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Abstract: This paper proposes an innovative semi-Markov jump power system H∞ load frequency
control (LFC) strategy, incorporating an adaptive event-triggered mechanism (AETM) to enhance
control efficiency and stability under complex environmental conditions. Specifically, to address
power system uncertainties caused by environmental factors, we first modeled the system using a
semi-Markov jump process, effectively capturing its dynamic variations across different operational
states. Subsequently, to reduce communication and computational burdens, we introduced a novel
AETM that selectively determines triggering conditions, thereby avoiding unnecessary control signal
updates. Furthermore, we constructed multimodal asymmetric Lyapunov-Krasovskii functionals
(LKFs). By relaxing constraints on matrix symmetry and positive definiteness, this method reduces the
conservatism of stability criteria, ensuring stable system operation and maintaining strong robustness
even in the presence of external disturbances. Finally, simulation results validated the effectiveness
of the proposed strategy, demonstrating its capability to significantly enhance power system control
performance and stability while effectively reducing resource consumption.

Keywords: semi-Markov jump; Lyapunov-Krasovsky functionals; load frequency control; adaptive
event-triggered mechanism
Mathematics Subject Classification: 93-XX

1. Introduction

Modern power systems are increasingly challenged by the large-scale integration of renewable
energy sources (RESs), dynamic fluctuations in load demand, and growing environmental disturbances.
The intermittency and unpredictability of RESs (wind and solar) exacerbate power grid fluctuations,
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while environmental factors such as extreme weather and equipment failures amplify operational
uncertainties [1–3]. Traditional control methods, predominantly based on linearized models
and deterministic assumptions, struggle to address these strong nonlinearities and time-varying
characteristics, particularly during stochastic mode transitions triggered by environmental factors [4].
Consequently, developing novel strategies capable of accurately modeling environmental uncertainties
and achieving efficient robust control has become critical for ensuring the secure and stable operation
of power systems under complex conditions [5, 6].

LFC is a cornerstone for maintaining frequency stability and balancing generation-demand
in interconnected grids [7]. Conventional LFC methods perform adequately under steady-state
conditions but exhibit significant limitations in handling time-varying communication delays,
parameter perturbations, and abrupt mode switching induced by environmental disturbances [8–10].
Recent advancements have incorporated robust control theories, such as H∞ control, to enhance
disturbance rejection capabilities [11, 12]. However, existing studies often rely on fixed-topology
assumptions or idealized Markov jump processes (MJPs) [13], neglecting the semi-Markov jump
system (S-MJS) nature of real-world power systems, where mode dwell times follow non-exponential
distributions and are closely tied to environmental factors [14–16]. This oversight limits the
adaptability of current strategies in complex environments, necessitating S-MJS modeling to accurately
characterize system dynamics driven by environmental uncertainties.

To alleviate the communication and computational burden in networked control systems, the
event-triggered mechanism (ETM) has been proposed as a promising paradigm [17, 18]. Unlike
traditional time-triggered approaches, the ETM updates control signals only when predefined
triggering conditions are violated, thereby significantly reducing redundant data transmission [19].
Literature [20] first investigated a discrete system state-based ETM, demonstrating its effectiveness
in controlling data transmission volume and alleviating bandwidth pressure. Subsequently, Cheng
et al. [21] proposed a distributionally robust optimization-based stochastic model predictive control
algorithm incorporating the ETM. Following a similar approach, researchers developed a stochastic
sampling control method adhering to the Bernoulli distribution to reduce channel occupancy [22].
Furthermore, Yang et al. [23] introduced a dynamic memory ETM, whose core innovation lies in
setting the threshold (or data volume) associated with triggering conditions as a dynamically adjustable
variable responsive to error functions. However, in scenarios where environmental disturbances cause
random state switching in power systems, existing fixed-threshold ETMs exhibit critical limitations.
Their rigid triggering parameters struggle to effectively respond to dynamic error coupling induced
by state transitions; concurrently, thresholds set to maintain system stability during frequent state
switching tend to trigger communication resource overload [24, 25]. To address these limitations of
static triggering logic in random state-switching environments, this study aims to develop an AETM,
designed to holistically balance system stability and control efficiency.

In stability analysis of time-delay and switching systems, LKFs serve as fundamental tools.
Traditional LKFs impose strict symmetry and positive definiteness on weighting matrices, resulting
in overly conservative stability criteria [26]. To address this, relaxed LKFs were developed by
decoupling matrix symmetry constraints. For instance, [27] utilized augmented matrix techniques
to relax symmetry requirements, and [28] refined delay-dependent criteria via integral inequalities. A
breakthrough came with asymmetric LKFs, which permit non-symmetric and semi-positive-definite
matrices, significantly enhancing analytical flexibility [29]. [30] demonstrated the superior robustness
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of asymmetric LKFs in networked control systems with time-varying delays. Nevertheless, existing
asymmetric LKF studies focus on single-mode or MJP systems, failing to address multimodal S-MJS or
integrate with LFC engineering practices. This theoretical limitation hinders their ability to tackle the
intertwined challenges of environmental disturbances and multimodal switching in power systems.

Building upon the preceding discussion, this paper primarily addresses the LFC challenge and
introduces a stochastic stability condition for power systems guaranteeing H∞ performance. The
paper’s contributions are threefold:

(1) A semi-Markov jump-based power system model is proposed, which effectively captures
uncertain dynamic variations under complex environmental conditions and establishes a control
framework adaptable to various operational states.

(2) We introduce a novel AETM that dynamically adjusts triggering conditions, significantly
reducing communication costs and computational burden by avoiding unnecessary control signal
updates while maintaining control performance.

(3) Breaking through the strict restriction that traditional LKFs require symmetric positive-definite
matrices, mode-dependent asymmetric LKFs have been constructed, and more relaxed stability criteria
have been derived.

Notation: He{W} refers to W +WT . Superscripts T and −1 indicate the transpose and inverse forms,
respectively. The notation Q < 0 is used to denote that Q is a negative definite matrix.

2. Preliminaries

The present discussion first employs a semi-Markov jump model to capture state transitions in
the power system, establishing a power system model incorporating electric vehicles (EVs). Then it
proposes an AETM to enhance triggering effectiveness by dynamically adjusting triggering parameters.

2.1. System descript

Figure 1 illustrates a power system model equipped with an AETM. By integrating this model with
a semi-Markov model, the following differential equation is constructed:

∆ṖV(t) = 1
T lt

g

(
βlt

gu(t) − 1
Rlt ∆ f (t) − ∆PV(t)

)
,

∆ṖG(t) = 1
T lt

t
(∆PV(t) − ∆PG(t)) ,

∆ ḟ (t) = 1
T lt

p

(
∆PG(t) + ∆Pe(t) − w(t) − Llt

p∆ f (t)
)
,

∆Ṗe(t) = 1
T lt

e

(
βlt

e Klt
e u(t) − ϕlt

e Klt
e ∆ f (t) − ∆Pe(t)

)
,

where the parameters with corresponding explanations have been carried out in the Table 1.

Table 1. Figure 1 parameter description.

Symbols Practical significance Symbols Practical significance
∆PV Valve position error ACE Regional deviation
∆PG Generation tracking error R Governor droop characteristic
∆ f (t) Frequency deviation ϕe EVs droop characteristic
∆Pd Load disturbance Ke EVs gain
∆Pe Incremental changes in EVs δ Frequency bias constant
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Figure 1. Schematic of the AETM-equipped power system.

The state vector is constructed as x(t) = col{∆PV(t),∆PG(t), ∆ f (t),∆Pe(t),
∫

ACE(t)}. The system’s
control output is given by u(t) = −Ky(t), with w(t) = ∆Pd(t) denoting the disturbance input, and the
output vector defined as y(t) = col

{
ACE(t),

∫
ACE(t)

}
. Here, ACE(t) = δlt∆ f (t) characterizes the area

control error.
Accordingly, the system is mathematically represented as:{

ẋ(t) = Alt x(t) + Bltu(t) + Fltw(t),
y(t) = Clt x(t).

(2.1)

From this we can derive the system constant matrix as follows:

A =



− 1
T lt

g
0 − 1

Rlt T lt
g

0 0
1

T lt
t
− 1

T lt
t

0 0 0

0 1
T lt

p
−

Llt
p

T lt
p

1
T lt

p
0

0 0 −
ϕ

lt
e Klt

e

T lt
e
− 1

T lt
e

0

0 0 δ 0 0


, B =



βg

T lt
g

0
0

Klt
e β

lt
e

T lt
e

0


, CT =


0 0
0 0
δ 0
0 0
0 1


, F =



0 0 0 0 0
0 0 0 0 0
− 1

T lt
P

0 0 0 0

0 0 0 0 0
0 0 0 0 0


.

Furthermore, {lt, t ≥ 0} models a semi-Markov process characterized by switching matrix π =

[πmn]3×3, while its state collection M = 1, 2, 3 defines the operational modes. The switching mechanism
adheres to:

Pr {lt+δ = n | lt = m} =

πmn(h)δ + o(δ), n , m,

1 + πmm(h)δ + o(δ), n = m,
(2.2)

with δ being an infinitesimal positive parameter satisfying limδ→0 o(δ)/δ = 0, off-diagonal elements
πmn(h) > 0 (n , m), and diagonal terms complying with πmm(h) = −

∑
n,m πmn(h), holding universally

for all m ∈ M.
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Remark 2.1. In practical power system engineering, various unforeseen changes are often
encountered, such as sudden weather variations, abrupt environmental shifts, and unexpected
equipment failures. These abrupt changes can lead to variations in system parameters. Unlike
conventional Markov jumps, we employ semi-Markov jumps that better align with real-world scenarios
to describe system transitions. By considering both the time dependency and historical state
dependency of system modes, a power system model with semi-Markov jumps is established.

2.2. Design of the AETM

Assume that the fixed sampling time of the sensor is h, and lh (l = 1, 2, . . .) designates distinct
sampling instants of the sensor; x(lh) indicates the state at this sampling time. tmh ∈ {lh,m ∈ R} is the
trigger moment, and tm+nh represents the nth trigger moment; x (tmh) indicates the state of the trigger
moment. The conventional ETM is constructed according to:

tm+1h = tmh + min
l∈N
{lh | g (x (tmh) , e (lmh)) > 0} . (2.3)

The triggering criterion function is specified as g (x (tmh) , e (lmh)) = eT (lmh) Ωe (lmh) −
φxT (tmh) Ωx (tmh). Here Ω > 0 denotes a weighting matrix requiring determination, while φ > 0
constitutes a triggering coefficient. The error term e(lkh) is prescribed by e (lkh) = x (tmh) − x (lmh),
where x (lmh) = x (tmh + lh).

The static trigger coefficient in this conventional ETM constitutes a fixed constant, failing to
adequately capture the significance of triggering-time data. To enhance closed-loop performance, an
AETM is developed using this methodology:

tm+1h = tmh + min
l∈N
{lh | ḡ (x (tmh) , e (lkh)) > 0} , (2.4)

where ḡ (x (tmh) , e (lmh)) = eT (lmh) CT ΩCe (lmh)−φ(t)xT (tmh) CT ΩCx (tmh), with the trigger parameter
φ(t) = φ1 + φ2e−φ3(eT (lmh)e(lmh))1/2

, and φ1, φ2, φ3 are known constants.
Define τt = t − tmh − nh (n = 1, 2, . . . ). Over the holding window of the zero-order hold (ZOH)

t ∈ [tkh = +τt, tm+1h + τt+1), it can be divided into [tmh + τt, tm+1h + τt+1) =
⋃dn

s=0 Y(n,m) with Y(n,m) =

[tmh + nh + τt+n, tmh + nh + τt+n+1), n = 1, 2, . . . , dn, dn = tm+1 − tm − 1. Set τ(t) = t − tmh − nh,
0 ≤ tm ≤ τ(t) ≤ h + τm+n+1 = τM, and then equation e(t) = x(tmh) − x(tm+1h + nh) can be transformed
into:

x(tmh) = x(t − τ(t)) + e(t), t ∈ [tmh + τk, tm+1h + τm+1). (2.5)

From the above, we get the semi-Markov jump power system:ẋ(t) = Amx(t) − BmKmCm(x(t − τ(t)) + e(t)) + Fmw(t),
y(t) = Cmx(t).

(2.6)

Remark 2.2. In contrast to the conventional ETM [31], the AETM developed herein employs dynamic
triggering parameters that account for state estimation deviations. Specifically, the triggering
coefficient is formulated as: φ(t) = φ1 + φ2 exp (−φ3|e(lmh)|2), where |e(lmh)|2 =

(
eT (lmh)e(lmh)

)1/2
.

This formulation effectively resolves triggering failures at critical sampling points that violate
the triggering criterion: g (x (tmh) , e (lmh)) = eT (lmh) Ωe (lmh) − φxT (tmh) Ωx (tmh). Moreover,
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the enhanced triggering condition (2.4) enables adaptive reduction of the triggering frequency,
improves controller-actuator data transmission efficiency, mitigates Zeno behavior, and conserves
communication bandwidth.

3. Basic lemmas and definitions

Lemma 3.1. For any positive constant matrix R, and the continuously differentiable function x(t) :
[ι1, ι2]→ Rn, the following inequality holds:

− (ι2 − ι1)
∫ ι2

ι1

ẋT (u)Rẋ(u)du ≤ −λT
1 Rλ1 − 3λT

2 Rλ2,

where λ1 = x(ι2) − x(ι1), λ2 = x(ι2) + x(ι1) − 2
ι2−ι1

∫ ι2

ι1
x(u)du.

Lemma 3.2. [32] Given a differentiable mapping ẋ(·) : [ι1, ι2]→ Rn and a symmetric positive-definite
matrix J > 0, this inequality holds:

−

∫ ι2

ι1

ẋT (u)Jẋ(u)du ≤ −
1

ι2 − ι1

[
λ1

λ2

]T [
J 0
0 3J

] [
λ1

λ2

]
,

where λ1 = x(ι2) − x(ι1), λ2 = x(ι2) + x(ι1) − 2
ι2−ι1

∫ ι2

ι1
x(u)du.

Lemma 3.3. [33] Given matrices J ∈ Rn×n, L ∈ Rn×n with
[

J LT

L J

]
, and a scalar δ ∈ (0, 1), the

subsequent relation holds: [ 1
δ
J 0

0 1
1−δ J

]
≥

[
J LT

L J

]
.

Lemma 3.4. [34] Consider a full-column-rank matrix J ∈ Rn×m with singular value decomposition
J = KJT

0 L, where K and L are orthogonal, and J0 is a diagonal matrix featuring positive real diagonal
entries sorted in descending order. For any symmetric P ∈ Rn×n, the equation PJ = JQ admits a

solution Q ∈ Rm×m if and only if P decomposes as P = K
[

P1 0
0 P2

]
KT , with subblocks P1 ∈ R

m×m

and P2 ∈ R
(n−m)×(n−m).

Definition 3.1. [35] Given zero initial conditions, the power system (2.6) with w(t) = 0 achieves
stochastic stabilizability when the subsequent criteria are met:

E
{∫ ∞

0
‖x(u)‖2dt

}
< +∞.

Definition 3.2. [36] The H∞-performance-guaranteed stochastic stability of power system (2.6) is
resolved by establishing its stochastic stabilizability and requiring that, under null initial states, all
non-zero disturbances w(t) ∈ [0,∞] and prescribed attenuation levels γ > 0 satisfy the condition:

E
{∫ ∞

0
‖y(t)‖2dt

}
< γ2E

{∫ ∞

0
‖w(t)‖2dt

}
.
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4. Main results

Within this segment, two original propositions are established via LKFs to achieve stochastic
stabilization of power systems (2.6) with prescribed disturbance attenuation alongside controller
synthesis. Under the simplification premise lt = m ∈ M, we define these notations:

P̄
(r)

m =
∑
n∈M

πmnP(r)
n , (n ∈ M) ,

θ(t) = col {x(t), x (t − τ(t)) , x (t − h) , ω1(t), ω2(t), ω3(t), e (tkh) , ẋ(t), ω(t)} ,

ω1(t) =

∫ t

t−h
x(u)du, ω2(t) =

1
τ(t)

∫ t

t−τ(t)
x(u)du, ω3(t) =

1
h − τ(t)

∫ t−τ(t)

t−h
x(u)du,

e j =
[

0n×( j−1) In×1 0n×(9− j)

]
, ( j = 1, 2, ...9).

Theorem 4.1. Here, we have h > 0, γ, a specified controller gain matrix K, and an event-triggering
matrix Ω. The power system (2.6) exhibits stochastic stability with H∞ performance characterized by
γ if there exist matrices Ri (i = 1, 2, 3, 4), H, Pm > 0, and W > 0 of appropriate dimensions such that
the following linear matrix inequalities (LMIs) hold for every m ∈ M:

Γ1 =

[
Q1 + hZ ∗

1
2 QT

2 − ZT 1
hZ

]
> 0, Γ2 =


W ∗ ∗ ∗

0 3W ∗ ∗

R1 R2 W ∗

R3 R4 0 3W

 ≥ 0, Γ3 =

8∑
i=1

γi < 0, (4.1)

where

γ1 = 2eT
1 Pme8 + eT

1 P̄me1,

γ2 = 2eT
1 Qe8 − eT

1 Qe3 + eT
3 Qe8,

γ3 = h2eT
8 Ze8 − 4eT

1 Ze1 − 2eT
1 Ze3 +

12
h

eT
1 Ze4 +

6
h

eT
1 Ze3 − 4eT

3 Ze3 +
12
h

eT
3 Ze4 −

12
h

eT
4 Ze4,

γ4 = h2eT
8 We8 − 4eT

1 We1 − 4eT
1 We2 + 12eT

1 We5 − 8eT
2 We2 − 4eT

2 We3 + 12eT
2 We5

+ 12eT
2 We6 − 4eT

3 We3 + 12eT
3 We6 − 12eT

5 We5 − 12eT
6 We6,

γ5 = 2eT
2 R1e1 − 2eT

2 R1e2 − 2eT
3 R1e1 + 2eT

3 R1e2 + 2eT
2 R2e1 − 2eT

2 R2e2 + 2eT
3 R2e1 − 2eT

3 R2e2 − 4eT
6 R2e1

+ 4eT
6 R2e2 + 2eT

2 R3e1 + 2eT
2 R3e2 − 4eT

2 R3e5 − 2eT
3 R3e1 − 2eT

3 R3e2 + 4eT
3 R3e5 + 2eT

2 R4e1

+ 2eT
2 R4e2 − 4eT

2 R4e5 + 2eT
3 R4e1 + 2eT

3 R4e2 − 4eT
3 R4e5 − 4eT

6 R4e1 − 4eT
6 R4e2 + 8eT

6 R4e5,

γ6 = φ(t)(e2 − e7)TCT ΩC (e2 − e7) − eT
7 CT ΩCe7,

γ7 = 2e1HAme1 − 2e1HBmKme7 − 2e1HBmKmCme2 + 2e1HFme9 − 2e1He8 + 2e8HAme1

− 2e8HBmKme7 − 2e8HBmKmCme2 + 2e8HFme9 − 2e8He8,

γ8 = eT
1 CTCe1 − γ

2eT
9 e9.

Proof. Choose the following mode-dependent asymmetric LKFs:

V(t) =

4∑
i=1

Vi(t), (4.2)

where
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
V1(t) = xT (t)Pmx(t),
V2(t) = xT (t)Qη(t),
V3(t) = h

∫ t

t−h

∫ t

u
ẋT (v)Zẋ(v)dvdu,

V4(t) = h
∫ 0

−h

∫ t

t+u
ẋT (v)Wẋ(v)dvdu.

Here, Q =
[
Q1 Q2

]
, η(t) =

[
xT (t)

∫ t

t−h
xT (u)du

]T
. By using Jensen’s inequality, the following

inequality holds:

h
∫ t

u
ẋT (u)Zẋ(u)du ≥ (x(t) − x(u))T Z(x(t) − x(u)), (4.3)

V3(t) ≥
∫ t

t−h

[
x(t)
x(u)

]T [
Z ∗

−ZT Z

] [
x(t)
x(u)

]
du. (4.4)

So, according to (4.3), it can be further deduced that:

V2(t) + V3(t) ≥
[
xT (t)

∫ t

t−h
xT (u)du

]
Γ1

[
x(t)

∫ t

t−h
x(u)duT

]T
> 0, (4.5)

and therefore, the V(t) is certified to be positive definite.
To analyze the stochastic behavior of V(t), we compute its weak infinitesimal generator L as

follows:

L V(t) =

4∑
i=1

L Vi(t), (4.6)

where 
L V1(t) = 2xT (t)Pm ẋ(t) + xT (t)P̄mx(t),
L V2(t) = 2ẋT (t)Q1x(t) − xT (t)Q2x(t − h) + ẋT (t)Q2

∫ t

t−h
x(u)du,

L V3(t) = h2 ẋT (t)Zẋ(t) − h
∫ t

t−h
ẋT (u)Zẋ(u)du,

L V4(t) = h2 ẋT (t)Wẋ(t) − h
∫ t

t−h
ẋT (u)Wẋ(u)du.

With reference to Lemma 3.1, one can deduce:

− h
∫ t

t−h
ẋT (u)Rẋ(u)du

≤ −
[
xT (t) xT (t − h)

∫ t

t−h
xT (u)du

]
ζ1

[
xT (t) xT (t − h)

∫ t

t−h
xT (u)du

]T
, (4.7)

where ζ1 =


4R ∗ ∗

2R 4R ∗

−6
hR −6

hR 12
h2 R

.
According to Lemmas 3.2 and 3.3, we can derive:

−h
∫ t

t−h
ẋT (u)Wẋ(u)du = h

(
−

∫ t−τ(t)

t−h
ẋT (u)Wẋ(u)du −

∫ t

t−τ(t)
ẋT (u)Wẋ(u)du

)
≤ −

h
h − τ(t)

[
G3

G4

]T [
W 0
0 3W

] [
G3

G4

]
−

h
τ(t)

[
G5

G6

]T [
W 0
0 3W

] [
G5

G6

]
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≤ −

[
Ḡ1

Ḡ2

]T [
− h

h−τ(t)W̄ 0
0 h

τ(t)W̄

] [
Ḡ1

Ḡ2

]
≤ −

[
Ḡ1

Ḡ2

]T [
W̄ ∗

R W̄

] [
Ḡ1

Ḡ2

]
, (4.8)

where

G1 = x(t) − x(t − h), G2 = x(t) + x(t − h) − 2
h

∫ t

t−h
x(u)du,

G3 = x(t − τ(t)) − x(t − h), G4 = x(t − τ(t)) + x(t − h) − 2
h−τ(t)

∫ t−τ(t)

t−h
x(u)du,

G5 = x(t) − x(t − τ(t)), G6 = x(t) + x(t − τ(t)) − 2
τ(t)

∫ t−τ(t)

t−h
x(u)du,

Ḡ1 =
[

G3 G4

]T
, Ḡ2 =

[
G5 G6

]T
, W̄ =

[
W 0
0 3W

]
,R =

[
R1 R2

R3 R4

]
.

Referring to the AETM expression in (2.4), the following can be derived:

eT (
lk,nh

)
CT ΩCe

(
lk,nh

)
≤ xT (

tk,nh
)
CT ΩCx

(
tk,nh

)
. (4.9)

According to the system’s state equation, we derive the following formulation:

2[x(t) + ẋ(t)]T H [Amx(t) − BmKmCmx (t − τ(t)) − BmKme (mkh) + Fmw(t) − ẋ(t)] = 0. (4.10)

By integrating equations (4.5) through (4.9) and according to inequality (4.10), we obtain the key
inequality:

L V(t) ≤ θT (t)
7∑

i=1

γiθ(t) ≤ 0. (4.11)

Second, we consider the H∞ performance of the system for given any non-zero disturbance w(t) ∈
L2[0,∞). By combining term (4.10) and (4.11), it follows that:

L V(t) ≤ θT (t)
7∑

i=1

γiθ(t) + E
{
yT (t)y(t) − γ2wT (t)w(t)

}
≤ 0. (4.12)

Then, by taking the integral of both sides of (4.12) from 0 to∞, and due to the negative definiteness
of (4.11), it can be derived that

E
{∫ ∞

0
‖y(t)‖2 dt

}
≤ γ2E

{∫ ∞

0
‖ω(t)‖2 dt

}
. (4.13)

Therefore, power system (2.6) achieves stochastic stability while ensuring an H∞ performance bound
of γ. The proof is complete. �

Theorem 4.2. Here, we have h > 0, γ, the power system (2.6) exhibiting stochastic stability with H∞
performance characterized by γ if there exist matrices Ri (i = 1, 2, 3, 4), H, Pm > 0, and W > 0 of
appropriate dimensions such that (4.1) and the following LMIs hold for every m ∈ M:

Γ2 =

8∑
i=1

γ̄i < 0, (4.14)

where
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γ̄i = γi, i = (1, 2, · · · , 6),
γ̄7 = 2e1HAme1 − 2e1BmYme7 − 2e1BmYmCme2

+ 2e1HFmeq − 2e1He8 + 2e8HAme1 − 2e8BmYme7

− 2e8BmYmCme2 + 2e8HFme9 − 2e8He8,

γ̄8 = eT
1 CT ΩCe1 − γ

2eT
9 e9.

Proof. Notice that H = U
[

H 0
0 H

]
UT and Bm = UBT

m0V . Lemma 3.4 implies the existence of a

matrix Xm satisfying the relation HBm = BmXm. Next, let Ym = XmKm, which gives us HBmKm =

BmXmKm = BmYm. Substituting HBmKm with BmYm in Theorem 4.1 yields Theorem 4.2. Hence, from
the above analysis, the controller gain matrix is given by Km =

(
BT

mHBm

)−1
BT

mBmY . This completes the
proof of Theorem 4.2. �

5. Simulation example

5.1. System performance comparis

In this subsection, we compare the stability performance of power system (2.6) under different H∞
performance indices γ and different transition probabilities π.

Table 2 enumerates the configuration parameters for system (2.6), where the initial state vector is
given by x(0) = col{8.5, 0, −5.5, −9.8, 7.21}. With the sensor sampling interval set to h = 0.02, the
remaining parameters are defined below: τM = 0.02, ϕ = 1,w(t) = 0.01, φ1 = 0.32, φ2 = 0.55, φ3 =

0.03,w(t) = 0.01. Furthermore, under varying performance indices γ and transition probabilities π,
the triggering threshold matrix Ω and feedback gain matrix k obtained by solving the linear matrix
inequalities (4.14) in Theorem 4.2 are provided in Table 3.

Table 2. Specific values of the parameters.

Mode
Power plant parameters EV parameters

T lt
t T lt

g T lt
p Llt

p βlt
e Rlt ϕlt

e T lt
e Klt

e βlt
e

Mode 1 0.3 0.08 0.1667 0.0083 0.2 2 0.42 1 1 0.2
Mode 2 0.263 0.083 0.125 0.01875 0.31 2.4 0.35 0.5 1 0.31
Mode 3 0.244 0.083 0.125 0.0083 0.15 1.6 0.33 1 1 0.15
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Table 3. Parameter values.

Value of γ Value of π Value of Ω Value of K

γ1 = 100 πmn1 =


−0.3 0.15 0.15
0.2 −0.6 0.4
0.15 0.15 −0.3

 Ω1 = 105 ×

 1.3749 0.0013
0.0013 0.2930

 K11 = [−0.3776 − 0.01335]
K12 = [−0.3340 − 0.0132]
K13 = [−0.8766 − 0.0306]

γ2 = 10 πmn2 =


−0.37 0.186 0.186
0.231 −0.673 0.442
0.151 0.151 −0.302

 Ω2 = 103 ×

 1.3749 0.0013
0.0013 0.2930

 K21 = [−0.3621 − 0.0110]
K22 = [−0.3221 − 0.0102]
K23 = [−0.8523 − 0.0242]

γ3 = 1 πmn3 =


−0.37 0.185 0.185
0.231 −0.673 0.442;
0.151 0.151 −0.302

 Ω3 =

 1.3319 0.0012
0.0012 0.2830

 K31 = [−0.3924 0.0012]
K32 = [−0.5045 0.0014]
K33 = [−1.1241 0.0220]

Based on all the provided parameters, we conducted simulation analysis using MATLAB and
obtained the system trajectories under different performance indices γ and varying transition
probabilities πmn.

First, it can be clearly observed from Figure 2 that when no control signal is applied, the state
variables of the power system exhibit relatively severe fluctuations. These fluctuations are not only
large in amplitude but also high in frequency, making it difficult for the system to maintain stable
operation. This indicates that without effective control strategy intervention, the system struggles to
remain within an ideal operating range, potentially leading to issues such as significant frequency
deviations and power imbalances, thereby compromising the safety and reliability of the entire power
system.

Additionally, compared to Figure 2, the state variables in Figures 3–5 under the action of control
signals can not only rapidly reach a stable state but also maintain excellent stability in subsequent
phases. Despite the presence of initial disturbances w(t)), communication delays τ(t), and stochastic
mode switching driven by the semi-Markov chain lt, the state variables can effectively converge to a
very small neighborhood around the equilibrium point within a finite time. This fully demonstrates the
effectiveness of the proposed control strategy in regulating the power system and its significant role in
ensuring the system’s stochastic stability and achieving H∞ performance.
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Figure 2. State variable trajectory evolution without control input.
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Figure 3. State variable trajectory evolution (γ = 100).
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Figure 4. State variable trajectory evolution (γ = 10).
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Figure 5. State variable trajectory evolution (γ = 1).

Notably, according to the simulation results and parameter analysis, as the H∞ performance index
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γ decreases from 100 to 10 and then to 1, the absolute values of the controller gain matrix K generally
increase, indicating a gradual enhancement of the controller’s regulating effect. Correspondingly, the
convergence and robustness of the system’s state trajectories significantly improve: when γ1 = 100, the
state tends to stabilize but still exhibits visible fluctuations; when γ1 = 10, the fluctuation amplitude
decreases and the convergence speed accelerates; when γ1 = 1, the state variables can quickly and
smoothly converge to a very small neighborhood near the equilibrium point, demonstrating optimal
dynamic performance and anti-disturbance capability. This indicates that a smaller γ value corresponds
to stronger control gains and superior system stability.

5.2. Interpretation of the results

In this subsection, we focus on analyzing the evolution of control input signals and the semi-Markov
process in power system (2.6) under the condition of γ = γ1, π = πmn1, Ω = Ω1, and K = K1, thereby
validating the effectiveness of the proposed AETM.

Figure 6 illustrates the evolution of the control input trajectory. As can be seen from the figure,
the control input signal exhibits regular variations during the system operation. These variations
are closely related to the dynamic response of the system state variables, indicating that the control
strategy can adjust the control input in real-time according to the current state and requirements of the
system to achieve precise regulation of the power system. This dynamic adjustment capability not only
improves the system’s response speed but also enhances its adaptability and robustness, enabling it to
maintain good control effects in the face of various uncertainties and disturbances. Figure 7 displays
the dynamic characteristics of the continuous semi-Markov process switching between different modes,
which reflects the transitions of the power system between different operating states. By introducing the
semi-Markov process for modeling, the paper can more accurately capture the temporal characteristics
and historical dependence of system mode switching. As can be seen from the figure, the frequency
and amplitude of mode switching vary in different time periods, indicating that the system is affected
by various factors during operation, such as environmental changes and equipment failures. Through
this detailed modeling and analysis, the control strategy proposed in this paper can better adapt to
system mode switching, ensuring effective control in different operating states and thereby enhancing
the stability and reliability of the entire power system.
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Figure 6. Dynamic variation of the control inputs.
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Figure 7. Continuous semi-Markov process.

Figures 8 and 9 respectively illustrate the triggering instances of the conventional ETM and the
proposed AETM in this paper. By comparing these two figures, significant differences in triggering
time, triggering probability, and maximum triggering interval between the two triggering mechanisms
can be clearly observed, as detailed in Table 4. It is worth noting that the number of triggers for
the AETM has been significantly reduced from 73 times for the conventional ETM to 30 times,
with a triggering rate reduction of 15.7%. In addition, the maximum triggering interval for the
AETM has been extended by 0.37 second. The experimental results conclusively validate that
the AETM effectively minimizes redundant data transmission in power system implementations,
and substantially lessens computational load, thereby optimizing bandwidth utilization and boosting
operational performance. This empirical evidence firmly establishes the AETM’s capability to
dramatically improve both data handling capacity and event-triggering efficiency.
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Figure 8. ETM instants.
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Figure 9. AETM instants.

Table 4. Metrics related to event-triggering strategies.

Type Total triggers Proportion of triggers Maximum trigger interval
ETM 73 36.5% 0.35
AETM 30 15% 0.72
Improvement 43 15.7% 0.37

6. Conclusions

In order to enhance the control efficiency and stability of power systems under complex
environmental conditions, this study has investigated the H∞ LFC of semi-Markov jump power
systems with the AETM. Initially, considering the uncertainties in power systems due to environmental
factors, a semi-Markov jump process has been utilized for system modeling, effectively capturing the
dynamic variations across different operational states. Subsequently, to alleviate the communication
and computational burdens, a novel AETM has been proposed, which selectively determines triggering
conditions to prevent unnecessary control signal updates. This approach has not only reduced
communication costs but also boosted computational efficiency. Building on this foundation,
asymmetric multi-modal LKFs that can significantly reduce the conservativeness of stability criteria
have been constructed to analyze the system’s stability under H∞ performance. More relaxed criteria
imply that the designed controller has a larger stability margin, which not only ensures the system’s
stability but also enhances its robustness, maintaining the system’s robustness even in the presence of
external disturbances. Finally, the simulation results have confirmed the effectiveness of this method,
which not only significantly improves control performance and stability but also effectively reduces
resource consumption. In future work, we will devise a more refined hybrid triggering mechanism
that further compresses communication overhead while maintaining system stability; simultaneously,
the modeling layer will integrate both semi-Markov jumps and hidden Markov models into the
controller framework to enhance the identification of state uncertainties and achieve superior control
performance.

AIMS Mathematics Volume 10, Issue 10, 22850–22868.



22865

Author contributions

Kaibo Shi and Chuan Liu: Constructed the research framework, co-wrote the introduction and
conclusion, and oversaw the overall logic and coherence of the manuscript; Yuping Zhang: Handled
the collection and processing of experimental data, implemented the data-analysis methodology, and
authored the experimental-methods dection, systematically detailing the experimental procedures and
the tools employed; Xiangkun Wang: Conducted the literature review, critically analyzing existing
studies to provide a solid theoretical foundation, and contributed to the discussion section for an in-
depth interpretation of the results; Yanbin Sun: Prepared all figures, ensuring the data are presented
clearly and accurately; Xiao Cai: Standardized the manuscript’s formatting to comply with publication
requirements. All authors have read and approved the final version of the manuscript for publication.

Use of Generative-AI tools declaration

The authors declare that they have used Artificial Intelligence (AI) tools in the creation of this
article.

Acknowledgments

This work was supported by the Sichuan Science and Technology Program (Nos.
2025ZNSFSC0460, 25NSFSC2581, and 2024NSFSC2056), China National Postdoctoral Program for
Innovative Talents (No. BX20240095), China Postdoctoral Science Foundation (No. 2024M750616),
National Natural Science Foundation of China (Nos. 62402129, 62272119, 62372126, 62372129,
U2436208, U2468204), Guangdong S&T Program (No. 2024B0101010002), Guangdong Basic and
Applied Basic Research Foundation (Nos. 2020A1515010450, 2021A1515012307), and Guangdong
Key Laboratory of Industrial Control System Security Project (2024B1212020010).

Conflict of interest

The authors declare no conflicts of interest.

References

1. J. Shair, H. Li, J. Hu, X. Xie, Power system stability issues, classifications and research prospects
in the context of high-penetration of renewables and power electronics, Renew. Sust. Energ. Rev.,
145 (2021), 111111. https://doi.org/10.1016/j.rser.2021.111111

2. M. O. Qays, I. Ahmad, D. Habibi, A. Aziz, T. Mahmoud, System strength shortfall challenges for
renewable energy-based power systems: A review, Renew. Sust. Energ. Rev., 183 (2023), 113447.
https://doi.org/10.1016/j.rser.2023.113447

3. N. M. Manousakis, P. S. Karagiannopoulos, G. J. Tsekouras, F. D. Kanellos, Integration of
renewable energy and electric vehicles in power systems: A review, Processes, 11 (2023), 1544.
https://doi.org/10.3390/pr11051544

AIMS Mathematics Volume 10, Issue 10, 22850–22868.

https://dx.doi.org/https://doi.org/10.1016/j.rser.2021.111111
https://dx.doi.org/https://doi.org/10.1016/j.rser.2023.113447
https://dx.doi.org/https://doi.org/10.3390/pr11051544


22866

4. K. D. Lu, Z. G. Wu, Resilient event-triggered load frequency control for cyber-physical
power systems under dos attacks, IEEE Trans. Power Syst., 38 (2022), 5302–5313.
https://doi.org/10.1109/TPWRS.2022.3229667

5. F. Mohammadi, B. Mohammadi-Ivatloo, G. B. Gharehpetian, M. H. Ali, W. Wei, O. Erdinç,
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