
27 June 2026

POLITECNICO DI TORINO
Repository ISTITUZIONALE

Optimizing electric vehicles charging through smart energy allocation and cost-saving / Ambrosino, L., Calafiore, G.,
Nguyen, K.M., Zorgati, R., Nguyen-Ngoc, D., El Ghaoui, L.. - (2024), pp. 59-64. (11th International Conference on
"Energy, Sustainability and Climate Crisis" - ESCC 2024 Corfù (Gr) August 26-30, 2024.).

Original

Optimizing electric vehicles charging through smart energy allocation and cost-saving

Publisher:

Published
DOI:

Terms of use:

Publisher copyright

(Article begins on next page)

This article is made available under terms and conditions as specified in the  corresponding bibliographic description in
the repository

Availability:
This version is available at: 11583/2996790 since: 2025-01-22T11:03:11Z

Department of Mechanical Engineering, University of Thessaly



Proceedings of the International Conference on "Energy, Sustainability and Climate Crisis" 2024
ESCC 2024, Corfu, Greece, August 26 - 30, 2024

ISBN: 978-618-5765-04-0
ISSN 3057-4269 59 ESCC 2024

Optimizing Electric Vehicles Charging Through
Smart Energy Allocation and Cost-Saving
Luca Ambrosino

Dipartimento di Elettronica e
Telecomunicazioni (DET)
Politecnico di Torino

Torino, Italy
luca.ambrosino@polito.it

Riadh Zorgati
R&D Department

(EDF)
Paris, France

riadh.zorgati@edf.fr

Giuseppe Calafiore
Dipartimento di Elettronica e

Telecomunicazioni (DET) / College of
Engineering and Computer Science (CECS)
Politecnico di Torino / Vin University
Torino, Italy / Hanoi, Vietnam
giuseppe.calafiore@polito.it

Doanh Nguyen-Ngoc
College of Engineering and Computer
Science (CECS) and College of
Enviromental Intelligence (CEI)

Vin University
Hanoi, Vietnam

doanh.nn@vinuni.edu.vn

Khai Manh Nguyen
College of Engineering and Computer

Science (CECS)
Vin University
Hanoi, Vietnam

21khai.nm@vinuni.edu.vn

Laurent El Ghaoui
College of Engineering and Computer
Science (CECS) and College of
Enviromental Intelligence (CEI)

Vin University
Hanoi, Vietnam

laurent.eg@vinuni.edu.vn

Abstract As the global focus on combating environmental
pollution intensifies, the transition to sustainable energy
sources, particularly in the form of electric vehicles (EVs), has
become paramount. This paper addresses the pressing need for
Smart Charging for EVs by developing a comprehensive
mathematical model aimed at optimizing charging station
management. The model aims to efficiently allocate the power
from charging sockets to EVs, prioritizing cost minimization
and avoiding energy waste. Computational simulations
demonstrate the efficacy of the mathematical optimization
model, which can unleash its full potential when the number of
EVs at the charging station is high.

Keywords Smart Charging, EVs, Optimization Model,
Sustainability, Transportation, Energy, Electricity.

INTRODUCTION

In light of the intensifying environmental crisis, the
imperative to transition towards sustainable energy solutions
has become more pressing than ever. Central to this transition
is the widespread adoption of electric vehicles (EVs) [1], [2],
which offer a promising avenue for curbing pollution and
mitigating climate change. However, the effective integration
of EVs into our daily lives necessitates innovative approaches
to address the challenges posed by their charging
infrastructure.

Until now, most of the literature concerning electrical
vehicles have focused on issues related to electricity and
power grid [3]. Data-driven models to reduce EVs impact on
the grid itself have been investigated [4], helping to mitigate
the risk of overloading the electrical infrastructure finding
ways to shift the charging to off-peak hours [5], ensuring a
stable and reliable supply of electricity. Furthermore,
considering the limited driving range of EVs, they may need
to be recharged frequently, especially across long journeys.
Consequently, the convenience of charging becomes a
primary concern for EV owners and some studies on charging
stations location problem have been conducted trying to help
this crucial research field [6], [7], even by applying
reinforcement learning techniques [8].

On the other hand, our approach deviates from this
dominant trend, instead focusing on the optimization of a
single charging station when facing the EVs requirements. To
predict the charging duration and energy demand of EVs, a
hybrid kernel density estimator that uses both Gaussian- and
Diffusion-based approach has been developed [9]. Moreover,
while there are two types of interaction between vehicles and
the charging sockets of charging stations, namely grid-to-
vehicle (G2V) and vehicle-to-grid (V2G) [10], our model
focuses on grid-to-vehicle interaction. The V2G interaction,
on the other hand, allows for the development of more
intricate and complex models, for example involving the use
of Particle Swarm Optimization (PSO) [11], but has the
serious drawback of damaging the integrity and longevity of
EV batteries in the long run [12], making this technology less
sustainable. This underscores the need for Smart Charging
optimization methods to efficiently manage and charge
electric vehicles (EVs).

Unlike traditional charging methods, Smart Charging
leverages advanced technologies and data-driven algorithms
to optimize the utilization of charging stations. By
intelligently allocating resources and dynamically adjusting
charging schedules, Smart Charging aims to enhance
operational efficiency, reduce costs, and alleviate strain on the
electrical grid. In essence, Smart Charging transcends the
mere act of replenishing the energy reserves of EVs; it
represents a holistic approach towards reimagining the entire
charging ecosystem. From minimizing peak load demand and
optimizing energy distribution to promoting renewable energy
integration and accommodating varying user needs, Smart
Charging embodies the convergence of sustainability,
efficiency, and innovation [13].

Optimization frameworks on smart charging for EVs have
seen a growing interest starting from the past decade. In [14]
an heuristic method considering the State of Charge (SoC) has
been proposed to minimize the charging costs. A real-time
management system for the EV charging process is proposed
in [15], which identifies the optimal charging periods for each
EV with the aim of reducing peak load. Home charging is also
worth studying due to the growing number of private EV
owners, and an empirical study in [16] lead to an optimal
schedule model for home charging at minimum cost. In [17],
they propose an optimization model that maximizes the profit
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amount of electricity used. We assume that every charging
plug has the same power, so that the cost generated by them is
considered regardless to which plug is used to charge. The first
constraint , is a kind of demand
satisfaction, explaining that the total energy delivered to each
vehicle i must be greater or equal than its total energy request
. The second constraint , is

instead a budget constraint, assuring that at each time instant t
the total power delivered by the station is never greater than

. If we had wanted to
emphasize the cost-saving objective more in the optimization
model, we would have avoided imposing a direct budget
constraint, opting instead to incorporate a penalty into the
objective function for exceeding the budget. In our context,
it's important to highlight that the goal of the model is also to
promote energy sustainability by preventing grid overload,
despite the potential for greater cost savings from overloading.
This balance is crucial to ensure the long-term stability and
efficiency of the energy system, thereby contributing to the
overall sustainability of the energy infrastructure. Finally,

, states that each variable
must obviously be non-negative, since it represents power

directionally allocated to vehicle i at time t, and has as upper
bound.

In order to simplify the representation and the simulations
code, we use a binary matrix A of size to encode arrival
and departure times . Each element equals 1 if t
falls into the interval for vehicle i, 0 otherwise. This
matrix allows us to condense the information regarding the
arrival and departure times of each vehicle into a more
compact format. With this matrix representation, we can
reformulate the optimization problem stated above in a more
concise matrix form useful for Matlab simulations:

(2)

Where:

aggregates all the cost functions , that
is .

-dimensional
matrix , say , are the total power
absorbed by the vehicle i during its whole charging.

-dimensional
matrix , say , are the total power
available at time t.

L and C are respectively the vectors related to the
power requirement and the capacity (i.e. energy
available). Finally, is the vector related to the single
socket maximum power generated.

ROBUST OPTIMIZATION OVERVIEW

The sources of uncertainty considered in this optimization
model are related to electricity prices and to load vectors
, i.e. energy required by EVs. The electricity price fluctuates

not only periodically with time (during a day of operation
there are peak-price periods and low-price periods, e.g., at
night) but also in response to unforeseeable network and real-
time electricity market conditions, which can be difficult to
forecast. Concerning the energy demand from EVs, we do not

know exactly in advance how much energy each vehicle
would need to be charged. Several factors affect this
uncertainty and a huge problem may arise during peak hours
if there are many EVs in the charging station needing a great
amount of charge. These uncertainties can be characterized by
the fact that the objective function and constraints of the
problem are dependent on additional parameters ,
which represent the uncertainties. The functions ,
which can be either objective function or constraint,
represent the uncertain components of the problem.
Depending on the approach chosen to define and manage
uncertainty, various methods for optimization under
uncertainty are available.

In this paper, the two robust optimization methods used to
deal with uncertainties in electricity prices and in load vector
are respectively the norm-bounded uncertainty in dimension 2
and the interval uncertainty [19]. In formula, a norm-bounded
uncertainty set (a.k.a. norm ball) is a set of the form:

(3)

Where is the center of the ball, is its radius, and denotes
the type of norm, typically . In particular, in the
common case when the norm ball is a hypershpere and
the problem is a second order cone programming (SOCP)
problem. For our specific smart charging problem in Eq. (2),
we assume that , i.e. the time-varying vector encoding
electricity prices, is only known up to a sphere:

and the uncertainty level
are both known. The robust counterpart to the model in

Eq. (2) with linear prices is the SOCP:

(4)

We observe that when , we recover the nominal problem
with fixed costs, because the uncertainty ball has radius 0,
while for large, the solution drives toward the problem with
quadratic costs instead of linear.

In practice, due to uncertainty on the initial charge of
vehicles, also the load vector L is uncertain. Assume for
example that the load vector L is only known to satisfy

, where the lower and upper bounds and are known
somehow. The robust counterpart has a trivial expression, in
the same form as Eq. (4), but with values of L replaced with
their worst-case (largest) values , which means:

(5)

In some practice applications, if the infrastructure of the
charging station allows to measure, at charging time, the
actual desired load from EVs, then an affine recourse strategy
may improve the performance of robust optimization.

SIMULATIONS AND RESULTS

After the optimization model theoretical introduction, we
want to show the benefits that this smart charging approach

perform numerical simulations comparing our model in Eq.
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charging stations currently offer various types of sockets with
different charging capabilities, such as slow, standard, or fast
charging. These distinctions not only affect the charging speed
but can also influence pricing, introducing additional
complexity to the optimization process. Our model already
incorporates factors like electricity cost fluctuations over time
and manages to efficiently schedule EV recharges based on
their parking durations, as outlined in matrix A. Should the
charging station feature different socket types, exploring the
interplay between EV energy requirements and parking
durations could potentially yield even more optimal charging
schedules. As already mentioned, the EV market is likely to
grow in the next few years, and when this happens it could be
useful to consider adding an upper bound constraint on the
cardinality of the optimization problem solution. Some
constraint relaxation techniques may help keeping the
computational problem at an acceptable difficulty despite a
non-linear cardinality constraint.

Considering what we have observed and the few
assumptions made to deeply analyze the performances of this
mathematical model, it is important to emphasize that this
smart charging model aspires to be a benchmark for other
optimization strategies related to Smart Charging for EVs.
Certainly, developing more complex models based on this

which aims to reconcile humanity's daily practical
transportation needs with the global shared objective of
shifting the world economy towards long-term energy
sustainability to safeguard the health of our planet.
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