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Abstract: In recent years, autonomous vehicles and advanced driver assistance systems have drawn
a great deal of attention from both research and industry, because of their demonstrated benefit in
reducing the rate of accidents or, at least, their severity. The main flaw of this system is related to the
poor performances in adverse environmental conditions, due to the reduction of friction, which is
mainly related to the state of the road. In this paper, a new model-based technique is proposed for
real-time road friction estimation in different environmental conditions. The proposed technique is
based on both bicycle model to evaluate the state of the vehicle and a tire Magic Formula model based
on a slip-slope approach to evaluate the potential friction. The results, in terms of the maximum
achievable grip value, have been involved in autonomous driving vehicle-following maneuvers,
as well as the operating condition of the vehicle at which such grip value can be reached. The
effectiveness of the proposed approach is disclosed via an extensive numerical analysis covering a
wide range of environmental, traffic, and vehicle kinematic conditions. Results confirm the ability
of the approach to properly automatically adapting the inter-vehicle space gap and to avoiding
collisions also in adverse road conditions (e.g., ice, heavy rain).

Keywords: autonomous driving; friction estimate; tire-based control; ADAS; potential friction

1. Introduction

Rapid economic growth has lead to a considerable expansion of circulating vehicles,
especially in big cities [1], exceeding the growth rate of the road infrastructure, and therefore
leading to the traffic congestion [2], the growth of risk of accidents and fatalities [3,4], as
well as of pollution-linked issues, due to COx, NOx and CxHy emissions [5,6]. In recent
years, thanks to the availability of continuously improving embedded hardware solutions,
there has been a vast increase in the employment of advanced electronic systems to manage
both safety and performance driving. Advanced Driver Assistance Systems (ADAS) are
currently considered as a valued solution for reducing the main road transport issues (i.e.,
the congestion, traffic accidents, environmental stress and fuel consumption mentioned
above) supporting the driver by informing on, actively assisting in, or taking over part of
the driving task [7–9].

In a broader perceptive, by the superposition of sensing, planning, ADAS and control
applications, the vehicle is going to become more and more automated in the very next
future, thus leading to its full autonomy making the driver simply a passenger [10,11].
Within this technological paradigm, the ability of the vehicles to drive themselves in a safe
manner highly depends on their prior capability to understand the external environment
and to correctly estimate the vehicle state in all the possible operating and environment
conditions [12–14]. It is worth to note that, as stated by SAE International, the difference
between a Level 4 and Level 5 autonomous vehicle is the capability of driving itself in any
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situation, which implies adverse environmental scenarios like heavy rain, snow, or ice on
the road surface [15].

Hence, in order to guarantee a greater safety-level with respect to environmental
conditions [3,4,16,17], it is necessary to account for their effect since from the very beginning
of the ADAS design phase, introducing advanced control strategies that could leverage
both real-time measurements, coming from different in-vehicles sensors (camera, radar,
lidar and combinations of those via sensor-based fusion techniques [18–21]), and on-board
environmental estimation modules. Indeed, the use of only sensors’ measurements could be
not enough to perceive properly the external environment, since the vehicle control system
has also to predict and discern how heavy rain, snow, ice condition or road singularities
(e.g., oil stains, puddles, holes, or disconnected cobblestone) could impact on safety, so that
the driving policy is to be tuned according to the actual environmental adversities.

Moreover, in extreme scenarios vehicle dynamics may be deeply affected by the non-
linearity of tires’ dynamic behavior, therefore limiting the maneuverability in terms of
both longitudinal and lateral accelerations and significantly reducing drive-ability and
steer-ability. Furthermore, during emergency situations, which typically involve abrupt
deceleration or steering, the tires can be easily pushed to their unstable dynamic region,
thus requiring a specific control policy depending from the current dynamics of the vehicle
and its sub-components, that hence have to be estimated at each time instant [22].

To solve the above open issues, in this paper, the authors propose a control architecture
responsible for the longitudinal dynamics of the vehicle chassis, composed of two ADAS
functionalities—namely Adaptive Cruice Control (ACC) and Autonomous Emergency
Braking (AEB)—in addition to the blueAntilock Braking System (ABS), which is road-grip
aware in the sense that it is able to properly regulate the vehicle motion on the base of
the on-line estimation of the road friction coefficient per single tire, based on the T.R.I.C.K.
(Tire Road Interaction Characterization & Knowledge) methodology [23]. In particular, the
in-vehicle friction estimation module, starting from the acceleration, angular speed and
steering angle data acquirable from widely-adopted sensors, allows us to calculate in run-
time the kinematics and the dynamics of all the tires, in terms of interaction slips and forces,
respectively. The vehicle is modelled using a totally physical approach, whose parameters
(inertia, geometry, etc.) are independent from the external environment, whereas its tires’
sub-models response deeply depends on the peculiar asphalt texture characteristics.

The technique has been developed by combining two model-based approaches: a bi-
cycle vehicle model evaluates the state of the vehicle in terms of forces and actual friction
coefficient, on the basis of the quantities measured by the sensors installed on board, and
the tire Magic Formula (MF)-based model evaluates the potential friction value, achievable
on a particular road surface, based on the slip-slope procedure. The estimation of the poten-
tial friction procedure relies on the fact that the tires’ characteristics have been identified on
a reference tarmac texture, called reference road surface, towards which the tires’ dynamic
response is compared for the same kinematic and dynamic operating conditions.

The methodology, implementable on board within the vehicle Electronic Control Units
(ECUs), shows how a potential grip coefficient information, crucial for the design of the
innovative control logics, can be adopted in the autonomous driving vehicle systems,
allowing the optimization and maximization of the performance, reducing the collisions
number and their severity, even in strongly unfavourable and changing environment and
road conditions.

The effectiveness of the theoretical approach is validated via a purposely developed
co-simulation platform able to emulate both the dynamics of the vehicle under control (or
ego vehicle), and the environment, in terms of traffic and road surface conditions. The time
step chosen for each iteration of the proposed estimation algorithm is 0.05 s (200 Hz).
Results disclose that the developed control strategy is able to achieve higher performance
in terms of safety than a commonly adopted ones, demonstrating the potential to decrease
the risk of collisions in every studied scenario.
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The paper is organized as follows: the Sections 2 and 3 introduce related work and
problem statement, respectively; the designed on-board road-grip estimation is represented
in the Section 4; the design of the road-grip aware control modules is discussed in the
Section 5. Finally, in Sections 6 and 7, the simulation platform and numerical results are
shown, respectively.

2. Related Work

ADAS for the safe automatic driving mostly tackles the stabilization of the chassis
longitudinal motion and the actuation of the emerging braking via a wide variety of
control techniques. Among others, Model Predictive Control (MPC) has been effectively
used in [24–28] in order to synthesize an ACC system. Regarding the AEB, typically
event-based controllers have been realized through a continuous evaluation of the braking
distance [29,30] or the collision time [31]. Alternative formulations can be found in [32],
where the authors classify the collision risk upon the definition of potential fields, or in [33]
where an impedance controller is synthesized, thus resulting in a time based controller.
Some ADAS combine ACC and AEB strategies for multiple driving situations: in [34] a
Linear Quadratic Regulator (LQR) works jointly with a Time-To-Collision (TTC)-based
logic and in [35] a Proportional-Integral-Derivative (PID)-based velocity control embeds
a continuous time collision avoidance mechanism with the aim of reducing excessive
jerk. More complex architectures can be found in [36,37], where nonlinear MPC and
reinforcement learning formulations have been designed for safely steering the longitudinal
vehicle’s dynamics.

Attempts to account for the road conditions into specific ADAS driving features have
only recently been developed; research of the tire-road friction estimation is a topic that has
been extensively addressed and the study is continuing to this day. According to [38], it is
possible to divide the different approaches on friction estimation into two main groups:
experiment-based and model-based approaches.

The experimental based methods use additional sensor measurement as optical or
acoustic sensors and cameras to evaluate the friction based on the fact that wet asphalt
is dark grey with a higher clarity of texture than dry asphalt [39]. The disadvantages
associated with this category lie in the high frequency of these sensors get dirty, and
therefore distort the results. In addition, the vehicles are generally not equipped with the
sensors mentioned above and are difficult to maintain.

With regard to the model-based group, the friction information is evaluated thanks to
the mathematical models describing the vehicle system and its subsystems, starting from
the information, measured by the sensors installed on the vehicle. Such methodology has
demonstrated to be able to evaluate the actual grip in the most environmental condition,
but not the potential grip. In [40], the authors experimentally evaluate a set of parameters,
as peak friction, interaction shape and curvature factors, for different road environmental
condition (dry, snow, ice) to estimate the tire stiffness. Then a run-time switch selects the
set of parameters in memory corresponding to the current stiffness of the tire, leading to
evaluate the potential grip.

The limit of this approach is dictated by the number of parameters to be stored in the
memory, able to describe the different asphalt conditions [41]. Differently from the [40],
the friction peak value has been researched imposing relatively large magnitudes of brak-
ing/accelerating or steer inputs to achieve sufficient variations in tires’ dynamic responses.
To this purpose, a different speed control logics have been developed for the front and rear
wheels in order to identify the stiffness and the tire road friction coefficient without severely
influencing vehicle forward speed. However, these maneuvers may not be practical in ev-
ery vehicle operating condition, as in [42], in which the tire-road friction estimator has been
activated when the vehicle reached constant speeds. The latest methodology belonging to
model-based approaches is the slip-slope [43], based on the assumption that in small slip
ranges the correlation between slip and µ could be represented by a linear function, and
at higher values of slip ratio the normalized longitudinal interaction force is assumed to
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saturate. The potential friction coefficient can be then evaluated starting from knowledge
of the slope of the tire-road interaction curve even from low slip values, obtainable during
not particularly aggressive driving conditions, employing linear regression models.

3. Problem Statement and Control Architecture

Consider a front-wheel driven vehicle where the propulsion is obtained through an
electric engine. Moreover assume the vehicle is equipped with proprioceptive sensors
for the measurement of its state variables (e.g., chassis velocity, acceleration, yaw rate,
and tires’ angular velocities), as well as with exteroceptive sensors (e.g., radar, camera,
lidar, or a combination of these) for the sensing of the external environment and for the
mapping of external obstacles (details on sensing technologies can be found in [44] and the
corresponding references).

The aim of this work is to describe a methodology capable to perform the autonomous
vehicle-following process in a safe, controlled and comfortable manner even in poor
weather conditions, like ice, snow and heavy rain, starting from the information available
thanks to a computationally cost effective model-based tire-road friction coefficient tech-
nique. The data from proprioceptive sensors are collected in run-time, processed with the
physical model-based estimator and, then, employed in loop with a vehicle control logic.
From the point of view of the control, the objective is to develop grip-aware functionali-
ties in order to improve driving performance and safety, starting from the strategies for
ACC, AEB and ABS longitudinal maneuvers, leveraging the on-board estimation of the
road conditions.

To achieve the above mentioned tracking capability, the ACC system has not only to
safely adjust the ego-vehicle speed to approach the velocity of the leading vehicle, but it
has also to keep the vehicle spacing to an expected value ddes that must be adaptable on
the base of the estimated road grip, as:

d(t)→ ddes(t, µ), (1)

∆v(t)→ 0, (2)

where v(t) is the ego vehicle velocity measured on-board by proprioceptive sensors, while
d(t) is the distance between the ego vehicle and the leading one and ∆v(t) is the relative
velocity w.r.t. the leading vlead, computed leveraging the on-board exteroceptive sensors.
Here, the grip-aware desired space gap ddes can be set according to the following the
headway time rule [45]:

ddes(t, µ) = d0 + τH(µ)v(t), (3)

where d0 is the constant spacing at standstill and τH(µ) is the headway time to be properly
adapted on the base of the road friction coefficient to be on-line estimated.

In order to further reduce the risks of crashes, the ACC works jointly with the AEB
that, sharing the same on-board sensors, continuously monitors the area in front of the
car, automatically detects a risk and hence activates the vehicle braking system (via the
ABS, Anti Brake-locking System) decelerating the vehicle with the purpose of avoiding
or mitigating a possible collision. It follows that, unlike the ACC, the AEB is activated
only when a collision index highlights the possibility of a crash. Here, we exploit the
well-known TTC index [46] and the AEB is hence activated if its value is under some
threshold depending on the estimate road conditions, as:

TTC = − d(t)
∆v(t)

< TTCth(µ), being ∆v(t) < 0. (4)

When the emergency braking is requested by the AEB, the maximum torque is applied
to the wheels via the ABS control chain. The wheel actuation systems decreases the
longitudinal slip value, thus generating a braking force on the chassis. However, if the slip
ratio is below the optimal value, depending on the actual road condition, the dynamics
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could become unstable with a consequent lock of the wheels. It follows that an efficient
control strategy for automatic safe braking during emergency has to adapt the optimal slip
value on the base of the estimation of the grip in order to enhance the performance of the
ABS, and thus of the overall vehicle.

The above grip-aware ACC, AEB and ABS functionalities have been embedded into
the on-board control architecture depicted in Figure 1. The on-line road-grip estimate
module implemented on-board firstly calculates the actual friction conditions, estimating
the tire-road interaction kinematics and dynamics, and then it provides the actual and the
potential friction coefficients per each tire. This estimate, indicated in what follows as µ̂, is
hence exploited to control the longitudinal dynamics of the ego vehicles via grip-aware
ACC, AEB and ABS controllers. Note that a supervisor (the so called decision-making unit
in Figure 1) is responsible of classifying the specific driving conditions and of choosing the
required driving functionality accordingly [47].

Figure 1. On-board Control Architecture.

4. In-Vehicle Road-Grip Estimation
4.1. From Vehicle Sensors to Tires’ State

In recent years the number of sensors installed on vehicles has increased exponentially,
facilitating the modelization of the entire system towards the target to consider the standard-
instrumented vehicle as a mobile laboratory. Indeed, starting from the acquisition of
the physical signals coming from all the sensors installed, employing currently widely-
available and affordable mobile calculators, it is possible to properly process the time-
evolving dynamic quantities with the aim to feed the real-time state estimators directly
on-board. Furthermore, starting from the global quantities referring to the vehicle total
behavior, it is currently possible to evaluate even the kinematic and dynamic states of its
sub-components, as tires. The developed algorithm, based on the T.R.I.C.K. methodology
described in [23], allows us to evaluate in a specifically dedicated on-board module the
fundamental kinematic and dynamic quantities for the tire characterization in real time,
starting from the experimental signals available within the vehicle CAN bus (Controller
Area Network) and s-motion measurement or, as the case in exam, employing a specific set
of sensors pre-configured on the vehicle. Such methodology also allows us to evaluate the
potential of an estimation process in terms of tire interaction curves, such as in [48].

The originally designed model, described in [23], referred to a quadricycle vehicle
fully described from the dynamic point of view. Since the study under analysis aims
at simulating the emergency braking manoeuvres et similia, involving only the vehicle
longitudinal dynamics, the model can be simplified considering its plane of symmetry
xz (ISO reference system). Taking into account the above hypothesis, the vehicle can be
represented as a bicycle model, whose constitutive equations are described by 3 degrees of
freedom within the reference plane xy. The above assumption allows us to reduce also the
analytical computational cost linked to the model state evaluation per step, as well as the
number of parameters to be identified in order to physically reproduce the model dynamics
concerning the longitudinal maneuvers, object of investigation. The simplified vehicle
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model, able to evaluate the kinematics and the dynamics at each axle, feeds the specifically
designed logic of the control system providing both actual and potential friction coefficient
in run-time.

To perform the analyses, the following modelling and environment assumptions have
been considered:

• The road is modelled completely flat with eventual banking and local geometrical
effects (i.e., potholes, kerbs, micro- and macro- roughness) absent.

• The tire is modelled only in terms of its kinematic-dynamic transfer function without
taking into account its eventual transient dynamics. Furthermore, the multi-physical
effects, as thermal or wear abrasive and degradation influences, have not been taken
into account at the current stage.

• Since the vehicle is involved in analyses concerning only the longitudinal dynamic
maneuvers and considering the vehicle body symmetry hypotheses, the steering angle
signal is assumed to be always zero and, therefore, it is not employed within the
modelling and the estimation of the vehicle state.

• The vehicle is described only in terms of its intrinsic global geometric and mass-inertia
parameters. The longitudinal load transfer is considered taking into account the
position of the vehicle body centre of gravity.

• The vertical load distribution on each axle is evaluated starting from the static load
data, load transfers due to the geometric position of the vehicle body centre of gravity
within the xz plane and the aerodynamic force. The estimation of the tangential
interaction forces, due an intrinsic non-linearity of each tire system, need an additional
convergence algorithm for a correct partition of the global longitudinal force, located
at the centre of gravity, into its two contributes based on the front and on the rear
axles. Indeed, starting from the vertical loads calculated at each axle the convergence
algorithm evaluates the above longitudinal forces, consistent with the vertical loads
applied, the kinematics evaluated and the intrinsic dynamic characteristics of a pre-
calibrated tire (neglecting the tires’ transient behavior at the current stage).

• The suspensions and steering system kinematics and compliances have been taking
into account by acquiring the invariable KC curves by means of physical bench testor
as an output of simulations performed by means of a multibody model.

The inputs of the T.R.I.C.K.-based methodology, optimized for the longitudinal ve-
hicle dynamics estimation, comprise the following signals acquired thanks to the sensors
acquired and processed directly on-board:

• Wheels’ angular velocity (rad/s).
• Longitudinal velocity evaluated at the vehicle’s centre of gravity (m/s).
• Longitudinal acceleration evaluated at the vehicle’s centre of gravity (m/s2).
• Throttle position (%).
• Braking position (%).

The model outputs, referring to the axle kinematic and dynamic quantities as well as
to the additional, are reported below:

• Axles’ slip ratio (-).
• Axles’ vertical interaction force (N).
• Axles’ longitudinal interaction force (N).
• Axles’ actual friction coefficient (-).

Since the double track model, i.e. since the dynamics of the vehicle axle, and analyzing
a longitudinal maneuvers, the assumption in [49] related to consider the left and right gear
ratio of the steering system almost equal, small steering angles and negligible of lateral
load transfer and the body roll effect are accepted. Due to the vehicle body symmetry
hypotheses made to develop a single track model, the forces acting on the tire have been
considered equal. Therefore, the forces acting on the single tires of a single track model are
equal to the forces of the entire axle. The vehicle model and the reference system considered
are shown in Figure 2.
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Figure 2. Friction Estimator: Vehicle model and reference system in which the z axis is perpendicular
to the road equivalent plane xy.

In order to evaluate the vertical forces, the loads acting on axles in a stationary
condition (v = 0 and a = 0), called “static loads”, W f and Wr, have to be evaluated.
Such values depend on the position of the vehicle body centre of gravity:

W f =
mglr

L
, (5)

Wr =
mgl f

L
. (6)

For the longitudinal load equation [49], the load transfer are:

∆Fz =
mhax

l
. (7)

The aerodynamic downforces are expressed by following equation:

Fzaeroi =
1
2

ρAvv2Czi , (8)

with i = [1, 2] are defined the axles (respectively front and rear).
Therefore, the axles vertical loads result equal to:

Fzi = −(Wi − ∆Fz + Fzaeroi ). (9)

The effect due to the inertia resistance of the axles is equal to:

Finertiai =
IwΩ̇i
Rri

. (10)

The longitudinal interaction forces can be estimated starting from the information
regarding the velocity estimated at the vehicle centre of gravity, acquirable by means of
specific sensors or employing a model-based technique, taking into account the vehicle
kinematics and the vertical load estimated at each wheel hub [50]. Therefore, in order to
obtain the axle forces, the kinematic and load vehicle state estimator provides the accurate
vehicle speed vx, the longitudinal acceleration ax, the wheel speed Ω, the inclination angle
(IA) and the normal load Fz.
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To this purpose, the global longitudinal dynamic equilibrium of the vehicle has been
implemented considering axles’ longitudinal forces as given by sums of singular tires’
forces, distributed equally between the left and the right side:

Fx = Fxl + Fxr , (11)

in which the contribution of the single tire, for symmetry hypothesis, is assumed to be
equal to:

Fxi =
Fx

2
. (12)

The longitudinal interaction forces is a non-linear function of longitudinal acceleration,
normal loads, inclination angle, longitudinal speed evaluated at the contact point, wheel
speed and longitudinal spindle velocity:

Fxi,j = f (ax, Fzi , vxCPi,j
, IAi,j, Ωi,j, vxspindlei,j

). (13)

The vxCP has been evaluated as:

vxCPi,j
= Ri,jΩi,j, (14)

with Ri,j has been assumed the rolling radius as:

Ri,j = f (Fzi,j , IAi,j, Ωi,j). (15)

Finally, the slip ratio (λ) is:

λi,j =
vxCPi,j

− vxspindlei,j

vxspindlei,j

. (16)

4.2. On-Board Estimation of Actual and Potential Friction

It is common knowledge that the tribological characteristics of an asphalt can vary
significantly depending on the distributed uniform dry, wet, snow or icy conditions (linked
to meteorological aspects), or on the presence of the eventual local singularities as oil spots,
puddles, kerbs or potholes (linked to local maintenance conditions of the road surface).
In order to guarantee the optimum employment of the advanced functionalities of the
autonomous driving logic, besides the information concerning the actual friction condition
of the road surface, it is even more important providing the potential friction coefficient
and the kinematic conditions, in terms of the tire-road interaction slip ratio quantity, it
could be reached applying the external inputs, as throttle or braking pedals. The tire
model parameters, employed within the estimation of the potential friction coefficient,
depend on the parameters characterized and identified on the road characteristics where the
experimental activities took part. Starting from the pre-calibrated set parameters of the tire
model, depending, in its turn, on the peculiar dynamic set of equation chosen to describe the
tire dynamics, and on the actual grip quantity obtainable from the vehicle state information,
the potential friction coefficient achievable by each tire is evaluated. The potential friction
quantity is assumed reachable varying only the slip ratio quantity (i.e., relative velocity
within the tire-road interface) with all other operating conditions remaining the same
(wheel alignment, vertical load and wheel spindle longitudinal speed). There are different
approaches to tire modelling in the literature, which can be both physical and empirical.
Several authors refer to the tire modelling using the Finite Element Method (FEM), adopted
to evaluate static characteristics or to the multi-body tire approaches, as [51–53], commonly
adopted to study dynamic phenomena on uneven surfaces. Although, the above modelling
techniques should be evaluated carefully to the purpose of their employment within the
embedded on-board control electronics due to their particularly significant computational
cost. It becomes, therefore, necessary the adoption of simpler modelling approaches, as
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semi-empirical and analytical models [54], whose computational cost is compliant with the
capabilities of the modern on-board systems.

The typical tire characteristics curve is described in Figure 3, where three different
regions of tire working range are represented.

Figure 3. Tire characteristics curve and potential friction coefficient.

The ratio between longitudinal and vertical forces gives the instantaneous friction
coefficient, i.e., the actual run-time coefficient between road surface and tire, expressed
as follows:

µxi,actual =
Fxi

Fzi

. (17)

The actual friction coefficient µx depends both on the condition of the asphalt and
on the peculiar operating conditions the tire is stressed with (i.e., vertical load, wheel
alignment, slip ratio, longitudinal speed). Therefore, each tire operating point, describable
by the actual friction coefficient µx and the corresponding slip ratio λ, can be represented
in Figure 4, the point 1.

Figure 4. Procedure to evaluate potential friction coefficient.

The eventual changes in terms of friction coefficient within the tire-road interface
are assumed to be referred only to the road surface, since the tire has been especially
pre-calibrated on a reference asphalt surface. Assuming a linear behaviour of the tire in
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the typical working conditions of the vehicle, a linear proportion between the reference
tire-road and the actual tire-road friction coefficients can be assumed. Starting from the
actual friction coefficient quantity, obtained in particular working conditions of the vehicle
and therefore of the tire, and from the model parameters already able to properly represent
the tire dynamics in run-time, the potential friction is evaluated in the following steps,
represented in Figure 4:

• Once the actual friction coefficient (point 1) has been calculated (17), the equivalent
grip for the reference tire-road (point 2) can be evaluated:

µxi,re f Road =
Fxi,re f Road

Fzi

, (18)

• Furthermore, starting from the tire model parameters calibrated on a reference road
surface, the model is able to provide a valuable output in terms of the maximum
longitudinal force, achievable for the same conditions of vertical load, wheel alignment
and vehicle longitudinal speed, at the optimal value λ∗ of the slip ratio (point 3
in Figure 4):

µmax
xi,re f Road

=
Fmax

xi,re f Road

Fzi

, (19)

• The potential friction coefficient (point 4) is obtainable, using the proportionality
criterion already adopted for the point 2, assuming the linearity of the tire behavior
within the working conditions of the vehicle, as follows:

µ̂xi =

Fxi
Fzi

Fxi,re f Road
Fzi

µmax
xi,re f Road

. (20)

In Figure 5, the overall architecture of the developed model is shown. In particular,
starting from the sensor-acquired input channels (on the left), the kinematic and load
estimator calculate the vehicle state up to the kinematics on the wheel hubs. Then the tire
model evaluates the state at the tire-road interface, and, using the above information, the
actual and potential friction estimator module.

Figure 5. Architecture of the vehicle state estimation system.
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5. Design of the Road-Grip Aware Control Modules

The problem stated in Section 3 is here solved by designing road-grip aware driving
functionalities for the four-wheel electric vehicle, leveraging the in-vehicle road grip
estimate as in Equation (20). Specifically µ̂ has been chosen as µ̂xi with i = 1 if only the
front wheel drive is used, and as a weighted sum of µ̂xi with with i = 1, 2, if both axles are
used for actuation.

5.1. Predictive ACC Design

The ACC is responsible for longitudinal tracking in the autonomous vehicle-following
process, so that the vehicle velocity is regulated to a desired speed, while maintaining a
safety distance from the preceding vehicle, often named as leading vehicle in the technical
literature. The controller is hierarchical and it is composed of a double feedback layer.
Namely, the upper-control layer, acts as a reference governor generating the appropriate
acceleration profile to be tracked, while also complying additional constraints related to
driving comfort and energy consumption. The lower level is responsible for commanding
the actuators and, hence, its robust design depends on the specific vehicle configuration.

Here, we focus on the design of the upper layer controller generating reference
trajectories able to also improve driving safety leveraging the on-line prediction of road
conditions. The predicted ACC is designed following the Model Predictive Control (MPC)
approach allowing the continuous constrained optimization of the vehicle longitudinal
dynamics. In contrast to the LQR, the MPC solves the problem over a finite time window,
or prediction horizon, to make it tractable online. The optimization generates a sequence
of control inputs to be imposed over the control horizon, but, according to the receding
horizon principle, only the first element of the sequence is effectively applied to the
plant. New inputs are received at the following time intervals and the procedure is
iteratively repeated.

In order to design the controller, let us define a control oriented mode according the
vehicle-following paradigm [55]:

ḋ(t) = ∆v(t), (21)

∆̇v(t) = alead(t)− a(t), (22)

where d(t) is the distance between the leading vehicle and the ego vehicle, while
∆v(t) = v − vlead is their relative velocity (while alead is the leading acceleration) and
the velocity of the chassis of the ego vehicle v(t) undergoes the following longitudinal
dynamics [55]:

v̇(t) = a(t), (23)

ȧ(t) =
1
τ
(−a(t) + u(t)), (24)

where a(t) is the actual vehicle acceleration and τ the driveline time constant and u(t) the
acceleration input.

Define now the distance error with respect to the desired space gap as
e(t) = d(t) − ddes(t), where the spacing policy ddes(t) is computed as in Equation (3)
with the head-way time being the following piece-wise function of the road grip:

τH =


τ̃H/0.2 µ̂ ≤ 0.2
τ̃H/µ̂ 0.2 < µ̂ ≤ 1
τ̃H µ̂ > 1

(25)

where µ̂ is the estimated maximum available grip and τ̃H is the constant headway for an
ideal dry road [28]. Note that Equation (25) ensures that the safety distance increases as the
peak road friction decreases.
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Let the state vector as x(t) = [d(t) ∆v(t) v(t) a(t)]T ∈ IR4, the output vector
as y(t) = [e(t) ∆v(t) v(t) a(t)]T ∈ IR4 and w(t) ∈ IR as the leader acceleration, i.e.,
w(t) = alead(t). The system in Equations (21) and (23) can be easily recast in the following
state space representation

ẋ(t) = Ax(t) + Bu(t) + Ww(t), (26)

y(t) = Cx(t)− Z, (27)

being

A =


0 1 0 0
0 0 0 −1
0 0 0 1
0 0 0 − 1

τ

, B =


0
0
0
1
τ

, W =


0
1
0
0

, C =


1 −τH 0 0
0 1 0 0
0 0 1 0
0 0 0 1

, Z =


d0
0
0
0

. (28)

However, in order to synthesize the MPC controller, Equation (26) are discretized with
a fixed sample time Ts leveraging the zero-order-hold method, thus yielding:

x(k + 1) = Ax(k) + Bu(k) + Ww(k), (29)

y(k) = Cx(k)− Z, (30)

where, with an abuse of notation, the discrete-time system matrices have been labelled
as the ones of the continuous-time model. Moreover, by augmenting the state vector as
[x(k) u(k)]T , we can resort to the following off-set free formulation as:

x(k + 1) =
[

A B
0 1

]
x(k) +

[
B
1

]
∆u(k) +

[
W
0

]
w(k), (31)

y(k) =
[
C 04×1

]
x(k)− Z. (32)

Note that the above formulation is really beneficial since the increment (∆u(k)/Ts) is
the chassis jerk in discrete time, which is the crucial index for the driving comfort.

The ACC problem in Equation (1) is solved when system in Equation (31) is regulated
to the origin while fulfilling at the same time additional tracking, comfort, consumption and
safety constraints for all times k. In this perspective, the cost function embeds three different
indexes, namely tracking capability, energy consumption and driving comfort. Tracking
capability measures the performances in terms of distance and velocity errors, driving
comfort is evaluated in terms of acceleration and jerk, finally the acceleration command is
chosen as the performance index for energy consumption, yielding the following cost:

J1(y(k), ∆u(k)) = q1|d(k)− ddes(k, µ̂)|2 + q2|∆v(k)|2,+q3|a(k)|2 + q4|u(k)|2 + r|∆u(k)|2 (33)

which can be recasted in matrix form as:

J(y(k), ∆U ) =
Hp−1

∑
i=0

yT
k+i|kQyk+i|k + ∆uT

k+iR∆uk+i, (34)

where Q = diag{q1, q2, q3, q4} is a positive definite diagonal matrix, R ∈ IR+, Hp and

Hc are the prediction and control horizon, respectively, ∆U ∆
= [∆uk, . . . , ∆uk+Hc−1] is the

control sequence during the horizon Hc, while yk+i|k is the predicted output vector at time
k + i, obtained by applying the input sequence starting from the state x(k).
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With respect to safety, road-grip constraints are introduced for the desired and actual
acceleration, as:

umin(µ̂) ≤ u(k) ≤ umax(µ̂), (35)

amin(µ̂) ≤ a(k) ≤ amax(µ̂), (36)

with amax(µ̂) = umax(µ̂) = min(2, µ̂g), amin(µ̂) = umin(µ̂) = max(−4,−µ̂g), where µ̂ is
the estimated maximum available grip and g the acceleration of gravity. The saturation
values ( i.e., 2 and −4) are chosen as upper and lower limit, related to the ideal value for
the grip set as 1 [28].

The constraints on the spacing and the maximum velocity are given as:

dmin ≤ d(k) ≤ dmax, (37)

v(k) ≤ vmax, (38)

where dmin is set to the standstill value d0 (see Equation (3)) and vmax is the maximum
admissible speed depending on the legal requirements on the specific traveled road (urban,
extra-urban, etc.). Note that this information can be acquired from a map-based on board
service leveraging the GPS (Global Positioning System).

Finally, additional constraints on the control input are defined for further improving
the driving comfort as:

∆umin ≤ ∆u(k) ≤ ∆umax. (39)

Given the above definitions, the constrained optimization problem to be on-line solved
at each time step can be written as:

min
∆U

J(y(k), ∆U ) (40)

subject to x(k + 1) = Ax(k) + B∆u(k) + Ww(k) (41)

y(k) = Cx(k)− Z (42)

dmin ≤ ∆d(k) ≤ dmax (43)

v(k) ≤ vmax (44)

amin ≤ a(k) ≤ amax (45)

umin ≤ u(k) ≤ umax (46)

∆umin ≤ ∆u(k) ≤ ∆umax (47)

Evaluating the output prediction as yk+i|k = CAixk + ∑i−1
j=0 CAjBuk+i−1−j − Z and

substituting it into Equation (34), it is possible to obtain the cost J as a function of the only
control sequence. Hence, after some algebraic manipulations, the cost in Equation (34) can
be recasted in the following compact form:

J(∆U ) = ∆UT F∆U + Λ∆U , (48)

where F = R̄ + D̄TQ̄D̄ and Λ = 2(x(k)TC̄T + WT(k)ĒT − Z̄T)Q̄D̄,
being R̄ = diag{R, R, . . . , R} ∈ IRHc , Q̄ = diag{Q, Q, . . . , Q} ∈ IR5Hp×5Hp ,
Z̄ = [ZT , ZT , . . . , ZT ]T ∈ IR4Hp×1, W(k) = [w(k) w(k) . . . w(k)]T ∈ IRHp ,
C̄ = [(CA)T (CA2)T . . . (CAHp)T ]T
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D̄ =


CB 0 . . . 0

CAB CB . . . 0
...

...
. . .

...
CAHp−1B CAHp−2B . . . CAHp−Hc B

, (49)

Ē =


CW 0 . . . 0

CAW CW . . . 0
...

...
. . .

...
CAHp−1W CAHp−2W . . . CAHp−HcW

. (50)

The constraints Equations (43)–(47) can be be also recast in a compact matrix form as:

H̄X ≤ S̄, (51)

∆U ≤ Umax, (52)

−∆U ≤ −Umin, (53)

where Umax = ∆umax · 1Hc×1, Umin = ∆umin · 1Hc×1, H̄ = IHp×Hp ⊗ [H− H]T , S̄ = 1Hp×1 ⊗
S, being S = [dmax vmax amax umax − dmin 0 − amin − umin]

T , and

H =


1 0 0 0 0
0 0 1 0 0
0 0 0 1 0
0 0 0 0 1

. (54)

Hence, substituting the state prediction xk+i|k = Aixk +∑i−1
j=0 AjBuk+i−1−j in Equation (51),

we obtain:

H̄B̄∆U ≤ S̄− H̄Āxk − H̄ĒW(k), (55)

∆U ≤ Umax, (56)

−∆U ≤ −Umin. (57)

From Equations (48)–(55) we finally formulate the linearly constrained quadratic
optimization problem in a compact form as:

min
∆U

J(∆U ) (58)

subject to G∆U ≤ Γ (59)

where G = [(H̄B̄)T IHc − IHc ]
T and Γ = [(S̄− H̄Āxk − H̄ĒW(k))T UT

max UT
min]

T .
One last consideration must be made about the feasibility of problem Equation (58).

Indeed, due to the fact that ddes depends on the estimated grip ratio, at some point in time
the constraint in Equation (43) could be violated, thus leading to the unfeasibility of the
problem. This violation can actually be tolerated for small periods of time, so the it is
treated in practice as a soft constraint [56], i.e., it is added to the cost function with a slack
variable. When the constraint is not violated the slack variable is null and the original
problem is obtained.

5.2. Autonomous Emergency Brake

Road accidents and fatalities statistics are reported annually, showing the relation
between accidents and drivers behaviour [3,4]. Moreover, the authors in [57] showed that
the collision risk increases with the degradation of road conditions. The Autonomous
Emergency Brake is one of the most effective driving functionalities for collision prevention
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and social cost lowering linked to accidents. Nonetheless, EuroNCAP tests are being
carried on roads with friction peaks of at least 0.9, even if in real situations a lower value
reduces the safeness and the robustness of the whole system.

In this perspective, the aim of the grip-aware AEB system proposed by the authors
is to identify the collision risk depending on the actual road conditions and, hence, to
take control of the brakes to avoid possible accidents or at least to reduce their severity.
Here, we base the decision-making of AEB according to the Time-To-Collision (TTC) in
Equation (4), where the detection threshold depends on the estimated road-grip as:

TTCth(t, µ̂) =
v(t)
µ̂abrk

, (60)

where abrk is the deceleration value commanded to the ABS in case of emergency, i.e.,
9.8 m/s2.

5.3. Anti-Lock Braking System

Once an emergency braking is commanded from the AEB, the ABS has to drive the
brake system preventing wheels from locking during the hard braking maneuver. Here we
propose a Sliding Mode (SMC) ABS controller that leverages the on-line estimation of the
road-grip in order to provide a safe braking automatic maneuver for a vehicle-following
process also in the presence of hard rainy or icy pavement. This choice is due to SMC’s
enhanced stability performances with respect to classical control architectures [58] (e.g.,
proportional action). In particular it can be shown that matched disturbances (uncertainties
entering the system through the same channel as the control) are rejected, at least below the
actuation limits, moreover due to the controller nonlinear nature, larger stability margins
can be achieved.

First, let us define a control-oriented model, i.e., the quarter car model, in which we
neglect the lateral and yaw motion of the wheel, thus obtaining a model dealing with the
wheel rotational dynamics and longitudinal vehicle dynamics. The rotational dynamics of
the wheel is described by

IwΩ̇ = −Tb − RrFx, (61)

where Iw is the moment of inertia about the wheel axis of rotation, Ω is the angular velocity,
Tb is the braking torque, Rr is the wheel rolling radius and Fl is the force produced by the
friction reaction. The longitudinal vehicle dynamics are simply modeled as

mv̇ = −Fx. (62)

where m is the vehicle mass.
The control goal is to yield λ to a reference value λ∗ during braking [59]. To this aim

we define the following sliding surface

σ(t) = λ(t)− λ?, (63)

where λ? is the optimal slip obtained from the friction estimator (see Section 4) and λ is the
longitudinal slip with dynamics as:

λ̇ = −1
v
(

1− λ

m
+

R2
r

Iw
)Fx +

Rr

vIw
Tb. (64)

Due to the inertia differences between wheel and vehicle, we can consider the velocity
v as slowly varying, thus reducing Equation (64) to a single-input single-output system,
where the control law can be defined as:

u(t) = Tb = uc(t) + usw(t), (65)
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where uc is the continuous term, or equivalent control [58], and usw the discontinuous term.
The equivalent control input is is responsible for keeping the trajectories on σ, i.e.,

σ̇ = 0⇒ uc = (
(1− λ)Iw

mRr
+ Rr)Fzµxi,actual , (66)

where the force Fx = Fzµxi,actual , where Fz is the tire vertical load, and µxi,actual the instanta-
neous friction value provided by the estimation module; note that the subscript i = [1, 2]
identifies front and rear tire depending from the axle involved (see Equation (17)).

Closed-loop stability can be easily proven by considering the following Lyapunov
function V(λ) = 1

2 σ2 and its derivative V̇(λ) = σσ̇. Substituting Equations (65) and (66)
into the expression of V̇, we obtain

V̇(λ) = σσ̇ = σ(
Rr

vIw
usw). (67)

Hence, selecting usw = − vIw
Rr

ηsgn(σ) it follows that

V̇(λ) = −ησsgn(σ) = −η|σ| < 0, (68)

where η > 0. In so doing, the surface σ is attractive and the closed-loop is asymptoti-
cally stable.

Note that, in order to avoid the well-known chattering problem of sliding mode
controllers, for its practical implementation the sign function in Equation (68) has been
substituted by the hyperbolic tangent function. Furthermore, since controllability is lost
when the vehicle speed is approaching zero (see Equation (64)), following a common
practice for implementing the ABS, the controller is disabled at the very low velocities.

6. Co-Simulation Platform

The design for improved solutions of safety related features has been significantly
eased thank to the usage of appropriate simulation platforms, enabling engineers to design,
test and validate the control architectures through models in a singular platform, and
therefore reducing the development cost and the time to market.

Here, we propose a co-simulation platform for Model-In-the-Loop (MIL), where
autonomous vehicle has been tested in a realistic traffic scenario. This co-simulation envi-
ronment, represented in Figure 6, has been built leveraging the following four main com-
ponents :

• MATLAB/Simulink platform, a widely used framework to model dynamical systems
and to design control architectures. Indeed, through an easy to use of its graphical
interface, it is possible to develop controllers according to the well-known Model-
based Control Design approach. The vehicle dynamics model, implemented in the
MATLAB/Simulink environment and employed for the evaluation of the control logic
performance in vehicle-following maneuvers, is an efficient 15 degrees of freedom
lumped-parameter full vehicle model (LPFVM), described in [60] with a MF-based tire
model [54]. The LPFVM is based on a set of Ordinary Differential Equations (ODEs)
governing the dynamic equilibrium of the vehicle chassis, including three translational
and three rotational equilibrium conditions, and of each wheel, comprising a trans-
lational equilibrium along the vertical direction and a rotational equilibrium around
the spindle axis. Furthermore, the braking actuation is achieved through a standard
hydraulic system made of a master cylinder, a reservoir, a pump and two valves for
each wheels which are used to build braking pressure. Details on its model, and the
related parameters, can be found in [61] and references therein.

• SUMO (Simulation of Urban MObility), an open-source road traffic simulation package,
enabling the user to model entities such as vehicles, traffic lights, road networks,
vehicle routing. Each entity is simulated microscopically, meaning that it is possible to
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control each of them singularly, while the whole scenario is emulated by its internal
engine built upon realistic driving models.

• Friction estimator module, allowing the on-board estimation of the current tire-road
interaction state and the potential friction value.

In particular, the Simulink environment has been adopted to describe a highly detailed
dynamical behavior of the autonomous vehicle under control, while SUMO emulates the
traffic scenario and the road network, where the actual road grip in different scenario can
change to mimic the effect of different environmental conditions to be studied.

The interaction between the different modules for the co-simulation is allowed by
Traci, an integration tool provided by SUMO. The library TraCI4Matlab has been employed
to couple the vehicle, the road and the SUMO environment model in Simulink.

Figure 6. Co-simulation Platform.

7. Performance Analysis

The co-simulation platform described in Section 6 has been exploited to assess the
effectiveness of the proposed grip-aware functionalities.

The illustrative results, reported in the following, refer to a vehicle-following pro-
cess along a typical motorway where the ego vehicle moves with an initial velocity of
v(0) = 30 m/s, having an initial space gap d(0) = 90 m from its predecessor (leader) that
moves with an initial speed of vlead(0) = 20 m/s. The leader is a human-driven vehicle
emulated through SUMO, whose realistic velocity profile accounts for both speed limits
and driver imperfection parameters (details on how to model the human-drivers via SUMO
can be found in [62] and references therein). Further characteristics parameters of the road
scenario, as well as the ones for the controller, are summarized in Table 1.
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Table 1. Ego vehicle parameters used for simulation purposes and control tuning parameters.

Parameter Description Value

m vehicle mass 1521 [kg]
Iz chassis moment of inertia 2875 [kg ·m2]
l f distance c.o.g.-front axle 1.2 [m]
lr distance c.o.g.-rear axle 1.6 [m]
Cx longitudinal drag coefficient 0.28
Iw wheel moment of inertia 1 [kg ·m2]
Rr wheel radius 0.315 [m]
h height c.o.g. 0.54 [m]

τ driveline constant 0.05 [s]
τ̃H headway time 1.1 [s]
d0 minimum spacing 2 [m]
Ts ACC sampling time 0.1 [s]
Hp ACC prediction horizon 15
Hc ACC control horizon 15

∆umin ACC minimum control −0.1 [m/s2]
∆umax ACC maximum control 0.1 [m/s2]

q1 ACC spacing tracking weight 2
q2 ACC velocity tracking weight 5
q3 ACC acceleration weight 20
q4 ACC control effort weight 20
r ACC incremental control effort weight 20

The first exemplar driving scenario refers to vehicles moving in the presence of heavy
rain, with actual road grip µ = 0.5. Due to the presence of an obstacle, at the time instant
t = 150 s the leading vehicle performs a sudden hard-brake inducing the maximum
deceleration allowed by the road grip, i.e., µg . Results in Figure 7 show how leveraging
the on line estimation of the actual road condition (reported in Figure 7c), the ego vehicle is
able to safely perform the velocity tracking while always preserving the desired safe space
gap about ddes(t, µ̂), depending on the grip estimate.

In addition, it is worth to note that the emergency brake is safely performed and
vehicles correctly reach the required standstill distance when they finally stops without
colliding. According to the theoretical derivation, the Predictive ACC also guarantees both
acceleration and jerk of the ego vehicle fulfill the comfort constraints until the leading
vehicle performs the hard brake at time instant t = 150 s (see Figure 8). Indeed, from this
time instant the ACC tries to handle this hazardous braking maneuver, but the necessity of
hard deceleration leads to the activation of the AEB, which hence commands the maximum
braking torque to be imposed, obviously ignoring the comfort constraints which have less
priority w.r.t. the safety.
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(a)

(b)

(c)

Figure 7. Road-Grip aware Driving Functionalities: vehicle-following and hard emergency braking.
(a) Time-history of the current distance gap, d, and of the desired one, ddes. (b) Time-history of the
ego velocity v and leader velocity vlead. (c) On-board road-grip estimate, µ(t) vs. µ̂.

(a) (b)

(c) (d)

Figure 8. Road-Grip aware Driving Functionalities: vehicle-following and hard emergency braking.
Time-history of the ego-vehicle acceleration (a), jerk (c), front tire (b) and rear tire (d) longitudinal
slip ratios.
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In so doing, the collision is safely avoided (see Figure 7), but higher acceleration and
jerk can be appreciated during the braking until the stop, as shown in Figure 8. It is also
worth to note that, when the emergency braking maneuver is commanded from AEB, than
the ABS is responsible ensuring that the longitudinal slips of the tires are regulated to
the optimal reference value λ∗ returned by the friction estimator module as described in
Section 4 (see Figure 8b–d).

In order to clearly appreciate the enhancement of the here proposed grip-aware driving
functionalities with respect to classical ACC, AEB and ABS strategies, the above maneuver
has been repeated without leveraging the knowledge of the actual road-grip.

Results in Figure 9 disclose that in this case the ACC is still capable of tracking the
velocity references, while ensuring a desired gap that obviously depends only from the
actual vehicle velocity, namely ddes(t) = d0 + τ̃Hv(t). However, when the leading vehicle
performs the emergency hard brake, the safety distance results to be too small, the AEB is
activated too late and it is impossible to avoid the collision that, hence, occurs at the time
instant t = 154 s with a velocity of v ' 10 m/s = 36 km/h.

(a)

(b)

Figure 9. Driving Functionalities without on-board road-grip estimate: vehicle-following and hard
emergency braking. (a) Time-history of the current distance gap, d , and of the desired one, ddes. (b)
Time-history of the ego velocity v and leader velocity vlead.

A further investigation of the achievable performance has been performed in the
case when vehicles are moving in variable environmental conditions, i.e., the actual grip
changes in time due to different climatic condition that have to be faced during travelling.
Specifically, vehicle drives from dry asphalt to wet road, i.e., the actual maximum road grip
starts from µ = 1 and than decreases, into two steps, until µ = 0.5 (see Figure 10c).
The initial dynamic condition of the vehicles match the ones chosen in the previous
driving scenario.
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(a)

(b)

(c)

Figure 10. Road-Grip aware Driving Functionalities in case of varying µ: vehicle-following and hard
emergency braking. (a) Time-history of the current distance gap, d, and of the desired one, ddes. (b)
Time-history of the ego velocity v and leader velocity vlead. (c) On-board road-grip estimate, µ(t)
vs. µ̂.

Results depicted in Figure 10 show how the on-line road-grip estimate is performed
with good precision (always below 1% at steady state). Furthermore, as the road grip
decreases the safe distance is correctly adapted in order to provide a safer spacing with
respect to the current adhesion (see Figure 10a) and the predictive ACC correctly tracks
the reference values without any constraints violation. As in the previous driving scenario,
at the time instant a t = 150 s an emergency situation emerges inducing the hard braking
maneuver. Also in this case the combination of the grip-aware AEB and ABS is able of
ensuring a safe stopping without collision.

Final exemplar results refer to a typical Stop & Go scenario where continuous smooth
accelerations and decelerations occur due to traffic congestion. In order to better assess
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the collision risk and the safety margins during traffic jam, we leverage the following
well-known non-dimensional collision-index γ(t) [34]:

γ(t) =
d(t)− dbr
dw − dbr

, (69)

where d(t) is the actual distance between the vehicles, dbr is the breaking critical distance
and dw is the warning critical distance. Note that the above index witnesses the possibility
of an incoming crash due to the current driving situation. Specifically, when it is positive
and greater than the unity a safe situation is detected, while, if it is below the unity, a
possible dangerous scenario is signalized.

Results depicted in Figure 11 clearly confirm that, leveraging the road-aware driving
control architecture, the safety index γ(t) never goes below the unity, while, on the other
hand, if the estimate of the road-grip is not exploited for the automated driving function-
alities the collision index alerts for possible dangerous situations during the deceleration
phases (see Figure 11), reducing the vehicle safety.

(a) (b)

(c) (d)

(e) (f)

Figure 11. Road-Grip aware Driving Functionalities during Stop&Go. Time-history of the current
distance gap, d, and of the desired one, ddes (a) ego velocity v and leader velocity vlead (c) safety index,
γ (e) with road grip adaptation. Time-history of the current distance gap, d, and of the desired one,
ddes (b) ego velocity v and leader velocity vlead (d) safety index, γ (f) without road grip adaptation.

The effectiveness of the approach w.r.t. safety is finally summarized in Table 2. Here,
results clearly disclose that, adapting in real-time the driving policy to the current road-
grip, the overall automated driving performance can be enhanced with the minimal values
assumed by the safety indexes [34] (i.e., time-to-collision, relative distance w.r.t. the
predecessor and collision index γ as in Equation (69)) comparable with the ones required
in the case of ideal road conditions.
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Table 2. Summary of the minimal values assumed by the safety indexes in every described scenario.

Scenario min TTC min λ min d(t)

Vehicle following with estimation 2.02 −0.15 10.30
Vehicle following w/o estimation 0 −1.08 0

Stop&Go with estimation 2.73 1.22 3.20
Stop&Go w/o estimation 2.13 0.48 2.70

8. Conclusions

This paper is focused on the development of a new control architecture for vehicles,
based on the estimation of the maximum achievable road friction coefficient.

The proposed technique for real-time road friction estimation in different environ-
mental conditions is based on both bicycle model to evaluate the state of the vehicle and
a tire Magic Formula model based on a slip-slope approach. The introduction of the grip
value in ADAS application, in particular for the longitudinal dynamics of the vehicle
chassis, composed of Adaptive Cruise Control (ACC) and Autonomous Emergency Brake
(AEB), and the Antilock Braking System (ABS), allows the vehicle to work at the maximum
performance in all operating conditions.

In this study, the technique has been performed on a simulation platform, consisting
of different components working simultaneously. A vehicle dynamics model, implemented
in the MAT-LAB/Simulink environment, has been employed for the evaluation of the
control logic performance in vehicle-following maneuvers. In addition, a SUMO envi-
ronment has been implemented to realize different traffic scenarios and environmental
conditions. Finally, the Friction algorithm has been used to perform the estimation of the
road coefficient.

The simulation has been carried out in different environmental and vehicle kine-
matic conditions. According to the results, the control system has been improved by
the involvement of the current and potential friction coefficient evaluated in run-time.
The improvement basically results from the development of a control system that is able
to avoid collisions in any environmental condition. The potential grip has been therefore
demonstrated to be crucial for the autonomous driving systems.

Future developments will also comprehend the lateral dynamics. Several authors
have already tackled the problem describing different techniques and modelling ap-
proaches [63–65]. The authors plan also to include the impact of the road bank angle
and slope, the tire combined interaction characteristics, as well as, the variations of the ve-
hicle dynamic behaviour due to the tire intrinsic multi-physics (i.e., wear and temperature
effects) [66,67].
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Abbreviations
The following abbreviations are used in this manuscript:

ADAS Advanced Driver Assistance System
MPC Model Predictive Control
ACC Adaprive Cruise Control
AEB Autonomous Emergency Braking
LQR Linear Quadratic Regulator
TTC Time To Collision
PID Proportional-Integral-Derivative
SAE Society of Automotive Engineers
ABS Anti-lock Braking System
TRICK Tire Road Interaction Characterization and Knowledge
MF Magic Formula
ECUs Electronic Control Units
CAN Controller Area Network
GPS Global Positioning System
SMC Sliding Mode Control
MIL Model In the Loop
SUMO Simulation of Urban MObility
LPFVM Lumped-Parameter Full Vehicle Model
FEM Finite element Methods
c.o.g. Center of Gravity
v longitudinal velocity evaluated at the c.o.g.
a longitudinal acceleration
Ω wheel speed
IA inclination angle
vxCP longitudinal velocity evaluated at the contact point
vxspindle spindle velocity
m vehicle mass
g acceleration of gravity
l f distance c.o.g. - front axle
lr distance c.o.g. - rear axle
L wheelbase
ρ air density
h height c.o.g.
Cx longitudinal drag coefficient
Cz lift coefficient
Iω moment of inertia about the wheel axis of rotation
Iz wheel moment of inertia
Rr rolling radius
Av master section
W f static load - front axle
Wr static load - rear axle
∆Fz load transfer
Fzaeroi aerodynamic down force
Fi,inertia inertial force
Fxi longitudinal force
Fxi,re f Road longitudinal force evaluated on a reference road surface
Fzi normal force
µxi,actual actual friction coefficient estimated
µxi,re f Road actual friction coefficient estimated on a reference road surface
µ̂xi potential friction coefficient estimated
λ slip ratio
e distance error to the desired ddes
Tb braking torque
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d distance lead to ego vehicle
ddes ACC desired distance
d0 minimum spacing
τH headway time
alead leading vehicle acceleration
vlead leading vehicle velocity
τ driveline time constant
u control input
J ACC cost function
Q ACC output weight
r ACC incremental control effort weight
Hc ACC control horizon
Hp ACC prediction horizon
Ts ACC sampling time
abrk AEB deceleration command
σ sliding surface
η switching control gain
dω warning critical distance
dbr braking critical distance
γ safety index
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