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Abstract

Multi-agent systems (MAS), as they are more effective to perform complex tasks in
real-world applications, have been extensively studied in the past ten years. The
consensus control problem has emerged as the foundation of MAS, as its theoretical
framework is widely applied to achieve cooperative behaviour within a networked
system. A distributed consensus control algorithm aims to synchronize all states of
agents to a common state by exchanging information with its neighbouring agents in
a distributed manner. Whilst the distributed consensus control algorithms have been
promising, how to achieve consensus subject to various constraints has not been fully

investigated, especially for a class of nonlinear MAS.

The primary aim of this thesis is to analyse and design novel consensus control schemes
for both linear and nonlinear MAS in the presence of communication, state and input
constraints. For the consensus control problem of linear MAS under communication
constraints, event-triggered control and integral sliding mode control methods are ap-
plied to synthesize a leaderless consensus controller for linear discrete-time MAS. The
adaptive backstepping technique is also integrated with the event-triggered control
method to derive an effective leaderless consensus control algorithm for nonlinear
continuous-time MAS. Furthermore, a novel state transformation function is employed
to solve constant and time-varying state constraint problems, so that the adaptive back-
stepping technique is feasible to formulate a leader-follower consensus control scheme
for nonlinear MAS. Moreover, a new quadratic programming (QP) based safe consen-
sus controller is developed to achieve consensus while ensuring safety by considering

input constraints for linear MAS.

The main contributions of the thesis are threefold. First, the distributed consensus
is achieved under communication constraints for linear and nonlinear MAS, respec-
tively. Second, in the presence of state constraints, the proposed leader-follower con-
sensus control protocol guarantees the desired tracking performance for nonlinear
MAS. Third, a safe consensus is guaranteed with input constraints embedded in the
QP problem for linear MAS. Numerical and practical systems are simulated to verify
the proposed control algorithms that reach consensus while considering various con-

straints.
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Chapter

Introduction

1.1 Background

In this section, we present the subject of multi-agent system (MAS), introduce the clas-

sification of MAS, and present distributed consensus control problem in MAS.

1.1.1 Multi-agent Systems

In artificial intelligence research, agent-based systems technology is the mainstream
of computer science. An agent is a sophisticated computer program that acts au-
tonomously upon its environment to achieve design objectives (Wooldridge 2009). Fig-
ure (1.1 displays the features of an autonomous agent. MAS is a team of multiple in-
telligent agents that cooperatively accomplish complex tasks while each agent acts to-
wards its own goal in a shared network. In comparison with the abilities of a single
agent, MAS has a number of advantages, for instance, robustness, maintainability, re-
sponsiveness and flexibility. Hence, a wide variety of applications in MAS range from
civilian to military, for example, drone light shows, autonomous vehicles in farming
and environmental monitoring and control (Mammarella et al. 2021), distributed smart
grids and spacecraft formation flying (Ren and Beard 2004). Due to its advantages
and broad applications, MAS has emerged as a promising research topic in automatic
control in recent decades (Ren and Beard 2008, Shi and Yan 2021).

Generally, MAS is classified into centralized and distributed MAS by control architec-
ture (Lunze 2019). Specifically, in the centralized approach, all agents P; (i = 1,...,N)
are connected to a single central controller C which makes decisions for all agents as
shown in Figure A large majority of small-size systems adopt this direct approach
because of its low cost and slow delays. With the increase in the complexity of tasks,

the centralized method is incapable to be applied to autonomous applications. Unlike
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1.1.1 Multi-agent Systems
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Figure 1.1. Features of an autonomous agent, adopted from (Wooldridge 2009).
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Figure 1.2. Control structure of a centralized MAS.
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Figure 1.3. Control structure of a distributed MAS.
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Chapter 1 Introduction

the centralized one, the distributed MAS is composed of multiple local controllers C;
and a shared communication network as shown in Figure thus, a single agent of
failure would not risk the whole system. It also has better adaptability and scalability
for large-scale systems. Therefore, the distributed MAS can complete more complex
tasks autonomously and cooperatively, and it is more effective and reliable than the

centralized one.

et xtaxS=d

Figure 1.4. Distributed power generation technology is achieved by a distributed consensus

control algorithm.

Figure 1.5. Forty-nine crazyflies flying in a 4-layer rotating formation, adopted from (Preiss
et al. 2017).
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1.2 Literature Review

In the distributed MAS, the consensus control problem has emerged as the founda-
tion of MAS, as its basic theoretical framework is widely applied to achieve coopera-
tive behaviour within a networked system. A distributed consensus control algorithm
aims to synchronize all states of agents to a common state by exchanging informa-
tion with its neighbouring agents in a distributed manner (Cao et al. 2012). Figure
indicates a group of five networked generators works cooperatively to meet a com-
mon demand d (Kia et al. 2019). Another reason for attracting researchers is its variety
of practical applications, for instance, rendezvous of mobile multi-vehicles (Ren and
Beard 2008), UAVs formation control (Dong et al. 2016) and cooperative robotic manip-
ulators (Lief al. 2013). Figure[1.5|displays a large nano-quadcopter swarm platform that

is based on distributed consensus-based formation control protocol (Preiss et al. 2017).

1.2 Literature Review

In this thesis, we have considered distributed consensus control protocols for both

linear and nonlinear MAS under different constraints.

For linear MAS, a new type of consensus algorithm named scaled consensus is con-
sidered (Roy 2015). The scaled consensus differs from the standard consensus in that
the scaled consensus aims to guarantee states of all agents reach assigned ratios in-
stead of a common value. In many practical applications, the states of agents are re-
quired to reach predefined ratios, such as water distributed systems, task allocation
and web-page-ranking algorithms. Consequently, the scaled consensus can generalize
the standard consensus algorithms corresponding to select appropriate scales, namely,

bipartite consensus and cluster consensus (Chen et al. 2019).

Emerging evidence reveals that the scaled consensus problem has generated raised
interest in distributed cooperative control, in particular, a necessary and sufficient con-
dition was established to explore the scaled consensus problems considering time-
varying scales and switching networks (Meng and Jia 2016). In the work (Xing and
Deng 2018), the continuous-time scaled consensus problem is investigated subject to
time-varying communication delay. A sliding mode-based scaled consensus control
scheme has been proposed to study the Heo performance of linear MAS with unknown
yet bounded external disturbance (Zhao et al. 2017). An alternative scaled consensus

algorithm has been presented by employing an integral Lyapunov function to obtain a
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Chapter 1 Introduction

necessary and sufficient condition for single-integrator agents with output saturation
(Wang 2017). Thus, the scaled consensus control problem is worth investigating and it

has not been discovered fully under some specific constraints.

Since inherent nonlinearities exist in all systems in practice, the nonlinear MAS is
also investigated in this work. A substantial amount of research has been done on
consensus control for nonlinear MAS. For example, the authors presented a smooth
distributed adaptive controller to resolve the high-order nonlinear leader-following
consensus problem considering unknown parameters and uncertain external distur-
bances (Huang et al. 2017). An adaptive command filtered strategy based on adap-
tive backstepping was employed to ensure the leader-following consensus tracking
errors are semi-globally bounded (Shen and Shi 2015). The output leader-following
consensus tracking is asymptotically achieved depending upon locally available in-
teractions and involving mismatched unknown parameters and external disturbances
(Wang et al. 2017c). A similar distributed adaptive consensus control algorithm with
a new Nussbaum-type function was exploited to tackle unknown control directions
problems for nonlinear MAS (Huang et al. 2018a). The problems of unknown control
directions and backlash-like hysteresis for nonlinear MAS under undirected commu-
nication topology were addressed by the adaptive neural networks control method
(Chenet al. 2016). Therefore, the development of distributed consensus control schemes
for nonlinear MAS is more complicated than the linear ones, and the investigation of
nonlinear MAS with some practical issues has not been studied widely, which moti-

vates us to further explore the nonlinear MAS.

The distributed consensus controller design with some specific constraints can bring
more challenges for the discovery of both linear and nonlinear MAS. How to identify
the challenges and propose appropriate solutions for MAS are presented in the follow-

ing section.

1.3 Challenges of Distributed Consensus Control Design

The communication, state and input constraints are the main constraints we have con-
sidered, and how to explore the related challenges and properly address the consensus

problem drives us to develop effective consensus controllers under such constraints.
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1.3 Challenges of Distributed Consensus Control Design

Most consensus control algorithms are developed based on a common assumption that
the information from one agent towards its neighbours is transmitted continuously
and control signals update frequently or at periodic sampling instants. Continuous in-
formation exchange between agents and frequent controller updating increase commu-
nication effort and energy usage, which may cause unnecessary communication and
computing resource consumption. Event-triggered communication mechanism has
been developed as an effective method to reduce communication among agents and
controller updates frequency considerably during event intervals as well as maintain
the desired system performance. In MAS, events are asynchronously generated since
distinct event-triggered conditions are embedded in the corresponding subsystems
(Dimarogonas et al. 2011), which makes theoretical analysis of nonlinear MAS more
complicated. The linear leader-following and leaderless consensus problems with ex-
ternal disturbances are investigated by a distributed event-based consensus controller
(Xing et al. 2016). The adaptive backstepping-based fuzzy event-triggered control al-
gorithm is developed to resolve the consensus tracking problem (Li et al. 2018), which
reaches the consensus and saves the computation resources. A distributed consensus
controller based on a fixed threshold event-triggered strategy is constructed to deal
with the difficulty of intermittent actuator faults for nonlinear MAS (Wang et al. 2020d).
Accordingly, frequently control signal updating escalates the level of difficulty in theo-
retical analysis and limits the outcomes of the event-triggered consensus control prob-

lem for nonlinear MAS.

Output constraint problems are frequently encountered in practical applications due to
safety requirements, specific environments and system performances (He et al. 2020).
For example, inspection drones operating within a tunnel and robot manipulators
within a restricted operating zone, etc. Typically, state transformation (Ni and Shi
2021a, Niu et al. 2017a, Zheng and Li 2018, Zhao and Song 2020) and barrier Lyapunov
function (BLF) (Tee et al. 2009) approaches are used to resolve the output constraint
problem. The logarithm-type state transformation function is widely applied to trans-
form the constrained state into an unconstrained one. For instance, both constant sym-
metric and asymmetric cases were analysed for nonlinear output-constrained systems
(Niu et al. 2017a), yet the lower restricted boundary is assumed to be negative, and the
upper boundary is strictly positive. The time-varying asymmetric case was considered

with both positive lower and upper boundaries (Zheng and Li 2018). Moreover, a new
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Chapter 1 Introduction

nonlinear state-dependent transformation function with positive boundaries was pro-
posed for time-varying asymmetric constraints (Zhao and Song 2020). However, the
above transformation functions cannot eliminate the limitation of the boundaries and
solve both constrained and unconstrained cases simultaneously. Furthermore, the BLF
method requires complex formulations in controller design (Qu et al. 2018), especially
for the time-varying asymmetric case. Therefore, a more general solution to the out-
put constraint problem is desired to remove the limitations of the state transformation

function and simplify the analysis of the BLF approach for nonlinear MAS.

Obstacle avoidance problem is generally converted into equivalent input constraints
that are mainly enforced by optimization-based trajectory planning algorithms (Patel
and Goulart 2011, Blackmore et al. 2011, Ferraguti et al. 2020, Rosolia et al. 2016, Zeng et al.
2021). It is considered impossible to be ignored when the consensus control theory
is turned into practice (Zhang et al. 2010, Dai et al. 2017, Mylvaganam et al. 2017,
Yan et al. 2018). Recently, control barrier function (CBF) is proposed as an important
tool to solve constrained-based control problems and is associated with control Lya-
punov function to form a QP-based framework with a larger feasibility set (Taylor and
Ames 2020, Wang et al. 2017a, Kolathaya and Ames 2018). Due to its flexible control de-
sign framework and desired real-time optimization performance in safety-critical con-
trol areas, CBF has been recognized as a hot research topic (Zeng et al. 2021, Xiao and
Belta 2019, Choi et al. 2021). For example, input constraints decoded from physical con-
straints are formed as a CBF to combine with a backstepping controller (Hsu et al. 2015).
Furthermore, a CBF has been constructed based on the avoidable set that is converted
into input constraints (Chen et al. 2018). Input constraints under high levels of model
uncertainty for nonlinear dynamical robotic systems have been addressed by the CBF
technique (Nguyen and Sreenath 2021). Although CBF is a promising technique to
solve constrained-based control problems, constrained consensus control of MAS with
CBF has not been studied yet. More importantly, both the inter-robot collision and
static obstacles are necessary to be considered for MAS to ensure that MAS can safely
complete complex tasks. Therefore, how to design the synthesis of an optimization-
based safe consensus controller, how to transform obstacle avoidance problems into
input constraints with a CBF and how to build a multi-robot platform to test the safe
consensus controller motivate us to investigate the constrained consensus control of
MAS.
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1.4 Statement of Contributions

The following section has presented the contributions to overcoming the challenges of
developing consensus control schemes under communication, output and input con-

straints for linear and nonlinear MAS, respectively.

1.4 Statement of Contributions

In Chapter[2}, the scaled consensus problem for linear discrete-time MAS is investigated
via an event-triggered sliding mode control (SMC) approach subject to unknown exter-
nal bounded disturbance and time-varying state delay. A new event-triggered integral
sliding surface function is introduced to handle the external disturbances. Then, a dis-
tributed event-triggered control method is integrated with SMC to address the energy-
constrained issue in the scaled consensus problem. Subsequently, a sufficient condition
is established to ensure a predefined Heo performance can be achieved for the underly-
ing system. Furthermore, an event-triggered SMC protocol is developed to guarantee
the state trajectories of all agents approach the dictated scales in the discrete-time MAS.
A numerical example is given to demonstrate the effectiveness of the proposed design

techniques.

Chapter 3|aims to investigate the problem of event-triggered adaptive leaderless con-
sensus control for a class of nonlinear MAS with unknown backlash-like hysteresis.
Combining adaptive backstepping and event-triggered control techniques, a distributed
event-triggered adaptive leaderless consensus controller is designed to compensate for
the effects of unknown backlash-like hysteresis and reduce the update frequency of
control signals. By the proposed method, we can obtain the desired consensus track-
ing, ensure the boundedness of all the signals, and exclude the Zeno behaviour from
the underlying systems. An example of four robotic manipulators is given to show the

effectiveness of the new control design scheme.

Chapterdaddresses the problem of leader-follower consensus fault-tolerant control for
a class of nonlinear MAS with output constraints. Specifically, a new nonlinear state
transformation function is proposed to deal with the asymmetric constraint on out-
put. Moreover, by integrating backstepping and radial basis function neural networks
(RBENN) approaches, an adaptive consensus control framework is developed with a
single parameter estimator, which mitigates the computation of the control algorithm

in comparison with a conventional adaptive approximation-based control technique.
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Chapter 1 Introduction

Then, an adaptive compensation method is proposed to eliminate the effect of actuator
failure. Under the proposed control scheme, all the closed-loop signals of the sys-
tems are bounded and the consensus tracking error converges to an adjustable small
neighbourhood of zero. To evaluate the developed control algorithm, a group of four
networked two-stage chemical reactors is used to illustrate the effectiveness of the the-

oretic results obtained.

In Chapter 5, we design an adaptive leader-follower consensus controller for a class of
nonlinear MAS in the presence of time-varying asymmetric output constraints and un-
known control directions. A new state transformation approach is introduced for each
agent to transform the output into an equivalent unconstrained state. An adaptive neu-
ral network-based backstepping control method and a Nussbaum function approach
are integrated to design the leader-follower consensus controller that compensates for
the unknown control directions and guarantees that the consensus tracking error con-
verges to a small compact set. Examples are given to demonstrate the effectiveness of

the proposed new design techniques.

Chapter [f] presents a novel framework of safe consensus control by synthesizing the
linear—quadratic regulator (LQR) and CBF techniques. The nominal LQR consensus
controller is designed by applying a distributed LQOR leader-follower consensus control
scheme. Furthermore, a special distributed CBF named zeroing barrier function (ZBF)
is defined by the constraint in terms of the control input signal, which is introduced to
guarantee that the agents can avoid both inter-robot collision and static obstacles. The
synthesis of an optimization-based safe consensus controller is tested on a lab-scale

multi-robot system in an obstructed environment.
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Chapter

Event-triggered Consensus
Control for Linear
Multi-agent Systems

2.1 Introduction

Recently, MAS have been widely studied and applied due to their salient features in-
cluding large scales of autonomous agents, distributed control actions, shared commu-
nication networks and scalability of system architecture. In comparison with the ability
of a single agent, MAS have potential applications in various fields, for example, indus-
trial manufacturing, transportation, security surveillance and novel cloud computing.
The main objective of MAS is to accomplish complex tasks cooperatively with a group
of intelligent agents interacting with their neighbouring agents (Cao et al. 2012, Shi and
Yan 2021).

As the core component of MAS, distributed cooperative control has been extensively
examined concentrating on consensus problem. Consensus problem is treated as the
most fundamental and predominant problem in distributed cooperative control. The
aim of addressing consensus problem is to develop a distributed consensus algorithm
in order to ensure all states of agents approach a common value. In many practical
applications, the states of agents are required to reach predefined ratios, such as water
distributed systems, task allocation and web-page-ranking algorithms. Author in the
work (Roy 2015) introduced a novel notion of scaled consensus. The scaled consen-

sus differs from the standard consensus in that the scaled consensus aims to guarantee
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states of all agents to approach assigned ratios instead of a common value. Conse-
quently, the scaled consensus can generalize the standard consensus algorithms cor-
responding to select appropriate scales, namely, bipartite consensus and cluster con-
sensus (Chen et al. 2019). Emerging evidence reveals that the scaled consensus prob-
lem has generated raised interest in distributed cooperative control, in particular, a
necessary and sufficient condition was established (Meng and Jia 2016) to explore the
scaled consensus problems considering time-varying scales and switching networks.
The continuous-time scaled consensus problem is investigated subject to time-varying
communication delay for MAS (Xing and Deng 2018). A sliding mode based scaled
consensus control scheme has been proposed to study He performance of linear MAS

with unknown yet bounded external disturbance (Zhao et al. 2017).

Sliding mode control (SMC) is an effective robust approach to reduce the adverse im-
pact of model uncertainties and unknown external disturbances in control system,
and it has been widely considered by combining with other control techniques due
to its inherent robustness in numerous theoretical and practical engineering systems
(Shtessel et al. 2014). To illustrate, an adaptive SMC strategy was employed to study
switched complex network systems (Li and Chen 2019). A synthesis approach of dy-
namic event-triggered control and sliding mode observer was proposed to derive sta-
bility conditions for time-delayed T-S fuzzy system (Liu et al. 2019). It is proven that
an asynchronous approach (Fang et al. 2021) is implemented to guarantee the stability
and improve dissipative performance of nonlinear Markov jump systems. Moreover,
a self-triggering-based sliding-mode control algorithm was implemented to analyse
stability problem of linear system in the presence of external disturbance (Behera and
Bandyopadhyay 2015). The authors (Wang et al. 2016b) combined terminal SMC and
disturbance observer-based control into a novel combined approach to study finite-
time consensus problem for higher-order MAS. However, by our knowledge, little ef-
fort has been made to investigate the scaled consensus by SMC method, not to mention

event-triggered SMC approach.

Moreover, event-triggered control is a reliable and valid technique for resolving energy-
constrained issue in control system. Due to the event-triggered condition implemented,
control signals only updates once the measurement error exceeds a predefined thresh-
old, which could significantly lower the high-frequency updates of control signals.
Since a unified framework of distributed event-triggered control for MAS was pro-

posed (Dimarogonas et al. 2011), on the basis of this method, abundant event-triggered
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control strategies have been proposed in MAS. Event-triggered consensus problem
was investigated in the presence of model uncertainties and external disturbances for
MAS (Liu and Jia 2019). Therefore, the event-triggered SMC method is worth being

developed to study discrete-time scaled consensus problem in MAS.

Motivated by the preceding literature in addressing scaled consensus problem in MAS,
we study the discrete-time scaled consensus problem subject to time-varying state de-
lay and external disturbance by integrating the SMC approach with an event-triggered
scheme. A new sliding surface function is designed to drive the state trajectories to
reach a predesigned sliding surface. Besides, for implementing the event-triggered
control mechanism, Zeno behavior analysis is inevitable because infinite events are
triggered in a finite time interval, therefore, in this work, it is unnecessary to be con-
sidered since the triggering instants are generated in a discrete manner. Furthermore,
a synthesis SMC controller with the event-triggered control technique is developed to
force the trajectories onto the predefined sliding surface. Finally, a sufficient condition
is obtained to guarantee the robust scaled consensus with a predefined Ho, perfor-

mance adopting linear matrix inequalities (LMIs)-based method.

This chapter is outlined as follows. Some preliminaries on communication topology
and MAS dynamics are introduced in Section In Section a synthetical event-
triggered SMC protocol for discrete-time MAS is devised to analyse the stability of
scaled consensus problem. In Section 2.4} a simulation example is presented to demon-
strate the effectiveness of the proposed new design technique, and Section con-
cludes this chapter.

2.2 Problem Formulation and Preliminaries

2.2.1 Basics of Algebraic Graph Theory

Graphs are denoted as G = {V,&, A} to represent information exchange among a
cluster of N agents (Godsil and Royle 2013). A graph G is composed of a finite node set
V ={1,2,..,N} and a set of edges £, where £ C V x V represents edges of the graph.
A graph with directed or undirected edges names directed or undirected graph, which

indicates the allowed information flow between agents.
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2.2.2 Multi-agent System Dynamics

For an undirected graph, the weighted adjacency matrix A of the graph {V, &, A} is
defined such that A = [aij] € RNXN if (i,j) € &, the edge weight a;; = 1, otherwise,
a;j = 0. For an undirected graph, a;; = a;;. Denote D £ diag(degy, ..., degn)i=12...N,
where degl® = Z]Iil ajj expresses the in-degree of agent i. Consequently, Laplacian
matrix £ of graph G is a symmetric positive semi-definite matrix if and only if graph
G is connected, where L = D — A = [I;] € RNXN 1. = Zjlilli#j wjj, and l;; = —w;;
for i # j. Furthermore, zero is a special eigenvalue of the Laplacian matrix £ and
Ai(L) denotes the eigenvalue of ith agent in the communication topology of G, where

i€ {1,2,---,N} = N. The graph applied in this chapter is undirected.

For a directed graph, the edges £ indicate a one-way communication between agent j
and i, which can be expressed by (j,i) € £. The Laplacian matrix £ is a key element
of the directed graph. It is defined as £ = D — A, where A = [a;;] denotes adjacency
matrix with a; = 0, when (j,i) € &, a;; = 1, otherwise, a;; = 0. For the diagonal
degree matrix D = [d;;] € RN*N is the in-degree matrix and its entries are defined as
dij = Zjlil ajjand d;; = 0 with i # j. The desired trajectory of a leader agent is defined
as 1y, and the diagonal matrix B related to the leader is defined as B = diag[b;, . .., bn],
where b; = 1 if agent i is able to access the leader, otherwise, b; = 0. In the remaining
chapters of this thesis, directed graphs with a leader are considered for leader-follower
MAS.

2.2.2 Multi-agent System Dynamics

Consider the following discrete-time MAS for N agents with time-varying state delay

and external disturbance. The dynamics of the ith agent is described by:
xi(k+1) = Ax;(k) + Agxi(k — d(k)) + Bu;(k) + Dw; (k) (2.1)

where x;(k) € R" and u;(k) € R™ are the system state and control input, w;(k) € R?
is the external disturbance input belonging to L[0,00), and i € N. A € R"™" A, €
R™ ", B € R"™™ D € R"*P are constant matrices with proper dimensions. The time-
varying state delay is d(k) € [0, )] with an upper bound of d(k) specified as Ty,
and the initial condition is defined as x;(k) = ¢(k), where ¢(k) is a given function on

[—7a, 0], and for all k € [—1a, 0].
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Definition 2.1. (Roy 2015): The scaled consensus of MAS (2.1)) is said to achieve or
reach by the group of N agents to (a1, a2, - -+ ,ayn), if

o LK]'

xi(k)  xj(k
k— o0
foralli,j € N and for any initial conditions x;(0) € R", where scalars ay, ay, - - - , & are
non-zero constants and indicate the scales of states x1 (t), x2(f), - - - , xn(t). Moreover, a
transformation between a; and «; is defined as a;; = 2‘—;, which shows agent i and agent

j could maintain the same scale a;;.
Define a controlled output function z;(k) for agent i in MAS ([2.1))
1 N
zi(k) = xi(k) — Y aijxj(k) (2.2)
j=1

Note that z;(k) = 0, if and only if “lixi(k) = aljxj(k) holds for all i, j € N, which implies
that the scaled consensus is reached by the group of N agents.
Denote z(k) = [z] (k) zI(k) ... zL(k)]T € R"N, then, (2.2) can be rewritten in a
matrix form as

z(k) = (aLea™ ! @ I,)x (k) (2.3)

where the symmetric matrix L. = [lcij] € RNxN jg specified as

N i
ley = 1 .
N/ 1 ;A ]/

which satisfies L;1y = 0. Therefore, the controlled output function z(k) can be em-

ployed to analyse the scaled consensus performance.

To proceed, the following assumptions and lemmas are introduced:

Assumption 2.1. In MAS (2.1)), undirected and connected graph G is imposed to model the

communication topology.

Assumption 2.2. The unknown external disturbances are bounded, which represents that

there exits a positive constant scalar @, so that ||w;(k)|| < @, holds for any k > 0andi € N.
Lemma 2.1. (Schur’s Complement)
Fiu Fpp

Fn Fx
following statements are equivalent:

For symmetric matrix F = [ ], and F;; € R™™ F» € R(”_m)x(”_m), the
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(1) Fiy — FioFyy'FL < 0, Fp < O;
(2) Fxo — FLF'Fi2 <0, Fy; <O0;

3) F <0.

2.3 Event-triggered Sliding Mode Control Framework

2.3.1 Discrete-time Integral Sliding Surface Design

The sliding mode surface function for agent i is designed as follows:

{sxk) = Mx;(k) ~ Mx;(0) + bi(k) o
bi(k) = bi(k—1) —oj(k—1)
where 0;(k — 1) is given as

oi(k—1) =(MA — M)x;(k — 1) + MAgx;(k —d(k — 1) — 1)

N
+ MBK Z ai]' (oq]x](k — 1) — xi(k — 1))
j=1

b;(0) =0, M € R™*", and the protocol gain matrix K € R™*" is to be designed later.

Consider the SMC theory, the trajectories of system state x;(k) are steered towards the
predefined sliding surface, hence, the ideal sliding surface for the discrete-time MAS

satisfies
As;(k) = Si(k + 1) —si(k) =0 (2.5)

Then, we obtain
si(k+1) = Mx;(k+1) — Mx;(0) + b;(k) — o;(k) (2.6)
where 0;(k) is given as
0i(k) =(MA — M)x;(k) + MAgx;(k — d(k))
N
+ MBK Y aij (a;(K) — xi(K) )

j=1

Therefore, we have

N
Asi(k) = MBu;(k) — MBK Y ay; (ocijxj(k) - xi(k)> + MDuw;(k) = 2.7)
j=1
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Without loss of generality, M is selected such that MB = I, therefore,the equivalent
SMC law is given by

N
ueqi(k) =K Zl (Zi]' (ocl]x](k) — xl(k)) — MDZUi(k) (2.8)
=

2.3.2 Design of Event-triggered Communication Scheme

In this work, the MAS dynamics with event-triggered control is proposed as:
X; (k + 1) = Axl(k) + Adxl-(k - d(k)) + Bul(kﬁ) + le(k) (2.9)

fork € [k‘l',k;'Jrl

for the next triggering instants. The key idea of event-triggered control is to analyse

), where k! represents the triggering instants for agent i, and k! 41 stands

when agent i should interact with its neighbours, then, the following calculation of

next triggering instants with event-triggered condition is proposed as
ki, = inf{k >k | fi(k) > 0} (2.10)

where f;(k) = e] (k)¥e;(k) — ex] (k)¥x;(k) with the transmission error ¢; (k) = x;(k!) —
x;(k), the threshold parameter ¢ € [0,1), and ¥ is an undetermined positive-definite
weighting matrix. Therefore, from ([2.10]), we can easily conclude that there is no event

triggered for all k € [kf, ki

l +1), thus, we can obtain

ef (k)¥ei(k) < ex] (k)¥x;(k) (2.11)

Therefore, the derived equivalent sliding mode controller considering the event-triggered

control strategy can be rewritten as

N _ _
teg, () = K'Y ay (ai]-xj(k;,) - xi(k})) — MDuw;(k) (2.12)
j=1
for k € [kf,k§+1 ' | '
bouring agent j, and k;, 2 arg miny {k — k;/ |k > k;,, I'e N}.

), where x]-(k{,) represent the latest transmitted states from its neigh-

Substituting the equivalent SMC law (2.12)) to (2.9)), then the sliding mode dynamics

can be derived as

N : . ~
xi(k + 1) = Axl(k) + Adxi(k - d(k)) + BK Z LZZ']' (al]x](ké ) - xz(kﬁ)) + le(k) (213)
j=1
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where D = (I, — BM)D.
The above sliding mode dynamics (2.13)) with the controlled output function (2.2)) is

formulated in a compact form
x(k4+1) = (INn® A —aLa! ® BK)x(k) — (aLa~! @ BK)e(k)
+ (In® Ag)x(k —d(k)) + (Iy ® D)w(k) (2.14)
z(k) = (aLea™' @ L) x(k)
Define the following model transformations x(k) = (a~' ® I,)x(k), e(k) = (a ' ®
In)e(k), Z(k) = (a™' @ Ln)z(k), (k) = (a~' @ Ip)w(k).
Then from the above transformation, we can obtain
X(k+1) = (In® A —L®BK)X(k) — (L ® BK)e(k)
+ (Iy ® Ag)X(k —d(k)) + (Iy ® D)@ (k) (2.15)
z(k) = (L ® In)X(k)

Denote x(k) = X(k) —1ny ® (% xi(k)) = (Lc @ I,)x(k), similarly, e(k) = (L. ® Iy)e(k),
note that L1y = 0n and LlN] ::1 Oxn. Then we can obtain
X(k+1)=(L.® A—L:.L®BK)x(k) — (L.L ® BK)e(k)
+ (Le ® Ag)x(k — d(k)) + (L. ® D)@ (k) (2.16)
z(k) = (L, ® I,)x(k)

By considering Assumption 1, an orthogonal matrix U = [Uy, Up] € RN*N with U, =

\1/_NW exists for further analysis, we can obtain

In—1 Oy
| x 0

1

u'r.u=u'u- ﬁuTlNlﬁ,u = =L,

Since £ € RNV is the Laplacian matrix of undirected communication topology, then

Ly Oy_1|

*

urtcu = =L

where L; € RIN-Dx(N=1) j5 3 positive-definite matrix with nonzero eigenvalues.
Define the following orthogonal transformation, inspired by (Liu and Jia 2012, Liu and
Jia 2019):
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Thus, we have
2k+1)=(L;® A—L.L®BK)%(k) —
+Le ® Ag)#(k — d(k)) + (L ® D) (k) (217)
2(k) = (Le ® L) %(k)

Note that the last rows of matrices L, and L are both Oy, by implementing the above
orthogonal transformation, the order of (2.17)) can be reduced as the following system

21 (k+1) = (Iy.1 ® A — Ly ® BK)£! (k) — (L; ® BK)é&! (k)
+ (In1 @ Ag) R (k — d(k)) + (Iy—1 @ D) (k) (2.18)

2.3.3 Scaled Consensus Performance Analysis

Based on the above event-triggered SMC analysis, the following theorem is derived
for analysing the scaled consensus performance with a predetermined He, disturbance

attenuation index 7.

Theorem 2.1. For the reduced-order system (2.18]), given positive scalars y > 0, 0 < e < 1,
and Ty > 0, there exist positive-definite matrices P >0, Q >0, R>0,7Z>0,and ® > 0

such that the following series linear matrix inequalities (LMIs)

Y, Z 0 0 0 P PAT—MNFTBT PAT — A\,FTBT — P]
x Yo Z 0 0 0 PAT PAT
* * ?33 0 0 0 0 0
Go|* * x You O O /\iIiTBT A,-PNTBT —0
x x x x =1 0 DT DT
* * * * * —1 0 0
* * * * * * —p 0
B * * * 72 (Z—2P) |
(2.19)

hold fori =1andi= N — 1.

where
P=P 1! FT=PpPKT, D=D - BMD
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Q = PQP, R = PRP, Z = PZP, ¥ = PYP,
Y12 -P+Q+R-Z+¢Y,

Yn2-Q0-2Z Y532 -Z—R, Yu2-Y,

Therefore, the reduced-order MAS (2.18)) can achieve asymptotically stabilisation with a pre-
determined Ho, performance.

Proof. Firstly, the asymptotically stability condition for the reduced-order MAS in (18)

with @1 (k) = 0 is investigated. Take the following Lyapunov-Krasovskii functions:

V (k) = Vi(k) + Va(k) + Vs(k) + Vi(k) (2.20)

where

s=k—_d(k)
k-1
) 2T (s)R2Y(s)

s=k

-1 k—1
ik 2w Y. Y 7T (9)2n(9)

S=—TMm q:k+5

n(q) £ 2 (g+1) — £'(q)

™

where
P=Iy_1®P >0, Q:IN_1®Q>O
R=IN1®R>0, Z=IN1®Z>0

are positive-definite matrices to be determined later.

Thus, the increment of V (k) can be computed as
AV (k) = AVy(k) + AVa(k) + AVa(k) + AVy(k)

where
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For estimating the second term of AV, (k), we obtain

k—d(k)—1
. Z 7' ( ) = —Tum kZ 7' (s)2n(s) — m Z K "(s)Zn(s) (221)
™ S=K—Tpm s=k—d(k

Accordlng to Jensen’s inequality, for the first term in (2.21)), we can der1ve

k—d(k)—1 k—d(k)—1
—tm Y, 7' (s)Zn(s) < —(tym —d(k)) ' (s)Zn(s)
S:k—TM S:k—TM
T (2.22)
k—d(k)—1 k—d(k)—1 k—d(k)—1 k—d(k)—1
= [ Y. UT(S)]Z[ Y. 77(5)] < 17(8)] Z[ Y. 77(5)]
s=k—Tp s=k—Tp s=k—T1y s=k—Tp
Similarly, for the second term in , we can calculate
—T™ Z 17 (s)Zn(s) < —d(k) Z 7" (s)Zn(s)
s=k—d(k s=k—d(k) 223)
S k-1 T 2.
:[ ). 17(5)]2[ Z 11()] ). 17(5)] Z[ Z 17()]
s=k—d(k) s=k—d(k s=k—d(k) s=k—d(k
Consider the event-triggered conditions in (2.10)), for any k € [k;, k;,1), it satisfies that
E(k) = ex!T(k)¥xl (k) — &' T (k)¥e' (k) > 0 (2.24)
Then,
AV(k) < AV(k) + E(k) = ET (k) D1 &(k) (2.25)
where

Yy Z2 0 0 AT—BT AT BT ]
* Yzz Z 0 AZ; AZ;
A * * Y33 0 0 0
D = . .
* * * Yu BT BT
* Kk x % —p-1 0
271
|k x Xk * T 2 |

A

A=IN1®A Aj=IN-1® Ay, B=L, ®BK,
FT = P_lKT, Y11 £ —P + Q+R— Z-I—S(IN_l ®T),

Yoo é—Q 2Z, Yggé—Z—R, Y44é—IN,1®T
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Since L; € RIN-Dx(N-1) j5 a positive-definite matrix, an orthogonal matrix T exists
with TTLT £ diag{"1,%,...,"N_1}, where A; are the eigenvalues of L;. Then pre-
multiplying and post-multiplying the matrix ®, with TT = diag{ls ® (TT ® 1)} and T,

therefore, matrix ®; can be rewritten with a series of matrices as follows

Yy Z 0 0 AT—AKTBT AT —AKTBT —]
* Yo Z 0 Al AT
* * Y3 O 0 0
D2 |« *x x Yy A;KTBT AKTBT
* * * * 0 0
* * * * —p1 0
x k% % * T 2271

Y12 -P+Q+R—-Z+¢¥, Y& -Q-27,
Yi32—Z—R, Yy 2 -¥
Moreover, notice that

0<(P-2)2 Y P-2)=PZ'P-P-P+2Z

which implies
Pz lp<z-2P

Then, we have

Y. Z 0 0 ATP—AKTBTP ATP— AKTBTP—P]

* Yo Z 0 ATP ATp

* * Y3 O 0 0

D32 | x *x o+ Yy AKTBTP AKTBTP

* * * * 0 0

* * * * —-P 0

x kK % * 7,/ (Z —2P)

Therefore,
D; < D3

It follows from Theorem 1 that ® < 0 in (2.19) can guarantee ®3 < 0 by applying
Schur’s complement lemma, which implies that AV (k) < 0. Therefore, the reduced-
order MAS in (2.18)) with @' (k) = 0 is asymptotically stable.
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Secondly, considering the @' (k) # 0 scenario under zero initial condition, the reduced-
order MAS in (2.18) holds for all non-zero @'(k) € L,[0,c0) with guaranteed He

performance that
|0, <7,

Then, establishing the following index for all k € [k;, k;11):
F(k) £ T (k)@g(k) + 2" (k)2 (k) — 70" (k) (k) (2.26)
By implementing the same stability analysis method as above, we can achieve
Fk) < 2 (k) @ag (k)

where (k) 2 [#1T(k) £T(k—d(k)) 2Tk —1) &T(k) @' T(K)T

Y., Z 0 0 0 I ATP—AKTBTP ATP— \,KTBTP — P]
* Yo Z 0 0 0 ATp ATp
x % Yz 0 0 0 0 0

®, 2 x * * Yu O 0 /\l-KjBTP /\Z-KjBTP

x x x x =1 0 DT DT
* * * * * —1 0 0
* * * * * * —-P 0

R * * * T (Z—-2P) |

with
D =D —BMD

By applying Schur’s complement lemma, ®; < 0 guarantees ®3 < 0, then we can
guarantee
AV (k) 4 2T (k)2 (k) — 2T (k)a! (k) < 0 (2.27)

In order to derive a stabilising equivalent controller gain K, let P £ p~1, FT 2 pkT, Q &
PQP, R & PRP, Z 2 PZP, ¥ = PYP, Y3 2 ~P+Q+R-Z+¢¥, Yn &
—Q —27, ?33 2 _7-R Y44 2 _¥, then pre-multiplying and post-multiplying
®, by a diagonal matrix diag(Is ® P~LLLP~1,P~1) and diag(l4 ® P~LII,P L, P,
respectively. Therefore, ®, is equivalent to ®.
Finally,

P <P <0
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Note that for the series LMIs in ®, we only investigate the smallest A; and largest
An_1 eigenvalues of L; associated with LMIs in ® because of the convex property of
LMIs. From the above proof, we can conclude that the reduced-order MAS is
asymptotically stable. Furthermore, the reduced-order MAS is equivalent to the MAS
([2.1)). To sum up, the MAS in can achieve the scaled consensus with a prescribed

He performance level vy. Therefore, the proof is completed. O

Remark 2.1. Note that by Theorem 1, the linear matrix inequalities in with the smallest
A1 and largest An_1 eigenvalues of Ly can be solved by existing techniques, which convey the
Heo scaled consensus problem subject to unknown external bounded disturbance and time-
varying state delay in system is theoretically feasible. The next step is to design an event-
triggered sliding mode controller so that the state trajectories of system can be maintained

on a predefined sliding surface.

2.3.4 Sliding Mode Control Protocol Synthesis

In this section, the integral sliding mode controller is designed and the sliding mode

stability analysis is manifested for the scaled consensus problem.

Specifically, the design of integral sliding mode controller contains an equivalent con-
trol law and a nonlinear switching control law to tolerate disturbances or system un-

certainties, accordingly, the overall sliding mode controller is designed as follows

Theorem 2.2. For the MAS described in (2.1)) along with the sliding surface function designed
in (2.4), the event-triggered sliding mode controller in (2.28)) is proposed, then state trajectories

will be steered to arrive the predefined sliding manifold in finite time.

N .
(k) = K 21 aij (ai]-xj(k; ) — xi(k;)) — Qs;(k) — p; - sat (s (k) (2.28)
]:

where p; = @ |MD)|| and for all k € [ki, k§+1)' sat(-) is a saturation function expressed by

sat (s;(k)) = {Si(k)/(’)’ lsi (k)| < @
sign(s;(k)), [Isi(k)|| > ¢.

Furthermore, the sliding mode surface function attached event-triggered scheme is derived as

{Si(k) = Mx;(kj) — Mx;(0) + bi(k}) (2.29)

bi(kj) = bi(ki_) — oi(Kj_;)
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where o;(k!_,) is given as

. . . N . .
ai(k_1) = (MA = M)x;(ki_y) + MAgx;(ki_y —d(k)) + MBK ) ag (aijej (ki_y) = xi(ki_) )
j=1

and ki is the last event-triggering time instant.

Proof. The following Lyapunov function is selected:
1
Vi(k) = 5s; (k)si(k)
From the derived sliding mode surface function in (2.29)), we have
Asi(k) = si(k+1) — s;(k)
N
= uj(k) + MDw;(k) — K} a;j (‘Xijxj(k) - xi(k)>
j=1
= MDuw;(k) — Qs;(k) — p; - sat (s;(k))

Then, deducing the increment of V;(k) and considering the event-triggered SMC law

in and As;(k), we obtain

AVi(k) = Vi(k+1) — Vi(k)
= 5T (R) s (k) + 5 AT (k) v (k)
= 57 (]) [MDuw; (k) — p; - sat (si(K))] — T (0)0si(K) + 5T () Asi ()
< —sT () si(k) + 5 As] (k) Asi(K) +
< 5T (0)0si(K) + 5T (R)Asi (k) +

T (k) || IMDI| [[wi (k) | — ] (k)i - sat (s: (k)

pi — i (k)p; - sat (si(k))

ST ()|

According to the saturation function sat (s;(k)), we derive that if ||s;(k)|| < ¢, with the

designed controller (2.28]), we obtain
1
AVi(K) < =] (k)0s;(K) + 5887 (k)Asi(k) + pi (llsi ()| = lsi (k) 1> /)
1
< - SlT(k)QSZ(k) + EASZT(k)ASi(k)
If ||s;(k)|| > ¢, with the designed controller (28), we obtain

AVi(k) < T (R)Os;(k) + 3 AsT (k)i (k)
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Therefore, (1 is a positive-definite matrix to be designed appropriately, which can guar-
antee that AV;(k) < 0.

Then, the sliding surface function can be limited within a bounded manifold with an
equilibrium point. Finally, the state trajectories of the MAS in can be maintained
on the sliding surface with the event-triggered sliding mode controller in (2.28)). The
proof is completed. O

Remark 2.2. The proposed event-triggered SMC algorithm with a new sliding mode surface
can steer the state trajectories to the desired equilibrium point and chattering reduction as
well as easily extend to address matched and mismatched disturbances. In order to verify the

efficiency of proposed approach, an illustrative example is provided in the following section.

2.4 Simulation Results

The effectiveness of this proposed event-triggered sliding mode method in this chap-
ter is verified by the following two-stage chemical reactors with delayed streams, see
(Li et al. 2020). A group of 6 two-stage chemical reactors consisting of MAS (2.1)) is

modelled as follows:

R 0 0 0 5
. 1 1
X;j = [ 6 1V1 X; + R, R2] Xi(t — d(t)) + E u; + wi(t) (2.30)
0 -5k T v 2
where x; = [xj1, x;5]" is the state, x;; and x;, are compositions, u; is the control input,

d(t) is the bounded unknown time-varying delay, 6,, indicate reactor residence times,
R, represent recycle flow rates, k;,; are reaction constants, F,; mean the feed rates, V,
are reactor volumes and J,, denote the amplitudes of the external disturbances w;(t)
withi=1,--- ,6and m =1, 2.

To perform our design, we select §; = 10,6, =4, k; =19,k =17, R; =05 R, = 0.3,
Vi =01V, =05 F = 06,6 = 05,6 = 0.9, and apply the first-order Taylor
expansion with the sampling period T = 0.1s, thus, the model of (2.30)) is discretised

as

xi(k+1) = [‘%‘91 _006;’3] xi(k)+[0(?1 0.26] xi(k—d(k)) +

0 0.05
0.12] ulk)+ [0.09] wilk)

(2.31)
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where d(k) = |sin(k)| is the time-varying state delay with upper bound 1)y = 1, and

the external disturbances are defined as w;; (f) = |sin(k)| and wj(t) = |cos(k)|, re-

spectively.

Moreover, the graph G models the communication topology of MAS (2.31)) with 6 two-
stage chemical reactors, which is illustrated in Fig. The corresponding Laplacian

matrix L is

Figure 2.1. Communication topology of multi-agent system.

The state errors
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Figure 2.2. State errors of scaled consensus of 6 agents with event-triggered scheme.
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Agent 1
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Z 051 3
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(a) Trajectories of z;1,i =1,2,...,6. (b) Trajectories of zjp,i =1,2,...,6.

Figure 2.3. Controlled output trajectories.

Triggering events
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Figure 2.4. Event-based release instants kf of agents.

The designed controller output function z;(k) is described as
zi(k) = xi(k) — ¢ Y aixj (k) (2.32)

In this case, the state trajectories of z;(k) under the event-triggered sliding mode scheme
are depicted in Fig. For the scaled consensus problem in MAS (2.31]), the scaled
scalars are selected as &; = {0.5,0.8,0.4,0.3,0.6,0.9}. The initial conditions of each
agent are randomly selected within [—1, 1]. The threshold parameter of event-triggered
condition is given as ¢ = 0.8. Then, by solving the corresponding LMIs in(2.19), and

considering the above given parameters, the controller gain matrix is computed as
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Ty/ay — 1 /ay
z3/az — T2/
z4/ay —x3/az
Ts5 /05 — T/
zg/ag — x5/ as
T/ — x5/ a6

The state errors
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Figure 2.5. State errors of scaled consensus with 6 agents without event-triggered scheme.
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(a) Trajectories of z;1,i =1,2,...,6. (b) Trajectories of zjp,i =1,2,...,6.

Figure 2.6. Controlled output trajectories without event-triggered scheme.

K = |—-0.3525 0,1705] and the minimal Hy, disturbance attenuation indexis y = 0.17.
Consequently, Figs can be obtained by deploying the event-triggered sliding
mode controller in (2.28). Fig. indicates the state errors of the six agents which
demonstrates the reachability of scaled consensus of MAS, and Fig. shows the
event-based release instants for each agent. Comparison with Figs. 2.5/and 2.6 shows
the later reaches the scaled consensus with faster convergence speed. However, from
Figs transmitted states are significantly degraded from the desired scaled con-
sensus performance. Therefore, the simulation results conclude that the closed-loop

MAS presented in this work is robust stable and the discrete-time scaled consensus
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problem in the presence of the state time-varying delay and external bounded distur-

bance is solvable.

2.5 Chapter Summary

In this chapter, we have studied the discrete-time scaled consensus problem subject to
the time-varying state delay and bounded external disturbance in MAS. The integral
SMC method is employed to handle the external disturbance and improve the robust-
ness of MAS. Then, a feasible solution to the limited energy issue in the scaled con-
sensus problem is introduced, which is the event-triggered control scheme. Under the
proposed event-triggered SMC strategy, the discrete-time scaled consensus problem
is converted into a stability analysis problem of a reduced-order MAS. Sufficient con-
ditions are presented for the system to guarantee that a minimised H, performance
index is satisfied. A practical example is presented to show the effectiveness of the
developed new design method in term of the event-triggered SMC. Future research
direction includes considering this framework with an online optimization problem
rather than solving LMIs offline, which can achieve an online optimal solution and

does not require the entire input in advance.
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Chapter

Event-triggered Consensus
Control for Nonlinear
Multi-agent Systems

3.1 Introduction

A distributed consensus controller aims to steer the state of all agents to approach a
common goal by only requiring local interactions among the adjacent agents. Due
to the introduction of a distributed controller and local information exchange, each
subsystem lacks information on the system parameters and external disturbances. For
this reason, the consensus problem involving parametric uncertainties and unknown

external disturbances are typically challenging to study.

Hysteresis nonlinearities are incorporated in many physical devices, materials and sys-
tems, such as electrical relays, memory metal, mechanical actuators. The ubiquitous
effects of hysteresis nonlinearities often degrade the performance of control systems
and it can be mathematically complicated to investigate. There are two different meth-
ods to deal with the impact of unknown hysteresis. The first technique is to cancel the
hysteresis impacts in controller design by constructing an inverse model of hystere-
sis (Rakotondrabe 2010, Zhou et al. 2012). Another method is to model the hysteresis
by a differential equation, then treat the hysteresis effects as a bounded disturbance
(Chen et al. 2013a). Although the ubiquitous influences of hysteresis phenomenon
present in uncertain nonlinear systems, the results of consensus control with unknown
hysteresis are still very limited in nonlinear MAS. Therefore, leaderless consensus con-

trol problem with unknown backlash-like hysteresis is worth investigating.
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Adaptive backstepping control (Krstic et al. 1995, Zhou and Wen 2008) is a promising
technique to design distributed controller and handle parametric uncertainties for un-
certain nonlinear MAS, see e.g. (Wang et al. 2020c). The authors (Huang et al. 2017)
presented a smooth distributed adaptive controller to resolve the high-order nonlin-
ear leader-following consensus problem considering unknown parameters and un-
certain external disturbances. Adaptive command filtered strategy based on adap-
tive backstepping (Shen and Shi 2015) was employed to ensure the leader-following
consensus tracking errors are semi-globally bounded. The output leader-following
consensus tracking is asymptotically achieved depending upon locally available in-
teractions and involving mismatched unknown parameters and external disturbances
(Wang et al. 2017c). A similar distributed adaptive consensus control algorithm with
a new Nussbaum-type function (Huang et al. 2018a) was exploited to tackle unknown
control directions problem for nonlinear MAS. The problems of unknown control di-
rections and backlash-like hysteresis for nonlinear MAS under undirected communica-
tion topology were addressed by adaptive neural networks control method (Chen et al.
2016).

Noted that the above consensus control algorithms are all developed based on a com-
mon assumption that the information from one agent towards its neighbours is trans-
mitted continuously and control signals update frequently or at periodic sampling
instants. Continuous information exchange between agents and frequent controller
updating increase communication effort and energy usage, which may cause unnec-
essary communication and computing resources consumption. Event-triggered com-
munication mechanism has been developed as an effective method to reduce commu-
nication among agents and controller updates frequency considerably during event
intervals as well as maintain a desired system performance. In MAS, events are asyn-
chronously generated since distinct event-triggered conditions are embedded in the
corresponding subsystems (Dimarogonas et al. 2011), which makes theoretical anal-
ysis of nonlinear MAS more complicated. The linear leader-following and leaderless
consensus problems with external disturbances are investigated by a distributed event-
based consensus controller (Xing et al. 2016). The adaptive backstepping based fuzzy
event-triggered control algorithm is developed to resolve the consensus tracking prob-
lem, which reaches the consensus and saves the computation resources (Li ef al. 2018).
A distributed consensus controller based on a fixed threshold event-triggered strategy

is constructed to deal with the difficulty of intermittent actuator faults for nonlinear
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MAS (Wang et al. 2020d). Accordingly, frequently control signals updating and un-
known backlash nonlinearity escalate the level of difficulty in theoretical analysis and

limit the outcomes of event-triggered leaderless consensus control problem for nonlin-
ear MAS.

Motivated by the above observation, we explore the event-triggered leaderless consen-
sus tracking problem with unknown backlash-like hysteresis for MAS. Most consen-
sus schemes require the global information of a predetermined leader or exosystem,
which decreases the degree of autonomy in MAS. On the contrary, leaderless con-
sensus can be reached without a predefined global exosystem. Moreover, an auxil-
iary system represented by local information interactions is introduced to overcome
the barrier brought by the asymmetric semi-definite positive Laplacian matrix. Like-
wise, an event-triggered strategy based on a dynamic threshold is proposed to achieve
considerable reduction of controller update. The designed event-triggered adaptive
leaderless consensus control protocol is applicable to improve the leaderless consen-
sus tracking performance of the nonlinear MAS by compensating for impact of the
unknown backlash-like hysteresis. Moreover, the controller can ensure the leaderless
consensus tracking error asymptotically converges to zero. An example is given to

show the effectiveness of the new control design method.

The reminder of the chapter is as follows. Section presents problem formula-
tion and preliminaries. Event-triggered adaptive leaderless consensus controller is de-
signed in Section In Section the tracking performance of leaderless consensus
control is evaluated. A group of four robotic manipulators is used in Section 3.5 to

verify the new control scheme and Section 3.6 summarises this study.

3.2 Problem Formulation

A set of N nonlinear agents are modelled as
Rig = Xigr1 + Piq(Tig) 6
Fip = bitti (W) + @i (x;)"6; +di(t) (3.1)
Yi=Xiq

where ¥; ; = (xi,l,...,xi,q), fori =1,...,Nand g = 1,...,n — 1. The function ¢;; is

known nonlinear function for j = 1,...,n, and yet ; € R% represents a column vector
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Backlash-like hysteresis
o

Figure 3.1. Backlash-like hysteresis curve for each agent..

of unknown parameters. x; = [x;1,..., x,-,n]T € R" are system states. u;,y; € R are the

inputs and system outputs.

The control gain b; is a vector of non-zero constants, d;(t) denotes the unknown time-
varying bounded disturbances, and u;(w) indicates the backlash-like hysteresis type of
nonlinearity impacts on actuators. The dynamics of backlash-like hysteresis is defined
by
du;
dt

dwi

dwi dewi
dt

(cijwi — u;) + H; i

. (3.2)

where H;, a; and ¢; are constants, c¢; represents the gradient of the lines and the ¢; > H;
holds. According to the results (Su et al. 2000), the solution of (3.2)) can be obtained as

ui(t) =ciw;(t) + gi(w)

i) = [1:(0) — ciewy (0)] e~ (ONsgn(c) (3.3)
+ e tiwisgn(wi) /wi [H; — ;] e"i¢(s8n(@i)) g
wi(O

The solution implies that backlash-like hysteresis type of nonlinearities can be mod-
elled by as illustrated in Figure[3.1] The parameters are givenasa; = a, = 1, ¢; =
3.2, ¢y = 4.5, H) = 0.35 and H, = 0.6, the input signals are set as w1 (t) = 6.4sin(2.4t)
and wy(t) = 3.5sin(1.5¢), and the initial condition u;(0) = 0. From Figure[3.1] g;(w) is

bounded but the bound is unknown.
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Next, we substitute the structure of solution ({3.3)) for the control input u;(w), the un-
certain nonlinear MAS ([3.1)) are restructured as

Xijg = Xigt1+ G’)i,q(fz‘,q)TQi, g=1,...,n—-1
Xin = ,Biwi(t) + (pi,n(xi)TGi + bigi(w) + di(t) (3.4)
Yi =Xia

whereﬁi =biciand¢; >0fori=1,...,N.

Our objective in this chapter is to design distributed event-triggered adaptive leaderless con-
sensus control such that all the signals from system (2.1) are bounded, while guaranteeing the

consensus tracking errors asymptotically tend to zero.

To develop our main results in the next section, we introduce the following assump-

tions:

Assumption 3.1. (Ren et al. 2007) The directed communication graph G is strongly con-
nected, which implies that the Laplacian matrix L consists of a zero eigenvalue and the remain-

ing eigenvalues locating in the open right half-plane.

Assumption 3.2. The unknown time-varying disturbance d;(t) is bounded by D;, where D;

is an unknown constant satisfying |d;(t)| < D;.
Assumption 3.3. The sign of parameter b; is known and b; # 0.

Lemma 3.1. (Ren et al. 2009) The hyperbolic tangent function tanh(-) with a given positive
function y(t) > 0and A € R satisfies the following inequality:

0<|A— Atanh(%) < xe (3.5)

where K represents a positive constant satisfying x = e~ 1), which obtains x = 0.2785.

Remark 3.1. Leader-following consensus algorithms are designed (Shi and Shen 2017, Huang et al.
2018b), specifically, the desired trajectories are described by leaders or exosystems which bring
additional assumption that the leader knowledge and its n-th order derivatives are accessible
to all subsystems. Second, the establishment of leaders could lower the degree of autonomy in
numerous practical applications. Conversely, the leaderless consensus control is an alternative

to avoid adding exosystems and decreasing the degree of autonomy.

Remark 3.2. Unlike assumptions on nonlinear functions under the Lipschitz-like or global
Lipschitz conditions (Zheng et al. 2019, Niu et al. 2017b), the nonlinear functions qoi,j(xi)TQi
constructed in (3.1)) help eliminate the assumptions, which ensures that system model (3.1])

can represent the majority of practical applications.
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3.3 Event-triggered Controller Design

An adaptive backstepping approach is implemented to construct the event-triggered
adaptive leaderless consensus controller. To start, we introduce the following auxiliary

system

N
i=1

Let the leaderless consensus tracking error variables ¢; 1 and e; ; be

i1 =Xi1 — Zi (3.7)
ei,q :xi,q - “i,q—lr q= 2,...,n

wherew;, 1,i=1,..., N are virtual control laws and z; represents the auxiliary system

states. The adaptive backstepping control design procedure consists of n steps.

Step 1: From (3.7)), the derivative of the leaderless consensus tracking error ¢; 1 is de-

rived as

éi1=e€>+tua1+ 433:191' —Z; (3.8)
Then, selecting the virtual controller ;1 as follows:

Ki1 = —klei,l — (Pz'qjléi +Z; (3.9)

where k; is a positive prescribed parameter, §; denotes the parameter estimation of 6;
for the ith agent. Substituting (3.6)) and (3.7)) into (3.8]), we obtain

éi1 =eip — kieig + @l16; (3.10)

The Lyapunov function is selected as
1 2 1 3 ATT—14
i=1 i=1
where §; = 0, — §;, T; is a positive definite matrix. Then, the resulting V; is
N N o
Vi = Z eillém — Z 91- Fi_ 0;
:_Zkleﬂ#—Zellelz—l—ZGTF (rTll 9>

(3.12)
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We select the adaptive law for éi as
0, =TiT1, Ti1=ei19i (3.13)
where T; 1 is the first tuning function.

Step 2: We derive the second error variable as

€2 = Xjp — &1 (3.14)
so the ¢; » dynamics can be derived
€ip =Xip — &1
on; on;
=ei3 + aip + <(Pi,2 - ﬁq)m) 0; — ﬁxi,z (3.15)
i [ ’
o1 A Qi1
_ 9% , 0 )
36; ]Zi Tox; 1 <x12+(’)11 ]

Thus, the virtual controller «;  is given by

ou; 1 T A Ki1

Xjo=—ej1—koejr— (Gvi,z - ﬁ@m) 0; + x—lflxi,z
1, 7

(3.16)

N 806'1 ~ 806'1
+) aj——= (x',z + qo-T19~) + Tt
;; Toxj \72 )T gl

where k; is a positive design constant, and the second tuning function T;, is deter-

mined as
alX,"
T2 = Tl | P2 T 5

1
4’1‘,1) € (3.17)
Xi1

Substituting the virtual controller «; , into (3.15), the ¢; , dynamics can be derived as

. T a“i,l T\ 4
o =—¢ej1—kaeir+ez+ (fPi,z T oxi. ) (Pi,l) 0i
Z/

_ ia.‘%q)r 5.4 9%t (T2~ 4,) (G19)
= Y ax]',1 I aéi P !
Constructing the Lyapunov function as:
1 N ) 1 N N 1A
V2 = Vl -+ E Z ei/2 + E Z Z ai]'ei,]'ri? 911 (319)
i=1 i=1j=1
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Its derivative is

N
Vo =Vi+ Y eiréin— Z Z ;0 1] w

i=1 i=1j=1
N ) N ) N

= -k ) e k) e+ ) e
i=1 i=1 i=1

N (3.20)

o A N ~ A
+) €i,2% (Fz’Ti,Z - 9i) + 1; 6/T; ! (TiTi,z - 91')

i:1 1
+ Z Zal] 1] 11 ( ijTij1 — 91',]')
i=1j=
where the 91‘,]‘ =0, — (31-]- is the estimate of 6. The parameter 91-,]- is introduced to indicate
the dynamics of i-th agent’s neighbour, agent j when a;; = 1. Then, 91',]- and T are
stated as

A E)oci 1 .
0 =TiTj1, Tj1= _ﬁq)j,lezﬂ/ if a;=1 (3.21)
]/

Step p (3 < p < n — 1) : The i-th leaderless consensus tracking error ¢; , is derived as

Then, the derivative of ¢; , is obtained as

-1 -1
a“z -1 N a“z -1 Xip—1 A
é; , =e +a;,+0F - d - - —
ip i,p+1 ip ((Pz,p le axzm (Pz,m> mgl ) . i,m+1 891 i
L 9a: N p=1log. . N 9w 1
T i p-1 1 i,p—1 L,p—1A4
— 9, (Z“z; L5 €0j,m+1> = )i Y e im — ) G0
j=1 m=1 Jm j=1 L]
(3.23)
Then, the virtual controller «; ,, is formed as
lX,’,p = — ei,p_l — kpei,p
+ pi:l a“z,p—lx ?; Z 1p 1 z,p—ll..
= 9 o im+1 = Lp axzm éi ili,p
+ 1,111 16 T o Lp—
<mzz 90, ’") 1 (q)“” L o, O (3.24)
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where k), is a positive design parameter, T; , and Tjj , 1 are the tuning functions defined

as
p=l on; -1 806 1

Tip = Tip—1T (%‘,p - Z al'? Pim | Cipr Tjp-1 = Tjp-2— Z alp Pim | €ip
m=1 9%im Xjm

(3.25)

The Lyapunov function Vj, is introduced as
1Y,
Vp=Vpats Y eiy (3.26)

i=1

Then, its derivative is obtained as
N p .
2 . e orr—1(rr. — 6.
Z Z mez,m +€iplipt1 +U; 1 iTi,p i
i=1 m=1
4 .
(Z i ) (rimip - )+Dz; Lt (T —6)  G27)
=2
N p O 1 A
+) ai ) <ei,m¢> <Ti,jTij,p—1 - 9z',j) ]
=1 m=3 dt; ;

where the parameter update laws for éi and éi,j are designed as

b =Tty 6ij =TiTjp (3:28)

Step n: In the final step n, the event-triggered leaderless consensus controller is at
our disposal. Inspired by the idea (Yu et al. 2018, Xing et al. 2018), the event-triggered
mechanism is implemented to obtain a time-varying threshold, while aiming to reduce
unnecessary controller updates in the leaderless consensus control. Additionally, flex-
ible time intervals can be generated based on the time-varying threshold. Therefore,

the event-triggered strategy is designed as
wi.(t) = ?)i(t};), fér allt [t};, t5<+1) 629
oy = inf {£ > 6| fi (ei(8), wi(t), 1) > 0

where v;(t) is the event-triggered controller to be planned, i, k € Z7 are the con-

troller update instants. The controller signals v;(#; ) remain the same during the period
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[t;{, t§< +1)- When the next event instant t;'< . 1s triggered, the updated controller signals

it +1) will be employed to MAS. The event-triggered condition f; for each agent i
is designed as f; (¢;(t), w;(t),t) = |e;i(t)| — &|w;(t)| — pie !, the measurement error
is prescribed as ¢;(f) = v;(t) —w;(t), 0 < 6; < 1, y; > 0 and a > 0 are all design

parameters.

Therefore, as stated in the definition of f; (¢,¢;(¢)), we introduce two continuous time-
varying parameters A (t) and A5 (#) which satisfy |A}(t)| < 1and |A,(t)] < 1, during
the time interval [t, t}'H_l), we derive v;(t) = (14 AL(t)o;) wi(t) + AL(t)p; which is

identical to the following equation

. AL () us
wi(t) = ) Mg (3.30)
1+ A (Ho; 14 (D)o
Based on , and ([3.30]), we derive the ¢; ,, dynamics as follows
éin =Biwi(t) + @in(xi) 0; + bigi(w) + di(t) — &tj 1
Bivi(t) T du; al a“zn l
=N (t . ARN:P d:(t) —
14 Al (t)0; +Gi(t) + @in(xi) 6 +di(t) 891 2 i,j
Z ajj Z ( a;n (xj,m—H + (Pj,m9j>> g ( a;fm <xi,m+1 + §0i,m9i)
(3.31)
where §;(t) is described as
Bids ()i
(t) = b;g; 3.32
Cl( ) lgl( ) 1 +/\Z( ) ( )

From the definition of backlash-like hysteresis and event-triggered condition, we know
that ¢;(¢) is bounded. For this reason, we define p; = i; sup,~ |i(t)|, p; is an estimate

of p; with p; = p; — p; and ¢; = 1/|B;|. Thus, we obtain

&i(tein < |Bilpilein|

' ) (3.33)
= |Billeinlpi — |Billein|pi
Then, applying Lemma 1 to |B;||e; ,| ; with a positive function #;(t), it yields
Gi(t)ein < |Bil (ezan tanh (ﬁf)l) +K’7i(f)> — |Billeinlpi (3.34)
1
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We consider the Lyapunov function by introducing

b2 Pilge ﬂﬁ?) (3.35)

where p;, 7; and {; are positive parameters to be given, D; is an estimate of D; with

D; = D; — D; and 1; is an estimate of ¢; with ¢; = ; — ¢;. Substituting (3.31)), (3.34)
and ((3.35)) into the time derivative of V, yields

L N . <& Bl Bil . -
Vi =V 1+Z €inbin — —DiDi + —¢ih; + ——Pipi

1
Pi Vi Gi

i=1
N - ~ A
Z Z zz,m + €in—1€in + gz‘Tri_l <riTi,n—1 - 91‘)

i=1

n—1 oni .
+ ( Z gg 1 ei,m> (FiTi,n—l ) + Z ﬂzj 1] i)j ( ,]Ti]‘,n_z — 0i,j>
i

m=2
N n—1 o0 i :B ()6
+ § i § e: # | T _0 4 TR ! Ln +
= ij = < i,m 391',]' ) ( i,jtijn—2 > 1 —|—)Ll( ) él( )

_ 1~ 4 1
+ @in(x:) 06y + €1 udi(t) — € i1 — ;DiDi + —|§l,| Yi; + —|'B ’Pzpz]
1 1

n ~ A n a H _ A
[— 2 kme?,, + 67T} ! (riri,n - 91') + < Y “g(’; 1ei,m> (Fm,n - 9i>

I
\'Mz

m=2 i
on; -1 A
Z“l} iiti ( i,jTijn-1— 1]) + Z aij <Zs além ei,M> (ri,jfij,n—l _91}]'>
— i]
v;(t)e 1~ &
+ % +&(B)ein + @in(x) 056 + e ndi(t) — € ity — EDiDi
’ \ |Bil -
lpl gl p
1




3.4 Stability Analysis

where the virtual controller «; ,, is given as

1 ) n—1
Xin—1 AT a“i,n—l a‘)‘i,n—l
Qin = —€n1—knein+ — X1 — 0 | @in— Y Pim | + B L'iTin

m—1 0X; m m=1 axi,m i
n—1 ou: n—1 .
Xim—1 ale n—1

+ 1 Y —=Z—eim | Ti | @in— Y, ="—Pim

(m:Z a91' m=1 axi,m

T
N n—1 n—1
Xipn—1 o 1 A 0 in—1

+ Z al] Z 9 jm+1 + Z 9 jm 61] + ~ 1—‘ij’l'ij,n—l

=1 | m=1 m=1 9%jm i,j

(3.37)

The actual event-triggered controller v;(t) is designed as

561',,41/31' tanh (—el’nd(l’:)lpl) + }51' tanh (el'?f)l) ]
" i 6.38)

A e;
Xy =D, tanh (1’/,2:)) — iy

vi(t) = —sign(b;) (1 + 0;)

The local parameter adaptive laws are

A A

0i =TiTin, 0ij="TiTjn-1, Yi = Yieinkin

A €; A
Di = Piei,n tanh (771_(/7;)) s Pi = §i|ei,n|

1

(3.39)

where the tuning functions 7; , and 7;;, 1 are defined as

n—1 ) n—1
X n—1 a“i,n—l
Tin = Tin—11 | Qin — E 3, Pim | Cins Tijn—1 = Tijn-2 Z ox, Pim | Cin
m=1 9%im m=1 Xjm

3.4 Stability Analysis

In this section, the boundedness of all the signals in the closed-loop system and the

leaderless consensus tracking performance are evaluated.

Theorem 3.1. For the closed-loop system of (3.1)) with the controller (3.38|) and the parameter
update law (3.39)), all the signals are globally bounded and the leaderless consensus can be
asymptotically achieved.
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Proof. Considering event—triggered controller v;(t), Lemma 1 and 1+ Al (t)o; < 1+ 03,
the following term in 6) yields

,Bzvz( )ezn ezn“zn ,tanh €in 1n7qbz . ieinAitanh €inpPi
i P 7i(t)

1+ Al (t)o; RIGE
. ) e; nPi
— Bl iesafi + k7s(E)|Bil — |Bilesnpr tanh (,71 (f)) (3.40)
1
= — eiullin — |BilPiei nin + x1i(t)|Bi] — tanh( anl)
7 7 |ﬁ |1P 7 7 ;7 ( )|ﬁ | | ﬂl(t)

Substituting (8.38)), (B.39)) and (3.40) into , it yields

] N n B A " X
v, < Z [— Y kmer,, + 06T (I‘iTi,n — 91-) - ( Y. ag—gilei,m) (Fir,-,n - 91-)

i=1 m=1 m=2
N - . X N n alxim—l X

+ 2 aijei,]'r;j (rz]Tz] n—1— 91}) + Z aij Z aé. — Cim <ri,jTij,n—1 - 9i,j>
i— j=1 m=3 ij

— Cinlin — |Bilpiei nin + 261;(t)|Bil — |Billein|Pi + eindi(t) — €intin
Lo Bl -+ |Bil -
iR Yip; + Z; R Pipi

1

N n - R a . 5
S Z [— Z kmelz,m + G?Fi_l (riTi,n - 91‘) + < Z (ng 1ei,m> (I‘i't,-,n — 91')
1

i=1 m=1 m=2
th -1 A
+Za1] vy ( i Tijn—1 — 1]> +Z ij <Z3 alé":] €i,m> (Fi,jTij,nfl —91',]'>
|.Bi| - _ 1~ ( ( ) *)
+ i\ i — vieinkiy ) + —D; | pie;, tanh — D;
%gb<v,b 76’0"> Qi Pifin 12 ’71()
+ Bl (i~ el + (o) (D1 + 2, |>]
N n N
<=Y Y kwel,, + Y xni(t) (Di +2|Bi])
i—1 m=1 i—1
(3.41)

Integrating both sides of (3.41)) over [to, ], and we obtain

D<) - [ % kaelmm/ zx (D420 m(s)ds

to =1 m=

<Vu(0) +x (D; +2|Bil) 71;
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3.4 Stability Analysis

We can conclude that the signals of ¢; ,,, 0;, éi,]', i, D; and pi are bounded because of the
definition of V;,. The virtual control laws «; , and event-triggered controller v; are also
bounded from and (B.38). Overall, the boundedness of all signals is established.
Applying Barbalat Lemma, we can achieve lim; ,€;,(f) = 0 fori = 1,...,N and

m=1,...,n.

Then by definingz = [zy,...,zNn]T,e1 = [e11,€21---,en1]T and x; = [x11, %21 ..., xn1]7,
and deriving the differential equation of z, we have
z=—Lx1=—L(z+e) (3.43)

To analyse the above equation, we define a positive definite matrix P and treat P and
P! as the right and left eigenvectors of £, respectively, as stated in Assumption 1,
we can obtain £ = PJP~! where | = diag(0, J1) is the Jordan canonical form of £
and —J; € RIN-Dx(N-1) j5 5 Hurwitz matrix. By defining x = P~ !z in which x =

[x1,-..,xn]7, the derivative of z can be transformed as

X=-Jx—JP e (3.44)

We derive x; = —pTx1(0), where p” is the first row of P~! and 1 = 0 implies the first
row of | are zero. According to Theorem 4.6 (Khalil 2002) with Hurwitz matrix —J;
and bounded signal e;, the vector [x2, ..., xn] is bounded and the following equation

with a positive definite matrix T is attained as

Qh+iQ=-T (3.45)

Therefore, applying the Hurwitz linear system stability analysis (Khalil 2002), we ob-

tain that [x2, ..., xn] can converge to zero. Since the first column of P is 1y, we obtain

- _ T
tll}ngo x1 = Inp x1(0) (3.46)

which means that z converges to zero, and it is equivalent to the output of each sub-

system asymptotically achieve leaderless consensus, then we have

lim y; —y; = 0 (3.47)

t—o0
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Next, we aim to avert the infinite number of controller updates occurs in a finite time
period, which implies that there exists a t* > 0 satisfying . - t > t*forany k € Z*
and ¢;(t) = v;(t) — w;(t) forall t € [ti, £_,)

d d I . .
ﬁ\eil = a(si -€;)2 = sign(e;)é; < |94 (3.48)
It is seen from ([3.38)) that the actual event-triggered controller v;(t) is differentiable and
the function of v; consists of bounded signals. Then, inequality |0;| < 7; holds, where
0 represents a positive constant. From the event-triggered condition, we derive that
gi(tt) = 0 and lim, S ei(t) = e *. Consequently, the lower bound of the triggered
+

interval t* > p;e=*!/3; > 0. This completes the proof. O

d.(t
External ! ( )
disturbance

A 4

Nonlinear multi- i To other agents {9
"] agent systems > 3
3
U (@) v £
Auxiliary | g
i system From other agents | S
Hysteresis >
actuator @
y A 4 \ 4 g
=~

Virtual controller |«

@, (t)

A 4
Adaptive controller <

Event-triggered
scheme

P |-

A

A
Parameter adaptive
v, (t) laws

Figure 3.2. Block diagram of the event-triggered adaptive leaderless consensus control

framework.

For clarity, Figure 3.2|displays the block diagram of the proposed control framework.
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3.5 Simulation Results

Remark 3.3. The consensus tracking control problem has been addressed (Shen and Shi 2015,
Shi and Shen 2015, Zhang and Lewis 2012), which conclude that the leader-following consen-
sus tracking errors converge to a small region which means semi-globally uniformly bounded.
In contrast, our proposed control scheme shows that the leaderless consensus tracking and a

considerable reduction in controller update can be both satisfied.

3.5 Simulation Results

To evaluate the performance of controller (3.38) designed in this chapter, a group of
four second-order robotic manipulators is considered. The four manipulators are com-
pletely coupled, which is modelled by a directed graph displayed in Figure The

dynamics of each manipulator is modelled as
Xig = Xi2
1 m; )
Mui(wi) — Z_Milig sin(x;1) +d;(t) (3.49)
Yi =Xi1, = 1,...,4

Xip =

where M; is the moment of inertia, x; ; represents the angular position, x; is the angu-
lar velocity, m; describes the mass of the manipulator link, g = 9.8m/s? is the gravity
acceleration and the length of the robotic manipulator is /;. The term d;(t) denotes the
bounded external disturbance, w; is the input torque, u;(w) indicates that the backlash-
like nonlinearity impacts on the robotic manipulator and y; represents the output sig-

nal.

e

Figure 3.3. Directed communication topology among robotic manipulators.

The manipulator system parameters are given as
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M; = 1.INm, m; = 0.5kg, I = 0.85m
Mj; = 0.9Nm, my = 0.6kg, I, = 0.80m
M3 = 0.8Nm, m3 = 0.4kg, I3 = 0.90m
My = 1.0Nm, my = 0.6kg, Iy = 0.75m

06 T T T T T 15
| Agent 1 Agent 1
\ Agent 2 Agent 2
0.4 ,‘%‘/\ Agent 3| 4 1} Agent 3| {
HY \ Agent 4 Agent 4
I
0.2 &‘ | 1 05 |
M‘\ \ Il
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- VANY o YA
% 0 j \ ) x 0 ‘w‘ ‘1‘/‘\\/%
y T

i
02f 1 osll “/

0.4+ 1 -1 ’\‘\

06 . . . . . I I I I I
0 5 10 15 20 25 30 0 5 10 15 20 25

Time Time
(a) States of x;; (b) States of x;j»

Figure 3.4. Evolution of states x; under controller ;.

The backlash-like hysteresis nonlinearities are modelled as

du,'

—_— a
dt !

dei
dt

dwi

—p | (ciwi — i) + H

where the backlash-like hysteresis parameters 4;, c; and H; are selected as

a;=1[2,22,24, 25|, c; =05, 06, 04, 0.7]7, H; =[1, 1, 0.9, 0.8]".

30

(3.50)

All the initial states of the robotic manipulators and the design parameters are pre-

scribed as

x1(0) = [<0.1, 0.3]F, x,(0) =[0.2, 0.5]7, x3(0) = [-0.4, —0.6]T, x4(0) = [0.5, 0.5]F
ki=ky =05 0,=01,v=0=T;=1, yy=a =1, & = 0.5, y;(t) = 0.2e7 001,

The bounded external disturbance is taken as d;(t) = cos(t)x;,(t). Figures 3.4 shows
the states of all the robotic manipulators, which indicates the leaderless consensus is
reached asymptotically with the designed controller . The adaptive parameter
states of 6;, i, D; and pi are shown in Figures and which confirm that the

adaptive parameters are bounded and maintain constant as the leaderless consensus
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Figure 3.6. Adaptive laws of D; and pi.

is achieved. The control signals u; for all agents are plotted in Figure The trigger-
ing events of each agent are presented in Figure which reveals that the controller
updates are considerably reduced compared with the periodic sampling on designed
controller. The results demonstrate that by implementing the proposed event-triggered
adaptive controller, the leaderless consensus is achieved asymptotically under the im-

pact of backlash-like hysteresis.
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5 T T T T T
Agent 1
4+ Agent 2|
Agent 3
3t Agent 4| |
.27 1
S
=
3
g1 l
=
3
]
Q
O
RS 4
ot 4
3+ 4
_4 Il Il Il Il Il
0 5 10 15 20 25 30

Time

Figure 3.7. Control signals u; of the agents.
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Figure 3.8. The triggering events of each agent.

Page 49



3.6 Chapter Summary

3.6 Chapter Summary

In this chapter, the problem of control has been studied for nonlinear MAS with un-
known backlash-like hysteresis. We have proposed an event-triggered adaptive lead-
erless consensus controller to compensate for the impacts of unknown backlash-like
hysteresis and reduce the unnecessary update of control signals. By applying the new
control scheme, all the state trajectories from the nonlinear MAS are guaranteed to be
globally bounded and the leaderless consensus tracking has been achieved asymptot-
ically. Furthermore, a considerable reduction of the unnecessary update of controller
has been attained. Simulation results have verified the effectiveness of the proposed

design technique.
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Chapter

Constrained Consensus
Control with Actuator
Faults

4.1 Introduction

Some practical issues remain to be challenging to maintain the desired system perfor-
mance, such as communication network faults, sensor and actuator failures and state
constraints, to name a few. In practice, actuator faults are often encountered, par-
ticularly for multiple networked actuators in MAS, as faulty actuators cause drastic

oscillations in subsystem behaviours, instability or even system failures.

Some fault-tolerant control approaches have been developed to prevent MAS from ac-
tuator failures, which can be divided into passive and active strategies. A passive fault-
tolerant controller based on distributed estimation algorithm (Deng et al. 2020) was
deployed to tackle the actuator outage and loss-of-effectiveness faults for linear MAS.
Similarly, the same fault model was considered with a passive adaptive event-triggered
fault-tolerant consensus controller to compensate the actuator faults (Ye et al. 2019).
The passive methods require a fixed controller which guarantees robustness for a class
of presumed faults. On the contrary, active fault-tolerant control schemes are devel-
oped based on the estimated fault information provided by individual fault isolation or
detection module. An active distributed fault compensation controller was proposed
to solve discrete-time heterogeneous MAS formation problem with a fault estimator
unit (Yan et al. 2019). Nevertheless, none of these fault-tolerant control protocols is
applicable to nonlinear MAS. A second-order nonlinear MAS with integral quadratic
constrained uncertainties was studied to develop an active fault-tolerant consensus

controller (Jin et al. 2018). An active fault-tolerant consensus controller with a fault
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detection module was applied to address a first-order nonlinear MAS satisfying Lips-
chitz continuity condition (Li and Wang 2020). Therefore, how to design an effective
fault-tolerant controller for a more general nonlinear MAS subject to frequent actuator

failure is one of our motivations.

Many practical applications require system states to be restricted in a certain range
such that the system states cannot violate critical constraints. In detail, enforcing con-
straints on the output of a system state ensures that the output cannot exceed a safe
bound, thus, the safe behaviour can be improved by considering the output constraint

problem.

Barrier Lyapunov functions (BLF) (Tee et al. 2009) and state transformation approaches
(Zhao and Song 2019) are widely used to deal with the output constraint problem.
The output constraint problem of heterogeneous MAS was addressed by a y-type BLF
(Shen and Xu 2018), which has been defined as a general form of BLF compared with
the conventional types of logarithmic or tangent BLF (Zhang et al. 2018b). However,
the BLF approach to the output constraint problem has some limitations. First, the
controller design with an asymmetric BLF is complicated. Second, since the preset
constraints are related to the system tracking error instead of the system state, initial
value selection of the constraints is a relatively conservative condition. Compared with
the BLF method, a log-type nonlinear state transformation function was introduced to
map the constrained consensus tracking error rather than the constrained state (Ni and
Shi 2021a), thus it cannot directly transform the constrained output into a constraint-
free state. Despite this state transformation technique can simplify the controller de-
sign procedure, it cannot avert the limitations of the BLF method and solve constrained
and unconstrained cases uniformly, which drives us to investigate the constraint prob-

lem for nonlinear MAS.

In this work, motivated by the limitations outlined in actuator fault and output con-
straint problems for nonlinear MAS, we propose a distributed fault-tolerant consen-
sus control scheme for nonlinear MAS under output constraint by synthesizing the
adaptive backstepping and neural network methods. More specifically, we introduce a
new state transformation function for each agent to directly map the constrained out-
put into a constraint-free one, which averts the limitations of the BLF method and is
able to cope with constrained and unconstrained cases uniformly. The proposed state
transformation strategy greatly differs from the BLF method (Shen and Xu 2018) and

(Zhang et al. 2018b) in design and analysis process. Since the conventional adaptive
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approximation based control techniques require one adaptive law at each design step,
a single parameter estimator is introduced to mitigate the computation of controller.
Furthermore, compared with (Deng et al. 2020) and (Ye et al. 2019), a more general
fault model is used to represent four operating modes of actuator for each agent. The
adaptive compensation technique is applied to tackle the actuator fault problem for
nonlinear MAS, which is unlike the fault-tolerant approaches (Deng et al. 2020, Ye et al.
2019, Yan et al. 2019, Jin et al. 2018). Consequently, an effective fault-tolerant consen-
sus control framework is proposed to improve the consensus control performance and

reliability of the nonlinear MAS.

The rest of the chapter is structured into five sections. Section 4.2 covers preliminar-
ies and problem formulation. In Section the adaptive leader-follower consensus
control scheme is developed and the stability is analysed. A group of four networked
two-stage chemical reactors is modelled in Section |4.4| to prove the validity of the de-
signed control scheme and Section [4.5/concludes this chapter.

4.2 Problem Formulation and Preliminaries

4.2.1 Problem Formulation

Suppose that MAS consists of N followers and one leader. The nonlinear dynamics of

i-th follower is modelled in strict-feedback form:

Xig = Xijp1 + fix(Tix), k=1,...,n—1
Yin = &ttt + fin(%in) 4.1)
yi=xj1, fori=1,...,N

subject to the output constraint:
Xi1 € Cxi,l = {xill eR: _kai,l <Xi1 < kbi,l} 4.2)

where x;,, € Rwithm =1,...,n, uf € R, y; € R are the system state, the control
input and the output, respectively. f;,,(%;,,) is unknown smooth nonlinear function
with %, = [xj1,Xi2, -+, xi,m]T € R™, g; is an unknown bounded control coefficient
function. ks, and ky, , are predefined constants to ensure the output in a constrained

set Cy, ;-
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4.2.1 Problem Formulation

Table 4.1. Cases of actuator faults.

Actuator fault of the ith agent pi(t) hi(t)
Loss of effectiveness 0<pi(t) <1 0
Actuator bias fault hi(t) #0
Loss of effectiveness with bias 0 < p;(t) <1 h;(t) #0

To formulate the actuator fault problem, we apply a general actuator fault model (Li

and Wang 2020) for each follower subsystem as follows
uj = pi(t)w; + hi(t) (4.3)

where the unknown continuous functions p;(¢) and k;(t) indicate the severity of loss of
effectiveness actuator fault and the biased fault severity for the i-th agent, respectively.
uf is the actual output of unhealthy actuator and w; is the control input to be designed.

Three cases of actuator faults are summarized in Table

Our aim in this study is to develop an adaptive consensus controller subject to actuator
faults and output constraints for (4.1)) such that:

e The output of each agent y;(¢) can closely follow a desired trajectory y,(t), accord-
ingly, its consensus tracking error reaches to an adjustable small neighborhood of

zero and all signals in the closed-loop MAS are bounded;

* The output asymmetric constraint is enforced within the constrained set Cy, , and

the impact of actuator failure is compensated by the proposed controller.

The following lemma and assumptions are needed to achieve the above control objec-

tive.

Assumption 4.1. The communication topology is modelled by a directed graph which contains

a spanning tree with b; = 1 for the root agent i.

Assumption 4.2. The desired leader y,(t) € R and its kth derivative are continuous and

bounded. Its trajectory enforces the same constraint in the constrained set Cy,,, satisfying
yr(t) < R = {_kﬁi,l < yr(t) < kbi,l}.

Assumption 4.3. (Liu and Tong 2016) Consider the control gain function g;(-) with a given
sign, there exist two unknown constants g; and g that yield: 0 < g. < [g;(+)] < &i-
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Remark 4.1. Since the trajectory of the leader is related to the output and the consensus track-
ing error aims to converge to a small region, its trajectory should be within the same set Cy, . In
order to ensure the controllability for system (4.1)), Assumption |4.3|indicates that the control
gain function g;(-) is bounded away from zero. Furthermore, such assumption has been widely
applied in the framework of adaptive control design (Krstic et al. 1995, Zhao et al. 2020).
Lemma 4.1 (Huang et al. 2020)). For any z € R and n > 0, the following inequality holds:
2
0 < -

- <
V=R
4.2.2 Radial Basis Function Neural Networks (RBFNN)

The RBENN technique is commonly employed to approximate unknown smooth func-
tions due to its effective approximation performance. Any unknown smooth function

f(Z) : Rl — R can be approximated over a compact set Q7 C R/ as follows:
f(Z2)=Wle(Z)+0, VZcQy

where Z € Oy C R!is a input vector, W € R7 denotes an optimal weight vector, g > 1
represents the neuron node number of RBFNN, ¢(Z) = [¢1(Z), -+, 94(Z)]T € R1
is a known activation function vector and ¢ € R is the approximation error. A gen-
eral type of Gaussian function is selected as the entry of ¢(Z) such that ¢;(Z) =
exp|—(Z — ¢;)"(Z — ¢;)/w?], i = 1,...,q, where ¢; and w; are the center and width
of the Gaussian function, respectively. Moreover, the smooth functions can be approx-
imated to arbitrary accuracy and the compact set Q7 C R/ can be selected as large as
desired by adding large enough neuron nodes g. Furthermore, the stability analysis
based on RBFENN control is in a semi-global manner, which means that the proposed

controller ensures that all signals in the closed-loop system are bounded.

4.3 Main Results

4.3.1 Nonlinear State Transformation Function

In order to enforce the asymmetric constant constraint on the output of i-th agent, a
new nonlinear state transformation function is constructed as follows:
- k’li,l Xi1+ Izﬂm kbi,l Xi 1 — ]_{bi,l

2 (kﬂi,l + xi/1> 2 (kbi,l — xi/1>

Xi (4.4)
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with initial condition of x;1(0) € Cy;,, where l_c,ll.,1 and l_‘bn are constants satisfying the

following conditions:

2 7 2 7
kui’1 > ka;y, kbm > ky,, (4.5)
From the state transformation function (4.4)), state x;; tends to infinity as x;; ap-
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Figure 4.1. Asymmetric constraint case of function x;; on state x;;.

proaches to the boundaries of Cy,,, which implies that the boundedness of x; 1 is main-
tained as x; stays in the constrained set Cy,,. Accordingly, the output constraint en-
forcement problem for nonlinear MAS converts to the proof of boundedness for x; ;.
Figure shows asymmetric constraint case of function , e, =2 < x;1 < 3.
Furthermore, if the constraints on output do not exist, i.e., K; = kg, = kbi’1 — 00, ap-
plying the L’'Hopital rule, we obtain limg, . X;,1 = x;1, which proves this function can

address constrained and unconstrained cases uniformly.

Remark 4.2. The nonlinear state transformation function for MAS is inspired by (Zhao et al.
2020) and (Zhao et al. 2021). Unlike the log-type nonlinear function (Ni and Shi 2021a) and
the BLF method (Tee et al. 2009), this approach can solve constrained and unconstrained cases
uniformly and transform a constrained output into a constraint-free one, consequently, the
control design and analysis can be simplified significantly. Moreover, this function can readily

be extended to solve the time-varying case of output constraint problem.
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Figure 4.2. The fault-tolerant consensus control diagram for nonlinear MAS.

\ 4

4.3.2 Fault-tolerant Consensus Controller Design

In this subsection, a fault-tolerant consensus controller is proposed to achieve consen-
sus tracking for nonlinear MAS that is subject to actuator fault. Figure 4.2|displays the

structure of the fault-tolerant consensus control design.

Define the following coordinate transformation:

N
zip = Y aij(xi1 — xj1) +bi(xiin —v), i=1,...,N
=1 (4.6)

Zik = Xik —Qik—1, k=2,...,n

where .
o kaz‘,lyr + kﬂi,l kbmyr - kbi,l

T 2k ) 2 (kyy — )

is a known function, under Assumption 1 and the conditions in (4.5), and ;1 is

virtual control law.
The adaptive backstepping control design procedure is given by the following steps:

Step 1: The derivative of x;; is calculated as

Xi1 = Pi1Xi1 (4.7)
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where 5 _
2 T _
kal 1 klli,l kb,-,l k bi1

2 (ks +300)” 2 (i, — 1)

is available for the controller design based on the conditions in (4.5)).

Y1 =

Taking the derivative of z; ; and considering (4.7), we obtain

zin = (di +bi)Xin — Zaz]X]l biyr
(4.8)
= (di + b;) (Yi1xi2 + Yirfir) — bivr — Zaz] ¢]1x]2+¢]1f] )

Since the nonlinear functions f;1, f;1 and 7, are unavailable for the controller design,
we define a function F;; (Z; 1) that represents the lumped unknown terms, then apply
RBFNN approach, we have

Fi1(Zin) = Whein(Zia) + i (4.9)

where Z;1 = [x;1, X1, yr]T €0y C R3 is the input vector, the approximation error o; |

satisfies that |o; 1| is bounded and |0; 1| < €;1 where ¢; ; is a positive constant.

Thus, becomes
zix = (di + bi)Yirxio + F1 (Z Zazﬂ/]]liZ
(d +b)¢11212+(d +b)¢11“11+P11 Zalﬂ]b],lsz

Considering the following Lyapunov function V;; as

Vii = 5ziq + 507 (4.10)

Its derivative yields

. _ 1. -
Vi1 =zi1Zi1 — y—9i9i

i

= (di+b')¢’i12i12i2+ (di + bi)pipzinain (4.11)

1~ 4
+leF11 Zaz]lpjlx]Zzll u; 99
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Substituting into (4.11)) and applying Young's inequality, it yields

zi1Fi1 (Zi1) = ziaWhi1(Zi1) + zinoin
1 u?
<-> 212 2 [Witl? o4 (Zi1) @i (Zin) + 71 + 2101 4.12)
I o7 W1, &
< mzmei(l’m(Zi,l)q’i,l(zi,l) t5 szt
where 0y, = {IIWiall®,-++ [Wiml}, m = 1,..,m, 6; = max {61, ,6;}, and

0; = 0, — 0; where 0; is the estimate of parameter 6;, y; is a design parameter.

Only one parameter estimator in RBFNN for 6; is designed to mitigate the computa-

tional burden of our proposed control strategy as follows
) -1 5 7 A
0i=1) z—yizi,k%,k(zi,k)§0i,k(Zz‘,k) — ;0; (4.13)
k=1

Then, designing the virtual control law «; 1 as follows:

1 1 4 1 N
%1 = b o ( by 2i10i971(Zi1) @i1(Zin) — cinzig — 5%l T ]; ﬂiijj,1xj,z>
(4.14)

Substituting (4.12)), (¢.13)) and (§.14) into , it becomes

Vi1 < 011211 (di + bi)Yi1zi1zio

Ki ~ o (4.15)
- 2 qu)zk Zigk)9ik(Zij) + Bin + 706
1
where B;1 = 2:”1 2 11 is unknown constant.
Step 2: Considering z; > in and taking its derivative, we have
1,2 1,3 fz,2 i1 (4.16)

=zi3g+ a2+ fio— &
Since the nonlinear functions f;, and &; ; are unavailable, applying RBFNN approach,
we have Fi, (Z;,) = szqoi,z(Zi,z) + 070, where Z; 5 = [x;1, Xi0,a;1]T € Q;» C R is the

input vector.

Choosing the Lyapunov candidate function V;, = 3z%, and calculating its derivative,

we obtain

Vio =2zinzis+ ziotin + zioFin (Zi2) (4.17)
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Then, the virtual control law a; ; is obtained as

1 1
wio = —Cinzin — (d;i +b;)i1zi1 — 5%i2 2}422129 i9i2(Zin)9in(Zin) (4.18)

Applying Young’s inequality, we have

ziaFip (Zin) = zipWihein(Zin) + zip0in

1 . 1 1,
< 2_Plzzzz,29iqoi,2(zi,2)§0i,2(zi, 2) + 2% 12 + 2"312
1

Substituting (4.18)) into (4.17)), it yields
Vl 2 (d + b; )lpl 12i,2Zi1 + z; 2Zi3 — Cl,ZZiZ,z
1 72 1 A. T 1,
T %2 2112 52120912 (Zi2) 9in(Zi2) + 5%

1 1 1
+ 52700 (Zi2)0ia(Zia) + 305 + 380, (4.19)

< —Cinziy — (di + bi)Yinzinzip + 2i2%i3
1 ~
+ ﬁzi,zQi(PZz(Zi,z)fPi,z(Zi,z) + Bi2
i
where B;, = %yf + %e%z.
Step k: (3 < k < n —1) Considering z; in (4.6) and taking its derivative, we have
Zij = Xig1 + fig — ik—1

= Zijs1 T @ik + fik — &ig—1

(4.20)

Applying the RBFENN approach for the unknown terms f;; — &;x_1 in (4.20)), we
derive Fix (Zix) = lT +Pik(Zix) + ik, where the input vector is defined as Z;; =
[xi,l, Xk Oéi,k—l]T € O C Rk+1,

Selecting the Lyapunov candidate function V; ; = %z?k, then, calculating its derivative,

we have

Vik = ZikZij+1 + Zixix + ZiiFik (Zix) (4.21)

Next, the virtual control law «; ; is given by

1 1
Qije = —CikZik = Zik—1 ~ 5Zik ~ 21 —zixb; %k( Zix)@ix(Zik) (4.22)
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Implementing Young’s inequality, we obtain

zikFij (Zij) = zipWikpix(Zix) + zik0ix

1 1 1,
< Z—P[ZZ?,k@iQD;{k(Zi,k)(Pi,k(Zi, k) + 2% k + 2€zk
1

Substituting (4.22)) into (4.21)), it yields

1
— 20 000 (Zix) @ix(Zik) + Bi (4.23)

Vi,k < _Ci,kzik Zi kZi k—1 + Zj kZi k+1 + — 2]/1

where B = 2”1 2€zk

Step n: Considering z; ,, and the actuator fault model in (4.3) and taking its derivative,
we obtain
Zi,n - J.Ci,n - é‘i,n—l (4.24)
= gipi(t)w; + &ihi(t) + fin — &in—1

Since the nonlinear functions g;#;(t), fi , and &; ,,_1 are unavailable for the actual con-
troller design, applying the RBFNN approach and introducing an intermediate control

law v; to compensate the effect of the actuator fault, it yields
Zin = Gipi(t)wi + Fin (Zin) + 0i — vj (4.25)
where Z; , = [xj1,- - ,xi,n,ai,n,l]T €0, C R+ is the input vector.

Then, designing the intermediate control law v; as

1 1 A
Ui = CinZin + Zin—1 + Ezi’n + z—yzzi,neiq’;{n(Zi,n)goi,n(zi,n) (4-26)
i

Furthermore, according to the actuator fault model, the boundedness of p;(t) is en-

sured such that 0 < p. < pi(t). Thus, we have

Ai = inflgilpi(t) =g, p, (4.27)
where A; is an unknown parameter.
Selecting the Lyapunov candidate function V; ,, as
1 Ai x
Vi, = Ez%n + 2-%;9? (4.28)
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where §; = 9; — 0; and &, is the estimate of parameter ¢; = 1/A;.

Taking its derivative, it yields

: _ A < s
Vi,n = ZinZin — ?119 iV
= gipi(H)wizin + ZinFin (Zin) + Zin0i — CinZiy (4.29)
1 1, A
— Zin-1%ipn — 2}/[12 zne Qi n( zn)q)i,n(zi,n) - Ezi,n - ?:191'191'

Applying Young’s inequality, we obtain
Zi,nFi,n (Zi,n) = Zi,nWiTn Pin (Zi,n) + Zin0in

1 1,
§2]/l2 zne(Pzn( 1n)§0i,n( )+2 zn+161n
i

where B;,, = 2]/11 2 ln

Substituting (4.26)) into (4.29)), we derive

- 2

Vin < 8ipi(H)wizin + Zin0i — CinZi,

A
T

1 . (4.30)
—Zin—1%in +— 2]/12 zne (Pz n( 1n)§0i,n(zi,n) + ,Bi,n - 19 19
i

The fault-tolerant controller w; is given by

sgn(gi)zi ,0%0?

w; = (4.31)
VOt e

where €; is a constant.

Substituting controller (4.31)) into the term g;p;(f)w;z;,, then according to Lemma 1
and , we have the following inequality:

gipi(t)sgn(gi)z?, 920?

/ 2 92,2
znﬁzvz +€

. gznp 1”192 ;

N (4.32)
1 1’1191 vl _'_ 6

< Ajei — Aizi n00; + Aizi 00,

gipi(H)wiziy = —

IN

= Ai€i — Zin0; + Ai0iZj 0
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The adaptive law for 9; is developed as follows
d; = Tz 4v; — 570, (4.33)
where T7; and §; are design constants.

Then, substituting (4.32]) and (4.33)) into (4.30) yields

- 5 2
Vin < Ai€i — 2 n0i + Ai0iZi n0i + Zin0i — CinZi,

1 ~ A~ &
— Zin—1Zin T ) 2Zzz,n0i(Pzn(Zi,n)(/’i,n(zi,n) + ,Bi,n - _?191'191‘
M T
2 1 2 AT (Si/\i ~ A
< —CinZi, + z_]ﬂzi,ngifpiln(Zi,n)(Pi,n(Zi,n) ~ Zin-1Zip + Pin + Ai€i + ——00;
i 1

(4.34)

Remark 4.3. The fault-tolerant technique in this chapter differs from other methods (Yan et al.
2019, Zhang et al. 2018a). First, no additional fault diagnosis module is introduced. Second,
multiple faults of different types can be considered rather than simply solving for one type of
faults. From and ([4.33)), a robust structure consisting of an adaptive law is implemented

to compensate for the actuator failure without auxiliary dynamic filter.

Remark 4.4. The explicit formula of partial derivative of virtual controller was calculated at
each step, which increases the complexity of the design process (Huang et al. 2020, Sun et al.
2021). However, the integration of adaptive RBFNN and backstepping approaches eliminates
the problem of repeated differentiations of virtual control laws known as “explosion of com-
plexity” in backstepping control. Furthermore, compared with (Yoo 2018, Xiao et al. 2020),
one adaptive law for the unknown parameter of RBFNN is adequate instead of containing an
adaptive law at each step of the backstepping control design, which significantly mitigates the

computation of control design.

4.3.3 Stability Analysis on Closed-loop Systems

In this subsection, the following theorem describes the stability analysis of the closed-
loop MAS under the proposed adaptive laws (4.13)), (4.33)) and fault-tolerant consen-

sus controller (4.31)).

Theorem 4.1. Consider system (4.1)) with (4.2)) and (4.3)) for any initial conditions in the set
Cx,,, there exist a desired compact sets Q); , with enough neural nodes such that Z;, € Q; ,
wherei = 1,...,N,and p = 1,...,n. Let Assumptions 1-3 hold. Then, controller (4.31])
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together with (4.13|) and (4.33|) will make all the signals in the closed-loop MAS bounded, the
output constraints are enforced and the consensus tracking error converges to an adjustable

small neighborhood of zero.

Proof. Choosing the total Lyapunov function as

N n
V=Y (Z Vi,k> (4.35)
i=1 \k=1

Calculating the derivative of V and substituting (4.15)), (4.19)), (4.23)) and (4.34)) into its

derivative, we have

;< N n 5 n |  Kiga 5i/\i~.'\‘
[ Z - Z CijZi + Z Bik + Ai€i + —0i6; + —0;0; (4.36)
i=1 k=1 k=1 Hi i
Then, applying Young’s inequality yields
Kigo — X (5o _ g2\ < K (g2 _ g2
1,9191 1; (9191 91) = 2]11' <91 91) (4.37)
Similarly,
Oiis s _ Oiti (5 2\ o 9idi (2
S0 = (191191 191> <% (191 191) (4.38)
Finally, (4.36)) can be rearranged as
N n n
: Ki o OiMig i o, G
V< =Y cinzly = 507 — S0+ Y Big o Aiei + 5607 + 567 439
> 1_21 ( k_zl ik%ik 2]/11 i 27 i k_Zl,Bl,k i¢i 2#1 i 27, i ( )
implies that
V< —aV+b (4.40)

where @ = min{2ci1,..., 26,6}, b = Ly (T, Bk + Aiei + 2502 + 02).
From (4.40) and the definitions of Lyapunov functions at each step, we obtain that
for any initial conditions in the constrained set Cy,,, all signals z; ,, 6; and 9; of the
closed-loop MAS are bounded. Then, we derive that the signal yx;; is bounded and
there exist constants k,  and k, | in 1' such that —k,,, < =k, < xi1 <k, <k,

therefore, the output constraints are enforced.

Furthermore, solving (4.40]), we obtain

0< V() < g + (V(O) - E) e at (4.41)
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From (4.41)), we have

i—1k=1< "~ (4.42)
<%+vmkﬂf
that is,
N n
Y. Z 2 <27 ; T2V (0)e™™ (4.43)
i=1k=1

which implies that for a given 7 > +/2a/b, thus, the consensus tracking error satisfies
|zi1| < 7, where 7 is the adjustable small residual set which is determined by the
appropriate design parameters a and b. Therefore, the consensus tracking error can

approach to a small set around zero. This completes the proof. O

Remark 4.5. From the proof of Theorem 1, it can be seen that the design parameters in MAS
satisfy the following requirements: increasing the parameter c; , from the virtual control law
at each step, the parameter T; in the adaptive law and decreasing y; from the adaptive
law result in larger a in (@.41]), which narrows the bound of the tracking error. Smaller
values of the parameters x;, 6; in the designed two adaptive laws and can reduce
the value of b.

4.4 Simulation Results

In this section, a group of four two-stage chemical reactors is provided to demonstrate
the viability and effectiveness of the proposed fault-tolerant consensus controller. The

four networked two-stage chemical reactors consisting of MAS (4.1)) is modeled as

follows : , -
) —Ri»
xi,l — __xi,l — Ci/lxill + ! xi,2 +fi,1
Ti,l Uil
) 1
Yi2 = —rxi,z — CigXip + St =—Uu; +fl (4.44)
1,2 Uin

yi=xi1, fori=1,...,4
where states x; 1 and x; » represent chemical compositions, y; is the output, T;; and T; »
are reactor residence times, C;; and C;, indicate reaction constants, v;; and v;, are
reaction volumes, R;; is the recycle flow rate, g; is the feed rate, uf stands for actuator
fault, f;1 and f;, are unknown functions. The networked two-stage chemical reactors
model is borrowed from (Li et al. 2021).
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(v)

Figure 4.3. Communication topology of the MAS with a leader.

To demonstrate the communication network between the four chemical reactors, a di-
rected graph is listed in Figure [4.3| with a leader.

In the simulation, the corresponding system parameters are chosen as T;; = T;» =5,
Ci1 =03,Cip =02,0v;1 =00 =Rjp =g =05, fi,l = 0.6sinx;; and fi,Z = X1+
a = Ebi,l = =02,
ci1 =16¢cip =11, u; = 7, = 1 and x; = 4; = €; = 0.01. Moreover, the RBFNN contains

0.1x;5. The design parameters are given by k,,, = 2.2, kbi,l =2k

41 neural nodes evenly distributed in [—2,2] with width w; = 0.1, Gaussian function
is selected as the activation function of RBFNN. Furthermore, consider the following

actuator fault case occurs after 5 seconds:

e The loss of effectiveness actuator fault with bias in the 1st reactor with uf =
p1(t)ws + hi(t), where p1(t) = 0.4sint + 0.3 and hy(t) = 0.5t

e The loss of effectiveness actuator fault in the 3nd reactor with uf = p5(t)ws,
where p3(t) = 0.3sint 4 0.3.

Figurel4.4ishows the trajectories of state x; ; with the asymmetric output constraint and

includes two scenarios of actuator faults that occur in the actuators of distinct reactors.

Figure 4.5 presents state x;, of each chemical reactor. Adaptive laws §; in (4.13) and

A

#; in (4.33|) are demonstrated in Figure Figure @ displays the response of the

proposed fault-tolerant consensus controller u; subject to two cases of actuator faults.

Figure shows the evolution of consensus tracking errors z;; and z;5. Therefore,
from the simulation results, the upper and lower bounds of the output constraint are
enforced, the designed fault-tolerant consensus controller guarantees that the output
trajectories can closely follow the leader and the consensus tracking error convergences

to a small region.
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Figure 4.4. Qutput trajectories with asymmetric constraint and actuator fault.
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Figure 4.5. Trajectories of the states x;, under actuator fault.
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Adaptive law 6
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Figure 4.6. Adaptive laws under the proposed controller.
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Figure 4.7. Fault-tolerant consensus controller ;.
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Tracking error z;;
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Figure 4.8. Consensus tracking errors z;; and z;,.

4.5 Chapter Summary

In this chapter, a fault-tolerant leader-follower consensus control scheme subject to out-
put constraint has been proposed for nonlinear MAS. By integrating adaptive RBFNN
and backstepping control approaches, a single parameter estimator has been designed
with the control scheme. We also introduced a new state transformation technique to
solve the output constraint for each agent. Furthermore, an adaptive compensation

method has been adopted to eliminate the effect of actuator failure.
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Chapter

Constrained Consensus
Control with Unknown
Control Directions

5.1 Introduction

Consensus control problem has emerged as the foundation of MAS, as its basic the-
oretical framework is widely applied to achieve cooperative behaviour within a net-
worked system. A consensus control algorithm aims to synchronize all states of agents
to a common state by exchanging information with its neighboring agents in a dis-
tributed manner (Lunze 2019, Cao ef al. 2012, Sun et al. 2022b). Another reason for at-
tracting a number of researchers is due to its variety of practical applications (Ren and
Beard 2008), for instance, drone light shows, satellite clusters, vehicle platooning, etc.
Normally, consensus control methods are classified into leaderless and leader-follower
consensus control approaches (Shi and Yan 2021). The objective of leader-follower
consensus control is to drive all following agents to track the predefined trajectory of a

leader.

In recent years, many leader-follower consensus control studies have been conducted
for MAS. A fully distributed leader-follower consensus controller (Li et al. 2014) was
proposed for linear MAS without acquiring the global information of a directed com-
munication graph. Furthermore, a leader-follower consensus controller was designed
with a distributed extended state observer to compensate unknown external distur-
bances for a class of linear MAS (Cao et al. 2015). A distributed consensus control
algorithm was developed for linear MAS subject to a periodic intermittent communi-

cation constraint along with switching directed topologies (Wen et al. 2014). The above
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consensus control protocols are challenging to be employed for nonlinear MAS, even

though they can achieve desired control performance for linear MAS.

For nonlinear MAS, a substantial amount of research has been done on consen-
sus control (Rezaee and Abdollahi 2020, Chen et al. 2020, Huang et al. 2020, Shi
and Yu 2021, Fu et al. 2022). The unknown control directions (UCD) problem is of
paramount importance in practical control systems. Recently, significant results have
been published to tackle this problem by applying various Nussbaum functions and
making different assumptions on unknown control gain for nonlinear MAS. The so-
lution to the UCD problem for MAS was first developed by proposing a new type of
Nussbaum function, and all control gains were assumed to be unknown constants with
the same sign (Chen et al. 2013b). An alternative Nussbaum function with a condition
inequality (Xie et al. 2018) was proposed to handle both unknown actuator failures and
non-identical control directions simultaneously. Despite the above studies that have
concentrated on UCD for MAS, few attempts are practicable to solve the UCD prob-
lem with less restrictive assumption on control gain matrix for multiple-input multiple-
output (MIMO) nonlinear MAS.

Output constraint problems are frequently encountered in practical applications due
to safety requirements, specific environment and system performances (He et al. 2020).
For example, inspection drones operating within a tunnel and robot manipulators
within a restricted operating zone, etc. Typically, state transformation (Ni and
Shi 2021a, Niu et al. 2017a, Zheng and Li 2018, Sun et al. 2022a) and barrier Lyapunov
function (BLF) (Tee et al. 2009) approaches are used to resolve the output constraint
problem. The logarithm-type state transformation function is widely applied to trans-
form the constrained state into an unconstrained one. For instance, both constant sym-
metric and asymmetric cases were analysed for nonlinear output-constrained systems
(Niu et al. 2017a), yet the lower restricted boundary is assumed to be negative, and the
upper boundary is strictly positive. The time-varying asymmetric case was considered
(Zheng and Li 2018) with both positive lower and upper boundaries. Moreover, a new
nonlinear state-dependent transformation function with positive boundaries was pro-
posed (Zhao and Song 2020) for time-varying asymmetric constraints. However, the
above transformation functions cannot eliminate the limitation of the boundaries and
solve both constrained and unconstrained cases simultaneously. Furthermore, the BLF

method requires complex formulations in controller design (Qu et al. 2018), especially
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for the time-varying asymmetric case. Therefore, a more general solution to the out-
put constraint problem is desired to remove the limitations of the state transformation

function and simplify the analysis of the BLF approach for nonlinear MAS.

More importantly, not many studies have been conducted on output constraints by
state transformation technique for nonlinear MAS. Consequently, the UCD coexisting
with the output constraint problem for leader-follower consensus control in nonlinear
MAS is worth investigating. Motivated by the challenges and shortcomings in the
controller design of nonlinear MAS, the primary contributions of this study can be

summarized as follows:

* A new state transformation function is derived and implemented to trans-
form a time-varying asymmetric constrained output into an equivalent un-
constrained state. Compared with the state transformation functions (Ni and
Shi 2021a, Niu et al. 2017a, Zheng and Li 2018, Zhao and Song 2020), the proposed
function can not only deal with both time-varying symmetric and asymmetric
cases but also remove the implicit conditions on boundaries. Furthermore, un-
like the BLF methods (Qu et al. 2018) and (Wang et al. 2020b), the consensus con-
trol analysis and design are significantly simplified. In particular, the proposed

function can address constrained and unconstrained cases uniformly.

¢ Two cases of UCD problems are analysed by introducing less restrictive assump-
tions to the control gain matrix. Two corresponding simulations are also carried

out to verify the feasibility.

* A new framework of adaptive consensus controller is proposed to resolve the
problems of output constraints and UCD for MIMO nonlinear MAS. Specifically,
a general nonlinear MAS system model is considered which differs from the para-
metric strict-feedback model (Wang et al. 2020a). A sliding mode integral filter is
also presented to estimate the derivative of virtual control law instead of calculat-
ing it tediously, which can circumvent the explosion of the complexity problem

in backstepping control.

The remainder of this chapter is structured as follows. Section |5.2| presents problem

formulation and preliminaries. In Section the adaptive leader-follower consensus
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controller is designed and the stability analysis is evaluated. Two examples are simu-
lated in Section 5.4 to prove the validity of the proposed control scheme and Section

5.5 summarises this article.

5.2 Problem Formulation

We consider a group of N p-order nonlinear strict-feedback systems modelled as:

xi,m = gi,m(xi,m)xi,m—i—l + fi,m (xi,m) + di,m(t)/

Q'Cl',p =iy (fl-,p)ui + fi,p(xi,p) + dl’,p(t) (5.1)
Yi= Xia1
wherei =1,...,N,m =1,...,p =1, Xipy = [x], x5, -+ 2] ]T; x5 € R" with g =

1L...,m %, = [xiTll,xgz,- . xiT,p]T € R is the system state, u; € R" is the control in-

putand y; € R" denotes the output. The functions g; (%) € R"*" and f; ,(%; ;) € R"
are unknown smooth nonlinear functions, the control gain matrix g; ,(%;,) € R7x!
(I > n) denotes a partially unknown smooth function. The time-varying function
diq(t) € R" represents bounded external disturbance for 4 = 1,..., p. The state x; 1%
represents each element of the system output x;1 = [xj11, %12, , xilln]T € R" and
each entry of output state of ith agent is restricted to an open set Cy,, defined as fol-

lows:
Xigk € Cxi,lk = {_kﬂuk(t) < X1k < kb-,lk(t)}- (5.2)

[)

where x;1x € R, k;,,, (t) and k;, , (t) are time-varying asymmetric constraint functions

i1k
on system outputfork =1,...,n.

Remark 5.1. Strict-feedback systems are dominated by the form of nonlinear functions
Qim(Xim) and fi(X; ) in the X;, equation that are only related to state X;, =
[Xi1,Xi0, -, x,-,m]T. They are also known as lower-triangular systems (Krstic et al. 1995).
Furthermore, the control gain matrix g; ,(%; ,) € R"*" is an asymmetric square matrix, which

has a less restrictive assumption than the diagonal case.

Our aim in this chapter is to design an adaptive leader-follower consensus scheme for

system (}5.1)) such that

e All subsystem outputs are driven to approach a desired trajectory y,(t) without
violating the predefined output boundaries (5.2)).
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¢ The leader-follower consensus tracking errors are guaranteed to move toward to

an arbitrarily small neighborhood of zero under UCD in a finite time.

The following assumptions are needed for the development of our main results.

Assumption 5.1. (Zhang et al. 2012) The communication topology G is modelled by a directed

graph that contains a spanning tree with a leader as the root.

Remark 5.2. From Assumption we have rank(L) = N and the Laplacian matrix L is
0 Oixn

-b L+B
the leader and followers, b; = 1 if ith agent is able to access a leader; otherwise, b; = 0. Then,

rank(L + B) = N, thus, L + B is an invertible matrix.

defined as L = [ whereb = [by,- - - ,by]T, b; indicates the connectivity between

Assumption 5.2. The unknown control coefficient g; ,,(%; ) € R™" is a square matrix
yet unnecessary to be symmetric, and its sign is unknown. Moreover, the norm of ma-

2
|

trices gim(Xim) and g;,(%;,) are assumed to be bounded as ||g;m(%im)||” < &im and

Hgi,p(fi,p) ||2 < Si,ps respectively.

Remark 5.3. Notice that Assumption [5.2) ensures system (5.1)) is controllable. The majority
of practical systems such as Euler-Lagrange systems and MAS (Zhao et al. 2018, Sachan and
Padhi 2019) satisfy this assumption.

Assumption 5.3. The output constraint functions ka,, (t) and ky,,, (t) and their I-th (I =

0,---,p) derivatives are bounded and continuous.

Assumption 5.4. (Zhao et al. 2021) The dynamics of a leader vy.(t) =
[y (t), yr2(t), -, ym(t)]T € Q C R" and its I-th derivative are continuous and bounded. It
also satisfies the following conditions, y,u(t) € Cy,, := {—kq;;, (t) < —ka,,,(t) < ypu(t) <
kb, (t) < kp, (1)}, where kg, (t) and ky,,, (t) are time-varying functions.

Assumption 5.5. (Zhao et al. 2021) For any time-varying functions ko, (t) and ky,, (),
there exist functions ky,,, (t) and ky,, (t), positive constants ¢, (I = 1,---,5) smiisfying the
g 2 €2 k%,-,lk(t) - kbi,lk > &3,

and ky,  are design constants.

following inequalities kq,,, (t) + kp,, (t) > e1, K2 (t) —k

,1k
ka; o (t) = Kay,,, (£) > €4, ky,  (t) — kg, (t) > €5, where k

a1k Ayrn i a;1k

Remark 5.4. The boundaries of output constraint functions can be constructed under As-
sumptions Assumptions 5.5 ensures that the time-varying asymmetric output constraint

functions are computable for each agent.
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Definition 5.1. (Ge et al. 2004) A continuous function N ({) is defined as a Nussbaum-type
function satisfying the following properties

lim sup% /()SN(C)dC = 400

s——+00

lim inf1 S/\/(C)dC = —0o0

s—r—+00 s Jo

There exist various types of Nussbaum functions that are commonly applied to address the
UCD problem such as €% cos ({71/2), {?sin{, {2 cos {, etc.

Before ending this section, we recall the following results that are needed to derive the

main results in sequel.

Lemma 5.1. (Xu and Ioannou 2003) There exists a symmetric matrix ¥; € R"™", such
that |7i(x;))| > Amin and z7(x))¥iz(x;) = 7i(x;) ||z(x;)||* holds, where v;(x;) :=
zl (x:)¥ize(x:), ze := 2/]|z|| is @ unit vector and Ay represents the smallest singular value
of the matrix (¥; + Y1) /2.

Lemma 5.2. (Ge et al. 2004) Consider smooth functions {(t) and V(t) > 0 forall t € [0, tg).
If the following inequality holds,
t .
V() < ¢ +e ! / (G(S)N'(Q) + 1) Ee25ds
0
where ¢y and cy are positive constants, N'({) is a Nussbaum function and G(s) is a time-
varying unknown parameter, then, V(t), {(t) and fot G(s)N (Q)Ze®*ds are bounded for all

te[0,tg).

RBFNN are commonly employed to approximate unknown smooth functions due to
their effective approximation performance and simple design process. An unknown
continuous function f(Z) : R — R" is defined on a compact set, i.e., f(Z) € Q, which
can be approximated by RBFNN as follows:

f(Z)=W'e(Z)+o

where Z € Q C R'is a input vector, W € R"™*" denotes an optimal weight matrix, r
represents the neuron nodes of RBFNN, ¢(Z) = [¢1(Z),-- -, ¢,(Z)]" € R" is a known

radial basis function vector and ¢ € R" is an approximation error vector.

A general type of Gaussian function is selected as the entry of ¢(Z) such that ¢;(Z) =

exp[—(Z — ¢;))T(Z — ¢;)/w?],i = 1,...,r, where ¢; and w; are the center and width of
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the Gaussian function, respectively. Moreover, considering the properties of RBFNN,
the norm of RBFNN approximation error vector ¢ can be adjusted to a small arbitrary

value by adding large enough neuron nodes.

Remark 5.5. RBFNN approximation is only applicable within a compact set (). Consequently,
the stability analysis of the closed-loop system can be performed as long as the system states stay
within the compact set. i.e., x;,, € QO C R", Vt > 0, where the set () can be selected as large

as desired.

5.3 Main Results

This section is devoted to designing a leader-follower consensus controller with the
problems of output constraints and UCD. Fig. depicts the nonlinear MAS control

diagram of the proposed adaptive leader-follower consensus control.

The control block diagram consists of five parts including leader signal y;, state trans-
formation block, controller block, i-th follower model and communication network.
Specifically, the communication network is responsible for transmitting state informa-
tion about the adjacent agents of i-th follower and the leader signal. The state transfor-
mation block aims to convert the constrained output to an unconstrained one, which is
described in subsection A. Moreover, the actual controller #; adopts the adaptive recur-
sive design methodology, which comprises a number of steps. The detailed controller

design procedure is shown in subsection B.

5.3.1 Time-varying Asymmetric Output Constraints

To prevent the output constraint violation from occurring for ith agent, we use a new
state transformation method to solve this issue in nonlinear MAS as follows:
Koy () %1k + Kayye Koy (8) %0k — Ky
2 (kai,lk(t) + xi,lk) 2 (kbi,lk(t) — xi,lk)

Xilk = (5.3)

where k
5.5

a;1 and ]_Cbi,lk are constants for ith agent satisfying the conditions in Assumption

From ([5.3)) the unconstrained output state x;1; tends to infinity as x;x reaches the
limits of Cy,,,, i.e., given the initial state x;1x(0) € Cy,,, for ith agent, x;x — oo if
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Figure 5.1. Block diagram of the proposed adaptive leader-follower consensus control sys-

tem.

and only if x;1x — —kg,,, (t) or x;1¢ — ky,,, (t). Accordingly, the problem of output
constraint for ith agent can be reformulated to the determination of the boundedness

of unconstrained output state Xilk-
Then, the derivative of x; 1x is derived as

Xik = WigkXitk + Wik (5-4)
where parameters ; 1, and w; 1 are defined as,
2 7 2 T
Yik = kai’lk (t) B kui/lk kbi,lk (t) kbi,lk
1,1k —

2 (kﬂi,lk(t) + xi,1k)2 2 (kbi,lk(t) — xi,1k>2
kp,

(xzz,lk o E“z’,lk) kai,lk (xiz,lk - ]_cbi,lk) i1k
2 2
2 (ko () + xi2k)™ 2 (kbi,lk(t) - xi,lk)

Wik =

In order to facilitate the design of adaptive leader-follower consensus controller, then

@ can be rewritten as a matrix form

Xi1 = Yi1Xi1 + wi1 (5.5)

where
T
Xi1= X1, Xitz - Xk € RY,

_ T n
wi1 = [wj11, Wi, ,wi] € RY,

¥in = diag[; 11, Pigo, - Piak] € R
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5.3.2 Distributed Adaptive Leader-follower Consensus Controller Design

Remark 5.6. The time-varying asymmetric state transformation function is a new type
of state transformation approach inspired by (Zhao et al. 2021, Sun et al. 2021) to address
output constraint problem. Fig. shows a state transformation function X1y at different
time points with time-varying boundaries kg, = 0.5sin(t) + 1.5, ky,,, = 0.4sin(t) +1
and k,,,, = Ebi,lk —0.3. Fig. indicates that the time-varying boundaries are not only
both positive but also both negative, which is unlike the limitations on constraint boundaries
(Zheng and Li 2018, Cao et al. 2019). Furthermore, it differs from the classical BLF methods
(Wang et al. 2020b, Ni and Shi 2021b) in that the new approach relaxes the selection of initial

conditions and significantly simplifies design procedure because of the design procedure depends

i1k

on the unconstrained state x;1 rather than the constrained tracking error. Likewise, if the

output is not constrained in a specific range, i.e., K; = ka;,, = ky,,, — o0, applying the
L’Hopital rule, we obtain limg, e Xi 1k = X1k, Which guarantees that this function can address

constrained and unconstrained cases uniformly.

5.3.2 Distributed Adaptive Leader-follower Consensus Controller De-

sign

In this section, we will provide a systematic adaptive leader-follower consensus con-
trol design procedure for MIMO nonlinear MAS under output constraints and UCD.
Adaptive neural network and backstepping control techniques are integrated to con-

struct the leader-follower consensus controller.

Step 1: Introduce the following leader-follower consensus tracking error z; ; and error
variable z;

N

zip = Y aii(xin — xj1) + bilxin — ), i=1,...,N

j=1 (5.6)
Zi2 = Xi2 — &1

where «; 1 is a virtual control law to be designed later. The parameter 7, implies that

the trajectory of the leader y,(t) is within the predefined constraint, consequently, each

entry of 77, is defined within the constrained set C,,, C Cy,,, as follows:

— kai,lk ()yrn + kai,lk kbi,1k(t)ym - I_(bi,lk
m —
2 (k“i,lk(t) + ]/rn) 2 <kbi,1k(t) — yrn>

(5.7)

with
yr(t) = [y (t), yn(t), -, ym(H)]" € R”

777’(t) = [er(t)/ 77r2(t)/ T /ﬂrn(t)]T e R"™.
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Then, the dynamics of z; ; is calculated as

zip = (di + bi)Xin — Za1]7(], bitjy

N

. . 5.8

= (di + b;) (Yia&iaxip + Pirfin + Yindin +win) — Y aijxj1 — bitjr ©.8)
~

= hi (Yi18i1%i2 + Pi1di1 + Pi1(Zi1))

where h; = d; + b; and ®;1(Z;1) = $i1fi1 +wi1 — (2]'111 ajxi1 + biﬁr) /h;. Since the
function ®;1(Z; 1) is not available for the closed-loop MAS, the RBFNN is used to ap-
proximate the unknown function ®;1(Z; ). It can be seen that the unknown function
is a smooth function of inputs x;1, w;1 and 7, and Z;; = [x]. X1 11’7r Nt e 0 c R

Thus, we have
®i1 (Zin) = Whein(Zin) +0ip (5.9)

The unknown approximation error vector c;; satisfies that ||o;1|| is bounded with
|oi1]] < i1, and 71 is a positive constant. In order to simplify the control design
process and reduce the computational complexity of RBENN, we define 6,1 = ||W; &
as an intermediate variable of optimal weight matrix W; 1, 91',1 =0;1— 9}/1 and éi,l is the

estimate of parameter 91',1.
Considering the following Lyapunov function candidate

1 1 -

Vip = o z}1zin + 2h1 — 0 (5.10)

where A; 1 is a positive constant.

Taking the derivative of the Lyapunov function V;; and consider the RBFNN approxi-
mation in (5.9)), it yields

. 1 1 ~ =z
Vi1 = It 1T1211 E@ﬂf)u
1 ~ x
=z} (Yingiaxio + Pindin (1)) + 2511 (Zi1) — Ot
i1 (5.11)

= 2;1:1 ($i18i1Zi2 + Yi1gi1xi1 + Piadi1(f))

1 -
+ ZiT,1 <Wi,T1 ¢i1(Zi1) + Ui,l) — A_Gi,lgi,l

i1
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By applying Young’s inequality, we have

1 1
21 Pindia(t) < 5 iz
W, ~<Z~><1 -(z- >u2+1
1,14)1,1 i,1 , i,1 2 (5 12)
. .
201 S ‘4 5‘712,1

where the positive constant d; ; is the upper bound of the external disturbance matrix
di,l(t) such that ||di,1(t) || < d_i,1~

The virtual control law «;; and the adaptation law of the parameter 6, are designed

as

1 ZN(Cil)UuZn

Vi1 = Ki1 + 1(Zi1)|?

. (5.13)
Gi1=

2 A ~

0i1 = 51 N@in(Zi)|1* = inbin

where «; 1 and y; 1 are designed positive constants.

From the term zl-T,1 ¥;i18i14i1 and the definitions of ¥; ; and g; 1, we obtain that the ma-
trix ¥; 1g; 1 are unnecessarily symmetric. Since any real matrix can be expressed as the
sum of a symmetric matrix and a skew symmetric matrix, the matrix ;;g;1 can be
decomposed as ¢;19;1 = Gj1 + Gjo, where Gj1 = (¢;18i1 + g;{lgbill) /2 is a symmet-
ric matrix and G, = (¥;18i1 — g;{lt/}i,l) /2 is a skew symmetric matrix, respectively.

According to Lemma 5.1|and the properties of skew symmetric matrix, we have

T T T
z;1%i18inzi1 = Zi1(Yi18i1 + &i1i1)zi1/2

i (5.14)
= 71(x)

Then, substituting the virtual control law «; ; into the term ziT1 Y;18i1%;1, we derive

zhingianin = 11(ON(Zi1)Ein (5.15)

Page 82



Chapter 5 Constrained Consensus Control with Unknown Control Directions

Substituting (5.12)), (5.13)) and (5.15)) into (5.11)), we can obtain
1

. . . 1
Vin < zlyinginzip + [(ri(ON(Cin) + 1) ig — Cin + 5 HZi1H2 [ iall* + Ed?l

1 1 1 1 ~ =
+§||Zi,1||26i,1 @i (Zin) 1 + 5 Jr—||Zzl|| + ‘7121 /\,191',191',1
L

< —xi1 ||zia|* + ZiT,llpi 18i122 + [11 (N (Zin) + 1] Cin

Hi1 g 1

" 1 0
+T’,1 1'/191',1—1—54- d11—|—20'11

Considering the following inequality

Filg 101 = 2 (51',191',1 —51'2,1>

)\z,l )\z 1
,”1 1 Hia
- 2/\19 2)\ 9

we have

. . by
Vip < — i1 ||zin|)* + zh¥iginzio + [ (N (Zia) + 1) Gin — 2;\ 07, + Cia

where C;; = 3 + ;X—flGlz 1cTZ (7121

Step 2: Consider the error variable z;, = x;, — «; 1, then, its derivative is expressed as

follows:

Zip = Xip — &1
= gioXi3+ fio +dio(t) — &jq

Define the following Lyapunov function candidate

1
Vio=Vi1+ 2212212 + 2)\ — 67, (5.16)

Its derivative yields

o 1 - 4
Vio=Vi1+2z5Zip — A—q@,z@,z
L,

= Vi1 4z, (8i1%i1zin + 8ipXis + fi2) (5.17)

. 1 ] ;\
+ 2l (dip(t) — dig — gininzin) — A_G 262

Since ®;»(Z;») = gi1¥i1zi1 + fio is unknown for the closed-loop MAS, the RBENN is

used to approximate ®;,(Z;,). It can be seen that the unknown function is a smooth
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function of inputs ¢; 1, x;1 and x;,, and Z;, = [1pl oL 11, ] € QO C RN, Thus,
applying the RBFNN to approximate ®;, (Z; ), then (5.17] - y1e1ds

Vio = Vi1 +2],8i02i5 + 2],8i00i 2 + 20dio (1)
(5.18)

~ A

T T T T . 1
+zj) <Wi,2§9i,2(zi,2) + ‘Tz',2> — Zip8inWinzin — Ziphin — 5 —0i20i2

i,2

By applying Young’s inequality, we have

1
12d12(t)<_||212|| +2 12
|
2(P12( ) HZIZH 912“(P12( i,2)|| +§
1
T
120-12—2“Z12H +2012

To avoid recomputing the derivative of the virtual control law «;; in the following
steps and reduce the computational burden for RBFNN, we can estimate &; ; by apply-
ing the SMC filter (Chen et al. 2017), then, we obtain

. Gi1—wig i1 — g
Ci1=—"+—"=—kiy
Pia 1Gin1 — aiall + Bia 5.19)
¢y — G2 —Gin ko Gi2 —Gil '
1,2 — 1, g
Pi2 182 — il + Biz

where p;;, k;; and B;; are all positive design parameters with [ = 1,2. The parameter
¢i 1 is the filtered value of a known function «; . The parameter {; , is the filtered value
of ¢;1 that is the approximated value of unknown function &; 1, which can avoid the
problem of ‘explosion of complexity” in adaptive backstepping design procedure and
reduce the computational burden of adaptive neural networks control. Furthermore,
the filter error €;, of the parameter ¢, , is defined as €;, = ;> — &;1 and it is bounded

with ||€i,2|| < &».
Applying Young’s inequality again for the term —z/,i;1, we have

1 2 2 1
—zizéizS—nzizH €zl + 5

1
T
12612 ”ZZZH + 2612
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The virtual control law a;, and the adaptation law of the parameter 6;, are designed

as
wip = N (Gi2)vinzip

3 1, , 1
5> T 502 |92(Zip)||” + 5 1217

Cin = via ||zia?

Uip = Ki2 +

2 /\ n
6i2 = 57 lziall® l9i2(Zi2) I — iz

Applying Lemma and substituting the designed virtual control law «;, into the

term ziT2 gi2&i», we obtain
z128i2ip = 12(HN (Zin)Ein

According to Young’s inequality, one has
Higg 5 _Hi2 (5 o _ 32
/\i,Z 1,291 )\iZ (912912 91,2)
Hi2 2 Hi2
65 6?
- 2)\1 2 2)\1 2 2

Then, (5.18)) can be reformed as follows:
. . T 2 T
Via < Vin = zp8iinzin — Kia [|zig||” + 24,8i2zi3

+HIRON @) + 162 = 328 +Cip

where C;p =1 + 5 ylz 92 %d?,z 2‘712 + 2612

Stepm (3 < m < p—1) : Introduce the error variable z; ,, = x;,, — «; 5,1, then, its

derivative is

Zim = SimXim41 + fim + dim(t) — &ipm_1

Consider the following Lyapunov function candidate
1

o
2, (5.20)

1
Vi,mzvzm 1+2 1mzzm+

Taking the derivative of the Lyapunov function V; ,,, yields
1 -~ x

Vi,m = ‘i,m—l + Z;‘I:mzi,m - Tei,mei,m
i,m
y T
= Vim—1+ 2 (Sim—1Zim—-1+ SimXims+1 + fim) (5.21)
. 1 ~ 2
+ sz (dim(t) — &im—1 — Gipm—1Zim—1) — kY 0:m0im
i,m
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Since @; ,y(Zim) = §im-1Zi m—1 + fim is unknown for the closed-loop MAS, the RBFNN
is used to approximate ®;,,(Z;,,). The unknown function is a smooth function of
inputs x;1, -+, Xj,and Z; ,, = [xgl,- . ,xgm]T € O C R™N_Thus, using the RBFNN
to approximate the ®; ,,, (Z; ,), then yields

Vz’,m = .i,m—l + ZiTm (gi,mzi,m—i—l + &im&im + di,m(t))

T T .
+ Zim (W mPim(Zim) + Cim — gi,m—lzi,m—l) = Z m®im—1 —

By applying Young’s inequality, we have

1
lin(t) < 2 Nzl + 58,
1
W@ (Zim) < 5 Vil O | i (Za) P+ 5
1
T =2
Zi,mai,m = 2 2 im

In this step, applying the SMC filter again to avoid repeating the derivative of the

virtual control law «,,_1, we obtain

éim—l _ _Ci,m—l —Xim-1 Kim—1(Cim—1— &im-1)
' Oim—1 1Gim—1 — im—1ll + Bim—1
éi "= _Ci,m B éi,m—l . kim gi,m._ éi,m—l
’ Pi,m ' Hgi,m - Ci,m—l” + ,Bi,m

where Qjm—1 = gi,m — €im-

By applying Young’s inequality again to the term —z] &, ,,_1, we have

1 2 > 1
_Z?mgim§§||zim|| HszH +§
1
Zszezm—_”szH "‘2 12m

The virtual control law «; ,,, and the adaptation law of the parameter 6; ,, are designed
as

Xim = N(gi,m)vi,mzi,m

3 1ax
§+§9i,m ||§0i,m( zm)” + 5 ||€zm||

Cim = Vim ||1Zim|*

Vim = Kim +

2N @i (Zi)|I* = i i m

A A
6' — 1,m
1,m 2
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By applying Lemma [5.1|and substituting the designed virtual control law «; ,, into the

term zgm 8im®&im, We obtain
T .
Zi m&im%i,m = VYim (t)N(Ci,m)gi,m

According to Young’s inequality, one has
Him g _ Him (5. o 2
Az,m 9 9 Ai m (91,711 91,m 91,m>

Him 52 Him A2
< 0: 0+
= 2 M 2hg

Then, ((5.22)) can be organised as follows:

Vi,m < Vi,m—l - Zz:mgi,m—lzi,m—l —Kim ||Zi,m||2

+ ZiT,mgi,mZi,m+1 + [')’m(t)N(gi,m) + 1] éi,m - 2}1’;,.171 égm + Cim
im

Him 2 1 72 1=2 1 2
where C; ,,, = 1+ e 9 Zdi,m 20t 26 m
Step p: Introduce the error variable z; , = x; , — a; 1, then, its derivative is

Zi,p - J'Ci,p - ai,p—l

= Qiph + fip +dip(t) —dip

Consider the following Lyapunov function candidate

1

v
2Ap

1
ip — Vi,p—l + =

5 07, (5.22)

T

Taking the derivative of the Lyapunov function V; ,,, yields

Vi,p = Vi,p—l + Z;']:p (gi,p—lzi,p—l + 8i,plt + fi,p) 523

. 1 ~ &
+ Zg:p (di,p(t) —®ip-1— gi,pflzi,p71> - Y 9i,p9i,p
i,p
Since ®; ,(Z; ;) = &ip—1Zi,p—1 + fip is unknown for the closed-loop MAS, the RBFNN is
used to approximate ®; ,(Z; ,). The unknown function is a smooth function of inputs
Xi1, -+, Xp,and Z;, = [xgl,- o ,xgp]T € O C RPN, Thus, applying the RBFNN to
approximate the ®; , (Z; ,,), then (5.23) yields

7. — T ,. ) T o. 4.
Vip="Vip-1— Zi p&8ip—1Zip—1 T Zj p8ipli

+z], <Wi,Tp(Pi,p(Zi,P) T Oip T di'F’(t)) ~ Zipip1 - Aj
1

Gi,pei,p
P
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By applying Young’s inequality, we have

1
T 7
Zi,pdi,p(t 2 + _di,
T T Z -1 6, 2 1
ZipWipPip(Zip) < 5 sz 6 l9ip (Zip) " + 5
1 1,
Zi P(T’IP 2 HZZIP ‘ + Eai,p
At the final step, term &; ,,_1 can be estimated as
éi = _Ci,P—l — Qip-1 _ ki,p—l (Ci,p—l - “i,p—l)
4 Pi,p—1 Héi,p—l —Wip—1 H + Bip-1
o= G ity Gip = Gipe
Z/p Pip Pl — Epall + Bip
where &jp1 = Ci,p — €ip-

Applying Young’s inequality again for the term —zgpbc,-,p_l, we have

Since the control gain matrix g; ,(%;,)

1
T
1o
Zip€ip < s 26ip

€ R™! with I > n is given, we consider two

cases for actual controller design at the final step.

Adaptive Control for Square Systems (I = n)

First we consider the case that g; ,(%; ;)

assumption is needed.

€ R"™" is a square matrix and the following

Assumption 5.6. The unknown control gain matrix g; ,(%;,) € R"*" is a square matrix yet

unnecessarily symmetric, and its sign is unknown.

Thus, the actual control law u; and the adaptation law of the parameter 6; , are de-

signed as

Uu; =

Uip =

gz,p

A

ip —

N (Cip)vipzip

3 1A
K1p+2+ ,p

|Zwﬂ

\qup i,p H +5 HCW|

(5.24)

Uz,p

“loip(Z)I° = iy
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Moreover, according to Lemma [5.1] and Assumption then, substituting the de-

signed control law u; into the term zz p8i,plhi, We obtain

2] 8iptti = Ypa (DN (ip)Eip

According to Young’s inequality, we have
Hip 5 _Hip (5 0 2
Aip 9 0 A P <91,p91,p 6”p>

< Hip g P‘lzﬂz
_2/\ 07’ 2/\ 9

Then, (5.22)) can be rearranged as follows:
. . 2
Vip < Vip-1— ZZPgiIP—lzirP—l — i [|Zip
; Hi,
+ [Yp 1 (ON (Gip) +1] Ciyp — 2/\1;9 07, + Ciy

where C; , =1+ 53 yl” 92 %d%p_|_%-,2 +%éi2, )

For the stability analysis, we choose the overall Lyapunov function V as

1 N2
V= Z( ip—1+ zlpzl,ﬂuz)L 03 ) (5.25)

Differentiating ((5.25) and substituting ((5.10), (5.16)) (5.20) and (5.22)) into it, we have

v<p|- % (a

k=1

p
z}xk(’ ) > (rpa (N (Gip) +1) Gy

k=1

(5.26)

-
+ =
2k:l
N
=)

i=1

Hik 1& :
( k+d7k+ﬁ9§k>+5k22(e§k+§?,k)+p——

p .
—0i1Vip+ Y (vp1(ON(Zip) +1) Lip
k=1
where ;1 = min (21, ..., 2K p, Hi1,- -, fip) and  C =
AR [% Yi1 (‘_Tiz,k +di+ Al];912k> +3 i (éiz,k + giz,k) TP %]
Adaptive Control for Nonsquare Systems (I > n)

After completing the square case, we now consider the case that g; ,(%;,) € R is a

nonsquare matrix and the following assumption is needed.
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Assumption 5.7. (Song et al. 2017) The unknown control gain matrix g; ,(%; ,) € R"™!isa

partially unknown nonsquare matrix and can be decomposed as

Sip(+) = &ip1(+)&ip2(+) (5.27)

where g; 1 (+) € RV is a known matrix with full row rank and g; o (-) € R'!is an unknown

and unnecessarily symmetric matrix.

Then, the actual control law u; and the adaptation law of the parameter 0; , are de-

signed as
uj =N (g )ﬁvi Zi
S F
3 1, 2 1 2
Vip = Kip+ 5+ 5% l@ip(Zip)||”+ B 1| (5.28)
: 2
Cip = Vip ||2i, |

A A A
Op = 5" 2ol i (Zp)|* = by

According to Lemma 5.1jand Assumption @ then, decomposing matrix g; ,»(-) into a

symmetric matrix and a skew symmetric matrix, we have

T o T , T .
Zi p8ipl <8i,p2 + 8z,p2> Sip1%ip

(5.29)
2||gipl|

= Tpa(t) ||Zi,pH2

Substituting the designed control law u; into the term ziTp gi,pu; and considering ((5.29),

we derive

2! p8iptti = Yp2 (DN (Gip)Cip

Similarly, the derivative of the total Lyapunov function yields
. p 3
Vip < —0i2Vip+ Y, (rp2(ON(Zip) +1) iy + Ci (5.30)
k=1

where 0, = min (21, ..., 2K p—1,2Kip, i1, -, fip) and G =
1 - bi 1 = z .

Iy, (Uiz,k + &+ T’;lek) +iyr, <ef,k + (;‘Z.Z/k> +p — % Based on the systemic
adaptive neural network backstepping control design method, the main results is

presented in the following theorems.
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5.3.3 Stability Analysis

In this section, the boundedness of all the signals and the leader-follower consensus
tracking performance are analysed in the following two theorems for case 1 and case

2, respectively.

Theorem 5.1. Consider system satisfying Assumptions with output constraints
for any initial conditions x;1x(0) € Cx,,,. Then, all the signals in closed-loop system
(5.1)) with the controller and adaptive law are bounded, and the consensus tracking
errors are guaranteed to move toward to an arbitrarily small neighborhood of zero. Moreover,

the output constraints property ((5.2)) will remain.

Proof. Multiplying both sides of inequality (5.26)) by e, then, integrating it over [0, t],
it yields

C C t N 2
V(t) < (V(O) _E) e‘Qt+E+e‘Qt/0 Y. 2 Yp1 ()N (Zip) +1) Gip] €¥ds
i=1k=1
where ¢ = min(g;1) > Owithi=1,...,N.

Then, applying  Lemma the  boundedness of B =

e ¢ fo YN 1Zk L (rp ()N (Gip) +1) Ci,p] e®ds, V(t) and {;,(t) can be confirmed.
Let B be the upper bound of B in [0, %), then, we derive the following inequality

1 C
5 z1]|> < V(£) < e %V(0) + R B

Thus, it yields
1
2
|z1]] < (2 (e—@fV(o) + % + B)) (5.31)

We have the actual consensus tracking error that is defined as e¢;; = Z]-Iil aij(x,-,l —
X;1) + bi(xi1 — yr). From Remark[5.2) we get e; = [(£ + B) ® I;|(x1 — Iy @ y,). Since
z1 = [(L+ B) ® L) (x1 — IN ® 1r) is derived from (5.6]), we can rewritten z; = Te; with

T = diag[t, T, - - - , ) € R"*", where

11 1k(t) zlk + k%i,lk( ) kbz 1k
2 (kg (1) + Xiak) (ko (8) +yri) 2 (kbi,lk(t) - xz’,lk) (Kayy (8) = yrk)

T —

From the definitions of e; and z;, we have |le1]| < ||z1]| /||T||. Then, as time in-

creases, all consensus tracking error ||e;]| converges to a compact set @ = {eq| ||e1|| <
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(2 <e’9fV(0) + % + B) ) : / || T||}. According to the above analysis and V ,,, the bound-
edness of z; , and 0; , is ensured, then, it follows that 0; , € Le. According to the output
constraints function (5.3|) and the leader-follower consensus tracking error z; 1 in ,
the constrained output x;; is bounded. Therefore, the output x; ; is not off the prede-

fined limit if its initial condition is within the open set Cy.,,, and all the followers can

Xi 1k’
track the reference leader within an arbitrarily small region ®. Then, the boundedness
of all the virtual controller «;; with k = 1,---, p is guaranteed. Accordingly, the ac-
tual controller u; is bounded. Consequently, all the signals in the closed-loop MAS are

semi-globally ultimately uniformly bounded. This completes the proof. O

Theorem 5.2. Consider system (5.1)) satisfying Assumptions and 5.7| with output
constraints (5.2)) for any initial conditions x;1,(0) € Cx,,,. Then, all the signals in closed-

loop system (5.1)) with the controller and adaptive law (5.28)) are bounded, and the consensus
tracking errors are guaranteed to move toward to an arbitrarily small neighborhood of zero.

Moreover, the output constraints property (5.2)) will remain.

Proof. As the proof is similar to the one in Theorem 1, it is omitted. O

Remark 5.7. Both square and nonsqaure cases of the control gain matrix are analysed with
different assumptions that have less restrictive compared to the assumptions (Sachan and
Padhi 2019). Furthermore, compared with (Ni and Shi 2021a) and (Wang et al. 2020a),
a new type of time-varying asymmetric output constraint function for leader-follower con-
sensus of MIMO nonlinear MAS is applied in this chapter. A leaderless consensus con-
troller was constructed with natural logarithm function-based state transformation method
(Wang et al. 2020a) to solve symmetric constant case of output constraints. The same method
was used (Ni and Shi 2021a), the consensus tracking error was required to be restricted in a

constant output constraint, which can reduce the selection range of initial value for each agent.

5.4 Simulation Results

In this section, two cases of nonlinear MAS representing different conditions on control
gain are presented to verify the effectiveness of the designed leader-follower consen-
sus control scheme for system (5.1)). The communication topology among agents is
modelled by a directed graph displayed in Fig.

Case 1: Square MIMO nonlinear MAS
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Figure 5.4. Communication topology of the MAS with a leader.

We consider the following nonlinear MAS:

Xi1 = X2
Xio = gi1(xi1, xi2)ui+ fi1(xi1,xi2) +di1(t)

yi:x,-ll, iIl,...,4

where x;1 = [xj11, xi12]T and x;5 = [xi21, x;2]T are the system states, u; is the
control input, g;; is a diagonal matrix representing the control coefficient matrix
gi1 = diag[l+ x%ll, 1+ xl%u], fi1 = [xinxin + x%m, xi,zlxi,zz]T and the external dis-

turbance d; 1 (t) is given as d; 1 () = [0.2cos 0.4¢,0.1sin 0.3t ].

Each agent has the identical output constraint that is given as

Xi1k € Cxi,lk = {_kai,lk(t) < Xik < kbi,lk(t)}' (5.32)

where k,, (t) = [02sin(0.2t) + 0.7, —0.2sin(0.3t) + 0.4]7 and kp () =
[0.2cos(0.2t) +1, 0.2 cos(0.2t) + 0.8]T withi =1,...,4,and n = 1,2.

In this numerical simulation, the trajectory of a leader is given as y,, = [0.3 +
0.2sin(0.2t), 0.2 + 0.2sin(0.4t)]”, the parameters k,,,, and kg, in (5.3) are k;,,, =
[—0.2, —0.2)T and k,,,, = [—0.2, —0.2]7, the initial conditions of system states x; ; and
x;o are randomly selected from the range (—0.2, 0.6) which lies in the output con-
straints and the initial condition of parameter ; is chosen as {;(0) = 3.17, and

the Nussbaum function is {7 sin {;. Moreover, the system design parameters are chosen

ik

asKj1 = Kip = 6, Aj1 = Ajp = land p;1 = pip» = 0.1, the parameters of SMC filter
(5.19)) are selected as pj1 = pi2 = 1, ki1 = 20, kj» = 30, Bi1 = 1 and B;, = 10, the
RBFNN W ¢(Z;) contains r = 61 neuron nodes that evenly distributed in [—3, 3] with

width w; = 0.1 and its activation function is selected as Gaussian function.
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This simulation results are displayed in Figs. [5.5[5.9 which show all agents can follow
the trajectories of a leader, and each entry of the output x;; is restricted within the
time-varying output constraints all the time. Therefore, the proposed leader-follower

consensus controller is effective to address the output constraints and UCD.

1.5 T T T T T T T T T
Agent 1
Agent 2
Agent 3
| \ Agent 4/
Y ~
7kﬂ..n
— ki
0.5
I 05
0 - -
0.4
-05¢F 0.3 i
0 0.05 0.1

1 T T T T T T T
Agent 1
Agent 2
0.8 r Agent 3 | -
Agent 4
Yr2
0.6 —ka; ~
— kit
0.5
04} b
= 04
=
0.2 0.3 8
I
0 - -
0.1
0
0.2 0.1 B
0.4 | | | | | | | | |

Figure 5.6. Constrained states x;;, of each agent under controller u;.

Case 2: Nonsquare MIMO nonlinear MAS
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Figure 5.7. Profiles of state x;, under controller ;.
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Figure 5.8. Control input u;.
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600 T T T T T T T T T

500 [ F 8

400 + ]

300 [ b

200 7

-100 - s

-200 ! ! ! ! ! ! ! ! !

2,5 T T T T T T T T T
Agent 1
2+ Agent 2|
Agent 3
151 Agent 4| |
' Yr1
_kﬂr.n
1 kbr,l] i
0.5 4
50 1
-0.5 N
R .
-1.5 b
-2 ——— =
_2.5 1 1 1 1 1 1 1 1 1

Figure 5.10. Constrained states x;1; of each agent under controller u;.

We consider a nonsquare MIMO nonlinear MAS as follows.

Xi1 = Xip
Xio = gi1(Xi1, Xi2)ui+ fi1(xi1,%i2) + di1(f)
yi = x,-,l, 1= 1,...,4

where x;1 = [x;11, Xi12]7 and x;2 = [x;21, xi2]" are the system states, u; € R? is the

control input, g;1 = [2+40.2sint, 1, 0;0, 2+ 0.2sint, 1] € R2x3 represents the control

Page 96



Chapter 5 Constrained Consensus Control with Unknown Control Directions

coefficient matrix, f;; = [0.2x7,; + 0.2x;12 + sinx;01, (exp(x;22) — 1)/ (exp (xi2) +

1) 4 cos x;11]T and the external disturbance d; 1 (t) is given as d; 1 (t) = [1.2cos t, sint].
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Agent3 | |
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0 1 2 3 4 5 6 7 8 9 10
time(s)

Figure 5.12. Profiles of state x;, under controller u;.

In this simulation, the reference signal y,, is given as y,, = [1.5sin(t), 1.5sin(t)]7,
the time-varying output constraint functions of each agent are defined as k,,,, (t) =
[0.25in(0.2t) + 2, —0.2sin(0.3t) 4 2]T and kp,, (t) = [0.25in(0.t) +2, 0.2sin(0.2¢) + 2]T
and the parameters ]_{ai,lk and l_{“i,lk in are selected as k., = k,.,, = [—0.2, —0.2]T.

i1k a;1k
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Agent 1
Agent2| |
Agent 3
Agent 4

Figure 5.13. Control input u;.

The initial conditions of each helicopter states x; 1 and x;, are randomly selected from
the range (—1.6, 2) which also lies in the output constraints (5.32), the system parame-
ters are designed asx;; = 10, x;0 = 8, A1 = Ajo = land y;; = p;» = 0.1. The RBFNN
WI¢(Z;) contains r = 121 neuron nodes that evenly distributed in [—6, 6] with width
w; = 0.1. Figs. - show the leader-follower consensus tracking performance
is achieved. From Fig. and each agent follows the trajectories of the leader
without violating the time-varying output constraints. Hence, the proposed controller
(5.24])) is capable of driving all agents to achieve the leader-follower consensus under

UCD without violating the time-varying output constraints.

5.5 Chapter Summary

In this chapter, the adaptive leader-follower consensus control problem with time-
varying output constraints and UCD has been investigated for MIMO nonlinear MAS.
Both square and nonsquare nonlinear MAS are consider for the UCD problem with
less restrictive condition on control gain. Furthermore, the asymmetric time-varying
output constraints have been considered and the limitations on the boundaries of the
constraints have been removed by using a new state transformation technique. The
proposed systematic leader-follower consensus control method has been developed
for a class of strict-feedback nonlinear MAS. Two different cases modelling control

gain of nonlinear MAS have been simulated to test the designed controller. Further
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work will be conducted for general MAS with full-state constraints so that each state

of an agent can be constrained in a specific range for some safety requirements.
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Chapter

Safe Consensus Control of
Collision-free Multi-agent
Systems

6.1 Introduction

MAS emerges as a promising research topic in system and control engineering fields
due to its flexibility, scalability and robustness compared to a single-agent system. Its
research ideas have the potential to improve intelligence and autonomy in practical
applications, for example, lights-out factories and autonomous farms. The consensus
control problem appears as a fundamental problem in MAS and bridges the networked
dynamical systems and graph theory, which has attracted considerable interest from
researchers (Lunze 2019, Huang et al. 2020, Shi and Yan 2021, Sun et al. 2022c). The
consensus control problem can be categorized into leaderless consensus and leader-
follower consensus. The leader-follower consensus control problem aims to drive all
followers to approach the prescribed trajectory of a leader, which is studied in this

chapter.

The obstacle avoidance problem is considered impossible to be ignored when the
leader-follower consensus control theory is turned into practice. As both the inter-
robot collision and static obstacles are necessary to be considered for a multi-robot
system, an obstacle avoidance algorithm is required to ensure that the system is able
to safely complete complex tasks. The obstacle avoidance problem generally is con-
verted into equivalent state or input constraints that are enforced by different methods
(Hoffmann and Tomlin 2008, Zhu and Alonso-Mora 2020, Zhang et al. 2021).

Recently, the control barrier function (CBF) is a popular tool to solve constrained

control problems to achieve safety guarantees via optimization-based controllers
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(Ames et al. 2017). It is widely applied in safety-critical control areas due to its real-
time desired performance and robustness (Choi et al. 2020, Taylor et al. 2020). The core
point of the CBF technique is to impose inequality constraints on the derivative of a
suitable CBF to develop a controller that renders a given stable set. Thus, CBF is able
to address the obstacle avoidance problem for MAS. For instance, the centralized and
decentralized control barrier certificates have been designed to develop an obstacle
avoidance algorithm for swarm behaviour (Borrmann et al. 2015). The same safety bar-
rier certificates have been extended to a heterogeneous multi-robot system for achiev-
ing collision-free behaviour (Wang et al. 2016a). A more conservative collision avoid-
ance strategy has been synthesised with centralized control barrier certificates to form
relaxed safety barrier certificates for a multi-robot system (Wang et al. 2017b). Never-
theless, the constrained consensus control problem with CBF has not been investigated

yet, which motivates us to develop a safe consensus control framework for MAS.

The contribution is twofold. First, this chapter develops a real-time optimization-based
safe consensus controller that allows a LQR-based consensus controller to unify with
safety constraints expressed as a distributed zeroing barrier function (ZBF). Second, the
practical validation of the ZBF-based consensus control framework is built on a multi-
robot platform setup including two mobile robots, a motion capture camera system

and two static obstacles for safe consensus tracking.

The remainder of this chapter is organized as follows. Section 6.2|is problem formula-
tion. A safe leader-follower consensus framework is designed in Section Experi-

mental results on a practical multi-robot system are shown in Section

6.2 Problem Formulation

Consider M = {i|i =1,2,---,N} be a group of N identical networked agents, the

dynamics of i-th agent is described as

xi(t) = Ax;(t) + Bu(t)
vi(t) = Cx;(t)

6.1)

where x; = [p!,v]]T € R? represent positions and velocities of agents, u;(t) € R? are
the acceleration signals and y;(t) is the system output. In real-world applications, there

exists limits on velocity and acceleration, i.e., ||v;||, < Biand ||ui]| o < ;.
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The dynamics of the leader is given by
(6.2)

Definition 6.1. The leader-follower consensus tracking problem is to design a local control
protocol u; for all agents, such that all agents can reach consensus on the state trajectory of the
leader, i.e., tlim(xl-(t) —x,(t)) =0,Vie M.

—00

Definition 6.2. The MAS in (6.1)) is said to be safe if global state x(t) stays in a safe
set C of system (6.1)) for all time, ie., x € C, ¥t > 0, where the global state x(t) =
[ ()T, x2())T, -+, xn(H)T]T € RN and the safe set C is defined in the following section.

The control design objectives of this chapter are twofold and described as follows

1. Distributed leader-follower consensus tracking can be achieved.

2. Safety between moving agents and static obstacles and between agent and its

related neighbour can be guaranteed.

6.3 Safe Consensus Control Framework

In this section, a novel safe consensus control framework is designed by synthesizing
the LOR and CBF techniques. As illustrated in Figure the proposed QP-based safe
consensus controller u#; includes a nominal LQR-based consensus controller 7; and a
distributed ZBF h;;.

6.3.1 Nominal LQR-based Consensus Controller Design

We consider a distributed leader-follower consensus algorithm for each robot as

up = —cK Y a;(x; — xj) + bi(x; — x;) (6.3)
jEN

with scalar coupling gain ¢ and feedback control design gain matrix K € R?** to be

designed.
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Nominal LQR-based
consensus controller

QP-based safe

| consensus controller

u;

Agent 3

A T

Distributed zeroing
barrier function

hy

T

Figure 6.1. Block diagram of the proposed safe consensus control system.

Since LQR is an optimal regulator that derives the feedback control gain matrix K and
minimizes the performance index | = [;°(xTQx -+ uT Ru)dt where the design matrices
Q = QT and R = RT are positive definite with appropriate dimensions, P is the unique

positive definite solution of the control algebraic Riccati equation

ATP+PA+Q—PBR 'B'P=0 (6.4)

In order to develop the nominal LQR consensus controller, the matrix form of the over-
all closed-loop system dynamics can be written by considering (6.1 and (6.3)) as

5C — Acx + ch;/ (6-5)

where the global state x = [xir , sz L, ,x{,]T e R¥™N 7, = 1y ® x, € R*N and matrices
A. and B, are defined as
Ac=Iy®A—c(L+B)®BK,

6.6)

The following lemma is introduced to determine the feedback control gain matrix K.

Lemma 6.1. (Fax and Murray 2004) Let A; = a; + jb; with i € M be the eigenvalues of
L + B where a;, b; € R and j is the imaginary unit, thus the global consensus error dynamics é
is asymptotically stable if and only if all the matrices A — cA;BK are Hurwitz, where the global

consensus error dynamics is given as é = x — X, = Ace.

Consider the global system in (6.5)) and the proposed consensus controller (6.3)), the
teedback control gain matrix K can be derived by solving the Riccati equation from the

following corollary.
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Corollary 6.1. (Zhang et al. 2011) Let design matrices Q = QT € R¥**and R = RT € R?*?
be positive definite. Design the state feedback control gain K as
K=R"!BTP 6.7)

where P is the unique positive definite solution of the control algebraic Riccati equation

(A — cA;BK)TP + P(A — cA;BK) + Q + (2ca; — 1)KTRK = 0 6.8)

With the MATLAB function Igr(-) to compute the control matrix K to derive the nomi-
nal LQR consensus controller u;, then we can apply the ZBF strategy to ensure that the

proposed control framework guarantees collision-free behaviour in MAS.

6.3.2 Distributed Zeroing Barrier Function for Collision Avoidance

Consider an affine control system

£ = f(x) + g(x)u (69)

where x € D € R" and control input u € U C R", f and g are locally Lipschitz

continuous.

Definition 6.3 (Forward invariant set). For any initial condition xo € D there exists a
maximum interval of existence I1(xg) = [0, T) such that x(t) is the unique solution to ({6.9))
on I(xp). A set C is forward invariant if for every initial condition x(0) = xo € C and every

trajectory x(t) € C forall t € I(xp).

A set C is defined as the superlevel set of a continuously differentiable function/ : D C
R" — R, yielding

C={xeDcCR":h(x)>0} (6.10)
Thus, system is safe with respect to the set C if the set C is forward invariant
(Ames et al. 2019).

Definition 6.4. (Ames et al. 2014) A continuous function x : (—b,a) — (—o0,00) is said to

belong to extended class IC function for some a,b > 0 if it is strictly increasing and x(0) = 0.

Notice that, function «(t) = " is one selection of extended class K function for any
positive odd integer m. In this chapter, we choose x(t) = 3 as the extended class K

function.
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6.3.2 Distributed Zeroing Barrier Function for Collision Avoidance

Definition 6.5. (Xu et al. 2015) For the dynamical system (6.9)), a continuously differentiable
function h : R" — R is a ZBF for the safe set C, if there exist an extended class K function
and a set D with C C D C R" such that, for all x € D

sup{Lsh(x) + Lgh(x)u +x(h(x)) > 0} (6.11)
uel
where Lg and Lg indicate the elements of the Lie derivative formalism d];gcx) = a’g(xx)x =

W (f(x) + (x)u) = Lyh(x) + Leh(x)u.

Next, we need to define a proper safety constraint & and the appropriate safe set C,

which guarantees the collision-free behaviour is achieved.

The existing safety constraint for MAS is derived from a classic collision avoidance
algorithm (Ogren and Leonard 2005) by applying the maximum braking force («; + &;)
until relative velocity A reaches to zero while keeping a safety distance D; all time,

which mathematically describes as follows
[Api]| +/ o(to+t)dt > Ds, Vi#j (6.12)
where Ad(tg +t) = Ad(to) + («; + «;)t, which means that

(A2 S b, viz j 6.13)

18Pl = 500 <oy =

As the safety constraint needs to be enforced when agents are approaching to each

other, i.e., when A7 < 0, which gives,

Apl]

Inspired by (Borrmann et al. 2015, Wang et al. 2016a) and the classic collision avoidance
algorithm (Ogren and Leonard 2005), we introduce the following distributed safety

constraint ;; as a ZBF

Pz
hi]'(prv):\/2(“i+“j)(HAPij”—Ds) Tap] — Ay (6.15)

where D;s is a safety distance, Ap;; = p; — pj and AT = ||Ap,]H Av;; with

HA H
Avjj = v; — vj represent relative position and velocity between two agents, respectlvely.
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Hence, the safe set C is defined as

Cij = {(pi,vi) € R hyj(p,0) > 0} Vi#]j, (6.16)

C=TI<NCi;, (6.17)

iEM | ieM
i#]

where h;; is a ZBF for set C;; and [];c  is the Cartesian product over the states of all

agents.
By selecting the extended class K function x(h(x)) = yh(x)® with o > 0, we have

Leh(x) + Leh(x)u + yh*(x) > 0 (6.18)

Integrating (6.15)) and (6.18]), the safety barrier function can be reorganized as

(sz;Apij)z
2
|Api|

(2 + a;) Av ) Ap;j
V2@ + ) ([|8py]| - Ds)

Vi

(6.19)

—Apfidug; < o || Apy| -

2
j + [| 804" +

The above inequality can be reformulated as a linear constraint in #; and u;, which can

be represented as A;ju < b;j, with

Ajj = [0’...,_Apgl...,ApiT;,...lo]

—— NI (6.20)
agent i agent j
and bj; is defined as
(AvjAp;)? > (a; 4 aj) Avy; Apjj
bij = vy || Apij]| = ——7— + [|Avy|" + - (6:21)

2
1apy| V2 + ) ([[aps]| — Ds)

More specifically, the safety barrier function between agent i and agent j is distributed

to each agent as
Xi
Ki + K;
&

—Aplu; < bij

(6.22)

b

Ty. < T ..
Apijitj < i+ oj

The following corollary proves other obstacles that do not belong to the set M and the
neighbouring agents satisfy the distributed safety constraint /;; in (6.15) with agent i.
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Corollary 6.2. (Wang et al. 2017b) Agent i € M only needs to form ZBF with its neighbour

N to achieve collision-free behaviour. The neighbour set of agent i is defined as

Ni={j € M[||Apijl| < Dn;} (6.23)
where Dy, = Ds + m (ﬂw +,51'+,5max) With &min = ?Qiﬁ{“f} and
amax = max{a;} are the lower and upper bounds of all agents” acceleration limits, and

jeEM
Bmax = m?@l({ Bj} is the upper bound of all agents” velocity limits.
j€

Therefore, each agent i runs its own QP-based LQR consensus controller as follows
uj = argmin J(u;) = ||u; — ;|
uiERZ
s.t. Ai]'ui < 1_71‘]', Vj e N; (6.24)
[uillo < &

&;
IXI'—HX]'

where Ai]- = —Ap;g, Eij = bjj and #; is the nominal LQR consensus controller.

Theorem 6.1. Consider a MAS (6.1)), if the nominal LQR consensus controller u; in (|6.3])
satisfies the distributed safety barrier function h;; in (6.15)) for all agents with initial conditions
(p(0),v(0)) € C, then the MAS is guaranteed to be safe.

Proof. 1f the distributed safety barrier function in is enforced for all agents, then
the set C;; in (j6.16)) is forward invariant Vi € M and j € ;. According to Corollary 1,
(pi,vi) always stays in C;; even j # N;. Therefore, set C in (.17) is forward invariant
and this completes the proof. O

6.4 Experimental Results on Multi-robot System

In this section, a multi-robot system is built to verify the effectiveness of the proposed
safe consensus control framework. The system consists of two mobile robots named
Qbot from Quanser, two static obstacles and an OptiTrack motion capture system as
shown in Figure The OptiTrack motion capture system uses cameras to detect
reflective markers attached to the object that is tracked, in our case a mobile robot as
shown in Figure Each robot perceives its own position and velocity information

from the tracked markers in a global reference frame.
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Figure 6.2. A multi-robot system.

A
//
‘91‘3’89 61 é‘-;
=

Figure 6.3. A single mobile robot attached with reflective markers.
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Tracking trajectories in x-axis(m)

Tracking trajectories in y-axis(m)
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Figure 6.4. Tracking trajectories in x-axis.
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Figure 6.5. Tracking trajectories in y-axis.
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15r ™ Robot 1
i — = Robot 2
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Figure 6.6. Safe tracking trajectories of all robots.
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Figure 6.7. The proposed controller keeps the system safe (the ZBF ;; of each robot is

positive for all time).
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6.5 Chapter Summary

For this experiment, our control problem is to control two mobile robots to track a de-
sired setpoint while avoiding collision with each other and static obstacles. The initial
conditions of robots are given as x; = [0.52,0.95,0, 0] Tand x, = [—0.40,1.64,0,0] T the
limits of velocity and acceleration are f; = B2 = 0.5m/s and a1 = a; = Im/ s2. The

safety distance Ds; = 0.1m, the design parameter -y in ((6.18) is given as 0.1.

The nominal LQR-based consensus controller gain K is derived by considering the

following matrices

005 0 0O
o_ |0 00500 625)
0 0 10 '
0 0 01
10
R= (6.26)
01
and applying the MATLAB function Igr(-) to obtain
0.2236 0 1.2030 0
- . (6.27)
0 0.2236 0 1.2030

We consider the distributed safe CBF in as a ZBF, then, the QP-based controller
in is formed by synthesizing LQR and ZBF methods to guarantee safety be-
tween robots and static obstacles. As illustrated in Figures|6.4{and the two mobile
robots can track the desired set point and reach a consensus. From Figures 6.6/and
we obtain that the mobile robots can avoid colliding with each other while achieving

collision-free behaviour with the two static obstacles.

6.5 Chapter Summary

In this chapter, a new safe consensus control framework has been developed by de-
signing a QP-based consensus controller. The LQR-based consensus controller has
been adopted as a nominal controller and a distributed ZBF has been introduced to
ensure the safety of MAS. Furthermore, a multi-robot system has been built to test the

effectiveness of the safe consensus controller.
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Chapter

Conclusions and Future
Work

7.1 Conclusions

This section concludes the thesis by summarizing the main results presented in chap-

ters 2HEl

7.1.1 Summary

Chapter [2| studies the discrete-time scaled consensus problem subject to time-varying
state delay and external disturbance by integrating the SMC approach with an event-
triggered scheme. A new sliding surface function is designed to drive the state tra-
jectories to reach a predesigned sliding surface. Besides, for implementing the event-
triggered control mechanism, Zeno behaviour analysis is inevitable because infinite
events are triggered in a finite time interval, therefore, in this work, it is unnecessary to
be considered since the triggering instants are generated in a discrete manner. Further-
more, a synthesis SMC controller with the event-triggered control technique is devel-
oped to force the trajectories onto the predefined sliding surface. Finally, a sufficient
condition is obtained to guarantee the robust scaled consensus with a predefined Heo

performance adopting the LMIs-based method.

Chapter[3|explores the event-triggered leaderless consensus tracking problem with un-
known backlash-like hysteresis for MAS. Most consensus schemes require the global
information of a predetermined leader or exosystem, which decreases the degree of
autonomy in MAS. On the contrary, leaderless consensus can be reached without a pre-
defined global exosystem. Moreover, an auxiliary system represented by local infor-

mation interactions is introduced to overcome the barrier brought by the asymmetric
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7.1.1 Summary

semi-definite positive Laplacian matrix. Likewise, an event-triggered strategy based
on a dynamic threshold is proposed to achieve a considerable reduction in controller
updates. The designed event-triggered adaptive leaderless consensus control protocol
is applicable to improve the leaderless consensus tracking performance of the non-
linear MAS by compensating for the impact of the unknown backlash-like hysteresis.
Moreover, the controller can ensure the leaderless consensus tracking error asymptot-
ically converges to zero. An example is given to show the effectiveness of the new

control design method.

In chapter ] we propose a distributed fault-tolerant consensus control scheme for
nonlinear MAS under output constraint by synthesizing the adaptive backstepping
and neural network methods. More specifically, we introduce a new state transforma-
tion function for each agent to directly map the constrained output into a constraint-
free one, which averts the limitations of the BLF method and is able to cope with
constrained and unconstrained cases uniformly. Since the conventional adaptive
approximation-based control techniques require one adaptive law at each design step,
a single parameter estimator is introduced to mitigate the computation of the con-
troller. Furthermore, a more general fault model is used to represent four operating
modes of an actuator for each agent. The adaptive compensation technique is ap-
plied to tackle the actuator fault problem for nonlinear MAS. Consequently, an effec-
tive fault-tolerant consensus control framework is proposed to improve the consensus

control performance and reliability of the nonlinear MAS.

In chapter |5, a new state transformation function is derived and implemented to trans-
form a time-varying asymmetric constrained output into an equivalent unconstrained
state. The proposed function can not only deal with both time-varying symmetric and
asymmetric cases but also remove the implicit conditions on boundaries. Furthermore,
the proposed function can address constrained and unconstrained cases uniformly.
Two cases of UCD problems are analysed by introducing less restrictive assumptions
to the control gain matrix. Two corresponding simulations are also carried out to ver-
ify the feasibility. A new framework of adaptive consensus controller is proposed to
resolve the problems of output constraints and UCD for MIMO nonlinear MAS. Specif-
ically, a sliding mode integral filter is presented to estimate the derivative of virtual
control law instead of calculating it tediously, which can circumvent the explosion of

the complexity problem in backstepping control.
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Chapter 7 Conclusions and Future Work

Chapter [6] develops a real-time optimization-based safe consensus controller that al-
lows a LQR-based consensus controller to unify with safety constraints expressed as
a distributed ZBF. Moreover, the practical validation of the ZBF-based consensus con-
trol framework is built on a multi-robot platform setup including two mobile robots, a

motion capture camera system and two static obstacles for safe consensus tracking.

7.2 Future Work

This thesis only studied distributed consensus control problems with communica-
tion, output and input constraints, there are still some potential future research di-
rections including constrained consensus control for heterogeneous MAS, distributed

optimization and learning-based control for MAS.

7.2.1 Constrained Consensus Control for Heterogeneous Multi-agent

Systems

In this thesis, all agents are assumed to be identical, which is homogeneous MAS. How-
ever, agents with different dynamics form a heterogeneous MAS that is commonly en-
countered in real-world applications. Whether the theoretical results of constrained
consensus control for homogeneous MAS can be extended to heterogeneous MAS is
a problem worth investigating. Furthermore, the development of practical heteroge-
neous MAS including UAV and mobile robots with physical constraints is an interest-

ing research topic.

7.2.2 Distributed Control Barrier Functions for Nonlinear Multi-

agent Systems

In chapter [p] the safe consensus control strategy incorporates obstacle avoidance as an
input constraint named ZBF to be considered while solving the optimal control prob-
lem, which forms a distributed optimization-based scheme. Thus, constraints on state,
output and input can be easily incorporated into this framework. Nevertheless, non-
linear MAS and MAS with uncertainties have not been intensively studied under such

a framework. Moreover, the core idea of this framework is to propose a suitable CBF.
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7.2.3 Learning-based Control for Constrained Multi-agent Systems

How to transform communication constraints into a proper CBF is still an unsolved

problem.

7.2.3 Learning-based Control for Constrained Multi-agent Systems

The constrained MAS performs complex tasks that require long-duration autonomy
in dynamic social environments is the ultimate goal of autonomous MAS. Recently,
learning-based control methods are emerging as potential solutions for autonomous
MAS. It is also a powerful tool to increase the autonomy of MAS. As the changing en-
vironmental conditions and various constraints bring more challenges, learning-based

solving algorithms could be favourable to achieve the desired performance for MAS.
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