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Resumen
Esta tesis explora estrategias de control cooperativo para sistemas multiagente con 

parámetros variables en el tiempo (LPV). Los sistemas multiagente (MAS) tienen un potencial 
significativo en diversas aplicaciones, incluyendo sistemas eléctricos, misiones de vigilancia y 
control de redes de vehículos. Esta investigación desarrolla métodos de control de consenso 
basados en observadores para sistemas multiagente LPV. El objetivo principal es lograr 
formaciones deseadas y mantener la estabilidad del sistema. Además, el diseño de control de 
consenso líder-seguidor basado en observador se centra en el control cooperativo entre agentes 
bajo fallos de actuadores. Se considera la aplicación de Desigualdades Matriciales Lineales 
(LMIs) para garantizar la estabilidad en todos los submodelos utilizando el teorema de Polya 
de la teoría de control difuso. Las estrategias de control propuestas se validan mediante 
simulaciones, demostrando su eficacia para mantener la formación y lograr consenso incluso 
en presencia de fallos. La principal contribución del trabajo propuesto es desarrollar una 
estrategia de control de consenso tolerante a fallos del tipo líder-seguidor basada en observador 
para MASs LPV. Se derivan condiciones en forma de LMIs para garantizar la existencia de las 
ganancias del controlador LPV, del observador LPV y del actuador virtual LPV. Si bien se 
reduce el conservadurismo, el cálculo simultáneo de estas ganancias incrementa las 
restricciones computacionales.
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Abstract

This thesis explores cooperative control strategies for Linear Parameter-Varying (LPV)
multi-agent systems. Multi-agent systems (MAS) have signi�cant potential in diverse ap-
plications, including electrical systems, surveillance missions, and vehicle network control.
This research develops observer-based consensus control methods for LPV multi-agent
systems. The primary objective is to achieve desired formations and maintain system
stability.

Further, the observer-based leader-following consensus control design focuses on co-
operative control among agents under actuator faults. The application of Linear Matrix
Inequalities (LMIs) to ensure stability across all submodels using Polya's theorem from
fuzzy control theory is considered. The proposed control strategies are validated through
simulations, demonstrating their e�cacy in maintaining formation and achieving consen-
sus even in the presence of faults.

The main contribution of the proposed work is to develop an observer-based leader-
following fault-tolerant consensus control strategy for LPV MASs. LMIs conditions are
derived to ensure the existence of LPV controller, LPV observer, and LPV virtual actua-
tor gains. While reducing conservatism, computing these gains simultaneously increases
computational constraints.
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Résumé

Cette thèse examine les stratégies de contrôle coopératif pour les systèmes multi-agents à 
paramètres linéaires variables (LPV). Les systèmes multi-agents (MAS) o�rent un poten-
tiel considérable dans diverses applications, telles que les systèmes électriques, les missions 
de surveillance et le contrôle des réseaux de véhicules. Cette recherche propose des méth-
odes de contrôle par consensus basées sur des observateurs pour les systèmes multi-agents 
LPV, avec pour objectif principal d'obtenir des formations spéci�ques tout en maintenant 
la stabilité du système.

En outre, la conception du contrôle par consensus basé sur des observateurs pour le 
suivi de leader se concentre sur le contrôle coopératif entre les agents en présence de 
défaillances des actionneurs. L'application des inégalités matricielles linéaires (LMI) pour 
garantir la stabilité de tous les sous-modèles, en s'appuyant sur le théorème de Polya issu 
de la théorie du contrôle �ou, est étudiée. Les stratégies de contrôle proposées sont validées 
par des simulations, démontrant leur e�cacité à maintenir la formation et à atteindre le 
consensus même en cas de défaillances.

La principale contribution de ce travail consiste à développer une stratégie de contrôle 
par consensus tolérante aux pannes, basée sur des observateurs, pour les MAS LPV en 
mode suivi de leader. Les conditions LMI sont dérivées pour garantir l'existence des 
gains du contrôleur LPV, de l'observateur LPV et de l'actionneur virtuel LPV. Bien que 
cette approche réduise le conservatisme, le calcul simultané de ces gains augmente les 
contraintes computationnelles.
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List of Symbols

General System Matrices and Vectors

A,B,C,D System matrices for Linear Time-Invariant (LTI) systems.
A(ζ(t)), B(ζ(t)), C(ζ(t))Parameter-dependent system matrices for Linear Parameter-

Varying (LPV) systems.
Ah, Bh, Ch Vertex matrices of the h-th submodel in the LPV polytopic repre-

sentation.
xi(t) State vector of the i-th agent.
ui(t) Control input vector of the i-th agent.
yi(t) Output vector of the i-th agent.
dui(t) External disturbance vector acting on the i-th agent.
dyi(t) Sensor noise vector a�ecting the i-th agent.
x̂i(t) Estimated state vector of the i-th agent.
ŷi(t) Estimated output vector of the i-th agent.
ei(t) State estimation error vector of the i-th agent, ei(t) = xi(t)− x̂i(t).
L Observer gain matrix (LTI case).
L(ζ(t)) Parameter-dependent observer gain matrix (LPV case).
Lh Vertex observer gain for the h-th submodel.
K Controller gain matrix (LTI case).
K(ζ(t)) Parameter-dependent controller gain matrix (LPV case).
Kh Vertex controller gain for the h-th submodel.
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Multi-Agent System Coordination

N Total number of follower agents.
G Communication graph.
V Set of nodes (agents) in the graph, V = {v1, v2, . . . , vN}.
E Set of edges (communication links) in the graph.
A = [aij] Adjacency matrix of the graph.
aij Element of the adjacency matrix; aij > 0 if agents i and j are connected.
L = [lij] Laplacian matrix of the communication graph.
Ni Set of neighbors of the i-th agent.
xl(t) State vector of the virtual leader.
δi(t) Synchronization error between the i-th agent and the leader, δi(t) =

xi(t)− xl(t).
αi Leader-follower connection weight; αi > 0 if agent i is connected to the

leader.
Λ Diagonal matrix of leader-follower connection weights, Λ =

diag(α1, α2, . . . , αN).
L Matrix representing the overall leader-following communication, L = L+

Λ.
λj j-th eigenvalue of the matrix L.
H Matrix containing the desired formation vectors hi for all agents.
hi Desired relative position vector for the i-th agent in the formation.
Dij, dij Distance error between agents i and j relative to the desired formation.
∆i, δi Synchronization error magnitude between agent i and the leader relative

to a desired distance (e.g., formation radius).

ix



LPV System and Stability Analysis

ζ(t), β(t) Scheduling parameter vector for the LPV system.
ζ1, ζ2, ζ3 Components of the scheduling parameter vector (e.g., ζ1 =

cos(θ) cos(ϕ), ζ2 = ϕ̇, ζ3 = θ̇).
ρh(ζ(t)),Θh(β(t)) h-th weighting (or scheduling) function for the LPV polytope.
S Number of vertices in the LPV polytopic representation.
P, P1, P2, P3 Positive de�nite matrices used in Lyapunov functions.
P̄1, P̄2 Inverses of Lyapunov matrices (P̄1 = P−1

1 ).
γ H∞ performance level (attenuation level from disturbances to er-

rors).
µ, µ1, µ2 Tuning scalar variables used in LMI derivations (Young's relation).
Nc, Nh,Mo,Mh,Mh,Nh,OhAuxiliary matrices de�ned for LMI synthesis (Nh = KhP̄1, Mh =

P2Lh, etc.).
s Complexity parameter for Polya's theorem.
⊗ Kronecker product operator.
He{X} Hermitian operator, He{X} = X +XT .
IN Identity matrix of size N ×N .
diag(·) Diagonal matrix operator.

Fault-Tolerant Control

Bf (β(t), ϑi(t)) Faulty input matrix under multiplicative actuator faults.
ϑi(t) Diagonal matrix of multiplicative actuator fault e�ectiveness factors

for the i-th agent, ϑi(t) = diag(κi1(t), . . . , κir(t)).
κiε(t) E�ectiveness factor of the ε-th actuator of the i-th agent (0: total

failure, 1: healthy).
fui(t) Additive actuator fault vector for the i-th agent.
ϑ̂i(t), f̂ui(t) Estimated multiplicative and additive actuator faults, respectively.
uvi(t) Virtual actuator output (recon�gured control input) for the i-th

agent.
yvi(t) Virtual actuator output vector.
xvi(t) State vector of the dynamic virtual actuator for the i-th agent.
Nv(β(t), ϑ̂i(t)) Virtual actuator input redistribution matrix.
Mv(β(t)) Parameter-dependent virtual actuator gain matrix.
Mvh Vertex virtual actuator gain for the h-th submodel.
B∗(β(t)) Reconstituted input matrix after virtual actuator compensation.
LP (β(t)) Parameter-dependent observer gain used in the FTC scheme.
LPh

Vertex observer gain for the h-th submodel in the FTC scheme.
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UAV Model and Control

ξ = [px, py, pz]
T Position vector of the UAV in the inertial frame.

px Position coordinate along the x-axis in the inertial frame.
py Position coordinate along the y-axis in the inertial frame.
pz Position coordinate along the z-axis in the inertial frame (altitude).
v = [vx, vy, vz]

T Linear velocity vector of the UAV in the inertial frame.
vx Linear velocity component along the x-axis in the inertial frame.
vy Linear velocity component along the y-axis in the inertial frame.
vz Linear velocity component along the z-axis in the inertial frame.
Ω = [p, q, r]T Angular velocity vector in the body-�xed frame.
p Angular velocity component around the x-axis of the body frame (roll

rate).
q Angular velocity component around the y-axis of the body frame (pitch

rate).
r Angular velocity component around the z-axis of the body frame (yaw

rate).
[ϕ, θ, ψ]T Euler angles vector.
ϕ Roll angle (rotation around the x-axis of the body frame).
θ Pitch angle (rotation around the y-axis of the body frame).
ψ Yaw angle (rotation around the z-axis of the body frame).
[ϕ̇, θ̇, ψ̇]T Euler angle rates vector.
ϕ̇ Roll rate (derivative of roll angle).
θ̇ Pitch rate (derivative of pitch angle).
ψ̇ Yaw rate (derivative of yaw angle).
R Rotation matrix from the body frame to the inertial frame.
m Total mass of the UAV.
J = diag(Jx, Jy, Jz) Moment of inertia matrix.
Jx Moment of inertia about the x-axis of the body frame.
Jy Moment of inertia about the y-axis of the body frame.
Jz Moment of inertia about the z-axis of the body frame.
F Total thrust force produced by the motors.
τ Total torque vector produced by the motors.
u = [uz, uϕ, uθ, uψ]

T Control input vector.
uz Total thrust force (along the z-axis of the body frame).
uϕ Torque around the x-axis of the body frame (roll torque).
uθ Torque around the y-axis of the body frame (pitch torque).
uψ Torque around the z-axis of the body frame (yaw torque).
fe Thrust force generated by the ε-th propeller.
f1, f2, f3, f4 Thrust forces generated by propellers 1, 2, 3, and 4 respectively.
Γ Control e�ectiveness matrix relating rotor speeds to control inputs.
Ω = [Ω1,Ω2,Ω3,Ω4]

T Angular velocities vector of the four rotors.
b Thrust coe�cient of the propellers.
d Drag torque coe�cient of the propellers.
df Drag force coe�cient.
dt Drag torque coe�cient.
l Arm length of the quadcopter.
g Acceleration due to gravity.
I Inertial reference frame.
B Body-�xed reference frame.
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Chapter 1

General Introduction

Contents
1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.3 Objectives of the Thesis . . . . . . . . . . . . . . . . . . . . . . 3

1.4 Contributions and publications . . . . . . . . . . . . . . . . . . 4

1.5 Content of the Thesis . . . . . . . . . . . . . . . . . . . . . . . . 4

1.1 Introduction

In recent years, multi-agent systems have gained signi�cant attention due to their superior
potential compared to single-agent systems across various applications [1]. These systems
consist of multiple autonomous entities, known as agents, which in control theory are
de�ned as autonomous dynamical systems [2]. Multi-agent systems are increasingly being
employed in diverse �elds, including electrical systems [3], surveillance and reconnaissance
missions [4], robotic arm coordination [5], and vehicle network control [6], among others.
The design and implementation of multi-agent systems depend on their con�guration,
which can be categorized into two primary approaches: centralized and distributed. In a
centralized approach, a central hub collects information from and transmits control sig-
nals to all agents [7]. In contrast, distributed systems rely on local interactions, where
agents exchange information only with their neighbors [8]. Additionally, multi-agent sys-
tems can be classi�ed as homogeneous or heterogeneous. Homogeneous systems consist
of agents with similar characteristics, capabilities, and dynamics, while heterogeneous
systems comprise agents with di�ering attributes [2]. The choice between these con�gu-
rations depends on the speci�c requirements and objectives of the application. Regardless
of the con�guration, a critical challenge in the operation of multi-agent systems is the oc-
currence of faults, which can manifest in actuators, sensors, or the system dynamics itself
[9]. Unlike complete failures that result in total loss of functionality, faults represent
partial degradation that progressively impair system performance while allowing contin-
ued operation [10]. Faults can be classi�ed according to their origin and characteristics.

1



Chapter 1. General Introduction

Actuator faults manifest as deviations from nominal behavior, including partial e�ective-
ness loss, output biases, or unintended oscillations [11]. Sensor faults typically appear as
measurement inaccuracies through biases, signal drift, or noise ampli�cation [12]. System
faults, arising from parameter variations, structural damage, or unmodeled disturbances,
present particular detection challenges due to their complex interaction with nominal dy-
namics. Mathematically, faults are categorized as either additive or multiplicative. Ad-
ditive faults [13] introduce independent deviations to system states or outputs, enabling
relatively straightforward detection. Multiplicative faults [14], however, modify system
parameters or gains through scaling e�ects, requiring more sophisticated identi�cation
techniques due to their coupled nature with system dynamics. Given the diverse nature
and potential impact of faults, addressing these challenges requires robust fault-tolerant
control (FTC) techniques. These techniques can be broadly divided into passive and ac-
tive approaches. Passive techniques treat faults as disturbances and rely on the control
system's inherent robustness to compensate for them [15]. Active techniques, on the other
hand, adjust the control law based on fault information obtained through detection and
isolation methods [16]. One prominent tool in active FTC is the virtual actuator, which
simulates the behavior of physical actuators to compensate for faults by adjusting control
inputs or system dynamics [17]. For instance, adaptive virtual actuators for linear systems
have been proposed to handle uncertainties and disturbances [18]. Similarly, FTC strate-
gies for discrete-time descriptor systems employ virtual actuators and sensors to mitigate
faults while addressing challenges such as algebraic loops and control input dependencies
[19]. Other applications include FTC for turbofan engines using virtual actuators and
gain-scheduled control theory [20], and Linear Parameter-Varying (LPV) systems that
recon�gure virtual actuators and sensors to ensure stability under faults and operating
point changes [21].

Multi-agent systems have emerged as a powerful paradigm for addressing complex
tasks across diverse applications, o�ering advantages over single-agent systems in terms
of scalability, �exibility, and robustness. However, the operation of these systems is often
challenged by the occurrence of faults in actuators, sensors, or system dynamics, which
can degrade performance and compromise safety. To mitigate these challenges, FTC
techniques�ranging from passive robustness to active recon�guration strategies�have
been developed. Among these, virtual actuators and sensors have proven particularly
e�ective in compensating for faults and maintaining system stability. This thesis explores
advanced FTC strategies for multi-agent systems, aiming to enhance their reliability and
performance in the presence of uncertainties and faults.

1.2 Motivation

Multi-agent systems have become indispensable in modern applications due to their ability
to achieve complex objectives through collaboration. However, their reliance on intercon-
nected agents makes them vulnerable to disruptions, particularly actuator faults. Such
faults can destabilize individual agents and, due to the interconnected nature of the sys-
tem, propagate through the network, threatening the entire system's ability to achieve
consensus. For instance, in a leader-following consensus scenario, a single faulty agent
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can disrupt the collective behavior. Figure 1.1 depicts a leader-following consensus con-
trol scheme for a multi-agent system operating under actuator faults. In this scenario,
the absence of a FTC mechanism means that a faulty agent cannot follow the leader or
coordinate with neighboring agents. Figure 1.1 uses two gray boxes to visually separate
the independent control systems: one for the virtual leader and one for the followers. This
same convention is used in the subsequent diagrams. It is important to note that while
the leader's control is designed independently, the followers have access to its control law.

Figure 1.1: Leader-following consensus control for multi-agent systems under actuator
faults.

The implementation of FTC in multi-agent systems is critical to ensure their stability
and reliability in the presence of actuator faults. Without FTC, a fault in one agent
can cascade through the network, leading to widespread performance degradation or even
system failure. FTC enables a�ected agents to dynamically adapt their control strategies,
mitigating the impact of faults and preserving the system's ability to achieve consensus.
This capability is especially vital in safety-critical applications, such as autonomous �ying,
autonomous transportation or distributed energy systems, where actuator faults can have
severe consequences.

1.3 Objectives of the Thesis

The aim of this thesis is to develop an observer-based fault-tolerant consensus control for
LPV multi-agent systems. This approach is designed to enable a�ected agents to com-
pensate for both additive and multiplicative actuator faults, ensuring robust performance
under faulty conditions. The main objective of this research is to design a consensus
control law for distributed LPV multi-agent systems to achieve desired formations under
faulty scenarios. Below, the speci�c objectives of the research are outlined.

Speci�c objectives

� To design a consensus strategy to coordinate LPV multi-agent systems.

� To establish how the agents are a�ected by the faults.
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� To propose a strategy to solve the distributed consensus problem in teams of LPV
multi-agent under faulty scenarios.

1.4 Contributions and publications

The main contribution is the design of a distributed observer-based fault-tolerant leader-
following consensus control law based on estimated states of the neighboring agents to
coordinated LPV multi-agent systems in faulty scenarios, where the vertex FTC and
observer gains are computed simultaneously based on LMIs.

Related works were published in international journals and conferences, presenting
this research's main contributions.

� Vazquez Trejo J. A., Ponsart J-C., Adam-Medina M., Valencia-Palomo G., Vazquez
Trejo J. A., and Theilliol D., "Distributed Observer-based Fault-tolerant Leader-
following Control of Multi-agent Systems," 11th IFAC Symposium on Fault De-
tection, Supervision and Safety for Technical Processes SAFEPROCESS: Pafos,
Cyprus, 8-10 June 2022, vol. 55, no. 6, pp. 691-697.

� Vazquez Trejo J. A., Adam Medina M., Vázquez Trejo J. A., García Beltrán C.
D. and García Morales J., "Robust Observer-based Leader-Following Consensus for
Multi-agent Systems," in IEEE Latin America Transactions, vol. 19, no. 11, pp.
1949-1958, Nov. 2021.

� Vazquez Trejo, J.A., Ponsart JC., Adam-Medina, M., Valencia-Palomo, G., Vazquez
Trejo, J.A. (2023). "Distributed Observer-Based Leader-Following Consensus Con-
trol Robust to External Disturbance and Measurement Sensor Noise for LTI Multi-
agent Systems," in: Theilliol, D., Korbicz J., Kacprzyk J. (eds) Recent Develop-
ments in Model-Based and Data-Driven Methods for Advanced Control and Diag-
nosis. ACD 2022. Studies in Systems, Decision and Control, vol 467. Springer,
Cham.

� Vazquez Trejo, J. A., Ponsart JC., Adam-Medina M., Valencia-Palomo G. and Theil-
liol D., "Distributed Observer-based Leader-following Consensus Control for LPV
Multi-agent Systems: Application to multiple VTOL-UAVs Formation Control,"
2023 International Conference on Unmanned Aircraft Systems (ICUAS), Warsaw,
Poland, 2023, pp. 1316-1323.

� Vazquez Trejo, J. A., Ponsart JC., Adam-Medina M., & Valencia-Palomo G. (2024).
"Fault-tolerant observer-based leader-following consensus control for LPV multi-
agent systems using virtual actuators," International Journal of Systems Science,
56(8), 1816�1833.

1.5 Content of the Thesis

The content of the thesis is organized as follows:
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� Chapter 2 reviews the state-of-the-art in multi-agent systems, including graph-based
theory, general applications of multi-agent systems, and FTC.

� Chapter 3 addresses the design of robust observer-based leader-following consensus
control for linear multi-agent systems, focusing on rejecting the e�ects of external
disturbances and measurement sensor noise.

� Chapter 4 presents an observer-based leader-following consensus control strategy for
LPV multi-agent systems, with an emphasis on ensuring system stability through
the application of fuzzy theory in solving the proposed LMIs.

� Chapter 5 develops a fault-tolerant observer-based leader-following consensus con-
trol for LPV multi-agent systems, aiming to mitigate the e�ects of additive and
multiplicative actuator faults using an LPV virtual actuator to recon�gure the con-
trol law.

� In Chapter 6, the main conclusions and perspectives are presented.
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2.1 Introduction

Multi-agent systems consists of multiple autonomous entities, known as agents, which
interact within a shared environment to achieve individual or collective goals [22]. Each
agent in a multi-agent system is capable of perceiving its environment, making decisions,
and executing actions based on its local knowledge and interactions with other agents.
The design of multi-agent system emphasizes decentralization, with agents operating in-
dependently and often collaboratively to solve complex problems that are beyond the
capabilities of a single agent [23]. This approach is employed in various domains, in-
cluding robotics [24], distributed sensing [25], network management [26], and automated
trading [27], considering the collective intelligence and adaptive capabilities of the agents
to enhance system performance and resilience [28].

2.2 Introduction to the Cooperative Control of Multi-

agent Systems

Multi-agent systems can be mainly designed based on agent uniformity: homogeneous [29]
and heterogeneous [30] systems. Each type presents distinct characteristics, advantages,
and challenges.

2.2.1 Homogeneous Multi-Agent Systems

Homogeneous multi-agent systems, composed of identical agents, o�er simplicity and
scalability advantages that contrast with the challenges of heterogeneous systems [31].
Their uniform architecture enables easier coordination through shared behaviors and re-
duces development complexity. While heterogeneous systems must manage coordination
challenges from agent diversity, homogeneous designs allow straightforward scaling since
additional agents require no architectural changes [32]. The predictability of homoge-
neous systems ensures consistent performance across all agents. However, this uniformity
brings inherent limitations. Such systems demonstrate reduced adaptability when facing
tasks requiring specialized capabilities [33]. More critically, the identical nature of agents
creates systemic vulnerabilities - any design �aw, security weakness, or environmental con-
dition that a�ects one agent will likely compromise the entire system. This single point of
failure risk is particularly concerning for safety-critical applications, as the system lacks
the natural redundancy of diverse architectures where di�erent agent types might remain
operational despite certain failures [34]. In conclusion, homogeneous multi-agent systems
o�er simplicity and reliability through their uniform architecture, making them ideal for
predictable, large-scale applications. However, their identical nature limits adaptability
and creates potential single points of failure, restricting their use in dynamic environments
requiring specialized capabilities.
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2.2.2 Heterogeneous Multi-Agent Systems

Heterogeneous multi-agent systems integrate diverse agents with distinct capabilities,
objectives, and architectures (both hardware and software) to address complex prob-
lems. This compositional diversity enables the system to combine specialized expertise
while compensating for individual limitations, resulting in superior adaptability and re-
source e�ciency compared to homogeneous systems [35]. Heterogeneous architectures
increase �exibility to handle a wider range of tasks through complementary capabili-
ties, enhanced robustness via functional redundancy and specialization, and optimized
performance through strategic task allocation based on agent strengths [36]. However,
the advantages of heterogeneity come with signi�cant implementation challenges. The
integration of dissimilar agents creates complex interdependencies that require careful
management, increasing overall system complexity [37]. Additionally, di�erences in agent
objectives and capabilities can lead to con�icts that require advanced coordination strate-
gies to maintain coherent system behavior [38]. While homogeneous systems bene�t from
simpler coordination through uniformity, heterogeneous systems o�er greater versatil-
ity at the cost of increased management overhead. The choice between these approaches
depends on speci�c application requirements, with heterogeneous architectures being par-
ticularly suited for complex, dynamic environments where their adaptability justi�es the
additional coordination e�ort.

2.2.3 Representation Frameworks for Multi-Agent Systems

As previously noted, multi-agent systems can be found based on their heterogeneity,
distinguishing between homogeneous systems, where all agents share identical character-
istics, and heterogeneous systems, where agents exhibit di�erences in their properties or
dynamics. Beyond this point of view, multi-agent systems can also be di�erentiated by
their mathematical representation. In particular, there exist linear time-invariant systems
[39], whose dynamics are described by linear models with constant parameters. Further-
more, linear multi-agent systems are typically represented in three di�erent ways. The
�rst corresponds to �rst-order or single-integrator systems [40], where consensus is lim-
ited to coordinating agent positions. The second encompasses second-order or double
integrator systems [41], where consensus incorporates both positions and velocities. Fi-
nally, in higher-order systems [42], consensus extends to a broader set of states, increasing
the complexity of the coordination problem. Another important variant is multi-agent
systems with time-varying parameters [43], whose modeling and control present greater
challenges due to the need to employ multilinear control techniques, such as those based
on fuzzy theory [44]. Furthermore, nonlinear multi-agent systems can be considered [45],
while this approach introduces greater di�culties in the analysis and design of coordi-
nation strategies, it enables a more accurate representation of complex systems, thereby
facilitating a more realistic approximation for various practical applications.

Multi-agent systems exhibit signi�cant diversity in both structural composition and
dynamical behavior, ranging from homogeneous to heterogeneous con�gurations and lin-
ear to nonlinear modeling frameworks. This cataloging underscores critical challenges in
control design, particularly in achieving an optimal balance between analytical tractability
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and practical implementation in real-world applications.

2.2.4 Consensus Mechanisms in Multi-Agent Coordination

Consensus algorithms serve as the fundamental coordination mechanism for multi-agent
systems, enabling distributed agreement through localized interactions. The average con-
sensus algorithms [46] provides a foundational approach where networked agents asymp-
totically converge to the mean of their initial states through iterative local information
exchange. These systems operate under two principal paradigms: leaderless consensus
[47] that achieve emergent coordination through decentralized interactions, and leader-
follower architectures [48], that incorporate external reference tracking while maintaining
prescribed formation constraints. The performance and robustness of consensus algo-
rithms are governed by the following factors. The network topology, whether directed,
undirected, or time-varying, fundamentally determines the convergence properties and in-
formation propagation characteristics. Communication constraints including time delays
[49] and bandwidth limitations necessitate advanced techniques such as event-triggered
control [50] to maintain stability while optimizing resource utilization. Robust techniques
capable of rejecting the e�ect of external disturbances [51]. Finally, security consider-
ations against cyber/physical threats [52] demand resilient architectures incorporating
FTC mechanisms to ensure reliable operation under adverse conditions. Modern con-
sensus implementations increasingly address these challenges through adaptive control
strategies, communication protocols, and distributed security frameworks. The interplay
between these factors ultimately determines the achievable performance and operational
reliability in multi-agent systems.

2.2.5 Applications of Multi-agent Systems

Multi-agent systems have demonstrated diverse potential across di�erent domains by con-
sider the coordinated behaviors at multiple scales. In robotics, swarm systems [53] exem-
plify homogeneous coordination, enabling scalable solutions for search-and-rescue opera-
tions and precision agriculture through emergent self-organization. Similarly, distributed
sensor networks [54] achieve robust environmental monitoring by fusing decentralized data
streams into coherent situational awareness. The transportation sector bene�ts from au-
tonomous vehicle platooning [55], where coordinated control strategies optimize tra�c
�ow and reduce energy consumption through aerodynamic coupling. Energy infrastruc-
ture likewise employs multi-agent principles in smart grids [56], which dynamically balance
heterogeneous generation sources and consumption demands while maintaining grid re-
silience. For complex, time-critical missions such as disaster response [57], multi-agent
systems demonstrate unique advantages by integrating specialized teams of aerial drones,
ground robots, and human operators. These applications rely on advanced task allocation
strategies [58] that dynamically match mission requirements with agent capabilities us-
ing optimization techniques or market-based mechanisms. The resulting systems exhibit
both the �exibility to handle unpredictable scenarios and the robustness to operate under
constrained conditions.
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2.2.6 Conclusion

Multi-agent systems present fundamental trade-o�s between homogeneity and heterogene-
ity. Homogeneous architectures o�er simplicity and scalability for uniform tasks, while
heterogeneous systems enable specialized problem-solving at increased coordination com-
plexity. The mathematical models, algorithms, and applications discussed demonstrate
how these approaches address real-world challenges across domains. Emerging research
directions include adaptive architectures that dynamically recon�gure agent roles, bal-
ancing the bene�ts of both paradigms for complex, uncertain environments.

2.3 Consensus and Coordination of Multi-Agent Sys-

tems

In the context of the cooperative control problem, the primary objective is to develop
suitable controllers aimed at achieving a speci�c coordination objective [2]. Strategies for
coordinating multi-agent systems include consensus-based approaches [59], which aim to
reach an agreement on a common goal, such as selecting a particular action, value, or
state. Consensus algorithms can be leaderless consensus and leader-following consensus.
Leaderless consensus distributes the responsibility for decision-making across all agents
in the system [60]. This is exempli�ed in tra�c management systems, where leaderless
multi-agent system can optimize tra�c �ow by coordinating autonomous vehicles without
the need for a central leader. In such systems, agents adjust their speeds based on local
information to reduce congestion [61]. On the other hand, leader-following consensus [62]
is a method where agents organize themselves into two distinct groups: leaders and follow-
ers. Leaders, which can be virtual or another autonomous system, play a prominent role
in guiding the consensus process, while followers adjust their behavior to converge towards
the decisions made by the leaders. In aerial surveillance missions, for instance, the leader
guides the followers, which adjust their positions to maintain formation and surveillance
coverage [63]. Formation control strategies [64] organize agents into virtual structures or
formations to achieve coordinated behavior and accomplish speci�c tasks. These strate-
gies use virtual structures to facilitate communication, collaboration, and synchronization
among agents without the need for explicit centralized control. Behavior-based strate-
gies [65] focus on designing individual agent behaviors to get a collective behavior of
the multi-agent systems. Instead of relying on explicit communication, agents exhibit
autonomous behaviors that interact with those of other agents and the environment to
achieve coordination. Arti�cial potentials [66], where the interaction between agents and
their environment are modeled as potential �elds. These strategies are inspired by physics
and use the concept of arti�cial forces to control agents, avoid collisions, and monitor tra-
jectories and targets. Graph-theory methodologies, such as those discussed in [67], are
frequently employed to model the communication networks among agents and ensure
the stability of the multi-agent systems. It considers the mathematical framework of
graph-theory to model the relationships and interactions between agents. These strate-
gies use graph properties, algorithms, and structures to facilitate agents' coordination,
communication, and decision-making. Further, common objectives of the coordination of
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multi-agent systems are: �ocking [68], which describes collective behavior where agents
align their velocities while maintaining proximity to neighbors and avoiding collisions,
resulting in emergent self-organized motion patterns; formation control [69], where agents
achieve and maintain a prede�ned geometric con�guration; and formation tracking [70],
an advanced form of formation control where the entire formation must additionally track
a reference trajectory while preserving the desired spatial relationships among agents.

Coordination and control refer to the systematic approaches for governing interactions
and behaviors among autonomous agents to achieve collective objectives. Coordination
speci�cally involves the alignment of agent actions, information sharing, and collabo-
rative execution of tasks toward common or complementary goals. E�ective coordina-
tion harmonizes agent activities to minimize con�icts and redundancies while optimizing
system-wide performance. Key enabling techniques include negotiation protocols, con-
sensus algorithms, and distributed task allocation methods, which facilitate cooperation
among heterogeneous agents with diverse capabilities and objectives [71].

Control in multi-agent system refers to the methodologies used to guide and regu-
late the actions of individual agents and the system as a whole. This includes designing
control laws and protocols that dictate how agents respond to changes in the environ-
ment, interact with other agents, and adjust their behavior to meet collective objectives.
Control strategies in multi-agent system can be centralized, decentralized, or distributed
approaches [72]. Centralized control involves a single entity making decisions for all agents
[73], whereas decentralized control allows each agent to make its own decisions based on
local information [74]. Distributed control combines elements of both, enabling agents to
coordinate through local interactions without a central authority, thus enhancing scala-
bility and robustness [75].

2.3.1 Centralized Multi-Agent Systems

In centralized approaches, a single central authority manages and coordinates the actions
and decisions of all agents within the system [2]. This central controller maintains a
global view of the environment and the state of each agent, enabling it to make informed,
system-wide decisions. By consolidating control, this approach simpli�es coordination,
as the central entity can e�ciently allocate tasks, resolve con�icts, and optimize overall
performance [74]. However, centralized systems may face scalability challenges and rep-
resent a single point of failure, making them less robust than decentralized or distributed
approaches particularly in dynamic or large-scale environments [76]. Figure 2.1 shows a
centralized multi-agent system, where the arrows represent the communication between
the UAVs and the central computer.
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Figure 2.1: Example of a centralized UAV network.

Centralized multi-agent systems simpli�es coordination and decision-making by relying
on a single authority to manages and directly all agents behavior, ensuring coherent and
uni�ed operations [77]. With its comprehensive perspective, the central entity optimizes
resource allocation and resolves con�icts, enhancing system e�ciency. Additionally, its
global awareness of agent states and environmental conditions allows for more strategic
decision-making, further improving performance [78].

2.3.2 Decentralized Multi-Agent Systems

In decentralized multi-agent systems, each agent operates independently, making decisions
based on local information and interactions with neighboring agents, eliminating the need
for a central authority [79]. This approach improves scalability and robustness since the
system lacks a single point of control and can remain operational even if individual agents
fail. Coordination is achieved through algorithms and protocols that enable cooperation,
task allocation, and information sharing among agents [80]. As a result, the system can
adapt to dynamic environments and diverse tasks by consider the collective intelligence of
all participating agents. Figure 2.2 shows a decentralized multi-agent system, where it is
shown that control does not depend on a single central unit, but rather there are multiple
units that calculate the control signals and these units must be in communication with
each other.
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Figure 2.2: Example of a decentralized UAV network.

The decentralized approach o�ers several advantages. First, it enhances scalability be-
cause each agent operates independently, allowing seamless addition or removal of agents
without disrupting overall performance. Second, it improves robustness and fault toler-
ance since the system does not rely on a central authority; faults in individual agents do
not compromise the entire system [81]. Third, decentralized control provides greater �ex-
ibility and adaptability, enabling agents to respond quickly to local changes and dynamic
environments. Finally, these systems reduce communication overhead as agents only need
to exchange information with nearby neighbors, leading to more e�cient resource usage
and lower decision-making latency [82].

2.3.3 Distributed Multi-Agent Systems

A distributed multi-agent system is a computational framework where control and decision-
making are shared among multiple agents without central oversight [83]. In this architec-
ture, each agent operates autonomously using local information while cooperating with
others through structured communication protocols to achieve common objectives. This
approach combines decentralized operation with enhanced coordination mechanisms, en-
abling agents to achieve consensus, allocate tasks e�ciently, and synchronize their actions
systematically [84]. Distributed systems are particularly characterized by their scalability,
fault tolerance, and dynamic adaptability, making them ideal for complex environments
requiring collaborative resource management and coordinated responses to changing con-
ditions [85]. Figure 2.3 shows a distributed multi-agent system, where the calculation
of the control signals necessary for the multi-agent team is performed in a distributed
manner among the agents themselves, the colored lines represent a possible information
�ow between the agents.
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Figure 2.3: Example of a distributed UAV network.

While both decentralized and distributed multi-agent systems eliminate centralized
control, they di�er fundamentally in their coordination mechanisms. In decentralized
systems, agents act independently based solely on local information and neighbor inter-
actions, with system-wide coordination emerging organically from these local interactions
[86]. Distributed systems, conversely, employ explicit cooperation strategies where agents
actively share decision-making responsibilities through communication protocols [87]. The
main di�erence between distributed and decentralized systems lies in their coordination
mechanisms: distributed systems rely on direct cooperation protocols, while decentralized
systems depend on emergent coordination through local rules.

2.3.4 Conclusion

Consensus control and coordination are fundamental to the e�ective operation of multi-
agent systems. The selection of an appropriate approach, such leaderless or leader-
following consensus, centralized, decentralized, or distributed coordination, depends on
the system's objectives, environmental demands, and operational constraints. Leader-
less consensus enables distributed decision-making, promoting �exibility and robustness
through emergent coordination. In contrast, leader-following consensus provides struc-
tured guidance via hierarchical control, enhancing predictability in mission-critical tasks.
Centralized systems o�er globally optimized decision-making but face limitations in scala-
bility and single-point vulnerability. Decentralized and distributed architectures, however,
improve fault tolerance and adaptability by distributing control across agents, making
them suitable for dynamic, large-scale environments. E�ective coordination relies on di-
verse methodologies, including behavior-based algorithms, formation control techniques,
and graph-theory frameworks, to ensure system synchronization and operational e�ciency.
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2.4 Application of Select Graph Theory Concepts in

Multi-Agent Systems

In multi-agent systems, graph theory provides a mathematical framework to model and
analyze the relationships and interactions between agents [88]. The two primary types of
graphs used are directed and undirected graphs, each serving distinct purposes in modeling
agent relationships. A directed graph represents one-way relationships where in�uence or
communication �ows in a speci�c direction. For example, if Agent A sends data to Agent
B but not vice versa, this is shown as a directed edge from A to B. These graphs are
useful for modeling hierarchical systems (like leader-follower setups) or networks where
information transfer is unidirectional [89]. An undirected graph, in contrast, represents
mutual or bidirectional interactions where communication is two-way. If Agent A and
Agent B share data equally, their connection is an undirected edge. These graphs are
common in cooperative systems where all agents work together symmetrically.

To model the communications between agents consider a directed graph G with nodes
V = {v1, v2, . . . , vN} representing the agents. The set of edges, E = {(i, j) : i, j ∈ V} ⊆
V × V , de�nes the relationships between nodes. The adjacency matrix A = [aij] ∈ RN×N

is characterized by aii = 0 and aij > 0 if there is an connection between nodes i and j
otherwise aij = 0. For undirected graphs, symmetry is enforced where aij = aji for all
i ̸= j, ensuring that the adjacency matrix is symmetrical A = AT .

The Laplacian matrix L = [lij] ∈ RN×N represents the information exchange between
agents and is de�ned for directed graphs as lii =

∑
j ̸=i aij and lij = −aij. For an undirected

graph, lij = −aij = −aji, ensuring symmetry. The set of neighbors associated with the
i-th agent is denoted as Ni.

In this framework, the concept of a leader is introduced. The leader serves as a
reference point for the other agents, guiding them towards achieving consensus. This
leader can be virtual or another agent. The parameter Λ = diag(α1, α2, . . . , αN) ∈ RN×N ,
where αi indicates the communication exchange between the leader and the i-th follower.
Speci�cally, αi = 1 signi�es a link between the i-th follower and the leader, while αi = 0
indicates the absence of such a link. The communication in the leader-follower multi-agent
system is expressed as L̄ = L+Λ, which is positive de�nite. The following �gures present
examples of six-node graphs to illustrate their key characteristics [2]. In graph theory, a
directed edge is typically represented by a line with a single arrowhead, while an undirected
edge is depicted as a line with either bidirectional arrows or no arrows at all. Figure 2.4
shows an undirected graph where all edges are bidirectional. This implies that if an agent
transmits information to another, the connection allows reciprocal communication.
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Figure 2.4: Undirected connected graph.

A directed graph has edges with speci�c directions, while a strongly connected graph
is a special type of directed graph where there is a directed path from every node to every
other node, ensuring mutual reachability in both directions. Figure 2.5 shows a strongly
connected directed graph. Note that for undirected graphs, this property is simply called
connectedness. A directed graph is considered complete if it contains edges from every
node to all other nodes.

Figure 2.5: Strongly connected graph.

Figure 2.6 displays a balanced, strongly connected graph. A graph is balanced when
each node has equal numbers of incoming and outgoing edges.
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Figure 2.6: Balanced and strongly connected graph.

Figure 2.7 shows a directed spanning tree. A rooted directed tree is a directed graph
where every node has exactly one parent except for the root node, which has no parent
and contains directed paths to all other nodes. A directed spanning tree is a tree that
includes all nodes of the original graph.

Figure 2.7: Directed spanning tree.

Graph theory o�ers a mathematical framework for modeling and analyzing interac-
tions in multi-agent systems. The presented graph types, directed, undirected, strongly
connected, balanced, and spanning trees, capture essential structural properties that in-
�uence system behavior. These concepts not only formalize agent relationships but also
provide the tools necessary to design and analyze multi-agent networks.
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2.5 Control of Multi-Agent Systems: LTI and LPV Ap-

proaches

Linear multi-agent systems are widely used to model and control the coordinated behavior
of multiple autonomous agents. These systems allow for the design of distributed con-
trol strategies, ensuring e�ective communication and synchronization among agents. In
a linear multi-agent system, interactions between agents can be represented using linear
state-space models with �xed coe�cients describing the system dynamics. This framework
enables the application of established linear control techniques, including consensus algo-
rithms and observer-based control, to maintain network stability, coordination, and per-
formance. By use these linear models, e�ective solutions can be developed for challenges
such as agent coordination, formation control, and fault tolerance. For example, [90] in-
troduces a novel �ocking control algorithm for multi-agent systems that utilizes historical
information to improve convergence rates. Theoretical analysis and simulations con�rm
the algorithm's advantages over conventional methods, demonstrating faster convergence
and improved coordination among agents. Expanding the discussion to event-triggered
mechanisms, [91] presents an adaptive event-triggered control for LTI multi-agent systems,
suitable for strongly connected directed graphs and general directed graphs containing a
spanning tree. This method handles leader-follower consensus by tracking a leader with
bounded control inputs. The protocol combines adaptive control with event-triggered
communication, enabling fully distributed implementation that requires only relative
neighbor information at discrete event times, eliminating the need for global Laplacian ma-
trix computations. Further enhancing fault tolerance and communication e�ciency, [92]
proposes a distributed adaptive event-triggering mechanism that compensates for actua-
tor faults and non-zero leader inputs. The design ensures the asymptotic convergence of
tracking errors to zero while signi�cantly reducing communication frequency, making the
approach highly e�cient in resource-constrained environments. Furthermore, [93] focuses
on the design of distributed observers for estimating states and detecting sensor faults in
linear multi-agent systems. Based on relative output estimation errors, the adaptive fault-
tolerant output regulation ensures system stability and convergence of tracking errors to
zero. By solving the regulator equation, the proposed control strategy achieves consensus
under sensor faults and directed topology. Simulations con�rm the e�ectiveness of this
approach, showing that all tracking errors converge to zero, even in the presence of sensor
faults. The use of UAVs has emerged as a highly promising platform for autonomous
navigation. These systems have been applied across various �elds, including agriculture
assessment [94], search and rescue missions [95], marine exploration [96], and �re monitor-
ing [97]. Within the realm of multi-agent systems involving UAVs, research has explored
numerous approaches, with particular attention to leader-following consensus for LTI sys-
tems. Key areas of focus include second-order multi-agent systems with irregular discrete
sampling times [98], particle swarm optimization [99], event-triggered mechanisms [100],
and strategies for addressing communication faults [23]. However, multi-agent systems are
inherently vulnerable to external disturbances and measurement noise, which can disrupt
the synchronization and coordination of agents. To mitigate these challenges, robust con-
trol strategies are essential. By incorporating exogenous inputs into the system's dynamic
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model, such strategies enable the development of control and observation schemes that
e�ectively counteract disturbances and sensor noise, thus preserving system performance
[101]. Several robust control strategies have been proposed in the literature to address
these challenges. For instance, [102] introduces a �nite-time control method designed to
reject external disturbances in second-order multi-agent systems. Similarly, [103] proposes
a sliding mode leader-following control strategy for UAVs, emphasizing resilience to dis-
turbances. Further contributions include [104], which presents a sliding mode formation
control approach for underactuated surface vehicles that accounts for model uncertainties
and external disturbances. Additionally, [105] employs an H2 performance controller to
minimize errors and disturbances in systems with communication and input time delays.
Other notable approaches include reinforcement learning-based optimal formation control
for heterogeneous multi-agent systems under external disturbances [106], and an adaptive
bipartite consensus scheme for systems with connected switching topologies under input
saturation [107].

LPV systems o�er a more e�ective representation of nonlinear systems compared to
traditional models. These systems enable the design of gain-scheduling controllers with
time-varying parameters, resulting in superior control performance. An LPV system
can be viewed as a specialized linear system, where the coe�cient matrix in the state-
space model changes in response to variations in scheduling parameters. These variations,
driven by time-varying parameters, allow the use of linear system techniques and theo-
ries to enhance control strategies [108]. In the context of LPV multi-agent systems, each
agent's dynamics evolve based on parameters that change over time or space. These
systems are modeled using linear parameter-varying frameworks, which enable adaptive
control to ensure stability and coordination across the network. For example, [109] intro-
duced an observer-based consensus control approach for handling actuator faults in LPV
multi-agent systems. Building on this, [110] investigated a gain-scheduled observer-based
consensus, where the controller and observer gains are functions of a time-varying param-
eter vector that is measured in real time. Polya's theorem [111] was applied in this work
to reduce conservatism compared to [109].

2.6 Fault-Tolerant Control for Multi-Agent Systems

In multi-agent systems, control objectives critically depend on coordination based on in-
formation exchange between agents. This interdependence means that faults in a single
agent's actuators or sensors can propagate to its neighbors, degrading collective perfor-
mance. This highlights the critical need to implement FTC schemes capable of fault
detection and isolation, dynamic fault compensation through recon�guration of the af-
fected agent, and local containment of fault e�ects to prevent system-wide propagation.

To address these challenges, various FTC methods have been developed. A signif-
icant body of work focuses on LTI multi-agent systems. For instance, actuator fault
estimation and FTC are proposed in [114]. Furthermore, [117] presents a fault-tolerant
leader-following consensus control using dynamic virtual actuators, an approach extended
in [118] for event-triggered leader-following formation control under communication faults
in UAV �eets.
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Concurrently, advancements have been made for more complex models. An active FTC
approach using a distributed observer-based fault detection and compensation mechanism
is presented in [115]. This method, grounded in Lyapunov's stability theory and H∞
control, adjusts control gains in real-time to ensure stability. Other contributions include
fault detection and isolation �lters for LPV heterogeneous multi-agent systems [116], and
an observer-based consensus control to compensate for actuator faults in LPV systems
using robust H∞ criteria [109]. A comprehensive FTC strategy incorporating virtual
actuators and sensors for both LTI and LPV systems is proposed in [119].

While signi�cant progress has been made for LTI systems, challenges remain in the
LPV case, particularly in fault estimation. Recent research continues to address these
open problems. For example, a distributed fault detection and isolation �lter design for
heterogeneous LPV systems using an unknown input observer structure is proposed in
[134]. Similarly, [135] presents a scheme designing Unknown Input Observers using LMIs
for robustness and fault sensitivity in a �nite frequency domain.

Further developments include a leader-following consensus protocol for systems subject
to bounded disturbances based on the quadratic boundedness concept [136], and a resilient
formation control strategy for UAVs under false data injection cyber-attacks [137]. The
development of a digital twin for cooperative load transportation using multiple multi-
rotor drones is shown in [138].

Recent schemes also aim to reduce communication costs. An event-triggered fault-
tolerant control scheme employing a uni�ed virtual actuator and sensor approach is pre-
sented in [139]. Furthermore, [140] introduces a distributed fault estimation framework
for nonlinear multi-agent systems using a Takagi-Sugeno model and a dynamic event-
triggered protocol. Lastly, [141] addresses the simultaneous fault estimation and fault-
tolerant consensus control problem for nonlinear multi-agent systems subject to multiple
time-varying delays and disturbances.

2.7 Analysis of the State-of-the-art

Multi-agent systems range from homogeneous designs, which prioritize simplicity and
scalability, to heterogeneous con�gurations, which enhance adaptability and robustness at
the cost of increased coordination complexity. The mathematical representation of agent
dynamics is primarily accomplished through LTI models for their analytical tractability,
or LPV frameworks to more accurately capture complex, nonlinear behaviors.

Consensus algorithms form the core coordination mechanism, enabling agreement
through either emergent, decentralized interactions or structured, hierarchical control.
These strategies are implemented within centralized, decentralized, or distributed ar-
chitectures, each o�ering distinct trade-o�s between global optimization and system re-
silience. Graph theory provides the essential formalism for analyzing the underlying
communication topologies.

Consequently, FTC has emerged to ensure reliability against actuator and sensor
faults, with signi�cant advances concentrated on LTI systems. While LTI models pro-
vide a tractable foundation, their inability to fully capture real-world nonlinearities is a
signi�cant limitation. LPV frameworks o�er a more powerful alternative but introduce
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substantial design and computational challenges, creating a persistent tension between
model �delity and practical implementation.

Robust FTC for LTI systems is well-established, yet its extension to LPV systems
remains markedly underdeveloped. This gap in reliably diagnosing and compensating for
faults within parameter-varying environments constitutes a major obstacle for deploying
multi-agent systems in safety-critical applications. The integration of resource-e�cient,
event-triggered communication with these advanced FTC schemes presents a further com-
pelling challenge.

Figure 2.8: Summarize of the state-of-art.

In Fig. 2.8, the most important articles consulted for the state-of-the-art review
are shown, which allowed us to visualize our contribution. We want to highlight that
our contribution is the novel design of an observer-based leader-following fault-tolerant
consensus control using virtual actuators for LPV multi-agent systems, validated through
an application to a �eet of unmanned aerial vehicles. Furthermore, an opportunity still
exists to solve the fault-tolerant control problem by considering a complete estimation
and compensation scheme for both types of faults, in actuators and sensors.

2.8 Conclusions

In this chapter, a comprehensive review of the current state-of-the-art in control strategies
for multi-agent systems, with a particular focus on LTI and LPV frameworks, has been
presented. Additionally, the challenges associated with achieving robustness and fault
tolerance in dynamic and uncertain environments were discussed, along with the strategies
developed to address these problems.

The analysis of existing literature has revealed signi�cant progress in the �eld, partic-
ularly in the design and implementation of control strategies that enhance the stability
and performance of multi-agent systems under varying operational conditions. However,
it also identi�ed several areas where further research is needed, including the integration
of more sophisticated fault diagnosis mechanisms and the adaptation of these control
methods to increasingly complex multi-agent con�gurations.

This chapter has laid the groundwork for the subsequent development of novel control
strategies proposed in this thesis. By critically examining the strengths and limitations
of current approaches, it has provided a clear understanding of the existing gaps and
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opportunities, thereby setting the stage for the innovative contributions that follow in the
succeeding chapters.
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3.1 Introduction

This chapter presents the design of a distributed leader-following control law for coordi-
nated linear multi-agent systems subject to external disturbances and sensor noise. Figure
3.1 shows the proposed distributed leader-following observer-based robust control scheme.
Consensus among agents is achieved through inter-agent communication. Each agent is
modeled as an autonomous dynamic system capable of processing, transmitting, and re-
ceiving information. The exchanged data consists of estimated state vectors, which may
include positions, velocities, accelerations, or other variables depending on the system dy-
namics. As depicted in Figure 3.1, agent i can compute its own consensus control law and
estimate its state vector for cases when the complete state vector is unavailable. It then
shares this information with neighboring agents j. The robust control and observer gains
are determined simultaneously using LMIs, taking into account external disturbances and
measurement noise. The primary objective is to ensure that the agents follow the trajec-
tories de�ned by a virtual leader while maintaining consensus among the followers, despite
the presence of external disturbances and sensor noise.
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Figure 3.1: Diagram of the proposed robust control of LTI multi-agent systems.

3.2 Robust Observer-Based Leader-Following Consen-

sus Control

3.2.1 Problem Formulation and System Description

Consider a linear homogeneous multi-agent system under external disturbances and sensor
noise as follows:

ẋi(t) = Axi(t) +Bui(t) +Dudui(t),

yi(t) = Cxi(t) +Dydyi(t),
(3.1)

where i = 1, 2, . . . , N ; N is the total number of agents; xi(t) ∈ Rn is the state vector,
ui(t)∈Rm is the input vector, yi(t)∈Rp is the output vector, dui(t)∈Rm is the external
disturbance vector, and dyi(t) ∈ Rp is the sensor noise vector; A ∈ Rn×n, B ∈ Rn×m,
C ∈Rp×n, Du∈Rn×m, and Dy∈Rp×n are constant matrices of the system. The following
assumptions are held in this chapter:

Assumption 1. The pair (A,B) is stabilizable.

Assumption 2. The pair (A,C) is observable.

Assumption 3. The graph G is undirected.

The main objective of this chapter is the design of a robust leader-following control
for multi-agent systems consensus-based, where the virtual leader dynamics is presented
as follows:

ẋl(t) = Axl(t), (3.2)

where xl(t) ∈ Rn is the state vector of the virtual leader. Let δi = xi − xl, then, the
dynamics of the synchronization error between each agent i and the leader is:

δ̇i(t) = Aδi(t) +Bui(t) +Dudui(t). (3.3)

In order to estimate the states of each agent, the following distributed observer is proposed:

˙̂xi(t) = Ax̂i(t) +Bui(t) + L(yi(t)− Cx̂i(t)),

ŷi(t) = Cx̂i(t),
(3.4)
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where x̂i(t) ∈ Rn is the estimated state vector, L ∈ Rn×p is the observer gain to be
designed, and ŷi(t) ∈ Rp is the estimated output vector. The dynamics of the estimation
error ei = xi − x̂i is computed as follows:

ėi(t) = (A− LC)ei(t) +Dudui(t)− LDydyi(t). (3.5)

The proposed LMI formulation integrates an H∞ performance criterion to minimize the
L2-gain from external disturbances dui(t) and measurement noise dyi(t) to both state esti-
mation and trajectory tracking errors [120]. This approach simultaneously ensures robust
attenuation of dui(t) through the controller and e�ective noise rejection dyi(t) via the ob-
server, thereby establishing comprehensive closed-loop robustness. The resulting design
guarantees stability against bounded perturbations while preserving system performance.
The considered observer-based leader-following consensus control law is [100]:

ui(t) = K

[∑
j∈Ni

aij(x̂i(t)− x̂j(t)) + αi(x̂i(t)− xl(t))

]
, (3.6)

where K ∈ Rn×p is the control gain matrix to be designed, aij denotes the elements of
the adjacency matrix, x̂i(t) represents the estimated state vector of the i -th agent, and
x̂j(t) corresponds to the estimated state vectors of its neighboring agents. The term αi
quanti�es the leader-follower communication strength, where αi> 0 indicates a directed
edge from the leader to the i -th agent. A larger value of αi, implies a stronger in�uence of
the leader on agent i, while αi=0 signi�es no connection. The considered problem is the
design of a robust control gain K and a robust observer gain L to steer the multi-agent
system (3.1) subject to external disturbance and sensor noise, to follow the virtual leader's
trajectories.

3.2.2 H∞ Robust Control Design for Disturbances and Noise Re-
jection

In this section, the LMI conditions to guarantee the existence of the robust control and
observer gains based on the Lyapunov stability analysis are presented. Considering the
following new variables e(t) = [e1(t)

T , e2(t)
T , . . . , eN(t)

T ]T , the disturbance vector du(t) =
[du1(t)

T , du2(t)
T , . . . , duN (t)

T ]T , and noise vector dy(t) = [dy1(t)
T , dy2(t)

T , . . . , dyN (t)
T ]T ,

then, using the Kronecker product ⊗ the dynamic estimation error can be expressed as:

ė(t) = (IN ⊗ (A− LC))e(t) + (IN ⊗Du)du(t)− (IN ⊗ LDy)dy(t). (3.7)

Substituting ui(t) from (3.6) into (3.3) and de�ning δ(t) =
[
δ1(t)

T , δ2(t)
T , . . . , δN(t)

T
]T ,

and L = L+Λ where L is the Laplacian matrix and Λ = diag(α1, α2, . . . , αN) represents
the leader-follower communication weights, the synchronization error dynamics of the
multi-agent system can be rewritten as:

δ̇(t) = (IN ⊗ A+ L ⊗BK)δ(t)− (L ⊗BK)e(t) + (IN ⊗Du)du(t). (3.8)

27



Chapter 3. Observer-Based Leader-Following Consensus Control for Linear Multi-Agent Systems

Let z(t) = [δ(t)T , e(t)T ]T . Then, the estimation error (3.7) and synchronization error (3.8)
can be expressed as the following closed-loop multi-agent system (3.9):

ż(t) = Ãz(t) + D̃udu(t)− D̃ydy(t), (3.9)

where

Ã=

[
IN ⊗ A+ L ⊗BK −L⊗BK

0 IN ⊗ (A− LC)

]
, D̃u=

[
IN ⊗Du

IN ⊗Du

]
, D̃y=

[
0

IN ⊗ LDy

]
. (3.10)

The distributed H∞ criterion is considered as in [109], in order to guarantee the existence
of robust control and observer gains able to reject the e�ect of the external disturbances
and sensor noise, then, the following theorem is proposed.

Theorem 1. Consider the closed-loop system (3.9). Given the eigenvalues λj(L̄), j =
1, 2, . . . , N ; if there exist symmetric matrices P̄1 > 0 ∈ Rn×n and P2 > 0 ∈ Rn×n, the
tuning scalar variable µ > 0, and minimizing γ by the H∞ criterion satisfying the following
condition: 

η1j 0 Du 0 −λjBNc 0
∗ η2 P2Du −MoDy 0 I
∗ ∗ −γ2IN 0 0 0
∗ ∗ ∗ −γ2IN 0 0
∗ ∗ ∗ ∗ −µ−1P 1 0
∗ ∗ ∗ ∗ ∗ −µP 1

 < 0, (3.11)

the synchronization error (3.8) and estimation error (3.7) are stable; where η1j = He
{
AP 1 + λjBNc

}
+

I, and η2 = He {P2A−MoC} + I, then, the robust control law can be computed with

K = NcP
−1

1 , and the observer gain with L = P−1
2 Mo.

Proof. Consider the candidate Lyapunov function as follows:

V (t) = z(t)T
[
IN ⊗ P1 0

0 IN ⊗ P2

]
z(t), (3.12)

where, P1 ∈ Rn×n = P T
1 > 0, and P2 ∈ Rn×n = P T

2 > 0. The derivative of this candidate
Lyapunov function along the trajectories of (3.9) is given by:

V̇ (t) =2δ(t)T (IN ⊗ P1A+ L ⊗ P1BK)δ(t)− 2δ(t)T (L ⊗ P1BK)e(t)

+ 2e(t)T (IN ⊗ P2(A− LC))e(t) + 2δ(t)T (IN ⊗ P1Du)du(t)

+ 2e(t)T (IN ⊗ P2Du)du(t)− 2e(t)T (IN ⊗ P2LDy)dy(t).

(3.13)

Let us perform a spectral decomposition of the matrix L, such that L = TJT−1 with an
invertible matrix T ∈ RN×N and a diagonal matrix J = diag(λ1, λ2, . . . , λN) ∈ RN×N .
De�ning the change of coordinates as ξ = (T−1⊗IN)δ, ϵ = (T−1⊗IN)e, ωu = (T−1⊗IN)du,
and ωy = (T−1 ⊗ IN)dy. For reasons of space, the notation of the time dependence is
omitted. Replacing the new coordinates in (3.13) leads to:

V̇ =2ξT (IN ⊗ P1A+ J ⊗ P1BK)ξ − 2ξT (J ⊗ P1BK)ϵ+ 2ϵT (IN ⊗ P2(A− LC))ϵ

+ 2ξT (IN ⊗ P1Du)ωu + 2ϵT (IN ⊗ P2Du)ωu − 2ϵT (IN ⊗ P2LDy)ωy.
(3.14)
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Since Assumption 3 speci�es an undirected communication topology, (3.14) can be refor-
mulated as follows:

V̇ =
N∑
j=1

ξTj He {P1A+ λjP1BK} ξj − 2
N∑
j=1

ξTj λjP1BKϵj +
N∑
j=1

ϵTj He {P2A− P2LC} ϵj

+ 2
N∑
j=1

ξTj He {P1Du}ωuj + 2
N∑
j=1

ϵTj He {P2Du}ωuj + 2
N∑
j=1

ϵTj He {P2LDy}ωyj ,

(3.15)

then, considering (3.15) with H∞ criterion, φj(t) = [ξj(t)
T , ϵj(t)

T , ωuj(t)
T , ωTyj ]

T , and
JT ≤

∑N
j=1 φ(t)

T
j Ωjφ(t)j, where Ωj is de�ned as follows:

Ωj =


Q1j + I −λjP1BK P1Du 0

∗ Q2 + I P2Du −P2LDy

∗ ∗ −γ2I 0
∗ ∗ ∗ −γ2I

 < 0, (3.16)

where Q1j = He {P1A+ λjP1BK}, and Q2 = He {P2A− P2LC}. Then, (3.16) is pre and
post multiplied by P 1, where P 1 = P

T

1 = P−1
1 > 0

Υ1j 0 Du 0
∗ Υ2 P2Du −P2LDy

∗ ∗ −γ2I 0
∗ ∗ ∗ −γ2I

 +He



−λjBK

0
0
0

 [
0 I 0 0

] < 0, (3.17)

where Υ1j = He
{
AP 1 + λjBKP 1

}
+ P 1P 1, and Υ2 = He {P2A− P2LC}+ I. Applying

the Young relation [113], the following inequality is obtained:
Υ1j 0 Du 0
∗ Υ2 P2Du −P2LDy

∗ ∗ −γ2I 0
∗ ∗ ∗ −γ2I

+ µ


−λjBK

0
0
0

P−1

1

[
(−λjBK)T 0 0 0

]
+ µ−1

[
I 0 0 0

]T
P

−1

1

[
0 I 0 0

]
< 0,

(3.18)

where µ > 0. Using the Schur complement in (3.18), choosing Nc = KP 1, andMo = P2L,
the proof is complete.

3.3 Simulation Results: Application to a Fleet of UAVs

This section presents the simulation results for our leader-following robust consensus con-
trol strategy applied to a team of homogeneous UAVs. To demonstrate the proposed
method, we consider a multi-agent system composed of quadcopter UAVs. First, we in-
troduce the nonlinear dynamic model of an individual quadcopter, based on the framework
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described in [121]. Figure 3.2 shows the scheme of the quadcopter representing the main
forces acting on the vehicle.

Figure 3.2: Diagram representing the primary forces acting on the quadcopter vehicle.

To formulate the dynamic model of the UAVs, the following assumptions are stated
[122]:

Assumption 4. The quadcopter structure is rigid and symmetrical,

Assumption 5. The center of mass and the origin of the body frame OB coincide.

The quadcopter is composed of four independent motors with four propellers that
produce torques and thrusts in the direction of the propellers axis of rotation. Propellers 1
and 3 turn in the clockwise direction, while propellers 2 and 4 turn in the counterclockwise
direction. From Figure 3.2, I = {OI , pxI , pyI , pzI} denotes an inertial frame, and B =
{OB, pxB , pyB , pzB} denotes a rigid frame attached to the center of mass of the vehicle.

The dynamics of the quadcopter can be de�ned as follows [123]:

ξ̇ = v, msv̇ = RF,

Ṙ = RΩ̂, JΩ̇ = −Ω× JΩ + τ,
(3.19)

where ξ = [px, py, pz]
T ∈ R3 and v = [vx, vy, vz]

T ∈ R3 denotes the position and velocity
of the vehicle with respect to the frame I, respectively. The angular velocity is de�ned
by Ω = [p, q, r]T ∈ R3 in the body-�xed frame B, and m is the total mass of the vehicle.
The Euler angles are expressed by roll ϕ, pitch θ, and yaw ψ. The moment of inertia
is denoted by J = diag(Jx, Jy, Jz) ∈ R3×3 de�ned in B, τ expresses the moments in B,
Ω̂ introduces the skew-symmetric matrix of the vector Ω, R means the rotation matrix
from B to I, and F are the forces produced by the motors. By considering Assumption
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4, Assumption 5, and using the Newton�Euler formalism, the nonlinear model of an UAV
can be expressed as follows [121]:

ṗx = vx,

ṗy = vy,

ṗz = vz,

v̇x =
(
cos(ψ) sin(θ) cos(ϕ) + sin(ψ) sin(ϕ)

) 1
m
uz −

df
m
vx,

v̇y =
(
sin(ψ) sin(θ) cos(ϕ)− cos(ψ) sin(ϕ)

) 1
m
uz −

df
m
vy,

v̇z = −g +
(
cos(θ) cos(ϕ)

) 1
m
uz −

df
m
vz,

ϕ̇ = p+
(
sin(ϕ) tan(θ)

)
q + cos(ϕ) tan(θ)

)
r,

θ̇ = cos(ϕ)q − sin(ϕ)r,

ψ̇ =
(
sin(ϕ)q + cos(ϕ)r

) 1

cos(θ)
,

ṗ =
(
qr(Jy − Jz) + uϕ

) 1

Jx
− dt
Jx
p,

q̇ =
(
pr(Jz − Jx) + uθ

) 1

Jy
− dt
Jy
q,

ṙ =
(
pq(Jx − Jy) + uψ

) 1

Jz
− dt
Jz
r.

(3.20)

The translational and attitude dynamics of the system are in�uenced by inputs denoted
as uz the thrust, uϕ, uθ, uψ the respective torques of roll, pitch and yaw. The inputs
u = [uz, uϕ, uθ, uψ]

T allow to generate the real forces applied by each propeller fε, de�ned
as f1, f2, f3, and f4. (see Figure 3.2). The main objective of the multi-agent system,
where each UAV is associated to one agent, is to follow the trajectories of a virtual leader
and maintain a desired shape, where H = [hT1 , h

T
2 , . . . , h

T
N ]

T contains the desired distance
column vectors hi of every agent.

The double integrator model [124] is widely employed in UAV control due to its sim-
plicity and e�ectiveness in capturing the fundamental dynamics of motion. In three-
dimensional space, this model describes the system dynamics as

p̈ = a, (3.21)

where p = [x, y, z]T represents the position vector and a = [ax, ay, az]
T is the acceler-

ation input acting as the control variable. This linear approximation assumes that the
UAV's dynamics are dominated by inertial e�ects, neglecting higher-order nonlinearities
such as aerodynamic drag and cross-coupling under moderate operating conditions. The
decoupled structure of the double integrator permits straightforward controller synthesis
using linear techniques while providing a tractable foundation for trajectory planning and
stability analysis. The double integrator model is used to �nd a solution for the LMIs pre-
sented in Theorem 1. However, it is noted that for all simulations, the complete nonlinear
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Figure 3.3: Directions of the communication links between agents.

UAV (3.20) is used. The LMI-based design, derived from the double-integrator model,
ensures local stability and robustness; its performance is then validated on the nonlinear
system.

Considering pi(t), vi(t), ui(t) the position, velocity and acceleration respectively of
agent i, ˆ̄si(t) = [p̂i(t)

T−hTi , v̂i(t)T ]T the estimated states of agent i, s̄l(t) = [pl(t)
T , vl(t)

T ]T

the virtual leader states, hi is a vector of matrixH of the respective agent, then, the control
law (3.6) is rewritten as:

ui(t) = K
∑
j∈Ni

aij(ˆ̄si(t)− ˆ̄sj(t)) + αiK(ˆ̄si(t)− s̄l(t)), (3.22)

where K is the control gain to be designed. Considering ˆ̄δi(t) = ˆ̄si(t) − s̄l(t) equation
(3.22) is rewritten as follows:

ui(t) = K
∑
j∈Ni

aij(
ˆ̄δi(t)− ˆ̄δj(t)) + αiK

ˆ̄δi(t). (3.23)

Since the dynamic of each UAV is considered as a particle, the desired Euler angles θdi,
ϕdi, and ψdi are computed by (3.24) as in [125], to control the position of the UAVs, with
the consensus protocol (3.23).

ϕdi = arctan

 −u2i√
u21i + (u3i + g)2

 , θdi = arctan

(
u1i

u3i + g

)
, ψdi = 0. (3.24)

The thrust of the UAVs rotors is computed by Ti = mi(u
2
1i + u22i + (u3i + g)2)1/2. The

communication topology of the multi-agent system is depicted in Figure 3.3 (where a
UAV represents an agent and the arrows the �ow of information), and the Laplacian
matrix L:
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L =


5 −1 −1 −1 −1 −1
−1 2 −1 0 0 0
−1 −1 2 0 0 0
−1 0 0 2 −1 0
−1 0 0 −1 3 −1
−1 0 0 0 −1 2

 . (3.25)

The matrix H represents the desired formation. Its values were selected to position the
UAVs at the vertices of a hexagon, where all agents must maintain the same altitude while
preserving their relative x,y-plane distances to achieve the hexagonal shape.

H =

0 4 6 4 0 −2

0 0 2
√
3 4

√
3 4

√
3 2

√
3

0 0 0 0 0 0

 . (3.26)

The matrix Λ encodes the communication topology between the leader UAV and the
follower UAVs. It is designed such that the leader communicates only with UAV 1. When
the positions of the leader and UAV 1 converge, the leader-following objective is achieved.

Λ =

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

 . (3.27)

The �rst simulation result in Figure ??, shows that the formation control problem is
solved and the multi-agent system follows the trajectories of the virtual leader. All the
UAVs reach the trajectories of the virtual leader while maintaining the rigid formation of
a hexagon de�ned by H matrix. This �rst result does not include external disturbance
or measurement sensor noise. The nonlinear dynamic model of the virtual leader and
followers is considered as (3.20), and the parameters of the UAVs are described in Table
3.1.

Table 3.1: Parameters of the VTOL-UAV.

Parameter Value Unit
Mass of the vehicle, m 0.33 Kg

Acceleration due to gravity, g 9.81 m/s2

Moment of inertia about x, Jx 3.1× 10−5 Kgm2

Moment of inertia about y, Jy 2.98× 10−5 Kgm2

Moment of inertia about z, Jz 6.1× 10−5 Kgm2

The initial conditions of the quadcopters and their respective observers are presented
in Table 3.2.
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Table 3.2: Initial conditions.

Quadcopter pxi pyi pzi p̂xi p̂yi p̂zi
1 1 2 0 0 0 0
2 2 1 0 0 0 0
3 3 4 0 0 0 0
4 4 3 0 0 0 0
5 2 5 0 0 0 0
6 3 1 0 0 0 0

The initial conditions of the linear velocities, the angles, and the angular velocities are
zero for all UAVs and observers. All the initial states of the virtual leader are zero. Figure
3.4 shows that the control objectives are achieved, the UAVs are able to maintain their
desired positions at the vertices of the hexagon. Likewise, the agents are in the desired
position with respect to the virtual leader.

Figure 3.4: Formation without disturbance or sensor noise and distances between follow-
ers.

When the distances Dij = ∥([xi, yi, zi]T − [xj, yj, zj]
T ) − (hi − hj)∥ are Dij = 0, it is

because the formation control objective is ful�lled, meaning the agents are in their desired
positions in space. In Figure 3.5 the change in distances throughout the simulation is
shown.

34



3.3. Simulation Results: Application to a Fleet of UAVs

Figure 3.5: Formation achieved: distances between UAVs drop to zero as settle into
desired position.

The considered external disturbance is modeled as the Dryden wind turbulence pre-
sented in [126], and the sensor noise was added as a random function with normal dis-
tribution, mean value of zero, and standard deviation of 0.8m/s, in order to verify the
robustness of the control law (3.23). If the measurement noise or the external disturbance
magnitudes increase, the control law (3.23) is not able to maintain the desired formation
or to follow the virtual leader. To overcome the disturbance and noise problem, the LMI
presented in (3.11) is computed with the Sedumi Toolbox [127], where the LMI variable
γ value obtained with µ = 0.1 is γ = 1. The computed control and observer gains are:

K =

−0.756 0 0 −2.651 0 0
0 −0.756 0 0 −2.651 0
0 0 −0.756 0 0 −2.651

 , (3.28)

L =


3.208 0 0
0 3.208 0
0 0 3.208

0.836 0 0
0 0.836 0
0 0 0.836

 . (3.29)

The robustness of the distributed control and estimation implemented in the team of
UAVs has been veri�ed by solving the leader-follower formation control problem. The
e�ectiveness of the proposed work is shown in Figure 3.6, where each UAV achieves its
desired position in the rigid formation of a hexagon while following the trajectory of the
virtual leader because the external disturbance and the measurement sensor noise are
rejected.
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Figure 3.6: Formation with disturbance and sensor noise using the control law (3.23) and
observer (3.4) with gains K, and L (3.29) computed using Theorem 1.

Figure 3.6 demonstrates the e�ectiveness of our approach, as the UAVs successfully
maintain their desired positions despite the introduction of external disturbances. It is
important to highlight that the simulation in Figure 3.5 is neither robust to disturbances
nor to sensor noise. While the results in Figure 3.6 not fully recover the ideal dynamics
of Figure 3.5, the multi-agent system maintains the control objectives: the followers
successfully track the virtual leader while remaining in close proximity to their designated
vertices of the hexagonal formation. This disturbance rejection capability is achieved
through the H∞ control criterion.

3.7 3.5
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Figure 3.7: Formation achieved: distances between UAVs drop close to zero despite dis-
turbance and sensor noise.

The distances shown in Figure 3.7 are Dij ≈ 0, which shows that the control technique
rejects the e�ects of external inputs.

3.4 Conclusions

A distributed robust leader-following consensus control observer-based for LTI multi-agent
systems was presented. The objective of the multi-agent system is to follow the trajectories
described by a virtual leader's dynamics and to maintain a desired rigid formation between
followers. This was exempli�ed with the simulation of a team of UAVs where the agents
were able to reject external disturbance and measurement sensor noise.

While LTI models provide a simpli�ed framework for analysis and design, many real-
world systems exhibit parameter-dependent dynamics that cannot be adequately captured
by time-invariant representations. For this reason, the next chapter extends this work
to LPV systems, which explicitly account for time-varying parameters�o�ering greater
�exibility and accuracy in modeling complex. This generalization will enhance the appli-
cability to scenarios where system dynamics change with respect to measurable scheduling
variables.
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4.1 Introduction

This chapter extends the distributed leader-following consensus control strategy from
LTI multi-agent systems to LPV multi-agent systems, where system dynamics depend
on time-varying parameters. LPV systems improve upon LTI models by incorporating
time-varying parameters enabling more accurate representation of real-world dynamic con-
ditions while maintaining the computational advantages of linear control methodologies.
While Chapter 3 employed LMIs with an H∞ criterion for robustness, this work adapts
the framework to LPV systems, where the main constraint is to gurantee the feasibility
of the LMIs considering the permutations and combinations of the LPV vertex systems,
omittingH∞ constraints as a �rst step in LPV multi-agent systems control. The proposed
observer-based controller, designed using fuzzy control theory, ensures consensus across
the virtual leader and the followers. Numerical simulations with UAVs validate the ap-
proach, demonstrating its e�ectiveness under time-varying conditions. In Figure 4.1, the
control scheme for the distributed leader-following LPV consensus control is presented.
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Figure 4.1: Control diagram for LPV multi-agent systems.

4.2 LPV Observer-Based Leader-Following Consensus

Control: Application to a Team of UAVs

4.2.1 Problem Formulation

Let us consider the following LPV homogeneous multi-agent system

ẋi(t) = A(ζi(t))xi(t) +B(ζi(t))ui(t),

yi(t) = C(ζi(t))xi(t),
(4.1)

composed of N identical systems. For each one, i is the agent number (i = 1, . . . , N);
xi(t)∈Rn, ui(t) ∈ Rr, yi(t)∈Rp, are the state, input, and output, vectors respectively;
A(ζi(t))∈Rn×n, B(ζi(t))∈Rn×r, and C(ζi(t))∈Rp×n are the matrix functions scheduled
by the vector ζi(t)∈Rnζ , which is considered as known and available for every i-th agent,
and is assumed to vary in a closed set R. The bounding box method [128] is used in order
to express A(ζi(t)), B(ζi(t)), and C(ζi(t)) as a convex combination of S vertex matrices,
such that A(ζi(t))B(ζi(t))

C(ζi(t))

 =
S∑
h=1

ρh(ζi(t))

AhBh

Ch

 ,

S∑
h=1

ρh(ζi(t)) = 1, ρh(ζi(t)) ≥ 0 ∀ζi(t) ∈ R

(4.2)

where each agent is considered as an autonomous dynamical system able to share the
information of their states with the neighboring agents.

The following assumptions are held in this work (∀h = 1, . . . , S):

Assumption 6. The pair (Ah, Bh) is stabilizable.

Assumption 7. The pair (Ah, Ch) is observable.
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Assumption 8. The graph G is undirected.

The main objective of this chapter is the design of a leader-following control for LPV
multi-agent systems consensus-based. The LPV virtual leader dynamic is de�ned by:

ẋl(t) = A(ζl(t))xl(t) +B(ζl(t))ul(t), (4.3)

where xl(t) ∈ Rn, ul(t) ∈ Rr are the state and input vectors of the virtual leader. Note
that, unlike the previously presented leader (3.2), the newly proposed leader (4.3) includes
an input signal. Nevertheless, this does not a�ect the system formulation since the leader
serves solely as a reference for the follower agents. Consensus between the leader and
the followers can be achieved only if ζ1(t) = ζ2(t) = . . . = ζN(t) = ζl(t) = ζ(t) because
homogeneous multi-agent systems are considered. Let δi(t) = xi(t) − xl(t), then, the
dynamics of the synchronization error between each agent i and the leader is:

δ̇i(t) = A(ζ(t))δi(t) +B(ζ(t))
(
ui(t)− ul(t)

)
. (4.4)

Let us propose the following observer-based consensus protocol:

ui(t) = K(ζ(t))

[ ∑
j∈Ni

aij
(
x̂i(t)− x̂j(t)

)
+ αi

(
x̂i(t)− xl(t)

)]
+ ul(t), (4.5)

whereK(ζ(t)) ∈ Rr×n is the LPV control gain to be designed, x̂j(t) ∈ Rn are the estimated
states of the neighboring agents, and aij represent the entries of the adjacency matrix.
Due to the estimated states of agent i and agent j are considered in the consensus protocol
(4.29), the estimated state vector x̂i(t) ∈ Rn is given by the following distributed LPV
observer:

˙̂xi(t) = A(ζ(t))x̂i(t) +B(ζ(t))ui(t) + L(ζ(t))
(
yi(t)− ŷi(t)

)
,

ŷi(t) = C(ζ(t))x̂i(t),
(4.6)

where L(ζ(t)) ∈ Rn×p is the LPV observer gain to be designed and ŷi(t) ∈ Rp is the
estimated output vector. The polytopic representation of the control gain K(ζ(t)) and
the observer gain L(ζ(t)) are considered as follows:(

K(ζ(t))
L(ζ(t))

)
=

S∑
h=1

ρh(ζ(t))

(
Kh

Lh

)
. (4.7)

De�ning the estimation error ei(t) = xi(t) − x̂i(t), then, the dynamics of the estimation
error are:

ėi(t) = [A(ζ(t))− L(ζ(t))C(ζ(t))]ei(t). (4.8)

The key challenge is the simultaneous design of the vertex control and observer gains, Kh

and Lh, respectively, through the formulation and solution of a structured LMI problem.
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4.2.2 LPV Observer-Based Leader-Following Consensus Controller
Design

The LMI conditions to guarantee the existence of the control (4.29) and observer (4.6)
gains are presented in this section using the Lyapunov stability analysis. Let us con-
sider the time-varying parameters vector ζ(t) = [ζ1(t)

T , ζ2(t)
T , . . . , ζN(t)

T ]T , de�ning the
matrix:

ρij(ζ(t)) = diag(ρi⋆j(ζ1(t)), . . . , ρi⋆j(ζN(t))) (4.9)

with ρi⋆j(ζg(t)) ≜ ρi(ζg(t))ρj(ζg(t)), g = 1, . . . , N . Considering e(t) = [e1(t)
T , e2(t)

T , . . . , eN(t)
T ]T ,

and δ(t) = [δ1(t)
T , δ2(t)

T , . . . , δN(t)
T ]T , the estimation error and the synchronization error

are expressed using the Kronecker product as follows:

ė(t) =
S∑
h=1

S∑
g=1

[ρhg(ζ(t))⊗ (Ah − LhCg)] e(t), (4.10)

δ̇(t) =
S∑
h=1

S∑
g=1

ρhg(ζ(t))
[
IN ⊗ Ah + L̄ ⊗BgKh

]
δ(t)−[

ρhg(ζ(t))L̄ ⊗BgKh

]
e(t)

(4.11)

where L̄ = L + Λ is the sum of the Laplacian matrix L and Λ = diag(α1, α2, . . . , αN),
which de�ne the communication exchange between the leader and each follower. Let
z(t) = [δ(t)T , e(t)T ]T , then the closed-loop multi-agent system is expressed as follows (for
easy notation, the time dependency is omitted):

ż =
S∑
h=1

S∑
g=1

ρh(ζ)ρg(ζ)×
[
IN ⊗ Ah + L ⊗BgKh −L⊗BgKh

0 IN ⊗ (Ah − LhCg)

]
z. (4.12)

Let us choose a quadratic candidate Lyapunov function as follows:

V (z) =
[
δT eT

] [IN ⊗ P1 0
0 IN ⊗ P2

] [
δ
e

]
. (4.13)

The following theorem provides LMI-based conditions that guarantee the existence of the
LPV control and LPV observer gains based on the Lyapunov stability analysis.

Theorem 2. Consider the closed-loop LPV multi-agent system (4.12). The estimation
(4.10) and synchronization (4.11) errors are proven to be exponentially stable by (4.13)
for any s ∈ N, with s ≥ 2, given the eigenvalues λj(L̄), ∀j = 1, 2, . . . , N ; if there exist
symmetric matrices P̄1 > 0 ∈ Rn×n and P2 > 0 ∈ Rn×n, matrices N1, N2, . . . , NS, and
M1,M2, . . . ,MS; the tuning scalar variable µ > 0, such that

∑
ϱ⃗∈D(d⃗)


Qj11 0 Qj13 0
∗ Q22 0 IN
∗ ∗ −µ−1P̄1 0
∗ ∗ ∗ −µP̄1

 < 0 (4.14)
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holds ∀d⃗ ∈ D+
s , where Qj11 = He{Aϱ⃗1P̄1 + λjBϱ⃗2Nϱ⃗1},Q22 = He{P2Aϱ⃗1 −Mϱ⃗1Cϱ⃗2}, and

Qj13 = −λjBϱ⃗2Nϱ⃗1, then, the control vertex gain can be computed with Kh = NhP̄
−1
1 and

the observer vertex gain with Lh = P−1
2 Mh.

Proof. The derivative of (4.13) along the trajectories of (4.12) is given by:

V̇ (z) =
S∑
h=1

S∑
g=1

ρh(ζ)ρg(ζ)
{
2δT (IN ⊗ P1Ah+

L̄ ⊗ P1BgKh)δ − 2δT (L̄ ⊗ P1BgKh)e

+ 2eT (IN ⊗ P2(Ah − LhCg))e
}
.

(4.15)

Let us perform a spectral decomposition of the matrix L̄, such that L̄ = TJT−1 with an
invertible matrix T ∈ RN×N and a diagonal matrix J = diag(λ1, λ2, . . . , λN) ∈ RN×N of
which λj(L̄), j = 1, 2, . . . , N are the eigenvalues of L̄. De�ning the change of coordinates
as φ = (T−1 ⊗ IN)δ and ϕ = (T−1 ⊗ IN)e, (4.15) can be rewritten as:

V̇ (z) =
S∑
h=1

S∑
g=1

ρh(ζ)ρg(ζ)
{ N∑
j=1

φTHe{P1Ah

+ λjP1BgKh}φj − 2
N∑
j=1

φTλjP1BgKhϕj

+
N∑
j=1

ϕTHe{P2Ah − P2LhCg}ϕj
}
.

(4.16)

Considering the vector [φTj , ϕ
T
j ]
T , (4.16) can be rewritten as follows:

V̇ (z) =
S∑
h=1

S∑
g=1

ρh(ζ)ρg(ζ)

{[
φTj ϕTj

]
Bjhg

[
φj
ϕj

]}
, (4.17)

Bjhg =

[
He{P1Ah + λjP1BgKh} −λjP1BgKh

∗ He{P2Ah − P2LhCg}

]
(4.18)

which corresponds to the problem of verifying the negativity of double polytopic sums.
We de�ne P̄1 = P−1

1

βjhg =

[
P̄1 0
0 IN

]
Bjhg

[
P̄1 0
0 IN

]
< 0 (4.19)

βjhg =

[
He{AhP̄1 + λjBgKhP̄1} −λjBgKh

∗ He{P2Ah − P2LhCg}

]
< 0, (4.20)

then, (4.20) can be rewritten as follows:[
βjhg11 0

∗ βjhg22

]
+ He

{[
βjhg12
0

] [
0 IN

]}
< 0 (4.21)
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where βjhg11 = He{AhP̄1 + λjBgKhP̄1}, βjhg22 = He{P2Ah − P2LhCg}, and βjhg12 =
−λjBgKh. Applying the Young relation [113], the following inequality is obtained:[

βjhg11 0

∗ βjhg22

]
+ µ

[
βjhg12
0

]
P̄1

[
βTjhg12

0
]

+ µ−1

[
0
IN

]
P̄−1
1

[
0 IN

]
< 0

(4.22)

where µ > 0. Using the Schur complement [112], considering Nh = KhP̄1, andMh = P2Lh
and by applying the Polya's theorem on de�nite quadratic forms in (4.17) as in [110], (4.14)
is obtained, and the proof is completed.

4.3 Simulation Results: Application to a Fleet of UAVs

In this section, the proposed leader-following consensus formation control based on LPV
multi-agent systems is applied to a �eet of �ve identical quadcopters. The two objectives
of the multi-agent system are to follow the trajectories described by a virtual leader and
maintain a desired shape. An LPV system is characterized by linear dynamics that de-
pend on a parameter vector θ(t), where θ(t) is exogenous, meaning it is independent of the
system's states x(t) or inputs u(t). In contrast, a quasi-LPV system (or state-dependent
LPV) generalizes this framework by allowing θ(t) to be endogenous, i.e., explicitly de-
pendent on x(t) or u(t). This enables the representation of nonlinear systems as LPV
models, where nonlinearities are embedded into the parameter variation. Some consider-
ations are made for the full nonlinear System (3.20) in order to obtain a simpler model for
control design purposes. When the vehicle is near to hover, the rotational dynamics can
be simpli�ed by considering that

(
ϕ̇, θ̇, ψ̇

)
≈

(
p, q, r

)
[129]. Also, if the hover condition is

established during the entire �ight period uz ≈ msg. Drag force and drag torque can be
considered as null when the vehicle velocity is low. Therefore, the nonlinear equation for
the quadcopter vehicle (3.20) is rewritten in an quasi-LPV state-space form as follows:

A
(
ζ) =



0 1 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 g 0 0 0
0 0 0 1 0 0 0 0 0 0 0 0
0 0 0 0 0 0 −g 0 0 0 0 0
0 0 0 0 0 1 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 1 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 Q1ζ3
0 0 0 0 0 0 0 0 0 1 0 0
0 0 0 0 0 0 0 0 0 0 0 Q2ζ2
0 0 0 0 0 0 0 0 0 0 0 1
0 0 0 0 0 0 0 Q3ζ3 0 0 0 0



, B
(
ζ) =



0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0

ζ1/m 0 0 0
0 0 0 0
0 1/Jx 0 0
0 0 0 0
0 0 1/Jy 0
0 0 0 0
0 0 0 1/Jz


(4.23)

where ζ1 = cos(θ) cos(ϕ), ζ2 = ϕ̇, ζ3 = θ̇, Q1 = (Jy − Jz)/Jx, Q2 = (Jz − Jx)/Jy,
and Q3 = (Jx − Jy)/Jz. The state vector for one quadcopter vehicle is de�ned as x =
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[px, vx, py, vy, pz, vz, ϕ, ϕ̇, θ, θ̇, ψ, ψ̇]
T and C matrix is chosen in order that the output vector

is y = [px, py, pz, ϕ, θ, ψ].
Based on the bounding box method [128], the number of local linear models is directly

related to the number of nonlinear terms. For each nonlinear term, two sub-models
are obtained such that for f̄ nonlinear terms, the global model is composed of m = 2f̄

sub-models. The scheduling variables ζ = [ζ1, ζ2, ζ3]
T are the non-constant elements in

(4.23), where ζ1 ∈ [0.5, 1](rad), ζ2 ∈ [−π/2, π/2](rad/s), and ζ3 ∈ [−π/2, π/2](rad/s),
these constraints are acceptable when assuming slow dynamic reference displacements.
The scheduling vector is de�ned as ζ ∈ [ζ0f , ζ

1
f ]; where ζ

0
f and ζ1f represents the minimum

and maximum scalar values of ζf , respectively, with f = 1, . . . , 3. For each scheduling
variable, two weighting functions are computed as follows:

µ0
f =

ζ1f − ζf

ζ1f − ζ0f
, µ1

f = 1− µ0
f , (4.24)

Thus, applying (4.24) to the quadcopter vehicle, the weighting functions are expressed as:

µ0
1 =

1− cθcϕ

0.5
,

µ0
2 =

π − 2ϕ̇

2π
,

µ0
3 =

π − 2θ̇

2π
,

µ1
1 = 1− µ0

1,

µ1
2 = 1− µ0

2,

µ1
3 = 1− µ0

3,

(4.25)

Therefore, for f̄ = 3, m = 8 scheduling functions are computed as the product of the
weighting functions that correspond to each local model, as:

ρ1(ζ) = µ0
1µ

0
2µ

0
3, ρ2(ζ) = µ0

1µ
0
2µ

1
3,

ρ3(ζ) = µ0
1µ

1
2µ

0
3, ρ4(ζ) = µ0

1µ
1
2µ

1
3,

ρ5(ζ) = µ1
1µ

0
2µ

0
3, ρ6(ζ) = µ1

1µ
0
2µ

1
3,

ρ7(ζ) = µ1
1µ

1
2µ

0
3, ρ8(ζ) = µ1

1µ
1
2µ

1
3,

(4.26)

satisfying the convex set sum property in (4.2). Note that (4.26) can be rewritten, as
ρh(ζ) = µ1

h1
µ2
h2
µ3
h3
, where [h1, h2, h3] is the 3-digit binary representation of (h − 1). The

known matrices Ah and Bh, with h = 1, . . . , 8 (de�ning the 8 sub-models) are computed
by replacing the scheduling variables ζ0f or ζ1f , with f = 1, 2 and 3, to the matrices A

(
ζ)

and B
(
ζ) in (4.23), such that:

Ah = A
(
ζh11 , ζ

h2
2 , ζ

h3
3

)
, Bh = B

(
ζh11 , ζ

h2
2 , ζ

h3
3

)
, (4.27)

where ζf indicate which portion of the f�th scheduling variable is involved in the h�th
sub-model. Consequently, by using the scheduling functions given by (4.26), the nonlinear
system (3.20) is exactly represented as the following quasi-LPV model:

ẋ =
8∑

h=1

ρh(ζ)
(
Ahx+Bhu

)
,

y =Cx.

(4.28)
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To compute the vertex control gains Kh and the vertex observer gains Lh, the following
quasi-LPV representation of the UAVs (4.28) is used to �nd a solution for the LMIs pre-
sented in Theorem 2 with µ = 0.001 and the Matlab software with the toolbox SDPT3
[130]. When �nding the solution to Theorem 2 with the quasi-LPV model of the UAV
(4.28), the total number of vertices is S = 8, and for the combinations of these 8 sub-
models, at least s = 2 vertices are combined at a time. We can increase the value of
s, for example, s = 3, and according to [111], the higher the value of s, the more the
conservatism is reduced. However, the computational complexity to �nd a solution to
Theorem 2, increases. The nonlinear dynamic model of the virtual leader and followers is
considered as (3.20), and the parameters of the UAVs are described in Table 4.1.

Table 4.1: Parameters of the VTOL-UAV.

Parameter Value Unit
Mass of the vehicle, m 1.4 Kg

Acceleration due to gravity, g 9.81 m/s2

Moment of inertia about x, Jx 0.02 Kgm2

Moment of inertia about y, Jy 0.03 Kgm2

Moment of inertia about z, Jz 0.04 Kgm2

The initial conditions of the quadcopters and their respective observers are presented
in Table 4.2.

Table 4.2: Initial conditions
Agent i Observer i

Quadcopteri [131] pxi [m] pyi [m] pzi [m] p̂xi [m] p̂yi [m] p̂zi [m]

1 6 -5 0 8 -3.5 0
2 3 -5 0 4 -7 0
3 0 -5 0 -1.5 -6 0
4 -3 -5 0 -4 -4 0
5 -6 -5 0 -8 -3 0

The initial states of the linear velocities, angles, and angular velocities are uniformly set
to zero for both UAVs and observers. Furthermore, all initial conditions of the UAV leader
are initialized to zero. To address the leader-following formation control problem based
on consensus, the control law (4.29) is reformulated, taking into account the positions
pi = [pxi , pyi , pzi ], linear velocities vi = [vxi , vyi , vzi ], angular positions ωi = [ϕi, θi, ψi],
angular velocities ω̇i = [ϕ̇i, θ̇i, ψ̇i], and ul the control law of the virtual leader, as follows:

ui =
8∑

h=1

Θh(β)Kh

[∑
j∈Ni

aij(
ˆ̄Xi − ˆ̄Xj) + αi(

ˆ̄Xi − X̄l)

]
+ ul, ∀i = 1, . . . , N, (4.29)
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where ˆ̄Xi(t) = [p̂Ti − hTi , v̂
T
i , ω̂

T
i ,

˙̂ωTi ]
T , represents the estimated state vector of the i-th

UAV and X̄l = [pTl , v
T
l , ω

T
l , ω̇

T
l ]
T the state vector of the virtual UAV leader. Additionally,

H = [hT1 , h
T
2 , . . . , h

T
N ]

T contains the desired distance column vectors hi of every agent. In
this example, �ve agents (N = 5) are considered and the matrix H is con�gured to form
a pentagon, with its components hi representing the desired positions in terms of the x,
y, and z axes:

H = ra

 sin(1
5
π) sin(3

5
π) sin(π) sin(7

5
π) sin(9

5
π)

− cos(1
5
π) − cos(3

5
π) − cos(π) − cos(7

5
π) − cos(9

5
π)

0 0 0 0 0

 (4.30)

where ra = 4m is the radius of the pentagon. The considered undirected communication
graph topology is represented in Figure 4.2.

Figure 4.2: Topology of the undirected leader-following communication graph.

An LPV proportional-integral (LPV-PI) controller was implemented for trajectory
tracking to stabilize the virtual leader and utilize it as a reference model for the followers.
Consequently, stability of the followers is achieved through tracking the leader. Referring
to Figure 4.2, the communication with the UAV leader is represented by the matrix
Λ = diag(1, 0, 0, 0, 0), alongside the Laplacian matrix L:

L =


3 −1 −1 0 −1
−1 2 −1 0 0
−1 −1 3 −1 0
0 0 −1 2 −1
−1 0 0 −1 2

 . (4.31)
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To prove the performance of the LPV observer (4.6), the estimation error ei = yi − ŷi
is shown in Figure 4.3, where the convergence of all the estimated states of all agents is
guaranteed. Sensor noise was added as a random function with normal distribution, a
mean value of zero, and a standard deviation of 0.003.

Figure 4.3: Observer convergence.

To ensure smooth trajectory tracking, we employ the following trajectory planning
equation (4.32) to adjust the altitude of the virtual leader:

zref =

{
z(0) + 10

T 3 (z(T )− z(0))t3 − 15
T 4 (z(T )− z(0))t4 + 6

T 5 (z(T )− z(0))t5, 0 ≤ t ≤ T
20, t > T

(4.32)
The initial altitude of the virtual leader is z(0) = 0m, while the �nal altitude is z(T ) =
20m, with a time duration of T = 5 s between the initial and �nal altitudes. To formulate
(4.32), the initial and �nal conditions of the velocity żref and the acceleration z̈ref are
taken into account, both set to zero to ensure a smooth trajectory. For clarity, it is
important to note that the references for the x and y axes are always zero, as trajectory
tracking is only considered for the z-axis. Figure 4.4 illustrates the altitude changes of
the reference, virtual leader, and followers throughout the simulation that has a duration
of 20 s.
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Figure 4.4: Reference altitude, UAV leader, and followers' altitude.

The velocity error during the transient between the follower UAVs and the leader in
Figure 4.4 arises from the absence of an integral gain in the consensus algorithm (4.29),
which would otherwise enhance trajectory tracking. Figure 4.5 shows the obtained thrust
uz for the virtual leader and the �ve quadcopters when (4.32) is considered for the virtual
leader.

Figure 4.5: Thrust of the leader and the followers.

Figure 4.6 shows the performance of the quadcopters' trajectories. The leader quad-
copter is in the middle of all the followers in black color at the desired altitude. The
followers reach their desired position in the vertex of the pentagon highlighted in red
color.
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Figure 4.6: Trajectories of the quadcopters.

To measure the synchronization error in this example, let us de�ne ∆i = ∥xi−xl∥− r.
Figure 4.7 represents the evolution of ∆i. The quadcopters follow the leader's trajectories
in their desired pentagon vertex when ∆i = 0.

Figure 4.7: Synchronization error.

Figure 4.7 shows that at approximately when t = 12s, all followers reach consensus
with the virtual leader. This means they are positioned at the vertices of the pentagon,
maintaining the desired distance from the leader and the same altitude, as all errors
converge to zero.

Let us de�ne dij = ∥([xi, yi, zi]T − [xj, yj, zj]
T )− (hi−hj)∥ if dij = 0, then, the desired

formation is reached. Figure 4.8 illustrates the relative distances performance between
the quadcopters to reach the desired formation H.
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Figure 4.8: Distances between followers to reach the formation.

Figure 4.8 illustrates consensus without considering the virtual leader. When all UAVs
reach their desired positions relative to the other followers, they achieve consensus and
ful�ll the formation control objective. This is why, around t = 12s the distances between
them match the desired values and consequently converge to zero.

4.4 Conclusions

A distributed leader-following consensus control for LPV multi-agent systems was pre-
sented. The LMIs conditions to compute the control and observer gains were derived
using the less conservative Polya's theorem. The simulation results demonstrate that a
team of UAVs successfully followed the trajectories of a virtual leader while maintaining
the desired formation under the proposed approach. Although a direct comparison be-
tween the results in Chapter 3 and this chapter is not feasible (due to the absence of the
H∞ criterion), it is worth noting that shifting from an LTI to an LPV design increases the
complexity of solving the LMIs and raises computational demands. This arises because
the LPV approach must account for submodel combinations and permutations, but the
added value lies in its ability to better capture the nonlinear dynamics and time-varying
parameters of real-world systems, improving robustness and performance compared to
LTI methods. Because an agent can be a�ected by actuator or sensor faults, compromis-
ing the global objective of the team, an LMI-based FTC for LPV multi-agent systems is
proposed in the next chapter.
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Chapter 5

Fault-Tolerant Leader-Following

Consensus Control for LPV

Multi-Agent Systems

Contents
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

5.2 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . . 54

5.3 Fault-Tolerant Observer-Based Leader-Following Consensus

Control for LPV MASs . . . . . . . . . . . . . . . . . . . . . . . 58

5.4 Simulation Results: Application to a Fleet of UAVs . . . . . . 60

5.4.1 Fault-Free Case . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

5.4.2 Faulty Case . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

5.4.3 Fault-Tolerant Control Case . . . . . . . . . . . . . . . . . . . . 69

5.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

5.1 Introduction

Building upon the observer-based leader-following consensus control strategy developed in
Chapter 4 for LPV multi-agent systems, this chapter extends the framework to incorporate
fault tolerance in the presence of actuator faults. While Chapter 4 addressed stability
and consensus under nominal conditions using an observer-based approach, the current
work introduces a virtual actuator mechanism to actively compensate for actuator faults,
ensuring the system's resilience and performance preservation.
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Figure 5.1: Diagram illustrating the FTC mechanism for LPV multi-agent systems.

As illustrated in Figure 5.1, the proposed FTC design integrates the observer-based
consensus methodology with a recon�gurable virtual actuator, enabling the multi-agent
system to maintain formation control and leader-tracking objectives despite actuator fail-
ures. This diagram extends the nominal control scheme presented in Figure 4.1, where no
fault compensation was considered. The virtual actuator dynamically adjusts the control
signals to mitigate fault e�ects, ensuring stability without requiring controller redesign,
unlike the baseline approach in Chapter 4, which assumes fully functional actuators. Sim-
ulation results demonstrate the e�ectiveness of this FTC strategy in preserving consensus
under faulty conditions.

5.2 Problem Formulation

Let us consider the following homogeneous LPV continuous multi-agent system with ac-
tuator faults

ẋi(t) = A
(
βi(t)

)
xi(t) +Bf

(
βi(t), ϑi(t)

)(
uvi(t) + fui(t)

)
,

yi(t) = C
(
βi(t)

)
xi(t),

(5.1)

composed of N identical systems. For each one, i is the agent number (i = 1, . . . , N);
xi(t)∈Rn is the state vector, uvi(t) ∈ Rr is the input vector, fui(t) ∈ Rr is the additive
actuator fault, yi(t) ∈ Rp is the output vector, A

(
βi(t)

)
∈ Rn×n, Bf

(
βi(t)

)
∈ Rn×r, and

C
(
βi(t)

)
∈ Rp×n are the matrix functions scheduled by the vector βi(t) ∈ Rnβ , which is

considered known and available for every i-th agent, and is assumed to vary in a closed
set R. ϑi(t)∈Rnϑ represents the multiplicative actuator faults as follows:

Bf

(
βi(t), ϑi(t)

)
= B

(
βi(t)

)
ϑi(t)

(
κi(t)

)
, (5.2)

where

ϑi(t)
(
κi(t)

)
= diag(κi1(t), κi2(t), . . . , κir(t)), 0 ≤ κiε(t) ≤ 1, 1 ≤ ε ≤ r (5.3)

B
(
βi(t)

)
∈ Rn×r and Bf

(
βi(t)

)
are the faultless and faulty input matrices respectively.

κiε(t) denotes the e�ectiveness of the ε-th actuator of each i-th agent, such that κiε(t) = 0
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is a total failure of the ε-th actuator and κiε(t) = 1 represents a healthy ε-th actuator.
The bounding box method [128] is employed to represent the system matrices, A(β(t)),
B(β(t)), and C(β(t)), as a convex combination of S vertex matrices, ensuring thatA(βi(t))B(βi(t))

C(βi(t))

 =
S∑
h=1

Θh(βi(t))

AhBh

Ch

 ,

S∑
h=1

Θh(βi(t)) = 1, 0 ≤ Θh(βi(t)) ≤ 1 ∀βi(t) ∈ R

(5.4)

Consensus between the leader and the followers can be achieved only if β1(t) ∈ R,
β2(t) ∈ R,. . ., βN(t) ∈ R, and βl(t) ∈ R, indicating synchronization between the fol-
lowers and the virtual leader since the scheduling matrices vary within the same set R
[119]. The dependencies of βi(t) and βl(t) are considered as β(t) for simpli�cation. The
synchronization error between the followers and the virtual leader is denoted by:

δi(t)=xi(t)− xl(t), (5.5)

then, the dynamics of the synchronization error between each agent i and the leader is
de�ned by:

δ̇i(t) = A(β(t))δi(t) +Bf

(
β(t), ϑi(t)

)(
uvi(t) + fui(t)

)
. (5.6)

Let us propose the nominal observer-based leader-following consensus control law ui(t)

ui(t) = K
(
β(t)

)[ ∑
j∈Ni

aij
(
x̂i(t)− x̂j(t)

)
+ αi

(
x̂i(t)− xl(t)

)]
, (5.7)

where the LPV control gain to be designed is denoted by K(β(t)) ∈ Rr×n, and x̂j(t) ∈ Rn

represents the estimated state vector of neighboring agents. This protocol considers the
estimated states of agent i and their neighbors j. Consequently, the estimated state
vector of each agent, denoted as x̂i(t) ∈ Rn, is determined by the following distributed
LPV observer [117]. Here, x̂i(t) represents the estimation of xi(t) regardless of whether
an actuator fault occurs:

˙̂xi(t) = A(β(t))x̂i(t) +B(β(t))ui(t) + LP (β(t))
(
yi(t) + yvi(t)− ŷi(t)

)
,

ŷi(t) = C(β(t))x̂i(t),
(5.8)

where LP (β(t)) ∈ Rn×p is the LPV observer gain to be designed, yvi(t)∈Rp is the virtual
actuator output vector, and ŷi(t)∈Rp is the estimated output vector.

To ensure the stability of the multi-agent system (5.1) in the presence of actuator
faults, a virtual actuator is considered. The virtual actuator acts as a recon�guration block
that compensates for faults by redistributing control e�orts to healthy actuators while
isolating the controller from the fault e�ects [19]. The structure of the virtual actuator
can be static or dynamic depending on whether the following condition is satis�ed:

rank
(
Bf

(
β(t), ϑi(t)

))
= rank

(
B
(
β(t)

))
̸= 0 ∀β(t) ∈ R, i = 1, . . . , N. (5.9)
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When (5.9) is satis�ed, the performance degradation due to the faulty actuator can be
represented as a linear combination of the remaining actuators. In such cases, fault tol-
erance can be achieved through the redistribution of control inputs. The virtual actuator
recon�guration in this case is static, as it does not involve additional dynamics. The
virtual actuator recon�guration structure is de�ned as follows [119]:

uvi(t) = Nv(β(t), ϑ̂i(t))ui(t)− f̂ui(t), (5.10)

where ϑ̂i(t) and f̂ui(t) are the estimates of ϑi(t) and fui(t) respectively, ui(t) is the fault-
free consensus control law (5.7) and Nv(β(t), ϑ̂i(t)) is given by

Nv(β(t), ϑ̂i(t)) = Bf

(
β(t), ϑ̂i(t)

)†
B(β(t)), (5.11)

with Bf

(
β(t), ϑ̂i(t)

)† being the pseudo-inverse of Bf

(
β(t), ϑ̂i(t)

)
.

When (5.9) is not satis�ed, the control input redistribution (5.10) becomes insu�cient.
In these cases, fault tolerance requires a dynamic virtual actuator [21] determined by:

B∗(β(t)) = Bf

(
β(t), ϑ̂i(t)

)
Nv

(
β(t), ϑ̂i(t)

)
. (5.12)

Notably, B∗(β(t)) is independent of ϑi(t) since Nv

(
β(t), ϑ̂i(t)

)
compensates for the actu-

ator fault. The corresponding control law with virtual actuator becomes:

uvi(t) = Nv

(
β(t), ϑ̂i(t)

)(
ui(t)−Mv(β(t))xvi(t)

)
− f̂ui(t), (5.13)

where Mv(β(t)) is the LPV virtual actuator gain. The virtual actuator state xvi(t) ∈ Rn

is given by:

ẋvi(t) =
(
A
(
β(t)

)
+B∗(β(t))Mv

(
β(t)

))
xvi(t) +

(
B
(
β(t)

)
−B∗(β(t)))ui(t),

yvi(t) = C
(
β(t)

)
xvi(t).

(5.14)

The polytopic control gains Kh, the polytopic observer gains LPh
, and the polytopic

virtual actuator gains Mvh are written considering the convex combination as followsK(β(t))
LP (β(t))
Mv(β(t))

 =
S∑
h=1

Θh(β(t))

Kh

LPh

Mvh

 .

S∑
h=1

Θh(β(t)) = 1, 0 ≤ Θh(β(t)) ≤ 1 ∀β(t) ∈ R

(5.15)

Let us consider the time-varying parameters vector β(t) = [β1(t)
T , β2(t)

T , . . . , βN(t)
T ]T ,

de�ning the matrix:

Θij(β(t)) = diag(Θij(β1(t)), . . . ,Θij(βN(t))) (5.16)

withΘij(βg(t)) ≜ Θi(βg(t))Θj(βg(t)), g = 1, . . . , N . Consider δ(t) = [δT1 (t), δ
T
2 (t), . . . , δ

T
N(t)]

T ,
xv(t) = [xTv1(t), x

T
v2
(t), . . . , xTvN (t)]

T , and x̂(t) = [x̂T1 (t), x̂
T
2 (t), . . . , x̂

T
N(t)]

T . Thus, (5.6),
(5.8), and (5.14) can be rewritten using the Kronecker product as follows:
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ẋv(t) =
S∑
h=1

S∑
g=1

Θhg

(
β(t)

)[(
IN ⊗ (Ah +B∗

gMvh)
)
xv(t) +

(
L̄ ⊗ (Bg −B∗

g)Kh

)
δ̂(t)

]
(5.17)

δ̇(t) =
S∑
h=1

S∑
g=1

Θhg

(
β(t)

)[
(IN ⊗ Ah)δ(t) + (L̄ ⊗B∗

gKh)δ̂(t)− (IN ⊗B∗
gMvh)xv(t)

]
(5.18)

˙̂x(t) =
S∑
h=1

S∑
g=1

Θhg

(
β(t)

)[
(IN⊗Ah)x̂(t)+(L̄⊗BgKh)δ̂(t)+(IN⊗LPh

Cg)
(
x(t)+xv(t)−x̂(t)

)]
(5.19)

Considering z1(t) = xv(t), z2(t) = δ(t) + xv(t), z3(t) = δ(t) + xv(t) − δ̂(t) = x(t) +
xv(t) − x̂(t), the closed-loop multi-agent system is expressed as follows (to simplify the
notation, time dependency is omitted):

ż =
S∑
h=1

S∑
g=1

Θhg

(
β
)
×IN ⊗ (Ah +B∗

gMvh) L̄ ⊗ (Bg −B∗
g)Kh −L̄ ⊗ (Bg −B∗

g)Kh

0 IN ⊗ Ah + L̄ ⊗BgKh −L̄ ⊗BgKh

0 0 IN ⊗ (Ah − LhCg)

 z (5.20)

where 0 represents a matrix of zeros with proper dimensions.
The primary objective of this work is to guarantee the existence of the LPV consensus

control gain (5.7), the LPV observer gain (5.8), and the LPV virtual actuator gain (5.14)
for coordinating the multi-agent system (5.1). This is achieved using LMIs and ensuring
that these gains are computed simultaneously, aiming to reduce conservatism.

Remark 1. Notice that ϑ̂i and f̂ui represent unknown parameters requiring detection,
isolation and estimation through fault diagnosis methodologies. For this, numerous e�-
cient techniques documented in the literature facilitate precise estimation of both additive
and multiplicative faults, e.g. [132]. Therefore, for the sake of simplicity, ϑ̂i and f̂ui are
assumed to be known to focus the presentation on the core contribution of this work which
is analyzing and developing the theoretical framework of virtual actuators in multi-agent
systems.

Remark 2. While there are various approaches, such as Finsler's lemma, that yield strong
results in robust optimization and LMI calculations, Polya's theorem, originating from
fuzzy control theory, provides a more structured way to perform the necessary permutations
and combinations for calculating gains in the submodels of the LPV system. This results
in less conservative solutions compared to other methods of combining and permuting the
vertices, as demonstrated in [111].
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5.3 Fault-Tolerant Observer-Based Leader-Following Con-

sensus Control for LPV MASs

In this section, the LMI-based conditions ensuring the existence of LPV control, LPV
observer, and LPV virtual actuator gains are presented in the following theorem. These
conditions are established through Lyapunov stability analysis for a vertex combination
of the LPV multi-agent system (5.1). The implementation of Polya's theorem on de�nite
quadratic forms is applied to manage the various sets of possible permutations among the
considered subsystems in the LPV representation.

Theorem 3. Consider the closed-loop LPV multi-agent system (5.20). The virtual actua-
tor (5.17), synchronization error (5.18), and estimation (5.19) are proven to be exponen-
tially stable for any s ∈ N, with s ≥ 2, given the eigenvalues λj(L̄), ∀j = 1, 2, . . . , N ; if
there exist symmetric matrices P̄1 > 0 ∈ Rn×n, P̄2 > 0 ∈ Rn×n, P̄3 > 0 ∈ Rn×n, matrices
M1,M2, . . . ,MS, N1,N2, . . . ,NS, and O1,O2, . . . ,OS; the tuning scalar variables µ1 > 0
and µ2 > 0 such that

∑
σ⃗∈D(σ⃗)



Q11 λj
(
Bσ2 −B∗

σ2

)
Nσ1 0 Qj14 0 0 0

∗ Qj22 0 0 0 Qj26 0
∗ ∗ Q33 0 I 0 I
∗ ∗ ∗ −µ1P̄2 0 0 0
∗ ∗ ∗ ∗ −µ−1

1 P̄2 0 0
∗ ∗ ∗ ∗ ∗ −µ2P̄2 0
∗ ∗ ∗ ∗ ∗ ∗ −µ−1

2 P̄2


< 0 (5.21)

where Q11 = He{Aσ1P̄1 + B∗
σ2
Mσ1}, Qj22 = He{Aσ1P̄2 + λjBσ2Nσ1}, Q33 = He{P3Aσ1 −

Oσ1Cσ2}, Qj14 = −λj
(
Bσ2 − B∗

σ2

)
Nσ1, and Qj26 = −λjBσ2Nσ1, He is used to represent

the Hermitian matrices. If (5.21) holds ∀σ⃗ ∈ R+
s , where:

Rs =
{
σ⃗ = [σ1, . . . , σs]

T ∈ Ns|1 ≤ σl ≤ S ∀l = 1, . . . , s
}
, (5.22)

R+
s = {σ⃗ ∈ Rs|σk ≤ σk+1, k = 1, . . . , s− 1} , (5.23)

and the set of permutations with possible repeated elements of the multi-index σ⃗ is denoted
by D(σ⃗) ⊂ Rs, then, the virtual actuator vertex gains can be computed withMvh = MhP̄

−1
1

the control vertex gains with Kh = NhP̄
−1
2 , and the observer vertex gain with Lh = P−1

3 Oh

for 1 ≤ h ≤ S.

Proof. Let us choose a quadratic candidate Lyapunov function as follows:

V (z) = zT

IN ⊗ P1 0 0
0 IN ⊗ P2 0
0 0 IN ⊗ P3

 z (5.24)
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The derivative of (5.24) along the trajectories of (5.20) is given by:

dV (z)/dt =
S∑
h=1

S∑
g=1

Θhg

(
β
){

2zT1

[
IN ⊗

(
P1Ah + P1B

∗
gMvh

)]
z1+

2zT1

[
L̄ ⊗ P1

(
Bg −B∗

g

)
Kh

]
z2 − 2zT1

[
L̄ ⊗ P1

(
Bg −B∗

g

)
Kh

]
z3+

2zT2

[
IN ⊗ P2Ah + L̄ ⊗ P2BgKh

]
z2 − 2zT2

[
L̄ ⊗ P2BgKh

]
z3+

2zT3

[
IN ⊗

(
P3Ah − P3LhCg

)]
z3

}
.

(5.25)

Let us perform a spectral decomposition of the matrix L̄, such that L̄ = TJT−1 with an
invertible matrix T ∈ RN×N and a diagonal matrix J = diag(λ1, λ2, . . . , λN) ∈ RN×N of
which λj(L̄), j = 1, 2, . . . , N are the eigenvalues of L̄. De�ning the change of coordinates
as ξ1 = (T−1 ⊗ IN)z1, ξ2 = (T−1 ⊗ IN)z2, and ξ3 = (T−1 ⊗ IN)z3, (5.25) can be rewritten
as:

dV (z)/dt =
S∑
h=1

S∑
g=1

Θhg

(
β
){ N∑

j=1

ξT1 He{P1Ah + P1B
∗
gMvh}ξ1 + 2

N∑
j=1

ξT1
[
λjP1

(
Bg −B∗

g

)
Kh

]
ξ2

− 2
N∑
j=1

ξT1
[
λjP1

(
Bg −B∗

g

)
Kh

]
ξ3 +

N∑
j=1

ξT2 He{P2Ah + λjP2BgKh}ξ2

− 2
N∑
j=1

ξT2
[
λjP2BgKh

]
ξ3 +

N∑
j=1

ξT3 He{P3Ah − P3LhCg}ξ3
}
.

(5.26)

Considering the vector [ξT1j , ξ
T
2j
, ξT3j ]

T , (5.26) can be rewritten as follows:

dV (z)/dt =
S∑
h=1

S∑
g=1

Θh(β)Θg(β)

{[
ξT1j ξT2j ξT3j

]
Bjhg

ξ1jξ2j
ξ3j

}
, (5.27)

with

Bjhg =

He{P1Ah + P1B
∗
gMvh} λjP1

(
Bg −B∗

g

)
Kh −λjP1

(
Bg −B∗

g

)
Kh

(−λjP1

(
Bg −B∗

g

)
Kh)

T He{P2Ah + λjP2BgKh} −λjP2BgKh

(−λjP1

(
Bg −B∗

g

)
Kh)

T (−λjP2BgKh)
T He{P3Ah − P3LhCg}

 .
(5.28)

We establish P̄1 = P−1
1 and P̄2 = P−1

2 . Subsequently, (5.28) is both pre and post-
multiplied by diag(P̄1, P̄2, I), resulting in:

ρjhg =

ρjhg11 ρjhg12 ρjhg13
∗ ρjhg22 ρjhg23
∗ ∗ ρjhg33

 < 0, (5.29)
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where ρjhg11 = He{AhP̄1 + B∗
gMvhP̄1}, ρjhg12 = λj

(
Bg − B∗

g

)
KhP̄2, ρjhg13 = −λj

(
Bg −

B∗
g

)
KhP̄2, ρjhg22 = He{AhP̄2 + λjBgKhP̄2}, ρjhg23 = −λjBgKh, and ρjhg33 = He{P3Ah −

P3LhCg}, then, (5.29) can be rewritten as follows:

ρjhg11 ρjhg12 0

∗ ρjhg22 0

∗ ∗ ρjhg33

+ He


ρjhg130

0

 [
0 0 IN

]+ He


 0
ρjhg23
0

 [
0 0 IN

] < 0

(5.30)
Applying the Young relation [113], the following inequality is obtained:

ρjhg11 ρjhg12 0

∗ ρjhg22 0

∗ ∗ ρjhg33

+ µ1

ρjhg130
0

 P̄2

[
ρTjhg13

0 0
]
+ µ−

1 1

 0
0
IN

 P̄2

[
0 0 IN

]

+ µ2

 0
ρjhg23
0

 P̄2

[
0 ρTjhg23

0
]
+ µ−

2 1

 0
0
IN

 P̄2

[
0 0 IN

]
< 0

(5.31)

Employing the Schur complement [112] and considering Mh = MvhP̄1, Nh = KhP̄2,
and Oh = P3Lh, where 1 ≤ h ≤ S, and applying Polya's theorem on de�nite quadratic
forms [111] to address the double sum problem, (5.21) is obtained. Hence, the proof is
complete.

Remark 3. As extensively discussed by [111], the application of Polya's theorem pro-
vides a set of su�cient conditions to assess the de�niteness of fuzzy summations. These
conditions become progressively less conservative as the complexity parameter s increases.
Notably, they are asymptotically exact, meaning there exists a �nite value of s at which
they become necessary and su�cient.

5.4 Simulation Results: Application to a Fleet of UAVs

In this section, is demostrated the e�ectiveness of the introduced observer-based leader-
following fault-tolerant consensus control, where the LPV control, observer and virtual
actuator gains are computed simultaneously considering the LMIs conditions presented
in(5.21). The main objectives of the multi-agent system are tracking the trajectories
of a virtual leader and maintaining formation control, even in the presence of actuator
faults. Figure 5.2 shows the model-based leader-following formation consensus control
block diagram employed in the simulation results. Figure 5.2 provides a more detailed
schematic compared to Figure 5.1. Here, we emphasize the recon�guration of the control
law using the virtual actuator, highlighted in gray. Additionally, actuator faults are
considered in both additive and multiplicative forms.
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Figure 5.2: Model-based leader-following consensus control scheme for a team of UAVs.

To solve the LMI (5.21), as in Chapter 4, the quasi-LPV representation (4.28) of the
nonlinear UAV (3.20) is considered, with µ1 = 1 and µ2 = 70, using MATLAB software
and the SDPT3 toolbox [130].

The UAVs parameters are considered as in [131] for the quadcopter model DJI-F450.
The parameters can be found in Table 5.1.

Table 5.1: Parameters of the DJI FlameWheel 450 quadcopter (Model: DJI-F450).

Symbol Parameter description Value

m Quadcopter mass 0.91 kg
l Arm length 0.225m
g Gravity 9.81m/s2

Jx Inertial on X-axis 0.0104 kg ·m2

Jy Inertial on Y-axis 0.0104 kg ·m2

Jz Inertial on Z-axis 0.0196 kg ·m2

b Thrust coe�cient 8.3496× 10−6N/(rad/s)2

d Drag coe�cient 1.52× 10−7Nm/(rad/s)2

The simulation conditions used in this section include: the initial conditions shown in
Table 4.2, the consensus control law (4.29), the desired formation shown in Figure 4.2,
the H matrix (4.30), the matrices Λ and L (4.31), and the trajectory tracking (4.32), as
presented in Chapter 4. In the following subsections, three di�erent cases are presented.
First, a fault-free scenario is considered, similar to the results in Chapter 4 but incor-
porating the new LMI (5.21), where no actuator faults are present. Second, the faulty
scenario is examined, which is essential for analyzing the impact of actuator faults on
the multi-agent system. Finally, the fault-tolerant case is demonstrated, showing that
the proposed approach e�ectively mitigates the e�ects of both additive and multiplicative
actuator faults, compensating for the faults and restoring the multi-agent system to its
desired positions.
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5.4.1 Fault-Free Case

To demonstrate the e�ectiveness of the proposed control structure, considering the gains
obtained from Theorem 3, the consensus control is initially evaluated under fault-free
conditions. Sensor noise is introduced using a random function with a normal distribution,
featuring a mean value of zero and a standard deviation of 0.0003. Figure 5.3 illustrates
the trajectories of the quadcopters. The leader UAV is positioned at the center of all the
follower UAVs, depicted in black, at the desired altitude. The followers successfully reach
their designated positions at the vertices of the pentagon from their initial conditions
de�ned in Table 4.2.
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Figure 5.3: 3D trajectories of the quadcopters.

The control input of the UAV can be expressed in terms of the angular velocities of
its rotors as follows:

u = ΓΩ2, (5.32)

where Ω = [Ω1,Ω2,Ω3,Ω4]
T denotes the angular velocity vector of the rotors, with Ωε

representing the angular velocity of the ε-th actuator. The relationship between Ωε and
the control input is governed by the coe�cient matrix Γ [133], which encapsulates the
drone's geometric and dynamic properties:

Γ =


b b b b

−bl 0 bl 0
0 −bl 0 bl
−d d −d d

 . (5.33)

From (5.32), the angular velocities can be derived as:

Ω =
√
Γ−1u, (5.34)

enabling the calculation of rotor speeds required to achieve the desired control e�orts.
The lift force generated by each rotor is given by fε = bΩ2

ε, linking the dynamics directly
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to the propulsion system. Although the real inputs of the UAV are voltage inputs. A
current regulation allow to obtain the desired e�orts necessary to follow the desired forma-
tion control and trajectory tracking objectives. Figure 5.4 illustrates the rotor's angular
velocities for each UAV follower in the fault-free case. The motor velocities correspond to
the e�ort applied, and these velocities stabilize once the UAV reaches its desired altitude.
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Figure 5.4: Rotor velocities of all follower UAVs.

Since the followers are in consensus, their velocities are similar. The green line, which
represents UAV 5, appears more prominent because it was the last one plotted, not because
its velocity is intentionally emphasized. However, a slight variation around 500rad/s is
observed. This variation is due to minor adjustments made by the UAV to maintain its
position in response to sensor noise, which requires the motors to constantly �ne-tune
their speeds. It is important to note that this approach e�ectively manages the level of
sensor noise introduced. Let us de�ne δi = ∥xi− xl∥− ra to measure the synchronization
error between the leader UAV and each quadcopter follower. Figure 5.5 illustrates the
evolution of δi. When δi = 0, it indicates that follower i is following the virtual leader.
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Figure 5.5: Synchronization error between the leader UAV and each quadcopter.

Let's de�ne the relative distances as dij = ∥([xi, yi, zi]T − [xj, yj, zj]
T )− (hi − hj)∥. A

value of dij = 0 indicates the desired formation has been achieved. Figure 5.6 depicts
the performance of relative distances between the quadcopters in reaching the desired
formation H.
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Figure 5.6: Relative distances between the quadcopters.

Based on Figures 5.5 and 5.6, it is notable that the team of UAVs is following the
virtual leader at the desired pentagon vertex, achieving both control objectives, virtual
leader tracking and formation control, and showing that consensus on both objectives is
achieved within the �rst 15 s of simulation.
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5.4.2 Faulty Case

In order to evaluate the behavior of the UAVs, with respect to the formation control
objectives, in faulty situations, we consider in this subsection the following actuator faults.
The �rst one occurs on UAV4 as an additive fault and is characterized by:

f4(t) =




0
0
0
0

 , 0 ≤ t ≤ 20 s


0

−100 rad/s
0
0

 , 20 s < t ≤ 60 s

(5.35)

The second one occurs on UAV3 as a multiplicative fault and is such as:

ϑ3(t) =




1 0 0 0
0 1 0 0
0 0 1 0
0 0 0 1

 , 0 ≤ t ≤ 35 s


0.8 0 0 0
0 0.8 0 0
0 0 0.8 0
0 0 0 0.8

 , 35 s < t ≤ 60 s

(5.36)

When the actuator faults (5.35) and (5.36) occur, as illustrated in Figure 5.7, it can be
seen that the formation control objective is not achieved: the desired pentagon shape
is not reached. In particular, the formation integrity is compromised, resulting in the
follower UAVs deviating from the trajectory of the UAV leader.
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Figure 5.7: 3D trajectories of the quadcopters in faulty situation

Figure 5.8 shows the rotor velocities' behavior when faults (5.35) and (5.36) are intro-
duced. It is evident that without a control action capable of compensating the additive
and multiplicative faults, the multi-agent system diverges from its desired trajectory and
loses synchronization with the virtual leader.
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Figure 5.8: Rotor velocities of the faulty UAVs 3 & 4.

Consequently, all δi are di�erent from 0 for all i values after the fault occurences as
shown on Figure 5.9. As a consequence of the additive fault at t = 20 s, it can be observed
in Figure 5.7 that the follower UAVs move away from the leader, resulting in an increase
in the synchronization error δi. Subsequently, when the multiplicative fault (5.36) a�ects
UAV3 at t = 35 s, it results in a 20% power loss in the rotors, causing the UAV to lose
altitude. The impact of this fault is primarily observed in UAV3, which moves away from
the leader. However, due to the interconnection in multi-agent systems, UAV3 attempts
to return to the desired altitude but is unable to do so due to the presence of the fault.
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Figure 5.9: Synchronization error between the leader UAV and each quadcopter under
actuator faults.

Figure 5.10 shows that the relative distances between the followers and their desired
positions cannot be maintained, as indicated by dij ̸= 0.
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Figure 5.10: Relative distances between the quadcopters under actuator faults.

It is important to note that the fault magnitudes (5.35) and (5.36) were selected to
induce faulty behavior in the follower UAVs without incurring instability. It is essential
to emphasize that increasing fault magnitudes jeopardize the stability of the entire multi-
agent system. The numerical example reveals that even a single faulty rotor on one UAV
compromises the performance of all UAVs, preventing both formation control and leader
tracking objectives.
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5.4.3 Fault-Tolerant Control Case

As demonstrated in Section 5.4.2, the results indicate the necessity of implementing a
FTC strategy, as depicted in Figure 5.2. This strategy integrates the utilization of a
virtual actuator (5.14) to maintain the stability of the closed-loop control and to uphold
the formation control objectives as closely as feasible. Since the fault information is
assumed to be known a priori, a 5, s delay is intentionally introduced between the fault
occurrences ((5.35), (5.36)) and the control recon�guration. This delay value was chosen
to clearly illustrate the fault's impact on the multi-agent system, as shorter delays might
not su�ciently highlight the transient e�ects before the FTC strategy takes action. In
real-world UAV applications, fault detection and recon�guration times depend on sensor
sampling rates, computational delays, and communication latency among agents. While
some FTC systems can react faster, a 5, s delay represents a conservative yet realistic
scenario where fault diagnosis, decision-making, and actuator recon�guration require non-
negligible time, especially in distributed systems with limited computational resources or
intermittent communication. This choice ensures a balance between analytical clarity and
practical feasibility in evaluating the FTC strategy's e�ectiveness. When a fault occurs in
one agent, it a�ects the desired position of the entire multi-agent system. As a result, the
whole team adjusts its movement in response to the fault, as illustrated in Figure 5.11.
This disruption impacts the consensus objective, as the healthy UAVs begin to follow
the a�ected agent due to communication exchanges and the interconnections among the
followers. Consequently, both the leader-following consensus and the formation control
objectives are compromised. However, the use of virtual actuators mitigates the e�ects
of actuator faults, allowing the system to recover. The multi-agent system regains its
desired formation and resumes tracking the leader quadcopter e�ectively.
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Figure 5.11: Trajectories of the quadcopters considering the FTC strategy.

As depicted in Figure 5.11, the occurrence of a fault in one agent disrupts the desired
position of the entire system, prompting the team to shift accordingly. This shift happens
because the healthy UAVs are in�uenced by the faulty agent through communication and
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interconnections. As a result, the consensus objective is a�ected, compromising both the
leader-following consensus and the formation control. However, after the implementation
of FTC multi-agent systems, the agents successfully reject the e�ects of the fault. The
team returns to its desired positions, and the UAVs resume following the virtual leader. In
Figure 5.12, it is possible to visualize the control action performed by the virtual actuators
to compensate for the faults in agents 3 and 4.
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Figure 5.12: Rotor velocities of all follower UAVs considering the FTC strategy.

Figure 5.13 shows that for t < 20 s, the multi-agent system operates without faults. At
t = 20 s, the additive fault (5.35) is introduced in UAV4, causing the system to lose both
control objectives: formation maintenance among followers and synchronization with the
virtual leader. Subsequently, at t = 25 s, the virtual actuator is implemented in UAV4,
which compensates for the fault e�ects. By t = 32 s, both control objectives are recovered.
At t = 35 s, the second fault (5.36) is added, now a�ecting UAV3. Notably, both errors are
impacted but only with respect to UAV3. Five seconds after fault occurrence (t = 40 s),
the virtual actuator is implemented in UAV3, after the compensation action of the virtual
actuators, δi returns to its desired value of zero for all followers, con�rming that the e�ects
of the faults were rejected.
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Figure 5.13: Synchronization error between the leader UAV and each quadcopter consid-
ering the FTC strategy.
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Figure 5.14: Comparison between �gures 5.9 and 5.13.

The fault in one agent a�ects the desired position of the global multi-agent system.
Then, all the team moves after the appearance of the fault. This is why the consensus ob-
jective is a�ected. All the healthy UAVs follow the a�ected one due to the communication
exchange and the interconnection between the followers, compromising both objectives:
the leader-following consensus and the formation control. A comparative analysis of Fig-
ures 5.9 and 5.13 is shown in Figure 5.14 demonstrates that our proposed FTC strategy
e�ectively compensates for both fault types, as evidenced by all deviation signals δ con-
verging to zero following fault compensation. The fault reject validates the e�ectiveness
of our FTC approach. Figure 5.15 con�rms that all quadcopters return to their desired
positions at the vertices of the pentagon because dij = 0. The two transients in δ3 right
after the virtual actuator activation (t ≈ 38 s and t ≈ 41 s) are due to the fact that once
the multiplicative fault is compensated, the agent try to return to its desired position, but
initially experiences an overshoot that increases the desired altitude, and then returns to
its position.
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Figure 5.15: Relative distances between the quadcopters considering the FTC strategy.

Figure 5.15 demonstrates substantial performance improvement over Figure 5.10, with
the proposed FTC scheme successfully achieving complete fault mitigation. All desired
distance converge to zero following fault compensation, con�rming the FTC e�ective-
ness in fully restoring both the desired formation positions and accurate leader-follower
tracking performance.

In this section, we have shown the performance of the virtual actuator in handling both
additive and multiplicative faults, showcasing its e�ectiveness in rejecting both types of
faults and enabling the multi-agent system to achieve both formation control and leader
tracking objectives.

5.5 Conclusions

This chapter develops an observer-based leader-following fault-tolerant consensus control
scheme for LPV multi-agent systems. Su�cient LMI conditions for the existence of ad-
missible LPV controller, observer, and virtual actuator gains are derived using Polya's
theorem on de�nite quadratic forms, reducing design conservatism. The e�ectiveness of
this approach is validated through numerical simulations with a team of nonlinear quad-
copters.
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6.1 General Conclusions

This thesis has made signi�cant contributions to the development of advanced control
strategies for LPV multi-agent systems through the integration of observer-based con-
sensus control methods. The research has systematically addressed key challenges in
achieving robustness and fault tolerance, progressing from basic linear systems to more
complex LPV formulations with fault compensation capabilities.

In Chapter 3 the development of a robust observer-based leader-following consensus
control strategy for linear multi-agent systems was presented. This approach successfully
addressed the dual challenges of external disturbances and sensor noise, ensuring reliable
trajectory tracking of a virtual leader while maintaining precise consensus among follower
agents.

Based on these results, Chapter 4 extend the framework to LPV multi-agent systems.
This extension required novel solutions to handle parameter-varying dynamics while pre-
serving the consensus properties. The successful implementation with UAV teams con-
�rmed that the LPV observer-based controller could e�ectively manage the additional
complexity introduced by time-varying parameters.

The main contribution is presented in Chapter 5, a fault-tolerant control strategy de-
signed for LPV multi-agent systems. By incorporating a virtual actuator mechanism, the
proposed solution demonstrated capability in maintaining formation control and leader-
following objectives despite actuator faults. The simulation results shows that each UAV
system could autonomously compensate for fault conditions without requiring complete
recon�guration.
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6.2 Perspectives

While this thesis has advanced distributed fault-tolerant control for actuator faults in
multi-agent systems, several important research directions emerge from this work. A nat-
ural extension would be to develop integrated fault diagnosis and tolerance schemes for
sensor faults, which remain unaddressed in the current framework but are equally cru-
cial for complete system reliability. The methodology could also be expanded to handle
coupled fault scenarios, where simultaneous actuator and sensor faults occur, requiring
new approaches to maintain cooperative control stability. Beyond fault scope expan-
sion, practical implementation challenges warrant investigation, particularly how obstacle
avoidance algorithms might interact with FTC strategies during fault conditions, ensur-
ing safe operation in real-world environments. Communication resilience must also be
examined, as packet loss, delays, or adversarial interference could signi�cantly impact
distributed FTC performance. Theoretical improvements could explore adaptive mecha-
nisms for time-varying faults or incorporate machine learning techniques to enhance fault
diagnosis accuracy. Finally, large-scale experimental validation with outdoor UAV swarms
would demonstrate the approach's scalability and robustness under realistic operating
conditions, bridging the gap between theoretical development and practical deployment.
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Appendix A

Résumé Détaillé de la Thèse

L'automatisation distribuée connaît une évolution majeure avec l'essor des systèmes multi-
agents (SMA), où plusieurs entités autonomes interagissent pour accomplir des tâches
collectives. Ces systèmes présentent des avantages décisifs en termes de �exibilité, de
redondance et d'évolutivité par rapport aux architectures centralisées. Parmi leurs appli-
cations les plus prometteuses �gure le contrôle coordonné de �ottes de véhicules aériens
sans pilote (UAV), dédiées à des missions de surveillance, d'inspection ou de logistique.

Cependant, la robustesse de ces systèmes coopératifs face à des défaillances reste un
dé� scienti�que et technique majeur. En e�et, dans un SMA, la défaillance d'un seul ac-
tionneur peut, via les interconnexions, déstabiliser l'ensemble du réseau et compromettre
l'objectif commun (consensus, formation). Il est donc impératif de doter ces systèmes
de capacités autonomes de tolérance aux défauts (Fault-Tolerant Control - FTC), leur
permettant de maintenir un niveau de performance acceptable malgré la survenue de
pannes.

Cette thèse s'attaque précisément à ce problème en proposant un cadre méthodologique
complet pour la synthèse de lois de commande distribuées, basées sur des observa-
teurs et tolérantes aux défauts. Pour modéliser avec réalisme la dynamique souvent
non linéaire des agents (comme les UAV), nous adoptons le formalisme des systèmes
Linéaires à Paramètres Variants (LPV). Ce cadre permet de prendre en compte les
variations paramétriques mesurables (vitesse, angle, etc.) tout en conservant les outils
puissants de l'automatique linéaire. L'objectif ultime est de concevoir une architecture de
contrôle qui garantisse à la fois le suivi d'un leader de référence et le maintien d'une forma-
tion géométrique, même lorsque certains actionneurs présentent des défaillances partielles
ou totales.

Problématique et Modélisation

Le système considéré est un ensemble homogène de N agents dont la dynamique nominale
est décrite par un modèle LPV continu. Pour chaque agent i, nous avons :
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Appendix A. Résumé Détaillé de la Thèse

ẋi(t) = A(ζi(t))xi(t) +B(ζi(t))ui(t), (A.1)
yi(t) = C(ζi(t))xi(t),

où xi ∈ Rn, ui ∈ Rr et yi ∈ Rp sont respectivement le vecteur d'état, le vecteur de
commande et le vecteur de sortie. Les matrices A(ζi(t)), B(ζi(t)) et C(ζi(t)) dépendent
du vecteur de paramètres de scheduling ζi(t) ∈ Rnζ . Ce vecteur, supposé mesurable en
temps réel, varie dans un ensemble compact R et re�ète les conditions de fonctionnement
de l'agent. Pour permettre l'analyse et la synthèse avec des outils linéaires, le modèle
LPV est converti en une représentation polytopique via la méthode du bounding box :

A(ζi(t))B(ζi(t))
C(ζi(t))

 =
S∑
h=1

ρh(ζi(t))

AhBh

Ch

 ,
S∑
h=1

ρh(ζi(t)) = 1, ρh(ζi(t)) ≥ 0 ∀ζi(t) ∈ R.

(A.2)
Pour prendre en compte l'apparition de défaillances au niveau des actionneurs, le

modèle est étendu a�n d'intégrer à la fois des défauts multiplicatifs (perte d'e�cacité) et
additifs (biais) :

ẋi(t) = A(βi(t))xi(t) +Bf

(
βi(t), ϑi(t)

)(
uvi(t) + fui(t)

)
, (A.3)

yi(t) = C(βi(t))xi(t),

avecBf

(
βi(t), ϑi(t)

)
= B(βi(t))ϑi(t). La matrice diagonale ϑi(t) = diag(κi1(t), . . . , κir(t))

modélise l'e�cacité de chaque actionneur (0 ≤ κ ≤ 1), et fui(t) représente un défaut ad-
ditif indépendant. Cette modélisation permet de décrire une large gamme de scénarios de
défaillance réalistes.

Les objectifs de contrôle sont doubles et doivent être atteints de manière robuste et
tolérante aux défauts :

1. Suivi de leader : Assurer la convergence de l'état de chaque agent suiveur vers
celui d'un leader virtuel de référence xl(t), dont la dynamique est également LPV.
Cela implique que l'erreur de synchronisation δi(t) = xi(t)− xl(t) tende vers zéro.

2. Contrôle de formation : Maintenir une con�guration géométrique spéci�que (par
exemple, un hexagone ou un pentagone) entre tous les agents. Cette formation est
dé�nie par un ensemble de vecteurs de décalage hi �xés préalablement.

Architecture de Contrôle et Contributions Principales

Pour relever ces dé�s, la thèse développe de manière progressive une architecture de
contrôle de plus en plus sophistiquée. Le cheminement suit une logique claire : partir
d'un cas linéaire simple et robuste, généraliser au cadre paramétrique plus réaliste (LPV),
puis intégrer la capacité de recon�guration active face aux pannes.
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1. Commande Robuste par Consensus Basée sur Observateur pour
SMA Linéaires (LTI) � Chapitre 3

Cette première étape pose les fondations en considérant le cas simpli�é, mais fondamental,
des SMA linéaires et invariants dans le temps (LTI). Elle vise à établir une stratégie de
base robuste aux incertitudes de modélisation et aux perturbations externes.

� Problème : Concevoir un contrôleur distribué garantissant le consensus leader-
suiveur et la formation, tout en atténuant les e�ets de perturbations externes
bornées (telles que le vent) et du bruit de mesure des capteurs.

� Solution : Nous proposons une loi de commande reposant sur un observateur de
Luenberger distribué. Chaque agent i calcule sa commande à partir de l'estimation
de son propre état et des états estimés de ses voisins :

ui(t) = K

[∑
j∈Ni

aij(x̂i(t)− x̂j(t)) + αi(x̂i(t)− xl(t))

]
. (A.4)

L'observateur local reconstruit l'état x̂i(t) à partir des mesures bruitées.

� Synthèse : L'innovation réside dans le calcul simultané des gains de retour d'état
K et de l'observateur L via la résolution d'un problème d'Inégalités Matricielles
Linéaires (LMI). Ce problème est formulé sous un critère de performance H∞ qui
minimise le gain L2 des perturbations vers les erreurs de consensus et d'estimation,
garantissant ainsi une robustesse intrinsèque.

� Validation : La méthode est validée par simulation numérique sur une �otte non
linéaire de 6 quadrirotors. Les résultats mettent en évidence la capacité du système
à conserver une formation hexagonale et à suivre une trajectoire de référence, malgré
l'injection de turbulences atmosphériques (modèle de Dryden) et un bruit de mesure
signi�catif.

2. Généralisation au Cas LPV et Réduction du Conservatisme �
Chapitre 4

La deuxième étape étend le cadre au réalisme des SMA-LPV, permettant de capturer
les variations dynamiques des agents (comme les UAV) en fonction de paramètres opéra-
tionnels mesurables.

� Problème : Adapter la stratégie de consensus à un modèle LPV, où les matrices
du système et, par conséquent, les gains du contrôleur et de l'observateur doivent
s'ajuster en ligne en fonction du vecteur de paramètres β(t).

� Solution : Nous concevons un contrôleur LPV K(β(t)) et un observateur LPV
L(β(t)), tous deux représentés sous forme polytopique. La loi de commande intègre
également la commande du leader ul(t) pour un suivi plus précis.

91



Appendix A. Résumé Détaillé de la Thèse

� Synthèse Avancée : La synthèse de gains pour un système polytopique peut
être très conservative si l'on ne considère que les conditions aux sommets. Pour
y remédier, nous introduisons l'application du théorème de Polya, issu de la
théorie du contrôle �ou. Ce théorème permet d'exprimer des conditions de stabilité
qui considèrent des produits d'ordre supérieur des fonctions de pondération ρh(β),
conduisant à des conditions LMI asymptotiquement nécessaires et su�santes,
et donc beaucoup moins conservatives.

� Validation : Une modélisation quasi-LPV précise d'un quadrirotor DJI F450 est
élaborée, avec 3 paramètres de scheduling générant 8 sommets polytopiques. Ap-
pliquée au contrôle d'une formation pentagonale de 5 UAVs, l'approche démontre
son e�cacité à maintenir un consensus stable et un suivi de trajectoire, validant
ainsi la pertinence du cadre LPV et de l'outil de synthèse.

3. Commande Tolérante aux Défauts via Actionneurs Virtuels
LPV � Chapitre 5

Cette troisième étape constitue le c÷ur de la contribution : doter l'architecture de contrôle
d'une capacité active de recon�guration face aux pannes d'actionneurs, sans remettre en
cause la stabilité du réseau.

� Problème : Maintenir les objectifs de consensus et de formation lorsque des agents
subissent des défauts simultanés, à la fois additifs et multiplicatifs, sur leurs
actionneurs.

� Solution : L'idée maîtresse est l'introduction d'un actionneur virtuel LPV dy-
namique pour chaque agent. Cet actionneur virtuel s'intercale entre le contrôleur
nominal (conçu pour un système sain) et le système physique potentiellement dé-
faillant. Son rôle est triple :

1. Isolement : Masquer les e�ets du défaut au contrôleur nominal, qui continue
de fonctionner comme si de rien n'était.

2. Recon�guration : Recalculer en ligne la commande uvi à appliquer au sys-
tème défaillant pour que son comportement global se rapproche le plus possible
du comportement nominal souhaité.

3. Compensation d'estimation : Injecter un signal yvi dans l'observateur pour
corriger l'estimation d'état, laquelle est faussée par le défaut.

La dynamique de cet actionneur virtuel est elle-même LPV :

ẋvi(t) =
(
A(β(t)) +B∗(β(t))Mv(β(t))

)
xvi(t) +

(
B(β(t))−B∗(β(t))

)
ui(t), (A.5)

yvi(t) = C(β(t))xvi(t),

où Mv(β(t)) est le gain LPV de l'actionneur virtuel à synthétiser.
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� Synthèse Uni�ée et Novatrice : La contribution principale réside dans la déri-
vation d'une condition LMI unique et structurée (Théorème 3). Cette condition
permet le calcul simultané et garanti des trois ensembles de gains polytopiques :
ceux du contrôleur consensus (Kh), de l'observateur (Lh) et de l'actionneur
virtuel (Mvh). L'application du théorème de Polya à ce problème de synthèse
conjointe complexe permet de minimiser le conservatisme du résultat, aboutissant
à un design globalement cohérent et performant.

� Validation Expérimentale par Simulation : Un scénario complet et réaliste
est simulé avec une formation pentagonale de 5 UAVs.

1. Cas nominal : La stratégie de contrôle, utilisant les gains issus du Th. 3,
maintient parfaitement la formation et le suivi.

2. Cas défaillant (sans FTC) : Un défaut additif sévère est injecté sur un rotor
d'un UAV à t = 20 s, suivi d'un défaut multiplicatif (20% de perte d'e�cacité)
sur tous les rotors d'un autre UAV à t = 35 s. Sans mécanisme de tolérance,
la formation se dissout et le consensus est perdu, illustrant la vulnérabilité du
système.

3. Cas FTC : Après un délai réaliste de 5 secondes (simulant le temps de détec-
tion et de décision), les actionneurs virtuels correspondants sont activés. Les ré-
sultats sont concluants : les agents défaillants sont recon�gurés, et l'ensemble
de la �otte retrouve sa formation et son synchronisme avec le leader.
Ceci démontre sans équivoque la résilience apportée par l'approche et sa ca-
pacité à contenir localement l'impact des défauts.

Conclusions Générales et Perspectives

Cette thèse a apporté des contributions méthodologiques substantielles au domaine du
contrôle coopératif des systèmes multi-agents. En suivant une démarche incrémentale
et rigoureuse � allant du contrôle robuste LTI au contrôle tolérant aux défauts LPV �
nous avons démontré comment uni�er des techniques avancées d'observation, de théorie
LPV, d'optimisation par LMI et de recon�guration dynamique au sein d'une architec-
ture de contrôle distribuée. La synthèse simultanée des gains, rendue possible par
l'exploitation du théorème de Polya, constitue une avancée notable, o�rant une solution
à la fois moins conservative, théoriquement garantie et directement applicable à des sys-
tèmes non linéaires modélisés sous forme LPV.

Les travaux futurs issus de cette thèse pourront s'orienter selon plusieurs axes de
recherche prometteurs :

� Diagnostic intégré : Développer et intégrer des algorithmes de diagnostic en ligne
performants pour l'estimation en temps réel des défauts (ϑ̂i(t), f̂ui(t)), levant ainsi
l'hypothèse actuelle de défauts parfaitement connus.

� Tolérance aux défauts de capteurs : Étendre l'architecture pour inclure égale-
ment la tolérance aux défaillances des capteurs, par exemple via le concept dual de
capteur virtuel.
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� Robustesse réseau : Étudier la robustesse des stratégies proposées face aux im-
perfections des réseaux de communication (délais variables, pertes de paquets, bande
passante limitée) voire à des cyber-attaques.

� Interaction avec la plani�cation de trajectoire : Combiner la couche de con-
trôle tolérant aux défauts avec des algorithmes de plani�cation de trajectoire et
d'évitement d'obstacles dynamiques, pour assurer la sécurité opérationnelle dans
des environnements complexes et incertains.

� Validation expérimentale à grande échelle : Implémenter et valider les al-
gorithmes sur une plateforme physique d'essai impliquant une �otte réelle d'UAVs,
a�n de confronter les performances théoriques aux contraintes du monde réel (bruits,
incertitudes de modélisation, limitations matérielles).

En conclusion, ce travail fournit un socle théorique et pratique robuste pour le développe-
ment de systèmes multi-agents autonomes d'une nouvelle génération : des systèmes non
seulement coopératifs et performants, mais aussi intrinsèquement robustes, résilients
et dignes de con�ance. De telles propriétés sont indispensables pour leur déploiement
dans des applications critiques où la sécurité et la �abilité sont non négociables.
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