5.0316 | . (63)

—-0.1236 4.8976

Therefore, it follows from Theorem 6 that the error system
(9) is globally exponentially stable. The simulation results are
shown in Figures 1 and 2. In the simulation, the initial values
(0.3,-0.2,0.4)" and (0.1,0.2,0.2) are chosen for systems (3)
and (8), respectively.

Example 2. Consider system (46) with the following param-
eters:

04 0 O 02 -02 0.1
D=0 03 0 |, A=| 0 =03 02|,
0 0 03 -0.2 -0.1 -0.2
(64)
-02 01 O
B={(-02 03 0.1
0.1 -0.2 0.3

The activation function and the nonlinear disturbance are
taken as follows:

f(x) =0.25sinx + 0.25x,

(65)
¢ (k,x) =0.2cos x + 0.2x.
It is easy to verify that
L,=0, L,=025[, H=04l (66)

Our purpose is to find the maximum allowable upper
bound 7, for different 7,, by solving the LMI (47) via the
MATLAB LMI toolbox such that system (46) is globally
exponentially stable. Now assume 7,, = 4; then by utilizing
the result in [32] it is found that the maximum allowable
upper bound Ty, is 9. By using the method proposed in this
paper, we find that the maximum allowable upper bound 7,,
is 12. A more detailed comparison is given in Table 1, from
which we see that the stability criterion proposed in this paper
is less conservative than the results proposed in [21, 32].
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TABLE 1: The maximum allowable upper bound 7, for different 7,,,.

Methods T, =2 T, =3 =06 7, =11 T, =15 7, =18
[32, Theorem 1] 7 1 16 19 22
Corollary 1 [21] 7 9 12 17 21 23
Theorem 6 10 11 14 19 22 26
0.3 0.3
0.2 F
L OLf .
: o E
E 2
g
z z
-0.4
20 25 30 35 40 45 50 5 10 15 20 25 30 35 40 45 50
k k
True state x, (k) e, (k)
State estimation X, (k) e,y (k)
0.5 e3 (k)
04 FIGURE 2: The responses of estimation error e(k).
0.3
<
2 02
=) e e e e e i e e e e e e e e . .
g 0.1 estimate the neuron states through available output mea-
0 surements, such that the dynamics of the error-state system
~01 is exponentially asymptotically stable. By constructing a
“o2 novel Lyapunov-Krasovskii functional containing a triple
o 10 20 30 40 50 summation term and utilizing the LMI approach, some less
k conservative stability criteria in terms of LMI are derived
to guarantee the existence of the asymptotic state estimator.
True state x, (k) N .
A It is worth noting that our developed approach can be
State estimation X, (k) . . . . .
os effectively employed to investigate the state estimation and

Amplitude

20 25 30 35 40 45 50

True state x3 (k)
State estimation X3 (k)

FIGURE 1: The responses of the true state x(k) and the estimate state

x(k).

5. Conclusion

In this paper, we have studied the state estimation problem
for a class of discrete-time fuzzy cellular neural networks
with mixed time delays. A state estimator is designed to

stability analysis problems for other discrete-time fuzzy
delayed neural networks. Recently, a delay partition approach
was proposed and has been verified to be very effective in
reducing the conservatism of stability conditions. The delay
partition approach also can be employed in our work to
further reduce the conservatism. However, this approach
will increase the computational complexity of the theorem
because too many matrices were introduced. How to further
reduce the conservatism by utilizing delay partition approach
and, in the meantime, overcome the rapid increase in the
computational complexity is still a challenging topic and will
be investigated in our future work.
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