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Abstract

In this paper, a class of chaotic neural networks with time-varying
delays are considered without assuming the differentiability of the time-
varying delays, and the stabilization for the considered neural networks
is investigated via intermittent control with non-fixed both control pe-
riod and control width. By constructing proper Lyapunov-Krasovskii
functional with triple-integration and using the matrix inequality tech-
niques, a delay-dependent criterion for checking the stability of the con-
sidered neural networks is presented. The obtained result extends ones
on stabilization of delayed neural networks by periodically intermittent
control with both fixed control period and control width. An example
with simulations is given to show the effectiveness of the obtained result.

Mathematics Subject Classification: 34D20, 93D05



8 Ting Lei, Qiankun Song and Zhenjiang Zhao

Keywords: Chaotic Neural Networks, Time-Varying Delay, Intermittent
Control, Stability, Triple-Integral Method

1 Introduction

In the past decade, neural networks have become an important tool to various
areas of science and engineering for solving complex problems that might oth-
erwise not have a tractable solution [1]. In many applications, it is of prime
importance to ensure that the designed neural networks be stable [2]. For
example, when creating a neural network to solve optimization problems, it
is required that the neural network possesses a globally asymptotically stable
equilibrium [3]. However, in hardware implementation of a neural network
using analog electronic circuits, time delay will be inevitable and occur in the
signal transmission among the neurons, which will affect the stability of the
neural system and may lead to some complex dynamic behaviors such as oscil-
lation, divergence, chaos, instability or other poor performance of the neural
networks [4]. In this case, the time delay may substantially affect the perfor-
mance of the neural networks. Therefore, stability analysis of neural networks
with time delays has received much attention, and many competing results
have been reported in the literature for example, see [1]-[10] and references
therein.

In practice, it may happen that the delayed neural networks are unsta-
ble or the convergence rate can not meet the requirements. Under this case,
certain controllers may be designed such that the controlled delayed neural
networks achieve the desired stability properties. In recent years, many con-
trol approaches have been developed to stabilize chaotic neural networks such
as adaptive control, fuzzy control, sampled-data control, impulsive control
and intermittent control and so on. In comparison with continuous control of
chaotic neural networks, the discontinuous control method such as impulsive
control and intermittent control, has attracted more interest recently. In many
cases, the two discontinuous control techniques can provide efficient ways to
tackle plants which cannot endure continuous inputs. In the impulsive con-
trol framework, the state updates occur at the impulse instants only, but with
intermittent feedback delayed neural networks can actually adjust its state con-
tinuously for more extended time intervals. So intermittent feedback should
yield better results than impulsive control, but requires higher control cost.

Intermittent control was first introduced to control linear econometric mod-
els in [11]. In recent years, many interesting results on stabilization and syn-
chronization of various models via intermittent control have been reported, for
example, see [12]-[22] and references therein. In [12], the authors studies the
exponential stabilization problem for a class of chaotic systems without delays
by means of periodically intermittent control, and presented an exponential
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stability criterion. In [13], the exponential stabilization of chaotic systems with
constant delay was considered by periodically intermittent control, several ex-
ponential stability criteria were obtained by using Lyapunov method and Ha-
lanay inequality. In [14, 15], authors considered the exponential stabilization
of chaotic neural networks with constant delay via periodically intermittent
control. An exponential stability criterion for the controlled neural networks
was established by using the Lyapunov function and Halanay inequality. In
[16], authors studied the exponential stability of a class of periodically time-
switched nonlinear systems, and proposed the switching criteria of exponential
stability for three cases of such systems which are composed, respectively, of
a pair of unstable subsystems, of both stable and unstable subsystems, and
of a pair of stable systems, are considered. In [17], a class of neural networks
with time-varying delays were investigated by using periodically intermittent
control technique. Several stabilization criteria and synchronization conditions
based on p-norm were derived by introducing multi-parameters and using the
Lyapunov functional technique. In [18], authors investigated the problem of
exponential stabilization for a class of uncertain nonlinear systems by means
of periodically intermittent control, and derived several sufficient conditions of
exponential stabilization for considered systems by using quadratic Lyapunov
function and inequality analysis technique. In [19], the exponential stability for
a class of genetic regulatory networks with both time-varying delays and finite
distributed delays was investigated by periodically intermittent control. Some
sufficient criteria for exponential stabilization were derived by using mathemat-
ical induction methods and the analysis techniques. In [20], authors discussed a
class of stochastic delay recurrent neural networks with distributed parameters
and Markovian jumping, and established several sufficient conditions ensuring
robust exponential stabilization by using periodically intermittent control and
Lyapunov functional. In [21], the neutral-type neural networks with discrete
and distributed delays were considered, and the problem of exponential sta-
bilization was studied via periodically intermittent control. By introducing
an appropriate Lyapunov-Krasovskii functional and using matrix inequality
techniques to deal with its derivative, exponential stabilization criteria were
presented in the form of nonlinear matrix inequalities. In order to solve the
nonlinear problem, a cone complementarity liberalization (CCL) algorithm was
proposed. In [22], authors considered the stabilization and synchronization of
chaotic systems via intermittent control with time varying control period and
control width. Compared to existing results, some less conservative conditions
were derived to guarantee the stabilization of nonlinear system. An effective
adaptive-intermittent control law was also presented.

From the point of the design of the intermittent controller in [12]-[21], The
designed controllers have been based on the following fact: the control period
and control width were fixed. As pointed out in [12, 22], the fixed control period
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and control width might be inadequate in the practical application. Therefore,
it is necessary and important to consider the cases where the control period and
control width are not fixed. However, to the best of our knowledge, few authors
have considered the problem of the stabilization for chaotic neural networks
with time-varying delays via intermittent control with non-fixed both control
period and control width.

Motivated by the aforementioned discussion, in this paper, we investigate
the stabilization of chaotic neural networks with time-varying delays via in-
termittent control with non-fixed both control period and control width, and
obtain sufficient condition to assure the stabilization of chaotic neural networks
with time-varying delays.

2 Preliminary Notes

In this paper, we consider the following neural networks with time-varying
delays

ẋ(t) = −Cx(t) + Af(x(t)) +Bf(x(t− τ(t))) + u(t) (1)

for t ≥ 0, where x(t) = (x1(t), x2(t), · · · , xn(t))T ∈ Rn is the state vector of
the network at time t, n corresponds to the number of neurons; C is a positive
diagonal matrix, A = (aij)n×n and B = (bij)n×n are known constant matrices;
f(x(t)) = (f1(x1(t)), f2(x2(t)), · · · , fn(xn(t)))T denotes the neuron activation
at time t; u(t) = (u1(t), u2(t), · · · , un(t))T ∈ Rn is a external input vector; τ(t)
denotes the time-varying delays and satisfy 0 ≤ τ(t) ≤ τ , where τ is constant.

Throughout this paper, we make the following assumption:
(H). For any j ∈ {1, 2, · · · , n}, fj(0) = 0 and there exist constants F−j and F+

j

such that

F−j ≤
fj(α1)− fj(α2)

α1 − α2

≤ F+
j

for all α1 6= α2.
Model (1) is supplemented with initial value given by

x(s) = ϕ(s), s ∈ [−τ, 0],

where ϕ(s) is bounded and continuously differential on s ∈ [−τ, 0].
For model (1) with initial value, the following candidate intermittent con-

troller is proposed:

u(t) =

{
Kx(t), t ∈ [tk, tk + dk),
0, t ∈ [tk + dk, tk+1),

(2)

where k ∈ N = {1, 2, · · ·}, K is the control gain matrix, tk+1 − tk is the
control period, dk is the control width. The control instant is defined by
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0 = t1 < t2 < · · · < tk < · · ·, limk→∞ tk =∞. With control law (2), model (1)
can be rewritten as

ẋ(t) = (−C +K)x(t) + Af(x(t)) +Bf(x(t− τ(t))),
t ∈ [tk, tk + dk),

ẋ(t) = −Cx(t) + Af(x(t)) +Bf(x(t− τ(t))), t ∈ [tk + dk, tk+1),
(3)

where k ∈ N .
To prove our result, the following lemmas are necessary.

Lemma 2.1 [8] Given constant matrices P , Q and R, where P T = P ,
QT = Q, then [

P R
RT −Q

]
< 0

is equivalent to the following conditions

Q > 0 and P +RQ−1RT < 0.

Lemma 2.2 [23] For any constant symmetric positive definite matrix W ∈
Rn×n and W > 0, a scalar function ω(s) : [−b,−a]→ Rn with scalars 0 ≤ a <
b such that the integrations concerned are well defined, then

( ∫ −a
−b

∫ t

t+ξ
ωT (s)dsdξ

)
W
( ∫ −a
−b

∫ t

t+ξ
ω(s)dsdξ

)
≤ b2 − a2

2

∫ −a
−b

∫ t

t+ξ
ωT (s)Wω(s)dsdξ.

3 Main Results

For presentation convenience, in the following, we denote

F1 = diag(F−1 F
+
1 , F

−
2 F

+
2 , · · · , F−n F+

n ),

F2 = diag(
F−1 + F+

1

2
,
F−2 + F+

2

2
, · · · , F

−
n + F+

n

2
).

Theorem 3.1 Assume that the assumption (H) holds. For given constants
α, β(α > 0, β ≥ −α) and c > 0, if there exist four symmetric positive
definite matrices P1, P2, P3 and P4, an inverse matrix W , two positive diagonal
matrices D1 and D2, and three matrices Q1, Q2 and Z such that the following
conditions hold: (

Ω Φ
∗ Ψ

)
< 0, (4)
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(
Π Φ
∗ Ψ

)
< 0, (5)

sup
k∈N
{tk+1 − tk − dk} ≤ c, (6)

lim
k→∞

(
βtk − (α + β)

k−1∑
i=1

di
)

= −∞, (7)

where Ω = (Ωij)7×7, Φ = (Φij)7×2, Ψ = (Ψij)2×2, Π = (Πij)6×6, and Ω11 =
αP1 − τ 2P4 − F1D1 − Q2 − QT

2 + P2 −WC − CW T + Z + ZT , Ω12 = P1 −
W − CW T + ZT , Ω13 = Q2, Ω15 = P4, Ω16 = F2D1 + WA, Ω17 = WB,
Ω22 = τP3+ τ4

4
P4−W−W T , Ω26 = WA, Ω27 = WB, Ω33 = −F1D2−Q1−QT

1 ,
Ω34 = Q1, Ω37 = F2D2, Ω44 = −e−ατP2, Ω55 = −P4, Ω66 = −D1, Ω77 = −D2,
Φ11 = Q2, Φ32 = Q1, Ψ11 = − 1

τ
P3, Ψ22 = − 1

τ
P3, Π11 = −βP1− τ 2P4−F1D1−

Q2 − QT
2 + P2 −WC − CW T , Π12 = P1 −W − CW T , Π13 = Q2, Π15 = P4,

Π16 = F2D1 + WA, Π17 = WB, Π22 = τP3 + τ4

4
P4 −W −W T , Π26 = WA,

Π27 = WB, Π33 = −F1D2−Q1−QT
1 , Π34 = Q1, Π37 = F2D2, Π44 = −e−ατP2,

Π55 = −P4, Π66 = −D1, Π77 = −D2, and the rest elements in Ω, Φ, Ψ and
Π are zero, then the origin of system (3) is globally asymptotically stable, and
the gain matrix of control law (2) is

K = W−1Z. (8)

Proof. Applying Lemma 2.1, we have from (4) and (5) that

Ω− ΦΨ−1ΦT < 0, (9)

Π− ΦΨ−1ΦT < 0. (10)

Consider the following Lyapunov-Krasovskii functional as

V (t) = V1(t) + V2(t) + V3(t), (11)

where

V1(t) = xT (t)P1x(t) +
∫ t

t−τ
eα(s−t)xT (s)P2x(s)ds, (12)

V2(t) =
∫ 0

−τ

∫ t

t+ξ
eα(s−t)ẋT (s)P3ẋ(s)dsdξ, (13)

V3(t) =
τ 2

2

∫ 0

−τ

∫ 0

ξ

∫ t

t+θ
eα(s−t)ẋT (s)P4ẋ(s)dsdθdξ. (14)
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Calculating the time derivative of Vi(t) (i = 1, 2, 3), we obtain

dV1(t)

dt
= 2xT (t)P1ẋ(t) + xT (t)P2x(t)− e−ατxT (t− τ)P2x(t− τ)

= −αV3(t) + xT (t)(αP1 + P2)x(t) + 2xT (t)P1ẋ(t)

−e−ατxT (t− τ)P2x(t− τ), (15)

dV2(t)

dt
= τ ẋT (t)P3ẋ(t)−

∫ t

t−τ
eα(s−t)ẋT (s)P3ẋ(s)ds

−α
∫ 0

−τ

∫ t

t+ξ
eα(s−t+τ)ẋT (s)P3ẋ(s)dsdξ

≤ −αV2(t) + τ ẋT (t)P3ẋ(t)−
∫ t

t−τ
ẋT (s)P3ẋ(s)ds. (16)

dV3(t)

dt
=

τ 4

4
ẋT (t)P4ẋ(t)− τ 2

2

∫ 0

−τ

∫ t

t+ξ
eα(s−t)ẋT (s)P4ẋ(s)dsdξ

−ατ
2

2

∫ 0

−τ

∫ 0

ξ

∫ t

t+θ
eα(s−t)ẋT (s)P4ẋ(s)dsdθdξ

≤ −αV3(t) +
τ 4

4
ẋT (t)P4ẋ(t)− τ 2

2

∫ 0

−τ

∫ t

t+ξ
ẋT (s)P4ẋ(s)dsdξ. (17)

Applying Lemma 2.2, we have

−τ
2

2

∫ 0

−τ

∫ t

t+ξ
ẋT (θ)P4ẋ(θ)dθdξ

≤ −
( ∫ 0

−τ

∫ t

t+ξ
ẋT (θ)dθdξ

)
P4

( ∫ 0

−τ

∫ t

t+ξ
ẋ(θ)dθdξ

)
= −τ 2xT (t)P4x(t) + 2τxT (t)P4

( ∫ t

t−τ
x(s)ds

)
−
( ∫ t

t−τ
xT (s)ds

)
P4

( ∫ t

t−τ
x(s)ds

)
, (18)

For positive diagonal matrices D1 > 0 and D2 > 0, we can get from as-
sumption (H) that [24]

0 ≤ −xT (t)F1D1x(t) + 2xT (t)F2D1f(x(t))− fT (x(t))D1f(x(t)), (19)

0 ≤ −xT (t− τ(t))F1D2x(t− τ(t)) + 2xT (t− τ(t))F2D2f(x(t− τ(t)))

−fT (x(t− τ(t)))D2f(x(t− τ(t))). (20)
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By Newton-Leibniz formulation and noting 0 ≤ τ(t) ≤ τ , we have

0 = 2xT (t− τ(t))Q1

(
− x(t− τ(t)) + x(t− τ) +

∫ t−τ(t)

t−τ
ẋ(s)ds

)
≤ −2xT (t− τ(t))Q1x(t− τ(t)) + 2xT (t− τ(t))Q1x(t− τ)

+τxT (t− τ(t))Q1P
−1
3 QT

1 x(t− τ(t)) +
∫ t−τ(t)

t−τ
ẋT (s)P3ẋ(s)ds, (21)

0 = 2xT (t)Q2

(
x(t)− x(t− τ(t))−

∫ t

t−τ(t)
ẋ(s)ds

)
≤ −2xT (t)Q2x(t) + 2xT (t)Q2x(t− τ(t))

+τxT (t)Q2P
−1
3 QT

2 x(t) +
∫ t

t−τ(t)
ẋT (s)P3ẋ(s)ds. (22)

It follows from (15)-(22) that

dV (t)

dt

≤ −αV (t) + xT (t)
(
αP1 − τ 2P4 − F1D1 − 2Q2 + P2 + τQ2P

−1
3 QT

2

)
x(t)

+2xT (t)P1ẋ(t) + 2xT (t)Q2x(t− τ(t)) + 2τxT (t)P4

( ∫ t

t−τ
x(s)ds

)
+2xT (t)F2D1f(x(t)) + ẋT (t)(τP3 +

τ 4

4
P4)ẋ(t)

+xT (t− τ(t))
(
− F1D2 − 2Q1 + τQ1P

−1
3 QT

1

)
x(t− τ(t))

+2xT (t− τ(t))Q1x(t− τ) + 2xT (t− τ(t))F2D2f(x(t− τ(t)))

−e−ατxT (t− τ)P2x(t− τ)−
( ∫ t

t−τ
xT (s)ds

)
P4

( ∫ t

t−τ
x(s)ds

)
−fT (x(t))D1f(x(t))− fT (x(t− τ(t)))D2f(x(t− τ(t))). (23)

When t ∈ [tk, tk + dk), from the first equation of model (3), we have

0 = 2
(
xT (t) + ẋT (t)

)
W
(
− ẋ(t) + (−C +K)x(t)

+Af(x(t)) +Bf(x(t− τ(t)))
)
. (24)

Therefore, we obtain from (8), (9), (23) and (24) that

dV (t)

dt

≤ −αV (t) + xT (t)
(
αP1 − τ 2P4 − F1D1 − 2Q2 + P2 + τQ2P

−1
3 QT

2

−2WC + 2WK
)
x(t) + 2xT (t)(P1 −W − CW T +KTW T )ẋ(t)
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+2xT (t)Q2x(t− τ(t)) + 2τxT (t)P4

( ∫ t

t−τ
x(s)ds

)
+2xT (t)(F2D1 +WA)f(x(t)) + 2xT (t)WBfT (x(t− τ(t)))

+ẋT (t)(τP3 +
τ 4

4
P4 − 2W )ẋ(t)

+2ẋT (t)WAf(x(t)) + 2ẋT (t)WBfT (x(t− τ(t)))

+xT (t− τ(t))
(
− F1D2 − 2Q1 + τQ1P

−1
3 QT

1

)
x(t− τ(t))

+2xT (t− τ(t))Q1x(t− τ) + 2xT (t− τ(t))F2D2f(x(t− τ(t)))

−e−ατxT (t− τ)P2x(t− τ)−
( ∫ t

t−τ
xT (s)ds

)
P4

( ∫ t

t−τ
x(s)ds

)
−fT (x(t))D1f(x(t))− fT (x(t− τ(t)))D2f(x(t− τ(t)))

= −αV (t) + ηT (t)(Ω− ΦΨ−1ΦT )η(t)

≤ −αV (t). (25)

where η(t) =
(
xT (t), ẋT (t), xT (t−τ(t)), xT (t−τ),

∫ t
t−τ x(s)ds, fT (x(t)), fT (x(t−

τ(t)))
)T

. Namely, we have

V (t) ≤ V (tk)e
−α(t−tk), t ∈ [tk, tk + dk). (26)

When t ∈ [tk + dk, tk+1), from the second equation of model (3), we have

0 = 2
(
xT (t) + ẋT (t)

)
W
(
− ẋ(t)− Cx(t)

+Af(x(t)) +Bf(x(t− τ(t)))
)
. (27)

Therefore, we obtain from (10), (23) and (27) that

dV (t)

dt

≤ −αV (t) + xT (t)
(
αP1 − τ 2P4 − F1D1 − 2Q2 + P2 + τQ2P

−1
3 QT

2

−2WC
)
x(t) + 2xT (t)(P1 −W − CW T )ẋ(t)

+2xT (t)Q2x(t− τ(t)) + 2τxT (t)P4

( ∫ t

t−τ
x(s)ds

)
+2xT (t)(F2D1 +WA)f(x(t)) + 2xT (t)WBfT (x(t− τ(t)))

+ẋT (t)(τP3 +
τ 4

4
P4 − 2W )ẋ(t)

+2ẋT (t)WAf(x(t)) + 2ẋT (t)WBfT (x(t− τ(t)))

+xT (t− τ(t))
(
− F1D2 − 2Q1 + τQ1P

−1
3 QT

1

)
x(t− τ(t))

+2xT (t− τ(t))Q1x(t− τ) + 2xT (t− τ(t))F2D2f(x(t− τ(t)))
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−e−ατxT (t− τ)P2x(t− τ)−
( ∫ t

t−τ
xT (s)ds

)
P4

( ∫ t

t−τ
x(s)ds

)
−fT (x(t))D1f(x(t))− fT (x(t− τ(t)))D2f(x(t− τ(t)))

= −αV (t) + (α + β)x(t)P1x(t) + ηT (t)(Π− ΦΨ−1ΦT )η(t)

≤ βV (t). (28)

Namely, we have

V (t) ≤ V (tk + dk)e
β(t−tk−dk), t ∈ [tk + dk, tk+1). (29)

1). When 0 = t1 ≤ t < d1, we have from (26) that

V (t) ≤ V (0)e−αt. (30)

2). When d1 ≤ t < t2, we have from (29) and (30) that

V (t) ≤ V (d1)e
β(t−d1)

≤ V (0)e−αd1+β(t−d1). (31)

3). When t2 ≤ t < t2 + d2, we have from (26) and (31) that

V (t) ≤ V (t2)e
−α(t−t2)

≤ V (0)e−αd1+β(t2−d1)−α(t−t2). (32)

4). When t2 + d2 ≤ t < t3, we have from (29) and (32) that

V (t) ≤ V (t2 + d2)e
β(t−t2−d2)

≤ V (0)e−α(d1+d2)+β(t2−d1)+β(t−t2−d2). (33)

By induction, we have the following estimate of V (t).
5). When tk ≤ t < tk + dk, we have

V (t) ≤ V (0)e
βtk−(α+β)

k−1∑
i=1

di

. (34)

6). When tk + dk ≤ t < tk+1, we have from (6) that

V (t) ≤ V (0)e
−αdk+βtk−(α+β)

k−1∑
i=1

di+|β|(tk+1−tk−dk)

≤ e|β|cV (0)e
βtk−(α+β)

k−1∑
i=1

di

. (35)

It follows from (34) and (35) that

V (t) ≤ e|β|cV (0)e
βtk−(α+β)

k−1∑
i=1

di

(36)

for any t ≥ 0. By using condition (7), we get

lim
t→∞

V (t) = 0, (37)

which means that lim
t→∞

x(t) = 0. So the origin of system (3) is globally asymp-

totically stable. The proof is complete.
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Figure 1: Phase trajectory of system (38).

4 Example

In this section, we will provide an example to illustrate the effectiveness of the
obtained result. Consider a 2-dimensional neural networks as

ẋ(t) = −Cx(t) + Af(x(t)) +Bf(x(t− τ(t))), (38)

where x(t) = (x1(t), x2(t))
T , τ(t) = | sin(t)|, f(x) = (tanh(x1), tanh(x2))

T ,

C =

(
1.2 0
0 0.1

)
, A =

(
2.2 −0.1
−1.1 5.6

)
, B =

(
2.1 9.1
0.2 −7.5

)
.

The numerical simulation of system (38) with initial condition x1(s) =
−0.6 sin(t), x2(s) = 1.2 cos(t) is represented in Figure 1, which shows that
system (38) has a chaotic attractor.

In the following, we investigate the stability of neural networks as

ẋ(t) = −Cx(t) + Af(x(t)) +Bf(x(t− τ(t))) + u(t) (39)

by designing the following the intermittent controller as

u(t) =

{
Kx(t), t ∈ [tk, tk + dk),
0, t ∈ [tk + dk, tk+1),

(40)

where {
t2k−1 = 10.9(k − 1),
t2k = 10.9k − 2.3,
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Figure 2: State trajectory of x1(t) and x2(t) of system (39).

and {
d2k−1 = 8.2,
d2k = 2.1.

For given α = 0.09, β = 1.53 and c = 0.42, it is easy to verify that conditions
(6) and (7) in theorem 1 are held. By the Matlab LMI Control Toolbox, we
can find a solution to the LMIs in (4)-(5) of theorem 1 as follows:

P1 =

[
0.4784 −0.0322
−0.0322 0.4402

]
, P2 =

[
0.4244 −0.0658
−0.0658 0.3574

]
,

P3 =

[
0.8784 0.1749
0.1749 0.6105

]
, P4 =

[
0.7708 0.0368
0.0368 0.7381

]
,

W =

[
0.4788 0.4586
−0.0310 0.0805

]
, D1 =

[
0.2796 0

0 0.2865

]
,

D2 =

[
0.1865 0

0 0.1914

]
, Q1 =

[
0.4150 −0.0025
−0.0046 0.3919

]
,

Q2 =

[
0.3068 −0.0372
0.0053 0.3522

]
, Z =

[
−0.8086 −0.0952
0.0858 −0.7870

]
.

Therefore, we know from theorem 1 that the origin of system (39) is globally
asymptotically stable under control law (40), where the gain matrix of control
law (40) is

K = W−1Z =

[
−19.7976 66.9872

3.0367 −72.0062

]
.

The numerical simulation of system (39) with (40) is shown in figure 2.
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5 Conclusions

In this paper, the stabilization problem for a class of chaotic neural networks
with time-varying delays has been investigated via intermittent control with
non-fixed both control period and control width. A delay-dependent criterion
for checking the stability of the considered neural networks has been established
by employing Lyapunov-Krasovskii functional with triple-integration and us-
ing the matrix inequality techniques. An example with simulations was also
given to show the effectiveness of the obtained result.
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