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Abstract— This work considers electric and autonomous
buses which have to follow a given route, including fixed
stops, in extra-urban roads with a given timetable. A charg-
ing infrastructure is present in each stop, allowing to
charge the bus batteries. An optimal control scheme is
proposed in this paper in order to regulate the optimal
speed of buses along the route and the stopping/charging
times at stops. The proposed control scheme, acting in real
time according to a receding-horizon logic, consists of two
modules: a traffic prediction model and an optimal control
problem solver. The traffic model measures the traffic state
in real time, provides the traffic state prediction in the
considered road stretch and, in particular, communicates
the predicted average speed in each road section to the
second module. This latter computes the optimal behavior
of buses by optimizing their expected final energy level,
by maximizing their compliance with the timetable and
by reducing oscillations in the speed profile. Simulation
results based on a real case study show the effectiveness
of the proposed control scheme.

Index Terms— Electric and autonomous buses, Optimal
control, Optimal bus speed, Optimal bus charging, Traffic
models

I. INTRODUCTION

ELECTRIC mobility is one of the most important inno-
vations towards sustainable mobility and public transport

plays a key role in this revolution, as shown by the growing
number of electric buses worldwide. Yet, the electric transition
poses many challenges in terms of energy supply as well as of
vehicle autonomy. For electric buses this aspect is particularly
crucial, since they combine the need to recharge batteries with
the necessity to meet timetables.

Besides electrification, another major transformation involv-
ing transport systems is the increasingly rapid development of
technology allowing the design of connected and autonomous
vehicles. This trend towards “smart” mobility is strongly con-
nected with the concept of “sustainable” mobility and, then,
with the ambitious goals fixed by many institutions worldwide
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for environment protection and sustainable development [1].
Public transport is one of the protagonists of this transition,
as proven by the spread of autonomous buses worldwide [2].

The development of optimization and control methods for
electric and autonomous buses is becoming an important
issue, which presents significant challenges for the control
community, both for the design phase (e.g. definition of paths,
frequencies, stops) and for the real-time management (e.g.
speed control, smart charging). In [3], a survey on different
aspects of driverless vehicle decision making problems with a
focus on motion planning and feedback control is proposed.
Other relevant control problems dealing with buses are aimed
at maintaining the regularity of the service by adjusting their
speeds, requesting priorities at signalized intersections, skip-
ping stops or waiting at stops for additional time [4]. In [5],
scheduling and admission control problems are addressed for
a public transportation system based on automated vehicles,
able to offer point-to-point services with ride sharing.

In this paper we consider electric and autonomous buses
which have to follow a given line (a route with a timetable)
in extra-urban roads. Specifically, each vehicle has to visit
specific stops in given time windows. The stops are provided
with charging infrastructures, so that the bus is charged during
its stopping time. In order to regulate the optimal speed of
buses along the route and the stopping/charging times at stops,
we propose an optimal control scheme, composed of two
modules: a traffic prediction model and an optimal control
problem solver. Specifically, the well-known traffic model
METANET [6] is used to predict the traffic state evolution
along the road and this prediction is the input of the optimal
control problem in order to account for the impact of traffic
on the behavior of buses. The interaction between autonomous
vehicles and the surrounding traffic is an important issue to be
addressed, as done for instance in [7] for truck platoons and
in [8] for electric and autonomous buses.

The problem of defining the optimal speed profile of electric
vehicles has often been addressed in the literature with the
goal of reducing energy consumption on the basis of vehicle
motion aspects and road characteristics such as slope, traffic
light intersections, and so on (see e.g. [9], [10]). Eco-driving
strategies have also been applied for the optimal control of
buses. Many of these approaches aim to control buses in
urban areas where the presence of reserved lanes allows to
neglect the influence of traffic, as done for instance in [11]–
[13]. Differently from these approaches, our work focuses on
the control of buses in extra-urban roads where the influence
of traffic cannot be neglected for both energy-saving reasons



and for respecting time schedules. Therefore, the control
scheme proposed here has a multi-objective structure so as
to ensure good performance in terms of timetable compliance,
speed smoothness and final energy level guarantee. The multi-
objective nature of the proposed controller and the consider-
ation of traffic conditions through the application of a traffic
prediction model are the two main contributions of this work
compared with the present literature. Finally, note that this is a
high-level control scheme for a fleet of buses, and the tracking
of the speed suggested as a reference signal by this scheme
requires, for each bus, the development and implementation
of a low-level controller based on a more detailed description
of the bus dynamics.

The paper is organized as follows. In Section II the proposed
control scheme is introduced and the two modules of this
scheme are described in detail. Assessment results are reported
in Section III, where a real case study is considered, while
conclusive remarks are drawn in Section IV.

II. THE CONTROL SCHEME

The control scheme proposed in this work is composed of
two main modules, as shown in Fig. 1, that are based on real-
time measurements in order to react to unexpected events or
disturbances:

1) the traffic prediction model, which allows to make a
prediction of the traffic state in the road for a given
horizon; the model is initialized with the traffic state
measured in real time;

2) the optimal control module, which allows to find the
optimal values of the control variables (i.e. the stopping
times and speeds for the buses); the optimal control
module receives as inputs the average traffic speeds
computed by the prediction model and the traffic state of
buses measured in real time, i.e. the position and energy
level of each bus.
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Fig. 1: The proposed control scheme

Both modules are based on a time discretization that could
be different, since the traffic model requires a sample time
that is in general lower than the sample time required to
control the dynamic behavior of buses. Let us denote with
T pred and T cntr the sample times of the prediction model and
the optimal control problem, respectively, and let us introduce
Γ = T cntr/T pred. Moreover, for the prediction model and the

optimal control problem different time step indexes are used,
i.e. k and h respectively.

The proposed control framework is run at each time step
t = 0, . . . , T − 1, with T being the overall time horizon. Let
us denote with k(t) and h(t) the time steps corresponding to t
in the two discretization mechanisms. Then, at each time step
t, the prediction model is run for k = k(t), . . . , k(t)+K − 1,
while the optimal control problem refers to time steps h =
h(t), . . . , h(t) +H − 1. Since the horizon length adopted by
the two modules is the same, it yields that K = ΓH .

A. The prediction model

The prediction model used in this work is METANET [6]
referred to a single road stretch in an extra-urban environment.
The stretch is divided into N sections, each one having length
Li [km], i = 1, . . . , N , in which some external flows can enter
and from which traffic flows can exit. Let us denote the set
of road sections as I = {i : i = 1, . . . , N}. According to the
length of each section, it is possible to compute the position
pi of the beginning of section i as p1 = 0 and pi =

∑i−1
ȷ=1 Lȷ,

i ∈ I \ 1.
The prediction horizon of the traffic model is discretized

and, as previously introduced, the model run at time t refers
to time steps k = k(t), . . . , k(t) + K − 1. For each section
i ∈ I, and for each time step k, the following variables are
defined:

• ρi(k) is the traffic density in section i at time kT pred

[veh/km];
• vi(k) is the mean traffic speed in section i at time kT pred

[km/h];
• qi(k) is the traffic flow from section i to section i + 1

during time interval [kT pred, (k + 1)T pred) [veh/h];
• ri(k) is the traffic flow entering section i from external

roads during time interval [kT pred, (k+1)T pred) [veh/h];
• fi(k) is the traffic flow exiting section i to external roads

during time interval [kT pred, (k + 1)T pred) [veh/h].

The parameters of the model are: vfi is the free-flow speed
[km/h] of section i, ρcri is the critical density [veh/km] of
section i, while τ , ν, χ, δon, a are other model parameters
present in the speed equation and in the steady-steady speed-
density relation.

The METANET model is given by the following finite
difference equations

ρi(k + 1) = ρi(k) +
T pred

Li
[qi−1(k)− qi(k) + ri(k)− fi(k)]

(1)

vi(k + 1) = vi(k) +
T pred

τ
[V (ρi(k))− vi(k)]

+
T pred

Li
vi(k) [vi−1(k)− vi(k)]

−νT pred [ρi+1(k)− ρi(k)]

τLi [ρi(k) + χ]
− δonT

pred vi(k)ri(k)

Li [ρi(k) + χ]
(2)

where i = 1, . . . , N , k = k(t), . . . , k(t) + K − 1, while the
traffic flow to be used in (1) is given by qi(k) = ρi(k)vi(k)



and the steady-steady speed-density relation adopted in (2) is
given by

V (ρi(k)) = vfi exp

[
−1

a

(
ρi(k)

ρcri

)a]
(3)

This prediction model, run at each time step t, is initialized
with the measured traffic state ρi(k(t)) and vi(k(t)) and
allows to compute all the traffic variables along the prediction
horizon. Among them, the mean traffic speed vi(k), k =
k(t)+1, . . . , k(t)+K is communicated to the second module,
i.e. the optimal control module described below.

B. The optimal control module

In order to optimally control buses in the road stretch, an
optimal control problem is solved at each time step t, consid-
ering a planning horizon with h = h(t), . . . , h(t) + H − 1.
This problem is solved to control the set of buses present in
the road stretch in the planning horizon. Let us denote this set
as B (and the single bus in the set with b), which depends on
the initial time t and the length of the horizon H . According
to the bus lines and timetables, each bus is present in the road
stretch for a given time interval, between an initial time step
hb,in ≥ h(t) and a final time step hb,fin ≤ h(t) +H − 1. Let
us then introduce the set Hb = {h : h = hb,in, . . . , hb,fin−1}.
Moreover, in the considered road stretch a set S of bus stops
is present. It is assumed that, when a bus is at a bus stop, it
recharges the battery via the electric charging infrastructure
while passengers get off and get on the bus. In this sense, the
stopping times are also charging times.

Since the prediction model described in Section II-A has
a different time discretization compared with the optimal
control problem, the predicted traffic speed transmitted by
the prediction model at time t must be processed in order
to be used by the second module of the control scheme,
where the traffic speed must be associated with time steps
h = h(t), . . . , h(t) + H − 1. This speed is denoted as ṽi(h)
and is computed as follows:

ṽi(h) =

(h−1)Γ+Γ∑
ℓ=(h−1)Γ+1

vi(ℓ)

Γ
(4)

Other input parameters of the optimal control problem are
associated with each bus b ∈ B:

• db is the electric consumption of bus b when traveling
[kWh/km];

• ēb,fin is the desired final energy in the battery of bus b
[kWh];

• ȳbs(h) ∈ {0, 1}, h ∈ Hb, is equal to 1 if bus b must be in
bus stop s at time step h, 0 otherwise (this parameter is
related to the predefined path and timetable of the bus);

and with each bus stop s ∈ S:
• πs is the position of bus stop s [km];
• cs is the charging power associated with stop s [kW].
For each bus b ∈ B, the state variables are defined for each

time step h ∈ Hb ∪ {hb,fin}:
• pb(h) is the position of bus b at time step h [km];

• eb(h) is the energy stored in the battery of bus b at time
step h [kWh];

while the control variables are defined for time steps h ∈ Hb:
• vb(h) is the speed of bus b at time step h [km/h];
• ybs(h) ∈ {0, 1} is equal to 1 if bus b is in stop s at time

step h, 0 otherwise.
Some auxiliary variables are needed in the optimal control

problem, for i ∈ I, b ∈ B, h ∈ Hb, i.e.:
• zbi (h) ∈ {0, 1} is equal to 1 if pb(h) ≥ pi, i.e. if bus b is

after the beginning of section i at time h, 0 otherwise;
• wb

i (h) ∈ {0, 1} is equal to 1 if pb(h) ≤ pi+1, i.e. if bus
b is before the beginning of section i + 1 at time h, 0
otherwise;

• λb
i (h) ∈ {0, 1} is equal to 1 if bus b is in section i at

time step h, i.e. if zbi (h) = wb
i (h) = 1, 0 otherwise;

• ζb,fin = max{ēb,fin − eb(hb,fin), 0} is the final lack of
energy in bus b compared with the desired level ēb,fin.

The optimal control problem can be stated with the follow-
ing mixed-integer linear quadratic formulation.

Problem 1:

min
∑
s∈S

∑
b∈B

∑
h∈Hb

αb
s(h)

(
ȳbs(h)− ybs(h)

)2

+ β
∑
b∈B

∑
h∈Hb\hb,fin−1

(
vb(h+ 1)− vb(h)

)2

+ γζb,fin

(5)

subject to:

pb(h+ 1) = pb(h) + vb(h)T cntr b ∈ B, h ∈ Hb (6)

eb(h+ 1) = eb(h)− db
[
pb(h+ 1)− pb(h)

]
+ T cntr

∑
s∈S

csy
b
s(h) b ∈ B, h ∈ Hb (7)

pb(h)−
(
πs −∆

)
≥ ϵ−

(
L+ ϵ

)(
1− ybs(h)

)
b ∈ B, h ∈ Hb (8)

(
πs +∆

)
− pb(h) ≥ ϵ−

(
L+ ϵ

)(
1− ybs(h)

)
b ∈ B, h ∈ Hb (9)∑

s∈S
ybs(h) ≤ 1 b ∈ B, h ∈ Hb (10)

∑
h∈Hb

ybs(h) ≥ 1 b ∈ B, s ∈ S (11)

∑
b∈B

ybs(h) ≤ ns,max s ∈ S, h ∈ Hb (12)

pb(h)− pi +M
(
1− zbi (h)

)
≥ ϵ

i ∈ I, b ∈ B, h ∈ Hb (13)

pi − pb(h) +Mzbi (h) ≥ 0 i ∈ I, b ∈ B, h ∈ Hb (14)



pi+1 − pb(h) +M
(
1− wb

i (h)
)
≥ 0

i ∈ I, b ∈ B, h ∈ Hb (15)

pb(h)− pi+1 +Mwb
i (h) ≥ ϵ i ∈ I, b ∈ B, h ∈ Hb (16)

λb
i (h) ≤ zbi (h) i ∈ I, b ∈ B, h ∈ Hb (17)

λb
i (h) ≤ wb

i (h) i ∈ I, b ∈ B, h ∈ Hb (18)

λb
i (h) ≥ zbi (h) + wb

i (h)− 1 i ∈ I, b ∈ B, h ∈ Hb (19)

ζb,fin ≥ ēb,fin − eb(hb,fin) b ∈ B (20)

ζb,fin ≥ 0 b ∈ B (21)

0 ≤ vb(h) ≤
∑
i∈I

λb
i (h)ṽi(h) b ∈ B, h ∈ Hb (22)

vb(h) ≤
(
1−

∑
s∈S

ybs(h)

)
· vb,max b ∈ B, h ∈ Hb (23)

eb,min ≤ eb(h) ≤ eb,max b ∈ B, h ∈ Hb (24)

where ϵ is a small quantity arbitrarily chosen, M is a large
quantity arbitrarily chosen, ∆ is a tolerance, L is computed
as L =

∑
i∈I Li.

In the cost function of Problem 1, the first term is related to
the deviation from the timetable, i.e. to the quadratic difference
between the control variable ybs(h) and its expected value
ȳbs(h). This term is multiplied by a weight αb

s(h), s ∈ S ,
b ∈ B, h ∈ Hb, which allows to properly weigh early
arrivals and late departures from stops. The second cost term,
weighted with β, enables to smooth the speed profiles between
two consecutive time steps, while the last term, through γ,
penalizes the final lack of energy for buses.

Constraints (6) and (7) are the state equations for buses,
the former computing the covered distance on the basis of its
speed, the latter updating the energy stored in the bus battery
by considering the discharging rate due to the distance traveled
and the charging rate at stops. Note that the initial conditions
pb(h(t)) and eb(h(t)) are measured in real time.

Constraints (8)-(9) impose that ybs(h) is equal to 0 if
pb(h) ≤ πs −∆ or pb(h) ≥ πs +∆, i.e. when the bus is not
in the proximity of stops. Constraints (10) ensure that each
bus can be at most in one stop in each time step, while (11)
guarantee that each bus stays in a stop for at least one time
step. Constraints (12) fix a maximum number of buses ns,max

which can be at the same time at a given stop.
Constraints (13)-(14) are used to correctly define zbi (h)

variables and, analogously, (15)-(16) to define wb
i (h) variables,

depending on the bus position pb(h). Moreover, constraints
(17)-(19) define λb

i (h) on the basis of zbi (h) and wb
i (h). Note

that these constraints are necessary to represent the logic
conditions expressed in the definitions of zbi (h), w

b
i (h), λ

b
i (h)

in terms of linear inequalities in order to have an overall
problem with a linear quadratic form. Similarly, constraints
(20)-(21) are used to properly fix ζb,fin.

Constraints (22)-(23) impose positivity and upper bounds
for the speeds, respectively considering the predicted traffic
flow speeds ṽi(h) and the maximum allowed speeds vb,max.
Note that (23) also imposes that the speed is null if the bus

is at a stop. Finally, (24) impose lower and upper bounds for
the energy stored in the batteries, respectively given by eb,min,
eb,max.

III. CASE STUDY APPLICATION

The application of the proposed control scheme to a case
study inspired by a real scenario is presented below. Specifi-
cally, an extra-urban road stretch in the North of Italy, from the
city of Savona to the town of Finalborgo, has been considered
and depicted in Fig. 2. Note that this scenario is based on
historical data collected on a working day in April 2019, i.e.
prior to the COVID-19 pandemics and therefore not affected
by the mobility restriction measures introduced during the
public health crisis. This stretch is about 27 kilometers long
and is part of a bus line including nine stops (S = {1, . . . , 9}),
that we assume equipped with a charging infrastructure. The
time horizon from 6:45 a.m. to 9:00 a.m. has been considered,
in which three buses (B = {1, . . . , 3}) cover the route. The
timetable for buses in a working day is reported in Table I,
reporting also the position of the bus stops. Note that these
buses remain in the Finalborgo stop 10 minutes after the
expected arrival time, i.e. until 7:50 a.m., 8:10 a.m. and 8:40
a.m. respectively.

Fig. 2: Itinerary of the Savona-Finalborgo bus line.

TABLE I: Timetable and position of the bus stops.

Bus stop b = 1 b = 2 b = 3 Position [km]
Savona 06:53:00 07:13:00 07:40:00 0
Vado Ligure 07:05:00 07:25:00 07:52:00 6
Bergeggi 07:10:00 07:30:00 07:58:00 9
Spotorno 07:15:00 07:35:00 08:03:00 12
Noli 07:20:00 07:40:00 08:08:00 15
Varigotti 07:25:00 07:45:00 08:15:00 19
Finalpia 07:32:00 07:52:00 08:23:00 24
Finalmarina 07:35:00 07:55:00 08:25:00 25
Finalborgo 07:40:00 08:00:00 08:30:00 27

The traffic model described in Section II-A has been used to
predict the traffic state on the stretch. In particular, the extra-
urban road stretch has been represented with N = 27 sections,
with a length of 1 kilometer each. In the traffic model, the
horizon is discretized with a discretization interval T pred equal
to 10 seconds, while the prediction horizon is of 30 minutes,
i.e. K = 180. In order to show the traffic conditions of this
case study, the prediction model has been run for the overall



time horizon, and the resulting traffic speeds are depicted in
Fig. 3 for the entire stretch. In this figure a reduction in the
average speed can be observed from about 7:30 a.m. to about
8:30 a.m., due both to the rush hour and to the reduction of
the road capacity that characterizes the sections close to the
Noli and Varigotti stops.
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Fig. 3: Average speed [km/h] in the stretch.

The optimal control problem (solved in Matlab using
YALMIP [14] and adopting Gurobi 9 as solver) considers
a sample time T cntr equal to 1 minute, hence the thirty-
minute prediction horizon corresponds to H = 30 time steps.
The main parameters of the optimal control scheme are the
following: eb,min = 50 [kWh], eb,max = 300 [kWh], ēb,fin =
200 [kWh], db = 1.16 [kWh/km], vb,max = 70 [km/h], b ∈ B,
cs = 150 [kW], s ∈ S. Note that a desired final energy
equal to 200 [kWh] corresponds to a State of Charge (SOC)
of about 67%. Moreover, the initial energy level for the buses
is, respectively, e1(0) = 160 [kWh], e2(0) = 250 [kWh],
and e30 = 180 [kWh], corresponding respectively to a SOC
of about 53%, 83%, and 60%. The reference values ȳbs(h)
have been set according to the schedule reported in Table I,
considering a 3-minute time window in which each bus is
expected to remain at each stop. In the objective function, the
weights associated with the timetable compliance have been
fixed so that the highest weights (αb

s(h) = 100) are associated
with the time steps corresponding to the stop time reported in
Table I, while lower weights (αb

s(h) = 1) have been assigned
to the other time steps. Moreover, β have been set equal to
0.0001, while γ has been fixed to 0.8.

The main results obtained by applying the proposed control
scheme are summarized in Figs. 4-6. In particular, Fig. 4
shows the comparison between the reference values ȳbs(h) and
the control variables ybs(h), Fig. 5 depicts the trajectories and
speeds of the buses over time, while Fig. 6 reports their SOC.
The results show that all the buses remain at stops for at least
one minute within the predefined time windows. The total time
they spend at the stops, and thus the charging time, depends on
their state of charge and the traffic conditions they encounter
along their route.

More in detail, the first bus starts its route before the peak
hour and with a low initial state of charge. By analyzing
Fig. 4a, it can be observed that this bus takes advantage of
the favorable traffic conditions to arrive early at the first stop
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Fig. 4: Optimal control variables ybs(h) (black line) and target
values ȳbs(h) (red dashed line) for bus b = 1 (4a), bus b = 2
(4b) and bus b = 3 (4c).

in order to recharge its batteries. Moreover, in order to get as
close as possible to the desired final state of charge, it needs to
stay longer at the stops, often exploiting all the time window
defined around the stop time. At the end, this bus reaches an
energy level equal to 196.24 [kWh], i.e. a SOC of about 65%,
that is very close to the desired one.

The second bus travels in a time interval that is partially
affected by congestion phenomena and starts its trip with a
rather high initial state of charge. As displayed in Fig. 4b,
the optimal solution involves short waits at the bus stops, as
the bus has no particular charging needs. However, an early
departure from the Spotorno and Noli stops is required to avoid
the congestion peak and reach the next stops according to the
timetable. At the end, this bus reaches an energy level in the
battery that is equal to 268.74 [kWh], i.e. a SOC of about
90%, higher than the required level, but this is due to the
initial condition of an almost completely charged battery.

Finally, the third bus is the most affected by the congestion
of the rush hours. In addition, the third bus also has a rather
low initial energy level, but higher than the first bus. The
optimal solution implies that the bus exploits the favorable
traffic conditions at the time of departure to arrive early at the
first stop for charging the battery as much as possible. This
allows the bus to stay for shorter times in the succeeding stops,
recovering the delay due to the slowdowns encountered from
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Fig. 5: Optimal bus trajectories and speeds for bus b = 1 (5a),
bus b = 2 (5b) and bus b = 3 (5c).
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Fig. 6: Optimal state of charge for the three buses.

the Noli stop onwards (see Fig. 4c). Despite the slowdowns
and the relative low initial state of charge, the bus respects
the timetable and reaches the final reference value of state of
charge, even by slightly exceeding it (the final energy level is
216.24 [kWh], i.e. SOC of about 72%).

It is worth noting that these results are strongly dependent
on the choice of the weighing parameters of the cost function.
Different combinations of these weights could be defined to
change the priorities among the three terms.

IV. CONCLUSIONS

A control scheme to optimally determine the charging times
and the speed of electric buses in an extra-urban road has
been proposed in this paper. This scheme is composed of two
modules, the former providing a prediction of the traffic flow
conditions, the latter based on an optimal control problem to
regulate the behavior of buses. Note that defining bus speeds
by taking into account the real traffic conditions is a very
important aspect. Indeed, overlooking traffic behavior may
lead to suggest speeds that cannot be implemented in practice.
The cost function considered in this work addresses three
main aspects, which have a conflicting nature, therefore the
priority of one of these aspects over the others can be managed
by properly setting the weights in the objective function. In
future works, the multi-objective nature of the optimal control
problem will be investigated and multi-objective techniques
will be applied to the considered problem. Moreover, different
applicative cases will be considered, such as the possibility that
only some stops are provided with charging infrastructure or
the possibility, even if the charging infrastructure is present,
that a bus stops without charging.
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[3] B. Paden, M. Cáp, S.Z. Yong, D. Yershov, E. Frazzoli (2016). A Survey
of Motion Planning and Control Techniques for Self-Driving Urban
Vehicles. In IEEE Transactions on Intelligent Vehicles, vol. 1, 102569

[4] G. Laskaris, M. Seredynski, F. Viti (2020). Combinatorial Auction-
Based Pricing for Multi-Tenant Autonomous Vehicle Public Trans-
portation System. In IEEE Transactions on Intelligent Transportation
Systems, vol. 17, 859–869

[5] A.Y. S. Lam, Y.-W. Leung, X. Chu (2016). Autonomous-Vehicle Public
Transportation System: Scheduling and Admission Control. In IEEE
Transactions on Intelligent Transportation Systems, vol. 17, 1210-1226

[6] A. Kotsialos, M. Papageorgiou, C. Diakaki, Y. Pavlis, F. Middelham
(2002). Traffic Flow Modeling of Large-Scale Motorway Networks Us-
ing the Macroscopic Modeling Tool METANET. In IEEE Transactions
on Intelligent Transportation Systems, 3, 282-292.

[7] C. Pasquale, S. Sacone, S. Siri, A. Ferrara (2018). A New Micro-Macro
METANET Model for Platoon Control in Freeway Traffic Networks. In
Proc. of IEEE 21st International Conference on Intelligent Transporta-
tion Systems, 1481–1486

[8] C. Pasquale, S. Sacone, S. Siri, A. Ferrara (2022). Optimal Charging
and Speed Control of Electric Buses Based on Traffic Flow Predictions.
Accepted to 6th IEEE Conference on Control Technology and Applica-
tions

[9] A. Sciarretta, G. De Nunzio, L.L Ojeda (2015). Optimal ecodriving
control: Energy-efficient driving of road vehicles as an optimal control
problem. In IEEE Control Systems Magazine, vol. 35(5), 71–90.

[10] G.P. Padilla, S. Weiland, M.C.F. Donkers (2018). A global optimal
solution to the eco-driving problem. In IEEE Control Systems Letters,
vol. 2(4), 599–604.

[11] J. Flores Paredes, G. Padilla Cazar, M.C.F. Donkers (2019). A shrinking
horizon approach to eco-driving for electric city buses: Implementation
and experimental results. In IFAC-PapersOnLine, vol. 52(5), 556–561.

[12] S. Torabi, M. Bellone, M. Wahde (2020). Energy minimization for an
electric bus using a genetic algorithm. In European Transport Research
Review, vol. 12(1), 1–8.

[13] R. Lacombe, S. Gros, N. Murgovski, B. Kulcsár (2021). Bilevel
Optimization for Bunching Mitigation and Eco-Driving of Electric Bus
Lines. In IEEE Transactions on Intelligent Transportation Systems.
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