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ARTICLE INFO ABSTRACT

Keywords: Recent studies show that the electric vehicle (EV) fleet in the EU will reach 37-38 million units by 2035.
Vehicle-to-grid (V2G) Most of them are expected to be charged at home, boosting the number of residential charging stations to
Smart EV Charg‘“g ) be installed. In order to decrease their environmental impact, these stations should be powered by clean
Photovoltaic producFlon V) energy sources, such as distributed photovoltaic (PV) generators. However, the increased penetration of EVs
EV battery degradation . . . .
Quadratically-constrained quadratic and PVs may cause large power supply and demand fluctuations, stressing the substation transformers. This
programming paper proposes a centralised bidirectional Vehicle-to-Grid (V2G) smart EV charging policy minimising the

net-load power variance (NLV) at the transformer. The proposed approach relies on the iterative solution
of a Mixed-Integer Quadratically-Constrained Quadratic Programming (MIQCQP) problem that, unlike other
research papers, keeps into account users’ charging/discharging requirements, and realistic charging limitations
and efficiency. The impact of the resulting EV charging schedules is analysed at a district level for growing
EV and PV penetration values, then compared with the results obtained with both unidirectional (V1G)
and uncontrolled (UC) EV charging. Key elements of novelty of the work are: (i) the formalisation of the
optimisation problem and its scalability potential, allowing for a multi-year analysis; (ii) an accurate assessment
of the user self-sufficiency and the EV battery degradation by means of a physics-inspired model; (iii) an
evaluation of the potential economic impact for EV owners over multiple years. Applying the proposed V2G
strategy to battery electric vehicles (BEVs) reduces the NLV at the transformer by up to 80%, while increasing
self-sufficiency by up to 23%, producing a minimal battery degradation. In the current market scenario, if the
Distribution System Operator (DSO) offers a fair compensation for the V2G grid support, the potential yearly
economic savings for battery electric vehicle (BEV) owners equipped with a residential PV generator range
between 10% and 20%. This happens despite the higher V2G charging stations’ upfront costs and the faster
BEV battery degradation.

1. Introduction

In 2021, the EU issued the “Fit for 55” package, elaborating new
ambitious scenarios for the European energy transition. One of the most
relevant targets concerns the CO, emissions from newly sold vehicles
and prescribes a 100% reduction by 2035,! a target which forces the
conversion of old internal combustion engine vehicles (ICVs) to EVs.
As a consequence, recent studies show that 37-66 million EVs should
circulate by 2030 [1] which would require around 1.4-2.5 million
public charging stations [2], without accounting for domestic ones
(each EV owner will probably have one at home). The integration of
such a large number of chargers at the distribution level poses a threat
to the grid stability, due to time-varying generation/load mismatch,
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increased lines congestion, and load imbalances [3]. However, statistics
show that EVs are parked on average for 96% of their lifetime [4].
Thus, suitable smart EV charging techniques can be used to mitigate
the impact of EV charging on the power grid. The EVs could also be
beneficial to increase the grid capacity to “host” local generation and
to mitigate the risk of over-voltage, lines congestion, phase unbalance,
and reverse power flows caused by distributed energy resources [5,6].
The so-called “smart chargers”, based either on a V1G (unidirectional)
or bidirectional (V2G) control, allow users to not only delay the charg-
ing session start and down-modulate its power, but also to discharge
their batteries at peak loading times. Using EV batteries as additional
mobile storage systems, in addition to the stationary ones, may actively
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Nomenclature

ACCAL Capacity decrease due to calendar battery
ageing.

ACCYC Capacity decrease due to cycling battery
ageing.

ASOH Variation in the EV battery State-of-health
during its lifetime.

At Simulation timestep length in hours.

n EV on-board charger charging/discharging
efficiency.

T Set of the T time instants in a day.

T, Subset of 7 collecting the instants of the sth
charging session.

v Set of the M households connected to the
network.

% Subset of U including the N EV owners.

Upy Subset of U including the K PV system
owners.

p Charging/discharging rate of the EV bat-
tery.

T Index of the charging instants in subset 7.

B Arbitrarily big number used to formalise
the optimisation problem.

C EV battery capacity size.

cbw Retail price of electricity including system
charges and taxes.

cdes Yearly cost due to battery degradation.

chw Yearly cost for purchasing and maintaining
the EV charger.

csell Electricity selling price, a.k.a. hourly day-
ahead market price.

CF Yearly cash flow including degradation and
hardware purchase/maintenance costs.

CF* CF plus a compensation for the energy
stored in the EVs and sold to the system at
a later time.

E, Activation energy of the battery chemical
reaction.

EVpare Share of the M households with an EV
charging station.

f Pre-exponential factor for battery degrada-
tion.

1 Instantaneous current flowing to/from the
EV battery.

i Index for the households.

Jj Index for the EV owners.

K Number of households/users equipped with
a PV system.

LTgy, Predicted EV lifetime.

M Number of households/users connected to
the network.

N Number of EV charging stations (and EVs).

NLVR Net Load Variance Reduction.

P Active power mismatch at the secondary
substation transformer.

contribute to peak-shaving and shifting the load [7].

In this paper, we propose and analyse the impact of a centralised
coordinated V2G-based smart EV charging scheme from the users’
perspective. Such a smart charging (SC) policy is designed to level

pEY Instantaneous power absorbed by the EV
charging station.

pt Instantaneous power absorbed by domestic
appliances.

pmax Maximum power absorbed by an EV.

prmin Minimum power absorbed by an EV.

pNET Instantaneous net power measured by the
domestic smart meter.

pFv Instantaneous power produced by the PV
system.

PV are Share of the M households with a PV
system.

R Universal gas constant.

S Number of charging sessions during the
day.

s Index for the EV charging session.

hYolos EV “departure” state-of-charge at the end of
the charging session.

Ssoc! EV “arrival” state-of-charge at the begin-
ning of the charging session.

socmax Maximum attainable state-of-charge of the
EV battery.

socmin Minimum attainable state-of-charge of the
EV battery.

SU Self Sufficiency, i.e. the share of the appli-
ances and EV load covered by PV.

T Number of time instants in a day (96).

t Index for the simulation time instant.

I Charging session ending index.

t Charging session starting index.

T, EV battery pack temperature.

Y Number of Ar-long timesteps in a year.

y Binary variable representing charging (0) or
discharging (1).

out the overall active power fluctuations at the Medium-Voltage/Low-
Voltage (MV/LV) transformer of a district substation. The rest of the
paper is structured as follows. In Section 2, the most relevant pieces
of literature about this topic are presented to better contextualise
our contribution. In Section 3, the chosen smart EV charging policy
is both quantitatively described and mathematically formalised as an
optimisation problem. Section 4 describes the chosen case study, the
related simulation settings, and reports the results of the smart EV
charging algorithm chosen to solve the optimisation problem. Section 5
shows the impact of smart EV charging on district-level self-sufficiency
(along with the related CO2 emissions), EV battery degradation, and the
possible economic savings for EV owners. Finally, Section 6 concludes
the paper and outlines the future work.

2. Related work

Many studies tackled the problem of scheduling the charging of EVs
to attain some particular objective. The approaches found in the litera-
ture can generally be classified as “centralised” or “decentralised”, the
difference being whether the EVs are controlled centrally by an aggre-
gator or not. Some relevant papers on centralised smart EV charging
are listed in Table 1.

Among them, various scheduling objectives are chosen. Net-load
balancing, peak-shaving, valley-filling, and net-load variance minimi-
sation are all cases where the EVs are used to mitigate the power fluc-
tuations over the grid due to time-varying load or generation patterns.
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Relevant literature overview on centralised smart EV charging techniques for net-load levelling. GA=Genetic Algorithm, PSO=Particle Swarm Optimisation, QP=Quadratic
Programming, LP=Linear Programming, MI=Mixed-Integer, ML=Machine Learning, MC=Monte-Carlo, RBC=Rule-Based Control, NLP=Non-Linear Programming.

Objective Methodology User Benefit Analysis Realistic EV Charging Constraints Battery Degradation Impact of DERs Examples
GA No No No Yes [14]
Minimising NLV QP NO NO O e [20]
No No Yes Yes [7]
MIQCQP Yes Yes Yes Yes This Paper

PSO No No No Yes [12]
PSO No No No Yes [12]
LP Yes No No Yes [18]
Yes No No Yes [19]
Net-Load Balancing NLP Yes No No Yes [26]
Yes No No Yes [27]

QP No No No Yes [21,22]
MINLP Yes No No No [25]
MIQP No No Yes No [23]
MILP Yes No Yes Yes [24]
PSO No No Yes Yes [13]
Yes No Yes No [11]
Peak-Shaving + Valley-Filling Yes No Yes No [15]
ML No No Yes Yes [16]
Yes No No No [17]
RBC Yes No No No [8]
No No No Yes [9]1
RBC+GA No No No No [10]

Besides a different formalisation, different scheduling and optimisation
techniques are used, depending on the linear or non-linear nature of
the objective function and the related constraints. For example, in [8-
10], rule-based controls are used, while in [11-13], Particle Swarm
Optimisation (PSO) is applied. The use of genetic algorithms (GAs) is
also common (e.g., in [14]). Recently, several machine learning (ML)
techniques have been widely adopted [15-17]. Linear programming
(LP) is used in [18,19], while quadratic programming (QP) is chosen
in [7,20-22]. Sometimes mixed-integer quadratic (MIQP) [23], linear
(MILP) [24] or non-linear (NLP) [25-27] programming techniques are
deployed.

In this paper, we aim to expand the work done in the field of
smart EV charging by formalising and solving a scalable Mixed-Integer
Quadratically-Constrained Quadratic Programming (MIQCQP) prob-
lem. Similarly to other approaches, the main goal is to optimise the
daily charging schedule of the EVs within a given district according to
a V2G approach.

However, our approach keeps into account both the charging/
discharging efficiencies and the minimum/maximum charging power
levels, which may greatly affect the smart charging effectiveness but
are mostly overlooked in other research works.

Moreover, the algorithm is very flexible, as it can exclude some
EVs from grid support (i.e., it can turn the V2G charging mode of
some EVs into V1G mode) by simply changing some constraints, which
also simplifies the problem solution. This is useful for instance in
the case of plug-in hybrid EVs, whose battery capacity is too small
to support the grid. Additionally, the algorithm chosen to solve the
MIPCQP problem mitigates the large memory and processing power
requirements of other monolithic quadratic programming optimisation
techniques through an iterative approach. This methodology returns a
sequence of locally optimal EV charging schedules that greatly improve
the scalability of the V2G smart charging policy. As a result, we could
perform a thorough analysis of the impact of smart EV charging over
one year, considering increasing penetration levels of PV systems and
EVs, and including both the battery degradation effects and the benefits
of a possible compensation for the EV owners that participate in the
service. It is worth emphasising that, to the best of Authors’ knowledge,
the battery degradation issue was considered in [7,23,24] only, but
it was not studied using an accurate physics-inspired model. Finally,
none of the works presented in Table 1 provides such an extensive and
multifaceted analysis of the impact of a V2G charging strategy on EV
users.

3. Smart EV charging algorithm

In this Section, the smart EV charging approach is described in
detail. A qualitative overview of the overall architecture including
the main control signals is shown in Fig. 1. The proposed approach
is centralised, in line with other solutions proposed in the technical
literature [22,28]. In this type of solution, a central aggregator is
supposed to collect data from EV owners, including:

the start and end time of each EV charging session, as well as its
duration;

the initial and expected final State of Charge (SOC) values for
each session;

the nominal and effective capacity of each EV’s battery;

the minimum and maximum charging and discharging power of
each charging station.

Moreover, the DSO is supposed to provide the aggregator with the total
aggregated net-load power at the transformer. The aggregator then uses
the aforementioned data collected over a given time interval (e.g., one
day split into slots of 15 min each), to solve an optimisation problem
that returns: (i) a sequence of binary values (depending on whether an
EV is actually under charge, or it instead injects power to the grid in a
given time slot); and (ii) the corresponding positive or negative power
levels for the various charging stations. The goal of the optimisation
problem implemented and solved by the aggregator is to minimise
the total net-load variance (NLV) of the active power profile at the
MV/LV substation transformer, while keeping into account both charg-
ing/discharging constraints and users’ needs. The optimisation problem
is formalised in Section 3.1, and further implementation details and a
discussion on its computational complexity are reported in Section 3.2.

3.1. Optimisation problem formulation

Let us consider a district with M users gathered in a set called V.
Let U'py, and U%y be the sets including the K < M users and the
N < M users equipped with a PV system or with an EV charging
station, respectively. It is worth noticing that these subsets generally
do not coincide. We can thus define the share of users equipped with

a PV system or with a charging station as PV, = % < 100% and
EVpare = % < 100%, respectively. In the following, we will assume,

for the sake of simplicity, that each EV is charged only by its residential
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Fig. 1. Overview of the architecture of the proposed centralised V2G-based smart EV charging approach along with the main signals controlling the process.

charging station.

The symbols needed to formalise the smart EV charging problem
are listed in the preliminary nomenclature Section, but they are also
described in greater detail in the following, for the sake of clarity.

Index j € Uy refers to the j—th EV extracted from the set of
available EVs to schedule its daily charging/discharging pattern.
Since N! permutations of N distinct values exist, if a(-) denotes
any bijective permutation function of the elements of U%,,, for
each index n = 0,...,N, then j = a(n) denotes the index of
the j—th EV that is selected for smart charging. Therefore, the
sequence of j values establishes the order in which the optimal
EV charging schedule is performed during the n—th iteration of
the algorithm;

teT ={1,...,T} is the index of the r—th time slot of duration At
in the period over which the optimisation problem is solved;

S; is the number of times the j—th EV is actually connected to
the charging station within 7;

Tsj = {ti’j,...,tf;’j} C T is the subset of time slots of the s—th
charging session of the j—th EV. Each charging session starts at
time ¢ J and ends at time ’; fors=1,...,8

j’

SOC;'j and SOCﬁj are the SOC values of the EV battery at the
beginning and at the end of the s—th charging session;

SOC™n and SOC™* are the minimum and SOC levels that should
never be exceeded to avoid excessive battery degradation and
keep a minimum “emergency” energy content in the battery,
respectively.

Parameters C; and #; denote the battery capacity of the jth ve-

J
hicle and the corresponding typical power conversion efficiency.

For the sake of simplicity, and with no loss of generality, in
the following, the typical charging and discharging efficiency are
assumed to be equal.

P™n and P™* are the minimum and maximum allowed power
values for EV charging and discharging due to technology, safety,
or contractual limitations. Again, with no loss of generality, such
values in the following will be assumed to be the same for all EVs
and charging stations.

Finally, for each EV j € U7y, the corresponding set of decision
variables of the considered optimisation problem can be enclosed
into vector x; = [pr, f}’,y“, ...y r17, where ij,V is
the amount of average power drawn from (or injected into) the
battery in each time slot r € |J ij: and y;, is a binary variable
equalling 1 if the EV battery is discharged, or 0 if the EV is
charged.

Based on the notation above, assuming to schedule the charg-
ing/discharging of one EV at a time (further details motivating this
choice are reported in Section 3.2), the total power at the substation
in each time slot r € 7 can be recursively expressed as

EV
pt te|J T,
) =P,,,—|+{ St U 5

0 reyr, ST 0 @

where P, = PP®¢ = ¥, 0. pf, = ey, Pry i the baseline average
net-load power at the substation within the r—th time slot at iteration
n = 0, i.e., when no EV charging has been scheduled yet. Note that
PBase js given by the difference between the total power demand of all
users in time slot ¢ (Pil}’ Vi € V") and the aggregated power generated by
the distributed PV systems in the same time slot (i.e., p£ Y, Vk € Upy).
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By applying (1), a possible smart charging schedule of all EVs
results from the iterative minimisation of the total net load variance
at the substation, as the number of EVs increases. Thus, the following
optimisation problem must be solved N times (i.e., forn =1,..., N):

x; = argmin [var(P,)| =

T T 2
. 1 1 R
argmin TZ (P,n -7 ; P,”> for j = a(n) 2)

t=1

where var(-) denotes the variance estimator of the random variable
chosen as argument. Note that, in the following, ¢, will be simplified
as t for the sake of brevity.

The constraints of the optimisation problem are summarised below.

i. EV charging requirements: the EV battery can be charged or
discharged only when the vehicle is connected to the grid. While
the initial SOC of the battery at connection time depends on the
previous use of the vehicle, the final SOC (i.e., at disconnection
time) must meet the user’s expectations (usually SOC"**=90%).
Therefore, the ijtV profile during the s—th charging session of
vehicle j should not violate the usage requirements of a given
user. Thus, with reference to the notation listed above, the
following quadratic equality constraints must be included in the
optimisation problem, i.e.

EV

ij yj’t e i
X & | = ym + 25| 4= (sOCy, - s0C) )
et 1 / J
s=1,...,8;, j=aM 3)

Note that, when y;, = 0 (EV battery charging), the amount
of energy injected into the battery of the j—th EV is lower
than expected due to the limited efficiency factor #;, whereas
when y;, = 1 (EV battery discharging), for a given amount of
power injected into the grid, the corresponding SOC reduction
is divided by 7;, to keep into account the losses due to the finite
efficiency of battery discharging.

ii. No excessive EV battery charging and discharging: as known,
excessive battery charging reduces the battery lifetime [29,30],
while discharging may lead to EV usability issues, e.g., the
EV owner needs the car but not enough energy is available.
To mitigate these problems, during each charging session, the
SOC should never exceed SOC™* nor fall below SOC™", As
a consequence, the following additional quadratic inequality
constraints have to be considered, i.e.

soc™r<SOC! +
J
EV

Z L [(1 —yon + L’] At < SOC™™
G 1)

T

VTETS/, s=1,...,8;, Jj=an 4)

iii. Maximum/minimum charging and discharging power: This
final set of inequality constraints to be included in the optimisa-
tion problem, can be easily expressed as

Pmin < |ijtV| < pmax

VteTSj, s=1, S

s s

J=an) )

where P™" is the minimum “activation” charging/discharging
power according to the IEC Standard 61851 [31], while P™a
is the maximum allowed charging/discharging power due to
the charging station capabilities, the supply contract, or the EV
battery management system. While the formulation of (5) is
rather simple, its implementation is complicated by the fact that
the feasibility region associated with the leftmost inequality is
non-convex. This problem can be solved by relying on the same
binary decision values already used to discriminate the time slots
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when an EV is charged and discharged. Indeed, as explained
in [32], (5) can be transformed into

Y| < P
pftv + By, > pmin
p;l = B(l=y;) <—P™"

VTGT;], s=1,...,8;, j=al (6)

where B is a constant value that must be set large enough to
ensure that either the second or the third constraint is always
met for some values of y;,. Indeed, when y;, = 0, the second
constraint limits the minimum charging power to be pf} > P™",
while the third one is always satisfied. Conversely, when y;, = 1
(discharging), the second constraint is always satisfied, and the
third one limits the minimum discharging power to be pJE,V <
_ Pmin.

Some additional notes on the optimisation problem based on expres-

sions (2)—(6) are summarised below.

» Even if the EV charging/discharging profile changes as a func-
tion of a(-) (namely on the order in which EVs are virtually
selected/extracted from the set of district vehicles), several Monte
Carlo simulations for the case study described in Section 4 (not
reported here for the sake of brevity) confirmed that the actual
impact of the sequence of j values on the analysis described in
Section 5 is negligible.

The proposed approach can be applied whenever the central
coordinator is able to forecast the EVs’ arrival time and the
connection duration with adequate accuracy. Forecasting can be
based on historical data and/or on some ad-hoc algorithm. If an
EV owner accepts the proposed schedule, the coordinator updates
the baseline load conditions accordingly, and the smart charging
schedule of the following EV is computed based on the updated
information.

3.2. Computational complexity analysis

The smart EV charging problem formulated in Section 3.1 is in-
herently different from other similar problems aimed at minimising
the NLV. Indeed, most of them can be regarded as standard convex
QP problems [7,20-22]. Therefore, they can be solved in a polyno-
mial time. Indeed, the most known algorithms solving such problems
(e.g., the interior point method) have a worst-case complexity of around
O(n%) that can be reduced further when sparse problems are considered.
If the number of variables is large, significant computational benefits
can be obtained by using genetic algorithms, although at the price of
slightly suboptimal solutions [20].

In this paper, even if the NLV function (2) is the same as in other
QP problems [7,22], the linear or quadratic constraints (3), (4) and
(6), depend on the integer (i.e., binary) variables y;, that denote if,
in each time slot of a charging session, the EV battery is really under
charge or it is rather discharged. As a result, the optimisation problem
formalised in Section 3.1 is an MIQCQP one that, unfortunately, is
NP-hard [33]. This explains why a greedy iterative approach is the
most sensible way to find reasonable, although suboptimal, solutions
while ensuring scalability. Indeed, by computing the optimal charg-
ing/discharging schedule of just one EV at a time, the monolithic
MIQCQP problem involving all EVs can be decomposed into a sequence
of smaller MIQCQP problems whose number of variables (as well as
the related memory and computation requirements) is kept bounded by
the limited duration of the charging sessions, that in turn is typically
much lower than 7. At each iteration, the local optimal solution can be
found by using standard optimisation tools within a branch-and-bound
framework. First, the convexity of the objective function is exploited to
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solve a continuous relaxation of the problem, thus efficiently finding a
lower bound. It then systematically explores branches by fixing binary
variables to 0 or 1, solving relaxations at each step. Cutting planes
(like Gomory or mixed integer rounding cuts) are used to tighten the
relaxation and reduce the search space. The convexity of the objective
function ensures that a local optimal solution can be found efficiently
in each iteration.

With the adopted iterative approach, the computational burden
grows just linearly with the number of EVs, thus enabling long-term
performance and impact analyses when the number of EVs grows
significantly, as it will be shown in Section 5.

4. Case study description and optimisation results

In this section, we describe how the baseline load, the PV power pro-
files, and the EV charging profiles were generated. Moreover, the main
simulation parameters, settings, and simulated scenarios are listed.

4.1. Baseline load profiles

The study considers a district with M = 297 households. The
house load profiles were created through the Load Profile Generator®
software. The simulated buildings include both single-family (detached)
houses, and buildings composed of four to six flats.

4.2. EV load profiles

The EV charging sessions parameters, i.e. their length, starting
time, and nominal charging power, were generated with the RAMP-
mobility® software, a stochastic EV charging profiles generator. The
main parameters of the EVs used in the simulations are listed below:

* Battery Size: C; = 10 — 14 kWh for Plug-in Hybrid Electric
Vehicles (PHEVs) and 37 — 100 kWh for Battery Electric Vehicles
(BEVs), as reported by the Italian authority for the electricity
market regulation.”

EV Type Share: 58% of the fleet consists of PHEVs, whereas the
remaining 42% are BEVs, as reported in a recent Italian market
analysis.® This also in agreement with the electrical mobility
scenarios reported by the Italian Transmission System Operator
(TS0).°

Min. Charging Power: P™" is set to 1.38 kW (6 A, single phase,
230 V) in accordance with the IEC Standard 61851 [31]. Indeed,
the EVs charging/discharging currents should never be lower than
6 A, otherwise the charging/discharging efficiency drops well
below 50%, as shown in Fig. 2.

Max. Charging Power: Assuming that single-phase charging sta-
tions operating at 230 VRMS and 32 A are used, P™* is set
to 7.4 kW. This power level provides a good trade-off between
the most common current scenario (most of the currently circu-
lating PHEVs and BEVs can charge at 3.7 kW), and the future
one (most BEVs can already charge at 11-22 kW). Moreover,
most of the currently available EVs (including the PHEVs) can

2 LPG: A Bottom-Up Customisable Load Generator, Noah Pflugradt, https:
//www.loadprofilegenerator.de

3 RAMP-mobility: a RAMP application for generating bottom-up stochas-
tic electric vehicles load profile https://github.com/RAMP-project/RAMP-
mobility

4 ARERA’s Consultation Document 449,/2022 for Electric Mobility Scenarios
in Italy, https://www.arera.it/fileadmin/allegati/docs/22/449-22.pdf

5 Motus-E Market Analysis, https://www.motus-e.org/analisi-di-mercato/
gennaio-2022-i-primi-segnali-dellassenza-di-incentivi

6 Terna-SNAM:  Electro-mobility ~ Scenarios Description Document,
https://download.terna.it/terna/Documento_Descrizione_Scenari_2022_
8da74044f6ee28d.pdf
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Fig. 2. Example of efficiency curves as a function of charging/discharging power, as
presented in [37].

be charged at 7.4 kW [34]. Thus, when (5) is applied, the se-
quence of ij,V values lie in the intervals [-7.4 kW, —1.38 kW]v
[1.38 kW,7.4 kW].
EV Charging/Discharging Efficiency: The real-world EV charg-
ing/discharging efficiency highly depends on (i) the power level,
(ii) the number of phases used, (iii) the AC/DC and DC/AC
power converters, (iv) the battery SOC. However, we could not
assume that the efficiency changes as a function of the actual
charging or discharging power, otherwise the smart EV charg-
ing optimisation problem would become nonlinear and therefore
much more computationally demanding. To bypass this problem,
a threshold approach was used, i.e., the values of #; in (3) and
(4) were assumed to be constant within [-7.4 kW, —1.38 kW] v
[1.38 kW, 7.4 kW]. In particular, the efficiency was assumed to
be equal to 82%, which is indeed within the efficiency range
associated with the chosen charging/discharging power intervals,
and it is also in line with other values reported in the technical
literature [35].
+ Maximum and minimum SOC: SOC™*=90% to avoid excessive
battery wear [36], and SOC™"=20% to have an “emergency”’
battery energy level.

The total yearly energy consumption of a BEV in Italy is about
2.05 MWh on average, which corresponds to about 30 km/day per EV
(around 11500 km/year) as reported by car manufacturers. Note that
the battery capacity not only of the BEVs (37-100 kWh) but also of
the PHEVs (10-14 kWh), is large enough to cover the typical range
of a daily commute, i.e. between 35 km and 50 km. The charging
sessions mostly start in the early evening during weekdays, while they
occur throughout the day at the weekends. All of the EV charging
profiles generated by RAMP-mobility do not depend on the grid status.
Hence, when an EV is connected, the maximum amount of power
is drawn from each charging station until the target SOC (usually
the maximum allowed) is reached. The resulting “Uncontrolled” (UC)
charging profiles will be considered as the baseline to test the efficiency
of the smart EV charging algorithm.

4.3. PV generation profiles

Without loss of generality, the irradiation and external air tempera-
ture profiles (measured in Bolzano/Bozen, Italy in 2019) are assumed to


https://www.loadprofilegenerator.de
https://www.loadprofilegenerator.de
https://github.com/RAMP-project/RAMP-mobility
https://github.com/RAMP-project/RAMP-mobility
https://www.arera.it/fileadmin/allegati/docs/22/449-22.pdf
https://www.motus-e.org/analisi-di-mercato/gennaio-2022-i-primi-segnali-dellassenza-di-incentivi
https://www.motus-e.org/analisi-di-mercato/gennaio-2022-i-primi-segnali-dellassenza-di-incentivi
https://download.terna.it/terna/Documento_Descrizione_Scenari_2022_8da74044f6ee28d.pdf
https://download.terna.it/terna/Documento_Descrizione_Scenari_2022_8da74044f6ee28d.pdf
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be the same for all households. The installed PV capacity is sized so that
each PV system produces the same amount of energy that is consumed
over one year [38]. Thus, the installed PV capacity per household
ranges between 1.5kW and 4kW, with a PV panel minimum size of
450 W.

4.4. Simulation settings

The main simulation settings are summarised below.

« EV/PV penetration levels: The EV;,,, and PV, values range
between 10%-100% and 0%-100%, respectively. A user that is
assumed to be equipped with a PV system or an EV charging
station, retains them as the values of EV,,,,, and PV, increase.

V1G and V2G charging policies: both the V1G and V2G sce-
narios are analysed. In the first one, the EVs are not allowed to
discharge their batteries to support the power grid. To compute
the optimal V1G smart charging schedule in the same conditions
as in the V2G case, y;, = 0 for Vj € Ugy and r € 7. In the
V2G case instead, with a slight abuse of notation but no loss
of generality, the PHEVs are excluded, so the subset of decision
variables y;, for j € Uy, associated with the PHEVs are all set
identically to O for + € 7. This choice was made because the
degradation analysis showed that frequent charging/discharging
of small batteries would excessively degrade their capacity over
time, thus making the use of an intensive V2G policy impractical
for this kind of EVs.

Simulation time step: The optimisation is performed daily, con-
sidering 15-minute-long time slots, in line with the capabilities
of recent smart meters [39]. As a consequence, 4t = 900 s and
T = 96 time slots per day. These time settings also provide a
good trade-off between computational complexity and temporal
resolution [40].

Time horizon: for every pair of (PV,..er EVipare) Values, the
optimisation is repeated day-by-day over one year, while extrapo-
lating the economic analysis over multiple years, since the battery
capacity degrades in a longer period (see Section 5.3).

4.5. Optimal smart EV charging schedule

The performance of the proposed smart EV charging algorithm is
hereafter analysed. The MIQCQP optimisation problem described in
Section 3 was implemented in Matlab R2023a, and solved by using
the GUROBI tool.” GUROBI not only relies on a flexible branch-and-
bound framework, as explained in Section 3.2, but also applies pre-
solving routines to simplify the problem, and heuristics to quickly find
feasible solutions. The simulations were performed using the DTU High-
Performance Computing (HPC) Cluster [41], where up to 600 cores are
available for scientific computing. Fig. 3 shows an example of the daily
active power profile at the substation when both PV, and EV,,,, are
equal to 50%.

Different line styles refer to different scenarios, i.e., when no EVs
are considered, when the EVs are charged in UC mode, when V1G
is used, and finally with the proposed V2G approach. The smoothed
power profile obtained with the V2G strategy is almost flat in this
example, which confirms the potential effectiveness of our method. A
deeper performance analysis for different values of EV;,,,., and PV,
is shown in Fig. 4, where the variance reduction of the power flow
fluctuations at the substation is shown w.r.t. the baseline variance
without smart EV charging (net-load variance reduction — NLVR).

7 GUROBI 10.0.2 for Matlab, https://www.gurobi.com/solutions/gurobi-
optimizer/
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Fig. 3. Example of an aggregated average daily net active power profiles at the
substation without EVs and when different EV charging strategies are adopted.

The NLVR contour lines in the plots on the left and on the right of
Fig. 4 are obtained respectively when either the V1G or the proposed
V2G optimal EV charging strategy are adopted. The NLVR clearly
increases with the EV,,, values, since more EVs can store the PV
power over-production. The peak values are, however, different in the
V1G and V2G cases. In the former, the maximum NLVR value is about
43%, while in the latter it reaches 81%, due to the massive grid support
offered by the BEVs. If PV,,,. increases but EV,,,. does not, the
NLVR slightly decreases, since the ability to store the PV power over-
production is limited by the smaller EV fleet size. In both the V1G and
V2G cases, about 2.5 EVs per installed PV system are needed to achieve
the best NLVR in the present case study.

5. Impact analysis

In this section, the impact of smart charging is analysed based on a
number of key performance indicators (KPIs) defined in Section 5.1.
Results are compared w.r.t. of energy self-sufficiency (Section 5.2),
battery degradation (Section 5.3), and economic profitability for the
EV owners (Section 5.4).

5.1. KPIs description

The KPIs used in the rest of this paper to evaluate the impact of the
proposed smart EV charging algorithm are defined below.

« Self Sufficiency: this is defined as the ratio between the yearly PV
energy consumed by both EVs and other loads and the total yearly
electric energy demand of the same user. A variant of this KPI
only considers the EV load at the denominator. Further details
are provided in Section 5.2.

Yearly CO, Emissions: this is estimated as the product of the total
amount of electric energy drawn from the grid and a coefficient
kco, representing the average amount of CO, emissions produced
by consuming each kWh of energy coming from the grid. Such a
coefficient depends on the energy mix of a country (e.g. kco, =
241 g/kWh in Italy). Further details are provided in Section 5.2.
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Fig. 4. Contour lines of the Net-Load Variance Reduction (NLVR) [%] at the substation w.r.t. the case when no smart charging is used for increasing values of PV, and EV,,,.,.
In Fig. 4(a), a V1G optimisation is performed, whereas in Fig. 4(b) the proposed V2G optimal smart EV charging is applied.

V1G .
100 i 24.0%
80 19.2%
£ 60+ 14.4%
<
©
G
2 40 9.6%
w
20 1 4.8%
0 ' ' : ' 0.0%
0 20 40 60 80 100

PVshare [%]

(a)

V2G
100 7 24.0%
80 A 19.2%
R 60 14.4%
o
©
G
> 40 A 9.6%
w
20 A 4.8%
0 T T T T 0.0%
0 20 40 60 80 100

PVshare [%]

(®)

Fig. 5. Self-sufficiency (SU) increase for the total load in V1G mode 5(a) and V2G mode 5(b), respectively. SU is defined as the share of the total load covered by PV production.

* Battery Degradation: this is estimated by computing the relative
variation in the state-of-health (SOH) of the EV batteries. This
value requires to sum the contributions of the calendar and
cycling battery ageing components, which are defined in greater
detail in Section 5.3.

Economic Savings: computed as the difference between the yearly
cash flow when either the V1G or the V2G policy is applied
and the baseline cash flow when charging is uncontrolled. This
difference is then normalised by the baseline. The cash flows
include the energy purchase and selling contributions, the battery
degradation costs, and the costs to purchase and maintain an EV
charging station. More details are presented in Section 5.4.

5.2. Self sufficiency and CO, emissions

Smart EV charging not only contributes to stabilising the grid,
but also tends to improve the exploitation of distributed generators.
Therefore, two very important performance metrics are analysed in
the rest of this Section, i.e., the increase of the district-level energy
self-sufficiency rate ASU, and the increase of the self-sufficiency rate
ASUyg,, for EV charging only, both w.r.t. the baseline case of UC EV

charging.

Usually, the self-sufficiency (SU) is defined as the share of the
total users’ yearly electrical energy demand (due to both residential
loads and EV charging, if present) which is either directly covered
by a local PV generator, or by the energy buffered in the BEVs in
V2G charging mode. The SUy, rate instead is the ratio between the
amount of PV energy used, directly or indirectly, to charge the EVs
and the total EV energy consumption. Of course, the higher the values
of these parameters, the lower the carbon footprint of the electrical
distribution system and of the EV fleet, respectively. The contour lines
of the absolute increments of ASU and ASUp,, obtained with both the
V1G and the proposed V2G smart EV charging approaches w.r.t. the
UC scenario are plotted in Figs. 5 and 6, respectively, as a function of
both PVrhare and EVshare'

Sizeable annual increases up to 23% are visible in Fig. 5 whenever
the EVs are charged with the V2G-based policy. A large difference can
be noticed between the two scenarios of Fig. 5. In V2G charging mode,
the ASU peak value (of about 23%), reached when PV,,,,, = 100% and
EV4re = 80%, is higher than the 4.6% reached in V1G mode. Such a
large difference between the peak values can be explained by the fact
that V1G is a “limited” form of V2G, as the batteries cannot be emptied
during the night to absorb the PV energy during the day.
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Fig. 6. Self-sufficiency (SU) increase for the EV load only in V1G mode 6(a) and V2G mode 6(b), respectively. SU is defined as the share of the total load covered by PV production.

Quite importantly, the EV,;,../ PV;par. ratio for which the best ASU
values are achieved is higher than the value that maximises the NLVR.
This means that a better exploitation of PV energy may cause unwanted
reverse power flow fluctuations over the distribution systems as well as
at the substation transformer, due to the higher installed PV capacities.
Considering that, for every kWh of electrical energy consumed in Italy,
241 g of CO, are emitted,® a self-sufficiency rate increase by about 23%
may reduce the yearly CO, emissions in the district under study by 98
tCO2/year in the V2G scenario, and 28 tCO2/year in the V1G one.

Recalling that an ICV usually emits around 4.6 tCO2/year,’ besides
the inherent lower emissions of EVs compared to the those of an
internal combustion vehicle (ICV), the application of the adopted V2G
smart charging policy alone can save the emissions of 21 ICVs.

As far as the ASUg, trend is concerned, the contour lines in
Fig. 6 show that the ASUp, values are rather stable when the ra-
tio EVyare/ PVsnare 1S approximately constant. In the V1G case, the
maximum increment of ASUg, (between 7% and 8%, is achieved
when EV,;,../ PV = 1 and half of the users installed a PV system.
If the V2G smart EV charging policy is applied instead, the ASUpg,,
increments may be more than twice larger (up to 17.2%). However,
the benefits of smart EV charging tend to saturate when the PV overpro-
duction becomes excessive. Once more, these results are not surprising,
because the objective of the optimisation was not to increase ASUgy,,
but rather to minimise the NLV.

5.3. Battery degradation

The benefit of applying the V2G approach comes at the cost of
a faster battery degradation, due to the higher number of charge/
discharge cycles.

Following the methodology shown in [42] and further validated
in [43], it is possible to quantify both the loss of capacity due to pure
ageing (referred to as “calendar” contribution in the following) and the
wear due to the number of charge/discharge cycles (namely, the “cy-
cling” contribution). Based on the definitions above, if C; denotes the
nominal battery capacity of the j—th EV, the relative capacity reduction
at time 7) results from the sum of two contributions, i.e. ASOH (7)) =

8 EEA Greenhouse gas emission intensity of electricity generation, 2022,
https://www.eea.europa.eu/ims/greenhouse-gas-emission-intensity-of-1

9 Tailpipe Greenhouse Gases Emissions From A Typical Passenger Vehicle,
Environmental Protection Agency US, https://nepis.epa.gov/Exe/ZyPDF.cgi?
Dockey=P1017FP5.pdf

ACCAL acere

(r), where SOH is the State-of-health of the battery,
representing the amount of useable battery capacity over the nominal
one. In the previous equation, as reported in [44]:

ACCAL 1 [0 -
=3 — e
C 2o i
is the relative capacity decrease due to the calendar time, which
depends on:
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a time-varying factor f;(r) which is a function of the SOC of the
j—th battery. This is derived experimentally and it usually varies
between about 300 h='/2 (when the SOC is 0%) to about 1500
h=1/2 (when the SOC is 100%) [45], i.e., it increases the calendar
degradation if the battery is kept at high SOC values;

E, = 24500 J/mol, i.e., the activation energy of the battery
chemical reaction [46];

=8.314 oIk’ that is the universal gas constant;
T, (@), ie., the absolute battery pack temperature, assuming that

the average temperature difference between the battery and the
outdoor air temperature is around 3-4 °C [42].

On the other hand, the relative capacity decrease due to the number of

charging-discharging cycles is given by [42]

ACCYC
J

G

with By(t) = a- T,(1)2 + b - Ty(t) + ¢
and B,(1) = [d T, (0 + e] ()

@ =s; /0 B0 B0 L0 - dr ®

where:

* I;(») is the actual charging/discharging current of the j—th battery
at time 1;

a=858-10° ATh"'K2, h=-51-10"3 A"'h~1 K™, ¢ = 0.7589
Ah™!,d =-6.7-1073 hK~!, e = 2.344 h, are empirical coefficients
derived for a battery with a capacity of 1.5 Ah [46].

s; = 15V, /C is a scaling corrective factor that keeps into
account that the empirical coefficients a, b and ¢ were estimated
for a battery with capacity 1.5 Ah, while the battery capacity
of the j—th EV is C;. The nominal battery voltage V., (usually
200-400 V) is assumed to be constant for each EV.

p;(7) is the charging/discharging rate of the battery under study,
adjusted to cause the same amount of degradation that was
observed in a 1.5 Ah battery [42].
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Fig. 7. Box-and-whiskers plot of the average relative capacity loss per year due to
cyclic charging/discharging of PHEV and BEV batteries when different charging policies
(i.e., uncoordinated, V1G and V2G) are adopted. On the right axis, the equivalent
number of battery charging/discharging cycles per year are also shown.

Considering that the battery degradation is a very slow process and
that the time quantities in the computation of empirical coefficients
in (8) are expressed in h or h™!, 7 will be expressed in h as well in
the rest of this Section. The dynamic degradation model of the EV
battery capacity based on Egs. (7)-(8) was implemented in Simulink,
and simulations were run over multiple years.

The impact of the UC, V1G and V2G charging policy on the calendar
ageing term (7) is minor and it is mainly due to the different profiles of
f;@®). In particular, since the V1G and V2G techniques tend to charge
the battery more slowly, the actual SOC values (particularly those of
the PHEVs, whose batteries are depleted more frequently) are kept at
lower SOC levels (on average) than SOC™* for longer time intervals.
As a result, the average loss of capacity per year due to calendar ageing
(computed over a time horizon of 10 years, i.e., the average vehicle life-
time in the EU [47]) is generally between 1.2%-1.3%/year in UC mode,
while the actual degradation in V1G or V2G mode tends to decrease by
about 0.1-0.2%/year. Note that larger variations (+0.2%/year) can be
noticed in the case of PHEVs, due to their lower battery size.

Fig. 7 shows the range of both the average relative capacity loss
per year due to cyclic charging/discharging based on (8) (y-axis on
the left), as well as the corresponding equivalent yearly number of full
charging/discharging cycles (y-axis on the right) for increasing EV,,,
values, and when different charging policies are adopted. Note that no
specific values of PV, are chosen in this case, since we verified that
the battery capacity reduction is not significantly affected by the PV
penetration level. The relative capacity reductions of PHEVs and BEVs
are presented separately since the battery size greatly impacts both
the mean value and the standard deviation of the capacity reduction.
However, the results obtained with UC or V1G charging are aggregated
because the V1G approach only schedules the charging sessions at a
later time and/or modulates the amount of charging power. It does
not, instead, influence the yearly number of equivalent full cycles, and
it is quite independent of the value of EV;,.. Indeed, in the case of
UC or V1G charging, the PHEVs are fully charged/discharged about
400 + 100 times per year (i.e. once every 0.75-1.25 days), while the
full charging/discharging cycles of BEVs range between about 50-75
times per year (i.e., once every 5-7 days). This is in line with the total
consumption assuming that each EV owner travels 11300 km/year on
average, as explained in Section 4).
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Fig. 8. Box-and-whiskers plot of the differences between the average SOH reduction
per year in V1G or V2G mode and the corresponding baseline yearly SOH reduction
values when the standard uncontrolled EV charging is applied.

In the V2G charging mode, the battery capacity reduction of the
BEVs is reported only, since the PHEVs were excluded from grid support
to avoid excessive battery degradation, as explained in Section 4.4. It
is clearly visible how the V2G policy quadruples the number of cycles
for low EV;,,, values. Note that the V2G approach causes an increase
in the number of cycles per BEV which is inversely proportional to
EV,.,.- This happens because, the more the EVs available to smooth
out the power profile at the transformer, the less each of them is going
to be used, hence the lower equivalent cycles. Nonetheless, even when
EV, e = 100%, the number of charging/discharging cycles, as well as
the related battery degradation, are almost doubled w.r.t. the V1G case.

Finally, the relative battery degradation data due to calendar ageing
and charging/discharging cycles are added and used to plot Fig. 8,
which shows the box-and-whiskers plot of the difference between the
average yearly ASOH values of PHEVs and BEVs with and without
smart charging. This final box-and-whisker plot reveals that the V1G
charging scheme does not significantly affect battery degradation and
the related lifetime. On the contrary, a slight improvement can be
observed, due to the lower calendar ageing when the batteries are
charged at a lower average SOC (i.e., more slowly). In the case of V2G
charging instead, the ASOH increment for BEVs (which is in the order
of a fraction of one percent unit per year) tends to shorten the battery
lifetime by around 6 years, from an average value of 20 to 14 years.
Note how 14 years is still higher than the average lifetime of an EV in
the EU, meaning that the battery will, in most cases, not be replaced.
That being said, the additional V2G SOH degradation diminishes as
EVqre 8rOWS, because the grid support is provided by a higher number
of EVs, thus reducing its impact on each.

5.4. An example of economic analysis

In this section, an example of economic analysis is presented to
assess and compare the profitability of smart EV charging policies for
the EV owners. The reported analysis relies on the two following basic
assumptions:

i. The electric energy buying (retail) and selling (day-ahead) prices
are based on the Italian market scenario in 2023.
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Fig. 9. Qualitative comparison between the UC BEV charging policy and the V2G one. The striped regions underlying the power profiles highlight the amount of energy bought
by the user to reach SOC™*. The equal white and grey areas represent the amount of energy that is first temporarily stored in the BEV battery (therefore, it is reimbursed by
the Distribution System Operator — DSO) and then it is returned to the grid (in this case it is sold at the same price as the PV energy). The SOC profiles in the UC and V2G

charging modes are also qualitatively shown for reference.

ii. The time horizon of the economic analysis is one year. However,
since the EV batteries’ degradation-related costs are spread over
their entire lifetime, average yearly costs are included in the
analysis.

Recalling the notation already adopted in Section 3, in the follow-
ing, we will denote the average net power flow within the 7—th time slot
of the n—th user owning an EV as pl.‘ftET = pﬁt +ijJV _Pﬁtv for j € Uy
andt=1,...,Y, where Y = 365-T is the number of 15-minute-long time
slots in a year. Observe that, in the previous expression, the sequence
of plEtV values depends on the adopted EV charging policy (i.e., UC,
V1G or V2G), whereas the sequence of pf IV values is different from 0
for some ¢ only if the j—th user is equipped with a local PV generator.
If the time slot duration At is expressed in h (as in Section 5.3), and
no flat additional compensation is offered by DSO for grid-support
services (which is a conservative, but realistic assumption), then the
actual yearly cash flow for the j—th user is given by

Y
CF; = z [cf“ymax(p%ET, 0) + cfe”min(pﬁET, 0)] At + E;.ieg +o (©)
=1

where:

. c,”“y is the retail price of electricity at time 7 including system
charges and taxes (e.g., about 0.32 €/kWh on average in Italy
in 2023);

¢t is chosen as the pure hourly day-ahead market price (e.g.,
about 0.13 €/kWh on average in Italy in 2023);

2% is the average cost per year due to battery degradation when
a battery pack replacement is needed during the lifetime of the
j—th EV. With this formulation, if LT, denotes the average
lifetime of a vehicle (e.g., about 10 years in Europe [47]) and LT;
is the predicted battery lifetime of the j—th EV obtained from the

battery degradation analysis, then Efeg = 0 when LT; > LTy,
_ batt ¢ . ) . )
and cjeg = C—’ otherwise. In the previous expression, ¢* is the

battery cost pér kWh (currently about 139 €/kWh'?). Of course,
the value of LT; depends on both the battery size and the adopted
charging/discharging policy, as explained in Section 5.3. To per-
form the current economic analysis, we assumed that the battery
should be replaced when the average SOH variation exceeds 20%

10 Flectric Vehicle Outlook 2023, BloombergNEF, https://about.bnef.com/
electric-vehicle-outlook/
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during the vehicle estimated lifetime (i.e., when ASOH ;(7) 220%
for r < LT, [48,49]).

" is the average yearly cost for purchasing and maintaining
the EV charger, assuming that its lifetime is 15 years [50]. If, as
explained in Section 4.2, the yearly consumption of a BEV is about
2.05 MWh on average, based on the cost model presented in [50],
the overall cost of a unidirectional EV charging station (including
operation and maintenance costs) is about 3075 €(i.e. " =205
€/year). However, since the current hardware costs for purchas-
ing a V2G charger are much higher [51], the ™ value in the V2G
case is about 273 €/year.

In (9), the first term is the yearly expense due to the actual energy
consumption, while the second one (which is certainly negative) is the
yearly economic revenue due to the amount of PV or EV power that
is injected into the grid by the j—th user. Finally, the third term is the
cost due to battery degradation.

It is worth emphasising that the simple economic model based
on (9) is certainly not profitable for EV users when any V2G smart
charging scheme (not just the proposed one) is applied. The reason is
twofold. Firstly, the BEV battery lifetime in V2G mode decreases due
to an increased number of cycles. Secondly, part of the energy stored
in the EV battery is bought twice and sold once. Since in (9) the selling
price is lower than the buying price, this economic model is inherently
disadvantageous and unacceptable for a final user. Moreover, this is
unfair considering that the user provides a service to the DSO.

To counteract these problems and make the V2G approach economi-
cally acceptable, some compensation is needed. This must be fair for the
user and not too expensive for the DSO. In the following, a very simple
and conservative compensation model is adopted, i.e., the EV owner is
not charged for the extra amount of energy that is temporarily stored
into the EV battery to be injected back in the power grid. In addition,
the EV owner is remunerated by the DSO at the day-ahead market price
cfe” when the energy is returned (as for the PV energy injection). In
Fig. 9, the different hatched regions underlying the power charging
profiles highlight the amount of energy that is bought by the user in
UC or V2G mode to fully charge the BEV battery. Of course, the area
of the striped regions in UC and V2G mode must be the same. The equal
white and grey areas instead represent the amount of energy that is first
temporarily stored in the BEV battery (and, therefore, reimbursed by
the DSO) and then injected into the grid at the day-ahead market price.
If such a compensation model is applied, the cash flow expression (9)
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Fig. 10. Box-and-whisker plots of the relative yearly economic savings for the owners of BEVs charged in V1G mode 10(a) and V2G mode 10(b) w.r.t. the standard UC charging

mode. The results refer to increasing EV and PV penetration levels.

changes as follows, i.e.,
Y
CF} =CF; + > o min(pt)’, 0) - 4t (10)
1=1

where the new term added to CF; is either negative or null, as it
represents the DSO reimbursement for the amount of extra energy that
was temporarily stored in the battery and then returned to the DSO. The
distribution of the possible relative yearly economic savings for BEV
owners charging their vehicles in V1G or V2G mode w.r.t. the baseline
UC charging are shown in Fig. 10, for increasing EVj,,.. and PV,
values. The box-and-whiskers plots on the left and the right refer to the
case of BEVs charged in V1G or V2G mode, respectively. The possible
savings for the PHEVs owners (in V1G mode only) are not reported
for the sake of brevity, but are quite comparable with those of BEV
owners in V1G mode (commented below). In the present case study,
the savings for BEV owners in V1G charging mode generally oscillate
around 3%-5% (Fig. 10(a)), depending on whether a PV generator is
available or not. In the former case, the savings are mainly due to the
fact that PV energy is generally exploited better than in the standard UC
charging mode. Note that, since the EV charging schedule in this paper
is optimised to avoid power congestion at the substation transformer,
the savings due to the usage of the PV energy are largely sub-optimal
and tend to saturate, although with some fluctuations, as PV, grows.

In V2G mode, the savings for the majority of BEV owners equipped
with a local PV generator range between 10% and 20% (Fig. 10(b)).
This is due to the joint effect of the DSO compensation and the better
usage of the available PV energy. Indeed, the BEVs can discharge their
battery to store some PV energy surplus, if present. One of the most
important findings of this work is that the savings are not significantly
affected by the battery degradation costs. Indeed, despite the higher
V2G charging battery degradation confirmed by the results shown in
Section 5.3, the need for battery replacement is unlikely during the EV
lifetime. Furthermore, the average economic impact per year is minor.

6. Conclusions

In this article, we propose a centralised smart EV charging strategy
with Vehicle-to-Grid (V2G) support, able to minimise the variance of
the net-load power fluctuations at the substations’ transformer of a
distribution system in which a variable share of users are equipped
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with a residential PV generation unit. The daily EV charging schedules
result from the solution of a Mixed-Integer Quadratically-Constrained
Quadratic Programming (MIQCQP) problem, which is solved iteratively
(i.e., considering one vehicle at a time) to ensure a good trade-off
between sub-optimality of the results and scalability. If the integer
decision variables of the problem are set to zero, the unidirectional
V1G smart charging schedule for the same amount of EV charging
stations and PV generators can be easily computed. The optimisation
results over one year for increasing EV and PV penetration levels
show that noticeable reductions of net load variance at the transformer
can be obtained (up to about 43% in V1G mode and up to about
81% in V2G mode, respectively). The V2G smart charging mode also
decreases the environmental impact, thanks to the increase of the PV
self-sufficiency rate (between about 4% and 23% in the considered case
study). The additional battery degradation for battery electric vehicles
(BEVs) charged with the V2G approach is minor (i.e., between 0.2—
0.5%/year on average) and it is mainly due to the higher number
of charging/discharging cycles. However, for plug-in hybrid vehicles
(PHEVs), the average degradation rate per year is generally 3—4 times
higher than for BEVs. Therefore, this kind of EV should be excluded
from V2G charging, as expected. From the economic standpoint, size-
able savings (between 10% and 20% on average) can be attained in
V2G mode, if the BEV owners are also equipped with a PV generator
and receive a reasonable compensation from the DSO for supporting
the distribution system.

Future research directions should include (but not be limited to): the
use of real EV charging and house load profiles; an economic analysis of
the flexibility services procurement via controllable EVs for the DSOs;
the development of multi-objective optimisation strategies aimed at
minimising the NLV while maximising the economic benefits for users.
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