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Abstract: This paper presents an event-triggered control strategy for vehicle platoons that
use Cooperative Adaptive Cruise Control (CACC). In contrast to classical CACC, which relies
on continuous communication of each vehicle’s control input to its next follower, we propose a
framework in which each vehicle intermittently communicates a longer-horizon prediction of its
control trajectory. A non-standard, predictive flavor of event-triggered control (ETC) results,
in which these more informative predictions are used instead of the usual zero- or first-order-
hold signal reconstruction. Communications are triggered by usual ETC rules, when the error
between the real input trajectory and the predicted one exceeds a design threshold. By exploiting
model-based predictions, we achieve a significantly reduced number of communications, while
guaranteeing individual and string stability through a Lyapunov-based analysis. Numerical
simulations with instantaneous and sustained perturbations on a seven-vehicle platoon illustrate

the effectiveness of the proposed framework.
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1. INTRODUCTION

The increasing prevalence of connected and automated
vehicles (CAVs) allows improving traffic efficiency, road
safety, and energy consumption. Among the most promis-
ing strategies is vehicle platooning, where a group of ve-
hicles travel in a tight formation with coordinated accel-
eration and braking. Platooning not only reduces inter-
vehicle spacing, increasing road throughput, but also min-
imizes aerodynamic drag, leading to substantial fuel sav-
ings (Shladover, 2018]). However, the safe and efficient
operation of platoons critically depends on accurate co-
ordination among vehicles, which is inherently linked to
both control design and inter-vehicle communication.

Cooperative Adaptive Cruise Control (CACC) became a
standard strategy for platooning. In addition to onboard
sensors, CACC uses a communication network to share
control information across multiple vehicles in the platoon
(Swaroop, 1997} |Ploeg et al.l [2013). This cooperative as-
pect allows each vehicle to anticipate the actions of its
predecessors, improving string stability, damping propa-
gation of disturbances, and enabling smaller inter-vehicle
gaps. Crucially, this cooperation relies on a communica-
tion network, typically based on Vehicle-to-Vehicle (V2V)
links (Giambene et al [2020), although other architectures
such as cellular vehicle-to-everything or hybrid schemes are
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also possible (Trabelsi et al., [2024)). Continuous exchange
of control signals ensures quiet responses, but can over-
whelm network bandwidth and increase latency, particu-
larly in large platoons or congested traffic scenarios (Nar-
dini et al., [2018).

To address these challenges, Event-Triggered Control
(ETC) has emerged. Unlike traditional time-triggered con-
trol, where information is transmitted periodically, ETC
only sends updates when a certain event or condition is
violated, reducing network load while preserving stabil-
ity (Tabuada,[2007)). The use of ETC in CACC allows more
feasible usage of the communication network within the
platoon. In this context, we focus on the problem of reduc-
ing communication in vehicle-to-vehicle-controlled vehicle
platoons under CACC while ensuring both individual and
string stability.

Unlike standard ETC results, we propose a strategy based
on the communication of predicted control inputs for pla-
tooning. Each vehicle predicts its future input using a
nominal model of its internal dynamics. This predicted in-
put is then transmitted, and the follower receives updates
only when the actual signal significantly deviates from the
predicted one. This approach offers several advantages:

e a reduction in communication load, as transmissions
occur only when deviations from the model are ob-
served (Jang and Kim)| 2024);

e improved transient tracking due to the reconstruc-
tion of a continuous and dynamically consistent sig-
nal (Razzaghpour et al.; |2023);



e compatibility with individual and string stability
guaranties obtained via LMI-based Lyapunov meth-
ods.

To the best of our knowledge, this approach introduces
several novelties compared to the existing literature on
CACC. It combines internal vehicle modeling and dynamic
prediction of the control signal with event-triggered com-
munication, while most previous works rely on Zero- or
First-Order-Hold reconstruction (He et al., 2018) or, more
recently, reinforcement learning methods (Dang et al.
2024). While predictive ETC has been used in networked
control systems (Varutti et al.l [2009) where only indi-
vidual system stability is of interest, it has not been
implemented and theoretically analyzed for platooning,
where the main difficulty is string stability. Our method
provides a theoretical framework to ensure individual and
string stability in the presence of disturbances and limited
transmissions, while ensuring a practical implementation
that avoids Zeno phenomena. Note that while the number
of transmissions is expected to decrease significantly, each
communication packet with the predicted trajectory will
be larger than the classical packet that contains only
the current control input. However, in the IEEE 802.11p
standard for vehicle-to-vehicle communications, packets
of up to 500 bytes are allowed, which by using efficient
compression allows interesting predicted signals to be com-
municated, while reducing packet collisions due to the
fewer transmissions (Toker et al., 2018).

The paper is organized as follows Section [2| describes
the platoon model used. Section [3| presents the stabil-
ity analysis for coupled systems under ETC, as well as
the conditions for both stabilities. Section [ details the
construction of the predicted signal. Section [5 illustrates
the performance of the proposed method through numer-
ical simulations on a vehicle platoon subject to different
scenarios. Finally, Section [6] summarizes the contributions
and suggests directions for future work.

2. FRAMEWORK
2.1 Setup and Dynamics

We consider a platoon composed of N homogeneous ve-
hicles indexed by ¢ € {1,..., N}, which follow a leading
vehicle indexed by ¢ = 0. The goal of each vehicle 7 is to
follow its predecessor ¢ — 1 while maintaining a safe inter-
vehicle distance defined by a constant time-gap policy.
More precisely, the desired inter-distance at time t € RT
is given by

dr; (t) = r + hv;(t), (1)
where r is the minimum safety margin, A > 0 the desired
time-gap, and v;(t) the velocity of vehicle ¢ at time ¢.

The vehicle spacing error ¢ is defined as

ei(t) = qi-1(t) — qi(t) — hvi(t) —r — L, (2)
where ¢;(t) denotes the position of vehicle i and L is
the common vehicle length. Each vehicle is modeled as
a third-order dynamical system with input filtering, ac-

cording to Dolk et al.| (2017)). Specifically, the longitudinal
dynamics of vehicle ¢ > 1 are described by

éi(t) = vi—1(t) — v (t) — ha;(t), (3a)

0= ai(f)’ 1 3b

T @) = —=ai() + —ui(t), (30)
1

U;(t) = *Eui(t) + %Xz‘(t)a (3¢)

where a;(t) is the acceleration, u;(t) the desired accel-
eration, x;(t) the control input, and 7 > 0 the inertia
constant, common for all vehicles.

Equation (3a) follows directly by differentiating . The
filter dynamics (3c) implement a pre-compensation of the
time-gap policy with transfer function H(s) = hs + 1,
whose inverse cancels the delay induced by h in the control
loop . This choice decouples closed-loop stability from the
specific value of h, providing design flexibility (Ploeg et al.,
2013)).

The leading vehicle ¢ = 0 is described by
{ ’Uo(t) = aogt), 1
V- .
t) = ——ao(t) + —uol(t
ao(t) Tao( )+ TUO( ),

with ug(t) being an exogenous input. The first follower
error e;(t) therefore captures the deviation of vehicle 1
from its reference distance with respect to the leader.

(4)

2.2 Control Input and Stability Requirements

We briefly recall that in the CACC scheme, the control
input x;(t) of vehicle ¢ combines two contributions: (i)
a feedback term based on local sensors that provide
vehicle speed and acceleration measurements, and (ii)
a feedforward term based on the predecessor’s desired
acceleration w;_1(t). Formally, we write:

where £y, kq > 0 are controller gains and @;_1(t) denotes
the estimate of the predecessor’s demanded acceleration.
The latter is transmitted via a communication network
from the previous vehicle.

The platoon must satisfy two key stability properties:

e Individual stability: in the absence of input from
the predecessor (x;—1(t) = 0), each vehicle’s spac-
ing error e;(t) must converge asymptotically to zero.
This property ensures that, if the leader maintains a
constant velocity, all following vehicles will asymptot-
ically reach their desired equilibrium velocities.

e String stability: when the leader is subject to a
bounded change in the input ug(t) (due e.g. to un-
foreseen incidents on the road), the resulting pertur-
bations must not amplify along the vehicle string.
From |Feng et al. (2019)), this can be expressed as an
Lo-gain condition between consecutive control signals

IXille < AlIxi-1llL,,  with y <1, Vi>1.
This property ensures that velocity fluctuations are
attenuated throughout the platoon, thereby prevent-
ing oscillations (i.e. phantom traffic jams), collisions,
or large spacing errors.

2.8 Fvent-Triggered Communication

In conventional control systems, information between sub-
systems or agents is typically exchanged at fixed sampling



intervals, leading to periodic communication regardless of
the system state. In contrast, event-triggered communi-
cation transmits information based on the system state
or the control error. In vehicle platoons, it allows a ve-
hicle to send its control signals to followers only when
needed, i.e. when a certain threshold on the error signal
€y,i—1 = Uj—1 —U;—1 is exceeded, ensuring safe spacing and
efficient communication.

Two cases of triggering rule will be addressed in the theo-
retical analysis of Section [3] First, we study a proportional
triggering condition of the form

lewi—1 (D] < o llzi(®)]l; (6)

where o > 0 is chosen to guarantee stability and string
stability via Theorem

Then, a constant-threshold triggering rule is studied via
Theorem

lewi-1(®)]l <&, (7)
where £ > 0 is a small positive constant. This modification
prevents asymptotic stability but reduces communications
due to very small state norms (avoiding a Zeno-like be-
havior) while still ensuring good system performance. The
parameter e thus introduces a practical margin, allowing
the system to operate efficiently under realistic network
constraints.

Other event-triggering strategies can also be consid-
ered. For instance, a mixed threshold |le, i—1(f)|]|] <
max(g, o||z;(t)||) combines a constant bound with a state-
dependent term, reducing communication when the state
is small while preserving performance for larger deviations.
More sophisticated dynamic triggering laws can adapt the
threshold online based on system states, error evolution,
or network conditions, potentially improving the trade-
off between communication load and control accuracy.
The purpose of this paper is to present and validate the
concept of predictive ETC, therefore only proportional and
constant trigger rules will be discussed. Further research
is needed to adapt other rules.

Our method departs from classical ZOH ETC approaches,
where the transmitted signal is typically held constant
between two transmission instants (i.e., 4;—1(¢t) = 0 for
t € [tk,tr+1)). At each triggering instant tg, we transmit
not only the current value u;_1(t), but also additional
information that allows vehicle ¢ to reconstruct the antic-
ipated evolution of its predecessor’s control input. Specif-
ically, the signal 4;_1(t) evolves according to

i (t) = fioa(t—th), € [t tryn), (8)
where f;_; is a prediction function of vehicle ¢ — 1. Its
construction is detailed in Section [4] of this paper.

This time-varying reconstruction is the key novel aspect
of our approach. Compared to standard ZOH-based ETC,
it provides two main advantages:

e It reduces the mismatch between u;_1(¢) and @;_1(t),
improving control performance even with sparse
transmissions.

e It can compensate for network imperfections such as
delays, sampling effects, and noise, since the trans-
mitted prediction aligns with the expected value at
the time of reception rather than the time of trans-

mission. However, this aspect will not be addressed
in this paper.

This new ETC perspective requires revisiting both the
individual stability and the string stability requirements,
since the additional dynamics of %;_; must now be in-
cluded in the closed-loop system; we perform this latter
step next, followed by stability analysis in Section

2.4 State-space Representation

For analysis purposes, it is convenient to rewrite the
differential equations f in a state-space form. To this
end, the state vector for vehicle i’'s model must capture the
dynamics of both vehicles i and ¢ — 1.

Specifically, for each follower i > 1, we define the state as

€ RS, (9)

The components of x;(t) include: (i) the relative velocity
between vehicle ¢ — 1 and 4, (ii)—(iii) the acceleration and
demanded acceleration of the predecessor ¢ — 1, (iv) the
spacing error of vehicle i, (v)—(vi) the acceleration and
demanded acceleration of vehicle 4.

With this construction, the closed-loop dynamics for vehi-
cle i can be expressed as
() = Ax;(t) + Bxi—1(t) + Eeyi—1(t)
buic1(t) = Bai(t) — £xi—1(t) + fica(t — ti),
Xi(t) = Cxi(t) + ew,i-1(t)

(10)

with
0 1 0 0 —1 07
11
0 -~ = 0 0 0
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C=1kqa 01k, —hkq 0], E:{OOOOOh] .

It is important to note that, in this formulation, e, ;1
evolves under the exogenous excitation f;_;. As a result,
€4,5—1 cannot be expressed as a linear combination of state
components in x;. In the absence of the exogenous term
(i.e., under the classical ZOH assumption where @;_; = 0),
the signal e, ;1 could be incorporated directly into the
state vector, leading to a standard formulation

BE(1) = A" (1) + B*Xia (1) )
xi(t) = C*zi ()
where 7 = (xi,eu’i,l)—r € R” and A* € R™7, B* ¢

R7™*1 C* € RY¥7 are the state, input and output matrices
of the augmented version of system .



For such linear time-invariant systems, both individual
stability and string stability have been studied in the
literature. Individual asymptotic stability can be verified
by ensuring that the state matrix is Hurwitz—either via
eigenvalue analysis or by finding a positive definite matrix
P such that A*T P+PA* < 0. String stability, in turn, can
be certified through H., or small-gain arguments, typically
expressed as an LMI condition. For example, according
to [Dolk et al.| (2017)), string stability holds if there exists
P > 0 such that

A*TP+PA*+C*TC* PB*

(PBY)T | <O

(12)
In addition to this Lyapunov-based formulation, frequency-
domain approaches have been proposed to analyze string
stability in vehicle platoons. These methods rely on trans-
fer function representations of the inter-vehicle dynamics
and evaluate conditions on the magnitude of the spacing
error transfer ratio, such as |F;(jw)/E;—1(jw)| < 1 for all
frequencies (Chuang et al., 2013)). Other approaches in-
clude passivity-based and input—output stability analysis,
which offer complementary perspectives on robustness and
performance (Wang and Gu, [2025)).

However, in our model with input prediction as in
, due to the time-varying reconstruction introduced by
fi—1, a tailored stability analysis is required to capture the
coupled effect between the predicted input and the vehicle
dynamics. We provide such an analysis, in the following
section for proportional and constant triggering rules.

3. STABILITY ANALYSIS

Before analyzing the effect of event-triggered communica-
tion and inter-vehicle coupling on individual and string
stability, we must verify the individual stability of the
autonomous subsystem
ii = AIi,

which corresponds to the internal closed-loop dynamics of
coupled vehicles in the absence of external inputs x;—1 =0
and communication errors e, ;-1 = 0. The matrix A
contains the internal interactions between spacing error,
velocity, acceleration, and filtered control states. As pre-
viously stated, proving that A is Hurwitz guarantees that
the local feedback design provides asymptotic stability of
the origin for the system. Conditions on the controller’s
gains k, and kq ensure this. In practice, it is sufficient to
have kg > 7k, (Ploeg et al.,2014)).

3.1 Stability analysis under proportional ETC

We first study system under the proportional trig-
gering rule @ The following theorem establishes the
individual and string stability under ETC, after which we
provide a design procedure.

Theorem 1. (Individual and string stability under propor-
tional predictive ETC). For system , assume that there
exist P=P" >=0,~v>0,n >0, and o > 0 such that the
following LMI holds:

ATP+ PA+CTC+£1 + %)021 PE+CT PB
(PE+CT) 1 0

(PB)" 0 —2I

(13)

< 0.

Then, under the triggering rule ||e, ;—1(t)|| < oz (t)]|, the

following properties hold:

(1) (Individual stability) If x;—1 = 0, the origin z =0
is globally asymptotically stable.

(2) (String stability) For nonzero x;_1, the system is
Lo string stable with gain v, i.e.

Ixillzs < AlIxi-allL,- (14)

Proof:  The time derivative of V(x;) = 2, Px; along the
trajectories of the system is

V= xiT(ATP + PA)x; + 2xiTPBXi—1 + inTPEew_l.

Applying Young’s inequality to the cross term involving
Xi—1 yieldS

2xZTPBXZ-,1 < ,Y%x;rPBBTPxi + 72)(;[1)@,1.

Next, we establish a relation between the cross term with
€q,i—1 and the square of x; = C'z; +e,,;—1, which will help
us later. We seek to ensure that

z] (ATP+ PA+ 2 PBB'P);
+ 22 PEey; 1+ X xi <0
which is equivalent to
2] (ATP+PA+C'C+ 5> PBB' P)z;
+ 22] (PE+CM)eyi 1 + e;'—,i_leuvi,l < 0.

Using Young’s inequality with parameter n > 0 gives
2z (PE+C")eyi1 <nz] (PE+CT)(PE+C") Ty
+ %e;r,ifleuifl'
Under the triggering condition |le,i—1]] < ollz;||, one
obtains

;J(ATP +PA+CTC+ LPBBTP
(PE+CTYPE+CT)T+(1 + %)021)%— <0

If LMI is satisfied, the matrix term in parentheses is
strictly negative definite, which implies:

V < —x{ xi + Y21 xi-

(15)

Therefore, in the absence of input (y;—1 = 0), V decreases
strictly, proving asymptotic stability. Otherwise, by in-
tegrating V', the input—output inequality proves string
stability such as (14) with gain ~. This completes the
proof. O

Design Procedure

Theorem (1] provides conditions if 7 and ¢ are known, but
in practice they are unknown, so if we want to construct
the triggering law, we must use a different approach.

Corollary 1. The conditions in Theorem [1| are equivalent
to

ATP+PA+C"C PE+CT PB

S(n) = (PE+C™)T —iI 0 | <0
(PB)T 0 —?I
(16)
and
* [~ Amax(S(n))
o<o*(n) = EEEEY (17)



with Amax(S(n)) the highest eigenvalue of S(n).

In practice, the following procedure can be used to design
an event-triggered control system for a vehicle platoon:

(1) Choose the parameter 7. In practice, any 7 can
be chosen as long as there exists a symmetric matrix
P = 0 such that LMI in Corollary [1] holds.

(2) Define the upper bound ¢*(n). Maximize the trig-
gering threshold o*(n) of Corollary [1| while keeping
the LMI feasible.

(3) Define the proportional triggering law. Imple-
ment the event-triggering condition @, restated be-
low for clarity:

lewi-1 (@Ol <o llz:(®), V.

Any o such as 0 < o < o*(n) ensures that the

sampling error is small enough to ensure the decay

of the Lyapunov function and the desired dissipation

inequality .
Remark 1. The triggering condition is sufficient to guar-
antee that the residual error terms do not compromise the
Lyapunov decrease. A potential concern in event-triggered
implementations is the occurrence of Zeno behavior, i.e.,
infinitely many triggering instants in a finite time inter-
val. In our case, Zeno behavior is excluded under mild
assumptions on the dynamics of z(¢) and the update law
of 4(t). Indeed, the error e, ;—1(t) = G;—1(t) — u;—1(¢)
is reset to zero at each triggering instant, and subse-
quently evolves continuously according to the dynamics of
u;—1(t) and 4;—1(¢). Therefore, immediately after a reset,
lew,i—1(t)] = 0 and the triggering condition is not vio-
lated. Since e, ;—1(t) is continuous between transmissions,
a nonzero time interval is required before the condition is
met again. This precludes Zeno phenomena.

In summary, the proposed triggering mechanism simulta-
neously guarantees:

e asymptotic stability of each vehicle in the absence of
inputs,

e string stability with a prescribed L5 gain bound -,
and

e implementability of the event-triggered law without
Zeno accumulation.

3.2 Stability analysis under constant ETC

Theorem [1| establishes asymptotic stability of the origin
under the proportional triggering law. This proportional
condition enforces a state-dependent bound on the signal
error. However, when |z;|| is small, the bound becomes
very tight, potentially leading to unnecessarily frequent
triggering events. In practice, to alleviate communication
constraints and avoid arbitrarily fast triggering near the
origin, it is common to relax the condition into a constant
bound of the form @, restated below for clarity:

lewi-1(B) <&,
with € > 0 a design parameter.

Next, Theorem [2| provides a practical relaxation of Theo-
rem [I] as a result of replacing the state-dependent bound
with a constant one.

Theorem 2. (Practical Stability under constant-threshold
predictive ETC). For system , assume that there exist

P=P" ~0,v>0andn > 0 such that LMI holds,
ie., S(n) <0.

Let € > 0 denote the constant triggering threshold satis-
tying ||eq,i—1(t)]] < € for all ¢ and define

L 14+1/7
P=\ (S

Then, the following properties hold:
(1) (Individual stability) If x;_1 = 0, the set

(18)

S, = {xl ER™: ||z < ps},

is globally asymptotically stable.
(2) (String stability) For nonzero y;_1, the system is
Lo string stable with gain ~, i.e.

Ixille < YllXi-1llLs-

Proof:  Following the same steps as in the proof of
Theorem |1} to have V < —XIXi + W2XZT_1X1‘—17 we must
ensure that

.Z‘Z-T(ATP +PA+CTC+ LPBBTP 4 y(PE+CT)

- (PE + CT)T)% + (14 £)eq1eui1 < 0.

If the LMI is satisfied, the matrix term in parentheses
is strictly negative definite and compensates for the pos-
itive term induced by the constant triggering condition.
One obtains

)\max(S(n))m:xi +(1+ %)52 < 0.

This is true for all ||z;|| > pe, which guarantees asymptotic
convergence of x;(t) toward S, when x;_; = 0 and string
stability otherwise. |

The coefficient p determined by quantifies the sys-
tem’s sensitivity to communication errors and depends
solely on the internal dynamics through S(n). As for
the parameter ¢, it defines the triggering threshold for
communication, and therefore determines how accurately
the reconstructed signal ;1 (t) follows the actual signal
ui,l(t).

e Small e: triggers occur more frequently, leading
to higher communication rates but better tracking
performance and smaller steady-state errors.

e Large e: reduces the number of transmissions and
alleviates network load, but increases the approxima-
tion error and enlarges the steady-state region around
the origin.

As a result, the volume of the set S, captures the trade-
off between communication efficiency and control perfor-
mance. For a given threshold ¢, a smaller p yields a tighter
invariant set and thus better tracking accuracy.

The control design objective is therefore twofold:

(1) Choose ¢ as small as possible to ensure good perfor-
mance while keeping the communication rate within
acceptable limits.

(2) Minimize p over n > 0 and S(n) < 0 to reduce the
size of S, and enhance robustness to communication
imperfections.



4. CONSTRUCTION OF THE PREDICTED INPUT

Here, we take the perspective of the vehicle sending the
profile, to which we refer by index 7 for the remainder. The
function f; introduced in defines the evolution of the
predicted control signal ;(t) between two transmission in-
stants of the vehicle. Its construction determines how well
the next vehicle i + 1 can approximate control input u;(t)
in the absence of communication. Although the stability
guarantees established in Section [3] hold for any bounded
choice of f;, its design strongly influences the commu-
nication rate and transient performance. Under nominal
operation, e, ;(t) ~ 0, and communication remains silent.
When a deviation occurs (e.g., emergency braking due to
a pedestrian crossing), the mismatch increases until the
trigger rule is violated, which triggers a new prediction to
transmit. A more accurate prediction delays the triggering
condition and thus reduces the number of transmissions,
while a poor prediction accelerates it, potentially leading
to a communication cascade along the platoon.

4.1 From Classical Hold Strategies to Predictive Profiles

In the literature, two main hold strategies are commonly
used for event-triggered or sampled-data systems:

e Zero-Order Hold (ZOH): the transmitted control

value is kept constant between updates, i.e., ﬂl(t) =0.
This approach performs well in steady-state condi-
tions but poorly during transients, since no informa-
tion about the input evolution is preserved.

e First-Order Hold (FOH): the derivative at the
transmission instant ¢, is also transmitted, resulting
in a linear evolution 4;(t) = 4;(tg). This method
improves transient tracking but still neglects the
nonlinear behavior of the vehicle over time.

Both methods can be viewed as particular cases of (8| with
specific forms of f;(t — tx). They are simple to implement
but limited in their ability to capture realistic control
variations or disturbances.

4.2 Model-based Predictive Construction

In the proposed predictive event-triggered framework, the
evolution of ;(t) between two transmission instants is not
assumed constant or linear, but rather derived from the
internal dynamics of the vehicle. To this end, vehicle i
uses its own model and control law to simulate its nominal
behavior over a future time window. As long as the real
trajectory of wu;(t) follows its nominal model, no further
communication is required, and the next vehicle ¢ + 1 can
simply keep using the transmitted prediction of u;(t).

Nominal closed-loop dynamics. Under ideal conditions
where e,;(t) = 0, the internal dynamic of vehicle ¢ is
governed by the same differential equations as in but
with the difference that vehicle i uses the profile @; 1
received from its previous vehicle ¢ —1 instead of the actual
input u;_1. We can consequently define an internal sub-
state &; = (vi—1 — vy, a1, €5, Q;, ui)—r local to each vehicle
and subject to the system

Z;(t) = Az;(t) + Bu;—1(1), (19)

i(t) =ui(t) =[0 00 0 1] 2;(t),

where
001 0 -1 07
0 -0 0 0
.
X _ R 1
A—|1 0 0 fll (f , B:[OOO}
00 0 — - T h
ka o kL
Lh ho TR

This nominal system captures the deterministic evolution
of vehicle i in the absence of communication errors or
disturbances. It used to predict the future control signal
1; to be passed on to the next vehicle 7 + 1.

Computation of the predictive profile. At each transmis-
sion instant t, vehicle i integrates forward in time
using the current state Z;(t;) and the last received profile
@;—1(t) from its own predecessor:

t
f?i(t) = €A(t_tk)i’i<tk) + / BA(t_T)B ai,l(r) dT7 (20)
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t € [tx, tx + Tp], where T}, denotes the prediction horizon.
The first term represents free evolution of the vehicle’s
internal state, and the second term accounts for the
influence of the last received profile @;_1(t). From this
trajectory, the control output is recovered as

a;(t) = [0 000 1]&;(t).

Transmission of the predicted input. The temporal evo-
lution of @;(t) defines the prediction function f; in (8). By
differentiating the expression above, one obtains

filt —tx) =10;(t) = [0 0 0 0 1] 24(¢t)
—[00001] (Ai:i(t) n Bﬂi_l(t)) .

Hence, f; encodes the instantaneous rate of change of the
predicted input according to the nominal vehicle dynam-
ics. In principle, transmitting f; as a continuous function
to the next vehicle would allow perfect reconstruction of
the control evolution. However, in practical V2V networks,
such continuous communication is infeasible. The trans-
mission medium is governed by the IEEE 802.11p standard
for dedicated short-range communications, which enables
low-latency exchanges in the 5.9 GHz band but is limited
by strict payload and rate constraints. Typical V2V packets
carry a few hundred bytes and are broadcast at frequencies
of 10-100 Hz.

(21)

To meet these practical constraints, our approach can
be modified to transmit only a lightweight representation
of f; instead of its full continuous evolution (note that
in our simulations below, we do not do this). At each
triggering instant ¢y, vehicle ¢ samples and encodes f; over
its prediction horizon T}, into a small set of representative
values (e.g., curvature indicators or key samples). This
compact message typically fits within IEEE 802.11p limits.
Upon reception of this packet, the next vehicle ¢ + 1 can
reconstruct an approximate trajectory of @;(t).

4.8 Practical Advantages

Our construction differs fundamentally from classical ZOH
or FOH schemes. As shown in Figure [1} instead of main-
taining a constant (red) or linearly varying (blue) input,
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Fig. 1. Comparison of prediction strategies for 4;(t). ZOH
and FOH strategies typically trigger transmissions

much sooner (at times tZ97 ¢FOH in this example)

than the predictive input profile (at time tif‘f)

the prediction propagates a dynamically consistent trajec-
tory (green). As a result:

e 1;(t) preserves the nominal dynamic behavior of the
predecessor under normal conditions;

e communication is required only when perturbations
(e.g., emergency braking, actuator faults) cause devi-
ations from the predicted profile;

e the derivative f; naturally remains bounded and
smooth, satisfying the stability conditions of Sec-
tion [3

4.4 Alternative Prediction Strategies

Although this work focuses on model-based prediction,
other formulations of f; could also be considered within
the same framework, such as: 1) polynomial or spline
extrapolations fitted on past control data rather than fu-
ture control data from a nominal model; 2) learning-based
predictors using local data to forecast driver or actuator
behavior. These alternatives could further enhance pre-
diction quality and robustness under uncertainty, offering
promising directions for future research.

5. SIMULATION RESULTS

To validate the proposed prediction-based ETC frame-
work, numerical simulations are performed on a platoon
composed of one leader (i = 0) and N = 6 follower
vehicles. Each vehicle follows the dynamics with an
actuator time constant 7 = 0.1 s. The controller gains k,, =
2 and kg = 1 are selected to ensure both individual and
string stability under ideal (continuous) communication.
The leader follows a reference trajectory that accelerates
the platoon from rest to a cruising speed of 120 km/h but
which will be subject to two types of disturbance:

e An instantaneous perturbation, representing an
unexpected obstacle detected by the leader’s sensors.
This results in a controlled braking maneuver mod-
eled as a smooth velocity bump over the interval
[18,22]s. Note that once the obstacle is detected, the
previous leader input prediction becomes invalid, but
a new predicted signal becomes available, generated
e.g. by a model-predictive controller planning a long-
horizon reaction to the perturbation. This new predic-
tion can be directly exploited by our framework after
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Fig. 2. Velocity trajectories of all vehicles under the
predictive ETC.

in principle a single communication event, unlike in
ZOH or FOH methods.

An sustained, unknown perturbation, modeled
as Avg(t) = 2sin(t) km/h, a low-amplitude sinu-
soidal disturbance on the leader’s velocity, represent-
ing driver oscillations or small road-grade variations.
In contrast to the instantaneous perturbation above,
this signal is never predictable.

The event-triggered mechanism is implemented using the
constant triggering rule |le, ;—1(t)|| < &, with € = 0.2 cho-
sen to guarantee practical stability (see Section[3.2)). Min-
imizing the sensitivity parameter in yields p* ~ 2.76
for n* =~ 4.74. In steady-state conditions, the trajectories
converge asymptotically toward the minimal invariant set

S, = {a:i ER™: ||zi] < 0.55},

which remains well within the minimum safety margin
r between vehicles, thus preserving safe inter-vehicle dis-
tances. The predictive profile is computed using a horizon
T, = 1 s, after which the function f; is extrapolated to
maintain a smooth prediction.

Figure [2| displays the velocity profiles of all seven vehicles.
The platoon accelerates smoothly to 120 km/h before the
perturbation. When the braking of the leader occurs, the
disturbance propagates downstream with clear attenua-
tion—demonstrating that the predictive ETC preserves
both individual stability and string stability. The small
oscillations induced by the sinusoidal disturbance remain
bounded and do not amplify along the platoon.

The leader’s control input ug and its predicted version
1y are shown in Figure [3| The inset highlights that com-
munication events occur whenever the prediction error
€yu,0 = Uy — Uo exceeds € = 0.2. As observed, @y follows
ug throughout most of the trajectory. The known distur-
bance is well anticipated by follower, and communication
events occur mainly when unknown disturbances cause
model-signal deviation (or when the prediction horizon
T, is exceeded).

Table [ summarizes the number of communication re-
ceived by each vehicle. Compared to the ZOH approach,
the predictive strategy significantly reduces the number
of transmissions—by nearly an order of magnitude for all
vehicles. For instance, vehicle 1 received only 62 times
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instead of 514, while the sixth follower received 24 instead
of 91 messages.

Table 1. Number of communication received
per vehicle.

Vehicle | ZOH  Prediction-based
1 514 62
2 258 47
3 169 38
4 127 30
5 107 25
6 91 24

6. CONCLUSION

This paper presented a predictive event-triggered commu-
nication scheme for vehicle platoons, where each follower
anticipates its predecessor’s control input using a model-
based prediction. Unlike conventional Zero- or First-Order
Hold-based methods, this approach maintains individual
and string stability while drastically reducing communica-
tion needs, since transmissions occur only when real per-
turbations deviate from the predicted nominal dynamics.
Numerical simulations with a seven-vehicle platoon illus-
trate practical stability and show a significant reduction
in communication events without degrading performance.
Future work will address adaptive tuning of the prediction
horizon and robustness to delays and model uncertainties.
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