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Abstract The transition to electric transportation is gaining more and more importance in the last years
leading to new challenges to be addressed. A key role in this framework is represented by public
transportation systems. This paper introduces a Discrete Event (DE) optimization model to optimize the
charging scheduling of electric buses (EBs). By accounting for time tabling constraints, energy demand
satisfaction, and the capability for simultaneous multi-socket charging, our model addresses the
complexities inherent in managing EB fleets. Utilizing a periodic model to capture cyclical system
behavior, we incorporate a detailed battery model reflecting nonlinear charging profiles to enhance
accuracy in power requirement prediction and charging duration estimation. Validation of our model is
performed using real-world data, demonstrating its practical applicability.
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1. INTRODUCTION

In the last decade, electric mobility has been rapidly emerging
since governments globally are investing heavily in electric
vehicles (EVs) since they are considered one of the best
solutions to environmental concerns, reduced dependence on
fossil fuels and to combat climate change, and their adoption
is crucial for a cleaner and more sustainable transportation
alternative Ruggieri et al. (2021). This shift towards EVs is
propelled not only by environmental considerations, but also
by significant technological advancements, making EVs more
practical, efficient, and accessible Mohammadi et al. (2023).
Even if the benefits of electric mobility are evident, many
challenges relevant to this new actor in the transportation
system raised and must be carefully faced. As the number of
EVs on the road increases, concerns about grid overload
become more pronounced. As a matter of fact, if EVs are
treated as fixed loads, simultaneous charging during peak
periods could stress the electricity grid leading to increased
demand and potential issues in grid reliability Venegas et al.
(2019). Addressing this challenge requires advanced energy
management systems and smart charging policies, which play
a crucial role in maintaining grid stability during the transition
to a more electrified transportation system, offering a resilient
solution for grid management Casella et al. (2022). Smart
charging provides significant benefits for grid management in
the context of electric mobility as it enables load balancing by
distributing EV charging loads over time and preventing grid
overload during peak hours. At the same time, advantages of
smart charging also include the integration of renewable
energy sources by aligning the charging service with periods
of high renewable energy generation, contributing to a more
sustainable electric mobility ecosystem Sinha et al. (2023).
Nevertheless, the greatest advantage of smart charging comes
from exploiting EVs as mobile energy storage devices and
enabling bi-directional power flows to potentially provide
flexibility services and enhance overall grid resilience Wan et

al. (2024). The role of mathematical programming and
optimization methods becomes indispensable in managing the
intricate challenges arising from the increasing penetration of
EVs as these tools provide an analytical approach to solve the
complex decision-making processes involved in smart
charging, providing personalized schedules that considers user
preferences, travel patterns, charging requirements, and grid
safe operations.

Within the macro-topic of electric mobility, research often
distinguishes between two distinct lines of focus: private and
public mobility, as they exhibit notable differences in terms of
routes, practical operations, and management, reflecting
distinct considerations for individual users and broader public
transportation systems. Private electric mobility, centered on
individual users, emphasizes flexibility and personalized
operations. In contrast, public electric mobility, mainly
Electric Buses (EBs), follows predetermined schedules and
routes designed around transportation hubs and key
destinations. Moreover, public transportation often adheres to
cyclical schedules, where the same route and timetable repeat
daily. For these reasons, EB operations involve centralized
management to ensure the seamless functioning of the overall
transportation system, and the effective management of a fleet
of EBs requires a comprehensive approach that considers both
the periodicity characteristics inherent in public transit and the
difficulties of time tabling constraints and energy demand
satisfaction. Indeed, considering time tabling constraints
becomes crucial as adherence to fixed schedules is essential
for efficient service provision in terms of punctuality, overall
reliability and convenience for customers. Then, the fleet
energy requirement necessitates, especially during peak
operation hours, strategic planning to ensure the availability of
charging infrastructure and achieve sustainable operations.

In the last decades several research works have focused on
defining decision problems and developing optimal strategies
to face these issues; nevertheless, most of them focus on
private EVs rather than on EBs, which are instead a special
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class of EVs with its own characteristics Perumal et al. (2022).
The literature on electric buses (EBs) reveals limited attention
to optimal scheduling, with few works addressing the issue.
Notably, in Ferro et al. (2023), a planning problem determines
optimal charging station (CS) locations and sizes, followed by
an optimization problem for fleet sizing and EB assignment to
lines, considering simultaneous charging of multiple EBs. Liu
et al. (2021) presents a mixed-integer programming model to
minimize total charging costs by optimizing charging power
and time, developing a column-generation-based algorithm to
decompose the problem and achieve scalability. He et al.
(2020) focuses on overnight depot charging with on-route fast
charging; the on-route scheduling is optimized to minimize
costs while adhering to timetable requirements. Hu et al.
(2022) analyzes the joint problem of locating en-route fast
chargers and scheduling, considering penalty costs for delays
caused by the charging service itself, and formulating a robust
model for uncertainties. Zhang et al. (2021) incorporates
battery degradation into the charging strategy optimization,
with the aim of minimizing it together with total costs. A
tailored branch-and-price approach is employed for the global
optimal solution, while the optimal integer solution is
guaranteed by the adoption of a branch-and-bound approach.
The work proposed in this paper deals with the optimal
charging scheduling (start/end of the charging service and
charging power level) of a fleet of EBs, considering time
tabling constraints and energy request satisfaction. A multi-
socket framework is also considered, allowing the
simultaneous charge of several EBs. Since this paper focuses
on public transportation, a periodic model is adopted to reflect
the cyclical behavior which is typical for a system of EBs.
Moreover, EB batteries are modeled via a nonlinear charging
profile to simulate the real trend of power as a function of the
state of charge. One of the most important features from a
modeling point of view is the introduction of intermediate
events, which allows to avoid constraining the system to have
an EB under charge in every time interval. Indeed, the
possibility of having some time frames when no EB is
charging is essential to increase the degrees of freedom, for
example to shift the charging process when the cost for
withdrawing power from the grid is lower (Figure 1). This
potentiality is exploited in this paper by introducing
intermediate events in addition to actual completion time
intervals. To the best of authors’ knowledge, no other paper in
literature adopts, in a DE contest, this strategy to have a greater
range of possibilities.

From a methodological point of view, a Discrete Event (DE)
approach is adopted as an alternative to the most common
discrete-time approach, which however makes the problem
quite hard to be computationally solved especially for a high
number of variables. In previous works, the DE approach has
already been adopted. In Ferro et al. (2021), authors propose a
DE model for the optimal charging scheduling of some EVs.
In this paper, this model is improved to obtain a higher number
of degrees of freedom and considering the non-linear
characteristic curve of the batteries. Another study in Casella
et al. (2023) considers a periodic DE model for EBs, but
considering a linear model for the batteries and without
considering additional time intervals (see next sections for
detailed information) and thus reducing the degrees of freedom
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Figure 1. Intermediate events

of the system. Moreover, apart from Casella et al. (2023), none
of the mentioned papers address EB charging scheduling in a
periodic framework, neglecting the inherently periodic nature
of public transportation. Additionally, none except for Ferro et
al. (2023) and Zhang et al. (2021) consider a non-linear
charging profile, and none except for He et al. (2020) considers
time tabling constraints.
The main novelties introduced with this work are:
- A DE optimization model for the optimal scheduling of
the EBs’ charging processes in a periodic framework;
- A detailed model for the EBs’ battery considering the
non-linearity of the characteristic curve;
- Introduction of intermediate events to the DE model to
increase the flexibility of the system.
The remaining part of this paper is divided as follows. In
Section 2, the system model is presented. In Section 3 the
overall optimization problem is defined. A case study is
proposed in Section 4. Final conclusions are reported in
Section 5.

2. SYSTEM MODEL

In this section, the formalized decision problem is outlined,
detailing the mathematical models employed to describe the
various devices. Figure 2 shows the system model: a charging
station (CS) able to charge N vehicles at the same time is
considered (i.e. it has N sockets), together with an energy
storage system (ESS) and a connection to the external grid.
The considered CS has to provide charging services to B
electric buses; it is assumed that B > N, i.e. in the system,
there are fewer sockets than vehicles requiring charging
service. The variables in Figure 2 represent the power
exchange with the grid (pf), the power exchange with the
storage (p;), and the overall power to the charging station
(pfS), which is in turn given by the sum of the charging
powers to the EBs wunder charge (prB , J € B). For

bidirectional power flows p{ and p{, the adopted convention
is to consider them positive when entering the system: buying
from the grid and discharging the ESS.

Indeed, since a DE approach is adopted, time discretization is
not given a priori but the optimization horizon is discretized
by events (t;), whose occurrence is a decision variable itself.
Therefore, the duration of each time interval can be determined
as

t—t =1, Vi 1)

i
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Before discussing the model, it is necessary to highlight how
the introduction of intermediate events affects the model itself.
Indeed, the introduction of a new class of events directly
affects the time discretization, entailing the number of time
intervals in which the optimization horizon is discretized to be
twice the number of EBs needing charge. In particular, a
specific order for these two classes of events must be fixed;
assuming that these two classes of events alternate and that
intermediate events follow completion time intervals,
completion times are identified by odd indexes, while
intermediate events by even indexes.

2.1 Electric Buses and Charging Station

In the following equations all the constraints relevant to the EB

characteristics and their charging power are presented.
EB

I; .

SOC” =soC  + car™ 2t -t,) Vi) Q)
S0C}’ <SOC? < soc;’ Vi Vj 3)
P <p<phi; Vi vj (4)
v K=p7 =20 Vi vj (5)
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Equation (2) represents the state equation of the j-th EB, where
SOCL-’E]B is the state of charge, [}EB the charging efficiency,
while CAP?? [kWh] the capacity of the battery. The state of
charge and the charging power are bounded in (3) and (4),
respectively. To assign an EB to a socket, a binary variable
y£7 is introduced: this variable assumes value "1" if the j-th
EB is under charging in time interval (t;_4, t;), "0" otherwise.
To prevent the possibility of having an EB under charge when
it is not connected, equation (5) is introduced. The constraint
on the maximum number of simultaneous charging processes
corresponds to (6). Equation (7) imposes that the total charge
(up to the completion time) must be equal to the energy request
(right hand side of the equation). Equation (8) defines the
power to the CS, which is then bounded in (9).

2.2 Non-linear model for the EB battery

One the strengths of the work proposed in this paper is the
implementation of a nonlinear model for the EB batteries to
emulate the behavior of real ESSs. Indeed, empirical data show
that, after a specific SOC value is reached, the maximum
power that can be physically delivered to a battery pack is not

the rated one P, but it is lower; a piecewise linear profile is
a good approximation of this this peculiar behavior Delfino et
al. (2019). Nevertheless, since in this paper it is assumed that
EBs can charge in several different time intervals at different
power levels, the EB state of charge at the end of each i-#4 time
interval (SOCFP) is a decision variable. This makes it
impossible to determine a priori which case occurs: either the
whole charging process occurs before or after the knee, or
chargmg starts before the knee and stops after it (Figure 3).
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Figure 3. Possible charging profiles

This issue, given by the piecewise profile, can be solved by
approximating the piecewise linear profile (black line in
Figure 4) with a polynomial continuous function f (blue line
in Figure 4) defined as

N

f(80C))=>"a,80C! vj (10)

n=0

Indeed, approximating with a continuous polynomial function
avoids the introduction of many binary variables; in fact, if
piecewise profile were preserved, three different cases would
have to be formulated and the computational difficulty would
increase. Please note that, in any case, the adopted polynomial
function is still a good approximation of empirical data.
In this paper we assume that the maximum charging power
(pl B ) is given by a constant profile like the green one in
Figure 4. Please note that, being a function of SOC/?, the upper

bound for the charging power is a decision variable itself.
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Figure 4. Polynomial approximation

2.3 ESS Model

As for the EBs, the constraints relevant to the EES are

presented.
CAIP |:1—~Sdch ,S+(tf . ) [Seeh ,s ([i _IH):|

SOC* =SOC? -
vi (12)
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pl=p"-p" vi (13)
ppl =20 Vi (14)
PS<p’<pPS i (15)
S0C’ < 50C* <S0C” Vi (16)

Equation (12) is the state equation where, unlike the EB case,
both charging and discharging are allowed. The terms in this
equation have a straightforward meaning: CAPS [kWh] is the
capacity; ['S4¢h/rS<h [kWh] is the discharging/charging
efficiency; pf*/pf~[kW] is the discharging/charging power.
The relation between p; and its components is defined as in
(13); since the discharging efficiency is always higher than the
charging one, it cannot happen that these two power flows are
non-zero at the same time. Finally, equations (14)-(16)
represent the physical bounds for ESS power and state of
charge.

2.4 Power balance

Regarding the power balance the following constraints are
introduced.

pE=pf+p’ Vi (17)
pl=p"-p" vi (18)
PO, po 20 Vi (19)
PC<pf <P Vi (20)

The actual power balance is reported in (17). Equation (18)
define the two components for the power purchased/sold
from/to the grid (pf*/pf~[kW]); assuming that the buying
price is always higher than the selling price ensures that both
terms cannot be non-zero at the same time. Upper and lower
bounds are in (19) and (20).

2.5 Time tabling constraints

The previous constraints are mostly relevant to the
components operating in the system; however, it is necessary
to introduce some time constraints.

(=)l viw e
t;ARD 21, - T/dd A (22)
ty, ST v (23)

Equation (21) is necessary to impose that an EB cannot be
connected before the release time Tj”. In this constraint K is a
big number. Instead, in (22) the value of the tardiness term
thARD is defined: it consists of the total charging delay of the
j-th EB with respect to its due date Tjdd. The deadline for the
charging process Tj"”, which by definition cannot be exceeded,
is imposed by (23).
Moreover, some additional constraints must be added to ensure
the system periodicity. In particular, the initial time ¢, and the
final one t,; must differentiate by a period T, and the initial
and final state of charge of the ESS must coincide.
ty=t,+T (24)

50CS =SOCS (25)
Last but not the least, the minimum length of each time interval
is defined in (26)

L<!, Vi (26)

165

3. THE OPTIMIZATION PROBLEM

Once the constraints for modeling the components of the
system are defined, an objective function must be introduced.
In particular, four main terms have been considered. The first
one is used to penalize tardiness, the second one to minimize
the cost for the power purchased from the grid, the third one
can be identified as an occupancy cost. This particular term is
necessary to avoid the connection of the EBs when they are
not under charge. The last term is a penalty to the finale state
of charge of the ESS, used to avoid equivalent solutions. The
overall objective function is

B M M B
min Y Q 7+ e+ Dy, +a-SOC;, (27)
= i=1 i=1 j=1
where, ¢ is defined as:
[ i
¥ = ﬂ '[ Ch (t)dr | pf* - I C* (¢)dt pf} Vi (28)
[ t

To summarize, the optimization problem is (27) s.t. (2)-(26).
4. APPLICATION TO A CASE STUDY

In this section, the proposed model is applied to a case study
where 8 EBs need to be charged in a CS with 2 sockets. In
Table 1, the general data relevant to the optimization problem
are reported, while Table 2 shows the data relevant to each EB.

Table 1. General data

B M N T[/]
8 16 2 24
L[h] PES[kw] rF2(/] CAPFE[kWh]
0.083 162 0.95 150+180
SOCF[/] SOCFE[/] PEE[kW] PFE[kW]
1 0 90 0
P rw PE[kW] P lew] PS[kW]
162 -162 100 -100
rserf/] rsderf/] s0C°[/] 50c8[/]
09 1.1 0.9 0.1
CAPS[kWh] K[/] CseU[€/kWh]
100 1000 0.08
Table 2. Data relevant to the EBs
7}rl [h] Tjdd [h] T}dl [h] SOCjEB,init[/] SOCjEB,fin [/]
EB, 1.25 6.25 7.25 03 09
EB, 2 7 8 0.2 0.85
EB; 2.5 7.5 8.5 03 0.9
EBy4 3.25 8.25 9.25 0.2 0.85
EBs 4 9 10 0.4 0.85
EBg 4.75 9.75 10.75 03 0.9
EB, 55 10.5 11.5 0.2 0.85
EBg 6.25 11.25 12.25 04 0.85

Finally, the coefficients in the objective function are set to
Q; = 0.98[€/h], ® = 1[€/h] and « = 1. Then, the buying
price is given by a 6™ order polynomial function, used to
approximate the blue piecewise-constant function in Figure 5.
Please note that in Table 1 the full range for the EB batteries
is considered since a nonlinear model is implemented; then,
the minimum charging power is zero as Vehicle-to-Grid mode
is discarded.
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The resulting problem is a MINLP and has been solved by
using software LINGO™ on an Intel Core i5-8265U CPU
1.60GHz 1.80 GHz PC with 8,00 GB RAM. The runtime is
about 100 seconds.

In the objective function (27) four different terms are
considered; according to the results, the tardiness cost is null,
the cost for buying energy from the grid is 183.91€, the
occupancy cost amounts to 12€, and finally the last term is
0.1€. Of course, the largest contribution is given by the grid
cost as it is the only energy source to charge the EBs; the
tardiness cost is null meaning that no EBs terminates its
charging process after its due date, and finally the occupancy
cost simply reflects how many times EBs are globally
connected to the CS. Since a DE approach is adopted, the
temporal discretization is a decision variable itself and Table
3 reports its optimal values. In addition to these values, it is
necessary to report the initial time t,[h] = 1.25, which allows
to verify that the periodicity constraint (24) is respected.

Table 3. Temporal discretization

t,[h] t,[h] t3[h] ty[h]
3.73 4.76 5.09 6.07
ts[h] te[h] t;[h] tg[h]
6.22 6.3 8.21 8.75
to[h] tio[h] t4[h] tio[h]
8.84 8.92 9.00 9.09
ty3[h] ti4[h] tys[h] ti6[h]
9.17 9.25 10.57 25.25

The Gantt diagram in Figure 6, together with Figure 7, reports
the optimal charting scheduling, in terms of timing and
charging power. From these two figures, it is possible to
appreciate that the introduction of intermediate event actually
increases the problem degrees of freedom by allowing the
system to shift the charging service where it is more
convenient (see Figure 5). Moreover, at first sight one can
contest that in the first interval, when the cost is at its
minimum, only one bus is charged; however, this is due to the
release time of the 2nd and 3rd buses (Table 2), which prevents
charging from starting. Indeed, EB, and EBj; start their
charging process in the second time interval, which begins
after their T,

[ o
I £ B,
I EB;
CCEB
I © Bs
[ EB;s
— 2
I © By

Sockets

9.25 13.25 17.25 21.25 25.25
Timelh]
Figure 6. Gantt diagram
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Figure 8 displays the power balance and allows to verify how
the ESS is exploited: in the first time interval, when C?% is
the lowest possible but only EB; can be charged because of the
constraint given by the release time of the other buses, the
system withdraws power form the grid to charge the ESS. The
stored energy is then used in the 15 time interval to charge
EBs; however, it is not enough, and so part of the charging
power is provided by the grid.
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Figure 8. Power balance

Finally, Figure 9 reports the evolution over time of the state of
charge of the EBs connected to the charging station in the 2™
and 3™ time intervals, and allows to verify that the energy
request is satisfied; please note that an insight on these two
EBs has been performed for sake of legibility. Then, from this
figure one can also visualize the main consequence of adopting
a DE approach: the length of time intervals is not constant.
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Figure 9. SOC of EBs connected in the 2" and 3" time intervals
5. CONCLUSIONS

In this paper, a novel approach for optimal charging
scheduling of EBs in public transportation settings is
presented. The model considers time tabling constraints,
energy request satisfaction, and the capability for simultaneous
charging of multiple EBs within a multi-socket framework,
offering a comprehensive solution to the complexities of
managing EB fleets. Additionally, the adoption of a periodic
model accurately captures the cyclical nature of such systems.
A key contribution of this work is the detailed modeling of EB
batteries, incorporating their nonlinear charging profiles to
better reflect real-world behavior. This enables more accurate
prediction of power requirements and charging durations,
leading to optimized scheduling decisions. Furthermore, the
introduction of intermediate events in the DE optimization
model enhances system flexibility, enabling dynamic
adjustments such as shifting charging processes to periods of
lower grid power costs. A potential improvement for this
model includes adopting a bilevel structure to leverage the DE
model and subsequently obtaining a more detailed solution by
applying a DT formulation once the time schedule is obtained.
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