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Design of a mixed proportional integral - nonlinear model predictive control
strategy for automated vehicles: application to mechanically connected

convoys

Michael Franci, Luca Pugi, Michelangelo-Santo Gulino, and Adriano Alessandrini

Department of Industrial Engineering, University of Florence, School of Engineering (DIEF), Florence, Italy

ABSTRACT

Recent advances in sustainable mobility have accelerated autonomous driving technologies,
particularly for public transport convoys of mechanically connected vehicles, improving the
mobility and safety of urban mobility. This work develops a control architecture for such
convoys, focusing on trajectory tracking and vehicle coordination. Conducted within a UniFi
research project on automated electric minibuses, the study evaluates both mechanical cou-
pling and conventional platooning strategies to optimize the reliability of urban transport. A
Nonlinear Model Predictive Controller (NMPC) is designed for vehicle lateral and longitudinal
control, ensuring precise tracking while considering actuator constraints and vehicle dynam-
ics. The approach is first applied to a single vehicle and then extended to a two-vehicle con-
voy, where a Proportional-Integral (Pl) controller manages the distance between vehicles.
The follower replicates the leader’s path while avoiding corner cutting and maintaining a pre-
defined gap. The simulation results demonstrate excellent performance under ideal condi-
tions, achieving precise trajectory tracking with a distance error limited to *=0.05 m.
However, Model-In-the-Loop (MIL) tests reveal a larger deviation (up to 0.80 m) due to tra-
jectory characteristics and dynamic constraints. The MATLAB/Simulink ® implementation, vali-
dated with GNSS-acquired (Global Navigation Satellite System), confirms the viability of the

ARTICLE HISTORY
Received 31 March 2025
Revised 17 February 2026
Accepted 30 April 2026

KEYWORDS

distance; lateral control;
longitudinal control;
trajectory tracking; vehicle
dynamics

proposed strategy, paving the way for further optimisations and experimental validations.

1. Introduction

In recent years, autonomous vehicle research has
made significant progress, leading to a substantial evo-
lution of this technology. Early experiments date back
to the 1980s, but it is particularly in recent decades
that this field has experienced significant development.
The ever-increasing interest in this area of study is
primarily justified by the numerous advantages it
offers: active devices on board and, more prominently,
autonomous vehicles promise improved driving condi-
tions and increased road safety by reducing accidents
caused by human error (Chelbi et al., 2022; Gulino
et al., 2024; Lyu et al., 2021; Vangi et al.,, 2019; Yao
et al, 2021), as well as improved driving comfort
(Mohtavipour & Mollajafari, 2021; Tapani, 2012),
reduced energy consumption in transportation, and
consequently lower costs (Shladover, 2018).

The application of autonomous driving has also
been extended to vehicle convoys in the context of the
so-called “convoying”', where a fleet of vehicles travels
in alignment, following the same trajectory. In this case
as well, autonomous convoying offers exciting opportu-
nities, improving logistic efficiency and road safety
while simultaneously reducing fuel consumption and
emissions (Nahavandi et al., 2022). The connection
among automated vehicles also allows their circulation
in any mixed traffic environment (Arvin et al, 2021)
without the need for specific permissions: if the leading
vehicle is driven by humans, the mechanical connec-
tion serves as a safety device that enables the following
automated vehicles to replicate its trajectory even in
the event of an electrical failure of the convoy.

This paper aims to propose a controller architec-
ture for a convoy of automated vehicles, specifically
for urban public transport applications. It focuses on
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electric buses of the type “Tecnobus Gulliver” in
Figure 1, currently used for experimentation by the
University of Florence (Adriano et al, 2021). The
objective is to allow convoys of mechanically con-
nected electric vehicles to move in an automated man-
ner and follow a predefined route, where the
mechanical connection also exploits the possibility of
an electrical connection to perform Vehicle-to-Vehicle
(V2V) power sharing between vehicles described in
Alessandrini et al. (2023) and Alessandrini et al.
(2024), also called shared dynamic charging.

The development of this type of technology fits into
a wider framework for the advancement and optimiza-
tion of transportation systems, which has attracted
increasing interest in recent years. These objectives are
further enabled by the simultaneous advancements in
energy management, the development of control sys-
tems, and increasingly sophisticated communication
technologies. The primary objective of this work is to
develop a control system for a convoy of two or more
automated vehicles using a mixed PI-NMPC approach,
where the two-vehicle setup is a necessary baseline
before scaling to N-vehicle convoys due to the mechan-
ical stress propagation in rigid couplings. Initially, the
vehicle dynamics model was derived, which can be
approximated by the simplified bicycle model. This
model was implemented in the MATLAB/Simulink
environment to facilitate the subsequent development of
the controller. To evaluate the performance of the con-
trol architecture, it was validated on different test trajec-
tories with specific characteristics and then extended to
a trajectory registered via GNSS to evaluate its perform-
ance and robustness in a Model-In-the-Loop (MIL
validation).

2. Related works

Trajectory tracking allows a vehicle to follow a prede-
fined reference trajectory, which consists of a
sequence of waypoints and an associated speed profile.
This technique must satisfy not only spatial (position
and orientation) constraints but also the temporal
constraints established by the route Li et al. (2021)
and Dixit et al. (2018). The trajectory can be gener-
ated offline or determined online via a planning mod-
ule. Numerous control methodologies have been
developed for this application, with many solutions
existing for both single-vehicle autonomous driving
and multi-vehicle convoys, particularly in the context
of platooning Nahavandi et al. (2022). Convoy control
strategies vary depending on the objectives and the
sensing/communication methods. Generally, each

vehicle follows the path of the one in front while
maintaining a safe distance.

Several approaches in the literature address the
challenge of convoy control, especially the “cutting-
corners” problem that is common in trailers. For
example, Vasconcelos Filho et al. (2020) proposes a PI
Look-Ahead Controller based on Vehicle-to-Vehicle
(V2V) communication, which implements separate
lateral and longitudinal PI controllers and includes an
orientation  adjustment  mechanism.  Similarly,
Bayuwindra et al. (2020) presents an Extended Look-
Ahead controller with an orientation error observer,
using an extended reference point to mitigate corner-
cutting. Other kinematic approaches, such as in
Petrov (2008), use adaptive control with virtual refer-
ence points to manage the follower’s position relative
to the leader. These strategies often rely on V2V com-
munication to transfer the necessary tracking informa-
tion. Another common approach, seen in Pauca et al.
(2020), combines a trajectory planner with a tracker,
where each follower receives a target position and sol-
ves a local optimization problem, while a Cooperative
Adaptive Cruise Control (CACC) mechanism manages
the distance. Recent studies in 2024 and 2025 have
further expanded this domain by exploring “virtual
track” technologies, which aim to mimic rail-like
behavior without physical infrastructure. For instance,
Hou and Giannopoulos (2024) proposed a virtual
track model that converts autonomous vehicle move-
ment into simulated train dynamics to improve man-
agement in mixed traffic.

In the field of predictive control, controller designs
vary between decoupled and combined systems for lon-
gitudinal and lateral dynamics. In Kianfar et al. (2014),
the platooning application is addressed by jointly man-
aging both aspects. A headway controller using fre-
quency-domain methods ensures string stability, while a
Model Predictive Control (MPC) controller handles lat-
eral lane-keeping. Conversely, Gao (2014) proposes a
hierarchical MPC framework. This structure uses a
high-level planner with a simplified model to compute
obstacle-avoiding trajectories and a low-level MPC with
a high-fidelity model to track them, allowing for longer
prediction horizons and faster sampling times. This hier-
archical approach remains highly relevant in the recent
literature on complex vehicle topologies. Notably, Feng
et al. (2025) developed a layered coordinated control
strategy for articulated vehicles, employing an upper-
layer MPC for trajectory planning and a lower-layer
control for steering. Furthermore, Huang et al. (2025)
demonstrated a multi-objective MPC for electric-driven
buses that dynamically allocates stability weights.
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Figure 1. Tecnobus Gulliver Minibus employed for the scopes of the research.

Beyond traditional predictive control, recent
advancements have increasingly explored data-
driven methods to manage complex non-linear traf-
fic dynamics. For instance, a study by Marin et al.
(2025) introduces a Deep Reinforcement Learning
(DRL) framework based on the Deep Deterministic
Policy Gradient (DDPG) algorithm for autonomous
car-following. Their approach utilizes a novel
reward function to simultaneously optimize energy
efficiency, safety, and passenger comfort across vari-
ous vehicle powertrains, demonstrating high adapt-
ability compared to traditional MPC. In a related
effort to stabilize mixed traffic flows, Dayi et al.
(2022) proposed a trajectory-based coordinated
speed control strategy that leverages connected
vehicle and roadside sensor data to predict the tra-
jectories of downstream human-driven vehicles.
This prediction allows upstream automated vehicles
to proactively plan their speed distributions and
smoothly merge into traffic, effectively suppressing
backward-propagating traffic oscillations. However,
while DRL models and electronic coordination excel
in continuous-space adaptivity, the rigorous con-
straint handling required for exact path replication
makes NMPC highly suitable for physical linkages.

While the reviewed work has significantly
advanced the control of single automated vehicles or
electronically platooned fleets (which often use
CACC based on real-time leader-following), a spe-
cific gap remains in the control of mechanically

connected convoys. This application presents a fun-
damentally different challenge: to prevent “cutting-
corners,” the follower vehicle must not track the
leader’s current position but must instead precisely
replicate the path that the leader has previously trav-
ersed. To address this gap, this paper contributes a
novel control architecture. The core of our strategy
is the implementation of a FIFO (First-In, First-Out)
buffer that records the leader’s trajectory, including
position, orientation, and velocity. This stored path
is then supplied to the follower as a delayed refer-
ence signal. The delay in this buffer is dynamically
managed to correspond to the desired convoy dis-
tance (i.e., the length of the physical connection).
This path-replication mechanism is then governed by
our mixed PI-NMPC control strategy, where the
NMPC handles the high-level task of tracking this
delayed path, and the PI controller manages the low-
level distance adjustments. This specific architecture,
which uses a FIFO buffer to enable precise path rep-
lication for mechanically linked vehicles, has not
been addressed in the reviewed literature.

3. Materials and methods
3.1. Case study

The case study involves vehicles equipped with a mech-
anical coupling system®, designed primarily as a safety
feature. This system ensures continued operation even
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(b)

Figure 2. Convoy prototype in which the follower integrates a patented steering delaying mechanism that enables it to replicate
the steering of the leader without the use of electric/electronic components.

Figure 3. Automated golf car-type vehicle.

in the event of a controller malfunction or power fail-
ure; since a human operator is always present in the
leading vehicle, the following automated vehicles are
mutually tied and can circulate in any urban environ-
ment without the special permissions that would
otherwise be required. The convoy takes the form of a
tram that moves independently of a rail-based infra-
structure. The design incorporates a sliding cursor
fixed to the follower vehicle, which maintains a con-
sistent distance between vehicles while simultaneously
transmitting commands. These commands are appro-
priately delayed to ensure that the follower accurately
replicates the leader’s trajectory. To better explain the
regulating concepts of the idea, Figure 2a presents a
prototype of the follower that has no electrical

components, while Figure 2b highlights the physical
principles behind the mechanism. Since the research
focusses on electric buses, but the initial experimental
tests will be conducted on a golf-cart-type vehicle
(Figure 3), equipped for autonomous operation due to
reasons of availability and management, the simulations
were performed using data from the latter. This
approach allows testing the control architecture on a
more accessible system before implementing it on a bus.

3.2. Vehicle model

The control strategy employs a dynamic bicycle model,
which offers a more accurate representation of vehicle
behavior at higher speeds and complex dynamics
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Figure 4. Dynamic bicycle model.

Table 1. Symbols and definitions of the dynamic bicycle
model.

Symbol Definition

m Vehicle mass

Of Front wheel steering angle

Ie, I, Center of mass distance from front/rear axes

X,y Vehicle longitudinal and lateral speed in xoy reference
VA Yaw angle and Yaw rate

Fiat,is Fing,i Lateral and Longitudinal forces on i € {f,r} tyres

compared to kinematic models Polack et al. (2017,
2018). As shown in Figure 4, the vehicle is approxi-
mated as a rigid body with three degrees of freedom:
longitudinal motion x, lateral motion y, and yaw rota-
tion 1y. We assume that the vehicle mass is equally dis-
tributed, and effects such as aerodynamic drag,
suspension dynamics, and road gradient are negligible.

The symbols used in the model are defined in
Table 1.

By applying Newton’s second law of motion to the
vehicle frame xoy, we obtain the following dynamic
equations governing the longitudinal, lateral, and rota-
tional motions Rajamani (2011) and Wang et al
(2019):

mi = mjy + 2F 5 + 2Fpg,, (1)
my = —mxy + 2F, ; + 2Fy, 2)
Ly = 2liF, s — 21, Fya, (3)

\4

where F. s and F, s represent the projections of the
front tyre forces onto the vehicle coordinate system.

The lateral forces are modeled using a linearized
tyre model Pacejka and Bakker (1992), assuming the
lateral force is proportional to the tyre side-slip angle
a. Given the operational speeds (V. ~9 m/s) and
the absence of aggressive maneuvers, we assume small
steering angles (6 < 1) and neglect longitudinal slip
rates (y ~ 0). Consequently, the lateral forces and slip
angles are defined as:

y -+ Iy
Fiat,f = Clat,f% ~ Car,f (y v _ 5f>

X

£ )
lrw - )’)
X

Flat,r = Clat,rar ~ Clat,r(

where Ci s and Cyy, . are the cornering stiffness coef-
ficients. Substituting Equation (4) into Equations (1)-
(3) yields the final nonlinear state-space model used
for the controller design. To improve the realism of
the longitudinal dynamics and account for actuator
delays (e.g., vehicle inertia and wheel dynamics), we
model the longitudinal acceleration using a first-order
jerk equation:

1, .
%= (=% + ay) (5)

where a, is the commanded acceleration and 7 is the
time constant representing the system response delay
[cite: 204-210]. This acts as a low-pass (filter,
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preventing unrealistic instantaneous acceleration
changes. Consequently, by combining the lateral
dynamics derived in Equations (1)-(3) with the longi-
tudinal jerk model, we define the state vector y =
[§.9,% %" and control input u = [a,, (3f]T. The result-
ing continuous-time state-space model is:

[ 2(Ciat,f—Cuat,r) 2(Cat,lr+Clat, rlr)

j'/ mx —x+ mx 00
°7 Z(Cm,flf+Cm),l,) 2(Ctaz,flf—sz,rlf)
v _ EeE L 0 ¥
X 0 0 0 1
1
x 0 0 0 —
L T
_0 _chat,f i
m
0 2 Crar s
+ I u
0 0
1
- 0
LT _

3.3. Tracking errors model

The proposed control architecture combines lateral
and longitudinal dynamics to create an NMPC con-
troller for the automated driving of a vehicle, which
minimizes the error with respect to the trajectory to
be followed (defined a priori) by regulating the longi-
tudinal acceleration and the steering angle. The
objective is therefore to minimize the lateral error e,
and the orientation error ey,,, while maintaining the
reference speed defined a priori for each waypoint of
the trajectory. A vehicle-based model was used to cre-
ate this control system based on the lateral and longi-
tudinal dynamics equations defined in the previous
paragraph, in terms of lateral ey, orientation ey,
and velocity e, errors with respect to the reference
trajectory. The lateral error ey, is defined as the lateral
deviation of the center of mass of the vehicle with
respect to the reference path, while the orientation
error ey, is given by the difference between the yaw
angle of the vehicle and the reference angle of the tra-
jectory. The speed error e, is obtained as the differ-
ence between the current speed of the vehicle and the
desired speed supplied to the control system. In this
case, the reference speed will not be constant but will

vary along the trajectory. The equations that define
the errors are as follows:

elat = — (X = Xrep)sin(ar) + (¥ = yrer)cos(t) (7)
€yaw = - lpref (8)
€vel = xref - X )

where o is the angle between the current position of
the vehicle and the reference position of the trajectory;
in particular, (x;,y;) represents the current position of
the rear axle of the vehicle and (xy.f,y.r) denotes
the position of the reference waypoint. o is hence
defined as:

o= tan™! YiZId _ /i (10)
Xi — xref

Therefore, by deriving the previous equations over
time, the following equations representing the errors
over time are obtained:

elat :xeyaw +)" (11)
éyaw = lp - l.pref (12)
€vel = kref -X (13)

where the derivative of i, is obtained from the
product of longitudinal velocity V, and trajectory
curvature p as follows:
: x
=2 =; 14
l//ref R xp ( )

where R is the radius of curvature of the road. In par-
ticular, p can be calculated using the following expres-
sion:
' —
p= PV (15)
[xZ +y2]2

where x',x",y',y" are, respectively, the first and
second derivatives of the x and y coordinates of the
trajectory. At this point, Equations (7)-(9) are
included in the previous state model, Equation (6),
resulting in the following augmented state in the
vehicle frame:

. T
Xaug: |:)/ '10 x X €lat  €yaw evel] (16)

obtaining the following augmented state-space model:
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[ 2Cur-C 2 Char s + Cla 11 IR
4 VYlat.f . lat, v x4 lat,ff. lat, rtr 0 0 00 0
o m X m X .
i gclat,flf_f'clut,rlr Ecl“t»fljg._cl“[’rl% 0 0 00 0 l/j
g I, X I x X
x 0 0 0 0 0 0
Aag= 1| %X | = 0 0 1 0 0 Of]| X
: 1
e
Clat 0 0 Gow == 0 0 0|,
e
yaw 1 0 0 0 0 0 0
L Cvel ] 0 1 0 0 00 of]|7™
0 0 -1 0 0 0] ew (17)
0 = Clars [0 0]
2
0 _I_Clut,flf 0 0
z 0 0
0 0 a
+ 11 5" +10 o l..p]
_ X
. 0 f o oLl
0 0 i 0
0 0 0 1
0 0 | i i

4. Control architecture
4.1. Model Predictive control (MPC)

Model Predictive Control (MPC) is an advanced opti-
mal control technique, particularly suitable for manag-
ing multiple-input and multiple-output (MIMO)
systems. It is based on a mathematical model of the
system, in our case on the dynamic bicycle model of
the vehicle, and involves the optimization of a cost
function with respect to a finite prediction horizon to
calculate the optimal control actions for the plant
being considered. At each iteration, the controller
acquires the system state variables and determines the
sequence of control actions that minimize the cost
function along the prediction horizon, solving a con-
strained optimization problem. Only the first calcu-
lated control action is then applied to the system,
after which the process is started to repeat iteratively.
An interesting aspect of MPC is the possibility of
including constraints and limitations on the inputs,
states, and outputs of the system to be controlled,
facilitating their management compared to other con-
trol techniques. Furthermore, the resulting control
action also considers future inputs to the system,
depending on the chosen prediction horizon N,. This

is made possible by the predictive approach integrated
into the controller, which helps to optimize the behav-
ior of the system. However, compared to other control
techniques already known, MPC is more complex and
computationally more expensive, since it must solve
an optimization problem in real time at each iteration.
Figure 5 represents the classic structure of an MPC
control system applied to a controlled system. At each
iteration, the controller receives input measurements
of the outputs and disturbances acting on the system,
using them internally as part of the prediction model
to estimate the state of the system and calculate the
optimal control actions over the defined prediction
horizon.

4.2. Nonlinear model Predictive control (NMPC)

In this work, Nonlinear Model Predictive Control
(NMPC) is implemented due to the inherently nonlin-
ear nature of vehicle dynamics, as described in
Section 3.2. Unlike standard MPC, NMPC is specific-
ally designed to handle nonlinear models, making it
well suited to optimizing vehicle control by predicting
its future evolution. This predictive capability is cru-

cial in autonomous driving, where anticipating
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Disturbances

MPC 2

Reference
Signals o

\ 4
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Figure 5. MPC structure.

complex trajectory characteristics is necessary to
ensure accurate tracking while simultaneously respect-
ing physical and operational constraints. These con-
straints are on acceleration, deceleration, and steering
angle, which must be enforced to maintain safe and
feasible driving conditions. Furthermore,
allows for the simultaneous optimization of multiple
objectives, such as minimizing both lateral and longi-
tudinal tracking errors while ensuring that the vehicle
maintains its desired orientation and speed. As men-
tioned above, predictive control operates by solving
an optimization problem at each time step, minimiz-
ing a cost function that includes terms related to
tracking errors and the smoothness of the control
actions. However, unlike linear MPC, NMPC relies on
a more complex optimization process that directly
incorporates the nonlinear vehicle model, ensuring
higher accuracy in trajectory tracking. Despite its
higher computational complexity, the NMPC provides
a more accurate and adaptive control strategy, which
makes it particularly effective for autonomous driving
applications. As described in the previous section, the
seven-state space variable vector can be considered as:

. T
Laug = [}’ lﬁ X X €lat €yaw eveli|

by choosing w, = | ax 6f]T as the vector of the
manipulated variables (that is, the control variables)
and ugiy = [p kref]T as the vector of the measured
disturbances. The state equations are based on previ-
ous dynamic Equations (2) and (3), the jerk Equation
(5), and error Equations (7)-(9), which are obtained
as follows:

{ Zaug(t) = Al‘Xaug(t) + Btumv(t) + DtudiSf(t)
Y(t) = CtXaug(t)

where:

(19)

(MD)
e Control Actions
Measured
9 Outputs
Estimated States Prediction Model |« (MO)
[ %clm,f;clm,r _x+%clm,fl/j'c’clut,rlr 0 0 00 0_
Clat, /iy +Crat, e Clat,f 2 =Clat, 12
2 =l =5 0 000
0 0 1 000
A= 0 0 -1 000
NMPC 1 0 Caw 0 0 00
0 1 0 0 00O
| 0 0 0 -1 00 0_
(20)
0 ;Czat,f
2
0 I_Clat,flf
z
0 0
- 0
T
0 0
0 0
_0 0 -
"0 0]
0 0
0 0
0 0
—x 0
L 0 1_.
€lat 0 00 01 0O
Y()= |ew| CG=]0 00 0 0 1 0
€yel 0 00 0 0 01

(23)

Therefore, using the trapezoidal rule (i.e., Crank-
Nicolson method), it is possible to discretise the con-
tinuous-time expression of the state space in Equation
(19) obtaining its discrete-time version as follows:



Xaug(k + 1) = (I - %A[)_l |:<I +§At>Xaug(k>
Bt (6) + Do)
Y(k) = Ct%aug(k)

(24)

where T represents the sampling time and I is the
identity matrix. To improve computational efficiency,
it is also important to define an analytic Jacobian for
the state function, with which the controller can cal-
culate changes in the function more quickly and more
precisely the objective and constraints,
rounding errors and ensuring better convergence of
the optimization algorithm. Therefore, the state and
input  Jacobians, respectively  J(u, ) and
G(Yaug tht), of the state function f(y,,, (), u(t),t)
described in Equation (17) can be calculated as:

Of (aug (£), u(?), )

avoiding

](qu > Uy t) = 8}/
Laug (25)
Of (Laug(t), u(t), 1)
R _ N g bl b
G(/(aug’ u, t) - au
. % . . T
where Xaug :T [}’ lp X X €l eyaw evel:| and
u=[as O] , obtaining:
[ Ciatyr=Ciatyr Clat, I+ Clar, e ]
— gl - 2T 00 0 0 0
Clat, fly+Ciat, by Clat,fE=Car, 2
—p i 2 0.0 0 000
0 0 00 0O0O
J= 0 0 00000
0 0 1 00 00
0 0 00 0O0O
i 0 0 0000 0_
(26)
_ 5 .
0 ;Clat,f
2
0 I_Clut,flf
z
0 0
G=|1 (27)
— 0
T
0 0
0 0
_0 0 -

4.3. Cost function

The goal of the MPC-based tracking strategy is to
minimize the error between the predicted output

JOURNAL OF INTELLIGENT TRANSPORTATION SYSTEMS e 9

variables and the reference values. This ensures that
vehicles can accurately follow the predefined trajectory
while maintaining both lateral and longitudinal stabil-
ity. The generic quadratic cost function commonly
used in NMPC can be written as follows:

Jeost = ]tmcking + Jeontrol effort + Jeontrol rate + ]penuli&e (28)
where:

® Jiracking is related to minimization of tracking errors
compared to reference values:

2
]tmckzng ZZ{ llj 7 k+l|k) y](k+l|k)]}

(29)

where y;(k 4 ilk) is the predicted output, r;(k + i|k)
is the reference value, w{ i> 0 and s]y > 0 are the
weights and the scaling factors of the output, n, is
the number of tracked outputs and p > 0 is the
prediction horizon of the controller.

® Jeontrol effort limits the control effort by optimizing
the control variables while keeping them close to
the target values:

Jeontrol effort

S5

J

2
U] k + l|k) uj,target(k + 1|k)} }

(30)

where wuj(k + ilk) is the control input, u; sarger(k +
ilk) is the desired target, ;>0 and s} >0 are
the weights and the scaling factors of the control
input and n, is the number of control inputs.

® Jiontrolrate limits the width of the variation of the
control actions in successive steps ensuring smooth
control actions:

]con trol rate

2
n, p-1 w(Su
= " [u](k+z|k)—u](k+z— 1/k)]
— ;

(31)
where a)f“ > 0 is the weight of the control action
variation and uj(k +i— 1[k) is the control action
at the previous step.

® Jpenalise i associated with penalizing constraints if
the problem is unsolvable by introducing a soft
constraint mechanism:

]penalise = PGGﬁ (32)

where p, is the penalizing weight and ¢ is a slack
variable.



10 e M. FRANCI ET AL.

In our case, the cost function ]l‘e‘;séer

vehicle can be constructed as follows:

for the leading

Ny
I eader = Z(YkT QYy + uf Ruy)
k=0
NP
= Z {(Ctxk - yrEf,k)TQ(Ctxk = Vref.k) + uZRuk}
k=0
(33)

where Q € R* and R € R**? are diagonal positive
definite weighting matrices of the controlled outputs
and inputs, which are presented in the following
equations, respectively, Equations (34) and (35):

_Qelal 0 0
Q=|0 Q. O |, with i=12..,N,
L 0 0 Qevel
(34)
‘R, 0 o
R, = _ 0 R(sf , with i=1,2,..,N.—1 (35)

where N, represents the prediction horizon, i.e. the
number of future control intervals that the controller
considers in solving the optimization problem, pre-
dicting how the system will evolve in the following
steps, and N, represents the control horizon, i.e. the
number of time steps for which the control actions
must be optimized to control the evolution of the sys-
tem. The value of N. must be such that N, < N,
both to have a lower computational cost and to guar-
antee the internal stability of the controller. In par-
ticular, we decided to handle the constraints
separately because they must be rigorously applied,
ensuring the feasibility and efficiency of the solver.
Consequently, the optimization problem can finally be
defined as follows:

: cost
min T ]k, leader
u:[axéf]
(36)
s.t. ax,min S ax S ax,max

5f,min < 5]’ < 5f,max

where ay[m/s’] € [-2,1] and Jf[rad] € [-0.4,0.4].
Following the previous steps, we can define the follower
vehicle cost function Jijiower in the same way. The only
difference consists in the definition of the errors used
for the cost function; in particular, we will have:

elat = —(Xfollower — Xieader)sin(0)
+ (Vfollower = YVieader)€08(0) (37)
&aw = Ysollower — Wleader (38)
€vel = Xleader — Xfollower (39)

where in this case the reference values of the (x,y, V)
coordinates are the current ones of the leader vehicle
and the angle 0 is calculated as the difference between
the current position of the follower vehicle and that
of the leader. In particular, to simulate the mechanical
connection between vehicles, the system calculates the
current distance between the two vehicles at each time
step and uses a PI control to evaluate the reference
speed to be sent to the follower NMPC based on the
distance error. In this way, the reference speed value
Xieader fOr the follower vehicle is calculated as follows:

t

xleader(t) = erdist(t) +K; Jo edist(t)df (40)
where K, and K; are, respectively, the proportional
and integral gains of the PI controller and ey =
deyrr — dy is the distance error between the two
vehicles with d,,, current distance and d, reference
distance (in this case dy = 6 m).

5. Results and discussion

To verify the effectiveness of the proposed controller,
numerous simulations conducted in the
MATLAB/Simulink environment, examining different
vehicle trajectories and conditions. The controller was
first tested in the case of a single vehicle to verify its
effectiveness in the trajectory tracking control applica-
tion, the general architecture of which is highlighted
in Figure 6.

Therefore, two different scenarios were considered:
In the first scenario (Figure 7a), an ideal trajectory
generated by parametric equations is considered.
However, in the second scenario (Figure 7b), the
actual path was recorded by a GNSS device (25 Hz)
mounted on the vehicle used as a reference, whose
parameters can be seen in Table 2 and were then used
as the desired path. For brevity and given the focus of
the article, only the scenarios for the application of
the convoy will be shown.

As regards the convoy application between two
vehicles, a second vehicle has been introduced with
the same characteristics as the first and at a fixed dis-
tance dy from it in a leader-follower logic. The overall
control architecture is schematized in Figure 8, where
the leader vehicle communicates to the follower infor-
mation relating to its status, such as position, longitu-
dinal speed, orientation, and curvature of the traveled
trajectory.where: (X, yrr) and p,, denote the refer-
ence path and the trajectory curvature, respectively;

were

Vrer and ays are the reference speed and acceleration;
€lat;> €vel;» €yaw, are the lateral, speed, and yaw errors of
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Figure 7. Tested trajectories.

Table 2. Vehicle model parameters.
m [kg] Ir [m] I, [m] I, [kg-m?] Vmax [M/S] Caer [N/rad] G, [N/rad
450 08 0.8 270 7 10000 9000

vehicle i € {I,f} (leader, follower) with respect to the
trajectory reference; a, and J; represent the throttle/
brake and steering commands of vehicle i (x;,y;) and
(Va Vyo ;) are the current position, linear, and angular
velocities of vehicle i; p,, is the estimated curvature of
the leader’s trajectory; and ey is the inter-vehicle dis-
tance error.

The follower vehicle stores this data in a memory
buffer, from which it can subsequently extract refer-
ence values according to its current location, using
them for tracking. Consequently, the second vehicle
has no a priori knowledge of the route or the speed
profile to follow. The control logic is structured in
such a way that, based on the reference data taken
from the buffer and the errors detected, the follower
determines the curvature and the reference speed
necessary to minimize such errors. These values are

then used as input to the NMPC control. The same
controller designed for the leader was used for the fol-
lower vehicle. This choice was motivated by the need
to allow vehicles to operate in variable configurations
in the future, enabling them to assume the roles of
leader and follower indifferently at any time.
Therefore, the effectiveness of the system was eval-
uated in both scenarios, with the objective of consid-
ering the future implementation of different control
strategies depending on the specific function of the
vehicle, switching between the controls based on the
assigned task. The operation of the control architec-
ture can be divided into two main phases:

Phase 1: Initialization - The convoy is initialized
with the vehicles aligned and physically connected at
the pre-established target distance. In this phase, the
leader begins to move, and its trajectory data (e.g.,
position, orientation, and curvature) are recorded in
sequence into the FIFO buffer. The follower’s control-
ler is active, but its objective is simplified: it travels in
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Figure 8. Overall control architecture for convoy of two vehicles.

a straight line (target curvature set to zero), with the
PI controller managing its speed to maintain the ini-
tial distance. This phase continues until the follower’s
position is within a predefined threshold of the lead-
er’s starting point, at which time the system transi-
tions to Phase 2.

Phase 2: Path Replication and Distance Control -
Once the follower reaches the leader’s starting
point, it transitions to full path-following mode.
The NMPC controller now receives two distinct ref-
erence signals sourced from different components of
our architecture:



e Path Reference (from FIFO Buffer): The follower
tracks the leader’s geometric path, which is read
from the FIFO buffer. The specific reference way-
point and target curvature are selected from the
buffer’s stored data by finding the path point that
minimizes the distance to the follower’s current
position. This “path replication” ensures the fol-
lower precisely follows the leader’s track, prevent-
ing “cutting-corners.”

o Speed Reference (from PI Controller): The target
speed for the follower is not taken from the buffer.
Instead, it is calculated in real-time by the
Proportional-Integral (PI) controller. This controller’s
input is the current distance error (the difference
between the desired fixed connection length and the
actual measured distance). The PI controller’s output
provides the reference speed for the NMPC.

These two reference values—the path/curvature from
the buffer and the reference speed from the PI—are
used to calculate the tracking errors that the NMPC
controller is tasked with minimizing. This mixed strat-
egy effectively decouples the control problem: the FIFO
buffer ensures lateral (path) fidelity, while the PI con-
troller ensures longitudinal (distance) stability.

Finally, the proposed control architecture was tested
in both previous scenarios.

5.1. Scenario 1

In Scenario 1 (SIL), the proposed control architecture
demonstrates excellent performance in accurately fol-
lowing the reference trajectory for both vehicles, as
shown in Figure 9a.
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// Leader
40 A ] 00 | |eememens Follower
// Reference
/
7
30 7
/
Vi
/
P
— 20 / o
£ 7 v ™
— // v "
> 7 A \
10 P / N\
74 / A
/ " \
, . \
| |
0 !l | i
\ / i
\
\ // I
-10 - oS 7
p G

-70 -60 -50 -40 -30 -20 -10 0
x [m]

(a) Scenario 1 trajectory.

Figure 9. Scenario 1.
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In Figure 9b, the lateral, yaw, speed, and inter-
vehicle distance errors are shown. Both vehicles
exhibit excellent trajectory-following performance,
maintaining near-zero lateral and yaw errors through-
out the scenario, indicating precise adherence to the
planned path. Their velocity variations are relatively
small and likely reflect the adjustments needed to
navigate the trajectory, particularly at discontinuities.
During continuous trajectory segments, both vehicles
maintain small lateral and yaw errors, typically within
the range of =0.02 m and *0.01 rad, respectively,
demonstrating effective path following. Speed errors
also remain generally within  +0.01 m/s.
However, discontinuities in the trajectory (due to the
connection points between different routes), particu-
larly around ¢ = 20 s, induce transient deviations in
the convoy’s performance but are still relatively small
in absolute terms (for example, lateral errors with a
peak around *0.02 m, yaw errors around *0.08 rad,
and distance errors around *0.02 m), demonstrating
the robustness of the proposed architecture.

Figure 10 presents the control inputs generated by
the NMPC during the ideal Software-in-the-Loop (SIL)
test. As shown, both the longitudinal acceleration (ay)
and the steering angle (Js) are exceptionally smooth.
This behavior is consistent with the task of tracking a
perfect, mathematically defined trajectory that lacks any
noise or sudden disturbances. The commands are grad-
ual and precise, demonstrating the controller’s stable
and effective performance under ideal conditions.
Table 3 summarizes the results obtained in Scenario 1
for both vehicles in terms of the Mean Squared Error
(MSE), the Root Mean Squared Error (RMSE), and the
Mean Absolute Error (MAE).

low,

0 5 10 15 20 25 30 35 40
0.1 T
= " & Follower
E L IR - = = = Leader
E olpoS e AL
3 S A -
o S —
0.1 1 I L L I I I L
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(b) Lateral, Yaw, Speed and Distance errors in
Scenario 1.
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Figure 10. Control inputs in Scenario 1.

Table 3. MSE, RMSE and MAE for follower and leader in
Scenario 1.

Errors MSE RMSE MAE
Follower errors

Lateral (m) 0.0001 0.0094 0.0064
Yaw (rad) 0.0010 0.0313 0.0217
Speed (m/s) 0.0001 0.0091 0.0051
Distance (m) 0.0001 0.0085 0.0057
Leader errors

Lateral (m) 0.0001 0.0118 0.0088
Yaw (rad) 0.0001 0.0094 0.0054
Speed (m/s) 0.0014 0.0380 0.0282

5.2. Scenario 2

In Scenario 2 (MIL), the proposed control architecture
continues to exhibit solid performance; however, fac-
tors from the real world introduce slightly higher
errors compared to the ideal case, as shown globally
in Figure 1la.

Figure 11b presents the lateral, yaw, speed, and
inter-vehicle distance errors for both vehicles.
Although the control strategy effectively maintains
trajectory tracking, external disturbances, unmodeled
dynamics, and measurement noise lead to transient
deviations, particularly during trajectory discontinu-
ities. As shown in Figure 11b, both vehicles maintain
small lateral and yaw errors for most of the scenario.

The follower typically exhibits lateral deviations
within *£0.03 m, while the leader experiences slightly
larger deviations, particularly around ¢t =12-15s,
where it reaches peaks of approximately 0.4 m. Yaw
errors follow a similar trend, remaining within

40 45 50

#+0.05 rad for most of the scenario but showing tran-
sient peaks of approximately 1.0 rad around ¢ =
12—15 s and up to 0.5 rad at t = 32— 33 s during
abrupt trajectory changes. The velocity errors, illus-
trated in the third subplot of Figure 11b, remain low
under steady-state conditions but increase around dis-
continuities, particularly near t = 15 s, where the fol-
lower shows oscillations reaching 0.4 m/s. This
suggests that the controller effectively manages speed
fluctuations but must compensate for sudden trajec-
tory transitions. The inter-vehicle distance error,
shown in the last subplot, remains relatively small but
exhibits noticeable variations around t = 15 s, peak-
ing at approximately 0.5 m. This behavior indicates a
temporary deviation in convoy coordination but dem-
onstrates the control system’s ability to rapidly stabil-
ize and maintain safe vehicle spacing. In general,
while disturbances induce higher transient errors
compared to the ideal scenario, the control architec-
ture remains robust, ensuring that both vehicles
quickly recover and maintain stable performance.

In contrast to the SIL case, the control inputs for
the Model-in-the-Loop (MIL) test, shown in Figure
12, are visibly more active. The controller is making
continuous and more aggressive adjustments to both
a, and 6y to compensate for the higher-frequency
components and imperfections present in the prere-
corded GNSS trajectory. This demonstrates the effect-
iveness of NMPC’s in a challenging, realistic scenario.
Crucially, the controller is shown to use the full
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Table 4. MSE, RMSE and MAE for follower and leader in
Scenario 2.

Errors MSE RMSE MAE
Follower errors

Lateral (m) 0.0010 0.0311 0.0179
Yaw (rad) 0.0026 0.0510 0.0321
Speed (m/s) 0.0140 0.1183 0.0577
Distance (m) 0.0569 0.2385 0.1446
Leader errors

Lateral (m) 0.0144 0.1199 0.0548
Yaw (rad) 0.1565 0.3957 0.1459
Speed (m/s) 0.0102 0.1012 0.0616

available control authority, with the longitudinal accel-
eration a, clearly reaching its predefined constraint of
2 m/s*. The steering angle d; also operates over a

t(s)

much wider range, approaching its own limit of
0.4 rad. This confirms that the NMPC is successfully
and robustly handling the task by optimizing its com-
mands right up to the physical limits of the actuators
without ever exceeding them. The signals remain sta-
ble and do not exhibit chattering, validating the con-
troller’s design.

Table 4 summarizes the error metrics (MSE,
RMSE, and MAE) for both vehicles in the real trajec-
tory scenario, providing a quantitative assessment of
the controller’s effectiveness using Model-In-the-Loop
(MIL) validation.

Table 5 summarizes the results obtained for both
scenarios and vehicles.
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Table 5. Error metrics comparison for follower and leader in
both scenarios.

Errors MSE RMSE MAE
Ideal trajectory

Follower

Lateral (m) 0.0001 0.0094 0.0064
Yaw (rad) 0.0010 0.0313 0.0217
Speed (m/s) 0.0001 0.0091 0.0051
Distance (m) 0.0001 0.0085 0.0057
Leader

Lateral (m) 0.0001 0.0118 0.0088
Yaw (rad) 0.0001 0.0094 0.0054
Speed (m/s) 0.0014 0.0380 0.0282
Real trajectory

Follower

Lateral (m) 0.0010 0.0311 0.0179
Yaw (rad) 0.0026 0.0510 0.0321
Speed (m/s) 0.0140 0.1183 0.0577
Distance (m) 0.0569 0.2385 0.1446
Leader

Lateral (m) 0.0144 0.1199 0.0548
Yaw (rad) 0.1565 0.3957 0.1459
Speed (m/s) 0.0102 0.1012 0.0616

6. Conclusion

In this paper, a mixed PI-NMPC control strategy was
proposed for the trajectory tracking control of a mech-
anically connected automated vehicle convoy. The pro-
posed mixed PI-NMPC control strategy ensures
coordinated motion in a convoy of two vehicles, where
both the leader and the follower implement NMPC for
trajectory tracking. The NMPC predicts future states
and optimizes steering and throttle/brake commands
while accounting for the nonlinear vehicle dynamics and
constraints. Additionally, a PI controller regulates the
inter-vehicle distance, ensuring that the follower accur-
ately tracks the leader. This approach improves stability,
adherence to the trajectory, and adaptability to varying
driving conditions. The effectiveness of the control
architecture was verified in the MATLAB/Simulink®
environment by performing simulations on ideal and
real datasets, representative of different operational sce-
narios. The simulation results demonstrated excellent
performance in the ideal case, guaranteeing accurate
tracking of the reference trajectory and a distance error
between the two vehicles limited to an interval of
+0.05 m. However, in the real scenario, the distance
error turns out to be larger (up to approximately
0.80 m), mainly due to constraints imposed on the
dynamics and characteristics of the trajectory. The
results obtained from the simulations in the real sce-
nario therefore highlight the limits and problems that a
possible mechanical coupling between the vehicles would
impose on the system. A rigid connection mechanism
would, in fact, be incompatible with the presence of dis-
tance errors, although small, due to the large forces that
can be exchanged between the vehicles and the coupling.
It therefore becomes necessary to rethink the type of

coupling for a future real application, evaluating the
adoption of an elastic rather than rigid connection
between the vehicles, in order to tolerate the inevitable
deviations in the desired distance between the vehicles,
due both to the natural delays of the mechanical actu-
ation systems of the vehicles and to the need for the
controller to adapt in real time to variations in the lon-
gitudinal speed of the leader, which presents a profile
that varies over time and is not known a priori.

Nomenclature

CACC Cooperative Adaptive Cruise Control
DDPG Deep Deterministic Policy Gradient
DRL Deep Reinforcement Learning

FIFO First Input First Output

GNSS Global Navigation Satellite System
MAE Mean Absolute Error

MD Measured Disturbances

MIL Model-In-the-Loop

MIMO Multi-Input-Multi-Output

MPC Model Predictive Control

MO Measured Outputs

MSE Mean Squared Error

MV Manipulated Variables

NMPC Nonlinear Model Predictive Control
ov Output Variables

PI Proportional-Integral

RMSE Root Mean Squared Error

va2v Vehicle-To-Vehicle

Notes

1. From now on, the term “convoying” will be used to
describe a convoy of mechanically connected automated
vehicles.

2. Patented by Universita degli Studi di Firenze, priority
number IT201900012120A1 Alessandrini and Cignini
(2021)
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