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Abstract

Vehicle platooning is a cooperative driving scenario in which a set of consecutive, connected
and autonomous vehicles travel at the same speed while controlling their inter-vehicular
distance. Organising traffic in platoons of vehicles can mitigate issues in road transport
by improving safety, energy efficiency, and road usage. Vehicle platooning scenarios are
enabled by communication across the fleet, allowing the design of distributed controllers
to impose cooperative vehicle motion. In contrast to initial control strategies tailored for
specific network topologies, the last decade has witnessed a substantial increase in vehicle
platooning control solutions that treat the cooperative platoon motion as the synchronisa-
tion of a network of dynamic systems, thereby enabling their use across a wider range of
topologies. Despite numerous publications in recent years, the literature lacks a compre-
hensive survey of network synchronisation methods for vehicle platooning. To fill this gap,
this paper aims to review network synchronisation strategies proposed for controlling the
longitudinal motion of vehicle platoons over the period 2013-2025, with particular focus
on contributions from 2018 onwards. The literature on network-synchronisation-based
vehicle platooning methods is reviewed within a four-component framework. Then, the
most widely used families of distributed consensus controllers are analysed, and the ways
in which heterogeneity, nonlinearities, delays, packet drops, external disturbances, and
cyber attacks are accounted for and mitigated are examined, along with different types of
closed-loop stability. The review also surveys approaches from the literature for validating
and assessing synchronisation algorithms in vehicle platoons, covering both experimental
and simulation studies, as well as the related simulation platforms. The review paper
concludes by presenting research trends and gaps, as well as potential future directions.
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Safety Administration’s survey for 2021 places the number of vehicle collisions that led
to fatalities at 39,508 and the number of fatalities at 42,939 [2]; in the United Kingdom,
the Department for Transport counted 1766 road casualties in 2022 [3]. Representing the
environmental dimension, the U.S. Energy Information Administration (EIA) reported in
2022 that the transportation sector emitted a cumulative 1488 million metric tons of CO; [4].
There is a similar estimate by the U.S. Environmental Protection Agency, which estimates
that transport accounts for 29% of national greenhouse gas emissions [4]. Correspond-
ingly, the UK Department of Transport assigns 26% of the country’s total greenhouse gas
emissions to transportation, equivalent to 427 million tonnes of carbon dioxide in 2021 [5].
These numbers motivate us to pursue more eco-friendly technologies that enhance road
safety while maintaining transportation efficiency. Given the aforementioned conditions,
it is clear that an advanced solution is necessary to meet both the increasing safety and
efficiency requirements. The vehicle platoon is the necessary solution. In the platoon,
vehicles coordinate their movement by synchronising with the lead vehicle, using sensors
and vehicle-to-vehicle (V2V) communication systems to maintain a uniform speed while
maintaining safe spacing. Mathematically, this coordination can be viewed as a synchroni-
sation problem in multi-agent systems, where each agent adjusts its states through local
interactions and shared information to achieve a common objective.

The benefits of vehicle platooning in practice are numerous: (i) The collisions are
greatly reduced because autonomous vehicles have reaction times of 10-100 ms, which
is faster than the typical human response lag time of 1-2 s [6]. (ii) Maintaining a safe
distance between vehicles not only increases safety but also reduces traffic bottlenecks
and increases road capacity [7]. (iii) There are environmental benefits gained from the
aerodynamic drag caused by air flowing over a platoon; this results in payable annual
savings in fuel usage as well as reduced greenhouse emissions and thereby contributes to
sustainability goals [8,9]. (iv) The uniform acceleration profile of the platoon copes with
abrupt physical forces and thereby improves passenger comfort by reducing jerks [10,11].
Understanding the mechanism that yields these benefits requires studying the architecture
of the control framework that enables vehicle platooning. The success of platooning
depends on the design of an effective control system. Accordingly, this discussion continues
with a description of the four-component framework proposed in [8] that underlies modern
platooning control systems, as shown in Figure 1.
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Figure 1. The four-component framework for platooning systems.

(i) Node dynamics: In the case of a vehicle platoon, every vehicle is considered
a node. The node modelling must be accurate to ensure that the vehicle’s simulated
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dynamics reproduce realistic performance [8]. (ii) Information flow topology (IFT): This
describes how the information (i.e., the vehicle states) is transmitted over the network to
neighbouring vehicles in the platoon. Most commonly used IFT configurations include
(a) Predecessor Follower (PF), (b) Predecessor Follower with Leader (PFL), (c) Bidirectional
(BD), (d). Bidirectional with Leader (BDL), (e) Two Predecessor Follower (TPF), (f) Two
Predecessor Follower with Leader (TPFL), (g) Bidirectional Predecessor Following (BPF),
and (h) Bidirectional Predecessor Leader Following (BFL) [8]. (iii). Formation geometry
(FG): This denotes the arrangement of the vehicles in the platoon [8]. (iv) Distributed
controller (DC): The DCs are localised at each vehicle and perform independent control
actions using state information from neighbouring vehicles [8]. The vehicle platoon’s
control system is hierarchical, consisting of two levels, as shown in Figure 2. The upper-
level controller is distributed and responsible for cooperative adaptive cruise control by
processing information from surrounding vehicles to determine the desired acceleration or
torque. This desired value serves as a reference for the lower-level controller. Located on
each vehicle, the lower-level controller executes throttle or brake commands to follow the
reference provided by the upper-level controller.
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Figure 2. Hierarchical control architecture.

1.1. Survey Methodology

For a comprehensive analysis and generating the statistical trends as shown in Figure 3,
a systematic literature survey was conducted in the following manner:

(i). A systematic search was conducted across primary academic databases, including
IEEE Xplore, Scopus, Web of Science, and Google Scholar, using keywords such as
“vehicle platoon,” “formation control of vehicles in platoon,” “distributed control of
vehicle platoons,” and “consensus control of vehicle platoons.”

(ii). The resulting literature was further classified broadly into two main categories based
on the control structure: (i) control law related to a specific topology, e.g., control
law catering to vehicles communicating in a PF, BD, etc., topology; (ii) control law
addressing general topologies (GTs). The control law designed to make consensus of
the vehicles’ states, thereby converging for a wide range of topologies, is known as
the control law for general or generic topologies (GTs).This term has been coined in
several publications, including [12-18], and refers to control laws that support platoon
formation with vehicles communicating over a broad range of topologies. Figure 3 is
plotted based on this classification.

(iii). While Figure 3 is obtained from papers published from 2013 to 2025, the rest of the
review paper reports the more recent work from 2018 to 2025, pertaining to GTs.

(iv). The focus of the review is on the topic of distributed longitudinal control of vehicle
platoons; hence, it excludes other areas of platooning, such as lateral control, two-
dimensional control, traffic flow analysis, or human-vehicle interactions.
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(v). The final selection of the literature is peer-reviewed journal articles and conference
proceedings published only in the English language between January 2013 and Octo-
ber 2025.

From Figure 3, it can be inferred that the literature published between 2013 and 2015
mostly focused on developing the distributed controller for a particular topology. Over
the years, a shift has occurred toward the development of distributed control algorithms
that are not limited to a particular topology and can accommodate multiple topologies.
This review paper examines the literature on vehicle platoons, focusing on communication
in GT by breaking it down into four key components: node dynamics, information flow
topologies, formation geometry, and distributed controllers. By focusing on a variety of
distributed control approaches applicable to generic topologies, this review paper is novel
in comparison to other literature surveys on vehicle platoons, which either did not cover
a wide range of distributed controllers or did not specifically focus on generic topologies.
Some of the literature survey papers are reviewed in Section 1.2.

Distributed Controllers (by topologies) for Vehicle Platooning
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Figure 3. Bar chart of publications by topology type.

1.2. Previous Surveys on Distributed Control of Vehicles in a Platoon

This subsection surveys the selected literature review papers on vehicle platooning. It
provides insights into how the selection is made, the main themes that literature reviews
have covered, and, finally, the reason for this review paper on vehicle platoon control.

1.2.1. Methods of Selection

The selection is based on peer-reviewed survey papers on vehicle platooning, pub-
lished in English only. Emphasis is placed squarely on surveys that include some discussion
of platoon control, whether distributed, cooperative, or formation. Review articles that deal
with vehicle platoons but do not address control are systematically excluded. The search
strategy is used to canvass such databases as the web address of the Institute of Electrical
and Electronics Engineers (IEEE) Research Library, presumed to be an electronic database
of articles released as of 2013, such as the Science Direct database and the Association
for Computing Machinery (ACM) Digital Library, as well as Google Scholar. If a paper
is duplicated across multiple databases, it is manually deleted from each database. In
cases where topics overlap with other surveys, each survey is tagged with multiple tags
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summarising all relevant overlapping attributes, as listed in Table 1. The surveys below are
categorised based on the major theme they focus on. Note that only this section, Section 1.2,
contains the survey of reviews on vehicle platoons. Meanwhile, the other sections of our
review paper present a comprehensive survey of technical papers on the longitudinal
control of vehicle platoon formations communicating in the GT network.

Table 1. Summary of literature surveys on vehicle platooning.

Literature Subjects

Attributes Discussed References
Modelling of individual

Node Dynamics vehicle dynamics in the [8,11,19-28]
platoon

Communication networks Topologies between vehicles  [8,19,20,22-32]
Distributed algorithms used

Distributed Controllers for platoon control, e.g., [8,11,19-28,31,33]
MPC, SMC, etc.
How vehicles maintain their

Formation Geometry positions relative to each [8,19-25,27,28,30,31]

other

Performance criteria such
as stability (internal, string,
robust), stability margin,
coherence behaviour

Performance and Stability metrics [8,11,19-28,30-32]

Platoon Projects Projects related to platoon [21,26,27,29,30,32,33]

Analysis and mitigation of
factors like delays, packet
loss, cyber attacks, and
model uncertainties

System Uncertainty and Robustness [8,19,20,22-29,31-33]

Operations like merging,

Manoeuvres .
lane changing, etc.

[11,21,23,26-34]

Vehicular networking, V2V,

V2I communication [11,21-25,25,26,31,33]

Communication Architecture

Mitigation strategies regard-

ing cyberfaults, DoS, etc. 28,311

Cybersecurity

Energy optimisation and all
Energy-based literature related to energy [21-24,26,27,29-33]
saving, fuel saving

Effects on traffic flow, safety,

environmental benefits [21-54]

Traffic Impact and Environmental Impacts

1.2.2. Overview of Existing Surveys in Vehicle Platoon
This section reviews the key themes that each survey focuses on.
(i). Surveys centric to the four components of platoon

Early surveys on vehicle platoon control organised the literature around four core
components: node modelling, information flow topology, formation geometry, and dis-
tributed control [8,19]. They provided the other foundational concepts, such as different
types of stability; however, the development of the distributed controller for GT lacked
sufficient depth, as did the discussion of the practical challenges of vehicle platooning.
(ii). Surveys centric to stability

While most of the review papers slightly touched the stability part, including the
definitions and types (also shown in Table 1), ref. [20] fully focused on string stability,
which is a type of platoon stability dealing with the amplification of error in states of
vehicles down the string. It then compared different definitions of string stability and
analysed tools for computing across the time and frequency domains [20].
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(ii1). Surveys centric to Coordination, formation, and manoeuvres

This category of surveys emphasises the high-level organisational aspects of a platoon,
outlining how the individual vehicles are grouped, coordinated, and controlled during
complex operational manoeuvres. The main theme includes formation and coordination
architectures, distributed controller algorithms, communication protocols, cooperative
planning of trajectories and practices of joining, leaving, merging, and splitting opera-
tions [11,21-23,33]; while these review papers offer important insights into the logic behind
decision making at the formation level, they are limited almost exclusively to a set of dis-
tributed longitudinal controllers and cover little on stability issues across generic network
topologies, which is essential to the present review.

(iv). Surveys centric to influencing factors and consensus in uncertainties

Advancements in vehicle platoon technology have led to increased focus on identify-
ing the sources of uncertainty that affect the platoon’s coordinated behaviour and stability.
The work in [24] explicitly compared factors such as vehicle heterogeneity, longitudinal
disturbances, communication time delays, and network connectivity disconnections and
reported their contributions to stability in terms of amplification of errors down the string
(also known as string stability) and tracking errors. It concluded that network disconnec-
tions are the most detrimental cause of string instability. In another review work presented
in [25], the authors organised the literature into imperfect transmission (communication
time delays and data packet loss), resource constraints, and switching topologies. Further,
they focused on measuring resilience, convergence rate, and robustness in the presence of
communication network uncertainties. A complementary work regarding factors affect-
ing stability is surveyed in [35], where large-scale cooperative driving scenarios, wireless
communication, and stability are identified as the fundamentals of vehicle platooning.
The work ensured reliable and secure communication as a means of successful, scalable
cooperation. Although these surveys provide an explicit perspective on factors, they do
not offer a controller family taxonomy centred on distributed, longitudinal control laws
(e.g., sliding mode and model predictive control) and generic information flow topologies,
which are the focus of the present review.

(v). Surveys centric to the CAV ecosystem and applications

Within this category, studies address the integration of platooning into the broader
cooperative driving and Connected Autonomous Vehicle (CAV) ecosystem. The main
theme covers system architectures, practical use cases, deployment considerations, and
transport-level ramifications, but it does not go into controller-level stability investigations.
For example, overviews of CAV control issues, prospective challenges and use cases are
presented in [26,29], and a panoramic overview of freeway platooning and its broader
implications is contained in [30]. The concept of collaborative autonomous driving and
multi-vehicle cooperative control in transportation systems is surveyed in [27,31]. A
complementary survey is given in [34]. It focuses on planning and decision-making for
autonomous vehicles, including behaviour-aware planning for traffic interactions, safety
and security considerations, and fleet-level operations (e.g., routing and assignment in
mobility-on-demand environments). Although platooning is not the primary focus, this
work supports the wider CAV ecosystem perspective and the need for critical safety and
coordination perspectives, as well as controller-level platoon studies. In summary, these
works comprise a critical part of the application contextualisation and platoon system
integration; they generally do not provide the depth of controller analysis and the issues of
vehicle platooning, including faults and cyber attacks, that our paper aims to provide.
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1.2.3. Contribution of This Review Paper

Table 1 summarises the literature reviewed above, and identifies the key topics covered
by the respective review paper. As shown in the table, no single survey on platoon control
addresses all the themes. Hence, there is a need to cover the themes which neither of the
review papers has surveyed. Importantly, they also do not precisely review papers for the
synchronisation of states over a wide range of topologies. Lastly, many do not account
for the most recent research up to 2025. Hence, there is an immediate need for up-to-
date research that integrates all the aforementioned elements. This also includes covering
practical challenges in the formation control of vehicle platoons, such as heterogeneity,
nonlinearities, communication time delays, packet drops, switching topologies, external
disturbances, and cyber-physical threats. Moreover, this review paper surveys studies
used to validate platoon-control theory and sheds light on platooning trials and projects
underway worldwide.

The remainder of this paper is structured as follows: Section 2 defines the objectives of
platoon control. Section 3 presents a mathematical overview of the modelling components,
including node dynamics, information flow topologies and formation geometry. Section 4
provides a detailed survey and classification of the distributed control strategies developed
for vehicle platoons. Section 6 reviews platoon performance analysis, including stability
analysis techniques. Section 7 discusses the simulation platforms and experimental setups
presented in the literature. Section 8 discusses about the feasibility of the distributed
controller in deployment and the barriers associated with it in light of real world scenarios.
Finally, Section 9 concludes the paper, identifies critical research gaps, and proposes future
research directions. As this review targets to survey vehicle platooning control solutions
where the cooperative platoon motion is formulated and solved via network synchroni-
sation strategies, Appendix A reports the formulation of the synchronisation problem of
a network of dynamic systems for the sake of completeness. This is also shown in the
roadmap of this review in Figure 4. The centre of the figure illustrates the introduction,
followed by the formulation of the control problem. The right side of the figure corresponds
to the components required for formulating the control problem. They are node dynamics,
formation geometry, information flow topology, distributed control strategies, and fault
mitigation. The left side of the figure informs the post-design phases. They include per-
formance analysis, covering aspects of platoon stability, and algorithm validation through
simulation and experimentation. Each main block is marked with a number corresponding
to the section number, providing an overview of the contributions within each module.

|_Routh Hurwitz | - Linear
hterna Introduction Node (ideal/ext. disturbances)
Basic Lyapunov Stability _ (Concept, > Dynamics Nonlinear
Literature surveys) Sec. 3.1 (ideal/ext. disturbances)
L. Krasovskii Sec. 6.1 Sec. 1 . 3.

Data Driven
(ideal/ext. disturbances)

L. Razumikhin

Oth thod (Formation l Constant ]
er methods Sting Platoon T m— Geometry | | Distance
¢ | stability Perforl:n Control Prob. Sec. 3.2 I Constant Time
Sec. 6.2 Analysis Formulation [\ J Headway
Sec. 6 Sec. 2 Info. Flow Variable Time
Sec. 3.3 Directed
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. . Robust A& J packet drop)
Riccati -
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e 0 (" Distr, )| ) e
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Control
Softwares Simulation & | SRR
(MATLAB, CARLA,SUMO, €] . . e\ (Linear, MPC,
— | I— Exp. Validation Faults and Adaptive, SMC, Al etc]
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Experimental | Sec. 7 > Attacks (D:s,erspo::in:,
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Figure 4. Structure and contributions of the review modules.
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2. Platoon Control Problem Formulation

The control strategy for the platoon is devised by minimising a set of tracking errors
in the vehicles” states. There are three main error types, which can be categorised as
detailed below.

(i). Position error: This error measures how far the vehicle’s position is from the desired
inter-vehicular spacing. The position error of vehicle i with respect to a neighbouring
vehicle j and the leader 0, respectively, is:
a. q. ddes 1
eS,']‘ =5 S] l] ’ ( a)
es,y = S; — 50 — dS. (1b)

The vehicle platoon control objective is to achieve the convergence of the position
error to zero as
li N = li . = 0. 2
HlToo‘es” (t)’ 0, HlToo‘es’o (t)’ 0 @
(ii). Velocity error: This error states the difference of velocities between the vehicles. This
can be with respect to the follower or the leader vehicle. Convergence of this error to zero
brings the synchronisation of all vehicles of the platoon. The velocity error is defined as

ey = Vi — Uj, (3a)

ey;y = Ui — 0p. (3b)

The vehicle platoon control objective is to achieve the convergence of the velocity error
tozeroas lim [e, | =0and lim ey, | =0.
t—-+oo Vil t=too

(iii). Acceleration error: This refers to the difference between the acceleration of vehicles,
either for the follower or the leader. It is responsible for the smooth and coordinated change
of speed in a platoon. The acceleration errors with respect to neighbour j and leader 0 for
vehicle i are given by:

e = a; — aj, (4a)

€q;, = a; — ag. (4b)

The vehicle platoon control objective is to achieve the convergence of the velocity error
to zeroas: lim |eg; | =0,and lim |eg,| = 0.
t—4oo Y t— oo
To ensure that the tracking state errors represented in (1), (3), and (4) are zero is
to ensure the successful formation of a vehicle platoon, as established in [8]. Platoon
control strategy, therefore, aims at two main objectives. (i) Synchronous alignment of state
variables, namely velocity and acceleration, in all follower vehicles with respect to the
leader vehicle, enforcing a uniform velocity profile throughout the platoon. (ii) Maintaining
a predetermined inter-vehicle spacing, df}es, according to a predetermined spacing policy.
For the mathematical formalisation of these objectives, let us consider the ith follower
vehicle, where (i = 1,2,...,N). Its longitudinal position, velocity, and acceleration are
denoted by s;, v;, and a;, respectively. The leader’s corresponding states are indicated
by the subscript 0, and df};?s represents the desired separation between vehicle i and a
neighbouring vehicle j. Accordingly, the overall platoon control objectives, summarised in
the literature [36—42], are as follows:
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i . _g.— gdes| —
tgrfoo Si —8; dl/] 0, (5)
1' . — =
im0 — o =0, (6)
li P — =0. 7
t_}rfooml ap| =0 )

3. Platoon System Modelling

In order to preserve the integrity of the four-component framework introduced in
Section 1, it is imperative that the constituent elements be modelled accurately; while
the review on the design of distributed controllers is presented in a comprehensive way
in Section 4, the contents of this specific section focus on the following: (i) modelling of
node dynamics; (ii) modelling of formation geometry; (iii) modelling of the communica-
tion network.

3.1. Node Dynamic Modelling

In a platoon, each vehicle is termed as a node; for example, the ith node represents the
ith vehicle in the platoon, as shown in Figure 1. The nodes are categorised by order of their
dynamics in the following section.

3.1.1. First-Order Node Modelling

The simplest model for node dynamics is the first-order model. This type of model in-
tentionally omits powertrain and chassis dynamics; thus, vehicle velocity is the only control
input [43]. The first-order node dynamics model for the ith vehicle are characterised by:

8i(t) = ui(t). 8)

Although this representation does not include the dynamics of acceleration, aerody-
namic drag, and powertrain lag, it is a powerful tool for exploring theoretical concepts,
enabling focus on distributed control strategies, network topology effects, and multiagent
system stability without node dynamics [43]. From a practical point of view, this abstraction
has been shown to be most suitable when the dynamics of propulsion and braking are
sufficiently fast that inertial and powertrain lag are negligible relative to the control update
cycle. Such an assumption is often justified for electric powertrains, where rapid torque
application allows inertial lag effects in follower vehicles to be ignored [44]. When these
lags cannot be dismissed, it becomes necessary to use higher-order longitudinal models
that explicitly capture the dynamics of the actuators.

3.1.2. Second-Order Node Modelling

Another type of node model is a second-order model. It exhibits second-order dy-
namics and may take either linear or nonlinear forms. A typical example of a nonlinear
second-order representation [45] is:

{s-,-m = oi(t), o

0i(t) = gllir Tui(t) — g filt) — Hi vi(1)?,

where c
fi(t) = (sin 0;(t) + cos Qi(t)) — (Cl vo(t) + 62),

100 (10)
P (4 .. .
CAz - 2 CDZ(dl—l,Z(t)) Az/
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where s;(t) and v;(t) are the longitudinal position and velocity of the ith vehicle, respec-
tively; Ty;(t) is the driving/braking torque applied at the wheels; #7; is the drivetrain
efficiency factor; Ryy; is the wheel radius; M,; is the vehicle mass; and g is the gravitational
acceleration. The term f;(t) represents the rolling-resistance-related component depend-
ing on the road inclination 6;(t), where C, is a rolling resistance coefficient and ¢y, ¢, are
surface/tyre-dependent coefficients, with v (f) denoting the reference (lead-vehicle) speed
used in that rolling resistance model. The aerodynamic term is captured by C,4;, where
p is the air density, A; is the frontal area of the ith vehicle, d;_1 ;(t) is the inter-vehicular
distance between vehicles (i — 1) and i, and Cp;(d;_1,(t)) is the drag coefficient modelled
as a function of that distance (to capture spacing-dependent aerodynamic effects). Using the
principle of state-feedback linearisation, the nonlinear second-order model is transformed
into linear second-order form [46,47]:

8i(t) = vi(t), (11a)
oi(t) = uj(t). (11b)

The linearised form presented in (11) also assumes that the acceleration is attained with
a very small actuation lag. This assumption is justified when the traction system provides
fast torque tracking (e.g., electric engines) [44]. Where this condition is not satisfied, it is
common practice for the dynamics of the actuators to be augmented in the model of the
nodes, leading to the third-order representation presented in the subsequent paragraph.

3.1.3. Third-Order Node Modelling

A third-order model of the node dynamics shows more parameters and thus more
accurate characteristics than the first- and second-order forms. For example, the third-order
nonlinear model accounts for engine, braking, aerodynamic drag, tyre friction, and rolling
resistance effects [48]. The third-order nonlinear node model is [49]:

si(t) = vi(t),
0i(t) = —5420:(1)2 — gfi + wikew Tair (12)
Ti=—-1,T,— 1, Ty,

where s;(t) and v;(t) are position and velocity of the ith node; M; is vehicle mass; C4; is
drag coefficient; g is gravitational constant; f; is rolling resistance coefficient; Ry; is tyre
radius; #7; is drivetrain efficiency; T; is actual driving /braking torque; Tj; is commanded
torque; and T; represents the inertial time lag of the powertrain. The third-order nonlinear
model in (12) is linearised via state-feedback linearisation [50-52]. The desired torque Tj;
compensates all nonlinear terms:

R
() = 2 (M (1) + Caro? (1) +25Caroi (1) + gM; ) (13)
1

Hence, after state feedback linearisation, the linear third-order model is:

si(t) = i), (142)
(1) = ai(t) (14b)
() =~ at) + — (o). (149

3.1.4. Data-Driven and Model-Free Node Modelling

Data-driven or model-free techniques do not employ a first-principles approach to
system modelling. These approaches are found to be beneficial when vehicular dynamics
are complex, highly nonlinear or contain unknown parameters [53,54]. For example,
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ref. [53] uses a reinforcement learning algorithm where the controller incorporates a control
policy through its interaction with the environment, thereby eliminating the need for
explicit description of the system [53,54]. A further approach uses a linear state-space
framework with the system matrices as latent parameters. Within this paradigm, a Q-
learning scheme directly recovers the optimal control gain from the system data, eliminating
the need for an explicit model of the nodes [55]. Despite the promising possibilities
data-driven techniques offer, these approaches still face significant stability issues. Pure
reinforcement-learning-based controllers, for instance, have no formal stability guarantees
as their optimisation procedures aim to maximise a reward rather than ensuring adherence
to Lyapunov stability criteria [56,57]. To overcome these problems, recent approaches have
implemented control-theoretic safeguards such as control barrier functions and Lyapunov-
based constraints, thereby guaranteeing stability and safety during both the training and
deployment phases [56,58].

3.1.5. General Modelling of Multiagent Systems

A significant amount of research on platoon control follows a generalised modelling
framework rather than a particular model type [50,59-62]. Rather than committing to
specific physical models shown in Sections 3.1.1-3.1.3, this modelling method formulates
the vehicle platooning node problem as an abstract multi-agent system (MAS). This ab-
straction enables greater focus on control-theoretical solutions, such as stability analysis,
and allows the developed algorithm to be subsequently validated on second or third-order
node dynamics. The general model for the the ith agent is:

Xi(t) = Aix;(t) + Biuy(t), (15)

where x;(t) is the state vector, u;(t) is the control input, and A; and B; are the state and
input matrices, respectively, [50,61]. For platoons modelled with nonlinear node dynamics,
the generic formulation for the ith agent becomes:

%i(t) = Apxi(t) + Biui(t) + fi(x;,t), (16)

with the nonlinear term f;(x;, ) containing the intrinsic dynamics of each agent [59,60,62].
Controllers based on these generalised structures have broad applicability to platoon-
ing scenarios.

3.1.6. Challenges Pertaining to Node Modelling

(i) In terms of disturbances: In the presence of a disturbance acting on the node, it is
crucial that the vehicle model at the node level must explicitly account for the accurate
disturbance model, as addressed in previous research [63,64]. These disturbances can
be caused by wind, friction, model mismatches in feedback linearisation, as mentioned
in [17]. Broadly, there are three classes of disturbance models: (i) ideal, or zero disturbance,
as presented in [65-67]; (ii) L, or finite energy disturbance model, as presented in [68];
(iii) Lo, or bounded amplitude disturbance model, as studied in [49,69]. Based on the
aforementioned classes, the disturbance function €;(t) can collectively be shown by the
following mathematical expression:

€i(t) =0 ideal,
Jo~ llei(t)||?dt is finite Lo, (17)
[ei() ] < l€illeo Leo.
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(ii) In terms of the nature of the platoon: Vehicle platoons are classified as homogeneous
or heterogeneous. A homogeneous platoon consists of N nodes with identical model
parameters [70] (e.g., Ca; = Ca; M; = M; fi = f; 411 = 15 Rwi = Rw; 7 = Tin
Equations (9), (12) and (14)). Conversely, a heterogeneous platoon contains nodes with
differing parameters [71,72]. Control strategies must be tailored to this characteristic to
ensure effective performance.

Table 2 gives a summary of the classification of the literature that is based on a sys-
tematic selection strategy developed from the definitions expressed in Sections 3.1.1-3.1.5.
The distribution of each research follows a hierarchical protocol: Primarily, the modelling
framework—a physical, data-driven or general MAS. Secondly, the order of dynamics and
the respective linearity are determined by doing a cross-reference to the dynamic formu-
lations used for controller synthesis—for example, feedback-linearised representations
(e.g., (11) and (14)) are classified as linear, while those that maintain intrinsic nonlinearities
(e.g., (9) and (12)) are specified as nonlinear. Thirdly, the external disturbance is sorted
as ideal, £ or L according to the definitions provided in (17). Finally, the platoon is
homogeneous or heterogeneous, depending on the parameter uniformity as described in
Section 3.1.6 (ii). It is pertinent to note that this classification is based solely on the model
used for the theoretical control development and stability analysis, not on other theoretical
models used to test robustness in simulation. Comparative analyses of these approaches are
presented in more detail in Tables 3-5. A statistical overview is shown in Figure 5, which
indicates that models with third-order dynamics (67.4% of publications) and linear dy-
namics (75.3% of publications) are commonly used, as they provide a satisfactory trade-off
between accuracy and complexity while also simplifying the stability analysis. Moreover,
it is shown that nonlinear models represent about a quarter of the recent literature; thus,
vehicle platooning control solutions that can be operated without mid-level controllers
(e.g., those implementing (13)), needed for linearising vehicle dynamics, are still limited,
thus showing potential future research.

Table 2. Classification of literature based on node modelling. Papers which develop controllers for
more than one model type are indicated with an asterisk (*).

Platoon Nature:

Platoon Nature:

Node States Node Dynamics  Disturbances
Homogeneous Heterogeneous
Ideal [38,43,64,65,67,71,73-77] —
Linear Lo [78] [79]
Lo [47,63,80], [81]* [72,82]
First and Second Orders
Ideal [83-87] [45,51,88-91]
Nonlinear Lo — [92]
Leo [93,94] [95-103]
[39-42,52,70,104-113], s
g Ideal [114] % [115-132] [114]*,[133-155]
near Lo [14-17,37,156-163] [164-167]
[12,36,49,168-185], [81] %, ;
Third Lo [186-188] [13,18,189-196]
Ideal [197] [198-201]
Nonlinear L — [202]
Lo [203] [204-213]
Model free o Ideal [54,55,214-216] [53,217,218]
Lo — [219]
. Ideal [61,66,220] —
Linear
Lo [221] [50,62]
General Multiagent
Nonlinear Ideal — [59,222]
Leo — [60,223]
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Table 3. Comparison of second- and third-order vehicle models.

Attribute

2nd Order Model

3rd Order Model

Realism

A simplified model that may not capture all real

vehicle dynamics [42,156].

Offers a more realistic representation of longitu-
dinal dynamics [156].

States

Includes position and velocity states to model
vehicle dynamics. There is no actuator lag [178].

In addition to position and velocity, acceleration
is the third state present to model vehicle dynam-
ics. An actuator lag is also present [138,178].

Passenger Comfort

Not explicitly considered, as the model lacks jerk

(change in acceleration) dynamics.

Allows for direct management of jerk to improve
passenger comfort [42,156].

2nd Order
(22.5%)

(a) Node model type

Homogeneous!
(56.1%)

(c) Nature of platoon

General
Multiagent
(5.3%)

Model
Free
4.8%)

3rd Order
(67.4%)

Heterogeneous
(43.9%)

Nonlinear
(24.7%)

Linear
(75.3%)

(b) Node behaviour

L
00
(36.4%)

Ideal
(52.4%)

L2
(11.2%)

(d) Type of disturbance acting at node level

Figure 5. Overview of node-level aspects in platoon modelling: (a) node model type; (b) node
behaviour; (c) nature of platoon; (d) type of disturbance acting at node level.

Table 4. Comparison of linear and nonlinear vehicle models.

Attribute Nonlinear Model Linear Model
A more realistic model depicting a vehicle’s ST . ;
. . . . A simplified model derived from a nonlinear
.mherem dynamics and thSICS by 'mherently modef which typically omits many of the
Realism including complexbehaviours. This covers complexities such as inherent nonlinearities

aspects such as drivetrain dynamics, physical

input constraints, aerodynamic drag, and
rolling resistance [51,54,88].

and practical constraints on control inputs of
the original dynamics [51,54].

Suitability for Analysis

The complexity makes rigorous theoretical
analysis and controller synthesis challeng-
ing [16,54].

The simplified model enables straightforward
stability proofs and the application of estab-
lished control theory [51,54].

Table 5. Comparison of physical vs. data-driven modelling approaches.

Attribute

Physical Model

Data-Driven (Model-Free)

Requirement

Requires knowledge of the system dynamics, as
the controller design depends on a mathematical
model [222].

Does not require a prior mathematical model.
The controller design relies solely on the system’s
input and output data, respectively, [216,222].

Handling Uncer-
tainty

Performance is heavily dependent on the model’s
accuracy and can be very vulnerable to unmod-
elled dynamics and external disturbances [216].

Well-suited for systems with unknown or stochas-
tic characteristics, as it learns the behaviour di-
rectly from interaction with the system [53].

Controller Design

Consists of a single phase where a controller is
designed based on a known system matrix [222].

Involves two main phases: a model learning phase
from data, followed by a controller design phase
based on the learned model [222].
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3.2. Formation Geometry

Formation geometry (FG) is the second of the four components of the vehicle platoon
control framework. FG is the desired spatial arrangement or policies between the vehicles
in the platoon [8]. Three main spacing policies have been published in the literature as
follows: (i) constant distance spacing (CDS) (ii); constant time headway (CTH); (iii) variable
time headway (VTH).

3.2.1. Constant Distance Spacing (CDS)
The CDS policy guarantees that the desired spacing between the ith and jth vehicles is

maintained regardless of the platoon’s speed. This spacing policy avoids increased spacing,
resulting in a tighter platoon, thereby reducing fuel usage and utilising road capacity more
efficiently than other spacing policies [98,107]. According to the CDS policy, the desired
distance between ith and jth vehicle is:
d

di;° = dls»fj, (18)
where dfl]?s is the desired distance between the ith and jth vehicles, and dft] is the constant
standstill distance.

3.2.2. Constant Time Headway (CTH)

The CTH policy ensures a constant time interval between two successive vehicles.
Under such a policy, the distance between vehicles is adjusted linearly with the platoon
velocity. A platoon with a CTH spacing policy is often said to perform better in terms of
safety at high speeds due to the larger resultant spacings. However, these larger distances
cause a loose platoon formation, and thus a lower throughput on the highway [93,111,158].
According to CTH policy, the distance it wants to keep between the ith and jth vehicle is:

df[l]es = i,ij(t) + d?[tj, (19)
where hl-,j is the time headway, dls'; is the stand still distance between ith and jth vehicles
and v (t) is the velocity of the leader vehicle.

3.2.3. Variable Time Headway (VTH)

The variable time headway (VTH) is also characterised as a nonlinear headway pol-
icy [224]. In this policy, the desired inter-vehicular spacing between the vehicles varies
nonlinearly with the platoon velocity. VTH policy at high speeds permits larger gaps, while
at low speeds it allows smaller gaps, thereby increasing road capacity [83,190]. Empirical
research indicates that VTH improves safety and performance in complex driving condi-
tions characterised by frequent velocity variations, better than the aforementioned policies
(CDS and CTH). In general, the VTH policy, a nonlinear function of platoon velocity, can be
expressed as:

des(t) = d5t + hyj(00(£)) vo (1) (20)

where /; () is the time-headway. It can be any suitable nonlinear function of the velocity
argument. A popular VTH policy is the quadratic function of the platoon speed [83,190]
dg]gs(f) = Ci,j U%(t) + I’li,]‘ Uo(t) + d?’t]-, (21)
where ¢; ; > 0 and h;; > 0 are design coefficients, and dft] is the standstill distance between
the ith and jth vehicles. The time-headway /; ;(-) of the VTH can have other nonlinear

forms for (e.g., saturating or piecewise functions) depending on requirements. More
formulations can be found in [224,225].
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Table 6 contains a detailed summary of the available literature, based on a selection
approach from the definitions of spacing policy described in Sections 3.2.1-3.2.3. For each
study, the spacing policy has been allocated by cross-referencing the policy concerned
implemented in the controller development with the corresponding formalism: CDS (18),
CTH (19) or VTH (21). After the policy is identified, the “Typical Values”column records
the inter-vehicular parameters reported within the same formalism. Where no numerical
value is provided, the study is marked with ‘Not Specified’. Importantly, the table reflects
the spacing policy adopted for theoretical controller design and stability analysis, rather
than any additional policy used only for robustness checks in the simulation. As illustrated
in Figure 6, the most common type of spacing policy is CDS. It is found in 78.6% of
the surveyed literature. Figure 6b further clarifies the parameter distribution, showing
that within CDS implementations, inter-vehicular distances within 5-10 m are most often
adopted (28.3% of the surveyed literature) and the 10-20 m distance range is second most
commonly adopted (16.6% of the surveyed literature). Regarding the other prominent
spacing policy, CTH accounting for 18.2% of the publications, most platooning is performed
with small temporal headways of 0-1 s (12.3% of the studies). In contrast, VTH policy is
poorly represented at 3.2% of the surveyed literature. This significant asymmetry suggests
a clear opportunity for future research into adaptive spacing policies that better account for
practical traffic conditions. A comparative analysis of CDS, CTH and VTH, highlighting
key advantages, limitations, and the feasibility of these technologies to inform appropriate
policy choices, is presented in Table 7.

Table 6. Spacing policies for vehicle platooning. Papers addressing more than one spacing policy
simultaneously are denoted with an asterisk (*).

Policy Typical Values References
<5m [38,51,62,65,75,78,85,100,155,159,173,177,179,195,206,212,219]
[13,14,18,37,39,55,61,73,74,82,98,102-104,106-108,116,119,120,123,125,
[5-10] m 127,130,141,143,145,150,154,162,164,168,169,171,174,180-185,187,191—
193,197,199,201,203,205,207,220,221]
Constant Distance (10-20] [217] *, [41,47,59,63,66,81,84,86,88,90,91,96,101,115,121,124,134-136,139,
m 140,163,186,196,200,213,214,216,218,222]
>20m [15-17,49,52,64,77,117,118,153,157,170,176,211]

[12,36,40,43,50,54,60,67,70-72,76,92,94,95,97,113,122,126,128,131,132,161,

Not Specified 165,172,175,178,198,202,208,210,215,223]
1] [217]*, [45,79,80,99,109,111,112,114,129,133,142,144,147-149,158,160,167,
c Time Head s 188,194,204,209]
onstant Time Headway 1, [42,53,138,151,156,166]
Not Specified [87,93,110,137,152]
Variable Time Headway [83,89,105,146,189,190]

(b) Parameter Breakdown

(a) Policy Classification €0

Variable Time
Headway
(3.2%)

28.3%

Constani
Distance
(78.6%)

£ of &
LN

& &
PR
& & &

Figure 6. Classification: (a) adoption of the spacing policies; (b) quantitative distribution of the
inter-vehicular distances and temporal headways.
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Table 7. Comparison of spacing policies.

. . Typical Use Cases and
Policy  Property Advantages Disadvantages Feasibility
® Operating scenario: Low to
moderate speeds suitable for
. . . . ban conditions
High traff th . . ey
Fixed inter-vehicular distance, * mﬁiml; 1; C:F]aécﬁy wi * Unsafe at high speeds: risks (30-50 km/h) [226].
CDS independent of « Boosts rog dpc a acit. cuts fuel hard braking or ® Values: Short gaps (5-10 m)
velocity [125,164]. use and ener p [l 2%”] 25] collisions [125]. for light vehicle platoon;
gy L1202 200 longer gaps (10-20 m) for
heavy vehicle (trucks)
platoons [227].
¢ Operating scenario:
® More collision resistant, i.e., Mgderate—hlgh speeds
gap grows with suitable for highway
o L throughput at 1 diti
Distance increases linearly with speed [151,188,194]. S;:é(e;; duglf) 151};; ow (C%I_ 110601?; /h) [228]
CTH i / . i ili :
platoon velocity [142,159,209]. g;(;lslisl) zt;lcr;g stability and gaps [151]. « Values: 0.6-1.0 s for
D homogenous platoons;
rejection [151,159]. 1.0-2.0 s for heterogeneous
platoons [229,230].
¢ Operating scenario: Flexible,
« More adaptive to changing capable of transitioning safely
traffic than CDS and between urban and highway
Nonlinear distance function of CTH [83,189] e Challenge to design a environments
VTH speed, often with quadratic . Balances, stab'ility capacity: controller due to complex (0-100 km/h) [83].

terms [83,189].

small gaps low-speed, large
high-speed [83,190].

spacing [83].

e Values: Vary (dynamic
headway), adjusted online for
safety under diverse braking
capabilities [190].

3.3. Information Flow Topology

In addition to the modelling of nodes and formation geometry, network modelling is

the third component of the four-component framework for vehicle platooning. A repre-

sentation of a vehicle platoon with N followers communicating across the network can be

modelled by a graph Gy = (Vn, En), where Vy is the set of vertices, or nodes, and €y is

the set of directed edges, or arcs, inside the network. If the ith vehicle receives information

from the jth vehicle, this is represented by the ordered pair (j, i) in the set £y. The adjacency

matrix, Ay € RN*N is defined where its entries a;j are given by:

llij =

1/ if (]/l) € EN/

0, otherwise,

(22)

thereby depicting information being received by the ith vehicle from the jth vehicle with

assumption that there is no self-looping, i.e., #; = 0. To account for communications with

the lead vehicle, the graph Gy is augmented with a node 0 representing the leader. This

gives a new augmented graph Gn1 = (Vn+1,EN+1), where V1 = {0,1,2,...,N}. The
corresponding adjacency matrix is Ay 1 € RIN*DX(N+1)_ Eor the leader, the entries are

such that dgj = Oforallj =0,1,...,N, reflecting the assumption that follower vehicles do

not transmit information to the leader. On the other hand, the followers receive information

from the leader whenever d;; = 1, otherwise d;y = 0 fori = 1,2,...,N. The set of

neighbours of the ith vehicle in Gy 1 is denoted by

M:{jE{O,l,...,N}‘ﬁijzl}.

(23)
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The Laplacian matrix of Gy is defined component-wise as
—dij, 1#],
Li=4. .. ije{l...,N}, 24
PTN Y a, =], jed } (24)
k=1
ki
or more compactly,
L=D - Ay, (25)

where D = diag(dy, ..., dy) denotes the in-degree matrix and d; = le(\lzl d; denotes the
in-degree of node i. In addition, the information flow from leader to followers is modelled
RN XN

by a pinning matrix P € , given by

P = diag(p1,p2,---,PN), (26)

where p; = 1 if the edge (0,7) € En41, meaning the vehicle 7 is pinned to the leader, and
pi; = 0 if there is no direct connection. Combining it with the Laplacian, along with the
pinning matrix, gives the Information matrix

H=L+7P. 27)

The above information models the network topology for every platoon control literature, as
detailed in [12,71,108,135,141,156], and many others. Besides the network modelling, the in-
formation flow between vehicles can be classified broadly into two categories: (i) undirected
topology; (ii) directed topology.

3.3.1. Undirected Topology

In network modelling, the communication graph Gy is called undirected if information
travels in both directions, i.e., from one node to another and back to the former. In other
words, if a node i is able to send information to another node j, then j also should be able
to send to i. Accordingly, the entries of the adjacency matrix Ay are defined as follows: if
there is an edge (i,j), there is also an edge if it is reversed, i.e., (j,i). Mathematically, it can be
written as:

ﬁ,’j =1land ﬁji =1 << (Z,]) SHANE (28)

It is conventional to assume there are no self-loops, i.e., d; = 0foralli € {1,...,N}. Asa
result, both Ay and the corresponding Laplacian matrix £ are symmetric matrices. Some
examples of undirected topologies include the Bidirectional (BD) and Bidirectional Leader
(BDL) configurations [16].

3.3.2. Directed Topology

A graph is called a directed graph, or digraph, Gy, when the information travelling
involves a one-way link. In other words, if a vehicle i can receive information from j, the
existence of a return information path from i to j does not exist. As a result, both Ay and
the corresponding Laplacian matrix £ are asymmetric matrices, respectively. An entry
a;; = 1 means that there exists an edge pointing from node j to node 7, while the vice versa
is not true [231]. Common topologies for directed communication include Predecessor
Follower (PF) and Predecessor Follower with Leader (PFL) [139]. A comparison between
the two classes of topologies, i.e., undirected and directed, is given in Table 8.
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Table 8. Comparison of directed and undirected topologies based on the provided literature.

Attribute Directed Undirected
¢ Information flow is one-way between ¢ Information flow is two-way between
vehicles (e.g., vehicle i receives from j, but j connected vehicles, i.e., i receives
- does not receive from information from j, then j also receives from
Characteristics

i[12,72,98,102,107,110,156,174,205].
* Some examples include PF, PFL, TPF, TPFL,
etc. [12,107,110,157].

i[117,128,174].
® Some of the examples include BD, BDL, BPE,
BFL [110,128,157].

Mathematical Properties

The Information matrix H is
asymmetric [12,102,107,171].
Eigenvalues of 7 can be either real and
positive with multiplicity or complex in
nature [12]. This asymmetry does not
always decompose H into a scalar
value [12,160].

3

* The Information matrix # is symmetric and
positive definite [117,171,174].

¢ Eigenvalues of # are real and
positive [12,117,174]. This symmetry allows
for diagonalisation, resulting in
decomposition of H into scalar value [117].

Scalability and
Disturbance Propagation

Disturbance propagation varies
significantly with the type of directed
topology. PF topology propagates
disturbances downstream, potentially
amplifying them. PFL, TPFL propagate
disturbances upstream [107].

Directed topology with leader improves
disturbance propagation [107,181].
Scalability depends on the magnitude of the
eigenvalue, with the smallest eigenvalue
signifying poor scaling [12]. Hence, PF is the

* Disturbance propagation depends on the
type of undirected topology. BD topology
propagates disturbances downstream
only [107]. BDL topology propagates
disturbances both upstream and
downstream [107].

* Scalability depends on the magnitude of the
eigenvalue, with the smallest eigenvalue
signifying poor scaling [12].

* Hence, BPF scales poorly, while BPLF
performs better [12,42].

least scalable.

3.3.3. Preliminaries on Network Modelling

This subsection outlines the fundamentals of network modelling in vehicle platoon
formation control.

(i). Spanning Tree

A spanning tree represents a subgraph which links all vertices without creating cy-
cles [232]. In an undirected graph, the spanning tree has exactly N — 1 edges for a graph that
has N vertices, thus ensuring global connectivity [232]. For a directed graph, the directed
spanning tree exists when at least one root node connects to all other nodes via directed
paths [233]. The spanning tree is both necessary and sufficient for reaching consensus in
distributed control frameworks [114].

(ii). Directed Acyclic Graph (DAG)

A directed acyclic graph or digraph is a connectivity graph that does not contain any
cycle; thus, any path of directed edges from the starting vertex does not return to the same
vertex [139].

(iii). Importance of Laplacian (L) and Information Matrix (H)

In vehicular platooning networks, two matrices, the Laplacian matrix £ and the Infor-
mation matrix H, play pivotal roles in determining the ability to attenuate the state errors,
disturbance and providing the robustness of the platoon. For any connected graph, the
smallest eigenvalue of the Laplacian satisfies A1(L) = 0; meanwhile, A»(L), the second-
smallest eigenvalue, is the Fiedler value, widely used as an indicator of algebraic connec-
tivity and robustness of the network. A higher Fiedler value indicates greater connectivity
and resilience to fragmentation [234]. The Information matrix # is related to the Laplacian
matrix £, as shown in (27). Analogously, the eigenvalue A, (#) is an important measure of
performance; a greater A, (7 )indicates denser coupling, i.e., faster information exchange
and a rapid convergence of states [39].
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(iv). Influence of Information Flow Topology on Platoon Performance

The information flow topology fundamentally influences platooning performance by
affecting the eigenvalue distribution of the closed-loop matrix, thereby impacting four key
performance domains [39,233].

(v). a. Stability Margin

The stability margin is determined by the decay rate of the least stable closed-loop
eigenvalue. Theoretical analysis shows that, in the case of topologies when all the followers
are not connected to the leader such as Bidirectional (BD), the stability margin tends to zero,
at a rate of O(1/N?), as the platoon size N grows [233]. In contrast, topologies that use all
follower leader connection information, such as Bidirectional-Leader (BDL), maintain a
stability margin that is bounded away from zero independent of N, which is the number of
vehicles, hence providing a higher quality of internal stability [17,233].

(v). b. Scalability

Scalability is related inherently to the algebraic connectivity of the communication
graph, i.e., the smallest non-zero eigenvalue Ap,. Topologies based solely on local in-
teractions, without a leader-to-all-followers structure (e.g., PF or BD), have poor scala-
bility because Amin approaches zero as the fleet size increases, thereby amplifying errors
along the string [16,233]. On the contrary, pinning control strategies, which utilise leader-
to-all-followers information, maintain a strictly positive Apin, effectively inhibiting the
propagation of errors and improving scalability [16].

(v). c. Convergence

The rate of convergence of the spacing errors to reach the consensus trajectory is deter-
mined by the algebraic connectivity of the communication graph [39]. A topology that has
a greater minimum non-zero eigenvalue (Apyin) will result in a higher rate of convergence.
Importantly, it has been demonstrated that utilising information from both directions (as
in BD topology) can reduce Apyin compared to directed (unidirected) topologies, thereby
slowing convergence [39]. However, topologies with pin followers on the leader (such
as BDL) have significantly faster convergence than unpinned topologies [17]. Addition-
ally, increasing the number of information inputs, such as in a Two Predecessor Follower
(TPF) topology leads to an improved eigenvalue distribution compared to the standard PF
topology, thereby accelerating convergence [39].

(v). d. Robustness

Robustness against external disturbances is measured in terms of the zeta-gain (and is
the Hoo norm from disturbances to spacing errors). Analytical derivations have established
that the value of zeta is lower bounded by { > 1/ (Amin \/E ) where k,, denotes the position
feedback gain [16]. Consequently, topologies with weak connectivity or no leader-to-all-
followers connectivity, e.g., BD, suffer from severe disturbance amplification, where the
error energy increases quadratically O(N?) [16] with platoon size. By pinning the followers
to the leader, this amplification is greatly reduced into a linear growth trend (O(N)),
indicating direct leader information as a primary cause for the limitation of disturbance
propagation [16].

3.3.4. Network Communication Issues in Vehicle Platooning

(i). Ideal Network Communication

Vehicle platooning, if assumed to have ideal network communication, shows the
inter-vehicular communication as perfect, and the information exchange is instantaneously
devoid of any delay, packet losses or topological changes [87,109]. Consequently, every
vehicle gets a full and precise state information from its neighbours [87,109,235].
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(ii). Time-Varying Delay

Time-varying delay refers to a latency in the communication network that varies over
time. It is caused by network congestion and channel variability [87,235]. These delays
are modelled as functions of time and incorporated into the control law to address the
lag in retrieving neighbouring-state information [235,236]. When the time-varying delays
are heterogeneous in nature, each communication link (j, i) experiences a distinct ¢; ()
(continuous time) or ¢; (k) (discrete time) delay which is measured as the delay from vehicle
j to vehicle i [236-238]. This heterogeneity arises from different network conditions across
communication links [138,237]. On the other hand, a homogeneous time-varying delay
implies a uniform delay over all the links (i.e., ;(t) = ¢;(t) = ¢(t)) [13,236].
(iii). Time-Constant Delay

A fixed or time-constant delay represents network latency that is constant and inde-
pendent of time. These types of delays are modelled as constant ¢ and incorporated in the
control law [109,239]. Heterogeneous time-constant delays attribute a distinct constant ¢; to
each link, thus representing the fact that vehicle i receives information with a link-specific
fixed lag [238,240]. On the other hand, a homogeneous time-constant delay ¢ is assumed,
that each of the links maintains the same and constant delay across the vehicles of the
platoon (i.e., ¢; = ¢; = ¢) [109,239].

(iv). Topology Disturbance

When the communication topology across the vehicle platoon network is not constant
but keeps on changing, this is known as topology disturbance, which is grouped into: (iv.a)
switching topology and (iv.b) time-varying topology.
(iv). a. Switching Topology

If the vehicles in a vehicular platoon network experience changes in the commu-
nication topology at discrete time instants during communication, this is referred to as
a switching topology [241,242]. This phenomenon is also perceived as a disturbance in
the topology [70]. The switching topology is modelled as a finite set of topology graphs
Gp = {Gy(t), Ga(t),...,Gi(t)}. Atany time ¢, the current topology G(t) belongs to Gg.
Defining a time function p(t) : [0, +00] — N, where N = {1,2,...,1}, the current topology
is [93,241]:

G(t) = Gp(t)/ Gp(t) € Ggp, (29)

where
!

Go =JGi (30)
i=1

This randomness is represented by a Markov chain [209]. A Markov chain assumes that
the conditional distribution of the next network state depends only on the current state.
Each topology (for example, G1, G) represents a different state of the Markov chain,
and transitions are determined by a transition matrix that depends solely on the current
topology [209]. However, in practice, the transition probabilities for such Markov chains
are often not known a priori, thereby necessitating conservative designs when worst-
case scenarios are presumed. To overcome the above conservatism, control schemes
have been designed that either allow the use of partly unknown transition matrices or
rely on dwell-time conditions rather than explicitly using stochastic models [243,244].
Alternatively, situation-aware or adaptive switching can be implemented, in which the
active topology is updated online in response to triggering events, such as cut-ins or
changes in communication quality, which may lead to network communication limits
arising from under- or over-defined statistical assumptions [241,242].
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(iv). b. Continuous Time-Varying Topology

Another topology disturbance is a continuous-time-varying topology. This can be
modelled as a network that evolves continuously over time. In this framework, the interac-
tions among vehicles are modelled by a time-varying adjacency matrix Ay (t), resulting in
a time-varying graph Laplacian matrix £(t) [93,209]. This dynamic change in topologies
occurs whenever communication links between vehicles are created or lost as vehicles move
in or out of the communication radius [75]. This results in the entries of Ay () changing
in response to the real-time position. Moreover, this framework also handles uncertain
communication topologies with unknown network structure [209].

(v). Communication Packet Drops

A communication packet drop occurs when data transmissions do not reach, or only
partially reach, the target node. Such losses are usually caused by channel fading, external
interferences, collision-induced errors and buffer overflows [109,245-248]. Communication
packet drop is often modelled by a Bernoulli distribution. A binary random variable
0;;(k) € {0,1} denotes the reception status on link (j, i) at time k [246,248,249]. Let 6;; (k) = 0
indicate successful reception with probability p and 6;;(k) = 1 means packet loss with
probability 1 — p. Here, p is assumed to be the packet reception rate [138,247,248]. Hence,
the expected packet loss rate is given by E(6;;(k)) = 1 — p [138,249,250].

Table 9 presents a classification of the literature on a systematic selection criteria
based on the definitions introduced above in Sections 3.3.1-3.3.4. The taxonomy follows
a hierarchical protocol: first, the basic network topology is identified as being either
undirected or directed or both (controllers made for both types of topology), according to
the graphical properties of the network provided by Sections 3.3.1 and 3.3.2. Second, the
literature is subclassified based on the network issues/imperfections incorporated in the
synthesis of the controllers. These imperfections include ideal communication (for the sake
of classification, this category has been included under imperfections), constant or varying
delays, topology disturbances (switching/time-varying), and packet drops, according to
the canonical definitions shown in Section 3.3.4. The resulting trends are illustrated in
Figure 7. Figure 7a indicates that directed topologies receive the majority of attention
(64.2% of the publications), followed by undirected configurations. Figure 7b reveals that
although ideal communication assumptions remain prevalent (44.8% of the publications), a
significant proportion of research addresses communication time delays (approximately
22% of the publications), followed by packet drops and switching topologies.

The distributed controller classes surveyed in Section 4 for vehicle platoons make use
of this synchronisation theory of MAS, which is articulated in Appendix A.

Not Communication

stated packet
(2.1%) drop (19.1%)

Undirected
(17.1%)

Ideal
(no issue)

Switching
(44.8%)

topology (14.2%)

Time
constant
Time delay (9.3%)
Directed varying
(64.2%) delay (12.6%)
(a) Network topologies. (b) Challenges related to network topologies.

Figure 7. Overview of platoon communication aspects: (a) network topologies; (b) challenges related
to information flow and network topology.
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Table 9. Topology type and communication issues. Publications that involve multiple forms of

communication topologies and/or communication issues are marked with an asterisk (*).

Type Issues References
. [16,54,62,64,99,130,146,164,168,170,176,177,188,195,208,215,219]
Ideal (no issues) [71]*
Time-varying delay Heterogeneous [18,161,202]
Homogeneous [131,169]
Undirected
Time Constantdelay =~ Homogeneous %40]210]
Switching Topology/Time Varying Topology  [93,127]
Fading channel /Packet drop %?]1,,7 179,203
[43,45,47,50,51,59,60,72-74,77,79,82,86,88,90,96,98,100—
Ideal (no issues) 104,116,123,132,133,139,142,145,152-154,158,172,189,193,194,196,
197,200,201,205,206,212,214,216,218,220,222,223]
[85,89,106,121,140,147,163,166,167,184,190,192]
Heterogeneous [84]* 1781 %, [144] *
Time-varying delay
& Homogeneous [87,94,105,221]
8 [136]*,[108]*, [109]*, [138] *, [49] *, [83] *, [185] *, [52] *
Directed . Heterogeneous [61,113,165]
Time Constant delay [38,76,115,135,159,178,211]
Homogeneous [173] %, [42] *
[14,55,67,70,75,91,92,119,134,137,149,155,162,175,180,187,204,
Switching Topology /Time Varying Topology ~ 209]
[49]%, [217]%,[83] *, [78] *, [144] *
[36,37,53,63,112,122,125,148,160,182,191]
Fading channel /Packet drop [136]*,[108]*, [109]*, [138] *, [173] *, [217] *, [84] *, [42] *, [185] *,
[52]*
Ideal (no issues) [12,39,81,95,107,128,141,143,171,174,181,183,186,207]
[150]
. ' Heterogeneous [110]%, [41] %, [124] *
Time-varying delay 131
13
Homogeneous [156]*
Both Heterogeneous [111,151]
Time Constant delay [114,126]
Homogeneous [118]*, [198] *
Switching Topology/Time Varying Topology  [120,199]
. 117,157,213
Fading channel /Packet drop %110] . [118]]*, [41]% [124] %, [198] *, [156] *
Not Stated  — [65,80,97,129]

4. Distributed Control Strategies

This section reviews distributed control strategies for vehicle platoon formation and

stable operation, thereby completing the fourth component of the four-component pla-
toon control framework presented in Section 3. The end of this section, i.e., Section 4.13,
presents the discussion which includes the trends in the use of the various distributed
controllers discussed, as well as the preferred choice of different controllers for different
challenging situations.

Fundamentally distributed control algorithms can be divided according to their de-
pendence on time into the following categories: (i) continuous time; (ii) discrete time;
(iii) event-triggered.

4.1. Continuous Time

A continuous-time distributed control law (commonly denoted as u;(t)) describes
the control input as a continuous function of time t, where t € R. An example of one
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continuous distributed control law in the area of vehicle platooning can be found in [174].
The others are given in Table 10.

Table 10. Distributed controllers for vehicle platoon formation. Publications with an asterisk (*)
indicate the use of a hybrid strategy or multiple control approaches to improve platoon performance.

Control Type Continuous Time Discrete Time Event-Triggered
[12,39,40,70,76,77,87—
89,92,107,108,110,111,113—

Linear State Feedback 115,119,120,126,128,129,137—  [49,71,109,112,118,136,140, [36,52,63,78,93,132,161,179,
139,142,152,158,159,162,165, 170,186], [42,64,117]* 182],[187]*
181], [38,42,61,79,85,116,122,
135,145,164,195,197] *

Heo Control [164,176]%,[13,16,17,157,184]  [15,156], [121]* [14,169]
[86,121,154,155,178] %, [205] *

Adaptive Control [41,50,59,60,82,124,141,143, [101,202] * 4

144,163,173,174,180,206,208]

[37,160,171,172,212,220,223]

Model Predictive Control

[45]

[18,51,65,66,80,84,90,91,106,
123,127,134,177,198,213,222]

[148,185,191,221]

Sliding-Mode Control

[86,95,98,103,196] *,
[47,97,99,100,102,146,151,

[188], [200] *

189,190,192,199,204,207]

[38,61,95,98,103,116,122,135,
Observer Based Controller  150,154,155,166,176,178,183,  [42,79,101,117,200,202,203] *  [64,187,211] *
195-197] %, [125]

AI Control 54,62,133,153,193,209] [67,203] *,[53,55,201,216] [205]*, [215]

Nonlinear Control [72,131,210]

85,145,150] *
43,81,105,168], [183] *

[
[73-75,83,104,147,149,167],
[
[

Other Control approaches [671%,[217,219] [94,130], [211] *

4.2. Discrete Time

A discrete-time distributed control law (commonly denoted as u;[k]) describes the
control input as a discrete function of time. This means that the control input is computed
not continuously but at uniform intervals indexed by k, where k € Z and expressed as
ulk] = u(kTs), where Ts = 1/ f; represents the sampling period. An example of a discrete-
time distributed control law is presented in [66]; further examples are in Table 10.

4.3. Event-Triggered

Event-triggered control computes control actions only when predefined conditions
are met [251]. It does not generate control signals continuously, as in continuous-time
control, nor does it sample at fixed time intervals, as in discrete-time control. As a result,
it significantly reduces communication load, bandwidth usage, and energy consumption,
making it very appropriate for resource-constrained networked environments [251,252].
The main caveat lies in the Zeno phenomenon. In this phenomenon, the control signal
is triggered too rapidly over a finite time horizon, which can jeopardise the stability and
long-term sustainability of system resources. Hence, the design of triggering policies
needs to ensure a strictly positive minimum inter-event interval. This, in turn, prevents
superfluous updates [252,253]. The development of event-triggered control is discussed in
the subsequent paragraphs.

4.3.1. Design of Event-Triggered Scheme

In the conventional event-triggered control architecture used in vehicular platooning,
as shown in Figure 8, the sensors of every vehicle continuously monitor the state variables of
the vehicle. An event generator takes this sensory data and determines if a given triggering
rule has been met. Typically, such a rule is based on the difference between the vehicle’s
instantaneous state and its last broadcast state. Upon reaching the criterion, the event
generator notifies the relevant vehicles of the updated state info, which, in turn, recompute

https://doi.org/10.3390/automation7010035


https://doi.org/10.3390/automation7010035

Automation 2026, 7, 35

24 0f 73

their control inputs. Between triggering events, vehicles use local state estimators to predict
their neighbours’ states, maintaining coordination while reducing communication burden.
A typical condition triggering event is formulated [253] as follows.

teoq =inf{t >t : fi(e;(t), x;(t), ) >0}, (31)

where #! is the time of the latest event for vehicle i. The triggering function f;(-) depends on
the vehicle state x;(t) and estimation error ¢;(t) = x;(t) — x;(t.), measuring the difference
between the real state and the last communicated state. The function f; may include
performance measures such as error norm, adaptive thresholds, and time-dependent
parameters, ensuring triggering occurs only when necessary. Event-triggered strategies are
further classified as discussed next.

(/i Wireless Network %

Controller N i
\I:I:I\ Controller i Controller j
Event
e Event Event TS
generato generatol gansraio)
o]
[= [fon [208]

E"E E,,E Sensor Zenon
Actulator Amiator Actuator
e - e e

Follower N Follower i :
Spacing Desired

error Spacing

Follower j Leader

Figure 8. Event-triggered control architecture for vehicular platoon.

4.3.2. Static Event-Triggered Control (SETC)

In static event-triggered control, events are triggered according to predefined criteria.
Vehicle i updates its state and sends this information to its neighbours whenever the state
error function fulfils a constant threshold, i.e., |le;(f)]| < ¢ [220]. A standard error function
used in the SETC definition is given in (1) [169]. Although SETC is easy to implement,
its conservativity may lead to unnecessary communication because it cannot adapt to
fluctuations in underlying network conditions.

4.3.3. Dynamic Event-Triggered Control (DETC)

Dynamic event-triggered control (DETC) enables higher-level adaptability in dynam-
ically tuning the triggering threshold conditions based on evolving system states and
prevailing network constraints. This is achieved by using a threshold parameter, which
is modelled to meet the requirements. In a recent study [169], a DETC approach with
a bandwidth-aware threshold parameter, dynamically adjusted in response to real-time
network traffic conditions. The threshold parameter is calculated as a weighted sum of two
dynamic components: one for low network traffic and one for high network traffic. The
weighting factor, which ranges from 0 to 1, is adjusted based on bandwidth availability.
This approach significantly reduces the number of data transmissions while ensuring the
required control performance.

A systematic categorisation of the literature is presented in Table 10 based on the defi-
nitions defined in Sections 4.4-4.12. The classification involves a systematic approach. First,
the main controller architecture is determined starting from distributed linear control (DLC)
to artificial intelligence (AI)-based methods by consulting the theoretical formulations
detailed in the corresponding subsections (for example, Sections 4.4—4.6, etc.). Second, the
domain of controller implementation is identified as either continuous-time, discrete-time,
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or event-triggered, as per the definitions provided in Sections 4.1-4.3. Publications with an
asterisk (*) indicate studies that use a hybrid strategy or multiple control approaches to
improve platoon performance. Similarly, all of the ‘observer-based controllers” are aster-
isked. This is because observers are typically implemented as auxiliary state estimators
within a control approach. The statistical development of such strategies can be seen in
Figure 9. A comparative analysis of the 2013-2020 and 2021-2025 periods shows a major
shift in the paradigm, with the use of linear control strategies falling by approximately half,
along with a corresponding decrease in He, control. On the contrary, observer-based, MPC,
and Al-based controllers have shown significant growth in their share of publications,
along with increased interest in adaptive and SMC approaches. The following subsections
provide detailed overviews of these strategies, focusing on the specific ways they address
node dynamics and information topology issues.

2013-2020 2021-2025

SMC (6.6%) Adaptive A} (3 go)
Others (6.6%) /

Observer (1.3%)

Adaptive (9.2%)

Nonlinear

MPC (6.6%)

Linear (18.8%)

0,
(53.9%) (25.0%)

Nonlinear
MPC (5.0%)
(14.4%)

Figure 9. Publication share by controller type: 2013-2020 (left) vs. 20212025 (right).

4.4. Distributed Linear Control (DLC)

Linear control strategies work well for processes whose dynamics can be modelled or
approximated by a linear model. In other words, the systems which follow the principles
of homogeneity and superposition [254,255]. When this methodology is extended to
multiagent systems, distributed linear controllers (DLCs) are obtained. A general form of a
distributed feedback linear control law is presented in [12,71,88] as follows:

N;j
ui(+) = — (Z; aij K(xj(-) = x;(-) — dij) + pi K(xo(-) — x;(-) — diO))- (32)
i

where K represents a vector of constant gains with the argument (-) signifying that the sig-
nals involved can be continuous, discretised or event-triggered. A basic approach to stability
analysis involves decomposing the closed-loop controlled dynamics into N characteristic
polynomials, where N is the number of vehicles in the platoon. Accordingly, the closed-loop
dynamics of the full platoon can be written in a matrix form as: X = (Iy® A—H® BK)X.
For successful decoupling of the system dynamics, the coupling Information matrix H
must have real, distinct eigenvalues. This requirement is commonly met for undirected
topologies [71], enabling the system to be reduced to N independent scalar eigenvalues
through diagonalisation (% = VAV ~!). If H has repeated and real eigenvalues or # is a
matrix of the directed topology having complex eigenvalues, then the procedure is detailed
in [12]. The following section of DLC is divided into three parts based on the problem
it solves: (i) ideal node with ideal communication; (ii); ideal node with communication
imperfections; (iii) external disturbance on the node with communication imperfection.
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(i). Ideal Node with ideal communication

Early investigations of the DLC, applied to platoons, were conducted under ideal con-
ditions, which means no disturbance to node dynamics, as well as perfect communication.
It provided important baseline research. A comparative analysis of six standard topologies
using state variable feedback control was performed in [107]. The controller parameters
were fine-tuned by using Riccati-based equations. However, the realism of this study was
confined to homogeneous platoons. Similarly, ref. [129] performed a simulation-based
evaluation of five control algorithms in a platoon simulator, i.e., the Plexe environment,
and identified the ‘Flatbed” algorithm as the best for disturbance rejection. This work was
limited to homogeneous platoons and did not include stability analysis. The authors in [12]
derived stability conditions for topologies with arbitrary complex eigenvalues, which
allowed analysis of both directed and undirected graphs. They, however, assumed the pla-
toon as homogeneous. In dealing with different topological structures (PF, LPF, TPF, LTPF,
BPF and TBPF), ref. [39] designed a modified linear quadratic regulator (LQR) controller
for heterogeneous platoons. The work optimised the controller gain as well as the traction
matrix for uniform convergence. To account for the heterogeneity of the platoon, a propor-
tional integral (PI) controller was proposed in [83] as a means of mitigating the nonlinear
drivetrain dynamics, without requiring feed-forward compensation. Stability conditions
were deduced by applying the Routh-Hurwitz criterion. Expanding on the heterogeneous
analysis, the work in [139] utilised the structure of directed acyclic graphs (DAGs) topolo-
gies to achieve a scalable and decoupled stability analysis based on the internal model
principle. Controller gains were calculated from individual Algebraic Riccati Equations
(AREs). Further developing DLC for heterogeneous platoons, a predictive spacing strategy
was proposed in [142], where the velocity profiles of neighbouring vehicles were used
to dynamically adjust inter-vehicular spacing and thereby reduce the risk of collisions.
The stability analysis was effectively demonstrated by a Bilinear Matrix Inequality (BMI).
The authors in [114] proposed a new dual-mode controller, designed for platoons with
velocity constraints, where the operation of the platoon was maintained by using a virtual
reference (lead) vehicle. Asymptotic stability was proven using Routh-Hurwitz conditions;
however, the analysis assumed a homogeneous platoon. To mitigate the computational
cost of event-triggered schemes, ref. [93] proposed a self-triggered strategy that predicts
the next update time, thereby eliminating the need for continuous state monitoring.

(ii). Ideal Node with Communication Imperfections

Several research efforts have been targeted at devising controllers that are robust
against communication imperfections while not accounting for external disturbances on
node dynamics. Based on the Riccati-based techniques, a DLC incorporating heteroge-
neous communication delays was developed in [113]. The algorithm was scalable and
was independent of the platoon size; however, its theoretical delay bound was conserva-
tive. In related research, a platoon operating under switching topologies was considered
in [70], where stability was guaranteed by using an average dwell-time constraint. The
synthesis method also showed platoon-size independence; however, the results were very
conservative in the stability condition. Again, when dealing with switching topologies,
ref. [119] proposed a dual-objective control approach that minimises energy consumption
while maintaining stability. However, the study was limited to homogeneous platoons.
Asynchronous control is another key area of research. An asynchronous consensus-based
protocol was developed in [140], allowing each vehicle to update its state using a locally
generated clock. An important benefit of such a method was its robustness to arbitrarily
bounded time-varying delays and switching topologies. Nonetheless, the controller used
fixed gains rather than adaptable ones. It constrained the ability to change the performance.
Stability thresholds for platoon working in analogue fading channels were theoretically
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analysed in [71]. A more realistic scenario was addressed in a study [117]. Here, observers
were employed as auxiliary units accompanying linear state feedback communications
with non-identical communication packet drops. In [89], a formation control framework for
heterogeneous platoons was designed with a nonlinear spacing policy and heterogeneous
time-varying communication delays. However, the shortcoming was that the resulting LMI-
based stability conditions were conservative. The work in [40] proposed a distributed PID
controller that addresses communication and input delays. It computed exact time delay
bounds; however, this was again assumed to be a homogeneous platoon. The computa-
tional burden of developing the distributed controller was addressed in [126] by developing
an analytical method to find the most stringent eigenvalue of the Laplacian matrix, which
significantly reduced computation time. In another work, to leverage delay as a control
parameter, a proportional retarded (PR) controller was proposed in [115], where delay
constructively replaced the derivative term. The work in [110] proposed a control strategy
that treated the communication topology as a design variable to address network delays
and packet losses. Resource-aware topology switching was addressed in [137], enabling
vehicles to adjust their communication links when a state change occurred. The effects of
distance-dependence of the packet loss were considered in [138], and probability-based
models of the range limitations and packet losses were used in [109,112]. Joint effects of
delays and dropouts were studied, and mean-square stability conditions were established
in [118]. In another work, feedback linearisation was applied to nonlinear systems, and an
adaptive gain was developed to address network imperfections in [136]. Other researchers
addressed heterogeneous time delays, speed-prediction models to reduce the impact of
delay effects [87], and DLC based on LMI tuning for uncertain links in [108].

(iii). External Disturbance on the node with Communication Imperfection

Addressing the issue of external disturbances acting on the node and network imper-
fections, the authors in [49] considered sampled-data control with Markovian switching
topologies, under the presence of communication delays and external disturbances. They
employed the Lyapunov—Krasovskii functional to derive LMI-based stability conditions.
To deal with situations where limited state information is available, [170] proposed a static
feedback controller based only on sampled position information; however, the analysis
was limited to the case of homogeneous dynamics. A new leader-selection strategy was
proposed in [158] in order to improve the disturbance rejection ability by enabling the
followers to adjust their leader dynamically. This concept was further extended in [165]
to deal with the case where vehicles were completely disconnected from the platoon. In
an additional piece, for systems characterised by heterogeneous nonlinear dynamics and
uncertainties, a robust PID-inspired controller was designed in [92]. It also addressed the
issue of switching topologies. Dealing with random additive communication noise, the re-
search in [36] proposed a time-varying consensus gain with an event-triggered mechanism.
Further, extending event-triggered control under switching topologies, ref. [78] introduced
time-varying delays and external disturbances, utilising a Lyapunov-Krasovskii method to
provide less conservative stability conditions. These event-triggered approaches, however,
were limited to homogeneous platoons. The work in [126] developed an analytical method
for calculating the exact delay margins required to maintain platoon stability. Table 11
categorises the published literature on DLC for vehicle platoons. The table divided the
papers by the methodology used to develop the controller parameters. The first category
represents methods based on solving the Riccati equation. The second category studies the
application of the Routh-Hurwitz criterion to determine the stable bounds of the controller
parameters. The third most often cited category comprises approaches that use Lyapunov
stability theory to formulate and solve linear matrix inequalities (LMIs). The last cate-
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gory collects alternative techniques that do not belong to the above categories, including
graphical methods and strategies based on eigenvalue placement.

Table 11. Design of parameters of distributed linear controllers.

Methodology References

Solution of Riccati Equation [12,39,70,107,113,116,117,119,139]
Routh-Hurwitz Criterion [40,71,88,109,114,115,137,159,165]

Lyapunov Stability Solution of LMI  [49,78,87,92,108,110-112,120,136,138,158,170]
Other methods [36,126,140,142]

4.5. Distributed Ho, Control (DHC)

The Ho control framework is a robust control strategy for the synthesis of controllers
that possess the ability to mitigate disturbances and uncertainties [16,256]. Its aim is to
minimise the worst-case gain over the whole frequency range, thus ensuring that unwanted
excitations, such as sensor noise or external perturbations, are not amplified. This worst-
case gain is measured in terms of the He, norm, which for a system whose transfer function
is called G(s) is given by its peak gain at all frequencies:

1G(5)llee = max Zmax(G )], 33)

where {max(G(jw)) represents the maximum singular value at a given frequency w [16].
Consequently, for any disturbance ¢;(t) with finite energy, the output of the system g(t) is
such that:

| lsPdr < 22 [Clet P, 4

where < denotes the Hoo-norm. Minimisation of -y therefore ensures better disturbance
rejection [16,256]. In the architecture of the distributed He, control (DHC), each vehicle uses
a local controller and exchanges the state information with its neighbours. Mathematically,
DHC is expressed as:
N
ui(t) = — Y a;; K (xj(t) — x;(t) — Dyj), (35)
j=0
where Kpp,, = (K, Ky, Ky ) is the space of He, control gains. Similar to the DLC (in the earlier
subsection), the design problem is either decomposed into independent single-vehicle
modes (if the eigenvalues of H are real and distinct) or is treated as the lumped vector of the
full closed loop platoon system (if the eigenvalues of H are real and repetitive or complex
in nature) through the spectral analysis of the communication graph matrix. The objective
is to find a gain vector K, that minimises the amplification from disturbances (¢;(t)) to

tracking errors (e), expressed as ming,, ||Tee(s)||,- This optimisation can be recast into a

[
system of linear matrix inequalities (LMIs), which can be easily solved by standard convex
optimisation techniques [16,17,164]. The process of applying DHC to vehicle platoons in the
literature can be broadly categorised into two categories: (i) ideal node with communication

imperfections; (ii) external disturbance on the node with communication imperfections.
(i). Ideal Node with Communication Imperfection

A DHC approach for handling random packet drops was proposed in [157]. In that
work, packet loss was modelled by Bernoulli random variables, and LMI conditions were
obtained to ensure He, performance. However, the analysis was restricted to homogeneous
platoons as well as to single packet drop events. A later contribution in [15] expanded the
discrete-time framework to analytically derive a lower bound for the Ho-norm to prove
the robustness of the platoon system in the presence of random packet drops. Expanding
this problem, multiple consecutive packet drops were tackled in the work of [17] using a
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Lyapunov—Krasovskii-based approach to LMI. Shifting the focus to the communication
resource management, a dynamic event-triggered He, control approach was proposed
in [169]. This strategy used a bandwidth-aware mechanism to adapt the data transmission
based on the states of the vehicles and network load. Building on the latter work, another
study [14] introduced random switching topologies and multi-spacing policies into a
dynamic event-triggered framework, utilising Markov chains to account for the randomness
of the topology.

(ii). External Disturbance on the node with Communication Imperfection

DHC is especially well-suited to deal with external disturbances (e.g., wind gusts)
simultaneously with the network imperfections, as shown in the works [17,156]. The
combined issue of external disturbance with packet drop and communication delay was
addressed in [156] using an He consensus controller; however, the analysis used homo-
geneous platoons. To simultaneously cope with the problems of parameter uncertainties
and communication imperfections, a distributed adaptive robust He, control scheme was
designed in [184]. This approach successfully dealt with heterogeneous time-varying
delays; however, the stability proof of this method was limited to platoons with homoge-
neous vehicle dynamics. Extending the Ho theory to a heterogeneous platoon that has
time-varying delays and uncertainties, a fixed-time observer-based sliding-mode controller
was proposed in [13]. This design ensures fixed-time convergence and overall robustness
irrespective of the initial conditions. Table 12 categorises H control methods for vehicle
platooning according to the challenges addressed. The first category includes LMI-based
Heo designs that guarantee robustness to disturbances and modelling uncertainties, assum-
ing the communication is perfect. The second category includes LMI formulations for a
vehicle platoon under network imperfections, primarily random packet drops. The third
category focuses on robustness against communication delays combined with external
disturbances acting on the nodes. Finally, the last category comprises literature on robust
event-triggered control mechanisms.

Table 12. Hy control methodologies in vehicle platooning.

Methodology Focus On References

Focuses on robustness against model
uncertainties and external

LMI-Based Hy for Disturbances . .. [16,164]
disturbances, assuming ideal
communication.

Stochastic LMI-Based Hoo for i erte o ke macket drope wsin

Network Imperfections like p p P & [15,17,156,157]

stochastic variables and aims for Heo

packet drops performance.

Specifically handle significant
time-varying delays alongside model ~ [13,184]
uncertainties and disturbances.

Robust Hy, for Communication
Delays and Uncertainties

Focuses on optimising
communication resource usage by [14,169]
deciding when to transmit data.

Event-Triggered Hs Control for
Resource Efficiency

4.6. Distributed Adaptive Control (DAC)

To mitigate uncertainties in system behaviour, parameter variations, and nonlinear
dynamics, adaptive control is employed. This strategy belongs to a class of control strate-
gies that dynamically modify the controller’s parameters in real time. The fundamentals
of an adaptive control law comprise an adaptive law and an adaptation mechanism. The
control law specifies the controller architecture and the interdependencies among its param-
eters, while the adaptation mechanism recalibrates the parameters to achieve the objective
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closed-loop performance. Various adaptation mechanisms exist, including gradient-based
methods, least squares algorithms, Lyapunov-based adaptation laws, and neural network
techniques. In practice, these mechanisms are often used in adaptive frameworks such
as model reference adaptive control (MRAC) or self-tuning regulators (5TRs). In such
examples, the design of the adaptation law aims to ensure convergence and system sta-
bility [257]. For distributed adaptive control (DAC) in vehicle platoons, these adaptive
control principles are extended, with each vehicle using a local adaptive controller to ad-
dress uncertainties introduced by aerodynamic drag, communication delays, nonlinearities,
and external disturbances, thereby achieving performance, stability, and fuel economy.
Mathematically, the DAC input is given as:

ui(t) = — (X2 a K () ((0) = xi() + K (0 (o) — (6}, (36)
JEN;

where x;(t), xj(t), and xo(t) are the states of the ith, jth, and leader, respectively. The
terms KJ (t) and K (t) are the adaptive gain parameters, which are updated with some
adaptation mechanisms. The distributed adaptive robust control employed an eigenvalue
decomposition method with parameters updated according to an adaptation law pro-
portional to squared tracking errors. The implementation of DAC to vehicle platoons in
the literature can be broadly categorised into three categories: (i) ideal node with ideal
communication; (ii) ideal node with communication imperfection; (iii) external disturbance
on a node with communication imperfection.

(). Ideal Node with Ideal Communication

This paragraph surveys the paper, focusing on the DAC when there is no disturbance
at the node, and communication is considered perfect. A DAC was developed in [220],
where the weights of adaptive coupling were updated by squared error-based laws, and
the inter-vehicular communication was initiated via an event-triggered mechanism when
a certain triggering condition was satisfied. This approach eliminated Zeno behaviour
while maintaining system stability. A fully self-organising platoon was demonstrated
in [141], where the control gains and communication topology were adapted online. This
was accomplished using a dual mechanism of adaptation: control gains were adjusted
using an error-driven gradient law coupled with a o-modification for boundedness, while
adjacency matrix weights were based on a potential-field rule to reduce communication
load. To handle the heterogeneity in platoon with nodes having nonlinear dynamics, a
two-layer adaptive control scheme was presented in [143]. This approach utilised feedback
linearisation as the first step to linearise the vehicle’s dynamics, followed by the DAC
protocol. An adaptation law proportional to the state tracking errors tuned a parameter to
compensate for vehicle heterogeneity. Another study on heterogeneous nonlinear platoons
in [59] proposed a DAC based on a PID algorithm for leader tracking. It had one main
merit: the easy implementation of the adaptive PID without the need for observers. The
controller parameters were adjusted using adaptation laws proportional to the squared local
consensus errors, with a sigma-modification, thereby ensuring parameter boundedness.

(ii). Ideal Node with Communication Imperfection

DACs are more useful when there is some unwanted element in the system; hence, this
paragraph deals with the implementation of DAC in the presence of imperfect communica-
tion. A distributed adaptive strategy for coping with multiple heterogeneous time-varying
communication delays in vehicle platoons was formulated in [41]. The adaptive gains in
this work were adjusted by a law proportional to the square of the errors. A DAC protocol
for heterogeneous platoons with both switching topologies and time-varying delays was
given in [144]. Its main contribution was a delay-dependent approach. They demonstrated

https:/ /doi.org/10.3390/automation7010035


https://doi.org/10.3390/automation7010035

Automation 2026, 7, 35

310f73

the stability of the control framework using the Lyapunov—Krasovskii method. To reduce
the level of conservatism delays with a lower bound that was not zero was taken into
consideration. Instead of relying on an online adaptation law, this protocol utilised fixed
controller gains, which were computed offline using an iterative LMI-based algorithm to
ensure stability.

(iii). External Disturbance on node with Communication Imperfection

Taking into account both external disturbances and communication imperfections, the
authors in [160] modelled the external disturbances at each node and devised a periodic
event-triggered mechanism. This method incorporates communication failures to avoid
frequent switching between cooperative and standard adaptive cruise modes. A related
study [163] proved stability for multiple time-varying delays and external disturbance. It
employed a squared error-based adaptation law for control gains. Lyapunov-Krasovskii
theory was employed to derive delay-dependent LMI conditions ensuring stability with
disturbance attenuation. However, the approach relied on bounded-delay assumptions. To
address the limitations of fixed feedback gains, a fully adaptive synchronisation approach
was designed that adapted both feedback and coupling gains online in [50]. This approach
was based on formulating the MRAC problem. Each agent tracked a virtual reference
model with parameters tuned by learning laws based on the system’s design parameters.
A scalable DAC was proposed in [178]. The controller gains were constant, and a time-
varying coupling gain was adjusted online using an adaptation law proportional to the
squared tracking error, with a leakage term to keep the gain bounded. Its principal
advantage was its role in a parallel computing architecture, which made the simulations
scalable. Within the DAC framework, a tracking adaptive control strategy was introduced
in [206], which guaranteed both finite-time and asymptotic convergence. The adaptation
mechanism utilised gradient-based laws, with controller parameters updated proportional
to the tracking errors. This design achieved convergence without relying on the initial
conditions. In another work [60], an MRAC framework was extended to address the
nonlinear input uncertainties and imperfect communication. It included a neural network
to reduce uncertainty and an input estimator to handle communication failures. An error-
driven gradient-based adaptation mechanism adjusted the controller parameters. The
MRAC framework was further applied in [174] to platoons with uncertainties, consisting
of a reference model and an adaptive control system. Subsequently, this framework was
improved in [173] to handle non-zero leader inputs using a two-layer architecture and
introduced a cooperative disagreement error as a synchronisation mechanism. This design
exhibited strong synchronisation, with fixed gains calculated from an algebraic solution
to a Riccati equation, without the need for online parameter adaptation. In another work,
a distributed adaptive fuzzy controller was designed for controlling platoons with state
constraints and an unknown dead-zone input nonlinearity [208]. It applied a combination
of backstepping, barrier Lyapunov functions, and fuzzy logic systems to approximate
the unknown dynamics. An adaptation law proportional to the squared fuzzy basis
function with sigma-modification terms ensured safety bounds. It also compensated
for the actuator’s dead zone. Its limitations were the need to know the signs of dead-
zone parameters. The work in [37] proposed an event-triggered consensus protocol to
address random communication noises. It featured a decaying, time-varying gain to
mitigate noise. The work in [205] developed a backstepping-based adaptive scheme using
radial basis function neural networks for approximating nonlinearities in heterogeneous
platoons. It incorporated two event-triggering conditions. This design helped improve the
communication efficiency. In a further application of the backstepping framework [212],
an adaptive function was proposed in order to cope with unknown lag time in nonlinear
platoons. It featured a novel event-triggered mechanism. To address input saturation, a
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fully distributed event-triggered protocol was developed in [223] for a linear heterogeneous
platoon. It adjusted the adaptive coupling gains according to a law proportional to the
squared error. Finally, a random-switching topology-distributed scheme was presented
in [180], in which communication changes were modelled as a Markov process. The
controller incorporated time-varying adaptive gains, modulated by an adaptation law
proportional to the squared neighbour-tracking error. Table 13 provides a classification of
the literature on adaptive mechanisms used in vehicle platooning. It summarises the
reviewed articles in five separate categories. The table shows that the squared-error
adaptation mechanism is the most commonly implemented technique. There are also
a good number of publications on adaptation mechanisms that are directly proportional
to the error in the states. The model reference adaptive control (MRAC) and the gradient-
based adaptation law are also used frequently as adaptation mechanisms. Finally, the
“Others” category describes alternative, lesser-known adaptive mechanisms.

Table 13. Adaptive control methodologies for vehicle platooning.

Methodology References

Squared error of the states [41,59,160,163,178,180,205,220,223]
Directly proportional to error of the states  [141,143,174,206]

Gradient based [212]

Model Reference Adaptive Control [50,60,173]

Others [37,144,208]

4.7. Distributed Model Predictive Control (DMPC)

Model predictive control (MPC) is an optimisation-based approach that uses a system’s
model to predict its behaviour over a finite time period. It calculates the optimal control
inputs by minimising a cost function subject to state, input, and output constraints. The
output states are controlled to track desired set points (reference), while control inputs are
sent to actuators to implement the control actions [258]. For vehicle platooning, DMPC is an
extension of this strategy in which each vehicle solves a local optimisation problem at every
time step. The DMPC for vehicle platooning depends on the vehicle’s dynamic model,
physical constraints, and predicted state trajectories based on neighbouring vehicles. The
objective is to minimise a local cost function penalising deviations from desired spacing,
velocity, in addition to errors between a vehicle’s own predicted trajectory and those
assumed for its neighbours. The whole process is repeated in the next time step [106,134].
Figure 10 summarises the neighbour-coupled DMPC loop. At each sampling instant ¢,
follower i receives from each connected neighbour j € N; a presumed (communicated)
predicted state trajectory %;(k|t) over the prediction horizon N,. Using its own model and
these neighbour predictions, vehicle i solves a local constrained optimisation to obtain an
optimal input sequence and the corresponding predicted trajectory. Only the first control
move u}(0]t) is applied, and the updated predicted trajectory %;(k|t + 1) is then broadcast
to the neighbours for the next receding-horizon step. A typical DMPC cost function can be
represented as

Ny—1
Ji= ), <||xi(k|f) - Vi(k|t)||2Qi + ||Mi(k\t)||?ai + || xi(klt) —fi(k|t)’|§i

k=0 37)

+ Y || Coxiklt) — Caxj(klt) - dinzc[)’
jGNi

where x;(k|t) and u;(k|t) are the predicted state and control input of vehicle i at prediction
step k and time ¢, respectively. The term 7;(k|t) is the local reference (state) trajectory. The
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signals x;(k[t) and ¥;(k[t) are the presumed (communicated /assumed) self and neighbour
predicted trajectories available at time t. The matrix Cs selects the spacing-related com-
ponent(s) from the state (e.g., if x; = [s;, v;, a;] |, then C; = [1 0 0] so that Csx; = s;).
The desired inter-vehicular spacing is d;j, and N; denotes the neighbour set of vehicle i.
The weighting matrices satisfy Q; = 0, F; = 0, G; = 0, and typically R; >~ O, penalising
the tracking error, control effort, deviation from the assumed self-trajectory, and spacing
disagreement with neighbours, respectively. The implementation of DMPC to vehicle
platoons in the literature can be broadly categorised into three categories: (i) ideal node
with ideal communication; (ii) ideal node with communication imperfection; (iii) external
disturbance on a node with communication imperfection.

Neighbouring Vehicle j

Communicated Prediction V2V Comm.: Zi(klt +1)
N e e e Y
2 (klt) ;
1
V2V Comm.: #;(klt) :
Vehicle i Receding Horizon 1
Local MPC (next sampling instant ¢t — ¢ + 1) |1
1

1. Receive Neighbour Predictions| 2. Local Constralneq thlmlsatlon
- Al Predict z;(k|t) using model
Get z;(k|t) for j € N; i NS I
gl aF Minimise J; subject to constraints
Horizon N, 5 A . -
: Spacing d;;, input/state limits

I

] it

‘ 3. Apply Control ’ ‘ 4. Broadcast }

Apply first move Send updated prediction
u; (0[t) Zi(k[t + 1)

Figure 10. Neighbour-coupled DMPC workflow for vehicle platooning. Follower i receives presumed
neighbour trajectories ¥;(k[t) via V2V communication, solves a local constrained finite-horizon
optimisation, applies the first control input u} (0[¢), and broadcasts its shifted plan &;(k|t + 1) for the
next receding-horizon step.

(). Ideal node with ideal communication

This paragraph surveys the paper, focusing on DMPC when there is no disturbance
at the node, and the network has no imperfections. The structure shown in Equation (37)
is a popularly adopted structure given in the DMPC literature for platooning [84,134].
Building on this base DMPC framework, collision avoidance was further incorporated
in [65] using the alternating direction method of multipliers (ADMM), rather than con-
ventional quadratic programming solvers. A low-complexity variant was proposed that
performed only one ADMM iteration per time step, thereby reducing computational load
at the expense of lower tracking performance. An energy-oriented DMPC approach was
presented in [45], in which the vehicle dynamics were integrated with a distance-dependent
aerodynamic drag model to minimise energy consumption. This approach calculated
variable spacing policies online to balance energy savings and safety. To address parameter
uncertainty, a DMPC scheme was proposed in [177] to ensure stability under varying
engine inertia parameters. This method, however, was limited to homogeneous vehicles.
A different approach was followed in [80] with a hierarchical framework first optimising
platoon formation to achieve better cohesion and fuel economy, followed by the application
of a centralised robust MPC. However, the controller’s cost function did not consider the
neighbour coupling terms of Equation (37).
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(ii). Ideal node with Communication Imperfections

To address the computational challenge of DMPC within an imperfect communication
environment, the following works have been published. In one study, the control trajectory
was parametrised using discrete orthonormal Laguerre functions [66]. This, in turn, re-
duced the number of optimisation variables and addressed input delays, resulting in rapid,
smoother convergence. To overcome the issue of communication intermittency, another
framework combined a V2V communication model grounded on stochastic geometry to
calculate the probability of receiving information [213]. An Extended Kalman Filter (EKF)
was implemented for state estimation of disconnected vehicles, thereby increasing robust-
ness against random network interruptions. However, the effect of topology switching
was not accounted for. The problem of uncertain changes in the network environment was
also addressed in [91] by representing the communication topology switching as a Markov
chain. This probabilistic design increased stability without requiring an average dwell time.
The work also introduced constraints to prevent disturbance amplification. Continuing
research on the DMPC framework led to work on a heterogeneous platoon in [198]. The
cost function was extended to include a penalty term for deviations from the trajectory of
the succeeding vehicle, thereby improving safety. This approach handled uniform delays by
modifying the desired trajectory based on local predictions and managed packet dropouts
by switching to a no-leader configuration.

(iii). External Disturbance on nodes with Communication Imperfections

This paragraph increases the challenges of vehicle platooning by incorporating a
DMPC framework that addresses external disturbances at the node and network imper-
fections. Typical DMPC applications for platooning, which have constraints on vehicle
states such as velocity and acceleration [18,51], control inputs [198] and inter-vehicle dis-
tances [45]. An advanced DMPC framework was developed in [185] with a dynamic
event-triggering mechanism that utilises dynamic adaptation for predicted states and im-
perfect communication, including delays and packet losses. This adaptive triggering helped
better manage computational load and ensured input-to-state stability. Similarly, an inter-
mittent communication algorithm was proposed in [84] that estimated a consensus-based
reference velocity to address time-varying delays and packet losses, but with the limitation
that it could only be applied to homogeneous vehicles. Further progressing the field of
communication-aware design, an adaptive event-triggered robust MPC was designed for
linear multiagent systems with time-varying delays and arbitrary network topologies [221].
Its cost function did not include neighbour coupling terms. LMI-based optimisation was
used to ensure the robustness and to limit the growth of computational complexity. A non-
linear DMPC was coupled with a discrete-time control barrier function (DCBF) to enforce
hard safety constraints, thereby guaranteeing a minimum battery level [90]. This work
also mentioned the use of a Markov Decision Process for strategic selection of charging
stations. To manage totally unknown system dynamics, a data-based DMPC framework
was proposed in [222], which learnt the system model with input—output data before
controller design. However, its performance relied on data quality, and it failed to cope
with communication uncertainties. Lastly, a tube-based DMPC was designed in [18] to
simultaneously combat communication delays and external disturbances, utilising MPC,
a consensus protocol, a delay compensation scheme, data buffers, and state predictors.
Table 14 summarises the various cost-function structures utilised in the literature. As seen
in the table, quadratic tracking with control efforts remains the dominant approach, reduc-
ing errors while minimising the cost function. Moreover, another class of cost functions
relates to energy-consciousness. It is formulated to promote energy efficiency, a key factor
in achieving sustainable transportation. Table 15 gives an overview of the most common
constraints considered. The table shows the three constraints, which are actuator/control
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input bounds, inter-vehicular spacing, and state/output bounds, as being important for
physical feasibility and safety. Conversely, constraints on jerk, which are related to passen-
ger comfort as well as smooth operation, and bounds on model-parameter uncertainties,
which are of great importance for robustness, are less frequently treated as constraints in
the existing literature on DMPC for vehicle platoons.

Table 14. Cost functions.

Type References

Quadratic tracking only [65]

Quadratic tracking and control effort [18,51,66,80,84,91,106,134,148,177,185,198,213,221,222]
Energy-aware augmentation [45,90]

Table 15. Constraints.

Type Description References
Actuator/Control input bounds Hard /soft constraint on inputs or increments  [18,45,51,66,80,84,90,91,106,134,148,177,185,
P of input 198,213,221,222]

Inter-vehicular spacing

Hard/soft constraint on distance/headway [45,51,65,80,90,91,134,148,185,198,213]

Hard/soft constraint on states/outputs (e.g.,

State/Output bounds position/ velocity /acceleration) [18,45,66,80,84,90,91,106,148,185,198,213,222]
Jerk bounds Hard/ so.ft copstramt on the rate of change of [106,148]

acceleration (jerk)
Uncertainty bounds Bounds on model parameter uncertainties [90,177,222]

4.8. Distributed Sliding-Mode Control (DSMC)

DSMC is a type of nonlinear control that adapts sliding-mode control (SMC) for
multi-agent systems. An SMC is a control strategy known for mitigating the effects of
nonlinearities, model uncertainties, and exogenous disturbances [259]. Such factors are
typically due to the inherent nonlinear dynamics, actuator saturation, or external envi-
ronmental effects [260]. The primary strategy of SMC is to move the state trajectory to a
predefined sliding surface and then force the system to remain on it. When the state is on
the surface, the plant’s effective dynamics collapse to a reduced-order form, the tracking
error tends to zero, and the output follows a prescribed reference signal. The control
objectives are to take the plant to a stable state [261] and to reject unmatched uncertainties
via disturbance observers [262]. A vehicle platoon is an example of a system that is loaded
with intrinsic nonlinearities and uncertainties that require reliable control strategies. Hence,
SMC control is extended to distributed sliding-mode control (DSMC) [200,207,263]. In this
environment, each vehicle runs a local SMC controller whose control law is computed solely
from information received from its neighbours and the underlying communication topol-
ogy. The nonlinearities occur due to the aerodynamic drag, interaction between tyres and
the road, rolling resistance, limitation of the actuator, and effect of grade, which are more
pronounced under variable roadway conditions [207]. Parametric uncertainties include
unknown vehicle mass, aerodynamic coefficients, wheel radius and efficiency factors due to
loading, manufacturing tolerances, wear [263], and model uncertainty due to unmodelled
dynamics, approximations, and omitted high frequency modes [196]. The design of the
DSMC law consists of three systematic steps. First, the design of the sliding surface is based
on a mathematical equation that describes the desired dynamic behaviour. In the context
of platoon control, each vehicle i is assigned a local sliding surface comprising local state
errors and interactions among vehicles. An example of the sliding surface is:
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@; = kesy + koeoy + Y aij (es; + kaevy;),
JEN;

where kq,ky, k3 > 0 are design gains, 4;; are entries of the adjacency matrix, N is the
neighbour set of the vehicle i [95]. The second step is the reaching law, which specifies
the rate at which the state trajectories approach the sliding surface. Classic examples are
the constant rate law @; = —srsgn(w;), > > 0 is the gain constant [207]; the exponential
reaching law &0; = —srsgn(@;) — k@; [263], and the power-rate law @; = —k|w@;|* sgn(®;)
for finite-time convergence [86]. The third step is to design the switching law, which
introduces robustness by adding a discontinuous control action to the main control law. It
forces the system to remain at the sliding surface. Standard choices include the sign function,
the saturation function, etc. The latter is used to mitigate the effect of chattering [95].
The literature about DSMC applied to vehicle platoon control can be divided into three
categories: (i) ideal node with ideal communication; (ii) ideal node with communication
imperfection; (iii) external disturbance on a node with communication imperfection.

(i). Ideal Node with Ideal Communication

This paragraph accounts for the platoon having no disturbances on nodes and for
imperfections in communication. In the work [207], the authors employed a linear sliding
surface in combination with an exponential reaching law. Instead of using a traditional sign-
based switching rule, they proposed an adaptive update scheme to replace discontinuous
switching and avoid chattering. A follow-up study [95] introduced a DSMC architecture for
heterogeneous platoons that utilised a linear sliding surface and sign-based switching, in-
corporating a boundary layer to mitigate chattering. To address these model nonlinearities,
ref. [97] employed an adaptive neural network, a nonlinear sliding surface, and a power-
rate law, incorporating a sign function adaptation. Likewise, ref. [100] implemented a radial
basis function neural network to directly approximate nonlinearities, thereby avoiding the
need for a switching law and reducing chattering. Notably, the authors in [47] proposed
a distributed fixed-time approach with an integral sliding surface using a sign-function
law to address uncertainties, although they did not discuss chattering. To compensate for
unmeasured states, a prescribed-time scheme was proposed in [103], which constructed
a nonlinear sliding surface, thereby making the control signal smoother. Other works
have adapted integral sliding surfaces in combination with sign-function switching to
address external disturbances [189], which was later extended in [190] by a variable-time
headway policy. The study in [196] also employed an integral sliding surface and found
that chattering could be reduced by using a saturation function rather than a sign function.
The authors in [98] deployed a disturbance observer to estimate disturbance and neighbour
acceleration. They employed an integral sliding surface and an adaptive reaching law,
which effectively reduced chattering. A hierarchical approach in [192] operated by an
adaptive integral sliding-mode design with an adaptive switching law to directly estimate
the physical parameters. The authors of [99] combined a disturbance observer and a neural
network based on an integral sliding surface and a sign function. Taking advantage of
the integral sliding-mode principle, ref. [102] proposed an optimal nominal controller by
Hamiltonian theory to suppress the occurrence of chattering. In [146], a PID-type sliding
surface was coupled with a continuous double high-power reaching law to improve the
anti-chattering effect. Finally, an energy-aware DSMC with a linear sliding surface and a
saturation-shaped reaching law was proposed in [200]. To address the communication load
issue, ref. [188] proposed a DSMC framework for the Round-Robin scheduling protocol,
with a scheduling-dependent integral sliding surface and a discrete-time exponential-like
reaching law. The novelty lay in explicitly incorporating the communication protocol into
the controller and the surface design, thereby reducing the communication burden.
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(ii). Ideal Node with Communication Imperfection

This paragraph addresses the case where the communication network is not perfect,
even though disturbances acting on the node remain zero. The authors of [199] proposed
a distributed adaptive sliding-mode controller that explicitly addressed the problem of
unknown topologies for vehicle platoons. Their technique involved a sliding surface that
accounted for local errors and neighbour interactions, utilising an exponential reaching
law to ensure convergence. A major contribution was to manage unknown communication
topologies with only eigenvalue bounds (not the full matrix). To counteract communication
delays, ref. [151] designed a DSMC with a linear sliding surface and an exponential reaching
law, rather than a switching law, to avoid chattering. The authors demonstrated their
tolerance to communication delays through Lyapunov analysis.

(iii). External disturbance on the node with communication imperfection

The most challenging cases are for controllers that must deal with uncertainty and
imperfect communication networks. Moving towards learning-based solutions, ref. [204]
formulated a framework combining DSMC and RL to achieve the performance objectives.
Their design was based on an integral sliding surface, but the key innovation was an actor—
critic RL design that learned the optimal control policy online. The advantage of this type of
architecture was that it eliminated the need to model the node or have complete knowledge
of the communication topology. Chattering was reduced by using an adaptive gain in the
sign-based switching term, which modulated the switching effort based on the system state.
Table 16 categorises the literature depending on the type of DSMC for vehicle platooning.
The table shows an increasing trend in the publications, with the integral sliding surface
being the most popular. The traditional linear sliding surface also encompasses a significant
number of studies, whereas research on the PID-type and nonlinear sliding surfaces is
comparatively small. Table 17 summarises the reaching laws adopted in the different
studies. The exponential reaching law is one of the most common reaching laws owing
to its ease of implementation and predicted rate of convergence. Another common law,
which is the power law. It is beneficial for addressing chattering. The adaptive reaching
law is less common in the literature, suggesting scope for further research in this area.
Table 18 categorises the literature on the basis of the switching law. It is apparent that
the conventional sign function is the most popular; however, it also remains a cause of
chattering. In its place, a more advanced switching law, known as adaptive switching, is
often used. Table 19 lists the other approaches to the DSMC design that are also used to
support its development. Some common approaches in the literature include adaptive
parameter estimation and the observer-based framework in DSMC.

Table 16. Sliding surface.

Surface Type References
Linear Sliding Surface [95,100,151,199,200,207]
Integral Sliding Surface [47,98,99,102,188-190,192,196,204]
PID-type sliding surface [146]
Nonlinear Sliding Surface [97,103]

Table 17. Reaching law.

Type References
Constant [200]
Exponential [95,99,151,199,207]
Power [47,97,102,146]
Adaptive [98]
Other [103]
Not Mentioned [189,190,204]
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Table 18. Switching law.

Type References
Sign Function [47,95,99,102,103,188-190], [196] *
Saturation Function [196] *, [200]
Adaptive Switching Law [97,192]
Not Mentioned [151,204]

* This reference utilises both sign and saturation functions.

Table 19. Other approaches of DSMC.

Methodology References
Adaptive parameter estimation [100,199,207]
Observer [98,200]

4.9. Distributed Nonlinear Control (DNC)

In the previous Section 4.8, a type of nonlinear control, i.e., SMC, extended to DSMC
was reviewed. This subsection reviews a general distributed nonlinear controller (DNC)
applied to the vehicle platoons. The fundamentals of Nonlinear systems theory are related
to systems that do not follow the superposition principle, i.e., for which the relationship
between input and output is described by nonlinear differential equations. These systems
can be characterised by phenomena such as multiple equilibria, limit cycles, and finite
escape times, which are not present in linear systems. The controllers that govern such
systems are known as nonlinear controllers [264]. The field has been extended to distributed
nonlinear control (DNC), which involves designing individual nonlinear controllers for
each vehicle to address the complexities of real-time vehicle platooning. The literature
on DNC applied to vehicle platoons can be sorted into three categories: (i) ideal node
with ideal communication; (ii) ideal node with communication imperfection; (iii) external
disturbance on a node with communication imperfection.

(i). Ideal Node with ideal communication

This paragraph discusses the application of DNC to vehicle platoons characterised by
no disturbance at the node and a perfect communication network. In [73], the distributed
control protocol took into consideration vehicle dynamic information, i.e., the electronic
throttle (ET) opening angle, to achieve consensus on position and velocity. The authors
in [104] adopted a third-order vehicle dynamics model to characterise heterogeneous pla-
toons. Their controller embedded the acceleration difference between consecutive vehicles,
a factor of passenger comfort and car-following interactions through a nonlinear tanh-based
function. In the study performed in [74], the electronic throttle aperture was incorporated
into DNC. This integration improved passenger comfort by attenuating the acceleration
amplitude. However, the scheme was restricted to platoons composed of uniform vehicles.
To cope with the diversity of vehicles, ref. [145] proposed a third-order model to describe
the difference of powertrain characteristics and designed a controller, which also realised
the car-following algorithm to avoid the rear-end problem. An important part of this
work focused on preventing the disturbances from increasing as they travelled through the
platoon. To reduce communication load, the work in [72] designed a DNC system based on
event-triggered control. The controller was designed to combat Zeno behaviour.

(ii). Ideal Node with Communication Imperfection

This subsection involved the DNC implemented on a vehicle platoon in the presence
of network imperfection but with no disturbances on the node. A practical validation
was presented in [85], where a nonlinear controlled platoon model was tested against
experimental data from a robotic testbed. Its performance was analysed against time-
varying communication delays. In another study, the DNC was developed to address

https://doi.org/10.3390/automation7010035


https://doi.org/10.3390/automation7010035

Automation 2026, 7, 35

39 0f 73

the issue of topology switching. Here, inter-vehicular distances were adjusted to enhance
safety during stop-and-go manoeuvres. Moreover, some works on DNC development
incorporated practical constraints on platoons. For example, the authors in [83] designed the
DNC to account for actuator input saturation, thereby incorporating the physical constraints
of acceleration and braking. In another work [75], the authors developed the DNC based on
a spring-damper energy system. The novelty of this work was that it maintained platoon
performance, i.e., stability and safety, even in complete loss of communication.

(iii). External disturbance on the node with communication imperfection

This paragraph reviews the platoon’s challenges, including disturbances on the nodes
and communication defects. The work in [167] extended the third-order model to explicitly
treat time-varying communication delays and limited communication ranges by deriving
the allowed upper bound of physical delays. The method produced a non-zero steady-state
spacing error. In a similar approach, the authors in [147] also addressed communication
delays within a third-order heterogeneous framework. Their controller incorporated the
acceleration difference between vehicles to enhance comfort, employing a hierarchical ap-
proach to improve the fidelity between the desired and actual acceleration in the simulation.
A similar event-triggered scheme was adopted in [210], where a nonlinear function was
introduced to generate an accurate model of the dynamic interactions between neighbour-
ing vehicles. This work included the contribution of an event-triggered controller that
explicitly accounted for input delays and external disturbances. The upper limit of the
communication delay was determined by applying Lyapunov stability theory to ensure
consensus. Table 20 classifies the literature of DNC-controlled platoon according to the
nonlinear elements used. The table shows a common trend in the implementation of
tanh-based optimal velocity functions or similar saturating functions to model the DNC.
These functions capture more of the vehicle’s physical limitations on speed. The other
methodologies for DNC development are less common and include potential-energy-based
functions, nonlinear event-triggered mechanisms, and input-saturation considerations.

Table 20. Nonlinear elements.

Methodology Nonlinear Element References
Tan-h-lzased funct.lon of Nor.lhr.lear Veloc1’fy functhn ora [73,74,85,104,145,147,149,167,210]
optimal-velocity similar saturating function.
Potential Energy based nonlinear 75]
function -
Others Nonlinear event triggered function [72]
Input saturated [83]

4.10. Distributed Artificial Intelligence (Al) Based Control

Artificial intelligence (Al)-based control methodologies offer a spectrum of techniques
for controlling dynamical systems. Amongst the main methods are reinforcement learning
(RL), where agents successively discover optimal policies by interacting with their environ-
ment; deep reinforcement learning (DRL), where deep neural networks are used to address
high-dimensional state spaces; adaptive optimal control, which usually uses actor—critic ar-
chitectures to approximate policies for real-time decision making; and data-driven methods
using a radial basis function neural network (RBFNN) [133,193,209,215]. These techniques
learn directly from data; for example, Q-learning uses the values of actions estimated by
policy iteration, and actor—critic DRL separates the action selection and the value estimation
into two different components [133,193,209,215]. The literature on Al-based control applied
to vehicle platoons can be categorised into three main areas: (i) ideal node with ideal
communication; (ii) ideal node with communication imperfection; (iii) external disturbance
on a node with communication imperfection.
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(). Ideal Node with Ideal Communication

This paragraph reviews all the literature related to the ideal case, i.e, no disturbances
on the node and perfect communication. Both the RL and DRL control methods implement
distributed learning, where the vehicles use the local observations to adaptively update
their tracking policies [133,193]. The authors in [133] developed a DRL controller for the
platoon formation that addressed the system uncertainty and dimensionality issues. They
introduced a method based on conditional Kullback-Leibler (KL) divergence to quantify
the value of V2X information. This, in turn, led to the identification of the data required to
construct a low-dimensional state space. A distributed training framework based on the
Deep Q-Network was presented in [54], decomposing the task into single-agent problems
of maintaining equidistant spacing. This featured a two-phase learning process to protect
privacy and reduce communication load, where vehicles first train their Q-network locally
before a consensus algorithm averages the learned parameters. In a similar work [201], the
authors developed an RL framework on the heterogeneous platoons with unknown dynam-
ics. They used an identifier-critic-actor architecture, in which three neural networks were
employed for the following purposed: (i) to estimate the system dynamics; (ii) to synthesise
the policies; (iii) to evaluate the controlled system performance. The update of the learning
algorithm was based on the negative gradient of the function, which was equivalent to
the Hamilton-Jacobi-Bellman (HJB) equation. This led to the removal of the stringent
persistence-of-excitation (POE) condition, thereby increasing computational efficiency. A
further contribution to the literature, the work presented in [153] was a data-driven hybrid
iteration algorithm. This algorithm combined adaptive dynamic programming with a
distributed internal model designed to reduce the effects of external disturbances. The
learning was first performed using value iteration to find a preliminary stabilising policy,
and then switched to policy iteration to accelerate convergence. This hybrid learning
strategy demonstrated robustness in traffic-congestion scenarios. In [215], a distributed
data-driven formation-control scheme for heterogeneous platoons was proposed. It com-
bined radial basis function neural networks (RBFNNs) with a model-free adaptive control
framework and an event-triggered mechanism to significantly reduce computational bur-
den. Building on previous work, the authors in [216] developed a data-driven iterative
learning control that established a linear data model for the adjacent vehicles in the platoon.
The algorithm required only control information from earlier iterations and information
from neighbouring vehicles, thus eliminating the need for prior system modes. This, in turn,
improved accuracy. In another work, the authors in [55] employed the distributed learning
and real-time adaptation (for the model-free behaviour). In another work, a data-driven
iterative learning control method utilising adjacent dynamic linearization was proposed. A
linear data model was established to characterise the dynamic relationship between com-
municating adjacent vehicles. By leveraging control knowledge accumulated from previous
iterations and information from neighbouring vehicles, the need for precise system models
was circumvented, thereby enhancing accuracy and robustness against uncertainties.

(ii). Ideal Node with Communication Imperfection

This paragraph surveys papers that consider a non-ideal communication network with
ideal node dynamics in the platoon. To address the challenges of switching topologies, a
distributed leader-state observer was developed in [55]. This observer provided an estimate
of the leader’s state despite changes in communication links. This estimation was then used
by a model-free Q-learning algorithm that learnt the optimal control policy from system
data to minimise tracking errors and energy consumption. Another contribution was a
distributed control strategy based on distributed proximal policy optimisation [53]. The
response to communication failure was to explicitly account for it by embedding a realistic
communication model in the training environment and designing an active information-
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fusion mechanism to smoothly accelerate vehicles under intermittent connectivity. The
reward design aimed to balance minimising deviations from platoon-wide consensus with
penalties for harsh acceleration. Using actual trajectory data for training contributed to
the robustness.

(iii). External Disturbance on the node with Communication Imperfection

This paragraph presents work on Al-based platoon control that addresses realistic
situations involving disturbances at the node and imperfect communication. An RL-based
adaptive optimal control scheme was constructed in [209] to accommodate platoons char-
acterised by unmodelled dynamics, external disturbances and uncertain communication
topologies. The architecture combined an actor—critic neural network with adaptive back-
stepping to enable online self-learning from input—output data without explicit vehicle
models. The optimisation objective penalised both the tracking errors and the control
effort. The advantage of the latter approach was that it could be scaled to uncertain
topologies. In the work [193], the authors developed the DRL-based platoon control. They
implemented neural networks augmented with integral action to generate incremental
acceleration commands and counter unwanted disturbances. The DRL-based controller
operated on the deterministic policy gradient approach. To make the controller robust
across any communication topologies, they modelled the neighbouring teammates as a
single "virtual” average agent during training. This made the overall controlled system
robust to any topology changes. Table 21 summarises literature employing Al-based control
approaches for vehicle platoon formation. The range of methods discussed covers a large
portion of current research: from reinforcement learning (RL) methods, inclusive of value-
based methods such as Q-learning, to more advanced deep reinforcement learning (DRL)
methods; from adaptive optimal control methodologies, which dynamically approximated
the Hamilton—Jacobi—Bellman equation, to other data-driven methods, which uses radial
basis function neural networks (RBFNNSs) to directly design the controllers based on the
system input/output data. The relatively even distribution of publications across these Al
categories indicates an actively evolving area of study.

Table 21. Al-based control.

Methodology Approach References

Agents iteratively learn policies through

environmental interactions to maximise

rewards; value-based RL, like Q-learning, [54,55]
estimates action values via policy iteration on

system trajectories.

Reinforcement learning (RL)—value-based
(Q-learning/Deep Q-Network)

Integrates deep neural networks to handle
complex, high-dimensional state spaces;
actor—critic DRL uses an actor for action
selection and a critic for value estimation;
enables decentralised learning using local
observations to adapt policies for tracking.

Deep reinforcement learning

(DRL)—actor—critic [53,133,193]

Employs actor—critic architectures to
approximate optimal policies online using
input-output data; approximates solutions to
the Hamilton—Jacobi—Bellman equation;
removes reliance on exact vehicle models or
topological matrices; promotes model-free,
robust platoon behaviour via learning and
real-time adaptation.

Adaptive optimal control—actor—critic

(Hamilton-Jacobi-Bellman) [153,201,209]

Data-driven methods—radial basis function

neural networks (RBFNNs); data-driven
iterative learning

Directly uses system input/output data for
controller design

[215,216]
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4.11. Distributed Control (Other Approaches)

Besides the commonly used distributed control approaches discussed in the previous
subsections, there are other, less popular yet effective approaches that facilitate state
synchronisation in the platoon. These are discussed in this subsection.

4.11.1. Data-Driven Control

Most of the time, it is not possible to completely accurately model the vehicles due to
unobserved dynamics and changing operational conditions. The distributed data-driven
control (DDC) approach is suitable for this type of problem. In this type of control, there
is no requirement for a physical (first-principles) model of the vehicle, which is quite the
opposite of conventional control strategies, which require accurate modelling for precise
platoon control. In the DDC, control laws are developed directly from input—-output data.
Some of the works on DDC for platooning include the following: A DDC was developed
in [219], which linearly approximated the nonlinear vehicle dynamics of the heterogeneous
platoon using an incremental data-based design. This approach achieved consensus among
states of vehicles without the need for pre-training, thereby offering less computational
demand. The work in [217] addressed communication imperfections within the platoon.
They designed the DDC strategy that accounted for the effects of quantisation and switching
topologies. Moreover, an improved uniform quantiser was introduced, embedded with an
encoding—decoding mechanism, to minimise data loss.

4.11.2. Optimal Control

Optimal control of vehicle platoons has become a research area aimed at enhancing the
overall system performance. Some examples in of platoon controlled via optimal control
are as follows: In [105], a cooperative optimal control framework was presented, which
was based on a cost function balancing the performance of the platoon with the amount
of energy consumed. The optimal control gains were determined by solving a linear
matrix inequality (LMI) optimisation problem, which ensured stability by limiting the
amplification of disturbances. The work in [168] designed the distributed linear quadratic
regulator (DLQR) controller with the DSMC controller. The DLQR handled the plan
parameters by computing optimal values to minimise the cost function. The cost function
consisted of the state errors and the controller efforts. In addition, the DSMC part tackled
the exogenous perturbations. The sliding surface designed was an integral sliding surface
with a switching law, thereby ensuring finite convergence of the platoon-controlled system
(with optimal parameters) to the sliding surface and thereby rejecting disturbances.

4.11.3. Miscellaneous Distributed Controllers

These are the distributed control algorithms which are rarely implemented. Thus,
there are high chances of expanding them into numerous distributed controllers for the
vehicle platoon in the future. For instance, the authors in [43] used game theory to solve the
platoon problem within a differential game setting. It yielded analytical solutions for the tra-
jectories of the Nash equilibrium. This, in turn, enabled the pre-computation of trajectories,
thereby reducing the computational load. Another unique example is the use of fractional
calculus, which, in turn, leads to the development of fractional-order controllers. This
approach has also been rarely synthesised for the formation control of vehicles in a platoon,
especially for general topologies (although there are a few works on distributed fractional-
order controllers for specific topologies). Recently, three novel distributed fractional-order
controllers were presented in [81], with their stability regions characterised using the Root
Boundary Locus (RBL) method. The work showed that the fractional-order controllers
outperformed integer-order ones. In a separate study, a switched pinning control method
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was proposed in [67], in which control inputs were applied only to selected pinning agents,
while the other vehicles adjusted their velocities autonomously to reach consensus. The
optimal switching of these agents was formulated as a Mixed Logical Dynamical (MLD)
system that integrates continuous dynamics with logical constraints. Combined with model
predictive control (MPC), this framework minimised velocity errors. Another uniquely
developed controller is shown in [94]. To reduce communication overhead, a distributed
event-triggered impulsive control (ETIC) scheme was developed. In this scheme, control
actions were sent as discrete impulses that instantaneously changed a vehicle’s velocity.
The design also ensured Zeno behaviour was addressed by having a time-dependent term
within the event triggering function

4.12. Distributed Observer-Based Control

In control systems, an observer is a dynamical system designed to estimate the internal
states of a plant whose states are not directly measurable due to some technical or economic
limitations. An observer utilises the system’s inputs and outputs to estimate the states
required for implementing state-feedback control. In multiagent systems, such as vehicle
platoons, the observer concept is extended to a distributed framework because actual
information is either unavailable or unmeasurable. Each vehicle has a local observer. The
vehicle uses its own measurements and the data received from its neighbours to estimate the
necessary states. This estimated information is used to compute the control action [42,64].
Moreover, DO not only estimate the states of followers or the lead vehicle, but also estimate
the consensus state error [61,64]. A type of DO for the vehicle platoon is shown:

4() =A%)+ Bu) + L( L (50 = 2(0) + b0l %)), 8
JeN;

where £;(t) is the estimated state of the ith follower vehicle, £;(t) and £(t) are, respectively,
the estimates of a neighbouring jth vehicle and the leader vehicle. The matrices A, B
represent the system and input matrix, respectively, and L is the observer gain matrix.
After estimation, the controller uses the estimated state £;(t) to compute a suitable con-
trol action u;(t), leading to platoon stability and consensus. The observer shown in (38)
is a Luenberger-type DO. the literature on DO are also catergorised into three groups:
(i) ideal node with ideal communication; (ii) ideal node with communication imperfection;
(iii) external disturbance on the node with communication imperfection.

(). Ideal Node with Ideal Communication

This paragraph surveys the research using the DO framework as an auxiliary unit
to the primary controller when the platoon operates in ideal conditions, i.e., with no
disturbances at the node and ideal communication between the vehicles. Within the
framework of DSMC, an adaptive Luenberger-type velocity DO was designed for each
follower [200]. The novelty of this distributed observer-based platoon control lies in the use
of acceleration-dependent adaptive gain to control the difference between the predicted
and measured speeds, thereby improving fuel economy.

(ii). Ideal Node with Communication Imperfection

In this paragraph, a review of studies on platoons with no disturbances at the nodes,
yet with imperfect communication, was conducted. Work in [38] proposed a DO to address
the problem where the velocity of the leader was unmeasurable and hence was estimated.
However, the leader acceleration was assumed to be uniform. The control law incorporated
the estimated leader velocity while also addressing the constant time delay. The stability
condition was analysed using frequency-domain methods. In [61], the observer estimated
consensus tracking errors while the platoon was heterogeneous and subject to commu-
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nication time delays. The stability of the platoon could be proven using the generalised
Nyquist criteria. In the study [42], stochastic uncertainties were compensated with the
development of an observer based on the Kalman filter. The work was performed on
homogeneous platoons. The proposed design enabled reconstruction of relative states
from available input and output measurements, while mitigating the effects of packet
dropouts and bounded delays. More recently, the authors in [265] used a Kalman filter as
DO to estimate and counteract longitudinal external disturbances in the presence of sensor
measurement noise. They developed a distributed linear controller with an auxiliary DO
architecture for addressing vehicle platoons communicating in a PFL topology. Although
the methodology is restricted to a particular network topology, the DO responsible for
disturbance estimation and compensation is relevant to observer-based platoon control.
Notably, it can be generalised to generic communication topology graphs using adjacency
and pinning matrices. Further extending the Luenberger-type DO frameworks, the work
in [117] addressed the challenge of fading communication channels. The design employed
relative output feedback to estimate the vehicle states, with observer gains determined via
modified Riccati inequalities. The authors in [135] addressed communication imperfections
and parametric uncertainty by developing a unified two-layer architecture comprising an
upper-level observer and a controller. This DO relied on sign-based terms to estimate the
leader’s state. Meanwhile, the tracking controller tracked the lead vehicle, whose states
were already estimated by the observer. A comparative study in [116] used a Luenberger-
type DO to analyse the performance of different directed communication topologies with
constant delays. A similar DO for periodically intermittent information was developed
in [125]; the novelty was to derive an information-rate condition that ensured stability over
on and off communication periods. An adaptive DO framework was proposed in [64] to
estimate the leader’s state and the leader’s unknown system matrix, thereby eliminating
the need for a known leader model. To address cyber attacks, a conventional Luenberger-
type DO was used in [122] to ensure resilience against Denial-of-Service (DoS) attacks and
maintain state estimation during communication blackouts.

(iii). External Disturbance on the Node with Communication Imperfection

This paragraph reviews the platoon’s challenges, including disturbances on the nodes
and communication defects. A distributed proportional-integral DO, which extended
conventional Luenberger designs by including integral terms, was developed in [166] in
order to cope with mixed disturbances. It estimated states of velocity and acceleration and
increased robustness in the presence of measurement noise. In [211], the DO estimated the
leader’s unknown jerk dynamics. The approach used sign—error integration for robustness
to unknown reaction-time delays in nonlinear car-following models. To overcome commu-
nication limitations, a neural network-based DO for limited bit-rate operating environments
was introduced in [203]. The design was based on a coding—decoding scheme to reduce
the communication load, and the NNs approximated the unknown nonlinearities. The DO
estimated the vehicles’ states from coded data.

Table 22 categorises different types of DO. Since observers are auxiliary units that
provide state estimates to the controllers, the table classifies the primary controllers by the
type of observers they use. From the table, it is evident that the Luenberger observer is a
popular choice for augmentation with a wide variety of controllers. Thus, highlighting its
versatility and effectiveness in state estimation for a vehicle platoon. One key observation
from the table is that observers and controllers of the same nature are often developed,
for example, adaptive controllers with adaptive observers, and Al-based controllers with
NN-based observers. In contrast, some other well-established methods, such as the Kalman
filter, are less frequently used in recent literature on platoon control.
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Table 22. Observer types used with different main controllers.

Main Controller Observer Type References
Luenberger [38,61,116,117,122,125]
Linear Kalman filter [42]
PI/PID-inspired [166]
Other [135]
Adaptive [64,79]
Adaptive Luenberger [154,178]
Other [101,155]
Luenberger [95,98,196]
SMC Adaptive [200]
Other [103]
Al control NN-based [203]
Luenberger [176,197]
Other control NN-based [183]
Nonlinear-based [211]

4.13. Observed Trends Across the Reviewed Literature

Table 23 provides a detailed comparison of the distributed control algorithms dis-
cussed in Section 4 for longitudinal vehicle platooning, including their attributes, core
mechanisms, robustness, model suitability, computational complexity, and key limitations.
A definitive ranking of distributed controller families is rarely reported in the literature.
Most studies focus on a specific controller class, a specific vehicle model, and a specific
set of assumptions (e.g., topology, delays, packet drops, or disturbances), rather than
benchmarking multiple controller families under the same conditions. For this reason, the
Table 23 should be read as a structured synthesis of reported capabilities, typical validation
settings, and commonly stated limitations across the reviewed works, rather than as a claim
that one controller universally outperforms the others.

After a comprehensive review of the literature, across challenging network and oper-
ating conditions, a certain set of usage patterns is observed. For network-induced delays
and packet losses, the most preferred controller is Ho, frameworks. This is because the
reduction He norm carried by Lyapunov—Krasovskii and LMI-based formulations allows
for providing systematic robustness conditions. Adaptive controllers are typically used
when parametric uncertainty, platoon heterogeneity, or unknown dynamics are present.
This is because of the online parameter tuning capability built into the design. These stud-
ies are also often paired with an event-triggered approach to limit transmissions and safe
communication resources. Model-predictive control (MPC) methods are primarily used
when hard constraints (e.g., spacing safety, actuator constraints, comfort) are to be enforced
alongside multi-objective performance (e.g., energy and tracking). Although this generally
increases the computational load. Sliding-mode and other nonlinear controllers are often
introduced when strong robustness to uncertainties and/or disturbances is desired, with
a growing preference for integral surfaces and continuous/adaptive laws to minimise
chattering. Al-based controllers are the most recent distributed controllers added to the
class of consensus controller families. They are being implemented in complex models, i.e.,
data-driven environments, or uncertain topologies. Their stability and safety assurances
are typically strengthened by combining learning with model-based elements such as
observers, backstepping or safety constraints. Finally, observer-based augmentation is
used across a variety of controller families, typically to reconstruct leader states or estimate
disturbances in the presence of communication imperfections or other uncertainties.
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Table 23. Comparison of distributed control strategies for longitudinal vehicle platooning.

Attribute

DLC

DHC

DAC

DSMC

DMPC

Al Control

Core Mechanism

Fixed-gain state feedback [12].
Consensus-based constant-gain

neighbour-leader coupling [88].

LMI-based gain synthesis [16].
Hoo designs target
disturbance-to-error

attenuation [17].
Some formulations assume ideal

communication (delay/drop
neglected) [164].

Online gain adjustment via
adaptation laws [41,220].
Gradient/MRAC-type
updates [141].
Neuro-adaptive variants with
NN/RBF estimators [97,205].

Sliding surfaces built from
spacing/velocity errors [95,207].
Reaching/switching laws provide

robustness [95].
Integral SMC variants may yield

explicit delay bounds [190].

Receding-horizon optimisation
with prediction [134].
Neighbour-coupled MPC under

constraints [106].
Distributed trajectory optimisation

also reported [146].

Model-free RL/DRL or NN
policies [54,133].

Learning-based control under
uncertain

topology/dynamics [193,209,215].

Computational load
and Implementation

Low computational load [107,139].
Mostly offline tuning [39].

Moderate load; offline LMI
synthesis [164,169].

Lightweight online execution once
gains are fixed [16].

Moderate-high load due to

continuous adaptation [141,205].
Mainly online due to parameter

updates [64].

Low-moderate load; online

switching terms [95].
Higher complexity with

observers/NN smoothing [100].

High online cost (optimisation each

step) [65,66].
Offline tuning of horizons/weights;

online solve [134].

High training cost [54].
Low-cost online inference after

training [215].

Performance:
nonlinearity and

Typically linear/linearised;
gain-limited rejection [39].

Explicit £;/Ho attenuation [17].
Robustness margins can be

Bounded disturbances handled via
adaptation (UUB/ISS-type) [174].

Strong robustness to
disturbances/nonlinearities [95].

Nonlinear/constraint-aware;
tube/robust variants mitigate

Robustness possible if trained

across disturbances [193].
Generalisation remains

disturbance Noise-handling via conservative [15]. ) NN/RBF estimators approximate ~ Disturbance-observer/energy- disturbances [18].
relative-state /relative I/O Some works focus on disturbance  ynknown nonlinearities [97,205]. aware SMC variants reported [200].  Performance depends on data-dependent [53].
designs [42]. rejection under ideal comm [164]. prediction/estimation quality [134].
Performance: Sensitive to mismatch; robustness  Structured uncertainty viarobust ~ Main strength: online Robust to bounded uncertainties; ~ Uncertainty handled via Robust training can cover
mismatch and often implicit [113]. LMI synthesis [16]. compensation of unknown adaptive SMC relaxes bounds [199]. robust/stochastic constraints [18].  uncertainty [193].
uncertainty Works best under mild Can be conservative for broad parameters [174]. Heterogeneous platoons under Prediction mismatch directly affects Formal guarantees uncommon
heterogeneity [39]. uncertainty sets [17]. Often requires disturbances reported [190,200]. performance [65]. without safety layers [133].

boundedness/PE-type
assumptions [163].

Performance: delays

Sufficient conditions under

Admissible delay/drop parameters

Event-triggered /adaptive schemes

Explicit delay margins reported in

Predictive designs accommodate

Communication constraints

and packet drops bounded delays/drops [42]. enter LMISs as feasibility tolerate variable policy-specific designs (e.g., delays; tube MPC adds handled in training; tolerance often
Bounds may be conservative at regions [17,156]. delays/drops [144,160]. VTH) [190]. robustness [18]. empirical unless analysed [53,203].
scale [71]. Some H, works neglect Explicit margins not always Packet-delivery probability Losses handled via estimation; Designs for uncertain topology
delay /drop effects [164]. stated [163]. modelled; quantitative errors computation heavy [66]. without explicit bounds also
reported [207]. reported [209].
Performance: Needs connectivity and dwell-time =~ Markov/switching modelling Clear handling under Robust to uncertain interaction Switching handled via dwell-time ~ Topology adaptation via
switching topology tools [93]. supported via LMI synthesis [67]. Markov-switching topology [199]. inside optimisation [119]. Q-learning/DRL [55,209].
Often conservative under frequent ~ Conservatism rises with many formulations [180]. Random topology and Complexity rises with mode Retraining/graph generalisation
switching [137]. modes [157]. Requires transition/dwell-time delivery-probability coupling changes [134]. affects scalability [54].
constraints [209]. reported [207].
Model suitability and Best for linear /LTI or linearised Best for linear /linearised modelsin  Linear/nonlinear models Suited to nonlinear dynamics and Linear and nonlinear MPC Model-free/data-driven; suited to
limitations dynamics [88]. LMI-based Ho [17]. possible [143,208]. matched disturbances [95]. reported [134]. unknown dynamics [55,215].

Linearisation reduces realism [113].

Some robust designs neglect comm
imperfections [164].

NN/fuzzy adds tuning/PE
needs [60,97].

Chattering/gain tuning
central [151].

Heavy computation; depends on
prediction accuracy [65].

Guarantees typically need safety
layers [53,133].
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5. Countering Faults and Attacks

This section reviews the literature on operational faults in vehicle platoons. The two
main faults can be broadly categorised into the following types: (i) cyber faults—Denial-of-
Service (DoS), replay attacks, spoofing, etc.; (ii) mechanical faults—actuator faults, sensor
faults, etc. The remaining section briefly focuses on these faults, their modelling, and the
mitigation strategies to address them.

5.1. Denial-of-Service (DoS) Attacks

Denial-of-Service (DoS) attacks are one of the most common types of cyberattacks. A
distinct characteristic of these attacks is that they jam the wireless channel. As a result, the
platoon’s vehicles do not receive the packets for some time intervals. Hence, DoS attacks are
modelled by incorporating communication delays into the platoon network. The authors
in [122] developed a DO-based control method to address aperiodic DoS attacks. The
observer ensured that tracking was maintained, thus optimising the tolerable duration
of the attack. In another work [121], the authors developed distributed predictor-based
control to address the communication delay and network latency caused by DoS. The
authors in [76] modelled DoS as a constant communication delay. To mitigate these attacks,
an algorithm was developed to detect them. The affected vehicle is either retrieved or
isolated from the platoon. Additional works on DoS aimed to prove the stability conditions
in terms of upper limits on DoS frequency and duration. The works in [52,63,182,191]
showed similar strategies of designing even-triggered control schemes that handled both
DoS attacks and parameter uncertainties. These works assumed a bound on the frequency
and duration of DoS. In some cases, the developed gains were also topology-dependent
owing to network latencies. In one of the works by [127], the authors synthesised a DMPC
framework; established a quantitative relationship between the DoS attack parameters
and the exponential decay rate of the system [127]. The authors in [162] modelled DoS as
switching topology and proposed a similar strategy by developing He, control approach to
suppress the external disturbances and under intermittent attacks.

5.2. Data Integrity Attacks (Spoofing, Falsification and Byzantine Attacks)

Preserving the integrity and quality of data is a major concern that is often compro-
mised in the event of cyberattacks. The authors in [176] developed a distributed He, control
approach to prevent the falsified information. To protect against spoofing and data falsi-
fication, distributed, adaptive, event-triggered approaches were developed in [172]. The
data-driven adaptive controllers were also designed in [214] to handle such types of attacks.
In the work of [82], the authors designed a neural network-based adaptive strategy to com-
pensate for the falsified driving commands. They also embedded a mechanism that avoided
collisions. A distributed model predictive control framework was designed in [123], which
used a detector to distinguish unreliable data in the presence of Byzantine attacks.

5.3. Physical Faults and Mixed Cyber Physical Threats

In addition to cyber defaults, there is significant literature on mechanical malfunctions
in vehicle platooning, such as actuator and sensor faults. A Fault-Tolerant Control (FTC) is
implemented to mitigate such type of faults. The authors in [62,195] implemented learning-
based state estimation for such faults. They devised a prescribed-time FTC approach.
Building on this study, the works in [175,179] addressed actuator faults in the presence of
cyber threats. More information about their modelling and mitigation with respect to the
different controllers applied is given in Table 24.
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Table 24. Controller-based classification of fault modelling and mitigation.
Type Fault type How Is Modelled Addressed References
Additive faulty signal injected into the control law Estimate the bounds of the fault term [186]
Control law with random noise compensation [152]
Cyber fault Communication delay Event-triggered control [52]
Linear
Switching-based controller [76]
Communication delay and additive signals injected to states Event-triggered control [63]
Mechanical Faults Additive faulty signal injected into the control law Event-triggered control [161]
Both Cyber and mechanical faults ~ Additive faulty signal injected into the control law Analysis-only; mitigation not addressed. [181]
Additive faulty signal injected into the control law Neural Network-based adaptive gains [82]
Cyber fault Adaptive event-triggered communication [172]
Adaptive Communication time delay Control law having time-varying delay [124]
Additive faulty signal injected into the control law Estimate the bounds of the fault term [86,96,195]
Mechanical Faults
Event-triggered control [171]
Switching Signal Embedding timing bounds in control law [127]
MPC Cyber fault Additive faulty signal injected into the control law Detect and isolate attack-corrupted data from prior broadcasted data [123]
Event-triggered control [191]
Switching Signal Estimate the states of its neighbours based on its onboard sensor [122]
Cyber fault
Additive faulty signal injected into the control law Estimate the states of the vehicle based on its onboard sensor [176,187]
Observer Control Mechanical Faults Additive faulty signal injected into the control law Estimate fault detection and isolate the fault or compensate it [175,202,218]
Both Cyber and mechanical faults Cyber fa'u It—Time delay; Mechanical Fault—Additive faulty signal Event-triggered control and estimate the states of the vehicle based on its onboard sensors [150,179]
injected into the control law 4
Switching Signal Control to find bounds on the allowable frequency and duration of attack [162]
H,, Control Cyber fault
Intermittent V2V communication Event-triggered control [182]
AI Control Cyber fault Additive faulty signal injected into the control law Learning-based estimation to actively compensate for the fault [62]
Nonlinear Control Cyber fault Additive faulty signal injected into the control law Compensates for the faulty signal [194]
Communication time delay Estimate the delay created by the attack [121]
Others approaches Cyber fault Additive faulty signal injected into the control law Estimate frpm past Yahd data; when the error exceeds a fixed threshold, activate the [214]
compensation algorithm.
Game-theoretic defence design [128]
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5.4. Strategic Defence and Vulnerability Analysis

Shifting the focus from controller design to strategic defence, a game-theoretic approach
was proposed to determine the optimal placement of defensive actuators [128]. This work
formulated the problem as a Stackelberg game in which the defender would place actuators
to maximise the energy the attacker would need to inject to disrupt the platoon; this was
quantified using controllability metrics. A systematic vulnerability analysis in [181] also
showed that middle platoon members are often the most impactful targets in highly connected
topologies; hence, more resilient techniques are needed to make them more robust.

Tables 24 and 25 provide complementary perspectives on the fault-related literature in
vehicle platooning. Table 25 is organised primarily by fault type and its modelling, and then
maps the supporting literature across controller families. Additionally, Table 24 is organised
first by controller family (e.g., linear, adaptive, MPC, Hc,, Al, nonlinear, observer, and others)
and for each family, the table separates the cyber, mechanical, and combined faults, and
also reports how the fault is modelled and is mitigated. When investigated together, the
tables reveal that cyber faults dominate the research landscape and are addressed in the
majority of controller families, whereas mechanical faults are comparatively less studied,
and compounded faults, i.e., cyber-mechanical faults, are poorly studied. Event-triggered
mechanisms and observer-based designs are the most common reported mitigation strategies.
It is also supported by Figure 11. The pie chart shows that cyber faults account for about
65% of research on all faults in vehicle platooning. Moreover, the second pie chart shows
that among the cyber faults, DoS attacks are the most common. The last pie chart shows that
among the distributed control strategies, distributed linear and observer-based are by far the
most commonly implemented, accounting for 25.0% and 20.8%, respectively.

Fault Types
Cyber Attack Types Controllers for Cyber Faults

9.4%

16.6%

22.2%

4.2%

Dos [ Linear

[ Cyber fault [EsSpoofing/Falsification [l Adaptive

[ Mechanical fault [ Byzantine WH.

[l Both faults [ Other M Al
[ Observer
EMpC
[ Nonlinear
[ Others

Figure 11. Fault/attack overview: (left)—fault types; (centre)—cyber attack types; (right)—controllers
for cyber faults.

Table 25. Fault-type vs. controller family mapping for fault mitigation.

Controller
Fault Type Fault Modelled as
Linear Adaptive MPC H, AI Nonlinear  Observer Others

Additive faulty signal in control law [152,186] [82,172]  [123,191] — [62] [194] [176,187] [128,214]

Comm. delay in control law [52,76] [124] — — — — [121]
Cyber

Comm. delay and Additive signal in control law [63] — — — — — — —

Switching topology or intermittent comm. — — [127] [162,182] — — [122] —
Mechanical Additive faulty signal in control law [5;?39%156]1’ — — — — — [175,202,218] —

Additive faulty signal in control law [181] — — — — — — —
Cyber and Mechanical

Comm. delay and Additive signal in control law — — — — — — [150,179] —
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6. Platoon Performance Analysis and Stability Metrics
6.1. Internal Stability

Internal stability of a vehicle platoon is a property that ensures that the state trajectories

of all the vehicles asymptotically converge with time. This attribute is fundamental to the

platoon system’s stable operation. It makes sure that the platoon objectives, namely spacing

error, velocity error and acceleration error, converge to a steady state (or zero) as time goes

to infinity [8]. The internal stability of the platoon is analysed in four main ways: (i) Routh—

Hurwitz stability criterion; (ii) basic Lyapunov stability; (iii) Lyapunov—Krasovskii stability;

(iv) Lyapunov-Razumikhin stability [8,70].

().

(id).

Routh—Hurwitz Stability Criterion
The Routh-Hurwitz criterion is one of the most commonly used criteria for finding
stability. It determines the platoon’s internal stability by calculating the characteristic
matrix (or the characteristic equation in the case of the platoon’s decomposition into
its individual subsystems) and examining its eigenvalues. If the real part of all the
eigenvalues is negative, then the platoon is considered internally stable [40,71,88,137].
The closed-loop controlled dynamics of the full platoon system can be expressed in
matrix form as:

X = (IN® A—H® BK)X, (39)

where X = col(xy,...,xy) is a vector of follower states (or error states), and H is
the Information matrix [71] and K is the controller gain. The decomposition of the
closed-loop platoon system having N vehicles depends on the property of H. If H has
real, distinct eigenvalues (in case of undirected topologies [71]), then H decomposes
into N independent modes of eigenvalue A;.

where ¢; is the state error. Each mode has its own characteristic polynomial
pi(s) = det(sI — (A — A;BK)); the Routh-Hurwitz test is applied to each p;(s) to
ensure R(s) < 0[40,71]. If H has repeated real eigenvalues or complex eigenvalues
(directed topologies [12]), the decomposition is not directly applicable, and the stabil-
ity test is carried out using an equivalent real-domain representation (or by forming
the characteristic matrix of the closed loop platoon), as detailed in [12].

Basic Lyapunov Stability

This approach to stability analysis constructs a function similar to an energy, called
a Lyapunov function, to evaluate the stability of the platoon in the vicinity of an
equilibrium point. If the time derivative of this Lyapunov function is negative in
the neighbourhood of the equilibrium, then the platoon is said to be asymptotically
stable [37,88,136]. It is better if the platoon system does not experience any time delay;
otherwise, modified forms of Lyapunov stability are used to address time delays.
Consider the closed-loop platoon (error) model X(t) = AyX(t), where X(t) € R"
denotes the stacked platoon state-error vector, Ay € R"*" is the closed-loop system
matrix. A standard Lyapunov candidate is

V(X)=X"PX, P=P'>0, (41)

where V(X) € R is the Lyapunov function, P € R"*" is a symmetric positive definite
matrix (i.e., - 0 denotes positive definiteness). This gives V(X) = X" (AJP + PA4)X,
where V(X) is the time derivative of V(X). Hence, internal stability follows if there
exists P > 0, such that

ALP+PA4 <0, (42)
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where < 0 denotes negative definiteness, implying that X(¢) — 0 as t — oo and thus
the platoon state errors converge to zero [37,88].
(iif). Lyapunov—Krasovskii Stability

If a vehicle platoon experiences communication time delays (constant or varying),
then one of the powerful methods of determining internal stability is by the Lyapunov—
Krasovskii stability method. In this method of stability, Lyapunov-Krasovskii (LK)
functionals are employed. These functionals include delay-dependent terms in addi-
tion to the basic Lyapunov function. The addition of extra terms captures the effect of
past vehicle states on current stability [37,70]. A delayed closed loop platoon model
can be represented as X(t) = AoX(t) + AgX(t — ¢), where X(t) € R" denotes the
stacked platoon state-error vector, Ag, Ay € R"*" are constant system matrices, and
¢ > 0 is the communication delay, a common LK functional is

V(1) = XT(H)PX(t) + /t; XT(0)QX(0)d6, P>0,Q=0,  (43)

where P € R"™" is symmetric positive definite, Q € R"*" is symmetric positive
semidefinite, and 6 is the integration variable. Sufficient internal-stability conditions
are obtained by enforcing V(t) < 0 through matrix inequalities [37,70].
(iv). Lyapunov—Razumikhin Stability

Lyapunov-Razumikhin-based stability method is another alternative approach to anal-
yse the stability of a platoon in times of communication time delays. In this method
of stability, a basic Lyapunov function is constructed along a condition that relates
the delayed platoon state to the current platoon state [37,70]. A typical Lyapunov—
Razumikhin starts with V(X) = X PX, P > 0, and thereby the Razumikhin condition
is imposed. It is shown as

V(X(t—8)) <pV(X(t), Veelog¢l p>1, (44)

where ¢ € R denotes the communication time delay, and p € R is a chosen scalar
value. In the Lyapunov-Razumikhin stability approach V(X(t)) is upper-bounded by
a negative expression, yielding internal stability under delay [37,70]. Compared with
the Lyapunov-Krasovskii method for analysing stability, the Lyapunov—Razumikhin
method is easier to implement and computationally lighter; however, the latter yields
more conservative results [266].

Note: When communication or actuation delays are present, internal stability is analysed
using either time-domain or frequency-domain methodologies. The common time-domain
methodologies include Lyapunov-Krasovskii functionals and Lyapunov-Razumikhin
methods (discussed before), while popular frequency-domain methodologies include the
Routh-Hurwitz Stability criterion (also discussed before). Other frequency-domain meth-
ods, such as Cluster Treatment of Characteristic Roots (CTCR) [40], the general Nyquist
criterion [267] (these are not discussed), along with other less prominent time domain
techniques, are placed in the “Others” category in Table 26.

From Table 26, it can be seen that the Routh—-Hurwitz criterion is less in use, whereas
the frequently employed method for stability analysis is the Lyapunov-based family of
methods. This preference stems from the fact that the Routh-Hurwitz criterion is primarily
used for linear time-invariant (LTI) models and is not applicable to platoons with nonlinear
dynamics at each node. In communication-time-delay vehicle platoons, the Lyapunov—
Krasovskii functional is often preferred over the Lyapunov—Razumikhin approach due to
the latter’s conservative results.
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Table 26. Internal stability methodologies. Publications with more than two stability analysis methods
are denoted by (*).

Methodologies References

Routh-Hurwitz

[36,40,43,71,73,74,79,85,88,104,115,137,139,142,145,149,159,165,186,
192,196,219]

Basic Lyapunov

[12,16,39,47,51,55,59,60,62,63,70,75,86,91,92,94—
100,102,103,106,107,116,117,119,120,122,125,127,132,134,143,146,153,
154,157,160,162,168,171,173,174,176,177,179,180,182,183,186~
188,191,194,195,197,199,203,204,206,208,209,212,213,220,223]

Lyapunov-Krasovskii

[83] *,[17,41,42,49,52,76,78,87,89,105,108,111,121,124,131,135,136,144,
147,150,156,161,163,169,170,172,184,190,210,221]

Lyapunov-Razumikhin [83] %, [123,138,167]

Others [15,61,66,72,81,85,112,118,126,130,140,152,193,214,217,218]

6.2. String Stability

String stability is a performance characteristic of vehicle platoons that ensures that state

errors, i.e., spacing, velocity or acceleration, do not grow as they travel along the vehicle

string. Depending on the method of analysing string stability, it is generally categorised

into: (i) Lyapunov-based, (ii) input—-output-based, and (iii) input-state-based [20].

Q).

(i)

Lyapunov-based

The string stability, when analysed using a Lyapunov-based method, treats the platoon
error as an unforced system and focuses on the effect of initial perturbations [20]. Let
e(t) = col(ei(t),...,en(t)) be a collection of individual errors (e.g., vector of spacing
errors) of all follower vehicles, where col(+) is column-stacking, N is the number of
follower vehicles and e;(t) € R™ is the individual error for vehicle i. Distinct from the
method of analysis for internal stability using Lyapunov, which uses one Lyapunov
matrix for the entire platoon state, Lyapunov-based string stability uses a composite
Lyapunov function, which is a sum of individual vehicle contributions:

N
Vie)=)Y e/ Pe, PO, (45)
i=1

where P € R™*™ is constant. Then the Lyapunov function for the closed-loop platoon
derivative should satisfy a uniform decay bound as

N
Vie(t)) < —a ) lles(n]?  a>0, (46)
i=1
where « € R is constant and || - || denotes the Euclidean norm. where the constants P

and a do not depend on the platoon length N. The inequalities above are obtained by
substituting the closed-loop error model into V and enforcing negativity via matrix
inequalities during controller tuning [20].

Input-to-output (10)

The input-to-output method treats string stability as a disturbance-to-output attenua-
tion property, neglecting initial conditions of the platoon system [20]. It is commonly
used in the frequency domain. It is often analysed assuming that the vehicles are
communicating in a PF topology (even if the entire platoon is not). Defining the error
propagation transfer function for the vehicle i
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(iii).

Ei(s)
Ei—1(s)’
where s is the Laplace variable and E;(s) is the Laplace transform of the error of

H(s) = (47)

vehicle i with respect to its predecessor. The controller is IO string-stable if

[H(jw) oo = sup [H(jw)| <1, (48)
weR

where w € R s the angular frequency, and || - || denotes the Ho norm. The key step
is to derive H(s) from the closed-loop linear model (vehicle dynamics, controller, and
the selected error signal), and then verify or enforce the Ho, bound to be string stable
according to the condition in (48) [20,268].
Input-to-state (IS)
Input-to-state string stability accounts for both initial and persistent external pertur-
bations. A platoon is ISS string-stable if there are a class £ function § and a class K
function vy for which

les(£)][p < ,B(HES(O)H;?/ t) + ’Y(||€S||£w[0,t])/ vt >0, (49)
where e;(t) is the vector of string errors and €; are the disturbances, || - ||, is the
Cp-norm, || - ||z (0, is the supremum norm over the interval [0,#], and || - || denotes

the Euclidean norm; K and KL are standard classes of comparison functions, and
Ko denotes the class of K functions that are unbounded. A typical route is to build
an ISS-Lyapunov function V(es) satisfying for some class Ko functions a, @, a, o
(i.e., comparison functions),

allesll) < Vies) <@(lleslD,  Vies) < —alllesl)) + o (lles)- (50)

Using comparison arguments, this differential inequality directly gives an ISS bound
of the form above, which ensures that the disturbances will not cause unbounded
growth of string errors, and that the effect of the initial conditions will decay with
time in the form of [20].

A recent trend is to include string stability constraints in the controller synthesis

process, rather than performing the check ||H(jw)|/« < 1 after the controller is devel-

oped. In particular, work in [269] accounted for heterogeneous platoons with network

disconnections and switching information patterns. Their approach imposes an explicit

non-amplification constraint on successive spacing errors and incorporates it into an LMI-
based robust adaptive output—feedback design, thus enforcing stability, robustness, and

string non-amplification simultaneously at design time.

Table 27 classifies the literature according to the above three definitions of string

stability. The table indicates that frequency-domain IOSS is the most widely used method

for evaluating string stability. This means that most works assume a PF topology in proving
the platoon string stability of the vehicles. Other time-domain methods, i.e., LSS and ISSS,

are still limited.

Table 27. String stability methodologies.

Methodologies References

Lyapunov-based string stability  [82,143,183,192,205]

[36,38,40,51,63,80,83,85,99,100,102,103,105,111,112,135,138,

Input-to-output string stability 140,142,144,146,147,151,158,160,164,167,176,180,181,184,185,

190,193,214]

Input-to-State String Stability [55,98,173,204,209]
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6.3. Robust Stability

Robust stability for the vehicle platoon is the ability of the controlled platoon to
maintain the desired performance even in the presence of uncertainties and external distur-
bances [15]. Some factors that challenge the robust stability of the platoon are:

(i). Communication imperfections: This category is discussed in detail in Sections 3.3 and 5.
Examples of this category include communication delays [163], packet drops [15], and
malicious cyberattacks [162].

(if). External disturbances: This category is discussed in detail in Section 3. Examples of this
category include wind gusts, road friction, surface gradient [12,92].

(iif). Model uncertainties: This type of imperfection arises from model mismatches, i.e.,
while carrying out linearisation or if there is some unmodelled dynamics (both types
are explained briefly in Section 3). Some examples of work are [92,95].

Below are the two common methods to assess robust stability in the platoon:
(i). Matrix Inequality-Based Analysis (LMI and Riccati Methods)

This is the most common approach for assessing the robustness of the platoon system. The
robust stability problem is transformed into a set of solvable matrix inequalities to meet the Heo
performance criterion [15]. Hence, if the energy of the tracking errors remains proportionally
smaller than that of the disturbances up to a certain attenuation level, the platoon is termed as
robustly stable [12]. A solution of these inequalities gives the robust gains [15].

(ii). Input-to-State Stability (ISS) Analysis

The input-to-state stability (ISS) approach is based on the concept that bounded distur-
bance inputs lead to the bounded state errors [170]. Hence, this method for assessing the
robustness of the system constructs a Lyapunov function and computes its time derivative.
The Lyapunov function is chosen such that this derivative is negative whenever the magni-
tude of the system’s state is sufficiently larger than the disturbance magnitude. From this
type of approach, it is proven that errors would not grow but will be bounded provided
the disturbances are bounded [170].

Table 28 outlines the methodologies used to evaluate the robust stability of platoon
systems. The use of Matrix Inequalities, including linear matrix inequalities (LMIs) and
Riccati methods, is a popular approach to testing robust stability. The ISS analysis, although
less comprehensive than the former approach, also appears quite frequently in the literature.

Table 28. Robust stability methodologies.

Methodologies References

Matrix Inequality-Based Analysis (LMI and

Riceati Methods) [12,15-17,80,92,112,121,127,161-163,182,184,221]

Input-to-State Stability (ISS) Analysis [95,96,159,170,185,186,200,222]

7. Simulation and Experimental Validation

The transition from theoretical control design to real-world deployment requires
rigorous validation. However, before deployment of the algorithms on the real-time
hardware, the software platforms are used to test and validate their effectiveness; by
emulating similar situations of real world. The primary platforms used in the literature are
critically compared below in terms of realism, scalability, and implementation constraints.
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(i) MATLAB/Simulink

MATLAB/Simulink is currently the most popular for validating platoon algorithms
because it provides a mature environment for modelling dynamics, synthesising controllers,
and conducting closed-loop validation.

*  Realism: It shows a high realism for the control loop fidelity if the modules of the
vehicle, the actuator and the sensors are accurately modelled. It contains vehicle-
modelling tool chains for making it realistic; however, the final level of realism is
determined by model detail and parameter calibration selection [270].

®  Scalability: It supports simulation of small to medium-length platoons. Extension to
larger platoons is possible with model simplification; however, fine nonlinear dynamics,
stiff solvers and small time steps add considerable computational cost and time.

¢ Constraints: Licensing restrictions and the availability of tools can restrict reproducibil-
ity. Real-time and hardware-oriented testing usually needs more real-time execution
support (e.g., Simulink Real-Timing) and careful timing /IO configuration [271].

(it) Simulation of Urban Mobility (SUMO)

SUMO is a microscopic open-source traffic simulator for large road networks. It
simulates realistic traffic interactions.

¢ Realism: It shows strong realism at the level of traffic-interaction (network flows,
merging, intersections, and mixed traffic). Nevertheless, vehicle dynamics are typ-
ically simplified, so that low-level control validation is typically performed using
co-simulation.

*  Scalability: SUMO is well-suited to network-scale simulation of large numbers of vehi-
cles, making it attractive for analysing platoons embedded in larger traffic networks.

*  Constraints: Platooning control laws are not commonly designed within SUMO, but
external controllers are coupled via interfaces such as TraCl; this introduces integration
effort and requires the user to carefully consider what is being validated (controller
validation, traffic-level interactions) [272,273].

(iii) Plexe
Plexe is specifically oriented to the platooning simulation framework. It is employed
when the communication effects are an integral part of the validation. Thus, it not only

validates controllers but also network performance. It is typically run in combination with
mobility and network simulation environments.

e Realism: Realism is high for cooperative platooning functions if communication
and mobility are represented together (e.g., communication performance like delays,
latency, as well as vehicle motion), thereby enabling more implementation-relevant
assessment than control-only simulations.

®  Scalability: It supports moderate platoon sizes. However, larger scenarios are pos-
sible but are limited by the overhead of discrete-event network simulation and the
complexity of multi-tool co-simulation.

*  Constraints: Practical barriers include the engineering overhead of co-simulation
software, cross-software parameter consistency (mobility, networking, and controller
settings), and reproducibility and dependencies across software. The basis for such
network mobility studies using the OMNeT++-SUMO co-simulation is summarised
in the Veins documentation [274,275].
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(iv) CARLA (Car Learning to Act)

CARLA is an open-source autonomous driving simulator that aims at providing
high-fidelity 3D environments and sensor simulation.

¢ Realism: It provides the highest realism for scenario and perception layers, including
controllable environments and sensor simulation, which is valuable when platooning
algorithms are working with perception/localisation stacks or when they demand
scenarios beyond abstract traffic models [276,277]

*  Scalability: It supports limited traffic scaled when compared to traffic-only simulators
due to the computational demands of rendering and sensor pipelines

e  Constraints: Some of the common constraints are computation constraints, workload
of the scenario authoring system, integration effort required for co-simulation with
external control toolchains (if controllers are not implemented on CARLA) [276].

(v) PreScan

PreScan is a commercial platform for scenario-based testing and autonomous driving
validation, including research on sensors.

¢ Realism: Realism is good for sensor-based validation workflows that can improve
application relevance in comparison with only control algorithm validations.

®  Scalability: It supports moderate fidelity, as when the scenario is complex and high-
fidelity sensors are simulated, the number of vehicles is reduced.

*  Constraints: Commercial licensing and proprietary components reduce accessibility.
scenario and sensing constraints, as illustrated by works that adopt it for platooning-
related validation [190].

In addition to the platforms mentioned above, a few lesser-known simulation tools are
also used. In contrast to fully simulated validation, experimental configurations provide
more direct evidence of feasibility in real time by subjecting the sensing and actuation limits,
timing constraints, and communication artefacts to scrutiny that are difficult to capture
perfectly in software. Table 29 classifies the reviewed studies based on their validation
(simulation-based or hardware-based) and then sub-classifies based on the particular
platform used for the validation. Simulation-based validation easily outweighs hardware-
based validation; the most common approach is MATLAB/Simulink, due to its low barrier
to control development and its ability to support repeatable testing. Traffic and networking-
oriented tools (e.g., SUMO and Plexe) are usually chosen when realistic network-scale
dynamics or communication effects are of primary importance, rather than for controller
prototyping. Although MATLAB/Simulink is still the most commonly used platform for
validating platooning control laws, less commonly used are traffic-simulation environments
such as SUMO and Plexe, which primarily model network-level traffic interactions and
are not designed for detailed controller-oriented vehicle-dynamics validation. However,
SUMO and Plexe offer greater realism in inter-vehicle communication within a fleet, and
their wider use is recommended for future research studies. Among platoon sizes used for
validation, platoons between five and ten vehicles are most frequently tested in simulation,
whereas hardware validations are commonly limited to fewer than five vehicles due to cost,
safety, and infrastructure constraints.
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Table 29. Numerical analysis. Publications with more than one simulation or co-combined with
experimental setup are marked with (¥).

Platoon Length (Incl.

Cases Simulation Platform Leader) References
<5 [18,65,86,188]
o =10 [92,109,147,161,192] %, [43,45,4751,75,77,84,87,96,108,111,121,122,131,136,144,
MATLAB/Simulink 160,163,167,176,181,185,191,197,198,200,201,203,205]
>10 [15,17,80,112,113,151,157], [109] *
<5 —
PLEXE 5-10 [41,83,105,110,124,129]
>10 —
<5 [85,220] % [202]
Only simulations (platform used) =~ . = 5-10 [92,147,192] *, [89,91,132,148,165,187,193]
>10 [178]
<5 [97]%, [38,62,76,78,90,128,164,168,171,174,175,195,208,216]
[117,159,179,180] *, [14,36,37,42,52,54,55,59—61,63,64,66,67,71-74,82,88,93—
=10 95,98-100,102-104,115,116,118,119,123,125,130,133,134,138,140,142,145,149,

Not mentioned simulators

150,154,158,162,170,172,173,182-184,186,189,194,196,206,209,210,212,214,215,
217-219,221-223]

>10 [117,180,220] *, [12,39,70,81,126,137,141,146,152,156,169,207]
Number not mentioned [16,49,53,79,139]
<5 [106,114,204], [85,97,159,161] *
Experimental Hardware setup 5-10 [179] *,[120,135,143,190]
>10 [213]

8. Technology Readiness and Barrier Deployment

While much of the contemporary research on platoon control remains theoretical, there
are hardware setups too for the control algorithms, as shown in Table 29.

8.1. Technology Readiness

The experimental evidence from the literature reviewed indicates that the readiness
of different families of controllers is uneven, and is largely determined by the computa-
tional load, the sensing/communication requirements, and their tolerance to non-ideal
networked operation.

(i). Distributed Linear Control:

Distributed linear controllers are the best candidates for immediate deployment due
to their compatibility with the constraints imposed by conventional automotive electronic
control units (ECUs). They are also easily applied and require very little computation as
compared to other controllers. Large-scale experimental trials conducted on a platoon
of three passenger vehicles (Toyota Prii) with V2V communications, coupled with radar
and camera sensors, provide evidence of the efficacy of these controllers with realistic
actuation dynamics and delay-aware modelling [114]. In low-speed service scenarios,
linear distributed control has also been validated with unmanned ground vehicle (UGV)
platoons; the experimental results have been obtained using traditional autonomous system
elements, such as LIDAR and cameras, differential GPS/INS, and wireless communication
links [120].

(ii). Adaptive and Learning-Based Control:

The next to be deployed after linear controllers are distributed adaptive controllers.
More precisely, adaptive with learning-based methodologies. They have been validated on
small-to-medium testbeds. For example, experimental studies based on fleets of several
robots with embedded controllers and short-range wireless communication have supported
the feasibility of these techniques under tight onboard constraints, but such studies have
been at a much smaller size than that used in heavy-duty vehicle platooning (as compared
to the linear controllers) [143].
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(iii). Model Predictive Control (MPC):

Once practised as theoretical controllers, MPC has advanced. MPC-based platoon
control has been demonstrated on early hardware, combining it with state estimation
and communications-aware design. Real-vehicle investigations using an onboard 5G-
V2V computing node have shown real-time optimisation with latencies down to 15 ms,
and performance under artificially induced V2V disconnection conditions [213]. Other
DMPC formulations in this collection are still limited to simulation, and thus more in the
proof-of-concept stage [134].

8.2. Barriers to Deployment

Across the hardware studies, three barriers to deployment stand out, which are:
(i) network imperfections, which comprise delay, loss, and cyber attack, (ii) heterogeneity
paired with actuator and safety constraints, and (iii) limitations in sensing and estimation,
which adds extra latency.

(i). Network Constraints and Stability Margins:

A significant amount of theoretical literature assumes that V2X channels are constant-
delay links; however, hardware measurements contradict this assumption. Experimental
studies on autonomous-robot platoons show that apart from the magnitude of the delay,
the frequency characteristics of the delay can also affect the stability [85]. Reliability
and security also matter in practice. Fault-tolerant consensus has been tested on a five-
vehicle unmanned platform under DoS attacks, and it has shown that the attack models,
characteristics of packet loss and recovery mechanisms need to be co-designed with the
control architecture [179]. Concurrently, periodical event-triggered fault detection has been
tested on a two-vehicle WiFi-based communication link, thus highlighting the need for
bandwidth-conscious safety layers [161].

(ii). Heterogeneity and Saturation:

Real-world platoon configurations exhibit heterogeneity due to powertrain constraints
and safety regulations, leading to actuator saturation. Experiments carried out with full-
scale passenger cars show that velocity restrictions reduce platoon cohesion, thus making
topological designs and controllers that can account for constrained followers rather than
uniform feasible speed profiles necessary [114]. Heterogeneity is also treated experimentally
at smaller scales: variable time-headway policy control is validated on intelligent micro-
vehicle platforms, supporting the view that flexible spacing policies are more realistic
for heterogeneous connected vehicles under disturbances than rigid constant-spacing
assumptions [190].

(iii). Sensor Accuracy and Estimation:

Empirical studies of hardware show that the limits of sensing and estimation are
key factors in determining system stability. Experiments with mini-platoon using ultra-
wideband (UWB) positioning have revealed that jitter and positioning errors are reflected in
variations in tracking performance and have therefore led to the use of filtering techniques,
estimation procedures, or robustness measures [97,204]. In larger-scale tests, network-
aware control integrates state estimation to sustain performance during V2V degradation,
implying an estimation layer is necessary for deployment [213].

9. Conclusions and Future Research Directions
9.1. Conclusions

This review provides a full overview of distributed longitudinal control methods for
autonomous vehicle platoons, from 2013 to 2025. The surveyed literature is organised
systematically into a four-component framework: node dynamics, formation geometry, in-
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formation flow topology, and distributed controllers. The overall synthesis suggests that the
suitability of any given controller is inherently application-dependent and is essentially de-
termined by modelling uncertainty, spatial arrangements, and communication conditions.

(i). Topology and Performance Domains

Information flow topology is a major factor affecting platoon behaviour, as it deter-
mines the distribution of closed-loop eigenvalues, which in turn affects stability margins,
scalability, convergence rates, and robustness. It is worth noting that leader-pinned commu-
nication topologies, such as BDL and PFL, exhibit more favourable eigenvalue properties
than unpinned topologies, such as BD and PF, thereby enhancing stability and alleviating
performance degradation as the platoon length grows.

(ii). Robustness and Latency Management

Under delays, packet losses, and bandwidth limitations, the most reliable approaches
are delay-aware robust designs (commonly Lyapunov-Krasovskii/LMI-based and Heo-
type methods), often supported by observers and event-triggered communication when
continuous data exchange is not feasible. Conservative spacing policies remain a practical
stabilising layer when communication quality degrades. In the context of delays, packet
losses, bandwidth limitations, and switching topologies, the most reliable approaches are
delay-aware robust designs (mostly of Lyapunov-Krasovskii/LMI and He-type), often
complemented by observers and event-triggered communication when continuous data
exchange is infeasible. Conservative spacing policies, such as CD or CTH, remain a practical
approach in vehicle platoon operations.

(iii). Heterogeneity, Disturbances, and Model Uncertainty.

For heterogeneous platoons and uncertain dynamics, adaptive and sliding-mode
controllers provide robust resilience against disturbances and parameter variations. On
the other hand, MPC-based designs are best suited when explicit constraint handling,
e.g., safety distances and actuator limits, is of prime importance, despite their increased
computational effort.

(iv). Validation and Technology Readiness.

Validation efforts tend to be dominated by simulation-based research over hardware
setups. There is a prevalence of mathematical software, primarily Matlab/Simulink, being
the main platform for controller development. SUMO/Plexe-based environments are
preferred when traffic scale, interactions, or communication effects are central. Hardware
experiments, however, are still relatively limited due to cost, safety, and infrastructure
requirements; therefore, there is a need for more robust translation from theory to hardware.

Finally, the review paper supports a consistent practical hierarchy: topology choices
that improve eigenvalue properties (especially leader pinning), combined with low-
complexity robust controllers and realistic validation settings, provide the most credible
route towards scalable and deployable platooning under non-ideal communication and
uncertain modelling conditions.

9.2. Future Research Directions

(i). Unified Control Frameworks for Realistic Multi-Factor Scenarios

A prominent avenue for subsequent research is the development of unified control
frameworks that can simultaneously address a range of operational challenges rather than
addressing each challenge individually. Current investigations into distributed controllers
tend to focus on external disturbances, uncertainty, nonlinearities, heterogeneous platoons,
imperfect communication, and cyberattacks, either in isolation or in simplified combina-
tions. The next generation of platoon controllers should have a holistic view and obtain
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control laws that simultaneously account for the main contingencies faced in realistic oper-
ating scenarios. Such an integrative approach would significantly improve the resilience
of platoon systems to the full range of deployment time uncertainties. Moreover, while
heterogeneity in vehicle dynamics has been well studied (summarised in Table 2), the
heterogeneity of connectivity, i.e., differences in communication capabilities, reception
ranges, or access to leader information, is largely neglected. Future investigations should
systematically test the effect of asymmetric information availability on string stability and
develop adaptive reconfiguration strategies tailored to variable network topologies.

(ii). Formal Verification and Safety Guarantees for Learning-Based Methods

The development of data-driven and artificial intelligence-based control methods is a
promising direction in the design of distributed controllers. As shown in Figure 9, the usage
of Al-based approaches has shown a constant growth in the previous five years (from 5% to
12% of recent publications). Reinforcement-learning- and neural-network-based controllers
provide excellent adaptation capabilities to complex, multi-dimensional environments.
Nevertheless, they poorly meet formal guarantees of stability and safety at both the training
and the deployed stages. To overcome this limitation, future work should incorporate
the control theoretic guarantees, such as control barrier functions (CBFs) that provide
forward-invariance certificates for safety-critical constraints, and reachability-analysis tools
aimed at verifying bounded behaviour under worst-case disturbances. A particularly
promising approach involves providing reinforcement learning policies with safety shields
based on CBF that only intervene when unsafe actions are proposed, thereby preserving
the flexibility of learning while maintaining collision avoidance and separation constraints.
Beyond classical Lyapunov and LMI techniques, emerging verification frameworks, such as
sum-of-squares programming, contraction theory, and neural Lyapunov methods, should
be systematically explored to certify Al-based platoon controllers.

(iii). Cyber-Physical Resilience

In parallel, cybersecurity research must advance beyond isolated attack cases (e.g.,
Denial-of-Service only) towards resilient frameworks that can address combinations of
cyber threats, such as Denial-of-Service, Byzantine faults, and spoofing attacks. Such
frameworks should integrate attack-resilient observers with attack-detection, isolation,
and reconfiguration protocols so that, under adversarial conditions, systems degrade
slowly rather than fail catastrophically. A largely unexplored domain is the potential of
fractional-order control, which provides long-memory properties that may offer greater
flexibility for compensating for communication delays and external disturbances than
integer-order counterparts.
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Appendix A. Network Synchronisation Framework

This appendix summarises the theoretical background behind network synchronisa-
tion for multi-agent systems (MAS). Consider a leader agent with state xp(t) € R" and
N follower agents with states x;(t) € R",i € {1,...,N}. Each follower has dynamics
%; = f(x;), where f : R" — R" is a vector field. Communication between agents is repre-
sented by a directed graph, where an edge (j,7) means that agent i receives information
from agent j.

Appendix A.1. Modelling Network via Graph Theory

Let a;; > 0 be the (possibly weighted) adjacency weight from agent j to agent i for
i # j, and define the neighbour set

/\/}I{jé{l,...,N}‘ﬁi]‘>0}. (A1)

The (in-degree) Laplacian £ = [L;j] € RNXN g

—djj, i#7j,
L= i, 7 1,...,N}L A2
1] Z dl’k! i= j/ 1 ] € { } ( )
keN;

Pinning to the leader is described by P = diag(ps, ..., pn) with p; € {0,1}, where p; =1
indicates that follower i can access x(t) directly. The corresponding Information matrix is
H=L+P.

Appendix A.2. Diffusive Coupling and Pinning Control

A commonly used nonlinear network model with diffusive coupling can be written
in the compact “coupling-matrix” form (as in the pinning-control literature) by using a
coupling configuration matrix whose rows sum to zero [278,279]:

%i(1) :f(xz-(t)) +c%ﬁij1’x]-(t)+ui(t), i=1,...,N, (A3)
=1

where ¢ > 0 is the coupling strength and I' € R"*" is an inner-coupling (selection) matrix
that specifies which state components are coupled. Here, the diagonal entries are chosen as
dji = — Ljen; dij 8O that Zjl\il a;j = 0, making (A3) equivalent to a standard diffusive term
¢ Yjen; a;T (xj — x;) [278,279].

Figure A1. Example follower communication digraph used for pinned leader—follower synchronisa-
tion (pinning is encoded by p; € {0,1}).
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For leader—follower synchronisation (pinning control), a typical local pinning law is
ui(t) = —cky pi T (xi(t) — x0(t)), i=1,...,N, (A4)

where k, > 0 is a pinning gain. The objective is leader—follower consensus, i.e., x;(t) —
xo(t) as t — oo for all followers using only neighbour information (via djj) plus leader
information available to pinned agents (via p;) [278-285].
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