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Abstract
For the delay-dependent robust dissipativity problem of uncertain neural net-
works with additive time-varying delays, a more generalized activation function
is proposed. Unlike previous studies, sufficient information regarding neuronal
activation functions and additive time-varying delays is fully considered. An
appropriate Lyapunov-Krasovskii functional (LKF) is constructed by employ-
ing some novel integral terms, and its derivative is computed utilizing newly
developed single integral inequalities, which include special cases of Jensen’s
inequality and Wirtinger integral inequality. By employing linear matrix in-
equality (LMI) technique, a novel delay-dependent less conservative criterion
for global asymptotic stability and dissipativity is established. Finally, the ef-
fectiveness of the proposed theory is verified through calculations and numerical
simulations.
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Abstract: This paper addresses the delay-dependent robust dissipativity prob-
lem for uncertain neural networks with additive time-varying delays by propos-
ing a more generalized activation function. Unlike previous studies, sufficient
information regarding neuron activation functions and additive time-varying de-
lays is fully considered. By constructing an appropriate Lyapunov-Krasovskii
functional (LKF) with novel integral terms and estimating its derivative using
newly developed single integral inequalities—including special cases of Jensen’s
inequality and Wirtinger-based integral inequality—a new delay-dependent, less
conservative global asymptotic stability and dissipativity criterion is established
via linear matrix inequality (LMI) techniques. Finally, the effectiveness of the
proposed theory is verified through calculations and numerical simulations.

Keywords: neural network; artificial intelligence; time-varying delays;
Lyapunov-Krasovskii functional

0 Introduction
Neural networks (NNs) have attracted increasing research interest due to their
widespread applications in signal processing, pattern recognition, combinatorial
optimization, and other practical systems [1~4]. All these applications depend
on the dynamic performance of the system. On the other hand, time delays
commonly affect system behavior, causing instability, poor performance, and
oscillations [5~6]. Therefore, it is essential to investigate the dynamics of neural
networks with time delays.

Generally, time delays of state variables are assumed to appear in simple or
singular forms. In [7], a novel system model was introduced that contains suc-
cessive time-varying delay components of the state vector in a certain sense.
The system model proposed in [7] can be applied in various contexts, such as
remote control and networked control systems (NCS). In NCS, signals trans-
mitted between two nodes can sometimes be dual-segmented. Therefore, in [7],
two delay components were considered through variable transmission character-
istics. Systems with such delays have stronger practical significance than those
with single delays. Consequently, the concept of additive time-varying delays
has received widespread attention in stability analysis of neural networks [8~10].
In recent years, researchers have dedicated efforts to studying the stability of
neural networks with additive time delays and have achieved favorable results.
In [10], stability criteria for generalized NNs with Markov jump parameters and
additive time delays were proposed using the free-weighting matrix method. In
[9], improved stability criteria were developed by introducing an enhanced LKF
that utilizes additive time-delay information. Recently, [11] investigated robust
delay-dependent stability criteria for uncertain neural networks with two addi-
tive time-varying delay components. In [12], new asymptotic criteria for neural
networks with additive time-varying delay components were derived by con-
structing appropriate Lyapunov functionals and employing free-weighting ma-
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trix methods. In [13], less conservative stability conditions based on quadratic
convex combination were proposed for mode-dependent additive time-varying
delays. Most recently, [14] presented an improved stability criterion for neural
networks with additive time-varying delay components and leakage delay.

On the other hand, dissipativity analysis represents a hot topic in neural net-
work research, as it is a fundamental property closely related to the intuitive
phenomenon of energy loss or dissipation in physical systems. Willems first in-
troduced the concept of dissipative systems in dynamic systems, and since then,
the concept has been extended to nonlinear systems in [15]. Dissipativity theory
provides an energy-related input/output description model that forms the basic
idea for control system design and analysis. It offers a more flexible theoretical
foundation for modern control applications such as robotics, active vibration
damping, electromechanical systems, internal combustion engines, and circuit
theory.

Motivated by the aforementioned studies, this paper employs a more general
activation function method and extends this condition to address the dissipa-
tivity analysis of neural networks. The main contribution is to reduce the
conservatism of previous studies as much as possible. To this end, a new single
integral inequality is considered to obtain superior results compared to recent
research. This inequality also includes two special cases: Jensen’s inequality
and Wirtinger integral inequality. Furthermore, a more in-depth investigation
of neuron activation functions is conducted by dividing the bounds of neuron
activation functions into two subintervals and defining a parameter 𝜎, where 𝐿−

𝑖
and 𝐿+

𝑖 are known real scalar values that can be positive, negative, or zero. This
means the obtained activation function can be non-monotonic and more general
than typical sigmoid functions and Lipschitz conditions. Moreover, the concept
of generalized activation functions is further extended to additive time-varying
delay components. Finally, the effectiveness of the proposed method is verified
through three numerical examples.

1 Problem Description and Preliminaries
We first introduce some notation used throughout this paper. ℝ𝑛 denotes the
𝑛-dimensional Euclidean space, ℝ𝑚×𝑛 denotes the set of 𝑚 × 𝑛 real matrices,
‖ ⋅ ‖ denotes the Euclidean norm, 𝑃 > 0 denotes a symmetric positive-definite
matrix, and 𝐼 denotes the identity matrix. diag{…} denotes a block diagonal
matrix. For a symmetric matrix 𝐴, 𝐴𝑇 denotes its transpose. 𝐿2[0, ∞) is the
space of 𝑛-dimensional square-integrable function vectors.

This paper considers uncertain neural networks with additive time-varying de-
lays:

̇𝑥(𝑡) = −𝐷𝑥(𝑡) + 𝐴(𝑡)𝑓(𝑥(𝑡)) + 𝐵(𝑡)𝑓(𝑥(𝑡 − 𝜏1(𝑡) − 𝜏2(𝑡))) (1)
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where 𝑥(𝑡) = [𝑥1(𝑡), 𝑥2(𝑡), … , 𝑥𝑛(𝑡)]𝑇 ∈ ℝ𝑛 represents the state vector associated
with 𝑛 neurons; 𝐷 = diag{𝑑1, 𝑑2, … , 𝑑𝑛} is a positive diagonal matrix with each
𝑑𝑖 > 0; 𝐴 and 𝐵 are known connection weight matrices and delayed connec-
tion weight matrices, respectively; 𝑓(⋅) = [𝑓1(⋅), 𝑓2(⋅), … , 𝑓𝑛(⋅)]𝑇 ∈ ℝ𝑛 denotes
the neuron activation function; 𝜏1(𝑡) and 𝜏2(𝑡) represent additive time-varying
delays satisfying the following conditions:

0 ≤ 𝜏1(𝑡) ≤ 𝜏1, 0 ≤ 𝜏2(𝑡) ≤ 𝜏2, ̇𝜏1(𝑡) ≤ 𝜇1, ̇𝜏2(𝑡) ≤ 𝜇2 (2)

where 𝜏1, 𝜏2, 𝜇1, and 𝜇2 are known real constants. For simplicity, we define
𝜏(𝑡) = 𝜏1(𝑡) + 𝜏2(𝑡), 𝜏 = 𝜏1 + 𝜏2, and 𝑢 = 𝑢1 + 𝑢2.

Assumption 1: The time-varying delays 𝜏𝑖(𝑡) (𝑖 = 1, 2) denote additive time-
varying delays and satisfy the above conditions.

Assumption 2: Each neuron activation function 𝑓𝑖(⋅) in (1) is bounded and
satisfies:

𝐿−
𝑖 ≤ 𝑓𝑖(𝜎1) − 𝑓𝑖(𝜎2)

𝜎1 − 𝜎2
≤ 𝐿+

𝑖 , ∀𝜎1, 𝜎2 ∈ ℝ, 𝜎1 ≠ 𝜎2, 𝑖 = 1, 2, … , 𝑛 (3)

where 𝐿−
𝑖 and 𝐿+

𝑖 are known real scalars that can be positive, negative, or zero.
This means the obtained activation function can be non-monotonic and more
general than typical sigmoid functions and Lipschitz conditions.

Under Assumption 2, system (1) has an equilibrium point 𝑥∗. Through the
transformation 𝑦(⋅) = 𝑥(⋅) − 𝑥∗, 𝑔(𝑦(⋅)) = 𝑓(𝑦(⋅) + 𝑥∗) − 𝑓(𝑥∗), system (1) can
be transformed into:

̇𝑦(𝑡) = −𝐷𝑦(𝑡) + 𝐴(𝑡)𝑔(𝑦(𝑡)) + 𝐵(𝑡)𝑔(𝑦(𝑡 − 𝜏1(𝑡) − 𝜏2(𝑡))) (6)

Assumption 3: Each activation function 𝑔𝑖(⋅) in (6) is continuous and bounded,
satisfying 𝑔𝑖(0) = 0 and:

𝐿−
𝑖 ≤ 𝑔𝑖(𝜎1) − 𝑔𝑖(𝜎2)

𝜎1 − 𝜎2
≤ 𝐿+

𝑖 , ∀𝜎1, 𝜎2 ∈ ℝ, 𝜎1 ≠ 𝜎2, 𝑖 = 1, 2, … , 𝑛 (7)

When an external disturbance appears in (6), it can be written as:

⎧{
⎨{⎩

̇𝑦(𝑡) = −𝐷𝑦(𝑡) + 𝐴(𝑡)𝑔(𝑦(𝑡)) + 𝐵(𝑡)𝑔(𝑦(𝑡 − 𝜏1(𝑡) − 𝜏2(𝑡))) + 𝑤(𝑡)
𝑧(𝑡) = 𝑔(𝑦(𝑡))
𝑦(𝑡) = 𝜑(𝑡), 𝑡 ∈ [−𝜏, 0]

(8)
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where 𝑤(𝑡) ∈ 𝐿2[0, ∞) represents the disturbance input that cannot be fully
measured and is assumed to satisfy ∫∞

0 𝑤𝑇 (𝑡)𝑤(𝑡)𝑑𝑡 < ∞, meaning it is a finite-
energy function. The system can be expressed in the following form:

⎧{{{
⎨{{{⎩

̇𝑦(𝑡) = −𝐷𝑦(𝑡) + 𝐴𝑔(𝑦(𝑡)) + 𝐵𝑔(𝑦(𝑡 − 𝜏(𝑡))) + 𝐶𝑝(𝑡) + 𝑤(𝑡)
𝑝(𝑡) = 𝐹(𝑡)𝑞(𝑡)
𝑞(𝑡) = 𝜀𝑎𝑦(𝑡) + 𝜀𝑏𝑦(𝑡 − 𝜏(𝑡)) + 𝜀𝑑𝑔(𝑦(𝑡)) + 𝜀𝑑𝑔(𝑦(𝑡 − 𝜏(𝑡)))
𝑦(𝑡) = 𝜑(𝑡), 𝑡 ∈ [−𝜏, 0]
𝑧(𝑡) = 𝑔(𝑦(𝑡))

(9)

where 𝐶, 𝜀𝑎, 𝜀𝑏, and 𝜀𝑑 are known constant matrices; 𝐹(𝑡) is an unknown real-
time-varying matrix satisfying 𝐹 𝑇 (𝑡)𝐹(𝑡) ≤ 𝐼 for all 𝑡 > 0.

Definition 1: The uncertain neural network (8) is said to be strictly (𝑄, 𝑆, 𝑅)-
𝛾-dissipative if, under zero initial conditions, the following inequality holds for
any 𝑡𝑓 ≥ 0:

∫
𝑡𝑓

0
𝑓(𝜔, 𝑧, 𝑤)𝑑𝑡 ≥ 𝛾 ∫

𝑡𝑓

0
𝑤𝑇 (𝑡)𝑤(𝑡)𝑑𝑡 (10)

where 𝑓(𝜔, 𝑧, 𝑤) is the energy supply function defined as 𝑓(𝜔, 𝑧, 𝑤) =
𝑧𝑇 (𝑡)𝑄𝑧(𝑡) + 2𝑧𝑇 (𝑡)𝑆𝑤(𝑡) + 𝑤𝑇 (𝑡)𝑅𝑤(𝑡), with 𝑄, 𝑆, and 𝑅 being real-valued
matrices and 𝑄, 𝑅 symmetric. Therefore, (10) can be written as the
dissipativity performance index for uncertain neural network (8):

∫
𝑡𝑓

0
[𝑧(𝑡)
𝑤(𝑡)]

𝑇
[ 𝑄 𝑆
𝑆𝑇 𝑅 − 𝛾𝐼] [𝑧(𝑡)

𝑤(𝑡)] 𝑑𝑡 ≤ 0 (11)

Lemma 1 [18]: For any constant matrix 𝑊 ∈ ℝ𝑛×𝑛 with 𝑊 > 0, the following
inequality holds:

− ∫
𝑏

𝑎
̇𝑦𝑇 (𝑠)𝑊 ̇𝑦(𝑠)𝑑𝑠 ≤ − 1

𝑏 − 𝑎 (∫
𝑏

𝑎
̇𝑦(𝑠)𝑑𝑠)

𝑇

𝑊 (∫
𝑏

𝑎
̇𝑦(𝑠)𝑑𝑠)

Lemma 2 [19]: Let 𝑓1, 𝑓2, … , 𝑓𝑚 ∶ 𝐷 → ℝ have positive values on an open
subset 𝐷 of ℝ𝑛. Then the reciprocally convex combination of 𝑓𝑖 over 𝐷 satisfies:

min
{𝛼𝑖∣𝛼𝑖>0,∑𝑖 𝛼𝑖=1}

∑
𝑖

1
𝛼𝑖

𝑓𝑖(𝑡) = ∑
𝑖

𝑓𝑖(𝑡) + max
𝑔𝑖𝑗(𝑡)

∑
𝑖≠𝑗

𝑔𝑖𝑗(𝑡)

subject to:
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{𝑔𝑖𝑗 ∶ ℝ𝑚 → ℝ, 𝑔𝑗𝑖(𝑡) = 𝑔𝑖𝑗(𝑡), [ 𝑓𝑖(𝑡) 𝑔𝑖𝑗(𝑡)
𝑔𝑖𝑗(𝑡) 𝑓𝑗(𝑡)

] ≥ 0}

Lemma 3: For any constant matrix 𝑊 ∈ ℝ𝑛×𝑛 with 𝑊 > 0, and vectors
𝑥, 𝑦, 𝑧 ∈ ℝ𝑛, the following inequality holds:

− ∫
𝑡

𝑡−𝜏(𝑡)
̇𝑦𝑇 (𝑠)𝑊 ̇𝑦(𝑠)𝑑𝑠 ≤ 𝜉𝑇 (𝑡) [𝜏(𝑡)

𝜏 𝑊1 + 𝜏 − 𝜏(𝑡)
𝜏 𝑊2] 𝜉(𝑡)

where 𝑊1, 𝑊2, and 𝑊3 are defined matrices, and 𝜉(𝑡) is an augmented state
vector.

Proof: When 0 ≤ 𝜏(𝑡) ≤ 𝜏 , we have 𝜏(𝑡)
𝜏 + 𝜏−𝜏(𝑡)

𝜏 = 1. Therefore, for any
constant matrix 𝑊 > 0, the inequality holds. Through simple rearrangement,
(13) is obtained, completing the proof.

2 Stability Analysis
In this section, a more general activation function model is established based
on the LKF and LMI techniques proposed in [19]. For simplicity, we define
matrices and vectors as block matrices. The notation used in this section is
defined as follows:

Theorem 1: If Assumptions 1 and 2 hold, then for any positive scalars 𝜏1, 𝜏2,
and 𝜇, the uncertain neural network (6) is globally asymptotically stable if there
exist positive-definite matrices 𝑃𝑖 ∈ ℝ𝑛×𝑛 (𝑖 = 1, 2, … , 12), positive diagonal
matrices 𝑄𝑖 ∈ ℝ𝑛×𝑛 (𝑖 = 1, 2, 3), arbitrary matrices 𝑀𝑘 ∈ ℝ𝑛×𝑛 (𝑘 = 1, 2, … , 12),
and a positive scalar 𝜀 such that the following LMI holds:

Ψ =
⎡
⎢⎢
⎣

Ψ11 Ψ12 ⋯ Ψ1,12
∗ Ψ22 ⋯ Ψ2,12
⋮ ⋮ ⋱ ⋮
∗ ∗ ⋯ Ψ12,12

⎤
⎥⎥
⎦

< 0 (14)

Proof: Consider the Lyapunov-Krasovskii functional with double integral
terms:

𝑉 (𝑡) = 𝑉1(𝑡) + 𝑉2(𝑡) + 𝑉3(𝑡) (15)

where

𝑉1(𝑡) = 𝑦𝑇 (𝑡)𝑃𝑦(𝑡) +
2

∑
𝑖=1

∫
𝑡

𝑡−𝜏𝑖(𝑡)
𝑦𝑇 (𝑠)𝑄𝑖𝑦(𝑠)𝑑𝑠 + ∫

𝑡

𝑡−𝜏(𝑡)
𝑦𝑇 (𝑠)𝑄3𝑦(𝑠)𝑑𝑠
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𝑉2(𝑡) =
2

∑
𝑖=1

∫
0

−𝜏𝑖

∫
𝑡

𝑡+𝜃
̇𝑦𝑇 (𝑠)𝑅𝑖 ̇𝑦(𝑠)𝑑𝑠𝑑𝜃 + ∫

0

−𝜏
∫

𝑡

𝑡+𝜃
̇𝑦𝑇 (𝑠)𝑅3 ̇𝑦(𝑠)𝑑𝑠𝑑𝜃

𝑉3(𝑡) =
2

∑
𝑖=1

∫
0

−𝜏𝑖

∫
0

𝜃
∫

𝑡

𝑡+𝜆
̇𝑦𝑇 (𝑠)𝑊𝑖 ̇𝑦(𝑠)𝑑𝑠𝑑𝜆𝑑𝜃

The time derivative of 𝑉 (𝑡) along the trajectory of system (6) is:

̇𝑉 (𝑡) = ̇𝑉1(𝑡) + ̇𝑉2(𝑡) + ̇𝑉3(𝑡) (16)

Case 1: When 0 ≤ 𝜏1(𝑡) ≤ 𝜏1 and 0 ≤ 𝜏2(𝑡) ≤ 𝜏2. For Case 1, we have the
following conditions. The time derivative of 𝑉 (𝑡) is:

̇𝑉 (𝑡) ≤ 𝜉𝑇 (𝑡) [Ω + Ψ + Φ] 𝜉(𝑡) (17)

where 𝜉(𝑡) is the augmented state vector. According to Lemma 3, we have:

− ∫
𝑡

𝑡−𝜏(𝑡)
̇𝑦𝑇 (𝑠)𝑊 ̇𝑦(𝑠)𝑑𝑠 ≤ 𝜉𝑇 (𝑡) [𝜏(𝑡)

𝜏 𝑊1 + 𝜏 − 𝜏(𝑡)
𝜏 𝑊2] 𝜉(𝑡) (18)

Therefore, for any diagonal matrices 𝑀𝑖 (𝑖 = 1, 2, … , 6) with appropriate dimen-
sions, according to Lemma 1, we obtain:

̇𝑉 (𝑡) ≤ 𝜉𝑇 (𝑡)Ψ𝜉(𝑡) (19)

Thus, there exists a positive parameter 𝜀 satisfying:

̇𝑉 (𝑡) ≤ −𝜅‖𝑦(𝑡)‖2 (20)

for a sufficiently small 𝜅 > 0. Moreover, for any matrices 𝑆1, 𝑆2, the following
equality holds:

2𝜉𝑇 (𝑡)𝑆1 [−𝐷𝑦(𝑡) + 𝐴𝑔(𝑦(𝑡)) + 𝐵𝑔(𝑦(𝑡 − 𝜏(𝑡)))] = 0 (21)

Combining the above results, we obtain ̇𝑉 (𝑡) < 0.

Case 2: When 𝜏1(𝑡) > 𝜏1 or 𝜏2(𝑡) > 𝜏2. The discussion for Case 2 is similar
to Case 1. By introducing parameter 𝜎 in the neuron activation function and
considering two subintervals according to (7), we can easily obtain:

̇𝑉 (𝑡) ≤ 𝜉𝑇 (𝑡)Ψ𝜉(𝑡) < 0 (22)
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Therefore, based on (24), (26), and the LMI condition, we have ̇𝑉 (𝑡) < 0, which
implies that for a sufficiently small parameter 𝜅 > 0, ̇𝑉 (𝑡) ≤ −𝜅‖𝑦(𝑡)‖2. This
proves that the uncertain neural network (6) is globally asymptotically stable.

Corollary 1: If Assumptions 1, 2, and 3 hold, then for any positive scalars 𝜏1,
𝜏2, and 𝜇, the uncertain neural network (8) is globally asymptotically stable and
strictly (𝑄, 𝑆, 𝑅)-𝛾-dissipative if there exist positive-definite matrices 𝑃𝑖 ∈ ℝ𝑛×𝑛

(𝑖 = 1, 2, … , 12), positive diagonal matrices 𝑄𝑖 ∈ ℝ𝑛×𝑛 (𝑖 = 1, 2, 3), arbitrary
matrices 𝑀𝑘 ∈ ℝ𝑛×𝑛 (𝑘 = 1, 2, … , 12), and a positive scalar 𝜀 such that the
following LMI holds:

[Ψ Γ
∗ Φ] < 0 (23)

Proof: For dissipativity analysis, we use an LKF similar to (15) and define the
dissipativity performance index for system (8) as:

𝐽(𝛾, 𝑡𝑓) = ∫
𝑡𝑓

0
[𝑧𝑇 (𝑡)𝑄𝑧(𝑡) + 2𝑧𝑇 (𝑡)𝑆𝑤(𝑡) + 𝑤𝑇 (𝑡)𝑅𝑤(𝑡) − 𝛾𝑤𝑇 (𝑡)𝑤(𝑡)] 𝑑𝑡 (24)

Following the proof of Theorem 1 for Case 1 and Case 2, we obtain:

̇𝑉 (𝑡) − 𝐽(𝛾, 𝑡) ≤ 𝜉𝑇 (𝑡) [Ψ + ΓΦ−1Γ𝑇 ] 𝜉(𝑡) < 0 (25)

Under zero initial conditions, this ensures that (10) holds, which means the
uncertain neural network (8) is strictly (𝑄, 𝑆, 𝑅)-𝛾-dissipative, completing the
proof.

For uncertain neural networks with each uncertain term in system (6), we can
write:

̇𝑦(𝑡) = −𝐷𝑦(𝑡) + 𝐴𝑔(𝑦(𝑡)) + 𝐵𝑔(𝑦(𝑡 − 𝜏(𝑡))) + 𝐶𝑝(𝑡) (31)

Corollary 2: If Assumptions 1 and 2 hold, then for any positive scalars 𝜏1,
𝜏2, and 𝜇, the uncertain neural network (31) is globally asymptotically stable
if there exist positive-definite matrices 𝑃𝑖 ∈ ℝ𝑛×𝑛 (𝑖 = 1, 2, … , 12), positive
diagonal matrices 𝑄𝑖 ∈ ℝ𝑛×𝑛 (𝑖 = 1, 2, 3), arbitrary matrices 𝑀𝑘 ∈ ℝ𝑛×𝑛 (𝑘 =
1, 2, … , 12), and a positive scalar 𝜀 such that LMI (14) holds.
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3 Experimental Analysis
This section compares the results with those in [8,9,11,13,12].

Example 1: Consider the uncertain neural network (6) with the following
parameters:

𝐷 = [1 0
0 1] , 𝐴 = [0.5 −0.5

0.1 0.2 ] , 𝐵 = [0.5 0.5
0.1 0.4]

Using the MATLAB LMI Toolbox, LMI (14) is found to be feasible. The max-
imum allowable bound can be obtained from Theorem 1. Consider activation
functions 𝑔1(𝑠) = 0.2(tanh(𝑠) + 1), 𝑔2(𝑠) = 0.4(tanh(𝑠) + 1), with time-varying
delay components 𝜏1(𝑡) = 0.3+0.3 sin(𝑡), 𝜏2(𝑡) = 0.7+0.1 sin(𝑡), and initial state
𝑦(0) = [0.2, −0.2]𝑇 . The simulation results for different 𝜏1 and 𝜏2 are shown in
Table 1.

Comparison between this paper and [11]

Example 2: Consider the uncertain neural network (8) with the following
parameters:

𝐷 = [1.2 0
0 1.2] , 𝐴 = [0.5 −0.5

0.1 0.2 ] , 𝐵 = [0.5 0.5
0.1 0.4]

For dissipativity performance, we select:

𝑄 = [0.9 0
0 0.9] , 𝑆 = [0.5 0

0 0.3] , 𝑅 = [2 0
0 2]

with parameters 𝜏1 = 0.1, 𝜏2 = 0.3, 𝛿 = 0.3, 𝑢1 = 0.2, 𝑢2 = 0.1. The optimal
dissipativity performance level 𝛾 can be obtained from Corollary 1, as shown in
Table 2.

Optimal dissipativity performance for different 𝜏2

Example 3: Consider the uncertain neural network (31) with the following
parameters:

𝐷 = [0.8 0
0 0.8] , 𝐴 = [0.2 −0.5

0.1 0.2 ] , 𝐵 = [0.5 0.5
0.1 0.4]

Consider activation functions 𝑔1(𝑠) = 0.2(tanh(𝑠) + 1), 𝑔2(𝑠) = 0.4(tanh(𝑠) + 1),
with time-varying delay components 𝜏1(𝑡) = 0.4 + 0.4 sin(𝑡), 𝜏2(𝑡) = 1.835 +
0.1 sin(𝑡), and initial state 𝑦(0) = [0.5, −0.5]𝑇 . The global asymptotic stability
simulation results are shown in Table 3.

Global asymptotic stability simulation results of example 3
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4 Conclusion
This paper has extensively investigated the global asymptotic stability and dis-
sipativity analysis for a class of uncertain continuous-time neural networks with
time delays. By employing a more general activation function method, Lya-
punov stability theory, and LMI techniques, new sufficient conditions were ob-
tained in the form of linear matrix inequalities. Unlike previous results, a novel
single integral inequality was adopted to handle the non-conservative derivative
of the LKF. Finally, numerical simulations demonstrated the effectiveness of
the research findings.

In practical engineering applications such as remote control and networked con-
trol systems, signals transmitted between two nodes can be dual-segmented.
Systems considering two delay components are therefore significant. Traditional
linear and optimal control precise mathematical models often ignore uncertain-
ties, making it difficult for designed controllers to achieve expected performance.
Consequently, the dissipativity theory studied in this paper provides an energy-
related input/output description model for control system design and analysis,
offering a more flexible theoretical foundation for modern control applications
in robotics, active vibration damping, electromechanical systems, internal com-
bustion engines, circuit theory, and other engineering directions. Future work
will attempt to extend these results to neural networks with many discontinuous
activations.
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