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This paper considers exponential stabilization for a class of coupled hybrid stochastic delayed bidirectional associative memory
neural networks (HSD-BAM-NN) with reaction-diffusion terms. A periodically intermittent controller is proposed to exponentially
stabilize such an unstable HSD-BAM-NN, and sufficient conditions of the closed-loop BAM-NN system with exponential
stabilization are derived by using Lyapunov-Krasovskii functional method, stochastic analysis techniques, and integral inequality
property, which decide the basic parameters of the proposed controller. Furthermore, a framework to establish simulation algorithm
with sampled states is presented to implement the stabilization controller. With a HSD-BAM-NN model of power synchronization
in a photovoltaic (PV) array field, we illustrate numerical simulation results to verify the correctness and effectiveness of the

proposed controller.

1. Introduction

Spurred by pioneering works on the neural networks models
with BAM in Kosko [1-3], much attention has been paid
to BAM-NN owning to its various applications in image
processing, pattern recognition, automatic control [4, 5],
associate memory, parallel computing [6], and optimization
[7]. 1t is worth noting that the results of global stability
for BAM models obtained in [1-3] require severe constraint
conditions of symmetric connection weight matrix. In the
neural networks with very large scale circuits, it is difficult
for a practical NN system to satisfy the absolutely symmetric
conditions in BAM models. Recently, the stability analysis of
BAM neural networks has been paid considerable attention,
and many stability conditions of such NN models have been
reported in the published literature [8-22]. Since diffusion
effects cannot be avoided in the neural networks, in a physical
sense, when electrons are moving in asymmetric electromag-
netic fields, it is more valuable to consider the alternative
activation of neurons in an available space as well as in a
given time interval. Therefore, the model of BAM neural

networks could be formulated as partial differential equations
(PDE) instead of only ordinary differential equations (ODE)
[9, 11]. Based on PDE models, many contributions have been
published focusing on the stability of BAM neural networks
(BAM-NN) with reaction-diftusion terms by using Lyapunov
functional method and LMI techniques [7, 9, 11-15,17, 18, 23,
24].

Haykin [25] proposed that in real neural networks sys-
tems, synaptic transmission is a stochastic process with noise
released by random electronic fluctuations of the neurotrans-
mitters and other disturbance. Following the experimental
conclusions, Hossain and Anagnostou [26] further stated
that noise posed a basic problem for information processing
which affected all aspects of nervous system function in a
nervous system. Hence, it is also important to study the effects
of noise perturbations existing in neutral networks dynamics.
Literature [8] investigated the stability of stochastic NN for
the first time, which guided followers exploring novel results
of such problems, especially for stochastic NN with reaction-
diffusion terms, and some striking published contributions
can be found in [7, 11-15, 17, 18, 27].
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It is worth mentioning that the hybrid BAM-NN driven
by continuous-time Markov chains have been used to model
many practical systems where they may experience abrupt
changes in their structure and parameters. To consider the
issues of system structures’ abrupt changes, hybrid dis-
turbance, and unreliable subsystem interconnections, the
evolution dynamics of BAM-NN could be modeled as jump
systems [28, 29]. As Markovian jump system was first intro-
duced in [10], two fundamental components have formed
original ideas of considering a jumping system as continuous
state described by differential equations, and discrete-time
state described by a continuous-time finite-state Markovian
process [28-32]. For theory and techniques recently devel-
oped to analyze BAM-NN with Markovian jump factors, here
we mention [11, 22, 24, 28, 29].

In recent literature, a variety of approaches have been
published for the stabilization control of BAM neural net-
works with or without delays and reaction-diffusion terms
which include feedback control [9, 21, 23, 32, 33], impul-
sive control [22, 24, 34], and intermittent control [35-38].
The type of control considered in this paper is intermit-
tent control, which was first introduced to control non-
linear dynamical systems in [39] and has aroused much
interest of researchers due to its merits in engineering
applications. Different from continuous control approaches,
intermittent control is more effective because the system
output is measured intermittently rather than continu-
ously [35]. Some novel contributions of intermittent con-
trol [35, 36, 38] based on the stability analysis of BAM-
NN have been achieved in recent years. Nevertheless, the
complex effects on BAM-NN with stimulation time-varying
delays and stochastic reaction-diffusion terms have not
been considered to use intermittent control in published
results.

Motivated by the above discussion, the main purpose
of this paper is to investigate BAM-NN with delays and
reaction-diffusion terms and focus on its exponential stabi-
lization by designing a periodically intermittent controller
[35, 36, 38]. The main novelties in this paper can be high-
lighted as follows: Firstly, the model under consideration
covers the frequently investigated models which often are
characterized by special cases in structures or systematic
functions. Secondly, most available results have been con-
cerned with the stability problems, and in this technical note,
stochastic stabilization is taken into account and a periodi-
cally intermittent controller with more flexible conditions is
first proposed for such BAM-NN with stochastic reaction-
diffusion terms. Finally, a numerical simulation method
is designed to simulate the behavior of the time-varying
delays stochastic hybrid partial differential equations, which
enriches the theory of delayed stochastic partial differential
equation.

Throughout the paper, we take (Q, F,{F,}.5,P) as a
complete probability space with a filtration {F},., satisfying
the usual conditions; i.e., {F},- is right-continuous and {F},
contains all P-null sets. Let W(¢), t > ¢, be one-dimensional
Brownian motion defined on the probability space. Let r(t),
t > 0, be right-continuous Markov chain on the probability
space taking values in a finite-state space S = {1,2,..., ./}
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with generator I' = (r};) 4. And the transition probability
from model i at time t to model j at time ¢ + A is

P{r¢+A)=j|r@) =i}

YA +0(A), ifi#j (1)

1+y,A+0(A), ifi=j

where A > 0 and lim,_,,0(A)/A = 0. Here, y;; > 0,1 #
j» is the transition probability from model i to model j and
Vi = — Z?Ll j#i Vij- We assume that the Markovian chain r(-)
is independent of the Brownian motion W (+). It is well known
that almost every sample path of (-) is right-continuous step
function with a finite number of simple jumps in any finite
subinterval R, .

2. Preliminaries and Problem Formulation

In this paper, we consider the hybrid stochastic BAM neural
network model with reaction-diffusion terms [11-13, 15],
which are formulated as a couple of neurons’ dynamics
indexed by a pair superscripts of (1, 1)
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X (640,
x§m> (t=7" @), A")) dw ()

where n,m denote the index of a couple of neuron networks
(NN) with N® and N neurons, respectively; i.e., (n,m) =
(1,2) or (2,1). The notations i = 1,2,...,N"™ and j o=
1,2,....N (m) are, respectively, the indices of the neurons in
the nth NN and the mth NN. [*” is the dimension of space
variable vector A, and A™ = (A%, A, ... ,As(”))) €Q,c

(n)
R"™ where ), is a compact set and measurable with smooth
(n)
boundary 99, in space R'", 0 < mesQ, < +oco. The
definition of A" is the same as A and we let A = (A, A?™),
x§") = xlg")(t, A and x?") = x;m)(t, A are the states
of the ith neuron in nth NN and the jth neuron in mth
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> 0) and in space of A, A" respectively.
(n) ()

_ T N(")
= (x X N<"> e R

X = (™, x0T e RN and x = ((x"™)7, (x"™)T)T
to denote the state vectors of the nth, mth, and whole coupled
neural networks respectively T(”)(t) denotes the time delay
satisfying 0 < ) < 7, +"(t) < T
7, 7 f(”)() denotes the activation function of the jth
neuron in mth NN stimulating the ith neurons in the nth

NN. al.(")(r(t)) > 0 denotes changing rate of the ith neuron
under the condition that neural network is disconnected
and no external additional activation exists. b(”)(r(t)) is the

NN at time £(t
For simplicity, we define X
(m)

< 1 with constant

connection weight of neurons in coupled NN and c (r(t))
denotes the corresponding delayed connection welght The
smooth function DEZ)((r(t)))
sion operator of neurons, h(.:')
function of neurons, and VVj(t) is the Brownian motions as
noise acting on the transmission from the jth neuron to the
ith neuron.

According to [9, 10], we present the following initial value
condition for (2):

(5 27) = 6, (s A7), (A7) € [-£9,0) xQy (3
which is with Dirichlet boundary value.
" (tpA™) =0, (6EA") e [-1", +00) x0Q,  (4)
For convenience, we denote all the possible models of
BAM-NN as A”(r(t)) = diag(a{”(r(¢)), -+ ,aln, (r(1))),
BY(r(1) = (b (r(t)yonvon, and C” ey =
(C J(r(1))) oy -

> 0 is the transmission diffu-
is the stochastic disturbance

Definition 1. A stochastic vector x is the solution of system
(2)-(4) if it satisfies the following conditions:
(i) x is adapted to {F };50p

(ii) for T, € R, x € C?;O([O,To] x Qg RW

RN |2 )
e e ], (2 (T o

(iii) for t € R,,

[, = = [ g (02”) 0@
QO QU
t
+ J j —ai(") (r (s)) xE") (s, A(”))
Q, Jo

¢ 1™ Ox (Vl) A(”)

0 ) ( S ) ()
+ Dy’ (r(s) ———— dsdA
LO jo za)tgj) < Ay

k=1

(O N(m)) )

>

2
)> dt) <+00, (5)

N(m)
+ z bj(;l) (r (s)) f;") (x;m) (s, /\(m))) z c(") (r (s))
=

G #0000 s

3
¢t N™
j J Zh(m( ™ (s,/\(")),x;m) (S, A(’”)),
X (s =7 (5),A")) dW; (s) dA.
(6)

Definition 2. The HSD-BAM-NN (2)-(4) is exponentially
stable in pth moment if, for arbitrary model combinations of
(A(7), B(7), C(7))(F € S), the states of the system satisty

. logE (th:l ("x(n) "p))
lim sup

t—00 t

<0 @)

where |x®||P = (IQ |x™PAA P b > 2. To ensure the
0

existence and uniqueness of the solution to system (2)-(4),
we suppose the following assumptions.

Assumption 3. Fori = 1,...,N®
activation function fi(")(-) is bounded with fi(”)(O)

, arbitrary s;,s, € R, the
=0and

(51) f (52) (8)

S =8,

L: < ’

i =

where s; # s, L;, L:.r are constants.

Remark 4. In the above assumption, L7, L:.r could be positive,
negative, or zero. Such an assumption is weaker than the one
in [14] where it demands L; = -L].

Assumption 5. For s;,s,,s; € R, there exits nonnegative

constant G(") satisfying the following.

(h;?) (51> 525 33)) < 051") ( +5+ s3) 9

Asnoted in [6,10], even if the parameters or time-varying
delay in neural networks are appropriately chosen, neural
networks may lead to some phenomena such as instability,
divergence, oscillation, and chaos [10, 11, 40]. In order to
stabilize the BAM-NN system (2)-(4), we introduce the
following periodically intermittent controller

" (5,2
ZKM 0, ur <t <ul+96 (10)
Oj pr+8<t<(u+1)T

where T denotes the control period, ¢ = 0,1,2,--- is the

control periods number, (0 < § < T) is called the control
time width, and Kl.(g’ ) are the control gains.



Under the periodically intermittent controller (10), the
closed-loop systems of (2)-(4) can be described as follows.

l(")
n _ o (pw )
dx ‘(ngﬂ( (r (1) W)—a,. (r (1)

k=1

N N

X+ Y B 0) £ (x) + Y (r (1)
j=1 j=1
N® 11
0,0 + ¥ w) o

N
(n) (, (n)  (m)
+ Zhﬁ (xi X
=1

xy”) (t=7" 1), A")) dw; ()

For the pth moment of x(t, 1), we cite the following
lemma to derive the stability conditions of the system.

Lemma 6 (see [36]). Let Q be a super cuboid set and A =
A Akl €00 > 0), k = 1,2,...,1L If x(t, A) is a real-
valued continuous derivable function as x € C((R*,Q,);R),
x(t, A)IBQO =0, then

j Ix (&, V[P dA
Q
(12)

2 2
<22 ar

0

oA,

3. Main Results

In this section, we present the sufficient conditions for
stability of the controlled HDS-BAM-NN (11). For simplicity,
the following notations are used to state and prove the main
results.

1™
C,gn) = min/é.") Z

res Pt

N p-1 " - "
SS (@)

j=1e=1
_ PT—1 2 (Z 'om) o ‘ o Peyuy (13)
j=1 \?=1
+| ) Pp;:)) mmyﬂ z <(b(m)) o (~')PB;;:
l
+PT—1(' o PG +| ff"”’"’))
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(m) — n
S (S (@i ey
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v = max” | pK;" + ez1 z K
=1
C#i
(15)
+ Z |K(n) Pllpei
é’#l
= maxluﬁ Z ( p-1 <| () PEG | m)|P pu)
(16)
—=(n)
P (= \ Pl
(@) ()
~(n) _ (n) o _
In the above equations, @’ = minzga;" (7), b =

maxzes|b ()], & = maxg |c< '#), D = mmre§D§g>(“),
L; = max{|L]], |L+|} N; = max{|N; |, IN; [}, 4l > o, /4.5.’")
0, and other variable parameters are given as “Zji’ [J’S”)

2ji’
(n) ) (n) =) B .
Egﬂ Ceﬂ 2 O /347],,5@],,(@],, ﬂ, € (0,1) and satisfy that

P (n) p n) _ vP ) _ vp 0 _ yr (n) _
Ze 1 ZZ:l Pei = Z? 15 ZZ 1( ZZ:l i T

€ ji lj ]1 lj ]z Cji €ji
P =) _yp = » P FW _p 7 _
Z?:l e?ij B Z2:1 e]z Ze 1[33]1 Ze 15511 Z2:1 % =1
In order to establish the sufficient conditions, the follow-
ing two assumptions are further introduced.

Assumption 7. The following inequalities holds:

(n)
(n) _ Vl (n)
Si ma Zqu u' - N >0
17)
(n) (n) (n) (n)
n n
k" + o manyrq [/lq (n) >0

where o > 0.
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Here we define a function

(m) _ () ) _ 2 (n)
Hl( ) = Cln in Zyrq ! i 7eS fu?”
(18)
_ W;n)e‘f"r(n)
1- Té")
where é(" € R*. For H;(g;) being continuous derivable, by

1ntermed1ate value theorem, we could conclude that there
exists &, > O satisfying H;(§;) > 0 with & € (0,§).
Similarly, choose €, > 0 and §; € (0, §;,) to have the following
function.

= () () (n) _ ()
F(&)=k" + o —maXZV~ " - gmaxy

(19)
=..(n)
e
N (n)
-1,
Let ¢ = min{§),&,}; we have the uniform inequality as

H;(e) > 0, F;(¢) > 0.

Assumption 8. The following inequality holds: ¢ — o(T -
8)/uT > 0, where Q = max(max1<,<N<n> Ql.(”), max, . j nm Q;.m)),
¢ = min(min;, §‘u~ min;, e§.“~ M.

Theorem 9. Under Assumptions 3-5 and 7-8, the closed-loop
system of (2)-(4) with the periodically intermittent controller
(10) is exponentially stable in pth moment.

Proof. Choose a candidate average Lyapunov-Krasovskii
function [41]

C ([0, 00) X Qg; RNW)JrN(M) xSxR, — R,

(20)
Vr®.0= | vero.nd,
Q
with
2 N®
V(xr(),t) = Z( o Z
(21
O () (o 3 (m\[P
+ N X | (s, A ds
1- T(()") ;’71 L—r"”(t) ' ( )'

where P‘( M >0,
By the generalized It formula [42], we have the follow-
ing.

5
EV (x,7(t),t) = EV (¢, y,7(0),0)
t (22)
+[EJ J LV (x,7(s),s)dAds
0 Ja,
For short expression, denote r(t) = 7, x?f:) = x;m)(t -

(1), A), 7 = x(t - (), A"). By Lemma 2.7 in
[10], we can get the following.
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By employing the absolute value inequality and noticing
that ¥ -1 yf;l) 0, we can obtain the following.
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Applying the fundamental inequality, i.e., a’ +af +--- +
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Substituting (25)-(28) into (24) leads to the following.
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Using Ito’s formula (EV(1)) = E(ZV(t)), we obtain



EV (x,7(t),t) < EV (¢, y,7(0),0)
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where (£, \™) € [uT, uT + 8] x Q.
Similarly, when (¢, Ay € [UT +3, (u+1)T] % Q, we have
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min{minlesy;"), min,esy;m)}.
By using the Gronwall inequality to (34) it yields the
following.

where o =

EV (x,7(t),t)
<EV (x(uT +8,A),r (uT +8),uT +8)  (35)

. (/P -HT-0)

From (33)-(35), we can conclude that
(I) for (t, 1) € ([0,6), Q) and (t,A) € ([T, T + 6),Q,), by
(33), we can, respectively, have

EV (x,7(t),t) < EV (x(0,1),7(0),0), (36)
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[EV(X,?’(t),t) < [EV('X(T’/\);T’(T),T)
) (37)
< EV (x(0,1),7(0),0) @I

(1) for (£, A) € ([8,T),Qq) and (t,A) € ([T + 6,2T), ), by
(35), we can, respectively, have

EV (x,7(),t) < EV (x(0,1),7(0),0) e @Pt0  (38)

-\ maxz}’rq -

(33)

(n)
T (n)
€ i

- (n) >| A(n | dA(n)d

and
EV (x,7(t),t)
<EV(x(T+8,1),r (T +0),T +8)e P10 (39)
< EV (x(0,1),7(0),0) e?PE20),

Repeating above procedure (I)-(II), for (t, A) € [uT, uT +8) x
Q, then y < t/T and

EV (x,7(t),t) < EV (x (4T, A),r (uT), uT)
<EV (x(0,1),7(0),0) &/FDTOx .
and for (t,A) € [uT + 93, (u+ 1)T) x Qy, thent/T < u+ 1 and
EV (x,7(t),1)
<SEV (x(uT +8,1),r (uT +8),uT +93) (41)
L B—pT=0) - 7 (x (0,1),7(0),0) Lle/ED(T=0)t
Hence, for arbitrary (£, 1) € [0,00) x Q,,
EV (x,7(t),1) < EV (x (0,1),7(0),0) @2 (42)
By calculation, we obtain
N

>

Qo j=1

EV (x,7(t),t) > " UE (J

L z|x<m| A )

0]1

(43)

EV (x(0,1),7(0),0)

I
re

Qo =1

T(n)eg.r(n)
+ sup ( max ,IIF")) -
—tM<s<0 1<i<N®™ 1— Ton

e[ Tlna )

Qo j=1
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Nm™

e maxE | oy (047 ar”

0 ] 1
n)
) )T(n)es‘r
T)1-™

0

+ sup < max #(m

-7 <s5<0 ISjSN(”‘)

Nm™

ef, Smearan] -

Q ] 1
(44)

) (45)

SO

<j0;|x j0;|x<m|<u

< Ho - (e—tommT-o))1.
U

Under Assumption 8, Theorem 9 holds.

In Theorem 9, if we let c(”) kg") then 06%13 = ('f),, /391) =

(n) g(n) _ (n) _ e = M gl _ =) &n ) _ —(n)

ﬁé’]z E{’]z Z]z Cé’ i c Eji 6?]1 €]1 62]1 a?ji “?]1’
=n)  =n) )

ﬁ@]z = ﬁ@]z’ E{’]z = EZ];’ CZ]; = CZ];’ 0 = _vz . Thus, we can

obtain the following corollary. O

Corollary 10. Under Assumptions 3-5, system (2)-(4) with
periodically intermittent controllers (10) is exponentially stable
in pth moment if the following conditions hold:

(I v( <0, c(”) (”) - MaXz.g Zq ly:;)[tq ﬂfn)/(l -
) > 0.

(1) e =%(T - 8)/uT > 0, where v = max{max1<l<N<n)|v§")|,
1. = minkmingest” vt

In Theorem 9, letting ci =1/p, cj = 1/p which means

(n) — (n) _ (n) _ (n) _ (n) _

that o2 = 1/p, ﬁ?ﬁ =1/p, ffji =1/p, (iﬁ =1/pand GZji =
1/p, we can get the following.

max1<]<Nm>|v

1 ()
~ 4(p-1)Dy
) _ ) _ () ik, o5
Si _ki —I;lelélpl? <kZ—:1 Pei + pa;
N(m)
~(p-1) Y (BPL; +0'L;)
=1
46
plp-1)XY ) (m) 0
n . m
> Z;|oji ~mn (ur )1
e

We can also have a further extended corollary.

Corollary 11. Under Assumptions 3 to 5, the BAM-NN sys-
tem (2)-(4) with periodically intermittent controllers (10) is

exponentially stable in pth moment if the following conditions
hold:

(I) G " 77§n) — MaXzeg Z =1 yrq (”) ‘(n)/(l -
()T +5" - maxes Y- lyf’;)uq -7 -
g™ >o.

Té”)) > 0.
Té”)) >0,

(1) §-o(T-6)/uT > 0, where § = max{max, _;nm |@f")|,

Max; . ;oo |@{j"‘)|},ﬁ = min{min;egy;”), min;egy;m)}.

Remark 12. Unlike the result in [22], which only considered
the mean square exponential stability of stochastic BAM-
NN with time-varying delays and reaction-diffusion terms,
we design a periodically intermittent controller to exponen-
tially stabilize the unstable neural network in pth moment.
Moreover, the controller (10) is linear which can be easily
implemented in practice.

Algorithm 13. For the periodically intermittent controller (10)
of the BAM-NN system (2)-(4), we summarize the following
algorithm to implement the controller.

(1) By instigating a practical systeni’s structure and dynam-
ics’ characterization with its disturbance, we can develop a
model of the BAM-NN system, i.e., S, y;;. Supposing and
examining the transition probability P(-) as well as the main
parameters of each mode, we can have AD(r (1)), B(r(t)),

) (r(t)) and other relations of their states.

(2) By using (13)-(16) and Corollary 11, we can calculate the
values of stabilization indices of the system and the controller
gains K;; with the parameters of BAM-NN.

(3) Choose a numerical solution to the stochastic partial
differential equation (SPDE) to simulate the sample states
of BAM-NN. Here we use a so-called estimation-correction
method, which is based on the following main steps [43].

Firstly, with given steps H, L of simulation time interval
t € [0,t;] and space Ay € [Apin> Apaxic] € Q. we can get the
grids of time and space, i.e., t, = hAt,h = 0,1,2,...,H, A} =
IAM1=0,1,2,...,L, by which we define a numerical solution
to BAM-NN as x' = x(t;,A) =[xVt A, x2 (1, 1™
Then we denote SF(x)') = A(r(t,)x + B(r(t,))f(xl) +
Cr(t) fx)”™) + K + bl 2™ )(W (1) =W (1) /),
where 7, = 7(t;,)/ At is an integer times of 7(t;,) to At.

Secondly, according to the basic formulation of SPDE (2)
with its discretized time and space, we have an estimation
formula for the numerical solution x|

At
xj+ S2F (x) = —BD I 4 (1 4 pD) K12

(47)
_ BthH/Z

2 I-1

where xf”/z = x(t,+(1/2)At, L), p = At/AN, Tis an identity

matrix with suitable dimensions. By the boundary function

(4), we can calculate the values of xg”/z and le/z. Then we

can solve three diagonal linear equations from (47) to get an
h+1/2
estimated value of x,
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FIGURE L: Equivalent topology structure of a grid-connected PV power system with series multiple inverters.

h+1/2

Finally, based on the estimated value of x;""'*, we have a
further correction formula as follows.
- ng;’: +(I+pD)x™ - ngffll
= ngth +(I-pD)x]' + §Dx1h—1 (48)

+ AtSF (x*1?)

Similarly, we also transfer formulation (48) to three diagonal
linear equations and calculate the numerical solution xlh with
permitted calculation errors.

(4) Comparing the sampled data profiles of the simulation
states from (1)-(3) in Algorithm 13 with the measured data
profiles from the aimed practical system, we can identify the
validness of the model and performance of the controlled BAM-
NN system. Furthermore, we can improve the parameters and
control gains to obtain a better model by repeating steps (1)-(3).

4. Numerical Simulation of
an Illustrative Application

For a grid-connected photovoltaic (PV) power generation
system with series-connected inverters, which is illustrated
by it is equivalent topology structure in Figure 1, every
branch-circuit with a group of PV panels penetrates power
into utility grid via a inverter. Since the current/power
(I;, P;) generated by the ith group of PV panels is strongly
dependent on operating conditions and field factors, such as
sun geometric locations, their irradiation levels (R;) of the
sun and the ambient temperature (T;) stochastically fluctuate
with the environmental factors of PV power fields. Thus it
is technically necessary to maintain power synchronization
of series-connected inverters to improve their output power
and standard voltage and current [44]. For this purpose, we
need to develop a model with power and current difference
between every couple-connected PV inverter based on basic
photovoltaic model of PV panels [44, 45], which can be mod-
eled as a HSD-BAM-NN ((2)-(4)), and the power/current
difference (AP, i Iij) is taken as states x(t) with irradiation
levels (R;) as the space variable A. It is assumed that the
temperature difference can be ignored. By [44, 45], we

formulate every part of BAM-NN ((2)-(4)) and calculate the
parameters in the model; i.e., the modeled BAM-NN (2) has
the same coeflicient matrix, which is denoted as follows.

[496 6.34] 0 )
D —
[8.05 6.76]

028 0
0 018

042 0
0 035

< 0
03 04
12 03 0 )
B, = 02 0.2
10 -0.5

01 03
02 03

0
C. =

r

-0.2 0.2
-0.4 -0.1

Firstly, we get the initial value conditions
= (5, A(l)) =e (cos (271/\(1)) - 1)

@ (5, A(z)) = ¢* sin (47‘[A(2))

(50)

where (5,A%) € [-2,0] x Qg Q, = [0.5,8.6]. And the
boundary value functions are taken as follows.

*(£,0.5) = 2.3
W (t,8.6) = 6.95
x? (£,0.5) = 1.8, (51)

x? (t,8.6) = 0.34,

t>-2
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FIGURE 2: Unstable sample state surface of xm(t, A) in HSD-BAM-
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600 -

@)
[\*)
[—3
(=}
]

-200 -

FIGURE 3: Unstable sample state surface of xm(t, A) in HSD-BAM-
NN’s simulation with no control.

Denote 7 (t) = 0.8 sin((rr/4)t + 0.2), 7% (£) = 1/(1 + 0.3¢");
the generator of the Markovian chain is as follows.

4 4
r= ¢ 3 (52)
2 2

The activation functions are f(x) = (3/4) sin x + (1/4)x,
g(x) = (1/2)(Ix + 1] — |x — 1]), and the stochastic disturbed
functions are hf(sl, $5,83) < 0.01(5% + sg + sg), h%(sl,sz,s3) <
0.02(s + 53 + 53).

According to the given structure and parameters of the
BAM-NN (2)-(4), we can perform the numerical simulations
in instability and stabilization cases.

(1) Instability. Using Algorithm 13 in Section 3, the sample
states x(t, A) of BAM-NN (2) are calculated, and the surfaces
of (¢, A) versus x(t, A) are shown in Figures 2 and 3, while the
t versus x(t, A) profile curves are shown in Figures 4 and 5.
These figures show the instability behavior.

(2) Stabilization. Let p = 2, (4(1) = yiz) =1, /42 = /452) =
By (13)-(16), we can calculate that L =-1/2,L* = 1,N” =
0,N* 1 ™ = 1,7 = 1/4,¢" = k; = -1.43,7, = 2.84,

-1,33, ﬁ;z) = 2.82,] = 1, 2. The gain coefficients

11
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FIGURE 4: Unstable sample state profiles of x@(t, 1) in HSD-BAM-
NN’s simulation with no control.
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FIGURE 5: Unstable sample state profiles of x(t, 1) in HSD-BAM-
NN’s simulation with no control.

of periodically intermittent controllers (10) are obtained as
follows by sufficient conditions

2.95 2.86
K=-
342 1.6
Furthermore, we can get the indices’ values of the stable

conditions of HSD-BAM-NN with 7 = 7" = ~18.56,7\? =

~(2 1 1 1 (1 1
7O = 25.02,¢0 - ()_maX%S r 1%( )#;1) A0 /(1-7) >

0,¢ "(2) @ _maxycs Zq 1Yrq #;z) 72 (1-1?) > 0,i=1,2.
Also, we have & "(1) "gl) = 3.15, 552) = ggz) = 8.399. From
(III) in Corollary 11, we know that € — %(T - 8)/uT > 0.
Letting 6 = 3.6, T = 5, we can calculate the sample stabilized
states of the controlled system. The trend surfaces of (¢, 1)
versus x(f, A) are shown in Figures 6 and 7 with the profile
curves of t versus x(t, A) in Figures 8 and 9. From the states’
trends, we can see that an unstable system (2)-(4) can be
stabilized by the controller (10) with appropriate parameters,
which theoretically shows that the output power of connected
PV panels can be synchronized to a given level with its BAM-
NN model, even though the power stochastically fluctuate.

(53)

-
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FIGURE 7: Sample state surface of x?(t, 1) in HSD-BAM-NN’s
simulation with controller (10).

xDt, 1)

0 5 10 15
t

FIGURE 8: Sample state profiles of x'"(t,1) in HSD-BAM-NN’s
simulation with controller (10).
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FIGURE 9: Sample state profiles of x?(t,A) in HSD-BAM-NN’s
simulation with controller (10).

5. Conclusion

In this paper, a hybrid stochastic delayed BAM neural
network is considered for its stabilization problem and a
periodically intermittent controller is designed to stabilize
an unstable HSD-BAM-NN with an exponential conver-
gence property. The sufficient conditions of exponential
stabilization of HSD-BAM-NN are derived by Lyapunov-
Krasovskii functional method, stochastic analysis techniques,
and integral inequality. And the framework is established
to give a solution algorithm to the sufficient conditions.
The simulation results of the grid-connected photovoltaic
(PV) power generation system verify the effectiveness of the
proposed controller.
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