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Abstract— In this paper a microscopic hybrid automaton
for Adaptive Cruise Control (ACC) exhibiting psycho-physical
human characteristics is introduced. The objective is to let the
ACC mimic the human behavior to improve passenger expe-
rience, while assuring classical ACC properties. The human-
inspired automaton in combined together with a predictive con-
trol strategy in order to meet physical and safety constraints, as
well as the purpose of fuel minimization. Then, an optimization
problem is formulated according to efficiency and constraints
satisfaction and receding horizon techniques are used for its
solution. Simulations are performed in order to validate the
control law and to show the efficacy of the proposed approach.

Keywords - Hybrid Automaton, Microscopic Models, Adap-
tive Cruise Control (ACC), Eco-driving, Model Predictive
Control (MPC), fuel optimization.

I. INTRODUCTION

Adaptive Cruise Controls (ACCs) are nowadays becoming
a reality thanks to the effort dedicated to their development
in the last decades (see [1], [2], [3], [4]). The objective of
ACCs is to offer human beings a safe and comfortable trans-
portation with reduced congestion, emissions and travel time.
Since the first works on ACCs, they took into account human
factors such as comfort or safety perception in a control-
oriented framework (see [5]), where the controllers were first
designed according to some performance or stability-based
criteria and secondly adapted to human characteristics by
parameters’ modifications. More recently there is a paradigm
shift, and the main criteria for ad hoc control tool selection
for ACCs is the correct human driving representation. Several
works illustrates the usefulness of incorporating the driver’s
pose while designing ACCs in a control system framework
(see [6], [7], [8], [1]), especially with respect to usually used
rule-based models (see [9]).

The proposed work relies in this research line, and extends
some previous results presented in [7], where a human-
inspired hybrid automaton for ACC was proposed. It pro-
poses a hybrid automaton modeling (see [10], [11]) to
the purpose to solve an optimization problem for comfort
maximization while emissions and fuel consumption min-
imization. The hybrid automaton capability to consider a
number of control laws, one for each different situation, is
exploited to let the ACC mimic the human driver behavior
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in a car-following situation. The discrete states of the hybrid
automaton are used to capture the psycho-physical perception
of the human while driving, such as the different feeling of
risk felt in relation with the distance from other vehicles.
The problem of computing the optimal speed, acceleration
and fuel consumption (also referred to as eco-driving, as in
[12], [13], [14], [15]) in a single-lane car-following scenario
is addressed, in a Vehicle-to-Vehicle (V2V) communication
framework.

We derive the consequent control laws taking into account
human behavior imitation in the control loop (see [7]). A
fuel-consumption/emission model based on vehicle speed
and acceleration (see [16]) is considered for the imple-
mentation of a Model Predictive Control (MPC) strategy
(see [17], [15]). The receding horizon technique is used to
solve an optimal problem considering both safety and fuel
consumption efficiency.

With respect to [7], where the considered control laws
were developed by stimulus-response car-following models,
here control strategies are derived by solving an optimiza-
tion problem in order to maximize comfort and minimize
emissions and fuel consumption. The structure of the hybrid
automaton is simplified, but its human-inspired characteris-
tics are preserved as the model is based on psycho-physical
car-following models and stimulus-response ones are still
considered in the definition of the cost functions. The de-
veloped control laws increase driving efficiency. Moreover, a
more accurate dynamical model for the vehicle that includes
dynamical friction is considered.

We consider N vehicles on a single lane road, sorted
by location and indexed by n ∈ {1, ..., N}, where n = 1
denotes the first vehicle on the lane. Then, for each leader
and follower pair (n, n+ 1), n = 1, ..., N − 1, a simplified
hybrid automaton is developed, based on psycho-physical
car-following models. Therefore the modeling of the traffic
flow is microscopic. Here, control strategies are derived
by solving an optimization problem in order to maximize
comfort and minimize emissions and fuel consumption.
Moreover, a more accurate dynamical model for the vehicle
that includes dynamical friction is considered. Simulations
show the validity of the adopted model and the simulation
results are illustrated.

The paper is organized as follows. Section II introduces the
problem. In Section III the model of the microscopic hybrid
automaton for a single vehicle is described. Then in Section
IV the proposed control technique is illustrated. Section
V provides simulation results about the system behaviour.
Finally, conclusions are offered in Section VI.



II. PROBLEM DEFINITION

We suppose that the single vehicle can be described by a
triple integrator, discretized with sampling time τ , where the
control input is the acceleration variation (jerk). Moreover,
friction is taken into account by adding a nonlinear term.
If kτ , k ∈ N denotes the k-th sampling time, then the
variables describing the evolution of vehicle n, n = 1, ..., N ,
are the longitudinal position (pn(k) ≥ 0, [m]), velocity
(0 ≤ vn(k) ≤ vmax, [m/s]) and acceleration (|an(k)| ≤
amax, [m/s

2]).
Let the pair (n, n + 1), n = 1, ..., N − 1, denote leader
vehicle (n) and follower vehicle (n+1). Then the follower’s
state vector is defined as

xn+1(k) =


xn+1
1 (k)
xn+1
2 (k)
xn+1
3 (k)
xn+1
4 (k)

 =


pn(k)− pn+1(k)
vn(k)− vn+1(k)

an+1(k)
vn(k)

 (1)

In the following we omit the index n + 1, for notational
simplicity. For the first vehicle of the cluster we assume that
there exists a virtual leader n = 0, such that v0(k) = vmax

and a0(k) = 0 ∀k ∈ N. Physical and legal limits lead to the
following constraint set X ⊆ R4 of feasible states for x(k):

X =
{
x ∈ R4 : x1 ≥ s, |x2| ≤ vmax, |x3| ≤ amax, 0 ≤ x4 ≤ vmax

}
(2)

where s is related to the definition of collision:
Definition 1: A collision is the event corresponding to a

distance between two vehicles less than s = L + L0, L0 ∈
R+.
The discrete-time evolution of the continuous state is de-
scribed by

x(k + 1) = Ax(k) +Buu(k) +Bdd(k) + Ee(x(k)) (3)

where

A =

 1 τ 0 0
0 1 −τ 0
0 0 1 0
0 0 0 1

 , Bu =

 0
0
τ
0

 , Bd =

 0
τ
0
τ

 , E =

 0
τ
0
0


|u(k)| ≤ umax is the jerk of vehicle n + 1; e(x) = c1 +
c2(x4 − x2)2, c1, c2 > 0, is a nonlinear term representing
friction (see [18]); d(k) = an(k) is the acceleration, modeled
as a bounded disturbance |d(k)| ≤ amax, of the vehicle ahead
n.

We make the following
Assumption 1: All vehicles in the cluster share the goal

of avoiding collisions. To this purpose we assume that the
follower knows position and velocity of its predecessor.
The follower can obtain information about its leader either
by inter-vehicle communications (implementing the so called
Cooperative ACC) or by the use of sensors installed on the
vehicle, in order to be able to estimate the cited variables
(see [7]). The leader’s acceleration, velocity and position are
assumed to be known.

Given the dynamic model of the vehicle, the problem we
want to solve is to find a set of initial states contained in
X such that the state trajectory of the controlled system
always lies in X (safety specification). Among all the control

Fig. 1. The reference framework.

laws that ensure safety, we compute the optimal one that
minimizes a state-dependent cost function, which takes into
account emissions (eco-driving specifications) and errors
with respect to a desired distance between two consecutive
vehicles and a desired velocity. Since we are interested in
taking into account human safety and comfort perception,
the set X is partitioned on the basis of psycho-physical
thresholds in order to separate the different psychological
situations the driver feels (see [19], [20], [7]). To each
set of the partition, different cost function parameters are
associated. For this reason, because of the possibility of
describing various dynamics in a unique model, hybrid
systems theory (see [11]) is used and a hybrid automaton
is defined that collects all the different behaviours.

III. MICROSCOPIC HYBRID MODEL

In this section, a microscopic hybrid model that describes
a car-following situation is presented, which simplifies the
one proposed in [7]. Given a pair (n, n+ 1) of vehicles, the
hybrid automaton describing the follower is

H = (Q,R4, U,D, f, Init,Dom, E) (4)

where: Q = {qi, i = 1, 2, 3, 4} is the set of discrete states;
R4 is the continuous state space; U = R is the input space;
D = R is the disturbance space; f = {fi, qi ∈ Q}, fi :
R4 × U × D → R4 is a vector field that associates to the
discrete state qi ∈ Q the discrete time-invariant dynamics

x(k + 1) = fi(x(k), u(k), d(k)), k ∈ N (5)

with u : N→ U and d : N→ D; Init ⊆ Q×R4 is the set of
initial discrete and continuous conditions; Dom : Q → 2R

4

is the domain map; E ⊆ Q×Q is the set of edges.
The automaton hybrid state is the pair (x, qi) ∈ R4 × Q.
As we will see later in the paper, the domains of each
discrete state are such that Dom(qi) ∩Dom(qj) = ∅, i 6= j.
Moreover, the continuous dynamics (3) is associated to each
discrete state.

We define the functions TE : R4 → R, TR : R4 → R and
TS : R4 → R, as

TE(x) =
|x2|
amax

, TR(x) =
|x4 − x2|
amax

, TS(x) = λ
|x4 − x2|
amax

,

(6)

that represent, respectively, the time headways needed to stop
the vehicle from speed x2 and |x4 − x2| with deceleration
x3(k) = −amax and the time needed to stop the vehicle from



speed |x4 − x2| with x3(k) = −amax

λ , λ > 1. On the basis of
these time headways, we define the thresholds for the space
headway x1(k), which reflect the human driver perception:

• emergency distance ∆E : R4 → R

∆E(x) =

{
s
s+ 1

2amaxT
2
E(x)

x2 > 0
x2 ≤ 0

(7)

represents the minimum distance where safety is en-
sured (see [21]). If at time k the headway is equal to
∆E(x(k)) and the leader brakes with the maximum
deceleration, provided that the follower also brakes at
the same time with the maximum deceleration, then
collision is avoided. Due to the fact we are in a discrete
time setting and the controller acts on the acceleration
variation, we have to take into account a delay in the
action of the control in the two first state components.
Then, we define the additional safety distance that
depends on the sampling time τ :

∆E′(x) =

{
s+ 0.5amaxτ

2, x2 > 0.

s+ 0.5amax(TE(x) + τ)2, x2 ≤ 0.
(8)

It follows that the continuous model is a limit case with
τ = 0, in which ∆E(x) = ∆E′(X).

• risky distance ∆R : R4 → R

∆R (x) =

{
s + crTR(x)x4
s + crTR(x)x4 + 1

2amaxT
2
E(x)

x2 > 0
x2 ≤ 0

(9)
has the same interpretation as the distance ∆E (x), but
it takes into account a human time-response, modeled
by the add-on value crTR(x)x4, where cr > 0 is a
constant multiplication factor. Depending on the en-
vironment information and on the human perception,
such value can increase (more caution behaviour), or
decrease (more aggressive behaviour), but the condition
∆R (x) > ∆E(x) is always satisfied.

• safe distance ∆S : R4 → R

∆S(x) =

{
s + csTS(x)x4
s + csTS(x)x4 + 1

2amaxT
2
E(x)

x2 > 0
x2 ≤ 0

(10)
corresponds to an additional safety margin w.r.t.
∆R (x); in fact cs ≥ cr and λ > 1 imply that TS > TR
and hence ∆S (x) > ∆R (x).

• interaction distance ∆D : R4 → R

∆D (x) =

{
s + csTS(x)x4
s + TD(x4 − x2)

x2 > 0
x2 ≤ 0

(11)

where TD is a fixed time: it is the time headway beyond
which the vehicle can take the role of a leader (see [19],
[20]).
Note that when x2 > 0, i.e. when vn(t) > vn+1(t),
∆D(x) = ∆S(x).

Similarly to [7], these space thresholds are used to define
the partition of the state space R4 to be associated to each
discrete state qi, as follows.
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Fig. 2. The different thresholds and the corresponding domains at a fixed
vn = 18 m/s: q1 domain is blue, q2 green, q3 cyan and q4 red. The unsafe
region is in grey. Here τ = 0 is considered.

Fig. 3. The discrete states considered and their transitions. Colors are
related to the domains depicted in Fig. 2.

1) q1: Free driving. Dom(q1) is the set{
x ∈ R4 : (x1 > lA) ∧ (x2 ≥ 0)

}
∪
{
x ∈ R4 : (x1 > lB) ∧ (x2 < 0)

} (12)

where lA = max{∆S(x),∆E′(x)}, lB =
max{∆D(x),∆S(x),∆E′(x)}. The vehicle is
expected to positively accelerate since the leader
vehicle is either too far away or faster or both
and the current speed is less than the desired one:
0 ≤ x3 ≤ amax. vdes is the desired speed to achieve;
we assume that vdes = vmax. The control action
will depend on the desired speed and on the fuel
consumption rate.

2) q2: Following I. Dom(q2) is the set{
x ∈ R4 : (mA < x1 ≤ lA) ∧ (x2 ≥ 0)

}
∪
{
x ∈ R4 : (mB < x1 ≤ lB) ∧ (x2 < 0)

} (13)

where mA = max{∆R(x),∆E′(x)} and mB =
max{∆E′(x),min{∆D(x),∆S(x)}}. Here the fol-
lower is closing in on the leader. The control action
will depend on the fuel consumption, relative speed
and distance.



3) q3: Following II. Dom(q3) is the set{
x ∈ R4 : (x1 = mA) ∧ (x2 = 0)

}
∪{

x ∈ R4 : (mA < x1 ≤mB ∧ (x2 < 0)
} (14)

The speed difference is large and the distance is not, so
the follower has to decelerate depending on distance
and relative speed. The control action depends on
relative speed, distance and fuel consumption.

4) q4: Closing in. Dom(q4) is the set{
x ∈ R4 : (∆E′(x) ≤ x1 ≤ ∆R(x))

}
\{

x ∈ R4 : (x2 = 0) ∧ (x1 = mA)
} (15)

The distance from the previous vehicle is close to the
unsafe one: the control action depends only on relative
speed and distance.

The Init set can be defined as

Init =

4⋃
i=1

({qi} × (Dom(qi) ∩X)) (16)

Figure 2 shows the domains obtained by setting vn = vn

constant and τ = 0. The results are represented in a bi-
dimensional space: the speed difference (x2(k)) and the
distance (x1(k)) are reported on the abscissa and ordinate
respectively. Figure 3 shows the admissible transitions be-
tween the discrete states.

Recall that a set Ψ ⊂ R4 is robustly controlled invariant
for system (3) if for any x ∈ Ψ there exists u ∈ R such that
Ax+Buu+Bdd+ Ee(x) ∈ Ψ, ∀d ∈ R, |d| ≤ amax.

We define Ω =
(⋃4

i=1Dom(qi) ∩X
)

. Since Ω is a
convex set, the following holds:

Proposition 1: The set Ω is robustly controlled invariant
for system (3).

Proof: The set Ω is by construction controlled invariant
for system (3), with e(x(k)) = 0,∀k. In fact it is straightfor-
ward to verify that the control law u(x(k)) = −x3(k)−amax

makes Ω invariant. Since e(x(k)) is positive ∀k, its effect is
to increase the second component of the state, and hence it
reduces the follower velocity. Therefore the set Ω is robustly
controlled invariant for system (3).
Proposition 1 shows that the domains we have defined make
it possible to control the system in such a way that safety is
ensured in the worst case scenario, i.e. the situation where
the deceleration of one or more vehicles in the cluster is
maximum. The grey region in Fig. 2 represents the unsafe
region. Since there exists a control law such that this region
is never reached starting from Ω, for simplicity we have not
defined the unsafe discrete state, with that grey region as
domain.

Proposition 2: The hybrid automatonH controlled by any
control law that makes the set Ω robustly invariant, is non-
blocking and deterministic.

Proof: Given a control law which makes the set Ω
robustly invariant, the hybrid state evolution remains in Init
whenever the initial state belongs to Init. Therefore the
controlled automaton is non-blocking. Determinism comes
by definition, because the intersection between any two
different domains is empty.

IV. CONTROL DESIGN

The purpose of this section is to find an optimal solution
to the safety and fuel consumption problem, according to the
different situations the driver is exposed to. These situations
are represented by the hybrid automaton discrete states, for
which we define different objectives trading-off between fuel
optimization and pure safety.

To reduce computational effort, some simplifications are
made. For every qj ∈ Q a fixed prediction horizon Nj ∈ N
is given, and a cost function Jj is chosen so that the various
objectives receive different weights, as a human driver would
do. We make a prediction of the leader acceleration in the
near future, based on the current information. This results in
a disturbance vector to be used in the MPC algorithm

d = [an(k), ān(k + 1), ..., ān(k +Nj)]T (17)

where ān(k + i) = an(k) until the corresponding predicted
leader velocity v̄n(k+ i) ∈ [0, vmax], otherwise ān(k+ i) =
0; i = 1, ...,Nj is the generic time instant. Note that recently
(see [18]) the possibility that the leader vehicle itself commu-
nicating its own acceleration prediction was introduced. At
each time k, the control law u(k) is calculated according to
the current discrete state qj and consequently to a unique
dedicated cost function Jj . Then, a new measurement of
the current state x(k + 1) is taken at time k + 1, and the
proper control law u(k + 1) is computed according to the
current discrete state qi, that may be equal or different from
the previous qj . This leads to a suboptimal solution of the
general problem, since no prediction of the future discrete
state is computed, but has the advantage of avoiding to solve
a NP-hard problem (see [22]). Under the assumption that the
entire state is measurable, the vector y is defined as

yi = xi for i = 1, 2, 3

y4 = x4 − x2
(18)

and the output reference vector yr as

yr =
[

∆Sdes 0 0 vdes
]T

(19)

where ∆Sdes and vdes denote, respectively, the desired dis-
tance and velocity, assumed to be constant in the prediction
window. Then, the error between y and yr is ỹ = y − yr.

Given the current hybrid state at time k

(x̄, qj), x̄ ∈ Dom(qj) (20)

the problem is to find

min
u(h), h=0,...,Nj−1

Jj (21)

where

Jj =
1

2

ỹT (Nj)Pj ỹ(Nj) +Mj

Nj∑
h=0

exp
(
wT (h)PCj z(h)

)+

+
1

2

Nj−1∑
h=0

(
ỹT (h)Gj ỹ(h) + uT (h)Rju(h)

) (22)



subject to

x(h+ 1) = Ax(h) +Buu(h) +Bdd(h) + Ee(x(h)),∀ h ∈ N,
x(0) = x̄,

x(h) ∈ Ω,∀ h ∈ N

where

zT =
[

1 y3 y23 y33
]
, wT =

[
1 y4 y24 y34

]
.

(23)
are the operators introduced in [17] that are related to
the estimation of CO, NOx and HC emissions. The term
exp

(
wT (h)PCj z(h)

)
represents the instantaneous fuel con-

sumption or emission rate ([l/s] or [mg/s]), where matrix
PCj is differently defined for positive (PCj = PC+

j ) and
negative accelerations (PCj = PC−j ), as described in (see
[16] and [15]). Which of the two forms of PCj is used in
the cost function is determined in a heuristic way, assuming
that according to the current discrete state it is reasonable
to suppose that the vehicle will accelerate (as in q2) or
decelerate (as in q3) in the immediate future. Matrices Pj
and Gj are semidefinite positive and Rj ,Mj ≥ 0.

By Proposition 1, since Ω is robustly controlled invari-
ant, problem (21) is feasible for any (x̄, qj) ∈ Init. Let
u∗(h), h = 0, ...,Nj−1, be the optimal solution to problem
(21), then the control input at time k is u(k) = u∗(0).

A more detailed description of the different cost functions
associated to the discrete states qj ∈ Q follows:

1) j = 1. The leader vehicle is either too far away
or faster or both; then the follower is free to track
the desired speed vdes, without incurring immediate
dangers, applying fuel consumption optimization with
respect to a desired speed. We set p44 > 0 and g44 > 0
(other elements of P1 and G1 are null), R1 > 0,
M1 > 0. PCj = PC+

j because the vehicle is expected
to be at lower velocity, or at most at the same one.

2) j = 2. The follower is closing in to the leader,
but distance and velocity are such that there is no
immediate danger. The proposed cost function allows
for an optimal tracking of the desired distance ∆Sdes
considering both relative distance error and fuel con-
sumption. We set p11 > 0, p22 > 0, g11 > 0, g22 > 0
(other elements of P2 and G2 are null), R2 > 0,
M2 > 0 and PCj = PC+

j .
3) j = 3. The speed difference is large and the distance

is not, so the vehicle has to decelerate depending on
distance and relative speed. The proposed cost function
allows for an optimal tracking of the desired distance
∆Sdes considering both the relative distance error and
fuel consumption. We set p11 > 0, p22 > 0, g11 > 0,
g22 > 0 (other elements of P3 and G3 are null), R3 >
0, M3 > 0 and PCj = PC−j .

4) j = 4. The distance from the previous vehicle is close
to the unsafe one. The proposed cost function allows
for an optimal tracking of the desired distance ∆S
considering only relative distance error, since safety
has priority over fuel optimization. We set p11 > 0,
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p22 > 0, g11 > 0, g22 > 0 (other elements of P4 and
G4 are null), R4 = 0, M4 = 0 and PCj = PC−j .

V. SIMULATIONS

In this section, simulation results obtained by using
Matlab-Simulink and the optimization toolbox Yalmip (see
[23]) are illustrated.

A car-following situation among two vehicles is con-
sidered and two cases are shown: in the first case fuel
optimization is considered (i.e. Mj 6= 0), while in the
second case fuel consumption is not taken into account
(Mj = 0,∀j ∈ {1, 2, 3, 4}). Both cases consider the same
initial conditions (x1(0) = 60, x2(0) = −10, x3(0) = 0,
x4(0) = 5, u(0) = 0) and the same velocity profile of
the leader: the leader first accelerates from 5m/s to reach
the desired speed of 18m/s, and then decelerates (Fig. 4).
The considered prediction horizon is Nj = 10,∀j, and
the desired distance is ∆Sdes = ∆S(x(k)) (see (10)).
For the follower, this corresponds to track a safe distance
that varies in relation with the current speed. As shown in
Fig. 7, the proposed control laws indeed ensure collision-
free car-following behavior. In Fig. 5 acceleration profiles
associated with the two different control laws are shown: we
can see how the solution corresponding to fuel optimization
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(first case) is smoother, allowing the vehicle to produce less
dangerous emissions, but also to reduce possible negative
oscillations in the platoon. This acceleration profile has also
impact on the speed profile (Fig. 4), presenting a similar
smoother behavior: when comparing acceleration profiles of
the two cases (Fig. 5), fuel optimization allows for a shorter
transient (around 4s instead of 20s), and it also produces
dynamics with less oscillations. Note that less transitions in
the discrete evolution are obtained with fuel optimization
(Fig. 6). The small improvement which is obtained in the
first overshoot is also confirmed in the deceleration phase
after 30s (see Fig. 5). In Fig.7 the distance profile evolution
between leader and follower is shown. It can be seen that
in the case of fuel optimization, the follower remains at a
greater distance; then collision avoidance is enforced. Further
extensions to a more complex scenario, possibly containing
several driving cycles, will be investigated in future works.

VI. CONCLUSIONS

A human-inspired ACC for eco-driving for autonomous
vehicles is proposed, focusing on the possibility of imple-
menting predictive control strategies to maximize the human
idea of comfort given by some psychological thresholds
and minimize the fuel consumption. A dedicated hybrid
automaton is presented, and some key properties are veri-

fied. Simulation results show the effectiveness of the pro-
posed control strategy in obtaining a safe collision-free car-
following situation together with fuel consumption mini-
mization. Future work will extend the proposed approach
by including macroscopic quantities.
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