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ROBUST EVENT-TRIGGERED CONTROL FOR NETWORKED
FUZZY SYSTEMS

NADJET BOUOUDEN1, FAYÇAL BOURAHALA2∗, SABRINA AOUAOUDA1 and
MOHAMED ROUAMEL3

Abstract. This paper presents a Neural Gradient Descent-based Event-Triggered
(NGDET) control design for Networked Control Systems (NCS) based on
Takagi-Sugeno (T-S) fuzzy systems affected by measurement noise, external
disturbances, and network-induced delays. The main objective is to improve
communication efficiency while preserving closed-loop stability and robust per-
formance. To this end, an adaptive event-triggering mechanism is proposed,
where the triggering threshold is updated online through a neural gradient de-
scent technique according to the system behavior and communication network
constraints. Then, by constructing an appropriate Lyapunov–Krasovskii Func-
tional (LKF), relaxed Linear Matrix Inequality (LMI) conditions are developed
for the design of a networked controller involving a sampled data Parallel Dis-
tributed Compensation (PDC) approach ensuring asymptotic stability and ro-
bustness of NCS closed-loop dynamic. The simulation results demonstrate its
effectiveness by enlarging the admissible delay bound, reducing packet trans-
missions, and achieving less conservative performance compared to existing
methods from the literature, while preserving robustness against disturbances
and measurement noise.
Keywords: Networked control systems, Takagi–Sugeno fuzzy systems, Event-
triggered control, Neural gradient descent, measurement noise.

1. Introduction

Networked control systems have attracted considerable attention due to their
low cost, flexibility, and suitability for distributed complex systems. Yet, network-
induced delays, packet dropouts, bandwidth constraints, and data congestion may
degrade performance and even lead to instability in the closed-loop system. In
practice, disturbances, uncertainties, and measurement noise further increase the
control complexity. To address these challenges, extensive efforts have focused on
stability analysis and controller design for NCSs while reducing communication
burden and preserving closed-loop performance [5, 21].
In the NCSs framework, time-triggered mechanisms are widely used due to their
periodic structure, simplicity, and easy implementation [20]. However, they often
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generate redundant transmissions, which reduce the efficiency of limited commu-
nication resources and can cause congestion, packet losses, time-varying delays,
and a higher communication burden [3]. Therefore, classical time-triggered strate-
gies become less efficient since data are transmitted regardless of actual system
needs [7]. To overcome these limitations, event-triggered mechanisms have been
introduced as an alternative, transmitting data only when a predefined condition
is satisfied, thereby reducing communication load while preserving control per-
formance [18].
However, conventional event-triggered mechanisms, particularly those based on
fixed thresholds, may exhibit limited flexibility and weak adaptability under sys-
tem uncertainties and network constraints.
In this context, recent research has focused on designing advanced and more effi-
cient event-triggered mechanisms to enhance flexibility and robustness by adapt-
ing the triggering condition in real time according to system behavior and com-
munication network constraints [5, 16].
Consequently, recent research has focused on developing more efficient control
strategies to reduce unnecessary transmissions while preserving the desired per-
formance levels of NCSs, using various techniques such as adaptive event-triggered
mechanism with the triggering threshold dynamically updated [4], fuzzy weighted
memory event-triggered mechanism [11], fuzzy event-triggered H∞ control [10,
12]. Mixed-triggered filter design for fuzzy Markovian jump systems [6]. More
recently, dynamic and memory-based triggering mechanisms [22], data-driven
event-triggered control mechanism [16], neural network-based adaptive event-
triggered control [2, 17], and more recently, non-fragile mixed event-triggered
state estimation approaches [15].
It is noted that most of the aforementioned studies have focused on the networked
control of linear systems. However, many practical systems exhibit inherent non-
linear behaviors, which may limit the applicability of such approaches. Therefore,
considerable research efforts have been devoted to extending event-triggered NCS
framework to nonlinear systems to ensure stability and maintain satisfactory con-
trol performance [5, 6, 21].
Among the nonlinear control approaches, T–S fuzzy systems have received in-
creasing attention due to their simple structure and effectiveness in representing
nonlinear dynamics. These models describe complex systems through a set of
fuzzy If–Then rules, where each rule defines a local linear subsystem combined
through membership functions. This structure enables nonlinear systems to be
approximated by a convex combination of linear models, allowing the use of clas-
sical linear control techniques for nonlinear control design.
In T–S model-based NCSs, LKF are commonly used to derive LMI-based con-
ditions for designing PDC sampled-data controllers. Therefore, recent advances
in event-triggered control have addressed event-based asynchronous communica-
tion delays [5], dynamic event-triggered with non-uniform sampling [14], adaptive
memory-based H∞ control [13, 21] and mixed-triggered Markovian jump [6].
In practical T–S-based NCSs, measurement noise and uncertainties may affect
system dynamics, leading to performance degradation. To improve reliability
and guarantee stability in the presence of measurement noise and uncertainties,



many T–S model-based networked and non-fragile control approaches have been
developed for NCSs [1, 7, 9].
Motivated by the above-mentioned studies, this paper proposes the design of
an adaptive NGDET control for the robust stabilization of T–S fuzzy networked
control systems affected by communication delays, measurement noise, and exter-
nal perturbations. The proposed approach aims to enhance closed-loop stability
and robustness while reducing unnecessary network communications. The main
contributions of this paper can be summarized as follows:

• A novel NGDET control strategy is proposed for T-S-based NCSs in order
to reduce unnecessary data transmissions while preserving the stability
and robustness of the closed-loop NCS.
• By integrating the NGDET mechanism with a PDC controller, the trig-
gering threshold is adaptively adjusted online according to the system
states and error evolution, which improves flexibility compared with the
conventional static event-triggered mechanism in the literature.
• The proposed adaptive NGDET mechanism significantly decreases com-
munication load and network bandwidth utilization by transmitting data
only when necessary, thereby reducing redundant packet releases over the
communication network.
• The developed NGDET controller improves the robustness of the NCS
against external disturbances, measurement noise, and network-induced
delays. In addition, the triggering frequency is automatically increased
only during critical operating conditions and reduced during steady-state
operation, leading to an efficient trade-off between communication effi-
ciency and control performance.
• To derive less conservative LMI-based design conditions that allow for
a larger admissible range of network-induced delays and event-triggered
packet transmission intervals, achieved through an appropriate selection
of LKF and the use of suitable relaxation lemmas.

The rest of the paper is structured as follows. Section 2 presents the necessary
preliminaries and problem formulation, including the considered T–S fuzzy NCS
framework and the proposed NGDET mechanism. Section 3 focuses on the the-
oretical developments and derives LMI-based sufficient conditions for stability
analysis and controller synthesis. Finally, section 4 provides a numeric exam-
ple to demonstrate the effectiveness of the proposed NGDET mechanism and to
highlight how the developed LMI conditions are less conservative compared to
previous methods reported in the recent literature.

Notations 1. In the following, stars ∗ in matrices denote block transpose quan-
tities. For a matrix M of appropriate dimension, one denotes He(M) = M +
MT . A finite set of r positive integers is denoted Ir = (1, ..., r), r is the num-
ber of rules. Also, ∀j ∈ {1, . . . , 8}, we denote the block entry matrices ej =[
0n×(j−1)n, In×n, 0n×(8n−j)n

]
∈ R8n×n, for example: e6 =

[
0 0 0 0 0 I 0 0

]
.

Furthermore, to simplify the presentation and reduce notational complexity, the
following notation is adopted for fuzzy matrix summations: for: (i, j) ∈ I2

r.



Mh=
∑r

i=1hiz(t)Mi,Mh̄=
∑r

i=1hiz(t−η(t))Mi and Mhh̄=
∑r

i=1

∑r
j=1hiz(t)hjz(t−

η(t))Mij

2. Preliminaries and problem statement

Consider the class of continuous-time T-S models , subject to external distur-
bances and measurement noise, which can be expressed as follows:
ẋ(t) =

r∑
i=1

hi(z(t))
(
Aix(t) +Biu(t) +Bwiw(t)

)
,∀i ∈ Ir

y(t) =
r∑
i=1

hi(z(t))
(
Cix(t) + Eifs(t)

) (2.1)

where x(t) ∈ Rn is the state vector, u(t) ∈ Rm is the input vector , y(t) ∈ Rq

is the output vector, ω(t) ∈ Rp is a vector of external disturbances belonging to
L2[0,+∞), fs(t) ∈ Rκ is the measurement noise, z(t) ∈ Rµ is a vector of premise
variables, 0 ≤ hi(z(t)) ≤ 1 are membership functions satisfying the convex sum
property

∑r
i=1 hi(z(t)) = 1, Ai ∈ Rn×n, Bi ∈ Rn×m, Ci ∈ Rq×n, Ei ∈ Rq×κ and

Bwi ∈ Rn×p are known constant matrices defining the vertices of the T-S model.
Note that the measurement noise fs(t), representing disturbances or errors arising
from sensors, is a stochastic signal modeled by a Bernoulli random process. Its
energy satisfies the following constraint:∫ +∞

−∞
fTs (t)fs(t) dt ≤

∫ +∞

−∞
yT (t)Qfy(t) dt (2.2)

where Qf is a symmetric positive definite matrix that weights the output signal.

Assumption 2.1. The sensors operate based on a time-triggered mechanism with
a fixed sampling period h, generating a sampling sequence S = {sκ = κh|κ ∈ N}.

Assumption 2.2. The data are transmitted over the network as individual packets
without packet loss.

Let k denotes the index of the current sampling instant, with τ sck and τ cak denote
the communication delays from the sensor-to-controller and controller-to-actuator
channels, respectively. Consequently, the overall network-induced delay is given
by τk = τ sck + τ cak ∈ [τm, τM ] (see Figure 1).

To improve communication efficiency in NCS, we propose a NGDET mech-
anism as an adaptive alternative to conventional event-triggered mechanisms,
static or dynamic. The objective is to reduce redundant transmissions and thus
save bandwidth while preserving control performance. The key idea is that, when
the system operates near equilibrium, frequent packet releases become unneces-
sary. The NGDET mechanism optimizes the transmission instant tk+1, in real
time, ensuring an effective balance between network load and closed-loop sta-
bility. The next transmission instant tk+1 is given by the following condition:

tk+1 = tk + min
l∈N

{
lh|εT (tk)Ωε(tk) > ρ(t)xT (tk)Ωx(tk)

}
. (2.3)



Figure 1. Networked control system with NGDET control schem.

where εk(t) = x(tk) − x(tk + lh) denotes the output error, Ω > 0 is an event-
triggering weighting matrix to be designed and ρ(t) is an adaptive NGDET thresh-
old function, given by:
ρ(t) = ρm + (ρM − ρm) (−W ||ε(tk)||2 + b) (2.4)
where W and b represent the adaptive neural weight and bias of a single-neuron
approximator that are updated through the gradient descent algorithm and:
[ρm, ρM ]∈ [0, 1] are the minimum and maximum threshold values, respectively.

Remark 2.3. Unlike conventional static or dynamic threshold functions, the pro-
posed NGDET strategy provides an intelligent self-adjustment mechanism for
the event-triggering condition. The algorithm updates the neural parameters W
and b through a reward-driven gradient descent process. The reward function
reduces unnecessary transmissions while maintaining accurate control, leading
to an sigmoid-based adaptive between the error norm ‖ε(tk)‖2 and the triggering
threshold. As learning progresses, the controller autonomously refines the thresh-
old function ρ(t) decreasing its value when the system operates near equilibrium
to reduce unnecessary transmissions, and increasing it when large deviations oc-
cur to trigger more updates of data and so that new control actions are sent
at the right time tk to maintain stability. This gradient-descent-based adaptive
mechanism allows the threshold to evolve in real time according to the system
state behavior, which allows to reduce conservatism, improve robustness against
disturbances, and give a better trade-off between communication efficiency and
closed-loop stability, even when external disturbances and measurement noise
occur.

In the context of NCS represented in Figure 1, the Zero-Order Hold (ZOH)
maintains the control signal constant during the interval Iz = [tk+τk, tk+1 +τk+1).
Following the framework in [19], this interval can be further partitioned into
several sub-intervals Iz =

⋃v̄
l=0 Il, where each sub-interval is defined as Il =



[tk + lh + max(τk), tk + lh + h + max(τk)), where, max(τkk ∈ N) denotes the
maximum sampling delay, and v̄ ∈ N satisfies the condition tk + v̄h+max(τk) <
tk+1 +τk+1 ≤ tk+ v̄h+h+max(τk). Moreover ∀t ∈ Iz, we define η(t) = t−tk− lh,
which satisfies 0 ≤ min(τk) = τm ≤ τk ≤ η(t) ≤ max(τk) + h = τM evolving as a
piecewise continuous sawtooth profile and satisfies η̇(t) = 1. As a result, we can
write x(tk + lh) = x(t− η(t)).
Within this framework, we define a NGDET controller as follows:

u(t) =
r∑
i=1

hi(z(tk))
(
Kix(tk)

)
=

r∑
i=1

hi(z(t− η(t)))Ki

(
x(t− η(t)) + ε(tk)

)
(2.5)

where Ki ∈ Rm×n(i ∈ Ir) represents the feedback gain matrix to be designed.
From notation 1 then (2.1) and (2.5), yields the closed-loop dynamics with ex-
ternal disturbances and measurement noise as follows:{
ẋ(t) =Ahx(t) +BhKh̄

(
x(t− η(t)) + ε(tk)

)
+Bwhw(t)

y(t) =Chx(t) + Ehfs(t)
(2.6)

Problem Statement: This study aims to establish LMI-based conditions for
the synthesis of the NGDET controller gain matrices Kj ( j ∈ Ir), along with
the design of the T-S-based event-triggering weighting matrix Ω, such that the
NCS closed-loop dynamics (2.6) subject to measurement noise (2.2) is robustly
asymptotically stable. In addition, for nonzero disturbances w(t), the following
H∞ disturbance attenuation condition holds:∫ ∞

0

(
xT (s)Qdx(s)− γ2wT (s)w(s)

)
ds < 0 (2.7)

with Qd is the symmetric positive definite matrix.

3. Main result

This section presents LMI-based conditions for designing a robust NGDET
controller (2.5) for the T-S fuzzy system (2.1). The objective is to determine the
PDC state-feedback gains Kj(j ∈ Ir) and the event-triggering weighting matrix
Ω such that the NCS closed-loop dynamic (2.6) is asymptotically stable in the
presence of external disturbances, measurement noise, and bounded network-
induced delays. Moreover, the system must satisfy a prescribed H∞ performance
level while reducing unnecessary data transmissions through an adaptive NGDET
mechanism.

Theorem 3.1. For given positive scalars h, τm, τM , ρm, ρM , ε1, ε2 and given
fault matrices Ei and Qf , ∀i ∈ Ir and ∀j ∈ Ir, the NCS closed-loop dynamic (2.1)
is robustly asymptotically stabilized by the NGDET controller (2.5), subject to an
H∞ disturbance attenuation level γ > 0 and with regard to the release instants
defined by the NGDET mechanism (2.3), if there exist the real matrices X > 0,
P̄ > 0, Q̄1 > 0, Q̄2 > 0, Q̄d > 0, R̄1 > 0, R̄2 > 0, Ω̄ > 0, S̄ > 0, M̄ , and



Fj with appropriate dimensions such that the conditions of lemma 5 in [12] and[
R̄2 S̄
∗ R̄2

]
> 0 are satisfied with:

Λij =

 Γij τmΦ̄2
3 + 1

2
Φ̄1

3 + (τM − τm)U e1X
TCT

i

∗ Φ̄2
3 −He(U) 0

∗ ∗ −Q−1
f

 (3.1)

where
Γij =τ 2

mΦ̄2
3+ τmΦ̄1

3 +Φ̄0
3 +Φ̄1 + Φ̄2 + Φ̄4 + e1Q̄de

T
1 − γ2e8e

T
8 − e7e

T
7 +He(Xij)

+e7E
T
i QfEie

T
7 +He(e7E

T
i QfCiXe

T
1 ),

(3.2)

Xij =
[
AiX 0 BiFj 0 −X BiFj 0 Bwi

]
, (3.3)

Φ0
3 = (τM + τm)∆T

1 M̄∆1 − τMτmHe(∆
T
1 M̄∆2), (3.4)

Φ1
3 = −2∆T

1 M̄∆1 + (τM + τm)He(∆
T
1 M̄∆2), (3.5)

Φ2
3 = −He(∆

T
1 M̄∆2), (3.6)

Φ1 = He(e1P̄ e
T
5 ), (3.7)

Φ2 =e1Q̄1e
T
1 − e2Q̄1e

T
2 − e4Q̄2e

T
4 + e5

(
τ 2
mR̄1 + (τM − τm)2R̄2

)
eT5

−(e2 − e1)R̄1(e2 − e1)T − e2R̄2e
T
2 + e3(−2R̄2 + S̄ + S̄T )eT3 − e4R̄2e

T
4

+He

(
e2(R̄2 − S̄)eT3 + e3(R̄2 − S̄)eT4 + e2S̄e

T
4

)
,

(3.8)

Φ4 = ρ(t)(e3 + e6)Ω̄(eT3 + eT6 )− e6Ω̄eT6 , (3.9)

∆1 =
[
e1 (e3 + e6)

]T and ∆2 =
[
e5 0

]T .
In this case, the PDC state-feedback gains of (2.5) are computed as Kj = FjX

−1.

Proof. Let us consider the following LKF candidate:

V (t) = V1(t) + V2(t) + V3(t), (3.10)

where

V1(t) = xT (t)Px(t), (3.11)

V2(t) =

∫ t

t−τm
xT (s)Q1x(s)ds+

∫ t−η(t)

t−τM
xT (s)Q2x(s)ds

+τm

∫ 0

−τm

∫ t

t+v

ẋT (s)R1ẋ(s)dsdv+(τM − τm)

∫ −τm
−τM

∫ t

t+v

ẋT (s)R2ẋ(s)dsdv,

(3.12)

V3(t) = (τm−η(t))(η(t))−τM)ΘT (t)MΘ(t) with Θ(t)=
[
xT (t) xT (tk)

]T
,(3.13)

The LKF (3.10) is positive if P , Q1, Q2, R1, R2 and M are all positive definite
matrices. Consequently, the NCS closed-loop (2.6) is asymptotically stable if:

V̇ (t) = V̇1(t) + V̇2(t) + V̇3(t) < 0 (3.14)

Let us define:

ζ(t)=
[
xT (t) xT (t−τm) xT (t−η(t)) xT (t−τM) ẋT (t) εT (tk) fTs (t) wT (t)

]
T (3.15)



The derivative of V1(t) yields:

V̇1(t) = He

(
xT (t)Pẋ(t)

)
= ζT (t)Φ1ζ(t) (3.16)

with Φ1 = He(e1Pe
T
5 ).

for the second term of (3.10) we have:

V̇2(t) =xT (t)Q1x(t)− xT (t− τm)Q1x(t− τm)− xT (t− τM)Q2x(t− τM)

+τ 2
mẋ

T (t)R1ẋ(t) + (τM−τm)2ẋT (t)R2ẋ(t)−τm
∫ t

t−τm
ẋT (s)R1ẋ(s)ds

−(τM − τm)

∫ t−τm

t−τM
ẋT (s)R2ẋ(s)ds

(3.17)

By applying Jensen’s inequality on the first integral term of (3.17), we have:

− τm
∫ t

t−τm
ẋT (s)R1ẋ(s)ds ≤ ζT (t)

[
eT1
eT2

]T [ −R1 R1

∗ −R1

] [
eT1
eT2

]
ζ(t) (3.18)

Similarly, by applying extended Jensen’s lemma [8]) on the second integral term

of (3.17) with
[
R2 S
∗ R2

]
≥ 0, we have:

−(τM − τm)

∫ t−τm

t−τM
ẋT (s)R2ẋ(s)ds≤

− ζT (t)

eT2eT3
eT4

T−R2 R2 − S S
∗ −2R2+He(S) −S +R2

∗ ∗ −R2

eT2eT3
eT4

ζ(t)

(3.19)

Therefore, from (3.17), (3.18), and (3.19), we obtain:

V̇2(t) ≤ ζT (t)Φ2ζ(t) (3.20)

with Φ2 =e1Q1e
T
1−e2Q1e

T
2−e4Q2e

T
4+e5

(
τ 2
mR1+(τM−τm)2R2

)
eT5−(e2−e1)R1(e2−e1)

T

− e2R2e
T
2 + e3(−2R2+S+ST )eT3− e4R2e

T
4 +He

(
e2(R2−S)eT3 +e3(R2−S)eT4 + e2Se

T
4

)
Next, considering the time derivative of equation (3.13), we have:

V̇3(t) = (τm+ τM − 2η(t))ΘT (t)MΘ(t)

+
(
(τM+τm)η(t)− η2(t)− τMτm

)
He

(
ΘT (t)MΘ̇(t)

)
= ζT (t)Φ3ζ(t)

(3.21)

with Φ3 = η2(t) Φ2
3 +η(t) Φ1

3 + Φ0
3, Φ2

3 = −He(∆
T
1M∆2), Φ1

3 = −2∆T
1M∆1+(τM+

τm)He(∆
T
1M∆2) and Φ0

3 = (τM +τm)∆T
1M∆1−τMτmHe(∆

T
1M∆2), where ∆1 and

∆2 are defined in Theorem 3.1.
Next, from (2.6), we can write the NCS closed-loop dynamics as:[
Ah 0 BhKh̄ 0 −I BhKh̄ 0 Bwh

]
ζ(t) = 0, or Ghh̄ζ(t) = 0 (3.22)

From (3.16), (3.20), (3.21), and (3.22), applying the Finsler’s lemma [12], the NCS
closed-loop dynamics (2.6) is asymptotically stable if ∃T ∈ R8n×n such that:



ζT (t)

( 3∑
`=1

Φ` +He

(
T Ghh̄

))
ζ(t) < 0 (3.23)

Now, from the proposed NGDET mechanism (2.3), we can write:

0<ρ(t)
(
xT (t−η(t))+εT (tk)

)
Ω
(
x(t−η(t))+ε(tk)

)
−εT (tk)Ωε(tk)=ζT (t)Φ4ζ(t)(3.24)

with Φ4 = ρ(t)
(
e3 + e6

)
Ω
(
eT3 + eT6 )− e6ΩeT6

According to the measurement noise (2.2), we can write:

0 ≤ yT (t)Qfy(t)− fTs (t)fs(t) = ζT (t)Φ5ζ(t) (3.25)

with Φ5 = He(e7E
T
hQfChe

T
1 ) + e7E

T
hQfEhe

T
7 + e1C

T
hQfChe

T
1 − e7e

T
7

Now, let us focus on the requirement of H∞ performance regarding external dis-
turbances (ω 6= 0). From the H∞ criterion (2.7) and under zero initial conditions,
we can write;

V̇ (t) + xT (s)Qdx(s)− γ2wT (s)w(s) < 0 (3.26)

From (3.23), (3.24), and (3.25), the inequality (3.26) is satisfied ∀ζ(t) 6= 0 under
external disturbances and measurement noise failures if:

ζT (t)
( 6∑
`=1

Φ` +He

(
T Ghh̄

))
ζ(t) < 0 (3.27)

with Φ6 = e1Qde
T
1 − γ2e8e

T
8

Recall that inequality (3.27) is nonlinear due to the presence of the bilinear term
He(T Ghh̄). To handle this nonlinearity, we introduce a slack variable and apply
a standard congruence transformation as follows:
Let X ∈ Rn×n be a nonsingular matrix andε1 and ε2 be arbitrary real scalars.
Then, define T =

[
I 0 ε1I 0 ε2I ε1I 0 0

]T
X−T . Next, take the congruence of

(3.27) using the block-diagonal matrix. DX = diag{X, ..., X︸ ︷︷ ︸
×6

, I, I}, Then, applying

quadratic functions lemma in [11] together with the Schur complement, yields the
inequality Λhh̄<0 with Λij defined (3.1), whose, introduce the change of variables
Fh̄ = Kh̄X ∈ Rm×n and Ē = XTEX where E ∈ {P,Q1, Q2, Qd, R1, R2,Ω,M, S}.
Finally, using lemma 5 in [12] and since ρ(t) ∈ [ρm, ρM ], the inequality V̇ (t)<0,
∀ζ(t) 6=0, is guaranteed if the conditions of Theorem 3.1 hold. �

In the next, the practical implementation of the proposed NGDET mechanism
is presented below, where the adaptive NGDET threshold function ρ(t) is adjusted
from the error signal using the Algorithm 1.

4. Illustrative example

In this section, a numerical example is presented to show the effectiveness and
advantages of the proposed NGDET control and to highlight its improvements
compared with recent related results reported in the literature.



Algorithm 1 Computation of the adaptive NGDET threshold function ρ(t)

Require: Error signal ε(tk), bounds ρm and ρM
Ensure: Adaptive threshold ρ(t)
1: Initialize the neural parameters W and b.
2: for each error sample e = ‖ε(tk)‖ do
3: Compute the neuron activation: z = −We+ b, σ = 1

1+exp(−z) .

4: Compute the adaptive threshold: ρ(t) = ρm + (ρM − ρm)σ.
5: Evaluate a reward function based on the tracking error and triggering

events. triggered = (e2(tk) > ρ e2(tk)), reward = −e2(tk)− β × triggered.
6: Compute the gradients: dσ

dz
= σ(1 − σ); dρ = (ρmax − ρmin)σ(1 − σ);

∂J
∂W

= −2e dρ;
∂J
∂b

= −dρ.
7: Update W and b using a gradient-descent learning rule. W ← W +
α ∂J
∂W

reward, b← b+ α∂J
∂b

reward.
8: end for
9: Use the resulting ρ(t) in the event-triggering condition.

return ρ(t)

4.1. Example : Let us consider the benchmark of a tunnel diode circuit [12],
where the diode is characterized by iD(t) = 0.002vD(t) + 0.01v3

D(t).
In this example, the state vector is defined as [x1(t) x2(t)] = [vD(t) iL(t)] with

vD(t) being the measurement output and |x1(t)| ≤ 3 . The dynamic of a tunnel
diode circuit can be presented through the T–S fuzzy model (2.1) with:

A1 =

[
−0.1 50
−1 −10

]
, A2 =

[
−4.6 50
−1 −10

]
, B1 = B2 =

[
0
1

]
, Bw1 = Bw2 =

[
0

0.1

]
,

C1 = C2 =
[
1 0

]
, E1 = E2 = 0.65 and Qf = 2.

For z(t) =vD(t) as the premise variable, themembership functions are defined as
follows:
h1(z(t)) =

{
1 + 1

3
z(t), for z(t) ∈ [−3, 0]

1− 1
3
z(t), for z(t) ∈ [0, 3]

, h2(z(t)) = 1− h1(z(t)) .

Case 1: Nominal case (fault-free scenario) In this first study, the NCS
is analyzed under ideal operating conditions, i.e., in the absence of measurement
noise and external disturbances. Specifically, the fault and disturbance signals
are set as follows: fs(t) = 0, and ω(t) = 0. This configuration corresponds to a
healthy network environment without degradation or abnormal behavior.
The main objective of this nominal case study is to enlarge the maximum admis-
sible network-induced delay MANID(τM), while preserving closed-loop stability
and also to reduce the communication burden by lowering the packet transmis-
sion frequency over the network.
The performance of the proposed NCS framework is assessed through a com-
parative analysis with several existing event-triggered and networked control ap-
proaches reported in the literature [5–7, 9, 12–14, 18, 20, 21, 21].
For consistency with existing works, the identical parameter settings as in the



previous studies are used, τm = 0.1. Numerical solutions of the LMIs in Theo-
rem 3.1 were obtained using the YALMIP/SeDuMi solver, with the parameters
ε1 = 10−5 and ε2 = 10−3. Assuming a sampling period h = 0.01s for the clock-
driven sensors, the solution of Theorem 3.1 provides the PDC state-feedback
gains and event triggering weighting matrix as: K1 = 10−3×

[
0.016 0.466

]
, K2 =

10−3×
[
−0.001−0.023

]
and Ω=10−3×

[
0.010 −0.004
−0.004 0.355

]
.

In addition, the achieved MANID(τM) is 450ms. This value is significantly higher
than those reported in related studies. Table 1 presents a comparative analysis

Table 1. Comparison of the MANID(τM), TPN and TR
Methods maub(τ̄) TPN TR

[7] t ∈ [0, 2s] – 101 50.6%
[14] t ∈ [0, 20s] 0.20 108 35.64%
[20] t ∈ [0, 20s] – 588 29.4%
[21] t ∈ [0, 20s] – 25 25%
[6] t ∈ [0, 30s] 0.21 73 24.3%
[13] t ∈ [0, 10s] 0.20 86 17.2%
[18] t ∈ [0, 20s] 0.10 60 15%
[9] t ∈ [0, 20s] 0.24 56 14%
[5] t ∈ [0, 40s] – 43 10.75%
[12] t ∈ [0, 5s] 0.41 41 8.2%

Theorem 3.1, t ∈ [0, 5s]
λ = 3.3 450ms 41 8.2%
λ = 3.5 – 40 8%
λ = 4 – 38 7.6%
λ = 4.6 – 36 7.2%

of the total Number of Transmitted Packets (TPN) and the Transmission Rate
(TR). In the present study, both TPN and TR are evaluated for multiple values of
the discount factor λ in the NGDET threshold function ρ(t). The results show
that increasing λ reduces TPN and TR, thereby lowering the communication
burden while enlarging the delay bound. These findings highlight the robustness
and improved performance of the proposed NGDET control compared to existing
methods under adverse conditions.
Case 2: Robust control design : In this second study, the robustness of the
proposed NGDET control against external disturbance attenuation and mea-
surement noise is evaluated under realistic adverse operating conditions.
By solving the LMIs of Theorem 3.1 with τm = 0.1, ε1 = 0.0078 and ε2 = 0.0445
and h = 0.01s, we obtained MANID(τM) = 180ms and the H∞ performance
level of γ = 0.6. The resulting PDC state-feedback gains are given by: K1 =[

0.0253 0.4655
]
, K2 =

[
0.0322 0.5048

]
and event-triggering weighting ma-

trix Ω =

[
0.3140 1.3749
1.3749 17.1474

]
.

Numerical simulations are performed with the initial condition x(0) =
[
1 0.5

]T
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Figure 2. States trajectory xi(t), output yi(t), NGDET control
signal u(t), triggering instants tk and corresponding intervals.

and the external disturbance signal ω(t) = 10sin(0.3t) which is injected dur-
ing the interval [1, 2s] and ω(t) = 0 otherwise. In addition, the measurement
noise signal fs(t) is modeled as a Bernoulli random process and injected into the
measurement channel over the interval [3, 4s] and fs(t) = 0 elsewhere. In this
simulation scenario, the adaptive NGDET threshold function ρ(t) is bounded by
ρm = 0.1 and ρM = 0.8. Figure 2 illustrates the NCS closed-loop responses under
the proposed NGDET control strategy. Despite external disturbances and mea-
surement noise, the state of the system remains bounded and rapidly converges
to the origin, confirming the robustness of the proposed NGDET control strategy.

More specifically, during the disturbance interval t ∈ [1, 2s], the triggering
events become more frequent, and the intervals between events decrease, indicat-
ing that additional control updates are generated to preserve closed-loop perfor-
mance. As the disturbances disappear and the system approaches equilibrium,
the triggering frequency is reduced and larger intervals are observed between
successive events. This adaptive behavior demonstrates the effectiveness of the
proposed NGDET controller in rejecting perturbations while efficiently reducing
unnecessary transmissions.
Figure 3 further illustrates the measurement noise signal, the adaptive NGDET
threshold function ρ(t), the neural weight W (t), and the neural bias b(t).
In this scenario, only 73 data packets out of 500 sampled data packets are trans-
mitted to the ZOH over the interval [0, 5s], corresponding to a TR of 14.6%.
Consequently, 85.4% of the communication resources are saved while maintain-
ing the stability of the NCS closed-loop, even in the presence of external distur-
bances and measurement noise. These results clearly demonstrate the efficiency
and the robustness of the proposed NGDET control in reducing communication
load while preserving closed-loop performances.
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Figure 3. Measurement noise signal fs(t), adaptive neural gra-
dient descent threshold function ρ(t), neural weight W (t) and the
bias b(t) (case 2).

5. Conclusion

In this paper, a robust event-triggered control strategy has been developed for
networked T-S fuzzy systems subject to external disturbances and measurement
noise. By integrating a neural gradient descent mechanism with the PDC con-
troller via NCS, the triggering threshold is adaptively adjusted online, thereby
reducing redundant transmissions by activating data exchange only when required
while preserving the desired closed-loop performance of NCS. Based on the conve-
nient choice of LKF, A set of sufficient LMI conditions is developed to guarantee
the stability of the NCS closed-loop dynamics together with a prescribed distur-
bance attenuation level H∞. Simulation results demonstrate that the proposed
approach effectively reduces network utilization and enlarges the admissible delay
bounds compared with the existing event-triggered mechanism while maintaining
strong robustness against disturbances and measurement noise. These findings
confirm the effectiveness of the proposed framework in achieving a desirable trade-
off between communication efficiency and control performance. Further research
will be devoted to extending the present framework to a fault-tolerant control
mechanism able to handle actuator and sensor failures, as well as resilient strate-
gies against cyber-attacks such as denial-of-service and false-data injection.
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