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This paper is concerned with a delay-dependent state estimator for neutral-type neural networks with mixed time-
varying delays and Markovian jumping parameters. The addressed neural networks have a finite number of modes, and
the modes may jump from one to another according to a Markov process. By construction of a suitable Lyapunov—
Krasovskii functional, a delay-dependent condition is developed to estimate the neuron states through available output
measurements such that the estimation error system is globally asymptotically stable in a mean square. The criterion
is formulated in terms of a set of linear matrix inequalities (LMIs), which can be checked efficiently by use of some

standard numerical packages.
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1. Introduction

Over the recent decades, various kinds of neu-
ral networks, such as Hopfield-type neural networks,
cellular neural networks, Lotka—Volterra neural net-
works, Cohen—Grossberg neural networks, and bidi-
rectional associative memory neural networks have re-
ceived significant interest due to their extensive appli-
cations in signal processing, pattern recognition, static
image processing, associative memory, and combinato-
rial optimization. For examples, refer to Refs. [1]-[3].
The problem of stability analysis of neural networks
has been the central focus of numerous research activi-
ties. Numerous sufficient conditions for different types
of stability, such as complete stability, asymptotic sta-
bility, and exponential stability, have been obtained
for neural networks.[*~18!

Moreover, time delay is a natural phenomenon
that is
systems.[

commonly encountered in various real

19=21] Practically, such phenomena always
appear in the study of existence of time-delays in neu-
ral network models. This indicates that time-delays

are dependent on the past state. In fact, many prac-
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tical delay systems can be modelled as differential
systems of neutral-type, whose differential expression
concludes not only the derivative term of the current
state but also concludes the derivative of the past
state, such as partial element equivalent circuits and
transmission lines in electrical engineering, controlled
constrained manipulators in mechanical engineering,
population dynamics, see refer to Ref. [22] and the
references therein. In many cases, it has been shown
that the existing neural network models cannot char-
acterize the properties of the neural reaction process
precisely due to the complicated dynamic properties
of the neural cells in the real world. Consequently it is
natural and necessary that systems can contain some
information about the derivative of the past state to
further describe and model the dynamics for such com-
plex neural reactions. 23]

Since the neuron states are not often fully avail-
able in the network outputs in many applications, the
neuron state estimation problem becomes important
for many applications to utilize the estimated neu-
ron state.?4=28] Wang et al.?¥ firstly investigated the
state estimation problem for continuous-time neural

*Project supported by the 2010 Yeungnam University Research Grant.

tCorresponding author. E-mail: jessie@ynu.ac.kr
fCorresponding author. E-mail: hoyoul@yu.ac.kr

(© 2012 Chinese Physical Society and IOP Publishing Ltd

http://iopscience.iop.org/cpb  http://cpb.iphy.ac.cn

100205-1



Chin. Phys. B Vol. 21, No. 10 (2012) 100205

networks with time-varying delay through available
output measurements and derived some sufficient con-
ditions for the existence of the desired estimators. Es-
pecially, further studies on the delay-dependent state
estimation problem for neural networks with neutral
delay or time-varying delays have been extensively in-
vestigated in recent years.!24—28]

On the other hand, systems with Markovian jump
parameters, which are driven by a continuous-time
Markov process, have been widely used to model
many practical systems where they may experience
abrupt changes in their structure and parameters.!?%!
It should be noted that only a few papers have
dealt with the state estimation of neural networks
with time-varying delays and Markovian jumping
parameters.3931 To the best of the authors’ knowl-
edge, the state estimation of neural networks of neu-
tral type with mixed time-varying delays and Marko-
vian jumping parameters has not yet been investi-
gated. This motivates the research work.

Based on the above discussions, an LMI approach
for the state estimation problem for neural networks
of neutral type with mixed time-varying delays and
Markovian jumping parameters is considered. By con-
structing a new Lyapunov—Krasovskii functional and
employing some analysis techniques, sufficient condi-
tions for the network are derived in terms of LMIs,
which can be easily calculated by MATLAB LMI con-
trol toolbox. Numerical examples are given to illus-
trate the effectiveness of the proposed method.

Notations:
R™ ™ denote,

clidean space and the set of all n x m real matrices.

Throughout this paper, R"™ and
respectively, the n-dimensional Eu-

The superscript T denotes the transposition and the
notation X > Y (respectively, X > Y'), where X and
Y are symmetric matrices, means that X — Y is pos-
itive semi-definite (respectively, positive-definite). I,
is the n x n identity matrix. |-| is the Euclidean norm
in R™. Moreover, let (£2,.%#,P) be a complete prob-
ability space with a filtration {#;};>¢ satisfying the
usual conditions. That is the filtration contains all P-
null sets and is right continuous. Denote L% ([—h, 0]
the family of all #p-measurable C([—h, 0]; R™)-valued
random variables ¢ = {£(0) : —h < 6 < 0} such
that sup_j<p<oEl£(0)|” < oo, where E stands for
the mathematical expectation operator with respect
to the given probability measure P. The notation x
always denotes the symmetric block in one symmetric

matrix.

2. Problem description and pre-
liminaries

As discussed in the previous section, neural net-
works of neutral type with Markovian jumping pa-
rameters are more appropriate to describe a class of
neural networks with finite state representation, where
the network dynamics can switch from one to another
with the switch law being a Markov law. Based on the
following models (1)—(6), we now introduce the neural
networks of neutral type with time-varying delays and
Markovian jumping parameters.

Let {r(t),t > 0} be a right-continuous Markov
process on the probability space which takes values
in the finite space S = {1,2,...,
I' = (vi5) (i,j € S) given by

N} with generator

P(r(t+ A) = jlr(t) =1)
_fwavos. iti
1+ v A+ o0(Q) i=j,

where A > 0, limas—0(0(A)/A) =0 and ~;; is transi-
tion rate from mode i to mode j satisfying ~y;; > 0 for
i # j with v;; = — Z;‘V:Lj;éi Yijs 1, J € S.

In this paper, the following neural networks of
neutral type with mixed time-varying delays and
Markovian jumping parameter are considered:

2(t) = —A(r(t)z(t) + Bi(r(t)g(=(t))

+ Ba(r(t))g(z(t — 7(1)))
+ Bs(r(t)) g(x(s))d
t—r(t)

+E(r()i(t — o(t) + J(r(t)),
y(t) = C(r@®))z(t) + D(r(t)) f(t,2(2),  (2)

1), m2(5), ., 20 ()]T € R™ is neu-
ron state vector; y(+) is the output of the networks;
A(r(t)) = diag{ai(r(t)),...,an(r(t))} > 0 describes
the rate with which each neuron will reset its po-

where z(-) = [z

tential to the resting state in isolation when discon-
nected from the networks and external inputs; the
matrices By (r(t)), Ba(r(t)), E(r(t)), and Bs(r(t))
represent the connection weight matrices, the dis-
cretely and neutral delayed connection weight matri-
ces, and distributively delayed connection weight ma-
trix, respectively. The matrices C'(r(t)) € R™*™ and
D(r(t)) € R™*™ are the output weighting matrices.
g(z()) =[g1(x1(), -+, gn(zn(-))]T € R™ denotes the
neuron activation function; 7(t), o(t), and r(t) denote
the discrete time-varying delays, neutral time-varying
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delays and the distributed time-varying delays, respec-

tively, and satisfy
0<hy <7(t) < ha,
0<r(t) <,

0<o(t) <

g,
T(t) <p<oo, o(t)<n<l,

in which hy, ha, &, 7, i, and n are constants. J(r(t)) =
[J1(r(t)), ..., Ju(r(t))]T € R™ is an external input vec-
tor and f : R x R™ — R™ is the neuron-dependent
nonlinear disturbances on the network outputs which
is assumed to satisfy the following underlying Assump-
tion A.

Assumption A The neuron activation func-
tion ¢(-) and the neuron-dependent nonlinear distur-
bances f(-) in Eq. (2) are bounded and there exist four

constant matrices ¢~ = diag{¢],d5,...,0, }, ¢T =
diag{¢}, d5,..., ¢}, v~ = diag{vy, ¢y ,..., ¥},
and ¢t = diag{¢;, 5, ..., ¥}, such that[3!
o < 229l 4 (3)
— fr(a7x(a)) _fr(bax(b)) +

for all a,b € R, a # b, 1 = 1,2,...,n and r =
1,2,...,m.

For the delayed neural networks (2), we construct
the full-order state estimation as follows:

where Z(t) is the estimation of the neuron state, §(t) is
the output of the estimation of the neuron state and
K(r(t)) € R™™ is the estimator gain matrix to be
designed later.

Notice that the Markov process {r(t),t > 0} takes
values in the finite space S = {1,2,...,N}. For con-
venience, each possible value of r(t) is denoted by 7,
i € S in the sequel. Then we have

A(i) = Ay,  Bi(i) = By, Ba(i) = Boy,
Bs(i) = Bs;, E(i) = E;,
J) = Ji, K(i)=Ks C(i)=Cs D(i)=Ds.

Define the error e(t) = x(t) — &(¢), and ¢(t) =
g(@(t)) — g(2(1)), ¥(t) = f(t,(t)) — f(t,&(t)). Thus,

the error-state system is given by
é(t) = —(Ai + K;Ci)e(t) + Buig(t)

+ Boip(t — 7(t)) + Bs; /

t—r(t)

+Eie(t —o(t)) — K Dip(t). (6)

¢(s)ds

Obviously, e(t) is bounded and continuously differen-
tial on [—h, 0], where h = max{hs,5,7}.
From Assumption A, we obtain the following in-

equalities
[Bi(t) = oy es(®)] 4 (t) — ¢ ea(1)] <0,
l=12,...,n,
[Wr(t) — ¢y er (O] [ (1) — ¥ en ()] <0,
r=1,2,...,m.

Let e(t;€) be the trajectory of system (6) under the
initial condition e(f) = £(6) on {~h < 6 < 0} in
L% ([=h,0],R™). It is obvious that the system (6)
admits a trivial solution e(¢;0) = 0.

In order to derive our main results, the following
definition and lemma are introduced.

Definition 13! For error-state system (6) and
every {¢ € L% ([—h,0],R™), the trivial solution is
asymptotically stable in the mean square if, for ev-
ery network mode,

; L e)]2 —
tE}n@Me(t,f)\ =0.

Lemma 162 (Jensen’s inequality) For any con-
stant matrices M € R™*"™  scalar v > 0, vector func-
tion w : [0,9] — R™ such that the integrations con-

cerned are well defined, then

7/07 W () Muw(s)ds
> ([ wtas) m( [ was).

3. Main results

In this section, we shall establish our main cri-
terion based on linear matrix inequality (LMI) ap-
proach. For representation convenience, we introduce
the following notations:

Ly = diag{¢; ¢1, 0505 ,...,0, 0,1,

— + — + —
L2 = d1ag{¢1 ;—(bl ,¢2 —g¢2 7'~~a¢n ;—(b:;}v
Ly = diag{vy o7, ¥ 03, ..., v 0t}

YT+ Yy iy w;w:}
T .

Ly = diag{ 5
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Theorem 1 For given scalars hy > hy > 0,5, 7, T, =T, >0, (b = 1,2,3), diagonal matrices U > 0,
V >0, W > 0, and any matrix X; such that the

n < 1, and pu < oo, the equilibrium point of error-
following LMI holds

state system (6) is globally asymptotically stable in
the mean square, if there exist positive definite matri- -
ces P, = PT = diag{Py;, Poi, Psi} > 0, Q1 = QF > 0, Siexies <0 @
(I = 1,2,...,5), R, = R} > 0, (k = 1,2,3,4), where

|

1 1
E11i=Q1+ Qo+ Qs — PyA; — AT P — X0, - CF X — ERQ - }TRB — AR3T,
2

N
— 4(h2 - h1)2T2 - 45’2T3 - LlU - L3W + Z’yijplj,
i=1
- 1 — - 1 - -
Elioi = h*Rs, S5 = Puill, S = 5327 Eigi=—Al Py - CFXY =15, = PBy; + LoU,
2
Zr9,s = P1yBo;, Z1104 = XD+ L4W Z1a1 = PuiBai, S = Py +4heTy,  Ei13; = 4(he — hy) Ty,
1 1
= i =406T3, Z59;,=— Rf R Ry) — L1V — — Ry,
1,14, al3 2,2, (1—-wQ1— 8 = h1( s+ Ry) — Ly Ty — By
TflR:fl(RH%):-va:fQ1R?—PT
S280 = g Seaa = g (s 4)y S200=1l2Vi Zass=—Q2 = e e Ssase = By

= 1 = T T = = T pT
Baai=—Qs—p—p- (s + Ra), Sanzi =Py, Zansi=—Fa Zs5i=—(1-0Qs S57i=E Py,

Zr7i=Q4+ Ry + hoRs + (hg — h) Ry + haTy + (h% — h3)*Ty + 6*T3 — P — P,

Zr8i = P1iBu, Zr9:=PiiBa, Zr10=—-XiDi, Z7115=PiB3, ZSs8:=Qs5+TR —U,

_ . _ 1
o9 =—(1—-pw)Qs—V, ZEwi,:=-W, Z1111,= _%Rlv

N N
Z12,12,; = —411 + Z'YijPQja Z13,13, = —415 + Z'Yijpi’»ja Z14,14, = —4T3,

j=1 j=1
and other entries of E. are 0. ' . . n /t o7 (s)Qs0(s)ds
Moreover, the gain matrix of state estimator is t—7(¢)
given by ) 0 rt
Vet ) = [ [ oMo mao(s)dsds
K; = P;'X,. —rJi+o
Proof Choose the Lyapunov—Krasovskii func- / /t o s)Ryé(s)dsdo
tional for system (6) as
s)Rzé(s)dsdd
Vie(t),i) = Vi(e(t), i) + Va(e(t), i) + Va(e(t), 1) /m/w ’
+ Vi(e(t), 1), (8) +/ / $)Raé(s)dsd,
t+0
where
, Vi _2h2/ // s)T1é(s)dsdAdo
Vile(t),i) = C*(OP), (elt - 1€(s)ds
t
Va(e(t), i) = / RHOCTOLE +2h2 — b2 / / / $)Toé(s)dsdAdo
—r ]
t
+/ . et (5)Qze(s)ds +252 / / / s)Tsé(s)dsdAdé,
t— 1 t—o
t
+/ T(5)Qse(s)ds where
t—ho
t t t—hy
+/ ¢T(5)Qué(s)ds ¢t = [eT(t) / el(s)ds / eT(s)ds]
t—o(t) t—ho t—ho
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Let .Z be the weak infinitesimal generator of the random process {e(t),t > 0}. Then, for each r(t) = i,i € S,

it can be shown that

LV (e(t),i) = LVi(e(t),i) + LVa(e(t), i) + LVa(e(t),i) + L Vale(t), )
+26T(0)Pyi | — (Ai + KiCi)e(t) + Buio(t) + Bao(t — 7(1)

By [ 9s)ads+ Bt o@) ~ KiDi ()~ (1],

where
e(t) ' Py 0 0 é(t)
LVile(t),i) =2 | [1, e(s)ds 0 Py 0 e(t) — e(t — ha)
tt::; e(s)ds 0 0 P3| |e(t—hi)—e(t—h)

N
+3 " 7P
j=1

LVa(e(t),i) < e (B)Que(t) = (1 — pet (t —7(1))Que(t — 7(1)) + e () Qze(?)
et (t — h1)Qae(t — hy) + et (1)Qse(t) — et (t — ho)Qze(t — ho)
+e (1)Qae(t) — (L —n)et (t — o (1)) Quélt — o(t))
+¢T (1)Qs0(t) — (1 — )t — (1) Qs0(t — (1),

LVl < 16" OR0W ~ [ ST
+ &% (t) (6 Ry + haR3 + (ha — h1)Ry)é(t)

[ Ao [ Fomia [ omeas

ha

LVile(t),i) = ET(O)RATy + (3 — 12)°Ts + 5*T3)é(1) —2h2/t h / $)T1é(s)dsdd

t—hq
h2 hQ/ / $)Taé(s dsdG—QU/ / s)T3é(s)dsdé.
t—o

From Lemma 1, we have

' I T t

_/t_r(t) ¢ (s)Rid(s)ds < _T[/t—r(t) ¢(8)d5} Ry {/t_r(t) qﬁ(s)ds},
' 1 T

- /t—a(t) ¢ (5)Reéls)ds < i [e(t) —el(t— U(t))} Ry [e(t) —e(t — o(t))}
' 1 T

_/H(t)e (s)Rac(s)ds < —h—Q[e(t) —e(t=7(t)] Rsle(t) - e(t — ()],

t—7(t) 1 T
f/t ¢7(s)(Rs + Ra)é(s)ds < — [e(t = (1)) —elt —ha)] (s + Ra)

—ha ho — hy
et = (1)) — elt — ha))
o T 1 T
_/H(t)e (s)Raé(s)ds < — [e(t =) — et = 7(®)] Ra

x|e(t = ) = et = (1)),

/ / Tledsd9<——/ / dsd9 Tl/ / dsd9

< _hzé(}”e(t)_/“m ()ds) 73 (hae(t) - /thg e(s)ds).

100205-5
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t—hq t
—/ / ¢T(s)Thedsdh < —
t—ho 0

x ((hz — hye(t) - / o).
S [«

‘722 (Je(t) /t—a(t) ()ds) T3<06(t) /t_a(t)e(s)ds)

\ /\

t i
—/ / ¢T(s)T3edsdl
t—a JO

\ /\

For positive diagonal matrices U > 0, V > 0, and
W > 0, we can obtain from Assumption A that

Tl _ e(t) LlU 7L2U e(t) S 07 (18)
6| [-Lv U || ew

. Cet—ry) | [ v —Lov

S lett-r) | |-Lv v
e 1)
ot —7(t))
T
Tg _ e(t) L3W —L4W €(t) < 0<20>
¥(t) LW W (1)

Using expressions (10)—(17) in Eq. (9), subtracting
Egs. (18)—(20) from Eq. (9) and using the relation-
ship P; K; = X;, we have

LV(e(t),i) < €"(1)ZiE (), (21)
where
€7(t) = [e7(t) €T (t = (1)) €™ (t — h) €™t~ o)
<t —o(t) e (t = o(t) €T() 67 (1)
(= (1) ¥ (1)

¢ ¢
X / T (s)ds /
t—r(t) t—ha

t—h1 t
X/ ev(s)ds / eT(s)ds}.
t—hs t—o(t)

Taking the mathematical expectation of both sides of

ev(s)ds

expression (21), we obtain

/W/

dsd9

de@ Tg/ /
t—ho

Ce(s )ds) T

(16)
dsd9

dsd9 T3 / /

(17)

\
Therefore, from Definition 1 and using the Lya-

punov stability theory, it is concluded that the error-
state system (6) is globally asymptotically stable in
the mean square. This completes the proof of Theo-
rem 1. g

Remark 1  Park et all?>=27 discussed state
estimation for neural networks of neutral-type with
time-varying delays for the first time. Different from
those papers, the state estimation problem for neu-
ral networks of neutral type with mixed time-varying
delays and Markovian jumping parameters via LMI
approach has been extended in this paper.

Suppose if we left Markovian jumping parameters
in error-state system (6), we obtain the following sys-
tem

é(t) = —(A+ KQ)e(t) + B1g(t)

+ Bod(t — 7(1)) + Bs /t RO

+ Eé(t —o(t)) — KDy(t). (23)
For system (23), we have the following result.
Corollary 1  For given scalars he > hy > 0,
o, 7, n <1, and pu < oo, the equilibrium point of
error-state system (23) is globally asymptotically sta-
ble, if there exist positive-definite matrices P = PT =
diag{P;, P2, Ps} > 0, Q, = QF >0 (I = 1,2,3,4,5),
R, = RF >0 (k = 1,234, T, =T >0
(b=1,2,3), diagonal matrices U >0, V > 0, W > 0,
and any matrix X such that the following LMI holds

Il14%14 <0, (24
E[£V(e(t).1)] < EET(0ZE0) o !
< _)\min(_Ei)E|e(t7€)‘2’ (22) where
|
I1=Q1+Qas+ Q3 —PA-ATP - XC-CTX"T - Rz—h*Rs
2
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—4h2Ty — 4(hy — h1)?*Ty — 46°T5 — LU — LsW,

L

I - =
1,2 Iy

1
Ry, ILs=PFE, IIjg=—Ry, I 7=—-A"P—C"X",
G

IIhg = P1B1 + LU, Il 9= P1By, Il 0=—-XD+ LW, II111 = P1B3,
Iy 19 = PS +4hoTy, ITh13 = 4(he — h1)Ts, 114 = 46T,

1 1
Iy =—(1— — —Ry— ———(R3+Ry)—L1V—-——R
2,2 ( 1) Q1 Iy 3 hz—h1( 3+ Ry) 1 - 4,
1 1 1
II; 3 = Ry, Iy s = Rs+ R Iy 9 = LoV, I33=—Qo— ——Ry,
2,3 P 4, 2,4 h2—h1( 3+ Ra), 2,9 2 3,3 Q2 - 4
1
I35 = Py, H4,4:*Q3*h2_h1(Rg+R4), Mo =—PF, I3 =—Py,

1
55 =—(1-n)Qu, Is7=E"PL, Ilgs= *ng,

77 = Q4+ &Ry + haRy + (hg — h1)Ry + 3Ty + (h3 — h3)*Ty + 6T — P, — P,
II; 8 = PiBy, H79 =P By, Il710=—-XD, Ill;11 =P B3, Ilgg=Qs5+ 7R —U,

1
Iygg=—(1—-p)Qs =V, Ioi0o=-W, Il = *%Rh 1210 = —4T7,

II313 = —4T5, II414 = —47T3,

and other entries of IT are zeros.

Moreover, the state estimator gain matrix is given
by K = P 'X.

Proof The remaining parts of the proof imme-
diately follows from Theorem 1. O

In order to show the effectiveness of our method,
we have the following two examples.

Example 1 Consider system (6) with the fol-

lowing parameters

82 0 6.7 0
Al = y A2 = )
0 7.2 07
-1.2 0.9 0.7 0.5
By = , Bia= ,
0.5 —1 0.8 —1
—-0.5 04 —0.5 0.6
By = ) 22 =
-1 —-0.5 —0.9 —-0.5
09 1.1 0.6 1
BSI = ) =
0.3 0.4 0.5 0.9
B 0.25 0 B 0.35 0
0 0.25 0 0.35
0.1 0 0.2 0
Dl - ) D2 = )
0 0.1 0 0.2
—-0.1 0
FE, = Fy =
0 0.1

—-0.1 0.1 0.5
I'= , Ji=Jo=
0.2 —-0.2 0.5

The activation function satisfies Assumption A with
¢~ = —0.5I, ¢T = 0.4I, and the nonlinear distur-
bance also satisfies Assumption A with ¢~ = 0.21,
3T = 0.41. Thus, we can obtain the following param-

eters
—-0.2 0 —0.05 O
Ll = ) L2 =
0 -0.2 0 -—0.05
0.08 0 03 0
L3 = ) L4 -
0 0.08 0 0.3

Let hy = 1, hg =13, 7 =02, 0 = 0.5, p = 1.2
n = 0.5. By making use of MATLAB LMI toolbox
to solve the LMIs in Theorem 1, we obtain the corre-

sponding gain matrices as follows:

) 11.1513 —0.8626
Ky = P'X, =
—0.8626 13.4529
» 11.5485 0.0358
Ky = Pl Xy =
0.0358 15.2435

Therefore, it follows from Theorem 1, that the error-
state system (6) is globally asymptotically stable in
the mean square.

Example 2 Consider the error-state system (23)

100205-7
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with the following parameters

52 0 0.5 -1
A= , B =
0 4.2 0.7 —-1.3
1.1 0.8 09 1.1
By = =
-1 —-0.5 0.3 0.45
£ -0.15 0 | 2sint+ 0.03¢2

2cost — 0.03t2

Let the activation function be g(z(t)) = tanh z(¢) and
then, Assumption A yields ¢~ = 0, ™ = I. Thus, we
can obtain the following parameters

L, = diag{0,0}, Lo = diag{0.5,0.5}.

The parameters for output signals of the networks are

given as
0.25 0 0.1 O
= s D = s
0 0 0 O
0.08 0 03 0
3= , La=
0 0.08 0 03

In this example, the nonlinear disturbance is taken in
the form f(¢,2(t)) = 0.1cosz(t) + 0.3. Assumption A
gives 9~ = 0.21, T = 0.41. Let hy = 0.5, hy = 1.5,
7=0.5,06 =03, u=05 n=0.2 By solving the
LMIs in Corollary 1, we obtain the corresponding gain

matrix as follows:

1 51.1804 —42.0186
K=P'X=
—42.0186 53.4178
(]
E (a)
= 0 —true state
g ‘ ‘ _ - — estimation
g 2 1 5 3
Time/s
3 3 ‘ ‘ ‘ ‘ ‘
3 L \(b) ——true state
= 1 —. — . estimation A
o L = i
8 —1 L
< 0 1 2 3
Time/s
[
2
R R I
5 —af —e
= ‘ — e
< 70 1 2 3
Time/s

Fig. 1. (colour online) The error trajectories are converg-
ing to zero in Example 1: (a) state z1 and its estimation,
(b) state x2 and its estimation, (c) error states.

The responses of the state dynamics for the error-state
system (23) which converges to zero with the above es-
timator gain matrix K is shown in Fig. 1. Therefore,
it follows from Corollary 1 and Fig. 1, that the error-
state system (23) is globally asymptotically stable.

4. Conclusions

In this paper, we have dealt with the problem
of state estimation for neutral-type neural networks
with mixed time-varying delays and Markovian jump-
ing parameters. By defining a Lyapunov—Krasovskii
functional, LMI-based stability conditions are derived
and the desired state estimators are designed. The
effectiveness of the proposed criteria is demonstrated
through numerical examples with simulation results.
On the other hand, the passivity theory is an another
effective tool to analyze the stability of a nonlinear
system. Passivity framework is a promising approach
to the stability analysis of neural networks. By taking
this into account, state estimation of neural networks
based on the passivity theory may be considered in
the near future.
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