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Abstract
Event-triggered sampling and control provides an effective solution to actively acquire measurement information and selectively perform 
estimation or control updates for enhanced system performance. In this chapter, we provide a concise overview of event-triggered state 
estimation and control developed for networked systems with limited communication or computation resources, as well as the recent 
developments on event-triggered learning that enable active discovery of system dynamics with enhanced data efficiency. Key technical 
challenges, major developments, and potential future directions are also discussed.

Key Points

• A holistic introduction of event-triggered sampled-data control systems is presented.

• State-of-the-art developments on event-triggered estimation and control are reviewed.

• Recent advances in event-triggered learning and learning-based control are introduced.

Introduction

With advancements in sensing technology and emerging applications of advanced control, how to efficiently acquire and make 
use of data has become one of the most important questions to answer in control systems design. Event-triggered sampling and 
data management protocols offer answers to this question, which have attracted lots of research attention during the past two 
decades.

Early investigations focused on state estimation and control problems based on event-triggered sampling, with the aim of 
overcoming the potential over-sampling in traditional periodic sampling and control protocols (Åström and Kumar, 2014). Such 
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problems need to be considered when the communication and computation resources are limited in a control system (e.g., 
wireless networked control systems powered by batteries). In particular, when the control system is in steady state, periodic 
sampling may result in excessive use of communication resources, as no sensor updates need to be reported or no control actions 
need to be taken. In contrast, for event-triggered sampling protocols, the targeted system variables are sampled or transmitted 
only when pre-specified event-triggering conditions are satisfied. The key challenge in event-triggered state estimation and control 
is how to maintain estimation and control performance with reduced average sampling rates by exploiting the structural 
properties of the underlying event-triggering conditions. The pioneering work on optimal event-triggered control for first-order 
stochastic systems (Åström and Bernhardsson, 2002) showed the potential of event-triggered sampling in improving control 
performance under the same average sampling rate. Optimal sampling problems were studied in time-stopping formulations 
(Rabi et al., 2006, 2012). Later the stability issues of event-triggered control were investigated using Lyapunov approaches 
(Donkers and Heemels, 2012; Heemels and Donkers, 2013; Tabuada, 2007). Event-triggered versions of many standard 
problems considered in time-triggered control were then studied, e.g., optimal state estimation (Shi et al., 2014; Sijs and Lazar, 
2012; Wu et al., 2013), model predictive control (Eqtami et al., 2011; Li and Shi, 2014), and distributed control and coordination 
of multi-agent systems (Dimarogonas et al., 2012). Systematic overviews of the theoretic developments can be found in Heemels 
et al. (2012) and Shi et al. (2016b). Applications of event-triggered control and estimation were also reported for, e.g., biomedical 
engineering systems (Chakrabarty et al., 2018), aerospace systems (Li et al., 2022), process control (Ahlen et al., 2019), and 
robotics (Ding et al., 2023).

Motivated by the availability of sensor data and the propelling performance requirements of intelligent autonomous systems, 
there has been a recent surge in the study of data-driven learning-based control. With the abundance of data and the lack of plant 
models, a natural question to ask is when to learn and how to learn with guaranteed performance and data efficiency. Event- 
triggered learning solves this problem by evaluating the relevance of the data online and only performing learning updates when 
the data samples are relevant and important for control performance. Early theoretic results were reported in Solowjow and 
Trimpe (2020a) and Umlauft and Hirche (2020a), and application of event-triggered learning in robotics and mobile health can 
be found in Shi et al. (2019) and Umlauft et al. (2020).

In this chapter, we provide an overview of event-triggered state estimation, control, and learning. We begin with a brief 
introduction of event-triggering conditions in Section “Event-Triggering Conditions”. Results on event-triggered estimation and 
control are presented in Section “Event-Triggered State Estimation” and Section “Event-Triggered Control”, respectively, and an 
introduction of event-triggered learning is given in Section “Event-Triggered Learning”. Concluding remarks are provided in 
Section “Summary”.

Event-Triggering Conditions

In control systems, event-triggered strategies are implemented to reduce the frequency of message exchanges among sensors, 
controllers, and actuators. These strategies utilize specific conditions, encoded through a triggering function denoted as ( ), to 
determine when new data should be transmitted based on a given state and error combination. Various triggering conditions 
have been proposed in the literature, including those based on estimation error in Xia et al. (2016), predicted output error like 
(Trimpe, 2014), functions of the estimation error by Han et al. (2015) and Wu et al. (2013), or error covariance in Trimpe and 
D'Andrea (2014).

The selection of event-triggering conditions should be based on the specific requirements of the control system, the 
characteristics of the controlled plant, and the communication infrastructure. Each type of condition offers distinct advantages 
and can significantly impact the overall performance, efficiency, and reliability. Furthermore, it is possible to combine these 
conditions in the design of event-triggering laws. Below we give a set of the most common event-triggering conditions in the 
literature.

Static Event-Triggering Conditions

A static event-triggering condition depends solely on the current system state at each time instant t . Once the value of the 
triggering function surpasses a predetermined threshold, an event is triggered, and new information is transmitted to the 
controller. Suppose event-triggered data transmission occurs at … …t t t{ , , , , }k0 1 . The general expression of static event-triggering 
conditions is given by:

= > >+t inf t t: { | ( ) 0}.k k1 (1) 

If ( ) is a deterministic function, condition (1) corresponds to the deterministic event-triggered mechanism, as proposed in 
Wu et al. (2013). On the other hand, if ( ) is a stochastic function dependent on a random variable, (1) transforms into a 
stochastic event-triggering law, such as the one developed in Han et al. (2015). While static event-triggering conditions are easy to 
implement and understand, they do not adapt to the system's current state or performance. Consequently, they may lead to 
conservative behavior and fail to account for changes in system dynamics or the environment.
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Dynamic Event-Triggering Conditions

The dynamic event-triggered mechanism introduces dynamic variables into the event-triggering condition, allowing for 
additional flexibility in deciding whether to transmit measurements at each time instant. This dynamic condition considers 
not only the current measurement but also the previous triggering state at last triggering instant. The general expression of 
dynamic event-triggering conditions can be described as:

= > >+t inf t t t: { | ( ) ( )},k k1

where is a dynamic variable based on the system state and error estimates. For example, Huang et al. (2016) developed a 
dynamic event-trigger for hidden Markov models, which depends on sensor measurements and previous triggering states. Yi et al. 
(2018) proposed an event-triggered mechanism for multi-agent consensus. Compared to static event-triggering, dynamic event- 
triggering conditions are more complex to design and implement. Moreover, they often require triggering state feedback to tune 
the triggering mechanism.

Time-Regularized Event-Triggering Conditions

In continuous-time systems, time-regularized event-triggering conditions combine time-based elements with event-based criteria. 
In these conditions, transmissions are triggered not only by errors exceeding a threshold, but also occur at regular time intervals 
enforced by a minimum inter-event time (MIET), MIET , which guarantees a finite number of events in finite time and thus 
prevents Zeno behavior. A typical expression for time-regularized event-triggering conditions can be written as:

= > + >+t inf t t: { | ( ) 0}.k k1 MIET

Time-regularized triggering methods (Dolk et al., 2014, 2016) are proposed to ensure Lp-stability of nonlinear systems. These 
methods involve checking the triggering condition only after a specific amount of time has passed since the most recent triggering 
instant.

Periodic Event-Triggering Conditions

In addition to time-regularized event-triggering conditions, periodic event-triggering conditions are also proposed, for which the 
event-triggering condition is only evaluated periodically. Suppose that the sampling period is >h 0; a typical periodic event- 
triggering condition is:

= > >+t inf ih t: { | ( ) 0}.k
i

k1

Event-Triggered State Estimation

Remote state estimation aims to accurately estimate a system's state using sensor data transmitted to a remote estimator. This 
setup allows the estimator to make informed decisions or provide feedback to the system. By incorporating event-triggered sensor 
scheduling into remote state estimation, communication frequency can be reduced, thereby prolonging the operational lifespan 
of battery-sensor devices. Fig. 1 illustrates the process of remote state estimation with an event-triggered mechanism. Here, 
xk

n represents the state vector, yk
m the sensor measurement, x̂k the state estimate, ŷk potential feedback, and k the event- 

triggered scheduler at time k. Consider the linear system

= ++x Ax w ,k k k1 (2) 

= +y Cx v ,k k k (3) 

where wk
n and vk

m are mutually uncorrelated white Gaussian noises with covariance matrices Q 0 and R 0, 
respectively, where the notation indicates that the matrices are positive definite. The initial state x0 is zero-mean Gaussian with 

Fig. 1 Event-triggered sensor scheduling diagram for remote state estimation.
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covariance matrix 0, and is uncorrelated with wk and vk for all k 0. It is common to assume that A C( , ) is detectable. In the 
absence of an event-triggered mechanism, the state can be estimated using a Kalman filter (Kailath et al., 2000). The update 
procedure is as follows:

Time Update:

= = +x Ax P AP A Qˆ ˆ , ,k k k k1 1

Measurement Update:

= +K P C CP C R[ ] ,k k k
1

= + = +x x K y Cx P P P C CP C R CPˆ ˆ [ ˆ ], [ ] ,k k k k k k k k k k
1 1 1

where the state estimate x̂k
n is optimal in the sense of minimum mean square error (MMSE). As k , the Kalman filter 

converges, i.e., K Kk , P P̄k , and P Pk , where K P, ¯ 0 and P 0 are constant matrices. It can be shown that the residues 
y Cx̂k k are independently and identically distributed Gaussian process with zero mean and covariance = +P CPC R: ¯
Anderson and Moore (1979). This result plays an important role in analyzing the performance of different event-triggering laws.

Estimation With Reliable Communication Channels

When transmitted data are accurately received by the remote estimator, several event-triggered state estimates have been 
proposed. Sijs and Lazar (2012) developed an event-based estimator based on a general description of event-based sampling. 
This approach approximates the uniform distribution with a finite sum of Gaussian distributions. Wu et al. (2013) designed a 
deterministic event-triggered scheduler defined by

= 0 if || || ,
1 otherwise,k

k

(4) 

where represents a predefined threshold, and k is the normalized innovation vector. As the conditional distribution of the 
system state xk, given the information … …I y y{ , , , , , }k k k k0 0 0 , becomes truncated Gaussian under this event-triggered 
mechanism, the exact MMSE estimator involves complex numerical integration. Therefore, based on a Gaussian approximation 
assumption, they derived an approximate estimator, which includes the following steps:

Time Update:

= = +x Ax P AP A Qˆ ˆ , .k k k k1 1 (5) 

Measurement Update:

= + + = + +x x P C CP C R z P P P C CP C R CPˆ ˆ ( [ ] ) , [ (1 ) ( )] ( ) ,k k k k k k k k k k k k k
1 1 (6) 

where

= = =
+

z y y e Q Q e dxˆ , ( )
2

2
[1 2 ( )] , ( )

1

2
.k k k

x
2 1 2

2 2

The average sensor communication rate is defined as + =limsup [ ]T T k
T

k
1

1 0 . Under the event-triggered scheduler (4)
and the estimator (5–6), = Q1 [1 2 ( )]m. The corresponding results for more general event-based data schedulers and 
multiple sensors were proposed in Shi et al. (2014).

To preserve the Gaussian property and obtain the exact MMSE estimates in recursive and closed form, Han et al. (2015)
proposed the stochastic event-triggered sensor schedulers

=
>

y y

y y

0, ( , ˆ ),

1, ( , ˆ ),k
k k k

k k k (7) 

where k is uniformly distributed over the interval [0,1]. By restricting the range of to {0,1}, the stochastic event-trigger becomes 
deterministic as in (4). 

• Open-Loop Schedule Function: When the system is stable, a remote estimator can utilize the open-loop schedule function 
without feedback ŷk to the sensor. In this case
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y y exp y Yy( , ˆ )
1
2

,k k k k (8) 

where >Y 0 is a matrix parameter. Under such event-trigger, the system state xk conditioned on k 1 remains Gaussian. 
Consequently, the exact MMSE estimator can be derived as follows:

Time Update:

= = +x Ax P AP A Qˆ ˆ , ,k k k k1 1

Measurement Update:

= + =x I K C x K y P P K CPˆ ( ) ˆ , ,k k k k k k k k k k

where = + +K P C CP C R Y[ (1 ) ]k k k k
1 1. When A is stable, the average communication rate 

= == +
lim 1N N k

N
k det I Y

1
0
1 1

( )
, where is the covariance of the state xk at steady state, and Y is the matrix parameter 

in (8). 

• Closed-Loop Schedule Function: If the sensor can receive feedback ŷk from the estimator before making a decision, it can 
compute the innovation zk and use the closed-loop event-trigger

y y exp y y Z y y( , ˆ )
1
2

( ˆ ) ( ˆ ) ,k k k k k k (9) 

where >Z 0 is a matrix parameter. Then, the remote estimator is derived as follows:

Time Update:

= = +x Ax P AP A Qˆ ˆ , ,k k k k1 1

Measurement Update:

= + =x x K z P P K CPˆ ˆ , ,k k k k k k k k k

where = + +K P C CP C R Z[ (1 ) ]k k k k
1 1.

The open-loop scheduler is simpler to implement as it does not require feedback. However, it cannot reduce the 
communication rate for unstable systems since =1 almost surely for any given Y . Closed-loop schedulers are necessary to 
decrease the communication rate. Additionally, the design matrices Y or Z provide extra flexibility to balance the trade-off 
between communication rate and the performance.

Extensions to multi-sensor stochastic event-triggered estimation were explored by Weerakkody et al. (2015). Huang et al. 
(2017) studied event-triggered state estimation for linear Gaussian systems with energy harvesting sensors, obtaining recursive 
MMSE estimates for both state and sensor energy levels. To find the optimal trade-off between MMSE and communication costs, 
Molin and Hirche (2017) treated the joint optimal design of estimator and event-trigger as a two-person game and devised an 
iterative scheme involving dynamic programming and conditional expectation. Under the open-loop event-triggered mechanism 
proposed in Mohammadi and Plataniotis (2017), the triggering condition is independent of local state estimates, and the 
estimator does not require prior information about the sensors' triggering mechanism. These advantages simplify the 
implementation. Moreover, Petri et al. (2021) introduced a dynamic event-triggered Luenberger observer to ensure global 
asymptotic stability for estimation error dynamics. Weimer et al. (2012) explored distributed event-triggered estimation in 
networked systems, proposing a heuristic one-step greedy algorithm to minimize a weighted function of network energy 
consumption and transmission counts subject to estimator performance constraints. To deploy sensors over a peer-to-peer 
network, Battistelli et al. (2018) developed a consensus Kalman filter with event-triggered communication, guaranteeing MMSE 
boundedness.

Estimation With Lossy Channels

Packet drops are often inevitable using wireless communication and can have a significant impact on event-based sensor 
scheduling. When packet dropouts occur, the remote estimator faces the challenge of distinguishing between packet loss due to 
poor channel conditions and loss of triggering events. If a sensor measurement is below a given threshold, this information can 
be used to enhance the estimate. However, when caused by channel loss, the estimator lacks information about the sensor 
measurement and cannot perform an update. This complication adds difficulty to the design of optimal estimators. Many 
researchers have dealt with event-triggered state estimation with lossy communication. Kung et al. (2020) demonstrated that the 
Gaussian property cannot be preserved even under stochastic event-trigger. In studies of the effect of a lossy channel on event- 
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based estimation, Shi et al. (2016a) utilized the reference probability measure approach to leverage event-triggered measurement 
information. Xu et al. (2020) proved that when the estimator only knows the channel loss rate, the system state conditioned on 
available information follows a Gaussian mixture distribution. To address the challenges associated with optimal MMSE, they 
developed estimators with reduced computation and memory complexity by minimizing the length and number of hypotheses. 
Different from these works, assuming independently and identically distributed packet drops, Chen et al. (2017) investigated a 
generic stochastic event-triggering law under the Gilbert-Elliott communication channel. In some vulnerable channels, packet 
drops may result from denial of service attacks. Li et al. (2021) investigated stochastic event-triggered distributed fusion 
estimation under jamming attacks, establishing a Stackelberg game framework to analyze interactions between attackers and 
smart sensors. Huang et al. (2021) explored the event-triggered scheduling problem in cognitive radio sensor networks, where the 
uncertainty from the event trigger and communication channels can be decoupled. Furthermore, Zhong et al. (2023) proposed a 
novel formulation incorporating error-detecting codes and developed approximate MMSE estimators that achieve nearly the 
same error with significantly lower computation time. In multi-agent systems, Bemani and Björsell (2021) designed a distributed 
event-triggered state estimation method while maintaining satisfactory control performance even under high probabilities of 
packet drops. For nonlinear discrete systems, event-based state estimation under packet drops was studied by Gasmi et al. (2024)
using particle filters.

Event-Triggered Control

In event-triggered control, the execution of controllers is driven by an event-triggering condition. Since the controller is only 
executed when needed, event-triggered control can effectively reduce resource consumption while addressing various control 
objectives such as stabilization (Eqtami et al., 2010; Heemels et al., 2012; Tabuada, 2007; Xing et al., 2017; Yu et al., 2019), 
reference tracking (Vamvoudakis et al., 2017; Zhang et al., 2020), output regulation (Liu and Huang, 2017), and consensus of 
multi-agent systems (Dimarogonas et al., 2012; Ge and Han, 2017; He et al., 2017; Zhang et al., 2020). The main issues 
considered in event-triggered control include how to design the controller and the compatible triggering condition such that a 
systematic trade-off between control performance and transmission efficiency can be obtained. Generally, the design methods 
can be classified based on the design sequence of controllers and event-triggering conditions, and thus can be categorized as 
emulation-based approaches and co-design approaches. In this section, we will take the stabilization problem as an example to 
illustrate the design of controllers and triggering conditions.

Emulation-Based Approaches

Emulation-based approaches investigate the design of controller and triggering condition separately through a two-step process. 
First, a stable controller is designed on the basis of traditional model-based control theory. Then with this stable controller, a 
compatible triggering condition is designed to save resources without violating the stability of the closed-loop system.

Linear plants
Considering the linear system

= +x t Ax t Bu t( ) ( ) ( ) (10) 

where x t( ) n is the system state and u t( ) m the control input. Assuming the stabilizability of A B( , ), a state-feedback 
control law =u t Kx t( ) ( )k , where ×K m n, can be designed to ensure the stability of = +x t A BK x t( ) ( ) ( ). 

• Continuous-time Event-triggered Control: In early studies of event-triggered control, the system is evaluated continuously and 
the control task is executed when event-triggering condition is satisfied. Taking the event-triggering condition based on the 
state error as an example, the triggering instant +tk 1 is determined by

= >+t inf t t e t x t{ | | ( )| | ( )| },k k1 (11) 

where | | denotes Euclidean norm, =e t x t x t( ) : ( ) ( )k , and k . To prevent Zeno behavior, the triggering condition is designed 
to ensure a positive MIET, which can be analyzed by investigating the underlying closed-loop dynamics and the triggering 
condition. It is proved to exist in Tabuada (2007). However, when it comes to a more complex system, a continuous-time 
triggering scheme may not guarantee a positive MIET. To mitigate this issue, advanced event-triggered control schemes were 
developed for systems with external disturbances (Heemels and Donkers, 2013; Heemels et al., 2012, 2013), different control 
objectives (Dolk et al., 2016; Vamvoudakis et al., 2017; Zhang et al., 2020), output-feedback (Donkers and Heemels, 2012; Zhang 
and Han, 2014), and distributed configurations (Dimarogonas et al., 2012; Ge and Han, 2017; He et al., 2017; Yi et al., 2018). 

• Periodic Event-triggered Control: To alleviate the requirement of high-frequency monitoring during the implementation of 
continuous-time event-triggered control schemes, periodic event-triggered control approaches were introduced (Heemels 
et al., 2012, 2013), where the event-triggering condition is only evaluated periodically, thus enabling sampled-data control 
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implementation. Suppose that the sampling period is >h 0, then the triggering instant can be described as +t hk 1 , which is 
determined by

= >+t inf i t e ih x ih{ || ( )| | ( )|}.k
i

k1
(12) 

• Perturbed System Approach: The triggering errors (the difference between the current and previous transmitted signals) can be 
characterized as bounded perturbations, allowing analysis of a perturbed system (Eqtami et al., 2010; Mazo and Tabuada, 
2011; Tabuada, 2007). While this approach simplifies the analysis, it neglects the underlying error dynamics to a certain 
extent.

• Hybrid System Approach: To offer an insight into the inter-event behaviors, the continuous-time system dynamics (in 
continuous time) can be categorized and investigated according to the triggering status and is modeled as a hybrid system 
(Borgers and Heemels, 2014; Donkers and Heemels, 2012; Yu and Chen, 2021).

• Piecewise System Approach: As a discretized analogue of the hybrid system approach, discrete-time event-triggered control 
systems can be modeled as discrete-time bimodal systems according to the triggering status (Heemels and Donkers, 2013).

Nonlinear plants
For nonlinear system, most existing studies are based on input-to-state stability (ISS) (Liu and Jiang, 2015; Tabuada, 2007; Zhang 
et al., 2017). Consider the following nonlinear system:

=x t f x t u t x t u t( ) ( ( ), ( )), ( ) , ( )n m (13) 

with feedback controller =u t k x t( ) ( ( )). The controller is designed to render the closed-loop system 
= +x t f x t k x t e t( ) ( ( ), ( ( ) ( )) to be ISS with respect to the measurement error e t( ) n. Given the controller =u t k x t( ) ( ( ))

such that the ISS of the closed-loop system is satisfied, the even-triggering condition can be designed. For instance, the triggering 
condition can be chosen such that e x(| |) (| |), (0,1) (Tabuada, 2007), which ensures 

+f x k x e x( , ( )) ( 1) (| |) 0V
x

. However, the assumption of the closed-system being ISS with respect to measurement 
errors may become restrictive for some nonlinear systems. To mitigate this issue, several studies utilized the concept of integral 
ISS (iISS) (Mousavi et al., 2019; Yu et al., 2019). However, with this looser restriction on the predefined controller, a compatible 
triggering condition could only be designed for a specific set of initial states of the system. For instance, to ensure the ultimately 
bounded stabilization of the closed-loop system, the triggering condition is designed as >e c(| |) 0 in Yu et al. (2019), where the 
design of c0 is related to the constraint of the initial state. In addition, periodic event-triggering schemes have been extended to 
nonlinear systems (Postoyan et al., 2015; Wang et al., 2020b).

Co-Design Approaches

Although the emulation-based approached simplify the design of the controller and the triggering condition, it is a bit difficult to 
obtain an optimal trade-off between the control performance and the resource utilization, since the design of triggering 
conditions relates closely to the dynamics of the closed-loop system determined by the predefined controller. To address this 
issue, co-design approaches were proposed in recent studies.

LMI-based methods
For linear systems, a Lyapunov-based stability condition or a condition for certain performance specification can be established 
by integrating the system dynamics and the triggering condition. This condition is then reformulated into a linear matrix 
inequality (LMI). For instance, when a state-feedback stabilization problem is considered under the triggering condition defined 
by in (12), the LMI can be formulated as the positive semi-definite matrix condition ±M K( , ) 0, where K is the feedback 
gain, is the parameter of the triggering condition. Note that a large leads to less frequent transmissions. The optimal to 
reduce the transmission frequency can be designed by solving

max
M Ksubject to ( , ) 0.

Leveraging LMI-based co-design approaches, stabilization problems under scenarios such as output feedback control (Zhang 
and Han, 2014), robust control (Peng and Han, 2013), saturated systems (Seuret et al., 2016), and time-delay systems (Yue et al., 
2013) were also considered.

Backstepping-based methods
In the emulation-based design of nonlinear systems, stability conditions such as ISS and iISS need to be guaranteed under the 
design of the triggering condition. However, one might not be able to find a controller such that the closed-loop system is ISS or 
iISS. To address this issue, the backstepping technique is utilized to achieve event-triggered control of strict-feedback nonlinear 
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systems in Li and Yang (2018), Wang and Krstic (2022), Wang et al. (2020a) and Xing et al. (2017), where virtual inputs were 
derived recursively and then modified based on the event-triggering conditions. For example, in Xing et al. (2017), the proposed 
event-triggered controller and the corresponding triggering condition were formulated as

=w t v t f m( ) ( ) ( ¯ )

= +u t w t t t t( ) ( ), [ , )k k k 1

=+t inf t w t u t m{ | | ( ) ( )| },k 1

where v t( )k is the virtual input computed by the backstepping method, and m̄ and m are parameters that need to be chosen. Back- 
stepping allows the co-design of the controller and the triggering without necessitating a predefined ISS or iISS controller or the 
global Lipschitz continuity of the considered system.

Event-Triggered Learning

Beyond event-triggered state estimation and control, there has been an increasing attention on event-triggered learning in recent 
years. Event-triggered learning methods learn from partial selected data and learn only when necessary. The existing approaches 
can be categorized into non-parametric and parametric approaches.

Non-Parametric Event-Triggered Learning

Non-parametric event-triggered learning mechanisms were motivated by improving data efficiency through active training data 
selection.

Consider a nonlinear function f :ruet and a relation

= +y f x( ) ,ruet (14) 

where is the noise, x n the input, and y the output. Several event-triggered learning methods were proposed for 
such a setup.

Using Gaussian process regression, Umlauft and Hirche (2020b) proposed an event-triggered online learning method for 
Gaussian noise N: (0, )2 . The unknown function f ( )ruet was learned as a distribution over functions (Seeger, 2004), denoted by

f GP m kx x x x( ) ( ( ), ( , )).GP (15) 

The learned distribution is fully specified by a mean m x( ): and a kernel function ×k x x( , ): , and trained 
using a time-varying dataset k. In the proposed method, the dataset is updated at time kh and remains constant until +kh 1, and 
N Nk denotes the current number of data points. Specifically, the updating time +kh 1 is determined by a static event-triggering 
condition in the form of (1) with x( )k being

= min k r
k

x x e( ) : ( ) | |, || ||
[ 1]

,k k k c
k

c
T (16) 

where = + +( )B log2 300k f k
k3 1 , ( )k is the posterior variance function of the Gaussian process with training dataset k, 

+kc is a constant, e is the tracking error, Bf is the upper bound of the reproducing kernel Hilbert space norm of function 
f ( )ruet , and =r e[ 1]T is a filtered scalar state with coefficient vector . Moreover, Umlauft and Hirche (2020b) designed a 
feedback linearization controller for the nonlinear system. The global uniform ultimate boundedness of the tracking error was 
proved for the proposed even-triggered learning method.

Based on the lazily adapted constant kinky inference approach introduced in Calliess et al. (2020), Zheng et al. (2023), 
proposed two kinds of event-triggered learning methods. Using the dataset =

=
{ }( )yx ,k k k i

N

1i i

k
, the function in (14) is learned as

= +f L k L k l L kx x xˆ ( ; ( ), ) :
1
2

( ; ( ))
1
2

( ; ( )),k k k ku

= + +
…

L k min y L k ex x x( ; ( )) : ( )|| || ¯,k
i N

k k
{1, , }k

i iu

=
…

L L k max y L k ex x x( ; ( )) : ( )|| || ¯,k
i N

k k
{1, , }k

i i
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where ē is the upper bound of the noise such that e|| || ¯, and L k( ) is the learned Lipschitz constant. The learned parameter 
L k( ) is updated intermittently according to

+ = +

+
L k max L k max

y y

x x
( 1): ( ),

| |

|| ||y

k k

k kx( , )ki ki k

i i

i i

1

1 (17) 

with being a learning hyper-parameter. Then two event-triggering conditions were designed, namely, sample-grid based 
condition and prediction-error based. We note that the event-triggered mechanisms are all static conditions in the form of (1). 
Prediction errors were analyzed in Zheng et al. (2023) with the dataset k updated using the proposed event-triggered 
mechanisms. The specific triggering conditions and the corresponding learning error bounds are listed as follows, where L ruet is 
the Lipschitz constant of f ( )ruet in X . 

• Sample-grid based event-triggered learning:

= =ist minx x x x( ) d ( , ) : || || .k k k k
y

k k
x

1
( , )

1h
ki ki kh

i
(18) 

Prediction error bound:

+ + +f L k f L n L ex x x|ˆ ( ; ( ), ) ( )| ( ( ) )
2

¯, .k k rue ruet t 1 (19) 

• Prediction-error based event-triggered learning:

= =b L n L k l L kx x x x( ) ( ; ( )) :
1
2

( ; ( )) ( ; ( ))| .k k k k2 2u
(20) 

Prediction error bound:

+ +f L k f
L n L

L n
e ex x x|ˆ ( ; ( ), ) ( )|

( )

( )
( ¯) 2¯, .k k rue

rue
t

t
2

(21) 

Other event-triggered learning methods were also proposed. For instance, an event-triggered nonlinear iterative learning 
control was presented by Lin et al. (2021), which was developed for repetitive nonaffine systems. Poveda and Teel (2017)
proposed a learning framework for continuous-time nonlinear systems, where the dataset was updated according to an event- 
based update rule.

Parametric Event-Triggered Learning

For parametric models, event-triggered learning methods were proposed to deal with the mismatch between the learned model 
and the true dynamics. Specifically, a new model is identified if a certain metric of the system deviates significantly from the 
learned model. Solowjow and Trimpe (2020b) proposed event-triggered learning methods for linear time-invariant systems, 
where the mismatch is evaluated using inter-communication times of an event-triggered communication channel. Consider

= ++ Ax xk k k1 (22) 

with parameter matrix A and Gaussian noise Q(0, )k
2N , where >Q 02 is the covariance matrix. The learned model is denoted 

as =+ Ax̂ x̂ˆk k1 , where x̂ is the predicted state, and Â is the identified parameter. The unknown system parameters are collected as 
= A Q( , ), while the learned parameters are = A Qˆ ( ˆ , ˆ ). Using the event-triggering time instants …k k k{ , , , }N0 1 k , the inter- 

communication times = …{ , , , }k N0 1 1k can be calculated as = …+k k i, {0,1, }i i i1 . Using the upper bound of the inter- 
communication time axm , two kinds of event-triggering conditions were designed, namely, expectation-based learning trigger 
and density-based learning trigger. We note that the learning triggers were designed using inter-communication times rather than 
previous triggering states. Thus the event-triggering conditions in Solowjow and Trimpe (2020b) are static event-triggering 
conditions in the form of (1), which were designed as follows. 

• Expectation-based event-triggered learning:

=
=N N

ln( )
1

1
[ ]

1
2( 1)

2
.k k

k i

N

i i ax
k1

1

m

k

(23) 

• Density-based event-triggered learning:
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= sup F t F t
N

ln( ) ( ) ( )
1

2( 1)
2

,k k
t

k
k (24) 

where F t( )k is the cumulative distribution function obtained from set k, and F t( ) is the cumulative distribution function of 
variable i. In practice, the expectation [ ] and the cumulative distribution function F t( ) are unknown. Monte Carlo simulation 
approaches were adopted to estimate [ ] and F t( ). Other results and applications of parametric event-triggered learning were 
also provided by Baumann et al. (2019), Schlüter et al. (2020) and Solowjow et al. (2018).

Summary

In this chapter, we summarized the key ideas and developments in event-triggered control, state estimation and learning. Despite 
an extensive literature, a number of important problems need to be further studied, and the theoretic understanding of event- 
triggered learning is still at an early age. In particular, how to make efficient use of resources to actively acquire online 
measurements and develop systematic event-triggered learning for control approaches is yet to be largely explored.

References

Ahlen, A., Akerberg, J., Eriksson, M., et al., 2019. Toward wireless control in industrial process automation: A case study at a paper mill. IEEE Control Systems Magazine 39 (5), 
36–57.

Anderson, B.D.O., Moore, J.B., 1979. Optimal Filtering. Prentice Hall, New Jersey.
Åström, K., Bernhardsson, B., 2002. Comparison of Riemann and Lebesgue sampling for first order stochastic systems. In: Proceedings of the 41st IEEE Conference on Decision 

and Control, 2, 2011 – 2016 vol.2.
Åström, K., Kumar, P., 2014. Control: A perspective. Automatica 50 (1), 3–43 ISSN 0005-1098.
Battistelli, G., Chisci, L., Selvi, D., 2018. A distributed kalman filter with event-triggered communication and guaranteed stability. Automatica 93, 75–82.
Baumann, D., Solowjow, F., Johansson, K.H., Trimpe, S., 2019. Event-triggered pulse control with model learning (if necessary). American Control Conference (ACC), pp. 792-797.
Bemani, A., Björsell, N., 2021. Distributed event triggering algorithm for multi-agent system over a packet dropping network. Sensors 21 (14), 4835.
Borgers, D.P., Heemels, W.P.M.H., 2014. Event-separation properties of event-triggered control systems. IEEE Transactions on Automatic Control 59 (10), 2644–2656.
Calliess, J.P., Roberts, S.J., Rasmussen, C.E., Maciejowski, J., 2020. Lazily adapted constant kinky inference for nonparametric regression and model-reference adaptive control. 

Automatica 122, 109216.
Chakrabarty, A., Zavitsanou, S., Doyle, F.J., Dassau, E., 2018. Event-triggered model predictive control for embedded artificial pancreas systems. IEEE Transactions on Biomedical 

Engineering 65 (3), 575–586. https://doi.org/10.1109/TBME.2017.2707344.
Chen, W., Wang, J., Shi, D., Shi, L., 2017. Event-based state estimation of hidden markov models through a gilbert–elliott channel. IEEE Transactions on Automatic Control 62 (7), 

3626–3633.
Dimarogonas, D.V., Frazzoli, E., Johansson, K.H., 2012. Distributed event-triggered control for multi-agent systems. IEEE Transactions on Automatic Control 57 (5), 1291–1297. 

https://doi.org/10.1109/TAC.2011.2174666.
Ding, S., Peng, J., Zhang, H., Wang, Y., 2023. Event-triggered adaptive neural impedance control of robotic systems. IEEE Transactions on Neural Networks and Learning Systems 

1–11. https://doi.org/10.1109/TNNLS.2023.3278301.
Dolk, V., Borgers, D.P., Heemels, W., 2014. Dynamic event-triggered control: Tradeoffs between transmission intervals and performance. In: 53rd IEEE Conference on Decision and 

Control, pp. 2764–2769.
Dolk, V., Borgers, D.P., Heemels, W., 2016. Output-based and decentralized dynamic event-triggered control with guaranteed mathcalLp-gain performance and zeno-freeness. IEEE 

Transactions on automatic control 62 (1), 34–49.
Donkers, M., Heemels, W., 2012. Output-based event-triggered control with guaranteed L∞-gain and improved and decentralized event-triggering. IEEE Transactions on Automatic 

Control 57 (6), 1362–1376.
Eqtami, A., Dimarogonas, D.V., Kyriakopoulos, K.J., 2010. Event-triggered control for discrete-time systems, American Control Conference (ACC), pp. 4719–4724.
Eqtami, A., Dimarogonas, D.V., Kyriakopoulos, K.J., 2011. Event-triggered strategies for decentralized model predictive controllers. IFAC Proceedings Volumes 44 (1 ): 10068– 

10073. ISSN 1474-6670. doi:https://doi.org/10.3182/20110828-6-IT-1002.03540. 18th IFAC World Congress, https://www.sciencedirect.com/science/article/pii/ 
S1474667016452304

Gasmi, E., Sid, M.A., Hachana, O., 2024. Nonlinear event-based state estimation using particle filter under packet loss. ISA transactions 144, 176–187.
Ge, X., Han, Q.L., 2017. Distributed formation control of networked multi-agent systems using a dynamic event-triggered communication mechanism. IEEE Transactions on 

Industrial Electronics 64 (10), 8118–8127.
Han, D., Mo, Y., Wu, J., et al., 2015. Stochastic event-triggered sensor schedule for remote state estimation. IEEE Transactions on Automatic Control 60 (10), 2661–2675. https:// 

doi.org/10.1109/TAC.2015.2406975.
He, W., Chen, G., Han, Q.L., Qian, F., 2017. Network-based leader-following consensus of nonlinear multi-agent systems via distributed impulsive control. Information Sciences 

380, 145–158.
Heemels, W., Johansson, K., Tabuada, P., 2012. An introduction to event-triggered and self-triggered control, Decision and Control (CDC). In: 2012 IEEE 51st Annual Conference 

on, pp. 3270–3285.
Heemels, W., Donkers, M., 2013. Model-based periodic event-triggered control for linear systems. Automatica 49 (3), 698–711.
Heemels, W.P.M.H., Donkers, M., Teel, A.R., 2013. Periodic event-triggered control for linear systems. IEEE Transactions on Automatic Control 58 (4), 847–861.
Huang, J., Shi, D., Chen, T., 2016. Dynamically event-triggered state estimation of hidden markov models through a lossy communication channel. In: 2016 IEEE 55th Conference 

on Decision and Control (CDC), pp. 5122–5127.
Huang, J., Shi, D., Chen, T., 2017. Event-triggered state estimation with an energy harvesting sensor. IEEE Transactions on Automatic Control 62 (9), 4768–4775.
Huang, L., Wang, J., Kung, E., et al., 2021. Stochastic event-based sensor schedules for remote state estimation in cognitive radio sensor networks. IEEE Transactions on Automatic 

Control 66 (5), 2407–2414. https://doi.org/10.1109/TAC.2020.3007510.
Kailath, T., Sayed, A.H., Hassibi, B., 2000. Linear Estimation. Prentice Hall, New Jersey.

http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref1
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref1
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref2
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref3
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref4
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref5
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref6
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref7
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref7
https://doi.org/10.1109/TBME.2017.2707344
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref9
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref9
https://doi.org/10.1109/TAC.2011.2174666
https://doi.org/10.1109/TNNLS.2023.3278301
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref12
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref12
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref13
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref13
https://doi.org/10.3182/20110828-6-IT-1002.03540
https://www.sciencedirect.com/science/article/pii/S1474667016452304
https://www.sciencedirect.com/science/article/pii/S1474667016452304
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref14
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref15
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref15
https://doi.org/10.1109/TAC.2015.2406975
https://doi.org/10.1109/TAC.2015.2406975
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref17
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref17
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref18
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref19
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref20
https://doi.org/10.1109/TAC.2020.3007510
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref22


Event-Triggered State Estimation, Control and Learning  11

Kung, E., Wang, J., Wu, J., Shi, D., Shi, L., 2020. On the nonexistence of event triggers that preserve gaussian state in presence of packet-drop. IEEE Transactions on Automatic 
Control 65 (10), 4302–4307. https://doi.org/10.1109/TAC.2019.2957348.

Li, C., Zou, H., Shi, D., Song, J., Wang, J., 2022. Proportional-integral-type event-triggered coupled attitude and orbit tracking control using dual quaternions. IEEE Transactions on 
Aerospace and Electronic Systems 58 (4), 3021–3036. https://doi.org/10.1109/TAES.2022.3143475.

Li, H., Shi, Y., 2014. Event-triggered robust model predictive control of continuous-time nonlinear systems. Automatica 50 (5), 1507–1513. ISSN 0005-1098.  https://doi.org/10. 
1016/j.automatica.2014.03.015.  https://www.sciencedirect.com/science/article/pii/S0005109814001071.

Li, L., Niu, M., Xia, Y., Yang, H., 2021. Stochastic event-triggered distributed fusion estimation under jamming attacks. IEEE Transactions on Signal and Information Processing 
over Networks 7, 309–321.

Li, Y.X., Yang, G.H., 2018. Event-triggered adaptive backstepping control for parametric strict-feedback nonlinear systems. International Journal of Robust and Nonlinear Control 28 
(3), 976–1000.

Lin, N., Chi, R., Huang, B., Hou, Z., 2021. Event-triggered nonlinear iterative learning control. IEEE Transactions on Neural Networks and Learning Systems 32 (11), 5118–5128. 
https://doi.org/10.1109/TNNLS.2020.3027000.

Liu, T., Jiang, Z.P., 2015. Event-based control of nonlinear systems with partial state and output feedback. Automatica 53, 10–22.
Liu, W., Huang, J., 2017. Robust practical output regulation for a class of uncertain linear minimum-phase systems by output-based event-triggered control. International Journal of 

Robust and Nonlinear Control 27 (18), 4574–4590.
Mazo, M., Tabuada, P., 2011. Decentralized event-triggered control over wireless sensor/actuator networks. IEEE Transactions on Automatic Control 56 (10), 2456–2461.
Mohammadi, A., Plataniotis, K.N., 2017. Event-based estimation with information-based triggering and adaptive update. IEEE Transactions on Signal Processing 65 (18), 

4924–4939.
Molin, A., Hirche, S., 2017. Event-triggered state estimation: An iterative algorithm and optimality properties. IEEE Transactions on Automatic Control 62 (11), 5939–5946.
Mousavi, S.H., Noroozi, N., Geiselhart, R., Kögel, M., Findeisen, R., 2019. On integral input-to-state stability of event-triggered control systems. In: Conference on Decision and 

Control (CDC), pp. 1674–1679.
Peng, C., Han, Q.L., 2013. A novel event-triggered transmission scheme and ${\cal L}_{2}$ control co-design for sampled-data control systems. IEEE Transactions on Automatic 

Control 58 (10), 2620–2626.
Petri, E., Postoyan, R., Astolfi, D., Nešić, D., Heemels, W.M.H., 2021. Event-triggered observer design for linear systems. In: 2021 60th IEEE Conference on Decision and Control 

(CDC), pp. 546–551.
Postoyan, R., Tabuada, P., Nešić, D., Anta, A., 2015. A framework for the event-triggered stabilization of nonlinear systems. IEEE Transactions on Automatic Control 60 (4), 

982–996.
Poveda, J.I., Teel, A.R., 2017. A robust event-triggered approach for fast sampled-data extremization and learning. IEEE Transactions on Automatic Control 62 (10), 4949–4964.
Rabi, M., Moustakides, G., Baras J., 2006. Multiple sampling for estimation on a finite horizon.In: Proceedings of the 45th IEEE Conference on Decision and Control, pp. 

1351–1357.
Rabi, M., Moustakides, G., Baras, J., 2012. Adaptive sampling for linear state estimation. SIAM Journal on Control and Optimization 50 (2), 672–702.
Schlüter, H., Solowjow, F., Trimpe, S., 2020. Event-triggered learning for linear quadratic control. IEEE Transactions on Automatic Control 66 (10), 4485–4498.
Seeger, M., 2004. Gaussian processes for machine learning. International Journal of Neural Systems 14 (02), 69–106.
Seuret, A., Prieur, C., Tarbouriech, S., Zaccarian, L., 2016. Lq-based event-triggered controller co-design for saturated linear systems. Automatica 74, 47–54.
Shi, D., Chen, T., Shi, L., 2014. An event-triggered approach to state estimation with multiple point-and set-valued measurements. Automatica 50 (6), 1641–1648.
Shi, D., Dassau, E., Doyle III, F.J., 2019. Multivariate learning framework for long-term adaptation in the artificial pancreas. Bioengineering & Translational Medicine 4 (1), 61–74.
Shi, D., Elliott, R.J., Chen, T., 2016a. Event-based state estimation of discrete-state hidden markov models. Automatica 65, 12–26. ISSN 0005-1098.  https://doi.org/10.1016/j. 

automatica.2015.11.023.  https://www.sciencedirect.com/science/article/pii/S0005109815004872.
Shi, D., Shi, L., Chen, T., 2016b. A stochastic event-triggering approach. Event-Based State Estimation. Springer, pp. 109–141.
Sijs, J., Lazar, M., 2012. Event based state estimation with time synchronous updates. IEEE Transactions on Automatic Control 57 (10), 2650–2655.
Solowjow, F., Baumann, D., Garcke, J., Trimpe, S., 2018. Event-triggered learning for resource-efficient networked control. In: American Control Conference (ACC), pp. 6506–6512.
Solowjow, F., Trimpe, S., 2020a. Event-triggered learning. Automatica 117, 109009 ISSN 0005-1098.  https://doi.org/10.1016/j.automatica.2020.109009.  https://www. 

sciencedirect.com/science/article/pii/S0005109820302077.
Solowjow, F., Trimpe, S., 2020b. Event-triggered learning. Automatica 117, 109009.
Tabuada, P., 2007. Event-triggered real-time scheduling of stabilizing control tasks. IEEE Transactions on Automatic Control 52 (9), 1680–1685.
Trimpe, S., 2014. Stability analysis of distributed event-based state estimation. In: 53rd IEEE Conference on Decision and Control, 2013–2019.
Trimpe, S., D'Andrea, R., 2014. Event-based state estimation with variance-based triggering. IEEE Transactions on Automatic Control 59 (12), 3266–3281.
Umlauft, J., Beckers, T., Capone, A., Lederer, A., Hirche, S., 2020, Smart forgetting for safe online learning with gaussian processes.In: Bayen, A.M., Jadbabaie, A., Pappas, G., 

Parrilo, P.A., Recht, B., Tomlin, C., Zeilinger, M., (Eds.), Proceedings of the 2nd Conference on Learning for Dynamics and Control, Proceedings of Machine Learning Research, 
120, PMLR, pp. 160–169.

Umlauft, J., Hirche, S., 2020a. Feedback linearization based on gaussian processes with event-triggered online learning. IEEE Transactions on Automatic Control 65 (10), 
4154–4169. https://doi.org/10.1109/TAC.2019.2958840.

Umlauft, J., Hirche, S., 2020b. Feedback linearization based on gaussian processes with event-triggered online learning. IEEE Transactions on Automatic Control 65 (10), 
4154–4169. https://doi.org/10.1109/TAC.2019.2958840.

Vamvoudakis, K.G., Mojoodi, A., Ferraz, H., 2017. Event-triggered optimal tracking control of nonlinear systems. International Journal of Robust and Nonlinear Control 27 (4), 
598–619.

Wang, J., Krstic, M., 2022. Event-triggered output-feedback backstepping control of sandwich hyperbolic pde systems. IEEE Transactions on Automatic Control 67 (1), 220–235.
Wang, M., Wang, Z., Chen, Y., Sheng, W., 2020a. Event-based adaptive neural tracking control for discrete-time stochastic nonlinear systems: A triggering threshold compensation 

strategy. IEEE Transactions on Neural Networks and Learning Systems 31 (6), 1968–1981.
Wang, W., Postoyan, R., Nešić, D., Heemels, W.P.M.H., 2020b. Periodic event-triggered control for nonlinear networked control systems. IEEE Transactions on Automatic Control 

65 (2), 620–635.
Weerakkody, S., Mo, Y., Sinopoli, B., Han, D., Shi, L., 2015. Multi-sensor scheduling for state estimation with event-based, stochastic triggers. IEEE Transactions on Automatic 

Control 61 (9), 2695–2701.
Weimer, J., Araújo, J., Johansson, K.H., 2012. Distributed event-triggered estimation in networked systems. IFAC Proceedings Volumes 45 (9), 178–185.
Wu, J., Jia, Q.S., Johansson, K.H., Shi, L., 2013. Event-based sensor data scheduling: Trade-off between communication rate and estimation quality. IEEE Transactions on 

Automatic Control 58 (4), 1041–1046. https://doi.org/10.1109/TAC.2012.2215253.
Xia, M., Gupta, V., Antsaklis, P.J., 2016. Networked state estimation over a shared communication medium. IEEE Transactions on Automatic Control 62 (4), 1729–1741.
Xing, L., Wen, C., Liu, Z., Su, H., Cai, J., 2017. Event-triggered adaptive control for a class of uncertain nonlinear systems. IEEE Transactions on Automatic Control 62 (4), 

2071–2076.
Xu, L., Mo, Y., Xie, L., 2020. Remote state estimation with stochastic event-triggered sensor schedule and packet drops. IEEE Transactions on Automatic Control 65 (11), 

4981–4988.

https://doi.org/10.1109/TAC.2019.2957348
https://doi.org/10.1109/TAES.2022.3143475
https://doi.org/10.1016/j.automatica.2014.03.015
https://doi.org/10.1016/j.automatica.2014.03.015
https://www.sciencedirect.com/science/article/pii/S0005109814001071
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref26
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref26
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref27
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref27
https://doi.org/10.1109/TNNLS.2020.3027000
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref29
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref30
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref30
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref31
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref32
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref32
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref33
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref34
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref34
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref35
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref35
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref36
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref37
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref38
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref39
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref40
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref41
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref42
https://doi.org/10.1016/j.automatica.2015.11.023
https://doi.org/10.1016/j.automatica.2015.11.023
https://www.sciencedirect.com/science/article/pii/S0005109815004872
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref44
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref45
https://doi.org/10.1016/j.automatica.2020.109009
https://www.sciencedirect.com/science/article/pii/S0005109820302077
https://www.sciencedirect.com/science/article/pii/S0005109820302077
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref47
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref48
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref49
https://doi.org/10.1109/TAC.2019.2958840
https://doi.org/10.1109/TAC.2019.2958840
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref52
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref52
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref53
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref54
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref54
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref55
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref55
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref56
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref56
https://doi.org/10.1109/TAC.2012.2215253
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref58
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref59
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref59
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref60
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref60


12  Event-Triggered State Estimation, Control and Learning

Yi, X., Liu, K., Dimarogonas, D.V., Johansson, K.H., 2018. Dynamic event-triggered and self-triggered control for multi-agent systems. IEEE Transactions on Automatic Control 64 
(8), 3300–3307.

Yu, H., Hao, F., Chen, X., 2019. On event-triggered control for integral input-to-state stable systems. Systems & Control Letters 123, 24–32.
Yu, H., Chen, T., 2021. Periodic event-triggered networked control systems subject to large transmission delays. IEEE Transactions on Automatic Control 68 (1), 63–79.
Yue, D., Tian, E., Han, Q.L., 2013. A delay system method for designing event-triggered controllers of networked control systems. IEEE Transactions on Automatic Control 58 (2), 

475–481.
Zhang, P., Liu, T., Jiang, Z.P., 2017. Input-to-state stabilization of nonlinear discrete-time systems with event-triggered controllers. Systems & Control Letters 103, 16–22.
Zhang, X.M., Han, Q.L., 2014. Event-triggered dynamic output feedback control for networked control systems. IET Control Theory & Applications 8 (4), 226–234.
Zhang, Y., Sun, J., Liang, H., Li, H., 2020. Event-triggered adaptive tracking control for multiagent systems with unknown disturbances. IEEE Transaction on Cybernetics 50 (3), 

890–901.
Zheng, K., Shi, D., Shi, Y., Wang, J., 2023. Nonparameteric event-triggered learning with applications to adaptive model predictive control. IEEE Transactions on Automatic Control 

68 (6), 3469–3484. https://doi.org/10.1109/TAC.2022.3191760.
Zhong, Y., Tang, J., Yang, N., Shi, D., Shi, L., 2023. Event-triggered sensor scheduling for remote state estimation with error-detecting code. IEEE Control Systems Letters.

http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref61
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref61
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref62
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref63
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref64
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref64
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref65
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref66
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref67
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref67
https://doi.org/10.1109/TAC.2022.3191760
http://refhub.elsevier.com/B978-0-443-14081-5.00062-3/sbref69

	Event-Triggered State Estimation, Control and Learning
	Key Points
	Introduction
	Event-Triggering Conditions
	Static Event-Triggering Conditions
	Dynamic Event-Triggering Conditions
	Time-Regularized Event-Triggering Conditions
	Periodic Event-Triggering Conditions

	Event-Triggered State Estimation
	Estimation With Reliable Communication Channels
	Estimation With Lossy Channels

	Event-Triggered Control
	Emulation-Based Approaches
	Linear plants
	Nonlinear plants

	Co-Design Approaches
	LMI-based methods
	Backstepping-based methods


	Event-Triggered Learning
	Non-Parametric Event-Triggered Learning
	Parametric Event-Triggered Learning

	Summary
	References




