
Miskolc Mathematical Notes HU e-ISSN 1787-2413
Vol. 24 (2023), No. 3, pp. 1495–1513 DOI: 10.18514/MMN.2023.4028

STATE ESTIMATION OF MEMRISTOR-BASED STOCHASTIC
NEURAL NETWORKS WITH MIXED VARIABLE DELAYS

RAMASAMY SARAVANAKUMAR AND HEMEN DUTTA

Received 11 December, 2021

Abstract. This paper studies the state estimation problem for memristor-based stochastic neural
networks (MSNNs) with mixed variable delays. A new Lyapunov-Krasovskii functional (LKF)
with quadruple integral terms is incorporated. Then, asymptotic stability conditions are estab-
lished for the error system using a linear matrix inequality technique. The estimator gain can be
obtained by solving the linear matrix inequalities. Numerical simulations are given to demon-
strate the effectiveness and superiority of the new scheme.
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1. INTRODUCTION

The memristor-based neural networks (MNNs) made of hybrid complementary
metal-oxide semiconductors have a vast range of applications in bioinspired engi-
neering [5, 7, 8]. One can get a good range of useful applications in new classes of
artificial neural systems [8], neural learning circuits [15], associative memories [5] by
investigating MNNs. Recently, many research works have been published on MNNs
[4, 12]. In the electronic circuit implementation of the neural networks (NNs), time
delay plays a vital role due to the finite switching speed of amplifiers [3, 16]. The
existence of time delays may cause divergence and instability in system performance
[16]. A particular class of time delay exists in engineering systems, called time-
varying interval delays, which generally exists in networked control systems [23]. In
the previous decade, distributed delays were found in the realistic NN model, and
significant research attention was brought to the stability of NNs with discrete and
distributed time-varying delays [1, 24]. Thus, analyzing the dynamics of NNs with
mixed variable delays has attracted more research attention [4, 12].
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In practice, synaptic transmission is a silent process brought on by the cause of
random probabilities in the actual neuron system. The methods in [1, 20] show that
some stochastic inputs can destabilize or degrade NNs. So, it is essential to study
stochastic perturbations, and their effects on the NNs [18, 22]. In addition, the state
estimation problem for stochastic neural networks (SNNs) is a more challenging task
than for the deterministic NNs. Thus, it is of great importance to study state estima-
tion problems for NNs with stochasticities [6, 19].

The state estimation problem for NNs has brought up a lot of research interest in
the current decade (see [9, 10]). There are some difficulties in estimating the neur-
ons in NNs due to the complicated composition of NNs. Therefore, it is challenging
and essential to study the state estimation problem of NNs. In recent years, the state
estimation of NNs was proposed in [2, 11, 14, 17]. In [18], synchronization of MS-
NNs with mixed delays has been proposed. Stability criteria for MSNNs with mixed
delays were considered in [14]. State estimation problem for delayed generalized
NNs was studied in [16]. Exponential stability of uncertain SNNs with mixed delays
was established in [6]. Stability criteria for Markovian jump static SNNs with time
delays are considered in [19]. To the author’s best knowledge, state estimation of
MSNNs with mixed variable delays has not been completely studied yet. Hence, our
primary intention is to study the state estimation for delayed MSNNs.

The main contribution of this paper are as follows:

(1) Most of the existing results in the literature consider the state estimation prob-
lems for only deterministic cases. Therefore, the state estimation problem for
MSNNs with mixed variable delays is considered in this paper. A novel ap-
proach is proposed to solve the considered problem.

(2) In this article, a stochastic quadruple integral LKF is proposed to deal with
the state estimation problem for MSNNs with mixed time-varying delays.

(3) The quadruple integral term of activation function such as∫ 0

−ϑ1

∫ 0

ρ

∫ 0

χ

∫ t

t+κ

e(s)dsdκdχdρ and
∫ −ϑ1

−ϑ2

∫ 0

ρ

∫ 0

χ

∫ t

t+κ

e(s)dsdκdχdρ

are utilized in estimating the time derivative of the LKF.

From the above comments, the main focus is on the state estimation problem for
MSNNs with mixed variable delays. By establishing a new quadruple stochastic
integral LKF and using the linear matrix inequalities (LMIs) technique, a sufficient
condition for the feasibility of the state estimation problem has been presented, which
assures the asymptotic stability of the estimation error system. At last, an example is
provided to reveal the usefulness and superiority of our approach.

Notation 1. Rn denotes the n-dimensional Euclidean space, and Rn×n denotes the
set of all n× n real matrices. Y T denotes the matrix transpose of Y . X > 0 denotes
that X is a real symmetric positive definite matrix. I denotes the identity matrix. ∗
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denotes the term that is induced by symmetry. diag{a,b, . . . ,z} denotes the block-
diagonal matrix with a,b, . . . ,z in the diagonal entries.

2. PROBLEM STATEMENT AND PRELIMINARIES

As in [5], the memductance of a memristor is given as ϖ(φ) = dq̂(φ)
dφ

, where dq̂(φ)
denotes the charge passing through the memristor and φ denotes the flux. Since q and
φ, respectively, represent the time integral of the current i(t) and voltage ν(t) applied
to the memristor; namely q(t) =

∫ t
−∞

i(τ)dτ, and φ(t) =
∫ t
−∞

ν(τ)dτ the memductance
ϖ is the function of voltage v and ϖ(v) = dq̂(φ)

dφ
= dq/dt

dφ/dt =
i(t)
ν(t) .
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FIGURE 1. Typical cur-
rent voltage characteris-
tic of memristor with a
sinusoidal current source
[8].

FIGURE 2. Characteris-
tic of the Piece-wise li-
near model of memristor
[8].

The mathematical model of the memductance is presented to accurately describe
the memory function and the hysteresis properties of the memory, according to the
current-voltage characteristics of the memory in Figure 1:

ϖ(ν(t)) =


ϖ′(ν(t)), ν(s) ↓,s ∈ (t−ρ, t];
ϖ′′(ν(t)), ν(s) ↑,s ∈ (t−ρ, t];
lims→t− ϖ(ν(s)), ν(s) unchage, s ∈ (t−ρ, t],

(2.1)

where ↑means increase, ↓means decrease, ρ is a sufficiently small positive constant,
lims→t− is either equal to ϖ′(ν(t)) or ϖ′′(ν(t)), and it means that the memductance
keeps the voltage value. Hence, the memductance function may be discontinuous.
As mentioned in [5], the memristor must display two adequate equilibrium levels,
R0 and R1, where R0 � R1, which makes it easy to switch between high resistance
levels. Fast resistance as low as possible, or vice versa when consuming as little
energy as possible. Therefore, with this property a memductance of the memristor
can be defined as (2.1), where the constants defined by ϖ′(ν(t)) = ϖ′ and ϖ′′(ν(t)) =
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ϖ′′. Figure 2 shows the current-voltage characteristics of this memristor. The use of
memristors to change the resistance of the circuit sensor in the connection of the NN
called the MNN. Now, consider the MSNN model based on the methods in [8]:

dx(t) = [−Ax(t)+W0(x) f (x(t))+W1(x) f (x(t−ϑ(t)))

+W2(x)
∫ t

t−d(t)
f (x(s))ds]dt +[Ex(t)+E1x(t−ϑ(t))

+H0(x) f (x(t))+H1(x) f (x(t−ϑ(t)))

+H2(x)
∫ t

t−d(t)
f (x(s))ds]dv(t),

(2.2)

where

x(t) = [x1(t),x2(t), . . . ,xn(t)]
T is the state vector;

A = diag{a1(t),a2(t), . . . ,an(t)},
W0(x) = [w0i j ( f j(x j(t))− xi(t))]n×n ,

W1(x) = [w1i j( f j(x j(t−ϑ(t)))− xi(t))]n×n ,

W2(x) =
[

w2i j

(∫ t

t−d(t)
f j(x j(s))ds− xi(t)

)]
n×n

,

H0(x) = [h0i j( f j(x j(t))− xi(t))]n×n ,

H1(x) = [h1i j( f j(x j(t−ϑ(t)))− xi(t))]n×n ,

H2(x) =
[

h2i j(
∫ t

t−d(t)
f j(x j(s))ds)− xi(t))

]
n×n

are the feedback connection weight matrices. ϑ(t), and d(t) are respectively repres-
enting the time-varying and time-varying distributed delays.

Assumption 1. There exist scalars ϑ1 > 0, ϑ2 > 0, µ ≥ 0 and d > 0 such that
0≤ ϑ1 ≤ ϑ(t)≤ ϑ2, ϑ̇(t)≤ µ and 0≤ d(t)≤ d, respectively.

Assumption 2. Each neuron activation function fi(t) (i = 1,2, . . . ,n) is continu-
ous and bounded, and satisfies the Lipschitz condition: | f (x1)− f (x2)| ≤F |(x1−x2)|,
with F ∈Rn×n and x1,x2 ∈R, x1 6= x2 are constants. The network measurements are
assumed to satisfy:

y(t) =Cx(t)+ l(t,x(t)),

where y(t) ∈ Rn is the network measurement, C is a known constant matrix with
appropriate dimension, l : R×Rn→Rm is the neuron-dependent nonlinear disturb-
ances on the network outputs, and satisfies: |l(t,x1)− l(t,x2)| ≤ |L(x1− x2)|, with
L ∈Rn×n. Consider the full-order state estimator ([21]):

dx̂(t) = [−Ax̂(t)+W0(x) f (x̂(t))+W1(x) f (x̂(t−ϑ(t)))
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+W2(x)
∫ t

t−d(t)
f (x̂(s))ds+K[y(t)−Cx̂(t)− l(t, x̂(t))]]dt +[Ex̂(t)

+E1x̂(t−ϑ(t))+H0(x) f (x̂(t))+H1(x) f (x̂(t−ϑ(t)))

+H2(x)
∫ t

t−d(t)
f (x̂(s))ds]dv(t), (2.3)

where x̂(t) ∈ Rn denotes the estimated state, and K ∈ Rn×m is the estimator gain
matrix to be calculated. Define the error state e(t) = x(t)− x̂(t). From (2.2) and
(2.3), one can obtain the following error system:

de(t) = [−Ae(t)+W0(x)ϕ(t)+W1(x)ϕ(t−ϑ(t))+W2(x)ϒ1

−KCψ(t)]dt +[Ee(t)+E1e(t−ϑ(t))+H0(x)ϕ(t)

+H1(x)ϕ(t−ϑ(t))+H2(x)ϒ1]dv(t),
(2.4)

where ϒ1 =
∫ t

t−d(t) ϕ(s)ds, e(t) = [e1(t),e2(t), . . . ,en(t)]T ∈Rn is the state vector of
the transformed system and ϕ(t) = f (x(t))− f (x̂(t)) with ϕ(t) = [ϕ1(t), . . . ,ϕn(t)]T .

Definition 1. For the error-state system (2.4) and every ς ∈ L2
F0
([−ϑ2,0];R n)

where ϑ2 is the upper bound of the time delay, the trivial solution is globally asymp-
totically stable if it is locally stable in the sense of Lyapunov and globally attractive.

3. MAIN RESULTS

Theorem 1. For given positive scalars ϑ1,ϑ2,µ,d and the matrix K, the error-state
system (2.4) of MSNN (2.2) and (2.3) is globally asymptotically mean-square stable
if there exist matrices P5×5 > 0, R j > 0, ( j = 1,2,3), Sp > 0, (p = 1,2,3,4,5), Tq >
0, Zq > 0, q = (1,2,3,4,5,6) and any appropriate dimensional matrices Ps, Qs, Rs,
Ss, Ts, Us, Vs, (s = 1,2), such that the following LMI hold for i = 1,2,3:

Π̂i =

[
Πi

1 Πi
2

∗ Πi
3

]
< 0, (3.1)

where

Π
i
1 = Πr×s, (i = 1,2,3, r,s = 1,2, . . . ,12),

P=


P11 P12 P13 P14 P15
∗ P22 P23 P24 P25
∗ ∗ P33 P34 P35
∗ ∗ ∗ P44 P45
∗ ∗ ∗ ∗ P55

 , R j =

[
R j

11 R j
12

∗ R j
22

]
, ( j = 1,2,3)

Π1,1 =−P11A−AT P11 +P12 +PT
12 +R1

11 +ϑ1S1 +ϑ21S2 +P1 +P T
1 +ϑ1S1

+ϑ1S T
1 +ϑ21T1 +ϑ21T T

1 +
ϑ2

1
2

U1 +
ϑ2

1
2

UT
1 +

ϑ2
2−ϑ2

1
2

V1 +
ϑ2

2−ϑ2
1

2
V T

1

+ ε1FT F + ε3LT L,
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Π1,2 = P T
2 −Q1 +R1 +ϑ1S T

2 +ϑ21T T
2 +

ϑ2
1

2
UT

2 +
ϑ2

2−ϑ2
1

2
V T

2 ,

Π1,3 =−P12 +P13−P1 +Q1, Π1,4 =−R1−P13, Π1,5 = P11W0 +P14 +R1
12,

Π1,6 = P11W1, Π1,7 = P15−P14, Π1,8 =−P15, Π1,9 =−P11KC,

Π1,10 = P11W2, Π1,11 =−AT P14 +P24, Π1,12 =−AT P15 +P25,

Π2,2 =−(1−µ)R2
11−Q2−Q T

2 +R2 +R T
2 + ε2FT F, Π2,3 =−P2 +Q2,

Π2,4 =−R2, Π2,6 =−(1−µ)R2
12, Π3,3 =−R1

11 +R2
11 +R3

11,

Π3,7 =−R1
12 +R2

12 +R3
12, Π3,11 =−P24 +P34, Π3,12 =−P25 +P35,

Π4,4 =−R3
11, Π4,8 =−R3

12, Π4,11 =−P34, Π4,12 =−P35,

Π5,5 = R1
22 +d2S3 +ϑ

2
1S4 +ϑ

2
21S5− ε1, Π5,11 =W T

0 P14 +P44,

Π5,12 =W T
0 P15 +P45, Π6,6 =−(1−µ)R2

22− ε2, Π6,11 =W T
1 P14,

Π6,12 =W T
1 P15, Π7,7 =−R1

22 +R2
22 +R3

22, Π7,11 =−P44 +PT
45,

Π7,12 =−P45 +P55, Π8,8 =−R3
22, Π8,11 =−PT

45,

Π8,12 =−P55, Π9,9 =−ε3, Π9,11 =−CT KT P14,

Π9,12 =−CT KT P15, Π10,10 =−S3, Π10,11 =W T
2 P14,

Π10,12 =W T
2 P15, Π11,11 =−S4, Π12,12 =−S5, ϑ21 = ϑ2−ϑ1,

Π
1
2 =

[
Ω1

(
−ϑ1P̃ − ϑ2

1
2

S̃ −
ϑ3

1
6

Ũ
)

ÊT P11 ϑ1ÂT T1
ϑ2

1
2

ÂT T3
ϑ3

1
6

ÂT T5

ϑ1ÊT Z1
ϑ2

1
2

ÊT Z3
ϑ3

1
6

ÊT Z5 P̃ ϑ1S̃
ϑ2

1
2

Ũ
]
,

Π
2
2 =

[
Ω2

(
−ϑ21Q̃ − ϑ2

2−ϑ2
1

2
T̃ −

ϑ3
2−ϑ3

1
6

Ṽ
)

ÊT P11 ϑ21ÂT T2

ϑ2
2−ϑ2

1
2

ÂT T4
ϑ3

2−ϑ3
1

6
ÂT T6 ϑ21ÊT Z2

ϑ2
2−ϑ2

1
2

ÊT Z4
ϑ3

2−ϑ3
1

6
ÊT Z6

Q̃ ϑ21T̃
ϑ2

2−ϑ2
1

2
Ṽ
]
,

Π
3
2 =

[
Ω2

(
−ϑ21R̃ − ϑ2

2−ϑ2
1

2
T̃ −

ϑ3
2−ϑ3

1
6

Ṽ
)

ÊT P11 ϑ21ÂT T2

ϑ2
2−ϑ2

1
2

ÂT T4
ϑ3

2−ϑ3
1

6
ÂT T6 ϑ21ÊT Z2

ϑ2
2−ϑ2

1
2

ÊT Z4
ϑ3

2−ϑ3
1

6
ÊT Z6

R̃ ϑ21T̃
ϑ2

2−ϑ2
1

2
Ṽ
]
,
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Π
1
3 =

[
−ϑ1S1

(
−ϑ1T1−

ϑ2
1

2
T3−

ϑ3
1

6
T5

)
−P11 −ϑ1T1 −

ϑ2
1

2
T3 −

ϑ3
1

6
T5

−ϑ1Z1 −
ϑ2

1
2

Z3 −
ϑ3

1
6

Z5 −Z1 −ϑ1Z3 −
ϑ2

1
2

Z5

]
,

Π
2
3 =

[
−ϑ21S2

(
−ϑ1T2−

ϑ2
2−ϑ2

1
2

T4−
ϑ3

2−ϑ3
1

6
T6

)
−P11 −ϑ21T2

−ϑ2
2−ϑ2

1
2

T4 −
ϑ3

2−ϑ3
1

6
T6 −ϑ21Z2 −

ϑ2
2−ϑ2

1
2

Z4 −
ϑ3

2−ϑ3
1

6
Z6

−Z2 −ϑ21Z4 −
ϑ2

2−ϑ2
1

2
Z6

]
,

Π
3
3 =

[
−ϑ21S2

(
−ϑ21T2−

ϑ2
2−ϑ2

1
2

T4−
ϑ3

2−ϑ3
1

6
T6

)
−P11 −ϑ21T2

−ϑ2
2−ϑ2

1
2

T4 −
ϑ3

2−ϑ3
1

6
T6 −ϑ21Z2 −

ϑ2
2−ϑ2

1
2

Z4 −
ϑ3

2−ϑ3
1

6
Z6

−Z2 −ϑ21Z4 −
ϑ2

2−ϑ2
1

2
Z6

]
,

Ω1 =

[(
ϑ1P22−ϑ1AT P12−ϑ1S1−

ϑ2
1

2
U1

) (
−ϑ1S2−

ϑ2
1

2
U2

)
(
−ϑ1P22 +ϑ1PT

23
)
−ϑ1PT

23
(
ϑ1W T

0 P12 +ϑ1PT
24
)

ϑ1W T
1 P12(

−ϑ1PT
24 +ϑ1PT

25
)
−ϑ1PT

25 −ϑ1CT KT P12 ϑ1W T
2 P12 0 0

]
,

Ω2 =

[(
ϑ21P23−ϑ21AT P13−ϑ21T1−

ϑ2
2−ϑ2

1
2

V1

) (
−ϑ21T2−

ϑ2
2−ϑ2

1
2

V2

)
(−ϑ21P23 +ϑ21P33) −ϑ21P33

(
ϑ21W T

0 P13 +ϑ21PT
34
)

ϑ21W T
1 P13

(
−ϑ21PT

34 +ϑ21PT
35
)
−ϑ21PT

35 −ϑ21CT KT P13

ϑ21W T
2 P13 0 0

]
,

Ê = [E E1 0 0 H0 H1 0 0 0 H2 0 0] ,

Â = [A 0 0 0 W0 W1 0 0 −KC W2 0 0] ,

P̃ T =
[
P T

1 P T
2 01×10

]
, Q̃ T =

[
Q T

1 Q T
2 01×10

]
,

R̃ T =
[
R T

1 R T
2 01×10

]
, S̃ T =

[
S T

1 S T
2 01×10

]
, T̃ T =

[
T T

1 T T
2 01×10

]
,

ŨT =
[
UT

1 UT
2 01×10

]
, Ṽ T =

[
V T

1 V T
2 01×10

]
.
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Proof. Choose the LKF:

V (et) =
5

∑
p=1

Vp(et), (3.2)

where

V1(et) = η
T
1 (t)Pη1(t),

V2(et) =
∫ t

t−ϑ1

η
T
2 (s)R1η2(s)ds+

∫ t−ϑ1

t−ϑ(t)
η

T
2 (s)R2η2(s)ds+

∫ t−ϑ1

t−ϑ2

η
T
2 (s)R3η2(s)ds,

V3(et) = ϒ2eT (s)S1e(s)dsdρ+ϒ3eT (s)S2e(s)dsdρ+d
∫ 0

−d

∫ t

t+ρ

ϕ
T (s)S3ϕ(s)dsdρ

+ϑ1ϒ2ϕ
T (s)S4ϕ(s)dsdρ+ϑ21ϒ3ϕ

T (s)S5ϕ(s)dsdρ,

V4(et) = ϒ2z
T (s)T1z(s)dsdρ+ϒ3z

T (s)T2z(s)dsdρ+ϒ4z
T (s)T3z(s)dsdχdρ

+ϒ5z
T (s)T4z(s)dsdχdρ+ϒ6z

T (s)T5z(s)dsdκdχdρ

+ϒ7z
T (s)T6z(s)dsdκdχdρ,

V5(et) = ϒ2y
T (s)Z1y(s)dsdρ+ϒ3y

T (s)Z2y(s)dsdρ+ϒ4y
T (s)Z3y(s)dsdχdρ

+ϒ5y
T (s)Z4y(s)dsdχdρ+ϒ6y

T (s)Z5y(s)dsdκdχdρ

+ϒ7y
T (s)Z6y(s)dsdκdχdρ,

and

η1(t) =
[

eT (t)
∫ t

t−ϑ1

eT (s)ds
∫ t−ϑ1

t−ϑ2

eT (s)ds
∫ t

t−ϑ1

ϕ
T (s)ds

∫ t−ϑ1

t−ϑ2

ϕ
T (s)ds

]T

,

η2(t) =
[
eT (s) ϕ

T (s)
]T

,

z(s) =−Ae(t)+W0ϕ(t)+W1ϕ(t−ϑ(t))+W2ϒ1−KCψ(t),

y(s) = Ee(t)+E1e(t−ϑ(t))+H0ϕ(t)+H1ϕ(t−ϑ(t))+H2ϒ1,

ϒ2 =
∫ 0

−ϑ1

∫ t

t+ρ

, ϒ3 =
∫ −ϑ1

−ϑ2

∫ t

t+ρ

, ϒ4 =
∫ 0

−ϑ1

∫ 0

ρ

∫ t

t+χ

,

ϒ5 =
∫ −ϑ1

−ϑ2

∫ 0

ρ

∫ t

t+χ

, ϒ6 =
∫ 0

−ϑ1

∫ 0

ρ

∫ 0

χ

∫ t

t+κ

, ϒ7 =
∫ −ϑ1

−ϑ2

∫ 0

ρ

∫ 0

χ

∫ t

t+κ

.
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Using Ito’s formula ([13]), the generator LV for the evolution of V (xt) in (3.2) is
therefore given by

dV (et) = LV (xt)dt +2[eT (t)P11y(t)+
∫ t

t−ϑ1

eT (s)dsPT
12y(t)+

∫ t−ϑ1

t−ϑ2

eT (s)dsPT
13y(t)

+
∫ t

t−ϑ1

ϕ
T (s)dsPT

14y(t)+
∫ t−ϑ1

t−ϑ2

ϕ
T (s)dsPT

15y(t)]dv(t), (3.3)

where

LV (et) =
5

∑
p=1

LVp(xt),

LV1(et) = 2
[

eT (t)
∫ t

t−ϑ1

eT (s)ds
∫ t−ϑ1

t−ϑ2

eT (s)ds
∫ t

t−ϑ1

ϕ
T (s)ds

∫ t−ϑ1

t−ϑ2

ϕ
T (s)ds

]
P×

[
z(t)T e(t)T − e(t−ϑ1)

T e(t−ϑ1)
T − e(t−ϑ2)

T

ϕ(t)T −ϕ(t−ϑ1)
T

ϕ(t−ϑ1)
T −ϕ(t−ϑ2)

T ]T +yT (t)P11y(t),

LV2(et)≤ η
T
2 (t)R1η2(t)−η

T
2 (t−ϑ1)[−R1 +R2 +R3]η2(t−ϑ1)

− (1−µ)ηT
2 (t−ϑ(t))R2η2(t−ϑ(t))−η

T
2 (t−ϑ2)R3η2(t−ϑ2),

LV3(et) = eT (t)[ϑ1S1 +ϑ21S2]e(t)−
∫ t

t−ϑ1

eT (s)S1e(s)ds−
∫ t−ϑ1

t−ϑ2

eT (s)S2e(s)ds

+ϕ
T (t)[d2S3 +ϑ

2
1S4 +ϑ

2
21S5]ϕ(t)−d

∫ t

t−d
ϕ

T (s)S3ϕ(s)ds

−ϑ1

∫ t

t−ϑ1

ϕ
T (s)S4ϕ(s)ds−ϑ21

∫ t−ϑ1

t−ϑ2

ϕ
T (s)S5ϕ(s)ds,

LV4(et) = zT (t)[ϑ1T1 +ϑ21T2 +

(
ϑ2

1
2

)
T3 +

(
ϑ2

2−ϑ2
1

2

)
T4 +

(
ϑ3

1
6

)
T5

+

(
ϑ3

2−ϑ3
1

6

)
T6]z(t)−

∫ t

t−ϑ1

zT (s)T1z(s)ds−
∫ t−ϑ1

t−ϑ2

zT (s)T2z(s)ds

−ϒ2z
T (s)T3z(s)dsdρ−ϒ3z

T (s)T4z(s)dsdρ

−ϒ4z
T (s)T5z(s)dsdχdρ−ϒ5z

T (s)T6z(s)dsdχdρ,

LV5(et) = yT (t)[ϑ1Z1 +ϑ21Z2 +

(
ϑ2

1
2

)
Z3 +

(
ϑ2

2−ϑ2
1

2

)
Z4 +

(
ϑ3

1
6

)
Z5

+

(
ϑ3

2−ϑ3
1

6

)
Z6]y(t)−

∫ t

t−ϑ1

yT (s)Z1y(s)ds−
∫ t−ϑ1

t−ϑ2

yT (s)Z2y(s)ds

−ϒ2y
T (s)Z3y(s)dsdρ−ϒ3y

T (s)Z4y(s)dsdρ

−ϒ4y
T (s)Z5y(s)dsdχdρ−ϒ5y

T (s)Z6y(s)dsdχdρ.
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By using Jensen’s inequality implies

−d
∫ t

t−d
ϕ

T (s)S3ϕ(s)ds≤−ϒ
T
1 S3ϒ1,

−ϑ1

∫ t

t−ϑ1

ϕ
T (s)S4ϕ(s)ds≤−ϒ

T
8 S4ϒ8,

−ϑ21

∫ t−ϑ1

t−ϑ2

ϕ
T (s)S5ϕ(s)ds≤−ϒ

T
9 S5ϒ9,

where ϒ8 =
∫ t

t−ϑ1
ϕ(s)ds, ϒ9 =

∫ t−ϑ1
t−ϑ2

ϕ(s)ds. To derive the stability criteria, zero
equations with any matrices P , Q , R , S , T , U and V of appropriate dimensions, to
be chosen as follows,

0 = 2η
T
3 (t)P [e(t)− e(t−ϑ1)−

∫ t

t−ϑ1

z(s)ds−
∫ t

t−ϑ1

y(s)dv(s)],

0 = 2η
T
3 (t)Q [e(t−ϑ1)− e(t−ϑ(t))−

∫ t−ϑ1

t−ϑ(t)
z(s)ds−

∫ t−ϑ1

t−ϑ(t)
y(s)dv(s)],

0 = 2η
T
3 (t)R [e(t−ϑ(t))− e(t−ϑ2)−

∫ t−ϑ(t)

t−ϑ2

z(s)ds−
∫ t−ϑ(t)

t−ϑ2

y(s)dv(s)],

0 = 2η
T
3 (t)S [ϑ1e(t)−

∫ t

t−ϑ1

e(s)ds−ϒ2z(s)dsdρ−ϒ2y(s)dv(s)dρ],

0 = 2η
T
3 (t)T [ϑ21e(t)−

∫ t−ϑ1

t−ϑ2

e(s)ds−ϒ3z(s)dsdρ−ϒ3y(s)dv(s)dρ],

0 = 2η
T
3 (t)U[

(
ϑ2

1
2

)
e(t)−ϒ2e(s)dsdρ−ϒ4z(s)dsdχdρ−ϒ4y(s)dv(s)dχdρ],

0 = 2η
T
3 (t)V [

(
ϑ2

2−ϑ2
1

2

)
e(t)−ϒ3e(s)dsdρ−ϒ5z(s)dsdχdρ−ϒ5y(s)dv(s)dχdρ],

where

η
T
3 (t) =

[
eT (t) eT (t−ϑ(t))

]
, P =

[
P T

1 P T
2
]T

, Q =
[
Q T

1 Q T
2
]T

,

R =
[
R T

1 R T
2
]T

, S =
[
S T

1 S T
2
]T

, T =
[
T T

1 T T
2
]T

,

U =
[
UT

1 UT
2
]T

, V =
[
V T

1 V T
2
]T

.

It is clear that

−2η
T
3 (t)P

∫ t

t−ϑ1

y(s)dv(s)

≤ η
T
3 (t)P Z−1

1 P T
η3(t)+ [

∫ t

t−ϑ1

y(s)dv(s)]T Z1[
∫ t

t−ϑ1

y(s)dv(s)],

−2η
T
3 (t)Q

∫ t−ϑ1

t−ϑ(t)
y(s)dv(s)
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≤ η
T
3 (t)Q Z−1

2 Q T
η3(t)+ [

∫ t−ϑ1

t−ϑ(t)
y(s)dv(s)]T Z2[

∫ t−ϑ1

t−ϑ(t)
y(s)dv(s)],

−2η
T
3 (t)R

∫ t−ϑ(t)

t−ϑ2

y(s)dv(s)

≤ η
T
3 (t)R Z−1

2 R T
η3(t)+ [

∫ t−ϑ(t)

t−ϑ2

y(s)dv(s)]T Z2[
∫ t−ϑ(t)

t−ϑ2

y(s)dv(s)],

−2η
T
3 (t)Sϒ2y(s)dv(s)dρ≤ ϑ1η

T
3 (t)SZ−1

3 S T
η3(t)+

∫ 0

−ϑ1

ϒ
T
10Z3ϒ10dρ,

−2η
T
3 (t)T ϒ3y(s)dv(s)dρ

≤ ϑ21η
T
3 (t)T Z−1

4 T T
η3(t)+

∫ 0

−ϑ1

[
∫ −ϑ1

−ϑ2

y(s)dv(s)]T Z4[
∫ −ϑ1

−ϑ2

y(s)dv(s)]dρ,

−2η
T
3 (t)Uϒ4y(s)dv(s)dχdρ

≤
(

ϑ2
1

2

)
η

T
3 (t)UZ−1

5 UT
η3(t)+

∫ 0

−ϑ1

∫ 0

ρ

ϒ
T
10Z5ϒ10dχdρ,

−2η
T
3 (t)V ϒ5y(s)dv(s)dχdρ

≤
(

ϑ2
2−ϑ2

1
2

)
η

T
3 (t)V Z−1

6 V T
η3(t)+

∫ −ϑ1

−ϑ2

∫ 0

ρ

ϒ
T
10Z6ϒ10dχdρ.

where ϒ10 =
∫ t

t+ρ
y(s)dv(s). From inequalities in Assumption (A2) and in (2.3), one

can have

0≤ ε1[eT (t)FT Fe(t)−ϕ
T (t)ϕ(t)],

0≤ ε2[eT (t−ϑ(t))FT Fe(t−ϑ(t))−ϕ
T (t−ϑ(t))ϕ(t−ϑ(t))],

0≤ ε3[eT (t)LT Le(t)−ψ
T (t)ψ(t)]. (3.4)

Define

ξ
T (t) =

[
eT (t) eT (t−ϑ(t)) eT (t−ϑ1) eT (t−ϑ2) ϕ

T (t)

ϕ
T (t−ϑ(t)) ϕ

T (t−ϑ1) ϕ
T (t−ϑ2) ψ

T (t) ϒ
T
1 ϒ

T
8 ϒ

T
9
]
.

Combining (3.3) to (3.4) and applying Schur complement and the Itô isometry ( [13]),
one can deduce that

LV (xt)≤
6

ϑ4
1

∫ 0

−ϑ1

∫ 0

ρ

∫ t

t+χ

∫ t

−ϑ1

ξ
T (s)Π̂1ξ(s)dsdκdχdρ+

(
6

ϑ21(ϑ
3
2−ϑ3

1)

)
×

∫ −ϑ1

−ϑ2

∫ 0

ρ

∫ t

t+χ

∫ t−ϑ1

t−ϑ(t)
ξ

T (s)Π̂2ξ(s)dsdσdχdρ+

(
6

ϑ21(ϑ
3
2−ϑ3

1)

)
×

∫ −ϑ1

−ϑ2

∫ 0

ρ

∫ t

t+χ

∫ t−ϑ(t)

t−ϑ2

ξ
T (s)Π̂3ξ(s)dsdσdχdρ. (3.5)
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From (3.5) and Schur’s complement Lemma, it can be seen that the error system (2.4)
is asymptotically stable. �

Theorem 2. For given positive scalars ϑ1,ϑ2,µ,d, the error-state system (2.4) of
MSNN (2.2) and (2.3) is asymptotically stable if there exist matrices P > 0, R j >
0, ( j = 1,2,3), Sp > 0, (p = 1,2,3,4,5), Tq > 0, Zq > 0, q = (1,2,3,4,5,6), G > 0,
and any appropriate dimensional matrices Ps, Qs, Rs, Ss, Ts, Us, Vs, (s = 1,2),
such that the following LMI hold for i = 1,2,3:

Ξ̂i =

[
Ξ1 Ξi

2
∗ Ξi

3

]
< 0, (3.6)

where

Ξ1 = Ξr×s where i = 1,2,3, r,s = 1,2, . . . ,12,

Ξ1,1 =−P11A−AT
11 +α2P11 +R1

11 +ϑ1S1 +ϑ21S2 +P1 +P T
1 +ϑ1S1 +ϑ1S T

1

+ϑ21T1 +ϑ21T T
1 +

ϑ2
1

2
U1 +

ϑ2
1

2
UT

1 +
ϑ2

2−ϑ2
1

2
V1 +

ϑ2
2−ϑ2

1
2

V T
1

+ ε1FT F + ε3LT L,

Ξ1,2 = Π1,2, Ξ1,3 = α3P11−α2P11−P1 +Q1, Ξ1,4 =−R1−α3P11,

Ξ1,5 = P11W0 +α4P11 +R1
12, Ξ1,6 = P11W1, Ξ1,7 = α5P11−α4P11,

Ξ1,8 =−α5P11, Ξ1,9 =−GC, Ξ1,10 = P11W2, Ξ1,11 =−α4AT P11 +P24,

Ξ1,12 =−α5AT P11 +P25, Ξ2,2 = Π2,2, Ξ2,3 = Π2,3, Ξ2,4 = Π2,4,

Ξ2,6 = Π2,6, Ξ3,3 = Π3,3, Ξ3,7 = Π3,7, Ξ3,11 = Π3,11, Ξ3,12 = Π3,12,

Ξ4,4 =−R3
11, Ξ4,8 =−R3

12, Ξ4,11 =−P34, Ξ4,12 =−P35,

Ξ5,5 = R1
22 +d2S3 +ϑ

2
1S4 +ϑ

2
21S5− ε1, Ξ5,11 = α4W T

0 P11 +P44,

Ξ5,12 = α5W T
0 P11 +P45, Ξ6,6 =−(1−µ)R2

22− ε2, Ξ6,11 = α4W T
1 P11,

Ξ6,12 = α5W T
1 P11, Ξ7,7 =−R1

22 +R2
22 +R3

22, Ξ7,11 =−P44 +PT
45,

Ξ7,12 =−P45 +P55, Ξ8,8 =−R3
22, Ξ8,11 =−PT

45, Ξ8,12 =−P55,

Ξ9,9 =−ε3, Ξ9,11 =−α4CT GT , Ξ9,12 =−α5CT GT , Ξ10,10 =−S3,

Ξ10,11 = α4W T
2 P11, Ξ10,12 = α5W T

2 P11, Ξ11,11 =−S4, Ξ12,12 =−S5,

Ξ
1
2 =

[
Σ1

(
−ϑ1P̃ − ϑ2

1
2

S̃ −
ϑ3

1
6

Ũ
)

ÊT P11 ϑ1ÂT P11
ϑ2

1
2

ÂT P11 ϑ1ÊT P11

ϑ3
1

6
ÂT P11

ϑ2
1

2
ÊT P11

ϑ3
1

6
ÊT P11 P̃ ϑ1S̃

ϑ2
1

2
Ũ
]
,

Ξ
2
2 =

[
Σ2

(
−ϑ21Q̃ − ϑ2

2−ϑ2
1

2
T̃ −

ϑ3
2−ϑ3

1
6

Ṽ
)

ÊT P11 ϑ21ÂT P11
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ϑ2
2−ϑ2

1
2

ÂT P11
ϑ3

2−ϑ3
1

6
ÂT P11 ϑ21ÊT P11

ϑ2
2−ϑ2

1
2

ÊT P11

ϑ3
2−ϑ3

1
6

ÊT P11 Q̃ ϑ21T̃
ϑ2

2−ϑ2
1

2
Ṽ
]
,

Ξ
3
2 =

[
Σ2

(
−ϑ21R̃ − ϑ2

2−ϑ2
1

2
T̃ −

ϑ3
2−ϑ3

1
6

Ṽ
)

ÊT P11 ϑ21ÂT P11

ϑ2
2−ϑ2

1
2

ÂT P11
ϑ3

2−ϑ3
1

6
ÂT P11 ϑ21ÊT P11

ϑ2
2−ϑ2

1
2

ÊT P11
ϑ3

2−ϑ3
1

6
ÊT P11

R̃
ϑ2

2−ϑ2
1

2
ÂT P11

ϑ2
2−ϑ2

1
2

Ṽ
]
,

Ξ
1
3 =

[
−ϑ1S1

(
−ϑ1T1−

ϑ2
1

2
T3−

ϑ3
1

6
T5

)
−P11 ϑ1(−2P11 +T1)

ϑ2
1

2
(−2P11 +T3)

ϑ3
1

6
(−2P11 +T5) ϑ1(−2P11 +Z1)

ϑ2
1

2
(−2P11 +Z3)

ϑ3
1

6
(−2P11 +Z5) −Z1 −ϑ1Z3 −

ϑ2
1

2
Z5

]
,

Ξ
2
3 =

[
−ϑ21S2

(
−ϑ21T2−

ϑ2
2−ϑ2

1
2

T4−
ϑ3

2−ϑ3
1

6
T6

)
−P11 ϑ21(−2P11 +T2)

ϑ2
2−ϑ2

1
2

(−2P11 +T4)
ϑ3

2−ϑ3
1

6
(−2P11 +T6) ϑ21(−2P11 +Z2)

ϑ2
2−ϑ2

1
2

(−2P11 +Z4)
ϑ3

2−ϑ3
1

6
(−2P11 +Z6)

−Z2 −ϑ21Z4 −
ϑ2

2−ϑ2
1

2
Z6

]
,

Ξ
3
3 =

[
−ϑ21S2

(
−ϑ21T2−

ϑ2
2−ϑ2

1
2

T4−
ϑ3

2−ϑ3
1

6
T6

)
−P11 ϑ21(−2P11 +T2)

ϑ2
2−ϑ2

1
2

(−2P11 +T4)
ϑ3

2−ϑ3
1

6
(−2P11 +T6) ϑ21(−2P11 +Z2)

ϑ2
2−ϑ2

1
2

(−2P11 +Z4)
ϑ3

2−ϑ3
1

6
(−2P11 +Z6)

−Z2 −ϑ21Z4 −
ϑ2

2−ϑ2
1

2
Z6

]
,

Σ1 =

[(
ϑ1P22−α2ϑ1AT P11−ϑ1S1−

ϑ2
1

2
U1

)
(
−ϑ1P22 +ϑ1PT

23
)
−ϑ1PT

23
(
α2ϑ1W T

0 P11 +ϑ1PT
24
)

α2ϑ1W T
1 P11
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−ϑ1PT

24 +ϑ1PT
25
)
−ϑ1PT

25 −α2ϑ1CT GT
α2ϑ1W T

2 P11 0 0
]
,

Σ2 =

[(
ϑ21P23−α3ϑ21AT P11−ϑ21T1−

ϑ2
2−ϑ2

1
2

V1

)
(
−ϑ21T2−

ϑ2
2−ϑ2

1
2

V2

)
(ϑ21P33−ϑ21P23) −ϑ21P33(

α3ϑ21W T
0 P11 +ϑ21PT

34
)

α3ϑ21W T
1 P11

(
ϑ21PT

35−ϑ21PT
34
)
−ϑ21PT

35

−α3ϑ21CT GT
α3ϑ21W T

2 P11 0 0
]
,

Ê = [E E1 0 0 H0 H1 0 0 0 H2 0 0] ,

Â =
[
A 0 0 0 W0 W1 0 0 −P−1

11 GC W2 0 0
]
.

Furthermore, the gain matrix K of the state estimator of (2.4) can be designed as
K = P−1

11 G.

Proof. Defining P11K = G, P1y = αyP11, (y = 2,3,4,5). Pre and post multiplying

Π1 in (3.1) by diag{
15 times︷ ︸︸ ︷
I, . . . , I ,P11T−1

1 ,P11T−1
3 ,P11T−1

5 ,P11Z−1
1 ,

P11Z−1
3 ,P11Z−1

5 , I, I, I} and diag{
15 times︷ ︸︸ ︷
I, . . . , I ,T−1

1 P11,T−1
3 P11,T−1

5 P11,Z−1
1 P11,

Z−1
3 P11,Z−1

5 P11, I, I, I} respectively. As well as pre and post multiplying Π2,Π3 in

(3.1) by diag{
15 times︷ ︸︸ ︷
I, . . . , I ,P11T−1

2 ,P11T−1
4 ,P11T−1

6 ,P11Z−1
2 ,P11Z−1

4 ,

P11Z−1
6 , I, I, I} and diag{

15 times︷ ︸︸ ︷
I, . . . , I ,T−1

2 P11,T−1
4 P11,T−1

6 P11,Z−1
2 P11,Z−1

4 P11,

Z−1
6 P11, I, I, I} respectively. Then, through the inequalities (see [1])

(−2P11 +Tq)≥−P11T−1
q P11, (−2P11 +Zq) ≥−P11Z−1

q P11, (q = 1,2, . . . ,6),

Ξi, (i=1,2,3) in (3.6) can be obtained. From Theorem 1, the error system (2.4) is
asymptotically stable. �

4. EXAMPLES

A numerical example is given in this section. For convenience, denote fi j(t) =
f j(x j(t))− xi(t), fi j(t−ϑ(t)) = f j(x j(t−ϑ(t)))− xi(t) and
fi j(t−d(t)) =

∫ t
t−d(t) f j(x j(s))ds)− xi(t)).

Example 1. Consider a two-dimensional MSNNs (2.2):

w0
11(t) =


−0.20, f11(t) ↓,s ∈ (t−ρ, t];
0.17, f11(t) ↑,s ∈ (t−ρ, t];
lims→t− w0

11(s), f11(s) unchage s ∈ (t−ρ, t],
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w0
12(t) =


0.15, f12(t) ↓,s ∈ (t−ρ, t];
−0.19, f12(t) ↑,s ∈ (t−ρ, t];
lims→t− w0

12(s), f12(s) unchage s ∈ (t−ρ, t],

w0
21(t) =


0.30, f21(t) ↓,s ∈ (t−ρ, t];
0.12, f21(t) ↑,s ∈ (t−ρ, t];
lims→t− w0

21(s), f21(s) unchage s ∈ (t−ρ, t],

w0
22(t) =


0.10, f22(t) ↓,s ∈ (t−ρ, t];
−0.45, f22(t) ↑,s ∈ (t−ρ, t];
lims→t− w0

22(s), f22(s) unchage s ∈ (t−ρ, t],

w1
11(t) =


0.15, f11(t−0.7) ↓,s ∈ (t−ρ, t];
0.56, f11(t−0.7) ↑,s ∈ (t−ρ, t];
lims→t− w1

11(s), f11(t−0.7) unchage s ∈ (t−ρ, t],

w1
12(t) =


0.35, f12(t−0.7) ↓,s ∈ (t−ρ, t];
−0.26, f12(t−0.7) ↑,s ∈ (t−ρ, t];
lims→t− w1

12(s), f12(s−0.7) unchage s ∈ (t−ρ, t],

w1
21(t) =


−0.14, f21(t−0.7) ↓,s ∈ (t−ρ, t];
0.35, f21(t−0.7) ↑,s ∈ (t−ρ, t];
lims→t− w1

21(s), f21(s−0.7) unchage s ∈ (t−ρ, t],

w1
22(t) =


0.25, f22(t−0.7) ↓,s ∈ (t−ρ, t];
0.05, f22(t−0.7) ↑,s ∈ (t−ρ, t];
lims→t− w1

22(s), f22(s−0.7) unchage s ∈ (t−ρ, t],

w2
11(t) =


0.20, f11(t−0.2) ↓,s ∈ (t−ρ, t];
−0.13, f11(t−0.7) ↑,s ∈ (t−ρ, t];
lims→t− w2

11(s), f11(s−0.7) unchage s ∈ (t−ρ, t],

w2
12(t) =


−0.01, f12(t−0.2) ↓,s ∈ (t−ρ, t];
−0.52, f12(t−0.2) ↑,s ∈ (t−ρ, t];
lims→t− w2

12(s), f12(s−0.2) unchage s ∈ (t−ρ, t],

w2
21(t)) =


0.30, f21(t−0.2) ↓,s ∈ (t−ρ, t];
0.05, f21(t−0.2) ↑,s ∈ (t−ρ, t];
lims→t− w2

21(s), f21(s−0.2) unchage s ∈ (t−ρ, t],
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w2
22(t) =


0.40, f22(t−0.2) ↓,s ∈ (t−ρ, t];
0.14, f22(t−0.2) ↑,s ∈ (t−ρ, t];
lims→t− w2

22(s), f22(t−0.2) unchage s ∈ (t−ρ, t],

h0
11(t) =


0.12, f11(t) ↓,s ∈ (t−ρ, t];
−0.20, f11(t) ↑,s ∈ (t−ρ, t];
lims→t− h0

11(s), f11(s) unchage s ∈ (t−ρ, t],

h0
12(t) =


0.02, f12(t) ↓,s ∈ (t−ρ, t];
−0.21, f12(t) ↑,s ∈ (t−ρ, t];
lims→t− h0

12(s), f12(s) unchage s ∈ (t−ρ, t],

h0
21(t) =


0.30, f21(t) ↓,s ∈ (t−ρ, t];
0.25, f21(t) ↑,s ∈ (t−ρ, t];
lims→t− h0

21(s), f21(s) unchage s ∈ (t−ρ, t],

h0
22(t) =


−0.09, f22(t) ↓,s ∈ (t−ρ, t];
0.12, f22(t) ↑,s ∈ (t−ρ, t];
lims→t− h0

22(s), f22(s) unchage s ∈ (t−ρ, t],

h1
11(t) =


−0.11, f11(t−0.7) ↓,s ∈ (t−ρ, t];
−0.03, f11(t−0.7) ↑,s ∈ (t−ρ, t];
lims→t− h1

11(s), f11(s−0.7) unchage s ∈ (t−ρ, t],

h1
12(t) =


0.20, f12(t−0.7) ↓,s ∈ (t−ρ, t];
0.10, f12(t−0.7) ↑,s ∈ (t−ρ, t];
lims→t− h1

12(s), f12(s−0.7) unchage s ∈ (t−ρ, t],

h1
21(t) =


−0.15, f21(t−0.7) ↓,s ∈ (t−ρ, t];
−0.10, f21(t−0.7) ↑,s ∈ (t−ρ, t];
lims→t− h1

21(s), f21(s−0.7) unchage s ∈ (t−ρ, t],

h1
22(t) =


0.20, f22(t−0.7) ↓,s ∈ (t−ρ, t];
−0.05, f22(t−0.7) ↑,s ∈ (t−ρ, t];
lims→t− h1

22(s), f22(s−0.7) unchage s ∈ (t−ρ, t],

h2
11(t) =


0.22, f11(t−0.2) ↓,s ∈ (t−ρ, t];
−0.19, f11(t−0.2) ↑,s ∈ (t−ρ, t];
lims→t− h2

11(s), f11(s−0.2) unchage s ∈ (t−ρ, t],



STATE ESTIMATION OF MEMRISTOR-BASED STOCHASTIC NEURAL NETWORKS 1511

h2
12(t) =


−0.10, f12(t−0.2) ↓,s ∈ (t−ρ, t];
0.73, f12(t−0.2) ↑,s ∈ (t−ρ, t];
lims→t− h2

12(s), f12(s−0.2) unchage s ∈ (t−ρ, t],

h2
21(t) =


0.10, f21(t−0.2) ↓,s ∈ (t−ρ, t];
−0.26, f21(t−0.2) ↑,s ∈ (t−ρ, t];
lims→t− h2

21(s), f21(s−0.2) unchage s ∈ (t−ρ, t],

h2
22(t) =


0.50, f22(t−0.2) ↓,s ∈ (t−ρ, t];
−0.14, f22(t−0.2) ↑,s ∈ (t−ρ, t];
lims→t− h2

22(s), f22(s−0.2) unchage s ∈ (t−ρ, t],

with the activation function f j(x j(·)), j = 1,2. and L = 0.5I, F = I, C = 0.5I,
a1 = 2,a2 = 1, be0

1 = 0.2,e0
2 = 0.3, e1

11 = 0.1,e1
12 = −0.1,e1

21 = −0.05,e1
22 = 0.05,

then, by solving the LMI in Theorem 2 with d = 0.2,ϑ1 = 0.2,ϑ2 = 0.7, α2 =
α3 = α4 = α5 = 0.1, and µ = 0.5 the estimator gain matrix is obtained as K =
[0.2283, −0.0035;0.0577, 0.0808], which verifies the feasibility of Theorem 2.

5. CONCLUSION

In this article, the state estimation problem for MSNNs with mixed variable delays
via a new quadruple stochastic integral LKF has been investigated. A novel state
estimation analysis have been considered in terms of LMIs. A desired state estimator
gain matrix is obtained by solving LMIs. An example is provided to explain the
usefulness of the proposed approach. In the future, it is possible to extend this results
to the delayed bidirectional associative memory stochastic NNs.
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