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 A B S T R A C T

This brief addresses the event-triggered consensus problem of linear multi-agent systems (MASs) considered 
limited resources. A novel adaptive sampling dynamic event-triggered control (ASDETC) is proposed. It 
incorporates an inner self-learning term into the triggering conditions, enabling each agent to adaptively adjust 
its sampling detection interval based on the frequency of event triggering. To ensure effectiveness, a detection 
interval updating algorithm is developed. Further, we consider the adaptive sampling-based event-triggered 
consensus issue in directed and switching topology. With the aid of Lyapunov analysis, it is demonstrated that 
ASDETC can drive the MAS towards exponential consensus while effectively avoiding potential Zeno behavior. 
Finally, numerical simulations are conducted to validate the results.
1. Introduction

Consensus problem is of great significance for numerous algorithms 
and coordinated behaviors in multiagent systems (MASs), and fruitful 
results on consensus have been achieved over the past decades [1–3]. In 
most consensus algorithms, it is typically assumed that each agent uti-
lizes continuous measurements and control signals from its neighbors 
to develop appropriate control protocols. However, this assumption re-
quires substantial computational resources and an optimal communica-
tion setting for MASs, which is clearly impractical given the constraints 
of real-world control engineering systems such as limited bandwidth, 
computation, and energy resources. Therefore, a crucial consideration 
in designing effective consensus protocols for MASs should be ensuring 
good control performance while optimizing the utilization of limited 
resources.

Many works have investigated the possibility of reducing commu-
nication and calculation burdens caused by the continuous communi-
cation between adjacent agents or frequent updates of control inputs. 
For example, event-triggered control makes a great contribution in 
this regard. Unlike time-based intervals, the event-triggered control 
scheme introduces a noteworthy characteristic where the instances of 
selecting actions and updating controls are established according to a 
pre-set event triggering condition directly associated with system mea-
surements. To address the event-triggered control problem, a variety 
of event-triggering mechanisms (ETMs) have been developed [4–8]. 
Among them, the dynamic event triggering mechanism (DETM) [9] 
has attracted more attention because it can dynamically adjust the 
triggering frequency.

∗ Corresponding author.
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Note that in most of the existing works, continuous-time event 
detection for DETM is required, which not only consumes a lot of 
communication and computation resources but also faces a difficult 
implementation issue for actual systems, especially for digital control 
systems. Ulteriorly, sampled-data control offers an alternative approach 
where each agent employs sampled signals in place of continuous 
signals from neighboring agents for the purpose of control design, 
where the sampling occurs after the elapse of a periodic/aperiodic 
time interval [10–14]. Naturally, periodic sampling detection event-
triggered control (PETC) was proposed [15–18]. The PETC mechanism 
designed a sampler set at a fixed sampling interval to sample the state 
of each agent. Thus the broadcasting and examining only occur at 
each sampling instant. However, choosing a fixed sampling period to 
adapt to the various situations in the control process is a difficult thing. 
Therefore, aperiodic sampling detection event-triggered control (AETC) 
was considered in [19–22]. Based on the idea of stochastic sampling 
event trigger, the sliding mode control of Markovian jump systems 
was considered in [19]. Cheng et al. [20] provided a varying sampling 
static event-triggered approach while the sampling interval is bounded 
and determined by an event-driven strategy. A static event-triggered 
mechanism with aperiodic sampling to achieve consensus of fuzzy 
systems is proposed in [21]. Still, the determination of the sampling 
interval depends on extra sensors to collect the system’s state data 
in real-time. In [22], the authors considered a nonperiodic sampling 
ETM by applying an upper bound ETC determined by the optimization 
algorithm. However, the mechanisms mentioned above are either based 
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on independently different forms of stochastic sampling or require 
frequent acquisition of real-time states to adjust the sampling interval.

In this article, we introduce an innovative adaptive sampling dy-
namic event-triggering scheme (ASDETC), in which the state of per 
agent is sampled only at its sampling interval ℎ𝑖𝑘. Considering that 
the dynamic threshold variable in DETM reflects the frequency of 
event triggerings, we propose integrating the sampling interval with 
the dynamic threshold. This combined approach allows the ASDETC to 
adaptively adjust the sampling interval based on the frequency of event 
triggerings. When event triggerings are frequent, the sampling interval 
is shortened, enabling more timely detection. Conversely, when event 
triggers are infrequent, the detection interval is prolonged to reduce 
unnecessary detection. By employing this approach, the ASDETC effec-
tively improves performance and optimizes resource consumption. The 
sampling detection schemes among different ETMs are shown in Fig.  1. 
The primary advancements presented in this paper are outlined below.

1. We propose a novel event-triggered consensus protocol that 
differs fundamentally from previously developed methods. In 
our approach, the interval of event-triggered detection can adap-
tively scale with the frequency of triggered events. This adapt-
ability is advantageous for both conservation of resources and 
convergence performance.

2. The lower bound of the required sampling interval is given to 
avoid the occurrence of Zeno behavior, and the relationship 
between the interval time and adaptive sampling detection is 
established explicitly.

3. An asynchronous sampling mechanism is proposed. It eliminates 
the need for time synchronization, which is typically difficult to 
achieve in large-scale MASs.

4. To verify the universality and superiority of ASDETC, adaptive 
sampling-based event-triggered consensus issue is investigated in 
directed and switching topology.

Notation: Consider a graph  = ( , ) that illustrates the communi-
cation topology of a Multi-Agent System (MAS), with =

{

𝑣1, 𝑣2,… , 𝑣𝑛
}

being the set of vertices and  ⊆ × representing an edge set. An edge 
(𝑣𝑖, 𝑣𝑗 ) ∈  signifies that vertex 𝑣𝑖 is capable of receiving information 
from vertex 𝑣𝑗 . The set of in-neighbors for vertex 𝑣𝑖 is denoted by 
𝑖 =

{

𝑣𝑗 ∈ |(𝑣𝑗 , 𝑣𝑖) ∈ 
} while out-neighbors set is describes as 𝑖 =

{

𝑣𝑗 ∈ |(𝑣𝑖, 𝑣𝑗 ) ∈ 
}

. Define the adjacency matrix  = [𝑎𝑖𝑗 ]𝑛×𝑛, where 
𝑎𝑖𝑖 = 0, 𝑎𝑖𝑗 = 1 if node 𝑣𝑗 is a in-neighbor of node 𝑣𝑖 and 𝑎𝑖𝑗 = 0
otherwise. The Laplacian matrix is defined as  =  − , where 
represents the in-degree matrix and  = 𝑑𝑖𝑎𝑔

{

𝑑1, 𝑑2,… , 𝑑𝑛
}

, and each 
𝑑𝑖 denotes the cardinality of the in-neighbor set of the 𝑖th agent. For 
an undirected graph , (𝑣𝑖, 𝑣𝑗 ) ∈  if and only if (𝑣𝑗 , 𝑣𝑖) ∈  . N and 
R represent the natural number set and real number set, respectively. 
⊗ and ‖ ⋅ ‖ denote the Kronecker product and the Euclidean norm, 
respectively.

2. Problem formulation

Contemplate a decentralized Multi-Agent System (MAS) comprising 
𝑁 identical agents. The behavior of these agents is characterized by the 
following dynamics: 
𝑥̇𝑖(𝑡) = 𝐴𝑥𝑖(𝑡) + 𝐵𝑢𝑖(𝑡), 𝑖 = 1, 2,… , 𝑁, (1)

where 𝑥𝑖 ∈ R𝑛 is the state and 𝑢𝑖 ∈ R𝑚 is the control input of the 𝑖th 
agent, respectively; 𝐴 ∈ R𝑛×𝑛 and 𝐵 ∈ R𝑛×𝑚 are the known constant 
matrices with appropriate dimensions. The initial condition of (1) is 
given by 𝑥𝑖(0) = 𝑥0𝑖 .

The objective of this paper is to devise an innovative event-triggered 
protocol ensuring that MAS (1) can achieve consensus, that is to say, 
lim
𝑡→∞

‖

‖

‖

𝑥𝑖(𝑡) − 𝑥𝑗 (𝑡)
‖

‖

‖

= 0. (2)

Before to proceeding, we require the following hypotheses and 
lemmas, which are rather conventional.
2 
Fig. 1. (a). Continuous-time event detection. (b). Periodic sampling event 
detection. (c). Adaptive sampling event detection.

Assumption 1. (𝐴, 𝐵) is stabilizable.

Assumption 2.  The interaction graph  is assumed to be undirected 
and connected.

Lemma 1.  Given [23] and Assumption  1, the subsequent Algebraic Riccati 
Equation (ARE) possesses a solitary positive solution 𝑃 > 0: 
𝑃𝐴 + 𝐴𝑇 𝑃 − 𝑃𝐵𝐵𝑇 𝑃 + 𝐼𝑁 = 0. (3)

Lemma 2.  With [24] Assumption  2 in place, the eigenvalues of Laplacian 
matrix  are all real and can be arranged as follows: 
𝜔1 ≤ 𝜔2 ≤ ⋯ ≤ 𝜔𝑁 , (4)

in which 𝜔1 = 0, 𝜔2 represents the smallest non-zero eigenvalue and 𝜔𝑁
denotes the largest eigenvalue of  respectively.

3. Main results

Inspired by [25], we first define the local consensus error: 

𝑧𝑖(𝑡) =
𝑁
∑

𝑗=1
𝑎𝑖𝑗

(

𝑥𝑗 (𝑡) − 𝑥𝑖(𝑡)
)

. (5)

Then, we define 

𝑧𝑖(𝑡𝑖𝑘) =
𝑁
∑

𝑗=1
𝑎𝑖𝑗

(

𝑥𝑗 (𝑡
𝑗
𝑘′ ) − 𝑥𝑖(𝑡

𝑖
𝑘)
)

, (6)

where 𝑡𝑗𝑘′ = argmin𝑝∈N{𝑡− 𝑡
𝑗
𝑝|𝑡 ≥ 𝑡𝑗𝑝} for 𝑡 ∈ [𝑡𝑖𝑘, 𝑡

𝑖
𝑘+1) and 𝛤𝑖 =

{

𝑡𝑖1, 𝑡
𝑖
2,…

}

represents the sequences of the 𝑖th agent’s triggering time instants. The 
measurement error of sampled data at the 𝑘th sampling is defined as 
𝑒𝑖(𝑡) = 𝑧𝑖(𝑡𝑖𝑘) − 𝑧𝑖(𝑡). (7)

We propose a state feedback control protocol for the 𝑖th agent as 
𝑢𝑖(𝑡) = 𝐾𝑧𝑖(𝑡𝑖𝑘), (8)

in which 𝐾 represents the gain matrix that is to be determined subse-
quently.

Integrating the MAS (1) with the controller (8) that has been 
developed, the closed-loop dynamics for the 𝑖th agent are given by the 
following expression: 
𝑥̇𝑖(𝑡) = 𝐴𝑥𝑖(𝑡) + 𝐵𝐾𝑧𝑖(𝑡𝑖𝑘), 𝑡 ∈ [𝑡𝑖𝑘, 𝑡

𝑖
𝑘+1). (9)

For better clarity, let 𝑧(𝑡) =
[

𝑧𝑇1 (𝑡),… , 𝑧𝑇𝑁 (𝑡)
]𝑇 , 𝑒(𝑡) =

[

𝑒𝑇1 (𝑡),… , 𝑒𝑇𝑁 (𝑡)
]𝑇 . In line with graph theory principles, one obtains 

𝑧(𝑡) = −(⊗ 𝐼𝑛)𝑥(𝑡). Then, the resultant MAS is expressed as: 
𝑧̇(𝑡) = (𝐼 ⊗ 𝐴)𝑧(𝑡) − (⊗𝐵𝐾)𝑧(𝑡 ). (10)
𝑁 𝑘
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According to Lemmas  1 and 2, the following Riccati equation have 
the solution 𝑃 > 0: 
𝑃𝐴 + 𝐴𝑇 𝑃 − 𝑃𝐵𝑅𝐵𝑇 𝑃 + 𝐼𝑁 = 0, (11)

where 𝑅−1 = 𝜆𝜔2 with 𝜆 > 0 being a parameter to be designed.
To integrate adaptive sampling detection into our triggering mecha-

nism, we introduce ℎ𝑖𝑘 as the sampling period for the 𝑖th agent between 
the 𝑘𝑡ℎ and (𝑘 + 1)𝑡ℎ triggering instants, which means the interval is 
a multiple of ℎ𝑖𝑘, denoted by 𝑙𝑖ℎ𝑖𝑘, (𝑙𝑖 = 1, 2,…), 𝑡𝑖𝑘+1 = 𝑡𝑖𝑘 + 𝑙𝑖ℎ𝑖𝑘. We 
will present the algorithm for determining ℎ𝑖𝑘 later. For the sake of 
simplicity, denote 𝑡𝑖𝑠 = 𝑡𝑖𝑘 + 𝑙𝑖ℎ𝑖𝑘. The event trigger protocol is given 
as follows 
⎧

⎪

⎨

⎪

⎩

𝑡𝑖𝑘+1 = inf
{

𝑡𝑖𝑠 > 𝑡
𝑖
𝑘|
‖

‖

𝑒𝑖(𝑡𝑖𝑠)‖‖
2
𝛷 − 𝛽𝑖

‖

‖

‖

𝑧𝑖(𝑡𝑖𝑘)
‖

‖

‖

2

𝛷
− 𝛾𝑖𝜂𝑖(𝑡𝑖𝑠) > 0

}

𝜂̇𝑖(𝑡) = −𝛼𝑖𝜂𝑖(𝑡) + 𝜃𝑖

(

𝛽𝑖
‖

‖

‖

𝑧𝑖(𝑡𝑖𝑘)
‖

‖

‖

2

𝛷
− ‖

‖

𝑒𝑖(𝑡𝑖𝑠)‖‖
2
𝛷

)

, 𝜂𝑖(0) > 0.
(12)

Here, we define ‖
‖

𝑒𝑖(𝑡𝑖𝑠)‖‖
2
𝛷 as 𝑒𝑇𝑖 (𝑡𝑖𝑠)𝛷𝑒𝑖(𝑡𝑖𝑠) and 

‖

‖

‖

𝑧𝑖(𝑡𝑖𝑘)
‖

‖

‖

2

𝛷
 as 𝑧𝑇𝑖 (𝑡𝑖𝑘)𝛷𝑧𝑖(𝑡𝑖𝑘), 

where 𝛷 represents a positive definite weighted matrix that will be 
designed later. Additionally, we assume that 𝛼𝑖 > 0, 𝛽𝑖 > 0, and 𝛾𝑖 > 0. 
We introduce 𝜂𝑖(𝑡) as a positive time-dependent variable, where 𝜂𝑖(0)
serves as the initial dynamic threshold. It is crucial to recognize that 
the local consensus deviation 𝑧𝑖(𝑡) will asymptotically approach 0 as 
the system achieves consensus.

From (12), one can see that as an important component of the event 
triggering protocol, the dynamic threshold 𝜂𝑖(𝑡) is influenced by the 
difference between local consensus error 𝑧𝑖(𝑡𝑖𝑘) and the measurement 
errors 𝑒𝑖(𝑡𝑖𝑠) and can be intuitively regarded as a filtered value of differ-
ence between the two errors. The dynamic threshold adjusts the trigger 
frequency through a self-learning mechanism. A rapid increase in the 
dynamic threshold suggests that the triggering frequency is excessively 
high and necessitates urgent restriction by elevating the threshold. 
Conversely, a swift decrease indicates that the triggering frequency is 
too low and requires enhancement by lowering the threshold. Given 
these characteristics, we incorporate this mechanism into adjusting 
sampling detection intervals to enable adaptive changes in detection 
intervals.

As mentioned above, For the self-learning term 𝜼𝒊(𝒕), that is, the 
dynamic threshold, it can be intuitively regarded as a filtered value 
of the errors, and its variation can be used to reflect the triggering 
frequency. Specifically, as we can see from the Eq. (12), 𝜼𝒊(𝒕) evolves 
along with the difference value between the errors of the designed 
triggering mechanism. When the difference value becomes bigger, the 
change rate of 𝜼𝒊(𝒕) varies adaptively to increase the value of 𝜼𝒊(𝒕). Thus, 
the increasing part of the difference value will be countered. The same 
counteraction is obvious when the exceeding value becomes smaller. It 
is precisely through the variation of the self-learning term 𝜼𝒊(𝒕) that we 
can obtain information about the current frequency of event triggering 
and thus increase or decrease the interval time.

Remark 1.  In contrast to continuous event-triggered detection, the 
sampling strategy proposed in this brief offers two advantages: (1) for 
the 𝑖th agent, the strategy relies solely on the sampled data 𝑥𝑗 (𝑡𝑖𝑠) from 
the neighboring agents that are broadcasted, rather than utilizing the 
continuous state 𝑥𝑗 (𝑡); and (2) the event-triggered condition needs to be 
checked only at each sampling instance, indicating that there is no re-
quirement for additional hardware to support continuous measurement 
and computation.

Now, we will introduce the Adaptive Sampling Detection (ASD) 
algorithm. By means of this algorithm, an agent is enabled to acquire 
its individual sampling interval for the subsequent triggering event. For 
the 𝑖th agent, let ℎ𝑚 and ℎ𝑀  represent the lower and upper bounds 
of the sampling detection interval, respectively, such that ℎ𝑚 ≤ ℎ𝑖𝑘 ≤
ℎ𝑀 . We define 𝑡𝑖𝑑 as the latest detection instant and 𝜂′𝑖 as the most 
recent triggered value of 𝜂𝑖(𝑡𝑖𝑘). The pseudocode of ASD is presented 
in Algorithm 1.
3 
Algorithm 1 ASD.
Require: Set ℎ𝑚, ℎ𝑖𝑘, ℎ𝑀 , 0 < ℎ𝑚 < ℎ𝑖𝑘 < ℎ𝑀 , ℎ𝑖0 = ℎ𝑚+ℎ𝑀

2 , 𝛿 = ℎ𝑀 −
ℎ𝑚, 𝑡𝑖𝑑 = 0, 𝑡𝑖0 = 0, 𝜂′𝑖 = 𝜂𝑖(0) > 0; 

1: while 𝑡 < 𝑇 , 𝑇  denotes the intended operational duration of the 
system do 

2: if 𝑡 − 𝑡𝑖𝑑 > ℎ𝑖𝑘 then 
3: perform detection; 
4: if  the event-triggering condition is met, then 
5: Update ℎ𝑖𝑘 = ℎ𝑖0 +

𝛿×atan
(

(𝜂𝑖(𝑡)−𝜂
′
𝑖 )∕(𝑡−𝑡

𝑖
𝑘−1)

)

𝜋 , 𝜂′𝑖 = 𝜂𝑖(𝑡) and 𝑡𝑖𝑘 = 𝑡; 
Consider that ℎ𝑚 < ℎ𝑖𝑘 < ℎ𝑀 , set ℎ𝑖𝑘 = ℎ𝑀  if ℎ𝑖𝑘 > ℎ𝑀  and 
ℎ𝑖𝑘 = ℎ𝑚 if ℎ𝑖𝑘 < ℎ𝑚;

6: end if
7: Update 𝑡𝑖𝑑 = 𝑡;
8: end if
9: end while

Remark 2.  Note that if ℎ𝑚 = ℎ𝑀 , then the ℎ𝑖𝑘 will be a constant ℎ𝑖0, 
which means the sampling mechanism is periodic.

Remark 3.  It is worth mentioning that under Algorithm 1, we guaran-
tee the equal detection interval ℎ𝑖𝑘 between two consecutive triggering 
instants and allow it to rise and fall between triggering intervals based 
on a fixed value ℎ𝑖0, which means our detection is periodic between 
two adjacent triggering points but aperiodic for the entire process. The 
update of the detection interval only occurs with one triggering, which 
avoids unnecessary resource waste for changing the interval.

Remark 4.  In our proposed ASDETC, the determination of the sam-
pling interval ℎ𝑖𝑘 for each the 𝑖th agent is based on the dynamic thresh-
old parameter 𝜂𝑖 and the triggering instant 𝑡𝑖𝑘. As a consequence, agents 
operate with distinct sampling intervals, resulting in an asynchronous 
sampling scheme. In contrast to the periodic dynamic event-triggered 
control (PDETC) scheme, where all agents uniformly adopt the same 
sampling interval, leading to pronounced difficulties in synchronizing 
the sampling periods, our approach effectively surmounts the syn-
chronization challenges and has long plagued large-scale distributed 
networks. The existing aperiodic sampling schemes rely on constantly 
monitoring the system’s real-time state to adjust the sampling interval. 
Our ASD algorithm only requires information from within the agent. 
This means that as the number of nodes scales up, our algorithm 
remains efficient.

Theorem 1.  Under Assumptions  1 and 2, let 𝐾 = 𝜆𝐵𝑇 𝑃  and 𝛷 =
𝑃𝐵𝐵𝑇 𝑃 , where 𝑃 > 0 is the solution of (11). Then, the MAS (1) can reach 
consensus under the event-triggered scheme (12) if the parameters satisfy 
𝜆𝜔𝑁 𝑐

2 + max {𝜃𝑖𝛽𝑖} ≤ 𝜆𝜔2, (13)

where 𝑐 = (‖𝐴‖ + 𝜆‖⊗𝐵𝐵𝑇 𝑃‖)ℎ𝑀 , and 
𝜆𝜔𝑁 ≤ min {𝜃𝑖}. (14)

Proof. Over the interval 𝑡 ∈
[

𝑡𝑖𝑘, 𝑡
𝑖
𝑘+1

)

, for the 𝑖th agent, as per 
Equation (12), it is evident that the triggering condition remains unmet. 
Thereafter, we obtain the following: ‖

‖

𝑒𝑖(𝑡𝑖𝑠)‖‖
2
𝛷 − 𝛽𝑖

‖

‖

‖

𝑧𝑖(𝑡𝑖𝑘)
‖

‖

‖

2

𝛷
≤ 𝛾𝑖𝜂𝑖(𝑡𝑖𝑠). 

Take into account the following mixed Lyapunov function: 

𝑊 (𝑡) = 𝑉 (𝑡) +
𝑛
∑

𝑖=1
𝜂𝑖(𝑡), (15)

where 𝑉 (𝑡) = 𝑧𝑇 (𝑡)(𝐼𝑁 ⊗ 𝑃 )𝑧(𝑡) ≥ 0. In fact, solving the differential 
equation from (12), yields:

𝜂𝑖(𝑡) =𝑒−𝛼𝑖(𝑡−𝑡
𝑖
𝑠)𝜂𝑖(𝑡𝑖 ) +

1 (

1 − 𝑒−𝛼𝑖(𝑡−𝑡
𝑖
𝑠)
)

𝑠 𝛼𝑖
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𝜃𝑖(𝛽𝑖
‖

‖

‖

𝑧𝑖(𝑡𝑖𝑘)
‖

‖

‖

2

𝛷
− ‖

‖

𝑒𝑖(𝑡𝑖𝑠)‖‖
2
𝛷). (16)

Noted that Eq.  (16) is formulated to describe the dynamic threshold 𝜂𝑖(𝑡)
by solving the differential Equation (12) and establishing a relation-
ship between the continuous terms and discrete terms of the dynamic 
threshold. 

For 𝑡 ∈
[

𝑡𝑖𝑘, 𝑡
𝑖
𝑘+1

)

, one has 

−𝛾𝑖𝜂𝑖(𝑡𝑖𝑠) ≤ 𝛽𝑖
‖

‖

‖

𝑧𝑖(𝑡𝑖𝑘)
‖

‖

‖

2

𝛷
− ‖

‖

𝑒𝑖(𝑡𝑖𝑠)‖‖
2
𝛷 . (17)

Then, we have

𝜂𝑖(𝑡) ≥ 𝑒−𝛼𝑖(𝑡−𝑡
𝑖
𝑠)𝜂𝑖(𝑡𝑖𝑠) +

1
𝛼𝑖
(𝑒−𝛼𝑖(𝑡−𝑡

𝑖
𝑠) − 1)𝜃𝑖𝛾𝑖𝜂𝑖(𝑡𝑖𝑠)

=
𝜃𝑖𝛾𝑖
𝛼𝑖

(

(
𝛼𝑖
𝜃𝑖𝛾𝑖

+ 1)𝑒−𝛼𝑖(𝑡−𝑡
𝑖
𝑠) − 1

)

𝜂𝑖(𝑡𝑖𝑠)

≥
𝜃𝑖𝛾𝑖
𝛼𝑖

(

(
𝛼𝑖
𝜃𝑖𝛾𝑖

+ 1)𝑒−𝛼𝑖ℎ
𝑖
𝑘 − 1

)

𝜂𝑖(𝑡𝑖𝑠)

≥
𝜃𝑖𝛾𝑖
𝛼𝑖

(

(
𝛼𝑖
𝜃𝑖𝛾𝑖

+ 1)𝑒−𝛼𝑖ℎ
𝑖
𝑘 − 1

)

𝛬𝜂𝑖(0), (18)

where 𝛬 ≥ 0. By selecting ( 𝛼𝑖
𝜃𝑖𝛾𝑖

+ 1)𝑒−𝛼𝑖ℎ
𝑖
𝑘 ≥ 1, it is established that 0 <

ℎ𝑖𝑘 ≤
ln ( 𝛼𝑖

𝜃𝑖𝛾𝑖
+ 1)

𝛼𝑖
. Taking into consideration the range ℎ𝑚 ≤ ℎ𝑖𝑘 ≤ ℎ𝑀 , it 

suffices to ensure that 0 < ℎ𝑀 ≤
ln ( 𝛼𝑖

𝜃𝑖𝛾𝑖
+ 1)

𝛼𝑖
. Consequently, we deduce 

that 𝜂𝑖(𝑡) ≥ 0 for all 𝑡 > 0.
Since 𝑉 (𝑡) > 0 and 𝜂𝑖(𝑡) > 0, we obtain 𝑊 (𝑡) > 0. For 𝑡 ∈

[

𝑡𝑖𝑘, 𝑡
𝑖
𝑘+1

)

, 
𝑉̇ (𝑡) is easily to obtain:
𝑉̇ (𝑡) = 𝑧̇𝑇 (𝑡)(𝐼𝑁 ⊗ 𝑃 )𝑧(𝑡) + 𝑧𝑇 (𝑡)(𝐼𝑁 ⊗ 𝑃 )𝑧̇(𝑡)

= 𝑧𝑇 (𝑡)(𝐼𝑁 ⊗ (𝐴𝑇 𝑃 + 𝑃𝐴))𝑧(𝑡) − 𝑧𝑇 (𝑡𝑘)(⊗ 𝑃𝐵𝐾)𝑇 𝑧(𝑡)

− 𝑧𝑇 (𝑡)(⊗ 𝑃𝐵𝐾)𝑧𝑇 (𝑡𝑘). (19)

The property of the undirected graph  yields 𝑇 =  and the condition 
𝐾 = 𝜆𝐵𝑇 𝑃  suggests that 𝑃𝐵𝐾 = (𝑃𝐵𝐾)𝑇 = 𝜆𝛷. Subsequently, the 
deduction can be made by applying the square completion process to 
the non-quadratic part in Eq.  (19).
𝑉̇ (𝑡) = 𝑧𝑇 (𝑡)(𝐼𝑁 ⊗ (𝐴𝑇 𝑃 + 𝑃𝐴))𝑧(𝑡) − 𝜆

[

𝑧𝑇 (𝑡𝑘)(⊗𝛷)𝑧(𝑡) + 𝑧𝑇 (𝑡)(⊗𝛷)𝑧(𝑡𝑘)
]

= 𝑧𝑇 (𝑡)(𝐼𝑁 ⊗ (𝐴𝑇 𝑃 + 𝑃𝐴))𝑧(𝑡) − 𝜆
[

𝑧𝑇 (𝑡𝑘)(⊗𝛷)𝑧(𝑡𝑘) + 𝑧𝑇 (𝑡)(⊗𝛷)𝑧(𝑡)

− (𝑧(𝑡𝑘) − 𝑧(𝑡))𝑇 (⊗𝛷)(𝑧(𝑡𝑘) − 𝑧(𝑡))
]

. (20)

By Lemma  2, we obtain 𝜔2𝑧𝑇 (𝑡)(𝐼𝑁 ⊗ 𝛷)𝑧(𝑡) ≤ 𝑧𝑇 (𝑡)( ⊗ 𝛷)𝑧(𝑡) ≤
𝜔𝑁𝑧𝑇 (𝑡)(𝐼𝑁 ⊗𝛷)𝑧(𝑡). Then, we have
𝑉̇ (𝑡) ≤ 𝑧𝑇 (𝑡)(𝐼𝑁 ⊗ (𝐴𝑇 𝑃 + 𝑃𝐴 − 𝑃𝐵𝑅𝐵𝑇 𝑃 ))𝑧(𝑡) − 𝜆𝑧𝑇 (𝑡𝑘)(⊗𝛷)𝑧(𝑡𝑘)

+ 𝜆(𝑧(𝑡𝑘) − 𝑧(𝑡𝑠))𝑇 (⊗𝛷)(𝑧(𝑡𝑘) − 𝑧(𝑡𝑠))

+ 𝜆(𝑧(𝑡𝑠) − 𝑧(𝑡))𝑇 (⊗𝛷)(𝑧(𝑡𝑠) − 𝑧(𝑡))

≤ −
𝑁
∑

𝑖=1
𝑧𝑇𝑖 (𝑡)𝑧𝑖(𝑡) − 𝜆𝜔2

𝑁
∑

𝑖=1

‖

‖

‖

𝑧𝑖(𝑡𝑖𝑘)
‖

‖

‖

2

𝛷
+ 𝜆𝜔𝑁

𝑁
∑

𝑖=1

‖

‖

𝑒𝑖(𝑡𝑖𝑠)‖‖
2
𝛷

+ 𝜆𝜔𝑁 (𝑧(𝑡𝑠) − 𝑧(𝑡))𝑇 (𝐼𝑁 ⊗𝛷)(𝑧(𝑡𝑠) − 𝑧(𝑡)). (21)

For the part (𝑧(𝑡𝑠) − 𝑧(𝑡))𝑇 (𝐼𝑁 ⊗𝛷)(𝑧(𝑡𝑠) − 𝑧(𝑡)), note that 𝑡− 𝑡𝑠 ≤ ℎ𝑀
for any 𝑠 ∈ N. Then, for any 𝑡 ∈ [𝑡𝑠, 𝑡𝑠+1], 

‖𝑧(𝑡𝑠) − 𝑧(𝑡)‖ ≤ ∫

𝑡

𝑡𝑠
‖𝑧̇(𝜏)‖𝑑𝜏 ≤ ℎ𝑀‖𝑧̇(𝜏)‖𝑀 . (22)

where ‖𝑧̇(𝜏)‖𝑀 = max
𝜏∈[𝑡,𝑡𝑠]

‖𝑧̇(𝜏)‖, Due to the fact that 𝑧(𝑡) represents the 
local consensus error, based (10), it follows that
‖𝑧̇(𝑡)‖ = ‖(𝐼𝑁 ⊗𝐴)𝑧(𝑡) − (⊗𝐵𝐾)𝑧(𝑡𝑘)‖

≤ ‖𝐴‖‖𝑧(𝑡)‖ + 𝜆‖⊗𝐵𝐵𝑇𝑅‖‖𝑧(𝑡𝑘)‖ (23)

Case 1: If ‖𝑧(𝑡)‖ > |‖𝑧(𝑡𝑘)‖, which leads to
‖𝑧(𝑡 ) − 𝑧(𝑡)‖ ≤ ℎ (‖𝐴| + 𝜆‖⊗𝐵𝐵𝑇𝑅 ∥)‖𝑧(𝑡)‖
𝑠 𝑀

4 
= 𝑐‖𝑧(𝑡)‖. (24)

This further implies,

𝜆𝜔𝑁 (𝑧(𝑡𝑠) − 𝑧(𝑡))𝑇 (𝐼𝑁 ⊗𝛷)(𝑧(𝑡𝑠) − 𝑧(𝑡)) ≤ 𝜆𝜔𝑁 𝑐
2
𝑁
∑

𝑖=1

‖

‖

𝑧𝑖(𝑡)‖‖
2
𝛷

≤ 𝜆𝜔𝑁𝜆𝑚𝑎𝑥(𝛷)𝑐2
𝑁
∑

𝑖=1
𝑧𝑇𝑖 (𝑡)𝑧𝑖(𝑡).

(25)

Given that (13) and (14) are satisfied, combining (21) and (25), we 
have

𝑊̇𝑠(𝑡) = 𝑉̇ (𝑡) +
𝑁
∑

𝑖=1
𝜂̇𝑖(𝑡)

≤ (𝜆𝜔𝑁𝜆𝑚𝑎𝑥(𝛷)𝑐2 − 1)
𝑁
∑

𝑖=1
𝑧𝑇𝑖 (𝑡)𝑧𝑖(𝑡) −

𝑁
∑

𝑖=1
𝛼𝑖𝜂𝑖(𝑡)

+
𝑁
∑

𝑖=1

(

(𝜃𝑖𝛽𝑖 − 𝜆𝜔2)
‖

‖

‖

𝑧𝑖(𝑡𝑖𝑘)
‖

‖

‖

2

𝛷

− (𝜃𝑖 − 𝜆𝜔𝑁 ) ‖
‖

𝑒𝑖(𝑡𝑖𝑠)‖‖
2
𝛷

)

≤ (𝜆𝜔𝑁𝜆𝑚𝑎𝑥(𝛷)𝑐2 − 1)
𝑁
∑

𝑖=1
𝑧𝑇𝑖 (𝑡)𝑧𝑖(𝑡) −

𝑁
∑

𝑖=1
𝛼𝑖𝜂𝑖(𝑡). (26)

Case 2: ‖𝑧(𝑡)‖ ≤ |‖𝑧(𝑡𝑘)‖, then conclusion will be

𝑊̇𝑠(𝑡) ≤ −
𝑁
∑

𝑖=1
𝑧𝑇𝑖 (𝑡)𝑧𝑖(𝑡) −

𝑁
∑

𝑖=1
𝛼𝑖𝜂𝑖(𝑡)

+
𝑁
∑

𝑖=1

(

(𝜃𝑖𝛽𝑖 + 𝜆𝜔𝑁 𝑐2 − 𝜆𝜔2)
‖

‖

‖

𝑧(𝑡𝑖𝑘)
‖

‖

‖

2

𝛷

− (𝜃𝑖 − 𝜆𝜔𝑁 ) ‖
‖

𝑒𝑖(𝑡𝑖𝑠)‖‖
2
𝛷

)

≤ −
𝑁
∑

𝑖=1
𝑧𝑇𝑖 (𝑡)𝑧𝑖(𝑡) −

𝑁
∑

𝑖=1
𝛼𝑖𝜂𝑖(𝑡). (27)

To enhance the conservativeness of the MASs to a greater extent, 
we have 

𝑊̇ (𝑡) ≤ −
𝑁
∑

𝑖=1
𝑧𝑇𝑖 (𝑡)𝑧𝑖(𝑡) −

𝑁
∑

𝑖=1
𝛼𝑖𝜂𝑖(𝑡). (28)

Given the definition of 𝑊 (𝑡), it can be verified that 𝑊 (𝑡) ≤ 𝜆𝑚𝑎𝑥(𝑃 )
∑𝑁
𝑖=1

‖

‖

𝑧𝑖(𝑡)‖‖
2 +

∑𝑁
𝑖=1 𝜂𝑖(𝑡). So, it is inferred that 

𝑊̇ (𝑡) ≤ −𝜍𝑊 (𝑡), (29)

where 𝜍 =min( 1
𝜆𝑚𝑎𝑥(𝑃 )

,min
{

𝛼𝑖, 𝑖 ∈ 
}

). Hence, we arrive at the following 
results: 
𝑊 (𝑡) ≤ 𝑒−𝜍𝑡𝑊 (0), (30)

This signifies that the Multi-Agent System (MAS) described by Eq. 
(1) reaches consensus with an exponential convergence rate of 𝜍.

It should be noted that although global information is employed in 
the theoretical proof, this does not undermine the distributed nature of 
the algorithm. The eigenvalues 𝜔2 and 𝜔𝑁  can be regarded as a signal 
for quantifying the network’s connectivity characteristics. Meanwhile, 
the solution 𝑃  of the Riccati equation serves as a theoretical construct 
for designing control laws and analyzing system stability. The key to 
a fully distributed algorithm lies in how agents make decisions and 
exchange information. Our algorithm is designed to be distributed in 
terms of agent-level decision-making and communication. Agents in our 
system only use local information to determine their control actions and 
trigger events, which aligns with the concept of fully distributed.

The abovementioned discussion has focused on undirected net-
works. Next, we will extend the scope of our study to directed and 
switching topologies networks. The switching signal of the graph is 
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described as 𝜎 ∈ {1, 2,… ,𝑀}, where 𝑀 denotes the maximum number 
of possible topologies. Here we use 𝜎 to replace the Laplacian matrix 
 defined in the above. Before the formal theorem, we first present the 
following assumptions and lemmas.

Assumption 3.  The directed graph 𝜎 is assumed to be strongly 
connected.

Lemma 3.  Given [26] and Assumption  3, for a strongly connected network 
𝜎 with Laplacian matrix 𝜎 , there will exist a vector with all the elements 
to be positive 𝜁𝜎 = {𝜁𝜎1 , 𝜁

𝜎
2 ,… 𝜁𝜎𝑁}𝑇  so that 𝜁𝜎𝑇𝜎 = 0 and ∑𝑁

𝑖=1 𝜁
𝜎
𝑖 = 1. 

Let 𝐻𝜎 represent the diagonal matrix from 𝜁𝜎1  to 𝜁𝜎𝑁 . Then ̃𝜎 = (𝐻𝜎𝜎 +
𝜎𝑇𝐻𝜎 )∕2 is a symmetric matrix with all the eigenvalues are non-negative. 
Let 𝜔̃𝜎2  represents the smallest non-zero eigenvalue and 𝜔̃𝜎𝑁  denotes the 
largest eigenvalue of ̃𝜎 respectively.

Lemma 4.  Given [27] and Assumption  3, the general algebraic connectivity 
for a strongly connected graph is defined by 

𝑎(𝜎 ) = min
𝑥𝑇 𝜁=0,𝑥≠0

𝑥𝑇 ̃𝜎𝑥
𝑥𝑇𝐻𝜎𝑥

. (31)

Similar with (11), based on Lemmas  1 and 4, the following Riccati 
equation have a solution 𝑃 > 0 with 𝑅−1 = 2𝜆𝑎(𝜎 ).

Theorem 2.  Under Assumptions  1 and 3, let 𝐾 = 𝜆𝐵𝑇 𝑃  and 𝛷 =
𝑃𝐵𝐵𝑇 𝑃 . Then, the MAS (1) can reach consensus under the event-triggered 
scheme (12) if the parameters satisfy 

𝜆𝜔̃𝜎𝑁 𝑐
2 + max {𝜃𝑖𝛽𝑖} ≤ 𝜆𝜔̃𝜎2 , (32)

where 𝑐 = (‖𝐴‖ + 𝜆‖̃𝜎 ⊗𝐵𝐵𝑇 𝑃‖)ℎ𝑀 , and 

𝜆𝜔̃𝜎𝑁 ≤ min {𝜃𝑖}. (33)

Proof. Over the interval 𝑡 ∈
[

𝑡𝑖𝑘, 𝑡
𝑖
𝑘+1

)

, consider the following mixed 
Lyapunov function: 

𝑊 (𝑡) = 𝑉 (𝑡) +
𝑛
∑

𝑖=1
𝜂𝑖(𝑡), (34)

where 𝑉 (𝑡) = 𝑧(𝑡)𝑇 (𝐻𝜎 ⊗ 𝑃 )𝑧(𝑡). It is clear that 𝑉 (𝑡) > 0 and 𝜂𝑖(𝑡) > 0
such that 𝑊 (𝑡) > 0.

𝑉̇ (𝑡) = 𝑧𝑇 (𝑡)(𝐻𝜎 ⊗ (𝐴𝑇 𝑃 + 𝑃𝐴))𝑧(𝑡) − 𝜆
[

𝑧𝑇 (𝑡𝑘)(̃𝜎 ⊗𝛷)𝑧(𝑡𝑘) + 𝑧𝑇 (𝑡)(̃𝜎 ⊗𝛷)𝑧(𝑡)

− (𝑧(𝑡𝑘) − 𝑧(𝑡))𝑇 (̃𝜎 ⊗𝛷)(𝑧(𝑡𝑘) − 𝑧(𝑡))
]

≤ 𝑧𝑇 (𝑡)(𝐻𝜎 ⊗ (𝐴𝑇 𝑃 + 𝑃𝐴 − 2𝜆𝑎(𝜎 )𝛷))𝑧(𝑡) − 𝜆𝑧𝑇 (𝑡𝑘)(̃𝜎 ⊗𝛷)𝑧(𝑡𝑘)

+ (𝑧(𝑡𝑘) − 𝑧(𝑡))𝑇 (̃𝜎 ⊗𝛷)(𝑧(𝑡𝑘) − 𝑧(𝑡))

≤ −
𝑁
∑

𝑖=1
𝜁𝑖𝑧

𝑇
𝑖 (𝑡)𝑧𝑖(𝑡) − 𝜆𝜔̃

𝜎
2

𝑁
∑

𝑖=1

‖

‖

𝑧𝑖(𝑡𝑖𝑘)‖‖
2
𝛷 + 𝜆𝜔̃𝜎𝑁

𝑁
∑

𝑖=1

‖

‖

𝑒𝑖(𝑡𝑖𝑠)‖‖
2
𝛷

+ 𝜆𝜔̃𝜎𝑁 (𝑧(𝑡𝑠) − 𝑧(𝑡))
𝑇 (𝐼𝑁 ⊗𝛷)(𝑧(𝑡𝑠) − 𝑧(𝑡)). (35)

Similar with Theorem  1, one derives

𝑊̇ (𝑡) ≤ −
𝑁
∑

𝑖=1
𝜁𝑖𝑧

𝑇
𝑖 (𝑡)𝑧𝑖(𝑡) −

𝑁
∑

𝑖=1
𝛼𝑖𝜂𝑖(𝑡)

≤ −𝜍𝑊 (𝑡), (36)

which conduct the same result as (29). This completes the proof.

4. Simulation results

In this section, we examine the application of spacecraft formation 
flight as a case study to demonstrate the efficacy of the theoretical 
outcome presented. The Multi-Agent System (MAS) under consideration 
comprises six agents and operates in a three-dimensional space. The 
5 
kinematic equations governing the motion of each individual agent are 
formulated as follows:

𝑚𝑖
⎛

⎜

⎜

⎝

𝑋̈𝑖
𝑌𝑖
𝑍̈𝑖

⎞

⎟

⎟

⎠

=
⎛

⎜

⎜

⎝

0
0
𝑚𝑖𝑔

⎞

⎟

⎟

⎠

+ 𝑇
⎛

⎜

⎜

⎝

0
0

−𝐹𝑖

⎞

⎟

⎟

⎠

Here, 𝑋̈𝑖, 𝑌𝑖, and 𝑍̈𝑖 represent the accelerations of the 𝑖th agent 
along the 𝑋, 𝑌 , and 𝑍 axes respectively within the global coordinate 
system. The parameter 𝑚𝑖 denotes the mass of the 𝑖th agent, 𝑔 stands 
for the gravitational acceleration, 𝐹𝑖 represents the resultant external 
force acting on the agent, and the matrix 𝑇  serves as the transformation 
matrix that maps vectors from the body-fixed coordinate system of the 
agent to the global world coordinate system.

To facilitate the analysis and control design, we define the state 
vector 𝑥𝑖(𝑡) of the 𝑖th agent to comprehensively capture both the 
position and velocity information. Specifically,

𝑥𝑖(𝑡) =
(

𝑝𝑥𝑖(𝑡) 𝑝𝑦𝑖(𝑡) 𝑝𝑧𝑖(𝑡) 𝑣𝑥𝑖(𝑡) 𝑣𝑦𝑖(𝑡) 𝑣𝑧𝑖(𝑡)
)𝑇

where 𝑝𝑥𝑖(𝑡), 𝑝𝑦𝑖(𝑡), and 𝑝𝑧𝑖(𝑡) denote the positions of the agent along the 
𝑋, 𝑌 , and 𝑍 axes, and 𝑣𝑥𝑖(𝑡), 𝑣𝑦𝑖(𝑡), and 𝑣𝑧𝑖(𝑡) represent the correspond-
ing velocities.

The control input vector 𝑢𝑖(𝑡) is introduced to manipulate the motion 
of the agent and is defined as:

𝑢𝑖(𝑡) =
(

𝑢𝑥𝑖(𝑡) 𝑢𝑦𝑖(𝑡) 𝑢𝑧𝑖(𝑡)
)𝑇

By reformulating the kinematic equations into a system of first-order 
differential equations, we can effectively transform them into a stan-
dard state-space representation. 
𝑥̇𝑖(𝑡) = 𝐴𝑥𝑖(𝑡) + 𝐵𝑢𝑖(𝑡), 𝑖 = 1, 2,… , 𝑁, (37)

with 𝐴 =
(

0 𝐼3
𝐴1 𝐴2

)

, 𝐵 =
(

0
𝐼3

)

, 𝐴1 =
⎛

⎜

⎜

⎝

0 0 0
0 3𝜓2

0 0
0 0 −𝜓2

0

⎞

⎟

⎟

⎠

, 𝐴2 =

⎛

⎜

⎜

⎝

0 2𝜓0 0
−2𝜓0 0 0
0 0 0

⎞

⎟

⎟

⎠

, where 𝜓0 = 0.001. 

Example I: The undirected network topology of MASs is shown 
in Fig.  2. It can be confirmed that Assumptions  1 and 2 are met in 
this instance, consequently fulfilling all the prerequisites of Theorem 
1. According to Lemma  2, it is obtained that the smallest nonzero 
eigenvalue 𝜔2 = 1.3819 while the largest eigenvalue 𝜔𝑁 = 6.00. Solving 
the ARE (11) with the parameter 𝑅 set to 1, yields that 𝜆 = 0.7236

and 𝐾 =
⎛

⎜

⎜

⎝

𝜓1 𝜓2 0 𝜓3 0 0
−𝜓2 𝜓1 0 0 𝜓3 0
0 0 𝜓1 0 0 𝜓3

⎞

⎟

⎟

⎠

, where 𝜓1 = 0.7236, 𝜓2 =

−0.0008, 𝜓3 = 1.2533.
The other parameters are given as 𝛽𝑖 =

(

2.8 1.2 1.2 2.4 2.0 1.6
)

×10−3, 𝜂𝑖(0) =
(

2 2 2 2 2 2
)

, 
𝜃𝑖 = 80, 𝛼𝑖 = 0.004, 𝛾𝑖 = 0.002, ℎ𝑚 = 0.02𝑠, ℎ𝑀 = 0.04𝑠 ≤ (ln ( 𝛼𝑖

𝜃𝑖𝛾𝑖
+ 1))∕𝛼𝑖

= 6.1732, ℎ𝑖0 = 0.03𝑠, 𝜆𝜔𝑁 𝑐2 + max {𝜃𝑖𝛽𝑖} = 0.8753 < 𝜆𝜔2 = 1, 𝜆𝜔𝑁 =
4.3416 < 𝜃𝑖. With randomly chosen initial conditions, we carry out 
a series of simulations using MATLAB. The triggering instants of the 
ASDETC are depicted in Fig.  3(a) and it is clearly shown that under 
our protocol no Zeno behavior appears.

Figs.  3(b) and 4(a) illustrate the progression of agents’ position 
and velocity states as governed by the suggested event-triggered con-
sensus algorithm. As anticipated, the velocities of all agents converge 
to a common value on all three dimensions. The trajectories of the 
agents asymptotically approach the same path, indicating the successful 
achievement of consensus in the MAS.

The dynamic threshold 𝜂𝑖 for each agent is recorded and visualized 
in Fig.  4(b). The plot illustrates the variation of 𝜂𝑖, depicting an initial 
increase followed by a decrease, until it eventually converges towards 
0. Fig.  5 illustrates the evolution of the adaptive detection interval of 
each agent on the interval [0, 60s).
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Fig. 2. The interaction topology among 6 agents and its adjacency matrix .
Fig. 3. (a). Triggering instants of each agent under ASDETC algorithm of Example I. (b). Trajectory curves of agents’ position state of Example I.
Fig. 4. (a). Trajectory curves of agents’ velocity state of Example I. (b). Trajectory curve of the threshold value 𝜂𝑖 for each agent of Example I.
Table 1
The comparative analysis of triggering counts among agents.
 Agents Agent 1 Agent 2 Agent 3 Agent 4 Agent 5 Agent 6 Total 
 ASDETC 34 64 71 56 62 56 343  
 PDETC 36 82 77 70 76 68 477  
By setting ℎ𝑀 = ℎ𝑚 = 0.03𝑠, we can obtain the PDETC. Keeping 
the same experimental conditions and comparing the result of two 
protocols, the convergence time under the average standard deviations 
of six states 𝑒 < 0.005 of ASDETC is 14.0100s while that of PDETC is 
25.9260s, which can be concluded that ADETC has better convergence 
performance. The numbers of triggering and detection are displayed in 
Table  1 and Table  2 respectively.

In comparison to the PDETC scheme, the ASDETC scheme proposed 
in this study exhibits fewer triggerings and detection numbers, indicat-
ing that our protocol achieves superior energy-saving performance.
6 
Example II: Consider a MASs also composed of 6 agents. Its topolog-
ical structure is shown as Fig.  6 and it will randomly change between 
two topological structures 1 and 2. The system matrices 𝐴 and 𝐵 are 
consistent with those in Experiment 1. It can be seen that Assumption 
1 and Assumption  3 are satisfied in this instance. Based on Lemma  3, 
we can obtain that 𝜔̃1

2 = 0.1044, 𝜔̃1
𝑁 = 0.8770, 𝜔̃2

2 = 0.1116, 𝜔̃2
𝑁 = 0.8237

Based on Lemma  4, we can get 𝑎(1) = 0.8329 and 𝑎(2) = 0.6755. By 
setting 𝑅 = 1 and solving the Riccati equation, we can obtain 𝜆 = 1.1201
for 1 and 𝜆 = 1.4804 for 2 respectively.

The other parameters are set as follows.
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Fig. 5. Time evolutions of detection interval of each agent of Example I.
Table 2
The comparative analysis of detection counts among agents.
 Agents Agent 1 Agent 2 Agent 3 Agent 4 Agent 5 Agent 6 Total 
 ASDETC 544 657 572 557 552 576 3458 
 PDETC 860 860 860 860 860 860 5160 
Table 3
The performance comparison with different detection interval.
 ℎ𝑚(s) ℎ𝑀 (s) ℎ𝑖0(s) Triggering numbers Detection numbers Convergence time (s) 
 Case1 0.015 0.045 0.03 469 7622 22.0020  
 Case2 0.02 0.04 0.03 425 5507 20.9430  
 Case3 0.025 0.035 0.03 290 2593 11.9430  
 Case4 0.01 0.03 0.02 570 13902 30.6720  
 Case5 0.015 0.025 0.02 414 5438 20.3850  
Fig. 6. The switch interaction topology among 6 agents of Example II.

𝛽𝑖 =
(

1.4 1.6 1.2 1.4 1.6 1.6
)

× 10−3, 
𝜂𝑖(0) =

(

2 7 3 4 3 5
)

, 𝜃𝑖 = 50, 𝛼𝑖 = 0.004, 𝛾𝑖 = 0.004, ℎ𝑚 =
0.025𝑠, ℎ𝑀 = 0.035𝑠 ≤ (ln ( 𝛼𝑖

𝜃𝑖𝛾𝑖
+ 1))∕𝛼𝑖 = 0.4995, ℎ𝑖0 = 0.03𝑠, 𝜆𝜔̃1

𝑁 𝑐
2 +

max {𝜃𝑖𝛽𝑖} = 0.0924 < 𝜆𝜔̃1
2 = 0.1253, 𝜆𝜔̃2

𝑁 𝑐
2 + max {𝜃𝑖𝛽𝑖} = 0.0907 <

𝜆𝜔̃2
2 = 0.1340, 𝜆𝜔1

𝑁 = 0.9823 < 𝜆𝜔2
𝑁 = 1.2194 < 𝜃𝑖.

By setting the same consensus threshold 𝑒 < 0.005, Fig.  7 depict the 
triggering instants of the ASDETC and it is evident from the figure that 
Zeno behavior is not manifested in the directed switching topologies 
system under our protocol. According to Fig.  8, it indicates that the 
trajectories of the agents can asymptotically meet the same state, which 
can be deduced that consensus is achieved in the MASs.

Furthermore, in order to provide a comparison of the convergence 
performance under different resource utilization rates, while ensuring 
the convergence consensus with the previous content, we conducted 
multiple sets of experiments with different detection intervals. The 
7 
Fig. 7. Triggering instants of each agent under ASDETC algorithm of Example 
II.

total triggering numbers, detection numbers, and convergence time are 
recorded in Table  3, respectively.

Example III: Consider a MAS composed of 20 agents and the state 
of each agent can be described as 𝑥𝑖 = (𝑥𝑖1, 𝑥𝑖2, 𝑥𝑖3). The topological 
structure is shown as Fig.  9, According to Lemma  2, we can obtain that 
𝜔 = 1.5459 while the largest eigenvalue 𝜔 = 10.6234. The system 
2 𝑁
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Fig. 8. (a). Trajectory curves of agents’ position state of Example II. (b). Trajectory curves of agents’ velocity state of Example II.
Fig. 9. The topology among 20 agents of Example III.

matrices 𝐴 and 𝐵 are as follows:

𝐴 =
⎛

⎜

⎜

⎝

−0.4639 −0.2629 0.0400
−0.2112 0.1067 0.1647
−0.0418 −0.6390 −0.1428

⎞

⎟

⎟

⎠

, 𝐵 =
⎛

⎜

⎜

⎝

2 0 0
0 2 0
0 0 2

⎞

⎟

⎟

⎠

.

By setting 𝑅 = 1, we can solve ARE (11) and yields that 𝜆 = 0.6469 and

𝐾 =
⎛

⎜

⎜

⎝

0.5176 −0.0678 −0.0038
−0.0678 0.7049 −0.0656
−0.0038 −0.0656 0.5935

⎞

⎟

⎟

⎠

,

The minimum and maximum detection intervals are set ℎ𝑚 = 0.02𝑠
and ℎ = 0.04𝑠 respectively. With the initial conditions as [28], the 
𝑀

8 
Fig. 10. Trajectory curves of agents’ velocity state of Example III.

time evolutions of agents’ states are depicted in Fig.  10, which implies 
that in the context of an expanding number of nodes within MASs, 
the proposed protocol still remains capable of achieving consensus. 
This can be attributed to the variable and asynchronous detection 
intervals introduced in our proposed approach. By circumventing the 
synchronization challenges associated with periodic detection, ASDETC 
may be more suitable in large-scale systems.

5. Conclusion

This brief provides a new event-triggered consensus controller for 
MASs via the adaptive sampling detection. Several sufficient condi-
tions have been established to ensure consensus is reached in MASs 
under directed and switching topologies, while the Zeno phenomenon 
is entirely avoided. This solution provides less energy consumption 
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compared to existing dynamic event-triggered protocols. In the future, 
a dynamic event-triggered consensus control method based on adaptive 
sampling for heterogeneous MASs and under network disturbances will 
be considered. 
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