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The stochastic control of Markov switching systems with time-delay feedback neural networks under the interference of external
environment is studied in this paper. By designing a memoryless state feedback controller, a set of sufficient conditions for the
stochastic stability of the switching system and the disturbance attenuation are obtained by using the stochastic assessment
method and the linear matrix inequality, and the key H_, control of this problem is realized.

1. Introduction

Artificial neural network is a developed and mature high
technology in recent decades. The research of the neural net-
work has achieved great success. The network has been
widely used in the fields of image and television signal pro-
cessing, robot and biological vision, advanced brain func-
tion, and so on. In fact, as the most basic structural and
functional unit of the nervous system, the neurons have
the function of connecting and integrating input informa-
tion and transmitting information. The signal transmission
in the neurons is not simple and mechanical reception and
transmission, but it needs the signal to reach a threshold
before generating the output signal, that is, the neurons
receive the signal, and then, the signal is processed and
transmitted to the next neuron. In practical application,
the information transmission between the interacting neu-
rons takes a certain time, so the phenomenon with the time
delay is inevitable [1-4]. The existence of the time delay
tends to cause the network oscillation, bifurcation, or chaos
and even cause the network instability. In the real nervous
system, the transmission of information between the neu-
rons is a complex process with the noise, because the trans-
mission medium and the signal itself will be affected by the
random fluctuation of the environment. Therefore, it is very

important to study the influence of random interference on
the stability of the neural networks [5-8].

In recent years, there have been a lot of research results
[9-12]. In reference [8], Cao used Young’s inequality tech-
nique to give the sufficient conditions for the exponential
stability of the equilibrium point of the delayed neural
network system and discussed the stability of the periodic
solution. Chen analyzed the exponential stability of the
time-delay neural network system without requiring the acti-
vation function to be bounded in reference [9]. In the real
nervous system, the transmission of information between
the synapses is a complex noisy process, because both the
transmission medium and the signal itself are affected by
the random fluctuations of the environment [13-16]. There
are also many achievements in the research of random neural
network, such as Wan and Sun [17-19]; Sun and Cao [20]
studied the mean square and p-order moment stability of
delay neural networks by using the method of variation coef-
ficient. Besides, Wang et al. derived the asymptotic stability
conditions of Cohen-Grossberg neural networks by using
the Lyapunov method [21].

However, there are many modes in the operation of
neural network, which can be switched according to the sit-
uation. Some studies have shown that this mode transforma-
tion of the neural network can be described by homogeneous
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Markov chain [22], so the neural network systems with Mar-
kov switching have become one of the focuses of the neural
network research. Markov switching system can be used to
describe the sudden transition of the system state, such as
the random failure and repair of the system components,
the change of the subsystem connection or interaction mode
of the complex system, and the change of environmental fac-
tors [23-28]. In this paper, we will study the problems of
stochastic robust stabilization and robust H_, control for
switched time-delay feedback neural network systems that
are subject to external environmental disturbance inputs.
Considering the influence of disturbance input, when the
appropriate linear matrix inequality conditions are satisfied,
the system is robustly stable under feedback control and
achieves the given H_, index. For delayed neural networks
with Markov jump parameters, a memoryless state feedback
controller is designed to achieve similar stabilization and
H_, control objectives.
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2. Problem Description

Let a Markov process defined on state space S={1,2,---,N}
be {¢(t),t >0}, and the state transition-rate matrix is

riAl+o(Al), i#j,
1+r;Al+0(Al), i=j,

%%u+mhﬂ¢m=ﬂ={ (1)

where Al is the uncertainty matrix of corresponding param-
eter £ and ¢;; > 0(i # j) is the transition rate from state i to j.

A
also  Al>0, lim o(4l) =0. (2)
Al—0 Al

Pii = _Z(Pip (i#)),

Now, the following uncertain systems of delayed sto-
chastic neural network with Markov jump parameters are
given as follows:

dx(t) = [A(p(O)f (x(1)) + Aa(@()f (x(t = 7)) + B, (())1(t, (1)) + By ((t))u(t) = Clop(t))x(t) ] dt + [E(p(£))x(t) + Eg(op(t))x(t — 7)]dew(),

$(£) = Dlg(t))x(t) + D, (9(1) (8, 9 (1)),
x(t)=9(t), 9(t) = 9(0), Ve €[-7,0], 9(t) € C([-7, 0 R"),

where f: (R* x R" — R") is the Borel measurable func-
tion, which is similar to R” expressed as n-dimensional

Euclidean space. x(t) = (x,(t), -+, x,(t))" is N neuron state
vector, u(t,(t)) € R? is control inputs, and v(t) € R? is
interference inputs, satisfying v(t) € L,[0,00). y(t) € RY is
the control outputs, 7 is a constant with time delay and
7>0, w(t) is a one-dimensional Brownian motion satisfy-
ing E[dw(t)] =0 and E[dw(t)]* = dt, which is similar to E
(.), and it represents the mathematical expectation.
Besides, 9(t) is the initial condition of the function space
defined on [-7,0] and valued at R". A(¢p(¢)), Ay(p(t)),
B (¢(1)), B,(¢(t), Clo(t), E(p(t), Ez(o(t)), D(o(t)),
and D, (¢(t)) are all constant matrices of appropriate
dimensions.

In addition, for the state ¢(t) =i of Markov chain, it
is abbreviated as @;=%'®(¢p(t)=i), and @ represents
the matrix in the system. Similar to reference [29], the
following assumptions for the activation function defined
to run on the neurons of the artificial neural network
can be given.

The activation function is bounded and must satisfy the
Lipschitz condition. That is, there is a constant matrix P €
R™", which satisfies

() ~f()[ < [P(u-v)|, VY veR?, (4)

(3)

where x(t;y) is the system state track starting from the
initial value x(s)=v(s),s€[-7,0], and w(.) belongs to
F, measurable twice integrable C([-7,0];R") random
process space. That is, Lio([—'r, 0]; R"). Obviously, for
the initial value ¥ =0, x(¢)=0 is the trivial solution of
system (3).

Lemma 1 [30]. For any given matrix,

A A
A=< ! ”><o, (5)
A12 A22

where A, =Al, and A,,=AlL,; it is equivalent to
A <0, Ay—ApATAL<O,
Ap <0, Ap-ApAZAL<O.

3. Main Results

Theorem 1. Considering system (3), for v(t) =0, if there is
a constant £> 0, the positive definite matrices X;> 0 and
M >0 constant matrix C; and matrix Y; such that the
linear matrix inequality (LMI) g<0 holds for all i€,
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then the system (3) is stochastic robust stabilization by
the feedback controller u(t,1).

RN, 0 eA, ed, XE' XP' X, m
0 -M 0 0 ME," o0 0 0
eAT 0 -l 0 0 0 0 0
AL 0 0 -l 0 0 0 0
9=l Ex, EM 0 0 -X, o0 0 o]
1
PX, 0 0 0 0 —jel 0 0
X 0 0 o0 0 0 -M 0
a0 0 0 0 0 0 J
T
R;=B,Y;+Y, BL’ +(9; - C)X; - X,C;,
;= [X; ""Xi]nx(N—Un’
Ji= diag{rri_lle, ol X T X s ﬂi_I\ITXN}’

p(t, i) =kx(t), k=Y. X; .
(7)

Proof. By using the feedback controller y(t, i) to the system (3)
with v(t) = 0, the following closed-loop system can be obtained.

dx(t) = [Aj(x(t)) +Af(x(t—1)) + (Bw-ki - Ci)x(t)]dt

(®)
+[Ex(t) + Egix(t — 7)dw(t).
Now, the Lyapunov functional is selected as follows.
V(t) =x" ()X, x(t) + Jt xT(s)M ' x(s)ds
, )
+ L_ FH(x(s)) (e7T) f (x(s))ds.

By using the It6 formula, it can be concluded

AV (t) = V(£)dt + 2x" ()X, [Exx(t) + Eyx(t — 7)]dw(t),
(10)

where

QV(t)=2x" ()X, [Af(x(t)) +Auf(x(t-1)) + (B ki — Ci)x(t)]

ui

1

+ 2 ! (X x(t) + [Epx(r) + Egpx(t - 7)]X, !
j=1

[Eax(t) + Eyx(t — )] + X" ()M ' x(t) - x" (t - 1)
(M )x(t = 7) 4 fT () () f(x(0) - £ (x(t = 7))
() f(x(t-7))

(11)

According to the assumption (4), it can be concluded

—2¢7! [fT(x(t)f(x(t))—xT(t)PT(x(t))P(x(t)) >0. (12)

3
Comprehensive (11) and (12), it can be concluded
T
LV(t) < ¢ (1) Yig(t)s (13)
where
Yy 0 XA XAy E}
o -M' 0 0 Ea.
Y= X;l [Ei Ey 0 OL
ATX7Y 0 -0
ALXE 0 0 -l 0

N
Yli =X,~_1 (Ci - Bm‘ki) - (Ci - kiTBEi)Xi_l -M' - Z (Pin;l’
j=1

o1 () =" (t)x" (¢ = 7)(x(0))f " (x(t - 7))
(14)

Multiplying the both sides of item for inequality g < 0 by
diag {X;"', M, &', eI, I, 1,1}, it can be concluded

R’ 0

: XA XAy EPT 1o

0 -M 0 0 Ej, 0 0 0

A;FX,Tl 0 M 0 0 0 0 0

ALXTT o 0 -M7'I 0 0 0 0
<0,

E; Ep, 0 0 X0 00

1

b o o 0 0 gl 0 0

I 0 0 0 0 0 -M 0
(15)

where
’ T T -1 -1
R, = <(pﬁ +k; B#i - Ci)Xi +X; (BH,-k,- - Ci), (16)
=1, "'I]nx(N—l)n'

From Lemma 1, it can be seen that formula (15) holds
Y, < 0. According to equation (13), if ¢ (¢) # 0 holds,

{V(t) <0. (17)

Then, the trivial solution of closed-loop system (8) can be
derived from Lyapunov stability theory, which is asymptoti-
cally stable in the mean square sense. That is, the system (3)
is robust stabilization under u(t,i) =k; x(t) (where k; =Y,
X;!) state feedback control.

Hence, the proof ends. o

Next, a set of sufficient conditions for H,, control of uncertain
systems (3) with time-delay stochastic neural networks with
Markov jump parameters are given in the form of theorems.



Theorem 2. Considering the case of nonzero interference input
u(t) € L,[0,00), for the system (3), if there are constant € > 0,
given constant [3, positive definite matrices X; >0 and M > 0,
constant matrix C; and matrix Y, such that the linear matrix
inequality (LMI) G < 0 holds for all i € S, then the system (3) is
stochastic robust stabilization by the feedback controller u(t, i).

R, 0 eA; eA,; XEN XPT X, m B, O
0o -M 0 0 ME, o 0o 0 0 0
eAl 0 -l 0 0 0 0o 0 0 0
AL, 0 0 -l 0 0 0 0 0 0
EX, E;M 0 0 X, 0 0 0 0 o0
G= 1
PX, 0 0 0 0 -z 0 0 0 0
X, 0 0 0 0 0 -M 0 0 0
T 0 0o o0 0 0 o J, 0 0
BL 0 0 o0 0 0 0 0 -fI 0
o o o o0 0 0 0o 0 o0 -I

{ dx(t) = [Aj(x(t)) +A,f (x(t-1)) + (Bwkl- - C,-)x(t)] dt + [Eix(t) + Eyix(t — 7)|dw(t),

y(t) = (D; + Dyiki) x(t).

By using Lemma 1, the inequality g <0 that can be
deduced by the inequality G<O0 is tenable, so when v
(t)=0, the closed-loop system (8) is the stochastic
robust stabilization.

The following proves that when the nonzero interference
input v(t) € L,[0,00), it is assumed that the system (3) sat-
isfies the following conditions:

y®)lle, <Bllv@®)]l,- (20)

In order to prove that (20) is true, now it can be sup-
posed that x(#) =0, Vt € [-7, 0] for the system (3) and also
select the following Lyapunov functional (9), which is
obtained from the It6 formula.

E{V(t)}= [E{J;s\/(s)ds}, (21)
where
V() < ¢ (1) Yi(t) + 2x ()X Bv(t). (22)

¢'(t) and Y, have the same meaning as (13).
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R,=B,Y; + Y,‘TB,Z' + (9 = C)Xi = X,C,

g -1 -1 -1 -1
Ji= d’“.‘]{”iz Xps oo M Xy Wi X -+ ﬂiNXN}’

Q;=CD/ +Y{D,,

ut i)y =k x(t), k=YX

(18)

Proof. By using the feedback controller p(t, i) to the system (3),
the following closed-loop system can be obtained

Let Q(¢t) = [E{jf) [T (s)y(s) — B0 (s)v(s)]ds} and t>0,
and it is easy to see from (21). The following inequality holds
for t>0:

Ny 0 XA XAy X(By

o -M' 0 0 0

Ni=| AfX;' 0 —'T 0 0
ALXY 0 0 eI 0
BLX;' 0 0 0 -B’I
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X'[E, Ey 0 0 0],

N
Ny; ZX;I (Ci - Bmki) - (Ci - k?BEi)X;1 -M - zq)in;l
=1

— (D +D,k; )" (D, + Dyk; ).

(24)

Referring to the proof of Theorem 1, it is multiplied to
the both sides of item for inequality G< 0 by diag {X,,
M e e LI, 1,1,1,I}; it can be obtained

R0 X'A4, X'Ay ENPT I X'm X['B, X;'©
0 -M 0 0 EL, 0 0 0 0 0
ATX;Y 0 =10 0 0 0 0 0 0
ALXTY 0 0 -1 0 0 0 0 0 0
E, E; 0 0 =X, 0 0 0 0 0
1 <0.
P 0 0 0 0 el 0 0 0 0
I 0 0 0 0 0 -M 0 0 0
Xt oo 0 0 0 0 0o J 0 0
T v 2
BiX;' o0 0 0 0 0 0 0o -pI 0
olx;' o 0 0 0 0 0 0 0 -1
(25)

It is worth noting that the definition of R, is the same as
the definition of the inequality (15) in Theorem 1. By using
Lemma 1, it can be obtained

N, <0, VieS. (26)

Then, the following closed-loop system is obtained for
pL(t) #0 from (23).

o <ef [ Moxpat o @)

0

Then, the following formula can be inferred

el v <ef [ Fomat. o)

0

It is obvious that the equivalent is true.
Y ®lle, <Bllv®)ll,- (29)

Therefore, the proof ends. O

If the noise environment is not considered, that is, ran-
dom disturbances are removed from the system (3), the fol-
lowing Markov switched neural network system without
noise interference can be obtained.

d'x(t) = A(g())f (x(1)) + Ay (9(D))f (x(t = 7)) + B, (@(1))u(t: p(t)) + B, ((t)0(t) = C(p(t))x(t),

X
¥(t) = D(p(t)x(t) + D, (9(6)) (1 p(1)),
x(t)=9(t), () =9(0), Vte[-7,0]

For this system, it can be directly derived an inference
from Theorems 1 and 2.

Based on the above proof, the basic process of the time-
delay neural network system with Markov switching is to
design a memoryless state feedback control so that the system
can achieve stabilization and stochastic stability about distur-
bance attenuation when the system meets the appropriate
LMI conditions, so as to realize H, control of the problem.

Inference: for stochastic uncertain systems (30), if there
are constant ¢ > 0, given constant f3, positive definite matri-
ces X; >0 and M > 0, constant matrix C; and matrix Y;, such
that the linear matrix inequality (LMI) g" <0 holds for all
i€, then the system (30) is stochastic robust stabilization
by the feedback controller u(t, 7).

(30)
M. 0 A, ed; XP' X, m B, Q 0
0 -M 0 0 0 0 0 0 0 0
eAT 0 —el 0 0 0 0 0 0 0
eAL 0 0 eI 0 0 0 0 0 0
" 1
| PX, 0 0 0 -zl 0 0 0 0 0f
X, 0 0 0 0 -M 0 0 0 0
T 0 0 0 0 0 J, 0 0 0
B 0 0 o0 0 0 0 -fI 0 0
Q 0o 0 0 0 0 0 0 -I0

—
w
—_

~—



where R;, 7, J;, Q; and u(t, i) are the same as the definition
in Theorem 2.

On the whole, through the above certification process of

two theorems and lemma, it is proved completely.
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