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Abstract— This paper introduces a novel approach for con-
trolling heterogeneous vehicle platoons with connected au-
tonomous vehicles using digital controllers and macroscopic
information sharing. The proposed method achieves practical
and disturbance string stability despite asynchronous mea-
surements, quantization effects, and redundant information
exchange, while offering improved robustness against uncer-
tainties and noise. Simulations illustrate the performances of
the proposed controller.

Index Terms— Traffic control; Sampled-data control; Au-
tonomous vehicles; String stability; Quantization; Mesoscopic
controller; Micro-macro traffic control systems.

I. INTRODUCTION

Today, the rapid development of intelligent infrastructure
and vehicles has led to the emergence of advanced control
paradigms, aimed at enhancing efficiency and safety [1]–
[3]. In this context, the increasing deployment of connected
autonomous vehicles (CAVs) equipped with cooperative
adaptive cruise controllers (CACC), which are crucial for
achieving these objectives, comes with the drawback of
added complexity. To address this issue, many existing
approaches focus on ensuring String Stability (SS) and
Disturbance String Stability (DSS)—the ability of a platoon
of vehicles to attenuate motion perturbations while maintain-
ing desired intervehicular distances [4], [5]. Communication
plays a pivotal role in achieving these properties, especially
in connected vehicle systems.

Recent studies in the literature (see [4]–[6]) have investi-
gated the possibility of ensuring SS through macroscopic in-
formation sharing enabled by vehicle-to-infrastructure (V2I)
communication. Specifically, it has been demonstrated that
SS can be enforced using mesoscopic controllers, which
combine microscopic measurements with aggregated macro-
scopic data collected across the platoon. The type of infor-
mation leveraged is also critical: besides the conventional

Project co-funded by the European Union – Next Generation Eu - under
the National Recovery and Resilience Plan (NRRP), Mission 4 Component
1 Investment 4.1 - Decree No. 118 (2nd March 2023) of Italian Ministry of
University and Research - Concession Decree No. 2333 (22nd December
2023) of the Italian Ministry of University and Research, Project code
D93C23000450005, within the Italian National Program PhD Programme
in Autonomous Systems (DAuSy).

*This work was not supported by any organization
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leader-follower model used in prior works [5], decentralized
Multiple Predecessor Following (MPF) models [7] offer
promising alternatives that maintain satisfactory performance
while enhancing decentralization. Most existing approaches
(see [8]–[10]) use a tailored macroscopic function, calculated
from the lead to the tailing vehicle. In this work, following
[7], [11], [12], we adopt the MPF model, where information
exchange occurs only among small vehicle clusters, not the
entire platoon. As a result, the informative content is reduced
compared to the tailored macroscopic approach, potentially
affecting the SS property.

Digital controllers have also been shown to address chal-
lenges associated with finite precision and potential data
losses in digital systems [13], [14]. To mitigate these limita-
tions, sampled-data approaches and quantization techniques
have been introduced. On one hand, sampling signals and
maintaining piecewise constant control over the sampling
period may impact system properties, particularly when
sampling periods are large [15], [16]. On the other hand,
quantization—building on prior work in [5]—can potentially
compromise global stability results, necessitating practical
definitions [17]. Furthermore, as highlighted in [18], asyn-
chronous sampling rates between platoon measurements and
macroscopic information can influence desired system prop-
erties.

This work aims to advance these directions by consider-
ing a platoon of heterogeneous vehicles with asynchronous
measurements and disturbances under a digital controller
while adopting the MPF sharing paradigm for macroscopic
information. Within this framework, we introduce a class of
local macroscopic functions designed to enhance robustness
against uncertainties and noise compared to previous ap-
proaches [5]. Specifically, each vehicle receives information
related to macroscopic quantities associated with a subset of
preceding vehicles. This information is modeled as a function
of macroscopic data and supports various scenarios, such
as Laplacian-based coupling over a one-to-one structured
graph where exchanged information is affected by noise.
As a direct result of consensus-based interconnections, this
structure ensures string stability while providing intrinsic
robustness against uncertainties such as external noise or
quantization.

In this context, we define such exchanged information as
redundant since each vehicle possesses data from both its
immediate neighbors and tailing vehicles, albeit in partially
degraded form. Finally, all measured quantities are subject
to quantization. Rather than focusing on specific quantizers,
we consider a general class to ensure broad applicabil-
ity across scenarios. The proposed controller is based on
a constant spacing policy and enforces disturbance string



stability (DSS) and practical string stability (pSS), despite
communication non-idealities and redundant or uncertain
information caused by quantization. The design employs a
simple feedback mechanism with tunable degrees of freedom
that enforce DSS and pSS by ensuring a suitably defined gain
remains strictly smaller than one.

The rest of the paper is organized as follows. Section II
provides the considered models and hypotheses, as well as
the problem statement. Section III introduces the main result
with respect to the aforementioned spacing policy. Section
IV shows the effectiveness of the proposed sampled-data
quantized solution in simulations, while Section V outlines
concluding remarks.

NOTATIONS AND INSTRUMENTAL DEFINITIONS

C, N and R denote the set of complex, natural and
real numbers including 0 respectively. R+ denotes the set
of positive real numbers. I and 0 denote respectively the
identity and zero matrices of suitable dimensions. Given a
matrix A ∈ Rn×n, σ(A) ⊂ C is its spectrum. For a complex
number λ ∈ C, Re(λ) represents its real part. A is said to
be Schur if its spectrum is included in the open unit circle
of the complex plane (i.e., all its eigenvalues are with norm
strictly less than 1 and none is at the origin). |·| ∈ R denotes,
depending on the argument, ether the cardinality of a set S,
the absolute value of a complex number λ ∈ C or the norm
of a matrix. Given a continuous-time signal w : R+ 7→ R
we define ∥w∥[0,t̄] = supt∈[0,t̄] |w(t)|. Accordingly, for a
discrete time signal wd : N 7→ R we define ∥wd∥[0,k̄] =
supk∈[0,k̄] |wd(k)|. 1N = col {1, · · · , 1} ∈ RN is the vector
with all entries being one. By quantizer we mean a piecewise
constant function q : R 7→ Ql, where Ql is a finite subset of
R. Any quantizer is characterized by the parameters M,µ,
respectively the range and the quantization error, such that
the following properties hold: if |x| ≤M ⇒ |q(x)−x| ≤ µ,
if |x| > M ⇒ |q(x)| > M − µ. In the following, for the
sake of compactness, we will denote the shorthand notation
q(x) = xq .

II. MODELING AND PROBLEM FORMULATION

A. Microscopic modeling
Let IN0 be the set of N vehicles composing a platoon.

Each vehicle is described by its longitudinal position, pi ∈
R+, and its longitudinal speed, 0 ≤ vi ≤ vmax, vmax ∈ R+,
∀ i ∈ IN0 . Then, we define the state of the i−th vehicle as
xi = [ pi vi ]

⊤. Without loss of generality, we can consider
simplified models, similar to what seen in [19]–[21]. The
corresponding dynamical system, representing the platoon,
is obtained [19], [20], [22], [23]:

ẋi = col {ṗi, v̇i} = col
{
vi, ui + d̃i

}
, i ∈ IN0 , (1)

where: |ui| ≤ umax, umax ∈ R+, is the control input of
the i−th vehicle, corresponding to the acceleration. In order
to describe inter-vehicular interactions, we adopt the leader-
follower model (see [24]). For the derived model to include
vehicle i = 0, we consider the presence of a virtual leader,
i = −1, that precedes the entire platoon, with dynamical
model

ẋ−1 = col {ṗ−1, v̇−1} = col
{
v−1, u−1 + d̃−1

}
(2)

Fig. 1: The reference framework. The curly brackets repre-
sent the information flow propagation.

where u−1 = d̃−1 ≡ 0 . Then, the state of each car-following
situation between vehicle i− 1 and i is defined as

χi = col {∆pi,∆vi} = col {pi − pi−1, vi − vi−1} (3)

Considering a disturbance zi ∈ R acting on the dynamics,
the resulting microscopic dynamical model of the i−th car-
following pair is

χ̇i = Aχi +B (ui − ui−1 + zi) , i ∈ IN0 (4)

and
A =

[
0 1
0 0

]
, B =

[
0
1

]
. (5)

The disturbance zi endows errors in the modeling, pow-
ertrain dynamics, unexact acceleration cancellations, and
predecessor-following interactions, as its structure will be
pointed out next. To define the equilibrium point of the
platoon, we assume that the virtual leader moves at a constant
speed with no disturbance acting over. Thus, the virtual
vehicle’s speed can be considered as the reference speed of
i = 0. We adopt a generic spacing policy, denoted ∆pri (tk),
to be specified later. Then, the equilibrium point for the ith
system corresponds to the case where all the vehicles have a
distance related to the specific spacing policy adopted, and
with same speed, i.e.,

χe,i = χ̄ := col {∆pri , 0} , for all i ∈ IN0 . (6)

From the platoon point of view, we define the lumped state
and the lumped equilibrium for ui−1 = 0 respectively as

χ = col {χ0, · · ·χN} , χe = 1N ⊗ χ̄. (7)

B. Macroscopic modeling
We now leverage the influence on each vehicle j ∈ IN0

from both its immediate predecessor and collective platoon
interactions, as described in [25, p. 353], by considering the
term zj ∈ R2 to describe it. To this goal, we first consider
that each vehicle i ∈ IN0 receives partial information on
the platoon states. More specifically, for all i ∈ IN0 , and
for l ≥ 0, such an information is endowed within the local
macroscopic function

φl,i−1(σi−l−1, . . . , σi−1) : R2 × · · · × R2 7→ R2 (8)

with φl,i−1(0, . . . , 0) = col {0, 0}. Then, we define the
tailored macroscopic function as

σj = ψj(χ0, · · · , χj) : R2 × · · · × R2 → R2 (9)



and satisfying ψi−1(χe,1, χe,2, · · · , χe,i) = col{0, 0}. We
assume both φ(·) and ψ(·) verify, for all i ∈ IN0 , for
cψ, cφ ∈ R+

|φl,i−1(σi−l−1, . . . , σi−1)| ≤ cφ

l∑
j=0

|σi−j−1| (10)

|ψi−1(χ0, · · · , χi−1)| ≤ cψ

i−1∑
j=0

|χj |. (11)

As aforementioned, we embed such macroscopic function
into the disturbance zi, yielding

zi(t) = di(t) + Eφl,i−1(t). (12)

with 0 < |E| ≤ e and known bound e ∈ R+. In doing
so, di encompasses modeling errors, powertrain dynamics,
and imperfect acceleration cancellations, which are incorpo-
rated into the term di(t), as well as predecessor-following
interactions that are captured by the macroscopic function
term φl,i−1(t). Additionally, while still aiming to reflect the
physical dynamics of the ahead vehicles, (8) may suffer from
decentralization and the consequent loss of information, par-
ticularly as the size of the platoon increases and information
about the ego vehicles is lost. In pursuit of realism, although
(8) continuously affects each vehicle’s dynamics over time,
we shall assume that it can be measured for control purposes
only at certain intermittent time instants.

Remark 2.1: φ(·) in (8) is a function of the tailored
macroscopic information ψj(·) in (9) for l ≥ 0 and j ∈
i− l − 1, . . . , i− 1. The particular structure of (8) can be set
in different ways depending on the case at hand, allowing it
to model and capture distinct phenomena. For instance, as
we shall specify later, one can assume that it takes the form
of a Laplacian-based coupling among the directly connected
l vehicles. This choice, inheriting all properties of Laplacian-
based connections [26], will guarantee the desired properties
(in terms of SS) while ensuring intrinsic robustness with
respect to dirty measurements of the tailored macroscopic
information ψi−1(·), as affected in our case by quantization
or, more generally, noise. While the former case is evident
in the scenario we shall introduce, for the latter, let l = 0 for
example. Here, (8) might model the fact that ψi−1(·), acting
on each vehicle i ∈ IN0 , is affected by an external noise νi−1;
namely, it is of the form φ0,i−1(ψi−l−1(χ0, . . . , χi−1)) =
ψi−l−1(χ0, . . . , χi−1 + νi−1).

C. Control Model and Problem Statement
As typical in practice, we assume the input is kept constant

during the so-called sampling period. In this respect, we
associate to each vehicle i ∈ IN0 the microscopic sampling
sequence ∆m = {t0, t1, . . . , tk, . . . } with tk+1 − tk =
Tm, Tm > 0. At this point, the following assumptions are set.

Assumption 1 (Microscopic Sampling): The input ui of
each vehicle i ∈ IN0 is a piecewise constant signal over
the sampling period of length Tm ≥ 0, namely

u(t) = u(tk) for all t ∈ [tk, tk+1) (13)

with tk = kTm and k ∈ N.
Under the above assumption, the continuous-time model
in (4) at all sampling instants tk = kTm is equivalently

described by the corresponding sampled-equivalent model,
i.e.,

χi(tk+1) = Adχi(tk) +Bd(ui(tk)− ui−1(tk))

+ fφl,i−1
(tk) + fdi(tk)

(14)

with

Ad = eATm =

[
1 Tm
0 1

]
,

Bd =
∫ Tm

0
eAsdsB =

[
T 2
m

2
Tm

]
,

fdi(tk) =
∫ Tm

0
eAsBdi(tk+1 − s)ds

fφl,i−1
(tk) =

∫ Tm

0
eAsBEφl,i−1(tk+1 − s)ds.

For control purposes, we now define all measures available
for control purposes.

Assumption 2 (Microscopic Measurements): Each vehicle
i ∈ IN0 measures its corresponding microscopic quantities
(i.e., the state xi, the state xi−1 and the input ui−1 of its
predecessor i − 1 ∈ IN0 ) at all the sampling instants only,
which are then subject to quantization.

Furthermore, the second set of measurements available
for feedback control pertains to the macroscopic perturba-
tion in (8). We specifically assume these perturbations are
measurable by each vehicle only at sparse, intermittent time
instants, which generally occur less frequently than those of
microscopic measurements (Assumption 2).

Assumption 3 (Macroscopic Sampling): Each vehicle i ∈
IN0 receives the macroscopic information function (8) at all
tkM ∈ ∆M {t0M , t1M , · · · , tkM , · · · } ⊆ ∆m with corresponding
sampling period TM := MTm = tkM+1 − tkM for some M ∈
N \ {0}. While being transmitted, such a measure is subject
to quantization.

For all i ∈ IN0 , let tk ∈ ∆m denote the microscopic
sampling instants and tkM ∈ ∆M ⊆ ∆m represent the macro-
scopic sampling instants. Similarly, Tm and TM refer to the
microscopic and macroscopic sampling periods, respectively.

Under these assumptions, the control objective is to design
a mesoscopic digital controller for tracking based on asyn-
chronous measurements. This approach leverages redundant
traffic information while accommodating potential losses of
the desired system properties.

In this context, we aim to ensure practical and disturbance
string stability for the closed-loop platoon, as defined below.1

This objective is motivated by the fact that, in the context
of SS, as shown in [5], quantization destroys it in the absence
of exogenous disturbances. In such cases, only a weaker
property—practical string stability, as defined below—can
be preserved.

Definition 2.1 (Practical String Stability): , For all i ∈
IN0 , system (14) is said to be practically string stable if
there exists ϑµ ≥ 0 such that the following conditions hold:
(i) for all ε > 0 there exists αε > 0 such that for all

N ∈ N, tk ∈ ∆m

max
i∈IN

0

|χi(0)−χe,i| < αε ⇒ max
i∈IN

0

|χi(tk)−χe,i| < ε+ϑµ;

(15)

1For further details on String Stability and Disturbance String Stability,
we refer the interested reader to [2], [19], where these concepts are
introduced and analyzed in depth.



(ii) the trajectories asymptotically approach the set
Bϑµ(χe) =

{
χ ∈ R2 : |χ− χe| ≤ ϑµ

}
, i.e.

lim
tk→∞

|χi(tk)|Bϑµ (χe) = 0. (16)
To cope with the eventual presence of exogenous pertur-
bations, the previous definition can be enforced as follows,
based on the concept introduced in [21]:

Definition 2.2 (Disturbance String Stability): For all i ∈
IN0 , the equilibrium χe,i of (14) is said to be disturbance
string stable if there exist functions βd of class KL, ρd
of class K∞ such that, for any initial condition χi(0) and
disturbance di satisfying

max
i∈IN

0

|χi(0)− χe,i| ≤ δ, max
i∈IN

0

|di(tk)|[0,tk] < δd (17)

the solution χi(t) exists for all t ≥ 0 and satisfies

max
i∈IN

0

|χi(tk)− χe,i| ≤ βd(max
i∈IN

0

|χi(0)− χe,i|, tk)

+ ρd(max
i∈IN

0

|di|[0,tk]) for all N ∈ N.

The main outcome of this work is to simultaneously
ensure DSS in the presence of exogenous perturbations and
pSS with respect to quantization as formally stated below,
according to their definitions, that is, respectiely, Definition
2.2 and Definition 2.1.

Disturbance And Practical String Stability Under Quan-
tization Digital Control Problem (qDSS-DCP). Consider a
platoon of vehicles of the form (4) with zi as in (12), di :
R≥0 → R a bounded disturbance, φl,i−1 : R2 × · · · ×R2 →
R2 satisfying (10). Let Assumptions 1, 2 and 3 hold true and
(14) be the sampled-data model associated to (4). Design a
mesoscopic sampled-data feedback law of the form

ui(tk) =u
q
i−1(tk)−Kdχ

q
i (tk)− ξEφql,i−1(tkM), (18)

where uqi−1(tk) := q(ui−1(tk)), χ
q
i (tk) = q(χi(tk)), Kd ∈

R1×2, ξ ∈ [0, 1). making the equilibrium χe of the closed-
loop platoon qDSS, that is, such that the following holds:
i) DSS with respect to di in the sense of Definition 2.2;
ii) pSS with respect to quantization in the sense of Defini-

tion 2.1. ▲

III. CONTROL DESIGN

The sampled-data microscopic model (14), together with
the controller (18), exhibits the following closed-loop struc-
ture

χi(tk+1) = Fdχi(tk) +Gdφl,i−1(tkM) + wi(tk) + fφl,i−1
(tk)

(19)

with Fd = Ad − BdKd, Gd = −ξBdE and the term wi(tk)
defined as

wi(tk) =fdi(tk) +BdKd (χ
q
i (tk)− χi(tk))

+Gd

(
φql,i−1(tkM)− φl,i−1(tkM)

)
+Bd

(
uqi−1(tk)− ui−1(tk)

)
. (20)

Now we can state the main result, with the proof reported
in Appendix.

Theorem 3.1: The qDSS-DCP is solved by the control
(18) with Kd and ξ verifying the following conditions:

1) the matrix Fd is Schur;
2) for some ξ ∈ [0, 1) and M ∈ N \ {0}, the parameters

γ(α, β, e, ζ) = cβbeTmζ
1−α

(
(1+βαM )
(1−α) + (1 + β)

)
ζ =

T 2
m

2 (2− ξ) + (M − 1)Tm
(21)

verify γ(α, β, e, ζ) ∈ (0, 1) and ζ > 0 with

α = max
λ∈σ(Fd)

|λ|, β = α−1|Fd|, c = cφcψ

b = |Bd| =
Tm
2

√
T 2
m + 4, e = |E|.

Remark 3.1: Theorem 3.1 provides an estimate for the
upper bound of the form (15). The latter in turn depends in
the number of vehicles contributing to the construction of the
local macroscopic information. The relationship leveraged
highlights the fact that the value l does not affect the SS
property, which is related to the parameter γ. As one can
deduce from the proof of the result, the influence of l on SS
is caught by the parameter η in (25) that sinthetizes the effect
of the redundant quantity on each vehicle i. First, it is easily
checked that as l = 0, then (1 + η) = (1− γ)−1, as in [5].
Rather, the more vehicles contributing to the macroscopic
information, the bigger the influence of the line, of length
l, over the vehicle. This reflects the fact that performances
are directly affected by the leveraged information, since the
information of the nearest vehicles acts like a noise on the
ith vehicle. On the contrary, reduced values for the value l
result in better performances, which again is reflected in a
tighter bound.

Remark 3.2: We also remark the fact that, if we assume
l = 0, we have φ0,i−1 = ψi−1(χ0, · · · , χi−1) that is, we
are using the information of the whole platoon for feedback,
we recover the standard tailored macroscopic function. As a
consequence, the results recovers the one seen in [5].

0 20 40 60
18

20

22

Fig. 2: Speed of the leader and tracked reference.

IV. SIMULATIONS

The proposed digital mesoscopic controller is here verified
via numerical simulations in Matlab under realistic settings.
We take into consideration a scenario of N = 9 vehicles
and the leader. The constant desired intervehicular distance
is set at ∆p̄ = 20 m, and the initial desired speed of the
leader is set at 20 m/s. The acceleration of each vehicle is
constrained to be such that |ui| ≤ 5 m/s2. The simulation
time is 60 s. For the sake of robustness, we chose a stronger
quantizer with quantization noise µ = 1, and we also
assume the presence of additive random noise in the tailored
macroscopic function. All the vehicles in the platoon are



Fig. 3: The distance and velocity difference of each vehicle
under the proposed controller with l = 3.
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Fig. 4: The distance and velocity difference of each vehicle
under the proposed controller with l = 0.

initialized with the same initial conditions, i.e., 20 m of
distance and 20 m/s speed, except for the fifth and eight
vehicles which have initial distances equal, respectively, to
22 m and 18 m. Following the considerations drawn in
the previous sections, we construct the macroscopic function
ψi(·) as seen in previous works (see [5], [6]). For modeling
purposes, from now on we assume the local macroscopic
function can be written as a combination of the tailored
macroscopic information and the predecessor’s macroscopic
function as follows:

φl,i−1(σi−l−1, . . . , σi−1) = −
l∑

j=1

(σi−1 − σi−j−1) . (22)
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(a) Zoom of Fig. 3 between t = 30 s and t = 60 s.
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(b) Zoom of Fig. 4 between t = 30 s and t = 60 s.

Fig. 5: Comparison between the zoom of distance and speed
difference under the proposed controller and under standard
tailored macroscopic function.

The function above exhibits a consenus-like structure, as
aforementioned is done to ensure robustness to uncertainties
on ψi. For the considered case, we consider clusters made
of l = 3 vehicles, such that the macroscopic information
gathered for each vehicle entails information of the 3 ve-
hicles ahead only. In the following, the plots for the used
macroscopic functions are provided. The quantity acting
as a disturbance φl,i−1 is represented with the continuous
line, together with the values available at the macroscopic
sampling instants tkM , which are represented by ”◦” in the
same plot.

In the numerical setting, hereafter our aim is not only
to show the achievement of the SS properties, but to set a
discussion regarding the quality of the macroscopic informa-
tion. As highly presented in previous works, as [4]–[6], the
use of macroscopic information is a necessary condition for
SS in case of constant spacing policy and no information
from the platoon’s leader. Nevertheless, such works provide
the use of the so-called tailored macroscopic information,
that is, a macroscopic information computed based on the
information gathered among all the vehicles of the platoon.
Such information is of course as useful as ideal to be
available, thus, following our theoretical investigation, in this
section we prove that SS can be achieved-with outstanding
performances- with the proposed macroscopic information
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(a) Constant macroscopic information computed with respect to
vehicle i = 8.
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(b) MPF macroscopic information functions

Fig. 6: The different macroscopic information functions used.

function. The latter also provides robustness towards uncer-
tainties in ψ. Moreover, we also use a raw macroscopic
function, i.e., computed as in [5] with respect to only the
vehicle i = 8, that is, ψ8(tkM). The outcome of the choice for
the structure of φl,i−1(·) is that the platoon is rendered robust
with respect to potential perturbations on the macroscopic
function ψi, e.g., additive noises of the form ψ̃ = ψ + d, as
well as with respect to quantization.

In the following, a color scale from dark to light blue is
used to represent the pairs of vehicles of the platoon from the
head pair (0, 1) (dark blue) to the tail one (N − 1, N) (light
blue). The leader of the platoon tracks a piecewise constant
reference speed profile vref (t) that is split as follows: for t ∈
[0, 20)s, vref = 20 m/s, for t ∈ [20, 30)s, vref = 22 m/s,
for t ∈ [30, 40)s, vref = 20 m/s, for t ∈ [40, 50)s, vref =
18 m/s, for t ∈ [50, 55]s, vref = 20 m/s. The microscopic
sampling time is chosen as Tm = 0.5 s and the macroscopic
one is TM = 2.5 s, hence, M = 5. This choice, together
with the one of Kd =

[
−0.6183 −1.4181

]
and Rd =

10−3
[
1 1

]
results in γ = 0.01. As far as the exogenous dis-

turbances are concerned, the simulation time is divided into
distinct phases: for t ∈ [0, 10)∪ [15, 20)∪ [25, 40)∪ [50, 60],
no disturbance is acting over, i.e., di(t) ≡ 0 for all i ∈ I10

0 ,
for t ∈ [10, 15)s, a constant disturbance d1(t) = 3 acts on
the first vehicle only, for t ∈ [20, 25)s a constant disturbance
d1(t) = −3 acts on the first vehicle, for t ∈ [40, 50)s
a sinusoidal disturbance is acting on each vehicle of the
platoon.

First of all, we notice the leader achieves perfect tracking
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Fig. 7: Zoom of Fig. 6b t = 30 s and t = 60 s.

of the signal, as noticeable in Fig. 2. The effect of the
proposed controller, as noticeable inspecting Fig. 3 is that
DSS is achieved: while ensuring the desired intervehicular
distance, the disturbances acting do not amplify along the
vehicles. This is enforced when comparing the latter fig-
ure with Fig. 4, in which we see the effect of the noisy
macroscopic function, especially after t = 10 s. Indeed, the
achievement of DSS is straightforward when inspecting the
time instants at which the disturbances start or finish to take
place (e.g., t = 10 s, t = 20 s, t = 30 s, t = 40 s, t = 50 s),
since the arising perturbations tend to attenuate. As a second
comment, note that in the case with l = 0, that is depicted in
Fig. 4, also the macroscopic quantity acting as disturbance
φl,i−1(t) is attenuated. This is noticeable in the simulation,
where the platoon undergoes smaller disturbances. On the
other hand, in Fig. 3, the higher value for l implies a scenario
in which the disturbances acting are way larger. Regardless,
the proposed controller is still able to ensure DSS.

The remarkable effect of the combined use of the two
types of macroscopic information is that not only one can
achieve DSS and pSS, but also that the chosen structure for
the macroscopic function (8) ensures robustness against noise
and quantization error. This is remarked when comparing
Figs. 5a and 5b. In the latter figure we assume to be in
a scenario with tailored macroscopic function computed as
in [5], subject to a random noise. The resulting effect in
the time window from t = 30 s to t = 60 s is that the
offset is way larger, as we even loose harmonization for the
trajectories. The advantage of the leveraged information is
thus clearly visible, which outcome, shown in Fig. 5a, is
that such effect is highly attenuated, thus proving not only
DSS and pSS, but also outstanding performances with an
attenuation of uncertainties on ψi.

As presented in [5], the effect of the macro info in general
is to smoothen the behavior of the distance and velocity for
the vehicles; thus, when losing global information of the
platoon we notice such harmonization may not be ensured
anymore. In this setting, in Fig. 5b the platoon experiences
the loss of harmonization of the trajectories right after the
changes in the reference (t = 20, 30, 40, 45 s), resulting
in non-smooth trajectories. The advantage of the proposed



controller lies in the fact of being able to achieve outstand-
ing performances even with redundant and poorer traffic
information. Another important effect is the one related to
quantization: the aforementioned perturbations arising are
the outcome of the mismatch between the quantized past
vehicles control actions and the actual ones, which result in
the superposition of perturbations. Such perturbations tend
then to vanish, proving the pSS behavior. Nonetheless, since
the estimate of the offset ϑµ is conservative, it may also
happen for the trajectories to experience a deviation from
the expected equilibrium. Contrarily to previous works, such
as [5], were we chose a milder quantizer, here the offset is
higher since for the sake of comparison we chose a stronger
quantizer. Next we focus on the analysis of the macroscopic
information functions, namely Figs. 6-7. More precisely, Fig.
6a shows a raw tailored macroscopic function computed with
respect to vehicle i = 8 and communicated to all the other
vehicles, while Figs. 6b and 7 its zoom between t = 30 s
and t = 60 s. Clearly, the information content is higher when
the platoon is far from the equilibrium, vanishing when the
platoon approaches it. This is noticed when inspecting the
behavior at the beginning of the simulation and comparing it
when the platoon is at steady state. Another important aspect
is the quality of the information: as hinted by the previous
sections, the more vehicles contribute to such information,
the more noisy the contribution: this is noted when inspecting
in particular Fig. 7. On the contrary, the information provided
by the raw macroscopic information in Fig. 6a highlights how
sampling reduces the informative content.

V. CONCLUSIONS

This work proposes a sampled-data quantized mesoscopic
controller achieving practical string stability under quantiza-
tion effects and disturbance string stability in disturbance-
prone environments. By adopting a novel MPF paradigm
for macroscopic data integration, the controller operates at
the mesoscopic level through asynchronous microscopic-
macroscopic measurements, explicitly addressing realistic
decentralized scenarios with exogenous disturbances.

Current work addresses time-delayed and noisy measure-
ments, as well as the possibility to predict the macroscopic
information to counterbalance the loss due to its asynchro-
nism.
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APPENDIX

To prove the statements, first note that, when noticing that
tk = kTm ∈ ∆m and tkM = kMMTm ∈ ∆M and that tkM ≤ tk,
one can rewrite

k =MkM + k̄, k̄ ∈ {0, 1, · · · ,M − 1} .
Then the explicit dynamics of each vehicle can be rewritten
through some computations as

χi(tk) =F
k
d χi(0) +

k∑
j=0

F
(k−j−1)
d [wi(tj) + fφσ,i−1

(tj)]

+ FM

kM∑
j=0

F
kM−(j+1)M
d Gdφl,i−1(tj) (23)

+ Fk̄Gdφl,i−1(tkM)

where Fℓ = (I − Fd)
−1(I − F ℓd ) for ℓ ∈

{
M, k̄

}
. At

this point, we shall proceed by induction, considering the
trajectories of the platoon leader and the first vehicle, and
then leverage the properties of the ith vehicle. To this end,
for all χ0(0) ∈ R2, the corresponding trajectories (23) are

χ0(tk) = F kd χ0(0) +

k−1∑
j=0

F k−j−1
d w0(tj).

By condition 1), the matrix Fd is Schur stable. Hence, there
exist β > 0 and α ∈ (0, 1) such that |F kd | ≤ βαk and
therefore

|χ0(tk)| ≤ βαk|χ0(0)|+
β

1− α
∥w0(tk)∥[0,k]

Consider now i = 1 and the trajectories (23). Again, keeping
in mind that |F kd | ≤ βαk, one can rewrite

|χ1(tk)| ≤ βαk|χ1(0)|+ β
1−α∥w1(tk)∥[0,k]

+ β
1−α∥fφl,0

(tk) +Gdφl,0(tkM )∥[0,k]

≤ βαk|χ1(0)|+ β
1−α∥w1(tk)∥[0,k]

+βbeTm

1−α

(
T 2
m

2 (2− ξ)

+(M − 1)Tm

)
(1+βαM )
(1−α) ∥φl,0(tkM)∥[0,k

M]

+βbeTm

1−α

(
T 2
m

2 (2− ξ)

+(M − 1)Tm

)
(1 + βαk)∥φl,0(tkM)∥[0,k

M].

(24)
The latter, combined with (10), (24) and with the definition
of (21), yields

|χ1(tk)| ≤ βαk|χ1(0)|+ β
1−α∥w1(tk)∥[0,k]

+η
(
|χ0(0)|+ β

1−α∥w0(tk)∥[0,k]
)

≤ β(1 + η)maxl∈{0,1} {|χl(0)|}
+ β

1−α (1 + η)maxi∈{0,1}
{
∥wi(tk)∥[0,k]

}
with

η = γ 1
1−γ

(
1 + γN−l−1(1− γl)

)
(25)

Consider now the ith vehicle. the following inequality holds

|χi(tk)| ≤ βαk|χi(0)|+
β

1− α
∥wi(tk)∥[0,k]∥

+
β

1− α
∥fφl,i

(tk) +Gdφl,i(tkM)∥[0,k].

Noticing that γ ∈ (0, 1), using (10) one has

∥fφl,i
(tk) +Gdφl,i(tkM)∥[0,k]

≤ beTmζ∥φl,i−1(s)∥[tkM ,tk)

≤ beTmζcφ

i−2∑
j=i−l−1

∥ψi−1(tkM)− ψj(tkM)∥[0,k
M]

≤ beTmcφζ
(
cψ

i−1∑
s=0

∥χs(tkM)∥[0,k
M]

+ cψγ
i−l−1

l−1∑
s=0

∥χs(tkM)∥[0,k
M]
)
β max
i∈IN

0

{|χi(0)|}

≤ γ

1− γ

(
1 + γi−l−1(1− γl)

)
β max
i∈IN

0

{|χi(0)|}

and, at last, when defining the parameters (21), the following
inequality holds

maxi∈IN
0
{|χi(tk)|} ≤ βmaxi∈IN

0
|χi(0)|

+ β
1−α maxi∈IN

0
∥wi(tk)∥[0,k] + βηmaxj∈IN−1

0
|χj(0)|

+ β
1−αηmaxi∈IN−1

0
∥wi(tk)∥[0,k].

(26)
Consider now the disturbance (20), which is such that

∥wi(tk)∥[0,k] ≤ 2bδd + bµ (κ+ 1− eξ(c+ 1)) . (27)

Accordingly, combining (26) and (27) with previous argu-
ments one has
maxi∈IN

0
{|χi(tk)|} ≤ β(1 + η)maxi∈IN

0
{|χi(0)|}

+ (1+η)βbµ(κ+1−ξe(c+1))
(1−α)

+ (1+η)2bβδd
(1−α) .

(28)
Which, noticing

βbµ(1 + η) (κ+ 1− ξe(c+ 1)) (1− α)
−1

= ϑµ
2bβ(1 + η)δd (1− α)

−1
= ϑd

ultimately proves DSS with respect to di(tk) and pSS with
respect to µ. ▲


