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Abstract—Recent advances in cooperative adaptive cruise
control have demonstrated the potential for vehicle platooning
to revolutionize road transportation through enhanced safety,
reduced congestion, and improved energy efficiency. While
autonomous vehicle technology continues to evolve rapidly, current
regulatory frameworks and safety considerations necessitate the
human driver supervision. This creates a unique challenge in de-
veloping control systems that can effectively balance autonomous
operation with human intervention. To enhance the human-
driver collaboration with autonomous vehicle platooning, in
this paper, we present a novel decentralized model predictive
control framework that explicitly incorporates human-driver
interaction while maintaining desired inter-vehicle distances and
velocities in platoon formations. This framework employs a
distributed architecture where each vehicle operates independently
and exchanges local measurements through vehicle-to-vehicle
communication. To overcome the inherent unreliability of wireless
communications in real-world scenarios, we develop a robust
distributed state estimation strategy. This approach enables each
vehicle to combine local sensor measurements with received data
to construct accurate estimates of the full platoon state. Based on
these estimates, vehicles compute optimal control actions locally
while achieving performance comparable to an ideal centralized
controller with perfect communication. Through extensive Plexe
simulations, we demonstrate that the proposed decentralized
model predictive controller achieves comparable performance to
the ideal centralized case, even under partial state information
and communication constraints.

Index Terms—Platooning, Cooperative Adaptive Cruise Control,
Model-Predictive Control, Human-Driver Interaction, Hybridized
Cyber-Physical Systems.

I. INTRODUCTION

Autonomous vehicle platooning involves a series of au-
tonomous vehicles traveling closely together in a coordinated
manner, utilizing advanced communication and control tech-
nologies to enhance road transportation efficiency [1]-[3]. This
approach offers several benefits, including improved efficiency,
safety, and fuel economy, making it a promising solution
for practical applications. One notable application is truck
platooning, where multiple trucks travel together to reduce fuel
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consumption and enhance delivery efficiency [4]. Similarly,
autonomous buses can form platoons to provide efficient and
reliable public transport services [5]. Significant research efforts
have been dedicated to developing control algorithms, spacing
policies, communication technologies, information flows, and
stability to disturbances [6]-[9].

An autonomous vehicle platoon can be formed of a sequence
of vehicles using Adaptive Cruise Control (ACC), which main-
tains a safe distance from the vehicle ahead [10]. ACC employs
sensors such as radar, LIDAR, or cameras to detect the distance
to, and relative speed of, the preceding vehicle. Utilising the
distance and speed information, ACC automatically adjusts
the vehicle’s speed by controlling the throttle and brakes to
maintain a preset following distance. A platoon of vehicles
utilising ACC are known to be unstable in a string stability
sense [11], leading to ghost traffic jams. To ensure platoon
stability, either a large, velocity-based inter-vehicle distance is
required using a headway time [8], or additional information
beyond the state of the preceding vehicle [12] is needed. An
advanced version of ACC, Cooperative Adaptive Cruise Control
(CACC), incorporates Vehicle to-Vehicle (V2V) or Vehicle
to-Everything (V2X) communication to enhance coordination
between multiple vehicles [13], see Figure 1. Vehicles equipped
with CACC communicate with each other using Dedicated
Short-Range Communication (DSRC) or cellular networks to
exchange real-time data [14]. By sharing information, CACC
systems can anticipate the actions of other vehicles in the
platoon, resulting in smoother and more synchronized speed
adjustments [15]. The cooperative aspect of CACC enables
more precise and timely adjustments, reducing the likelihood
of collisions and improving overall road safety.

However, current real-world deployments of CACC systems
remain in a transition phase, where full automation is not
universally available or trusted. Human drivers may choose
to engage or disengage automation at any position in the
platoon [16], [17]. Such behavior is common in scenarios
involving ride-hailing fleets [18], manually operated logistics
vehicles [19], or level-3 autonomy where the system frequently
requests human takeover [20]. In these cases, platoon formation
must tolerate partial human intervention without sacrificing
safety or stability [21]. Such human interventions, particularly
emergency maneuvers, create significant challenges for platoon
stability and safety. Without proper system design, a sudden
braking action by human drivers could result in collisions with
following vehicles that lack immediate access to information
about the human driver’s control actions. Although CACC
systems incorporate collision avoidance features via onboard
sensors, these typically rely on reactive proximity sensing. In
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Figure 1. CACC concept: a platoon controller regulates the velocity and inter-
vehicle distances utilizing the vehicles’ position p, velocity v, and acceleration
a, exchanged via inter-vehicle communications.
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situations where a human driver within the platoon executes
a sudden maneuver without prior signaling (e.g., emergency
braking without V2V messaging), the response latency can
compromise safety, particularly at short inter-vehicle gaps
[22]. By explicitly integrating human behavior into the control
loop, our framework aims to proactively adjust the actions of
ego vehicles, and mitigate risks beyond what purely sensor-
driven systems can address. In contrast to traditional mixed
traffic flow, where automated and human-driven vehicles
are interleaved without coordination [23], [24], we consider
a semi-cooperative platoon framework. Specifically, certain
vehicles within the formation may be human-controlled but
still participate in shared estimation and information exchange.
This setup introduces unique challenges in predicting human
driver actions and maintaining platoon formation.

Effective platoon control requires sophisticated control
strategies that can handle both autonomous operations and
human interventions while maintaining safety and performance.
Among various control approaches, including Linear Quadratic
Regulator (LQR) [25], Proportional Integral Derivative (PID)
[26], H-infinity [27], and sliding mode control [28], Model
Predictive Control (MPC) stands out for its ability to explicitly
incorporate safety constraints and vehicle dynamics [29]-[31].
MPC-based CACC designs are particularly advantageous as
they can directly account for road speed limits, minimum
safe inter-vehicle distances, and actuation constraints while
optimizing future control actions. However, the implementation
architecture of MPC controllers significantly impacts their prac-
tical viability. While centralized MPC approaches can achieve
optimal performance by considering the entire platoon state,
they face substantial challenges in real-world deployment due to
communication reliability issues and computational scalability
limitations [32]. These challenges become particularly acute
when human driver interventions must be accommodated, as
the central controller requires immediate access to all vehicle
states and human control inputs.

To address these practical limitations, our work develops
a decentralized MPC framework where each vehicle indepen-
dently computes its control actions based on local information
and limited communication with neighboring vehicles. This
decentralized approach offers several key advantages: (1)
reduced communication overhead and enhanced robustness to
network failures, (2) improved scalability for larger platoons,
and (3) faster response to local disturbances, including human
driver interventions. In our framework, each vehicle maintains
a local estimate of the platoon state through a combination
of onboard sensors and V2V communication, enabling it to
compute control actions that maintain platoon stability even
during human interventions or communication disruptions. This
distributed computation approach eliminates the single point of

failure inherent in centralized systems while maintaining compa-
rable performance through careful coordination of local control
actions. Our design specifically accounts for the practical
challenges of human-driver interaction, unreliable inter-vehicle
communication, and the need for real-time response to changing
traffic conditions. Unlike traditional decentralized control,
where each vehicle computes only its own control action, our
approach allows each vehicle to compute an augmented control
vector for the entire platoon, applying only the portion relevant
to itself. Controllers are embedded within each vehicle and
operate exclusively on local information obtained from the
vehicle itself and its immediate neighbors. While this method
extends beyond standard decentralized control paradigms, it
remains decentralized in nature, offering a robust and scalable
solution for modern platooning systems.

Motivated by these challenges, we present a comprehensive
framework for decentralized MPC design that effectively
integrates human-driver interaction in autonomous vehicle
platooning. Our main contributions are:

1) We propose a decentralized MPC framework for vehicle
platooning that explicitly accounts for both unreliable V2V
communication and partial human driver participation
within the platoon. Unlike existing works that assume
fully autonomous vehicles, our approach enables semi-
cooperative platoon operation where certain vehicles may
temporarily fall under human control.

2) A novel multi-rate measurement fusion and state esti-
mation scheme is developed to handle asynchronous
and delayed information sharing among vehicles. By
combining locally sensed and intermittently received data,
each vehicle independently reconstructs the global platoon
state and computes near-optimal control actions without
requiring centralized coordination.

3) We conduct a comprehensive implementation and evalua-
tion using the Plexe simulation platform under realistic
DSRC-based communication constraints [33]. Our results
demonstrate that the proposed method maintains stable
platoon operation across heterogeneous vehicle dynam-
ics and mixed human-autonomous participation, which
surpasses the performance limitations observed in prior
decentralized approaches [34].

The structure of this paper is as follows: Section II outlines
the system dynamics involving human-driver interaction, along
with sensor measurements and inter-vehicle communication.
Section III formulates the problem addressed in this work.
Section IV presents the distributed platoon state estimation
framework, while Section V details the decentralized platoon
control design. Section VI assesses the performance through
numerical experiments. Finally, Section VII provides the
conclusion.

Notations: Let p,(:), v,(:), and ak denote the position [m],
velocity [m/s], and acceleratlon [m/s2] of vehicle i, respectively.
The control input ul k [m/sQ] represents the desired acceleration

applied to vehicle ¢. The state vector of vehicle 7 is defined as
(1)

x), [p,(c),v,(;), a,(c)] , and the augmented state vector of the
entire platoon is X}, = [;v,(cl)—r, e ,x;M)T]T. The control input

1) (M1

vectoris Uy = [uy, ..., u, ’]", with change in control action
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AU, = Uk — Ug—1. Each vehicle obtains a noisy measurement
vector y,(C , and forms a local estimate of the full platoon state
denoted by X ,ij ). The diagonal matrices oy and &y, serve as
indicators for vehicles under autonomous control or human
override, respectively. The main control sampling interval is
Ay, while ¢; denotes the finer sampling interval used in the
multi-rate measurement fusion.

II. PHYSICAL SYSTEM
A. Vehicle Dynamics

For the longitudinal motion of a single vehicle ¢, we consider
the commonly utilized linear dynamics from [28]. Let us define
the state as p(*) [m] as a point at the front bumper, v(9) [m/s]
the velocity, a® [m/s?] acceleration, and u(® [m/s?] control
input or desired acceleration. The time derivative of each state
is pO = p@, () = (), and

a0 — Lo Lo
Ti T

where 7; [s] is the mechanical actuation lag. The mechanical
actuation lag represents the time delays resulting from moving
components in the engine and braking systems. The time
discretization with constant sampling interval A, [s/sample]
for a single vehicle is given in [35]. We define ¢ [s] as time
and k [samples] as the discrete time index with the relation
t = kA; + to where tg [s{ is an initial offset. Denote the state
of vehicle 7 as x(l) [p,(f ,V (Z) a,(;)]T. The dynamics of each

vehicle are given by
20— A@ LD g0, (D i 1
k1 P kot Wy 1
where A and B® are the system matrix and control matrix,
respectively, as provided in [35]. The term wj, represents i.i.d.

zero-mean Gaussian noise with distribution w}, ~ N (0, w)y,

B. Platoon Architecture

Following [25], [35], [36] and [37], we will implement
decentralized control for the platoon by considering a combined
model. For M vehicles in a straight line led by vehicle 1 and
tailed by vehicle M, we define the augmented platoon state as

X =Mool L aMT @)
and the augmented control vector as U, = [u,(cl), . uSCM)]

with control input u,(c) Based on (1), the dynamics of the

platoon is then given by

Xi+1 = A Xk + ByUi + Wi 3)

where Aj; and Bj; are block diagonal matrices of the
collection of single-vehicle dynamics and control input matrices
given in [35], W}, is a vector of the i.i.d. process noise acting
on each vehicle which can be modeled as a zero-mean Gaussian
process Wi, ~ N(0,W), and Uy = U1 + AU, where
AU, = [Au”, ... Au™]T and Aul” is the change in
control action for vehicle 7. We consider that each vehicle in the
platoon can take a different mechanical actuation lag resulting
in a so-called heterogeneous platoon. Using the state X and

previous control action Uy_;, the MPC design computes the
change in control action AUy [35].

In our decentralized MPC design, instead of directly com-
puting the control action Uy, we compute the change in control
action AUj. This approach is adopted to achieve smoother
control inputs, which are essential for maintaining passenger
comfort and preventing abrupt maneuvers that could destabilize
the platoon. Furthermore, vehicles have physical constraints,
such as maximum acceleration and deceleration rates. By
focusing on AUy, it becomes convenient to design controllers
that adhere to these constraints, ensuring safe and feasible
operation.

C. Inclusion of Human Drivers

Due to legal requirements [38], a responsible human driver
must be present in the vehicle at all times when autonomous
vehicles are on the road. The human driver’s authority typically
supersedes that of the vehicle’s controller. This work, therefore,
considers scenarios where the human driver may override the
platoon controller to operate the vehicle manually. To maintain
platoon formation, we desire that the platoon controller
reconfigures to the temporary interruption by a human driver.
We assume that the human driver is solely focused on the
state of their own vehicle, does not interact with any other
vehicles in the platoon, and issues control actions that are
consistent with physical (engine limit) and legal (road speed
limit) constraints.

Consider a vehicle ¢ that is temporarily under human
driver control and not under platoon control. Although the
vehicle remains physically within the platoon, it follows the
human driver’s commands rather than the platoon controller
Specifically, it will experience a change in control action Aul?
from the human driver replacing the platoon control Au@)
such that the control action is u,(f) = u(p 1+ Au,(f) For ease of
notation, we modify the platoon control actlon in Equation (3)
with a switch

Ui = Uk—1 + 0, AUy, + a AU, 4

where Al is the control action applied from a human driver.
The binary switch oy, is a diagonal square matrix of size M
that takes ones on the diagonal for the vehicles controlled by
the platoon and zero in the i, ith element when vehicle % is
not controlled by the platoon controller, and &y = Ip; — .
When the platoon is controlled by the controller, oy, = I
and ay = 0j, and Equation (4) reduces to Equation (3). The
dynamics of the platoon Equation (3) are now

X1 = Ay Xi+ByUp—1 + Byag AUy + Barog, AUy, (5)

In the centralized design, the controller knows the applied
control at time k — 1 and is aware if every vehicle has utilized
the centralized platoon controller or an alternative control value.
In the present work, the applied control action is shared with
state measurements via inter-vehicle communications, discussed
below. As such, the switch «y, is known to the controller at time
k. If a vehicle has temporarily left the platoon, we assume
that the vehicle will continue to be human controlled until
informed otherwise, and «, is constant.
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D. Sensor Measurements

We consider that there are at least five sensors onboard
a single vehicle, see [6], [39]. Utilizing Global Navigation
Satellite System (GNSS) and local sensors, the vehicle measure
its own position p,(j), velocity v,(j), and acceleration a,(;). Many
modern consumer vehicles are equipped with forward facing
radars for ACC [40]. These radars detect a vehicle in front
then measure the forward inter-vehicle distance p,(:) - pg_l).
Future connected vehicles will use the same radar technology
at the rear of a vehicle to detect and measure the backward
inter-vehicle distance p{” — p{*")
Consider a vehicle ¢ in the middle of the platoon for i =

2,..., M — 1 then the measurement at time k can be written
as

(i DO IRORRC i—-1) (i i+1

g = o ) = o ) =TT

As the lead vehicle 1 does not follow any vehicles then
its measurement is gj,(:) = ,(cl),v,gz),a,(cl), ,(;) - ,(;H)]T, and
as the final vehicle M is not followed by any vehicles,
thus g,EM) = [p,(;),v,(;), a,(;),p](;) - p,(;_l)]T. Each of the
vehicles’ measurements would be affected by inaccuracies
in the sensor [41]. This measurement error can be represented
by the linear addition of a noise term b,(;) modeled as zero
mean Gaussian distribution with covariance R;. The noisy
measurement available from the set of sensors at each vehicle
s g = 50 4 o).

The measurements for vehicle ¢ at time £ can be written as a
linear function of the state Equation (2) as ylil) =CiXp+ n,(j),
where the measurement matrix C; for intermediate vehicle ¢
fori=2,...,M — 1 is a zero matrix of size 5 by 3M with
1 in position (1,%), (2, M +1), (3,2M + 1), (4,7) and (5,4),
and —1 in position (4,7 — 1) and (5,7 + 1), i.e.,

o --- 0 1 0 --- 00 0 0
0 0 0 0 1 0 0 0
Ci= 1|0 0 0 O 0 0 10
0 -1 1 0 0 0 0 0
0 0 1 -1 0 0 0 0

5x3M

Similarly, for the lead vehicle, C; is a matrix of size 4 by
3M with 1 in position (1,1), (2, M + 1), (3,2M + 1), and
(4,1) and —1 in position (4, 2), and for the tail vehicle, Cs
a matrix of size 4 by 3M with 1 in position (1, M), (2,2M),
(3,3M), and (4, M) and —1 in position (4, M — 1).

The full set of measurements available to the platoon is
defined as g, 2 [(G)T,...,@M)TT CX}. where
C = [C],...,C}]T. In this context, Jj represents the
collective measurements from all vehicles in the platoon,
and X} denotes the state of the platoon at time k. The
matrix C' combines the individual measurement matrices C; of

each vehicle into a single comprehensive measurement matrix.

Consider the platoon dynamics Ajs and the full measurement
matrix C. Given these full measurements 7y, the platoon state
X, is fully observable. This implies that with the complete set
of measurements, one can construct an accurate estimate of the
entire platoon state [41]. However, in practicQ, each vehicle 7
can only has access to its own measurements y,(;). Consequently,
consider the platoon dynamics Ay, and a measurement matrix

st =k O A |
=P <O JAN

Bor |I>¥O A 1

= E>*0O 4/

24 :QD*@ ]

2 0 >3O

2r 1@ 1
>#O

(1].18 1.2 1.22 1.24 1.26 1.28 1.3

Time [sec]

Figure 2. Plexe Experiment: packet transmission schedule and receipt delays.
Sampling window is denoted with vertical black lines. Open symbol indicates
packet receipt in the line of the vehicle received. Colored red packet is
transmission time. Symbol indicates vehicle index: upside down triangle,
circle, left-triangle, square, diamond, triangle, right-triangle, star, from vehicle
1 to-8, respectively. Note that the transmission from vehicle 6 is only received
by vehicle 7 and-8.

C; for each vehicle i. The full platoon state X}, is not fully
observable. This lack of full observability means that an
individual vehicle cannot compute an accurate estimate of
the entire platoon state using only its own measurements.

To address this, inter-vehicle communication is essential.
Vehicles must share their partial state measurements with
one another to enable the decentralized platoon controller to
function effectively. By exchanging measurement information,
vehicles can collectively reconstruct the full state X}, and thus
implement the decentralized control strategy. In the subsequent
sections, we will discuss an inter-vehicle communication
technology that facilitates this information sharing. We will
also present a practical decentralized implementation of the
platoon control, allowing vehicles to operate collaboratively
while maintaining the benefits of centralized control.

E. Inter-Vehicle Communication

In our approach, we utilize V2V communication to exchange
information between vehicles. Alternative approaches include
combining and relaying transmissions [42], or using infrastruc-
ture in a V2X design, see [43] for a computational approach.
Vehicles communicate by means of IEEE 802.11p-based DSRC
in the 5GHz band. They periodically exchange platooning
information by transmitting beacons at a constant frequency of
10Hz (static beaconing). Hence, new beacon packets are being
generated at a constant interval of 100 ms. After channel access
Carrier Sensing Multiple Access with Collision Avoidance
(CSMA/CA), which can introduce random delay, the packets
are transmitted as broadcast. In other words, each vehicle
transmits its measurements to all other vehicles within the
platooning. The transmitted wireless signal is impacted by
propagation delay as well as attenuation. Thus, packets can
be either received successfully or dropped due to bit errors,
interference, or generally low Signal-to-Noise Ratio (SNR).
Overall, the probability of a successful packet transmission is
binary while its delay is continuous (> 0).

In order to demonstrate the V2X communication for exchang-
ing platooning information, we show a short time-span from a
exemplary simulation run with Plexe [33] for a single sampling
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Table I
SIMULATION PARAMETERS FOR V2X COMMUNICATION

Parameter Value
Beacon size 200 Byte
Beaconing approach Constant 100 ms interval
MAC model IEEE 802.11p
Access Category (AC) AC_VI
PHY model IEEE 802.11p
Frequency f 5.89 GHz
Bandwith 10 MHz
Path loss model Free space (o = 2.0)
Bitrate 6Mbit/s (QPSK R = 1)

Bitrate interfering vehicles 3 Mbit/s (QPSK R = g)
Maximum transmit power 20dBm = 100 mW

CCA threshold —-65dBm
Sensitivity -94 dBm
Thermal noise -95dBm

period in Figure 2. We simulate a platoon with 8 vehicles
that is driving with constant speed on the right-most lane of
a 4-lane freeway. The platoon is driving with leader-follower
control by using a CACC with a constant spacing policy on
every vehicle. It is utilizing regular platoon beacons from the
leading and front corresponding vehicle, which are transmitted
by the platoon members via the aforementioned communication
technology. Additionally, we placed 100 non-platooning vehi-
cles at a uniformly distributed fixed location on the other
lanes of the freeway. These vehicles are also periodically
transmitting beacons, in order to generate background traffic
and interference. For every successfully received message, we
measure a collection of metrics at the corresponding receiving
vehicles. Further details of our simulation setup are listed in
Table I. In Figure 2, we can observe that the channel access is
delaying packets and some transmissions are not successful.

Remark 1. While the current implementation and evaluation
are conducted via Plexe simulations, real-world experimenta-
tion remains an essential for future work. In particular, inte-
grating the proposed framework with modern communication
infrastructures such as 5G-V2X would further enhance the
reliability and responsiveness of decentralized platoon control.
Future works will focus on transitioning from simulation to
experiments to validate the estimation and control strategies
under real-world dynamics and communication environments.

III. PROBLEM FORMULATION

We consider the platoon control problem where a platoon of
vehicles stays together, including in the situation of a human
driver taking temporary control of their vehicle. We desire to
control the entire platoon to reach a target velocity of vy [m/s]
with the desired distance between vehicle ¢ and its immediate
predecessor vehicle (i — 1) given by

dg) 2+ hl(ci)vl(ci) — L4+ hz(ci)vl(:) (6)

where d; = l;_1 + r; is the constant inter-vehicle distance,
li—1 [m] is the length of vehicle (i — 1), r; [m] the desired
standstill distance in front of vehicle 7, and hg) [s] the desired
headway time. The headway time quantifies the distance to the
preceding vehicle at the current velocity. The desired standstill
distance r; and headway time hg) are vehicle specific and

can be chosen by the respective driver, whereas the desired
velocity is platoon specified. We also denote the individual
desired headway as time-dependent, as we allow the human
occupants of the vehicle to increase or decrease their inter-
vehicle distance.

Additionally, we desire to ensure the following constraints
for all vehicles : =1,..., M:

Cl: pi=b — p(® > ¢ . minimum safe distance between
vehicles to ensure that no vehicle impacts its predecessor,
pli—D — p(® < d. maximum distance between vehicles
to ensure communications are maintained,

Umin < v, minimum velocity set to zero so that no
vehicle in the platoon reverses on the road,

() < 90¢, Maximum velocity chosen based on the road
speed limit, or the performance limitation of a vehicle,
amin < @¥, minimum acceleration bounded based on the
performance of the braking systems, and

a(® < amax, maximum acceleration chosen based on the
engine performance of the vehicles.

We allow for a human driver to temporarily take control
of their vehicle. This could include a driver performing an
emergency brake, reducing speed, temporarily maintaining a
large distance from the predecessor vehicle outside of the
desired chosen headway, or a legacy vehicle. We make the
minimum assumption that the vehicle and driver will obey
performance limits of their vehicle and road rules. Thus,
constraints C3-6 apply to a human driver.

C2:
C3:
C4:
Cs:

Cé6:

A. Formal Problem Statement

We now summarize the platoon control objective in a formal
optimization framework. Given the platoon dynamics in (5),
the augmented state X € R*M and control vector Uj, € RM,
the goal is to steer the platoon towards the target velocity vy
and desired inter-vehicle distances Jgj) in (6), while respecting
the safety and performance constraints C1-C6 for all vehicles
i=1,..., M and all time steps.

At each time k, vehicle j has access only to a local informa-
tion set I,ij ), which collects its own sensor measurements and
all successfully received packets from other vehicles. Based on
I,ij ), vehicle j constructs a local estimate of the platoon state,

X = EIXIZ),
with the distributed estimation. Using X ,gj ) as initial condition,
vehicle j then solves a finite-horizon optimal control problem
over a prediction horizon of length N. Let

AU,

AU, 2 [AU], AU R N1k

+1]k

be the stacked vector of predicted control vector, where
AUpgge = [Au,(cllm, .. .,Auéﬂfglk]T denotes the change in
control for all vehicles at prediction step £ =0, ..., N — 1. For
vehicles temporarily under human control, the corresponding
entries are replaced by the predicted human action sequence
AU,&Z). The predicted platoon state trajectory { X ok }oq i

generated according to

Xk = X,

Xiqosik = A Xpqopk + BuUpqop, £=0,...,N =1,
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with
¢

Upyor, = Ug—1 + Z (htr AUk 41 + dk+rAUk+r\k)'
r=0

Then, the decentralized platoon control problem at time &
and vehicle j can then be formally stated as

(29, a00)

i
st Xpgotriik = A Xiqok + BruUsygpis
{=0,...,N—1,
constraints C1-C6 hold forall : =1,..., M,
N,

o )
and all prediction steps £ =0, ...

AUkEU, Xk_f_g‘kEX,
Ul o)1 respects actuator bounds and rate limits,
KXklk = X7,

where J(-,-) is a finite-horizon cost function that penalizes
deviations from the target velocity vy, desired inter-vehicle
distances J,(;), and excessive control actions. The explicit
quadratic structure of J(-,-) and its implementation as a
quadratic program are detailed in Section V-B (see in particular
(11D)—(12)).

Once (7) is solved, only the component corresponding to
vehicle j, i.e., A“Ej&w is applied to the physical vehicle, while
the remaining components of AUy, are treated as virtual
control variables. At the next time step, the information set
I]ij_gl is updated based on new sensor and communication data,
the estimator produces a new state estimate X 123-31’ and the
optimization problem (7) is solved again in a receding horizon.

In a practical implementation, due to the sensors available on
each vehicle, only a subset of the vehicle states are measured.
Additionally, the control action would be individually computed
at each vehicle. Our problem is to distribute the state estimation
and control action computation to be local at each vehicle.

First, the desire to keep the full platoon together necessitates
a control design which utilizes state information from all
vehicles in the platoon. The control design needs to achieve
convergence to both the desired velocity and time-varying inter-
vehicle distances, while also ensuring the system and safety
constraints C1-6. To accommodate temporary interruption from
a human-driver requires the control design to react to the
current state of the platoon. Second, due to the beaconing-based
communication, the measurement sampling at each vehicle
in the platoon is an offset within the sampling window. To
enable combination of the measurements sampled at different
offset times, we developed our multi-rate sampling process
presented in Section IV-B. Third, the platoon control requires
full platoon state information but each vehicle only measures a
subset of the platoon. It is necessary to combine the received
measurements to compute an estimate of the full platoon state
for the control algorithm. We present a measurement fusion
approach in Section IV-C.

IV. PLATOON STATE ESTIMATION

State estimation under communication constraints has been
extensively studied in the context of networked systems.

st | O A =% |
O JAN &P s
gor | O >+
b O 4 4O =>
24t | O VAN B
2 O JAN 4 D>k
2t @ JAN >
O JAN >
0l.1 1.12 1.14 1.16 1.18 1.2 1.22
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Figure 3. Plexe Experiment: packet transmission schedule and receipt delays.
Sampling window is denoted with vertical black lines. Poor choice of window
leads to receipts in the next window. Open symbol indicates packet receipt
in the line of the vehicle received. Colored red packet is transmission time.
Symbol indicates vehicle index: upside down triangle, circle, left-triangle,
square, diamond, triangle, right-triangle, star, from vehicle 1 to-8, respectively.

For instance, [44] investigates state estimation for recurrent
neural networks under stochastic intermittent transmission,
which provides valuable insights into handling communication-
induced uncertainties in distributed estimation problems. In this
section, we will develop a distributed platoon state estimation
framework combining the local measurements at each vehicle
and the beaconing-based communication between vehicles.
We seek to form a state estimate X ,EZ) at each vehicle to
enable the decentralized computation of the control action at
every vehicle 7. We start by introducing a multi-rate dynamical
model. Utilizing the multi-rate dynamics with intermittent
sampling, we pose a measurement fusion algorithm to combine
the received measurements from each vehicle. Finally, we
summarize our decentralized estimation and control strategy.

A. Sampling Window Choice

In beaconing-based communication using CSMA/CA-based
channel access, the transmissions from each vehicle are
scheduled so as not to interfere with other vehicles. Each
vehicle transmits at intervals defined by a sampling interval
A;. Regardless of the choice of the initial offset ¢y, there
will be at most one transmission from each vehicle within a
given window between discrete indexes k and k + 1. However,
due to the inherent randomness of communication delays, it
is possible to choose a window inappropriately, resulting in
the packet being received in the subsequent sampling window
instead of the intended one. This is visualized in Figure 3 with
discrete-time indexes in vertical black lines.

To mitigate this, the temporal placement of scheduled
transmissions and the typical maximum packet delay must
be carefully considered. By selecting an appropriate initial
offset to, packets can typically be received within the intended
sampling window. Through careful analysis, an appropriate
window is shown in Figure 2. This allows for packets to be
received within the sampling period A, thereby ensuring that
the control computation has enough time to process all received
packets within this period.

B. Multi-Rate Sampling

Under the inter-vehicle communication, the measurement
samples are delayed from the discrete-time index k, regardless
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Figure 4. Visualization of the multi-rate process for S = 4. The control
actions occur with large sampling rate A; with discrete-time index k (top).
There is a faster sampling of the process with smaller rate §; at discrete-time
index K (middle). Every vehicle ¢ measures and transmit with the sampling
rate A with a fixed delay v;. As an example, vehicle 1 has a delay of v1 = 2
samples (bottom).

of the choice of sampling window. As shown in Figure 2,
the measurements are sampled at different offset times. The
challenge arises in how to incorporate these measurement
samples from different offset times to generate a platoon
state estimate, thereby designing the decentralized platoon
controller. In the following, we will develop a multi-rate
sampling mechanism to address this issue.

Consider a new fast sampling rate J; [s/sample] where §; <
A;. We choose d; as a fraction of the actual sampling rate
Ay such that S = A;/d; is an integer number of fast samples
per slow sampling period, see Figure 4. Utilizing the window
choice in Section IV-A, each vehicle then samples once every
S fast samples. From each discrete-time index k, every vehicle
1 samples with a fixed time delay &; [s] which corresponds to a
step delay of v; [samples] such that §; = v;0; where 0 < 1; <
S. A given vehicle 7, will sample at times t = kA, + v;6; + ¢
for £ > 0. Let us define K as a second fast discrete-time
index and initialized such that both indexes start at the same
time k = K = 0. The discrete-time index % is the index for
the control algorithm and uses the sampling rate A;. This
same sampling rate is used in the measurement sampling and
communication technology. The relation between the control
step k and sampling step K is ¢ = kA; = K, and is visualized
in Figure 4.

The platoon dynamics in Equation (3) can be discretized at
the new sampling rate ¢;

Xk41 = Am s Xk + Bar,sUx + Wk (8)

where A,ss and By are block diagonal matrices of the
collection of single-vehicle dynamics and control input matrices
at sampling rate d;, Wy is a vector of the i.i.d. process noise
which is modeled as Wy ~ A(0, W), and Xk and Uy have the
same definition as Equation (2) at time step K. The discretized
matrices Apr s and By s can be computed as shown in [35]
by replacing A; with §; utilizing the method in [45]. The
process noise covariance W; is related to ¥V in Equation (3)
by W§ = W(St/At

We consider that the control action Uy is held constant
across the sampling window from K to K 4+ S where K =
kA /6y and K+ S = (k + 1)A./d;. The sequence of process
noises Wk in the interval each with covariance of W, has
the same covariance of V. It can be shown that for a given
Xk = X} and constant control action over the window, we
have XK+S = Xk+1.

The measurement of a vehicle ¢ that occurs at sample K is
=3 (CiXi +0) ©

where the indicator fy,(f) =1latK==£kS+uy for k >0,
otherwise ’_y&) = 0. Note that as each vehicle is sampled
with rate A;, the measurement noise covariance defined in

Section II-D is the same, there is just the time offset.

C. Measurement Fusion

By utilizing the multi-rate sampling mechanism, we establish
new system dynamics as described by (8) and (9). The problem
remains to combine the temporally offset and intermittently
received measurements into a useful state estimate to compute
the decentralized control actions. We now present a method to
produce an estimate of the platoon state X} at every vehicle.
For a vehicle j, we define the state estimate as the ex ectation
of the state given the information: X ) = E[Xy |I | where
I]ij ) is the information set available at the vehicle j at time k.
Each transmitted packet contains the following information:

o vehicle identifier — index 1,

o measurement sampling index K = (k —1)S + v;,

¢ measurement yfj ),

o last implemented control action u,(:zl, and

« identifier if the vehicle is under human-driver control.

If a packet is received within the control system sampling
window A; (i.e., the measurement sampled at time K = (k —
1)S+v; and received before time K = kS, then it is considered
a successful receipt; otherwise, we consider that the packet
is dropped. Let us define fy( ) as indicator that a packet
transmitted at time K from vehicle ¢ is received by vehicle j

(i,j) _ J 1, packet is received from vehicle 7 at vehicle j
Tk T 0, otherwise.
for all vehicle 4,7 = 1,..., M. We define 45" = 1 as the
local measurements at vehlcle 1 are always available. In case
of no transmission at time K, we define 7(1 0 =,

The information set I,(CJ ) contains packet receipt outcomes,

and successfully received packets from all platoon vehicles

(1,9) (1,5)
{’yk 1)S+1/1’7(k 1)S+V1y’Y(k 1)S4vy )

(M.j) (M.j) M (4)
Vk=1)S o (k= 1)s+ymyg(k_)1>s+uM} UL
for j =1,..., M, where the initial information is the empty
set I = @.

Due to effects in the communication channel, all transmitted
packets will be received with random delay. The Plexe exper-
iment (see Section II-E) motivates the following estimation
procedure. Through appropriate choice of the sampling window
(see Section IV-A and Figure 2), all packets will be received
well before the next control action sampling time k. However, as
noted in Section II-E, packets may be dropped due to bit errors,
interference, or low SNR during transmission. Considering the
existence of packet dropouts, we choose a maximum permitted
receipt delay dp from the last vehicle to be sampled. After
this maximum delay, all packets have either been successfully
received or are considered dropped.
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At time K = (k—1)S+max; v; +6p we can predict a state
estimate at time & as there will be no further packets after K =
(k—1)S + max; v; + dp. First, we update U,Ej_)l using known
control actions, or use the previous locally computed control
action. Second, towards the end of the slower sampling period
we batch process the successfully received measurements from
time K = (k—1)S to K = (k—1)S+max; v;. We design dp to
leave time for the computation of the control actions. Third, we
predict the state forward from time K = (k — 1).S + max; v; to
the next control action time K = kS. Finally, we compute the
0pt1ma1 change in control action using the platoon state estimate
Xy, updated previous control action Uk] )1 and human-driver
identifier.

To combine the intermittent measurements, and to produce a
state estimate, we can utilize the Kalman filter with intermittent
observations [46] with a time-varying and random measurement
matrix [47]. In batch processing the filter, every measurement
taken at time K is available exactly when obtained, i.e., at
time K. The state estimate at time K for K < kS is Xl((J ) =
E[XK|I,8)]. The state estimates then follow the following
equations:

X9 = (1= KY ) (Ana X, + BarsUPy) + KY o)
P(j) :(I—K(j)C’jK)(AMgP(j) AT, 5+ W)
K = (AusP? ATy 5+ Ws)Clk

(Cik(Anrs PO AL s + W) Cl +R)™E (100

where U G )1 is the control action to the platoon. z( 9 represents
the full set of measurements received between time K — 1
to K. Ky @) is the Kalman filter gain matrix. Specifically, if
a packet is successfully received from transmitting vehicle
i (1 =1,...,M) at time K, indicated by 'yp({’]) = 1, then

Z|(<J) =[.., (yf{))T, T
K. If no packet is received, the corresponding elements i
are set to 0.

We denote the control action based on the information
available to vehicle j at time k — 1 as 0;(3])1 In the situation
that a ?acket is successfully received, we set the ith element
of UV K1 as uk , and utilize the known applied control action
from vehlele 1. In the case of a dropout from vehicle 7 we
use the ith output from the locally computed control action,
which was computed based on the best information available
about the platoon U ,EJ_) 9t AU(J )1 We note that the proposed
framework does not require guaranteed full-state exchange nor
permanent all-to-all communication. Instead, vehicles operate
under partial, asynchronous, and lossy information exchange.

Here K denotes a time index before

m Z&j)

V. DECENTRALIZED PLATOON CONTROL DESIGN

Based on the distributed platoon state estimation, each
vehicle now has its own platoon state estimate. In this section,
we present a practical implementation of decentralized MPC
that utilizes these individual platoon state estimates. Unlike
traditional decentralized control—where each vehicle computes
only its own control action—our approach enables each vehicle
to compute an augmented control vector for the entire platoon
while applying only the portion relevant to itself. Controllers

are embedded within each vehicle and rely solely on local
information from the vehicle itself and its neighbors. Thus,
while our method differs from traditional decentralized control,
it remains decentralized in nature. This approach smoothly
controls the platoon to the desired inter-vehicle distances and
platoon velocity while ensuring constraints C1-6. Additionally,
the design also incorporates a human driver temporarily taking
control of their vehicle.

A. Human Driver Prediction Model

MPC optimizes the change in control actions over a finite
horizon of N time steps into the future. Ideally for the
platoon controller, future human driver control actions Al
are known exactly. This motivates the need to predict the
potential control action for the human driver. For a finite
prediction horizon of length N, the predicted state of the
human-driver vehicle ¢ can be written as a function of the
current state and a sequence of predicted control actions
AZ/{“) [Au l(f-s)-l\k’ . Au,iiN 1|k] . To predict the future
control inputs of the human driven vehicle, we assume that
the human driver maintains a constant control input over the
finite MPC prediction horizon, unless constrained by physical
or legal bounds. This simplification allows tractable prediction
and is commonly used in hybrid human—autonomy systems
[13]. However, we acknowledge that human drivers are often
more variable and reactive than autonomous agents, particularly
during sudden braking or emergency maneuvers [48]. Therefore,
the constant-input assumption only serves as a baseline model.

The above motivates us to consider a quadratic cost function
that only penalizes changes in control

N-—-1

7,4 ~(£ 3]

TXEQ, M) = > (A Tra(ad) ) an
7=0

where 7 is the (th diagonal element of Ra. In the absence of
constraints, this cost function is minimized when AZ:[,&Z) =0.
However, as mentioned in the preceding section, we assume the
human driver obeys the constraints on velocity and acceleration
C3-6. Over the prediction horizon, the corresponding state
constraints can be written as a linear matrix inequality of the
vector of predicted change in control actions AZ;{,EE), see [35].
The quadratic cost function in (11) with constraints can be
minimized using standard quadratic programming solvers to
find the minimum control action that meets the constraints.
This constrained prediction of the human controlled vehicle ¢
control action, AU (é), is utilized in the computation for the
decentralized platoon control, as described below.

Remark 2. For the human-driving behavior modeling beyond
constant-input assumption, future extensions may incorporate
data-driven driver-intent prediction methods, such as rein-
forcement learning or Gaussian process—based forecasting.
Alternatively, we can model mixed-autonomy platoons as a
switching system, where the controller transitions between
autonomous control mode and human-operated mode whenever
driver intervention occurs. This would allow the control strategy
to explicitly account for changes in driving authority.
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B. Cost Function Design

Consider for each vehicle ¢ for all ¢« = 1,..., M, the
absolute position, velocity, and acceleration errors as the
dlfference between the current state and desrred reference
gk (1) ()* Ck: — l(c) Uk’ and wk — a}](;)
ay. For the entlre platoon these errors can be wrrtten as

1 (M
Xk)_X]::[]E;)7"'7k aCk; a"'a}g )7 ka--wd?c

A (%) A7) A(
For convenience, we define UHJW §k+g\k’ Ck+]|k, and ¢k+j|k
as the predicted errors where the subscript indicates the state
prediction at time k + j given the state at time k.
Following [36] and [37], we introduce virtual reference

vehicles on the platoon boundary that perfectly follow the

reference pé ) — Dr» ](€M+1) = ,(CMH)*, v,(co) = U,EMH) = vy,
(0 _

and a, ay, = aj, and introduce the relative position
error between vehicle ¢ and vehicle (i —1) foralli =1,..., M
as 1\ = pi — pl"™ 1 @V Based on the MPC design, we
define the predicted value of the change in control as

AU £ [ATS - AU T
where Aﬁkﬂ-‘k = [Auéﬁﬂkv"wA“lﬁ]ﬁm] with 7 =
0,...,N —1.

Inspired by the infinite horizon cost function in [37], we
propose a finite horizon cost function over a prediction horizon
of N steps with our time-varying references

N-1 [J\I—&-l

J= jzz:o ; @ (Wkﬂ\k> + Z (qQ (€k+y\k)

s (600 0 (5247 (2082,)7)]

+ (X ik = X n) "Pran (Kigpne — Xiyn)  (12)

where ¢; is the penalty on relative position error, ¢» the penalty
on absolute position error, g3 the penalty on velocity error,
q4 as the penalty on the acceleration, r the penalty on the
control inputs, and Py v is the terminal state cost. To achieve
convergence independent of platoon length, it is necessary
to penalize both the relative and the absolute position errors
[37]. The state X k+4|k can be computed using the dynamics
Equation (5) and the predicted human-driver action AZ;lk.
Using algebraic manipulation and Equation (6), the relative
posmon error n,i ), can be written as a function of the errors

(l) - & (=1 4 p )Ck such that the relative position
errors can be 1ncorporated as cross-terms of the absolute
position errors and velocity errors, with the headway times as
a weight on the velocity errors. Although headway times could
be interpreted as a reference to the problem introduced by the
desired inter-vehicle distance (6), it is more practical to treat
them as weights on state deviations.

Our cost function in Equation (12) can be efﬁciently written
as a quadratic function of the platoon state estimate X ,g g +ilks
and reference X}/, j for each vehicle . Utilizing the platoon
dynamics Equation (3) and writing the control in terms of
changes in control action with the human driver Equation (4),
our cost function can be written in the form of a quadratic
program of the predicted control actions, i.e., J(X kS, AU).

Algorithm 1 Decentralized Model Predictive Platoon Control
: Inputs: Number of vechicles A, Mechanical actu-
ation lags 7;, Headway times hk ), Desired stand-
still distance r;, Target velocity wvg, Constraints
{dmin; dmaxs Vmin, Umax s @min, @max }» Number of fast samples
S, Measurement sampling delay v;, Maximum permitted
receipt delay dp, Reference sampling periods k,,, Predic-
tion horizon N, Cost function weights {q1, g2, g3, q4,7},
the scheduled time interval A; and the time offset tg.

2: for time steps £ =0,1,... do .
3:  Compute the platoon state estimate X ,(Cg for each vehicle
1 using (10).
4:  if a vehicle is under human driver control then
Determine the vehicle ¢ controlled by human driver
Reset state reference based on ¢ position and velocity
[35, Section V-A]
7: Predict the potential control action for the human
driver AL?,EZ) by minimizing (11) subject to constraints
Cl1-6
. end if
9:  Compute state reference [35, Section V-A]
10:  Compute the optimal change in control action AU, & in
(13) for each vehicle subject to constraints C1-6
11:  Implement latest control action Au](;‘)k on the vehicle

i=1,....,.M
12:  Step platoon dynamics
13: end for

Over the prediction horizon, the state constraints C1-6 can be
written as a linear matrix inequality of the vector of predicted
change in control actions AUk, see [35].

The optimal platoon control action is the change in control
that minimizes the constrained finite horizon cost function

AU} = min J(st, AUy).
AT,

13)

Following the rolling horizon approach only the first element
Au,(zl)k is implemented on the vehicle . Each vehicle conducts
the optimization (13) based on its own platoon state estimate
and adopts the corresponding control action. At the next
time step, the optimization is recomputed on the new state
information. The implementation of decentralized platoon
control is summarized in Algorithm 1.

C. Theoretical Properties

While the proposed framework is primarily developed for
practical deployment, it is also important to examine whether
the decentralized control framework preserves desirable analyt-
ical properties such as feasibility, boundedness of estimation
error, and closed-loop stability. The goal of this subsection is
not to provide a full theoretical derivation, but rather to estab-
lish analytical grounding and demonstrate that the proposed
structure is consistent with existing results in decentralized
MPC and state estimation under intermittent communication.
We begin by formalizing the modeling assumptions relevant
to the theoretical analysis.
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Assumption 1. (Packet Loss Model) The communication
channels among vehicles follow an independent Bernoulli
packet-loss process with packet arrival probability p > 0.

Assumption 2. (Bounded Human Override) The human
override inputs satisfy ||Au§;)H < &, where ¢ > 0 depends
on physical and regulatory limits.

Assumption 3. (Convex MPC Formulation) The cost function
in the decentralized optimization problem is convex with
polyhedral constraints, and there exists a terminal set ensuring
recursive feasibility.

These assumptions allow us to explore whether the con-
troller remains feasible under communication uncertainties
and whether the estimation error remains bounded, which are
necessary conditions for closed-loop stability.

Theorem 1. (Recursive Feasibility) Consider the decentralized
MPC problem under Assumptions 1-3. If the optimization
problem is feasible at k = 0, then feasibility is preserved for
all k > 0 with probability at least 1™, where M is the platoon
size.

Proof. Since the optimization problem is convex with a
compact feasible set at initialization, recursive feasibility
follows from established robust MPC results. The bounded
estimator uncertainty implied by Theorem 2 ensures that future
state trajectories remain within a constraint-invariant tube. With
bounded human override inputs, feasibility is preserved using
standard arguments from robust tube-based MPC [49], [50].
The probabilistic factor arises from intermittent communication
affecting estimator refresh rates. O

Intuitively, Theorem 1 guarantees that the controller will not
fail because of temporary packet losses or isolated aggressive
human interventions, as long as these effects remain within
the modeled bounds.

Theorem 2. (Bounded Estimation Error) Under Assumption I,
the estimator in Section IV satisfies

j 5 (5 C
1imsupE||X,§J) — X/IS)H2 < —
k—o0 1— 7
for some finite constant C' > 0 depending on noise covariances
and platoon dynamics.

Proof. The estimator follows the structure of a Kalman filter
with intermittent observations. From [46], [51], mean-square
boundedness holds when p exceeds a critical connectivity
threshold. The multi-rate sampling mechanism introduced in
Section IV does not alter the stochastic observability structure,
and thus the stability result directly applies. O

This result indicates that although packet drops influence
estimation accuracy, the effect remains bounded and does not
diverge over time, provided communication quality is above
the threshold derived in prior literature.

Corollary 1. If Theorems 1 and 2 hold, then the closed-loop
platoon system is input-to-state practically stable with respect
to packet dropouts and bounded human override inputs.

Table II
SIMULATION PARAMETERS FOR PLATOON MOBILITY

Parameter Value
Car Following (CF) model ACC and CACC
Driving speed 100 km/h
Max acceleration 2.5m/s?
Max deceleration 9.0 m/s?

Driver imperfection o 0.5

Driver’s desired minimum headway 7 0.5s
ACC headway T’ 1.2s
CACC constant spacing dg Sm
CACC bandwidth wp, 0.2Hz
CACC damping ratio & 1
CACC weighting factor Cq 0.5
Simulation time 120s

Random seeds 10 repetitions

This corollary implies that the decentralized platoon can
tolerate real-world uncertainties and still converge toward the
desired formation and velocity. While degradation may occur
under severe communication constraints or highly variable
human interventions, the underlying controller remains stable.

Remark 3. A full formal stability proof under mixed human
participation and large-scale networked communication is
beyond the scope of this implementation-focused study. However,
the above theoretical results demonstrate that the proposed
decentralized MPC inherits feasibility and practical stability
guarantees from established decentralized MPC and intermit-
tent estimation theory. Extending these guarantees to general
communication topologies and large platoon formations will
be addressed in future work.

VI. EVALUATION

In this section, we will explore the performance of the
decentralized platoon control design with some simulation
examples. We first perform a numerical experiment using the
packet receipt outcomes from a Plexe experiment. We then
further explore the performance in a Monte Carlo simulation
with randomized packet receipt outcomes.

A. Decentralized Control Action

For our numerical experiment, we consider again the scenario
from Section II-E. The scheduling time interval is set to
A; = 0.1 [s/sample]. Following Section IV-A, we select the
initial time offset as t{g = 1.18 [s] to achieve the window
shown in Figure 2. Following Section IV-A, we select the fast
sampling rate as §; = 0.1 [s/sample] and S = 10. Following
Section IV-C, we select the maximum receipt delay as 0.0108
[s]. For every successfully received message, we measure a
collection of metrics at the corresponding receiving vehicles.
Further details of our simulation setup are listed in Tables I
and II. A sample of the packet receipt outcomes is visualized
in Figure 2.

For comparison with centralized approach, we revisit the
numerical experiment in [35], where the desired inter-vehicle
distances are do = 8.5, d3 = 7.5, dy = 10.5, d5 = 9.5,
d¢ = 11.5, d7 = 9.5, dg = 10.5 and constant time headways
are h2 = 13, hg = 15, h,4 = 08, h5 = 12, h6 = 11,
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h7y = 0.9, and hg = 0.94 [s]. vehicle 3 performs an emergency
brake at time 100 [sec], before briefly traveling at a lower
velocity of 11 [m/s] at 150 [s]. At time 250 [sec] vehicle 3
returns to the platoon. At time 350 [sec] the vehicles all increase
their constant time headways to hy = 3, hg = 2.6, hy = 4,
hs = 2.5, h¢ = 2, hy = 2.1, and hg = 1.8 [s]. Figure 5 shows
the inter-vehicle distances, and Figure 6 illustrates the vehicle
velocities using the proposed decentralized control strategy. It
can be found that the performance of the centralized platoon
controller operated in a decentralized wireless manner remains
very high. Minimal performance differences can be seen to the
five-vehicle platoon example in [35].

B. Impact of Channel Quality

In our current work, we conducted simulation of realistic
inter-vehicle communication using the Plexe platform, which
incorporates detailed DSRC (IEEE 802.11p)-based commu-
nication with random channel access delays, packet drops,
and interference. Specifically, our framework includes a multi-
rate measurement fusion mechanism and a maximum delay
threshold to model asynchronous packet receipt and losses
effectively. This allows us to capture essential properties of
non-uniform sampling and communication unreliability even
within the simulation environment. Following the high quality
performance of our proposed decentralized design from the
Plexe experiment data, we explore the performance of our
controller across a range of channel qualities in a Monte Carlo
study of 1000 trials at each channel quality. In our simulation
we use a platoon of five vehicles, where vehicle 3 is taken over
by the human driver, mirroring the experiment documented in
[35].

To randomize the packet receipt outcomes, we redefine
~&7) ¢ £0,1} as an iid. Bernoulli random variable where
K= (k—1)S+uv; for k > 0 as the time that vehicle ¢ samples,
for all vehicles-i,j for all ¢, = 1,...,M and i # j. A
successful receipt 7,(5’] ) = 1 under this network model means
that a transmitted packet is successfully decoded at the receiver,
and available before the maximum receipt delay. Thus, our
model includes both packet drops and transmission delays.

We define pi; ; as the (fixed) probability that a packet from
vehicle i is successfully received by vehicle ;'

iy = PO = 1).

We recall that the model-predictive controller introduced
in Section V minimizes a performance loss function over a
rolling horizon, see (12) and (13). Accordingly, we will quantify
the empirical performance of the controlled system through
the stage cost in (12). To be more specific, the performance
loss function Js(Xj, AUy) given below is evaluated on the
empirical system states. This function quantifies deviations of

'Note that t;,; = 1 as the measurements taken at vehicle 7 are always
available to itself.
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Figure 5. Inter-vehicle distances between the M = 8 vehicles from the
Plexe experiment. Measurements are shared via inter-vehicle communications.
Vehicles converge to the desired inter-vehicle distance following the reference.
vehicle 3 performs an emergency brake, at time 100 [s], then starts driving at
11 [m/s] at 150 [s], finally returning to the platoon at time 250 [s]. At time
350 [s] all drivers select a new time headway.
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Figure 6. Velocities of the M = 8 vehicles from the Plexe experiment.
Measurements are shared via inter-vehicle communications.

the relative and absolute positions, velocities and accelerations
from their desired values, as well as the applied control input

M+1 N2 M N 2
(X AU = [ o () + (42 ()
=1

+q3 (}9)2 +q (1@9)2 +r (Aul(j)>2>:| .

Figure 7 shows empirical averages of the stage cost against
probability of successful packet receipt 1; ;. We observe that
for lower quality channels the cost increases. This results from
the lower quality state estimates due to the higher rate of
unavailable packets. In particular, with more packets dropped,
information about vehicle 3 when the human driver takes over
and returns to the platoon, is temporally delayed. As such,
the other vehicles in the platoon take larger control actions to
more aggressively correct for the disturbance. Note that under
perfect channel conditions (i.e., u; ; = 1), the decentralized
control strategy reduces to the centralized controller with a
mean cost of approximately 2.35. As the packet reception
probability decreases, the average cost of the decentralized
strategy increases correspondingly. However, the performance
degradation remains relatively modest-except in scenarios
with extremely poor communication quality-indicating that
the proposed decentralized controller maintains performance
close to that of the ideal centralized controller. This result can
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Figure 7. Performance loss Js(Xg, AUy) of the platoon against probability
of packet receipt of the inter-vehicle communication, averaged over 1000 trials.

also serve as an implicit comparison between the decentralized
and centralized control schemes.

For even lower quality channels, the lack of information for
several control steps could, in extreme cases, result in vehicles
violating constraints, e.g., inter-vehicle distances. In the case
of substantially poor quality channels, this motivates the use
of event based transmission policies [52]. With better channels,
the quality of the centralised implementation is recovered.

The decentralized implementation of the proposed MPC
and estimation framework is designed to be computationally
tractable at the vehicle level. Each vehicle solves a local MPC
problem with a fixed prediction horizon and a quadratic cost,
subject to linear dynamics and constraints. This results in a per-
step computational complexity of approximately O(N?), where
N is the horizon length. Due to the decentralized nature, the
problem size does not scale with the total number of vehicles
but only with the local model and constraint dimensions.
For the state estimation component, each vehicle executes a
recursive estimator that fuses asynchronous local and received
measurements. The estimation update is linear in the state
dimension and can be performed in real time, given the sparse
communication structure. Our implementation indicates that
both control and estimation cycles can be executed within tens
of milliseconds on a standard processor, ensuring compatibility
with typical vehicular control cycles (e.g., 100 ms).

Remark 4. While our decentralized framework achieves near-
centralized performance in small to medium-sized platoons?,
scalability remains a challenge when the number of vehicles
increases significantly. The requirement that each vehicle
estimate the full platoon state can lead to high communication
and computation overhead, particularly if some vehicles fall
outside of others’ communication range. To address this,
future work may consider hierarchical platoon structures or
partitioned estimation strategies, where each vehicle only
maintains estimates for a limited set of neighbors based on
communication availability or proximity [53]. Additionally,
selective state abstraction techniques can be used to reduce
the estimation dimensionality. These extensions would preserve
local autonomy while ensuring scalability and robustness in
large-scale platooning scenarios.

2The term “medium-scale platoon" refers to formations of approximately
5-20 vehicles, consistent with current deployment models.

VII. CONCLUSION

This paper successfully demonstrates a novel decentralized
MPC framework that effectively addresses the critical chal-
lenges of human-driver interaction in autonomous vehicle pla-
tooning. Through extensive Plexe simulations, we have shown
that our proposed approach achieves performance comparable to
centralized control systems while offering enhanced robustness
to communication uncertainties and seamless accommodation
of human driver interventions. The multi-rate measurement
fusion strategy effectively handles asynchronous data sampling,
while the distributed state estimation enables reliable platoon
operation even under partial communication failures. The
decentralized architecture not only reduces communication
overhead but also improves scalability for larger platoons,
making it well-suited for practical implementation.

Future work could explore the extension of this framework to
handle more complex scenarios such as lane changes, merging
maneuvers, and interaction with non-platooned vehicles. Incor-
porating driver behavior uncertainty or more expressive driver
models into the decentralized controller is also an important
direction for future work. Additionally, real-world testing and
validation in a more sophisticated traffic flow scenario would
provide valuable insights into the system’s performance under
varied environmental conditions and traffic patterns. A complete
formal stability proof under dynamic participation of human-
driven vehicles remains an open research direction.
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