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I. INTRODUCTION

OCIO-ECONOMIC, environmental, technical, and polit-

ical factors are driving a transition in the energy sector
toward a low carbon framework. In particular, the transporta-
tion sector is experiencing a huge development to reach envi-
ronmental sustainability. The European Environment Agency
estimated that transport is responsible for 24% of all green-
house gas emissions in the European Economic Area member
countries, 17% by road transport [1]. To reduce the environ-
mental impact of transportation, the European Commission
adopted a roadmap [2] with the target for 2050 to cut 60% of
transport emissions (20% reduction by 2030).

A high electric vehicle (EV) uptake may contribute to
the reduction of CO, emissions [3]. Therefore, technological
development is driving a natural evolution in the transporta-
tion sector leading to electric mobility (in the following,
e-mobility). The EVs initiative (EVI), a multigovernment pol-
icy forum composed of 15 members dedicated to accelerating
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the introduction and adoption of EVs worldwide, set the EVs
stock targets for 2020 to 20 million in EVI countries (mainly
in the U.S., China, and Japan) [4]. In Italy, although today the
use of EVs is still limited (1643 units in 2012), a recent study
promoted by UBS forecasted a 10% penetration of full elec-
tric and plug-in hybrid vehicles by 2025 [5]. Considering the
current Italian automotive market, where there are 61 cars per
100 inhabitants [6], the potential of the phenomenon can be
considered very promising. However, EV deployment intro-
duces huge technical challenges for the electric power system
operation, related to the involved energy requirements.

This paper proposes a novel approach to model and to
manage the e-mobility scenario. The goal is to reduce the
impact of the EVs load on the power system. The envisaged
method coordinates the charging processes of EVs connected
to the distribution network in order to adjust their required
power, avoiding overload conditions, improving the grid oper-
ational efficiency, and increasing the overall number of charge
requests (CRs) that can be satisfied. The coordination pol-
icy is based on a centralized control architecture (CCA) that
receives all the information required to schedule the charg-
ing processes. In this scenario, the most suitable location for
installing the CCA is the distribution system operator (DSO)
control center. For this purpose, an adequate communication
network is required to achieve the necessary exchange of
information between the CCA and the peripheral apparatuses
involved in the architecture. The architecture of the networking
infrastructure is beyond the scope of this paper.

The scheduler is the software component running in the
CCA: it accomplishes a smart allocation of each EVs’ CR in
order to find the best timing of charging operations. A power
flow procedure is run to check the electrical constraints on the
distribution network (voltage and current limits), considering
all the allocated CRs. The power flow evaluation takes into
account the prediction of the load that cannot be explicitly con-
trolled by the CCA. Given this prediction, the control strategy
achieves the reduction of the peak load, considering the CRs
that are dynamically made to the system. If the imposed con-
straints cannot be satisfied, the CR is rejected. This procedure
is applied in real-time to each CR. Its application has been
studied on the model of a real distribution network located in
the North of Italy, confirming the ability of strongly reduc-
ing the peak load on the distribution infrastructure and to
increase the number of accepted CRs.

This paper is organized as follows. Section II discusses
the scientific works related to load management, with specific



reference to EVs. The scenario of application and its mod-
eling (i.e., the algorithm to simulate the drivers’ behavior)
are depicted in Sections III and IV, respectively. The novel
approach proposed to schedule the CRs is depicted in
Section V and Section VI deals with the numerical analysis
carried out to assess the effectiveness of the proposed solution;
Section VII provides an outlook of the computational perfor-
mance of the algorithm developed; finally, Section VIII draws
the conclusion.

II. RELATED WORKS

One of the most challenging goals for upcoming power sys-
tems is to make effective use of technologies and solutions for
the intelligent control of distributed generation (DG), to better
plan and run existing electricity grids, to enable new energy
services for customers, and to improve the energy efficiency
in general [7]. In this direction, a main role is played by the
e-mobility. On the other hand, despite the economic and envi-
ronmental advantages of EVs, their increasing utilization could
cause new issues for the power system operation [8], [9].

From the DSO perspective, it is extremely important to
ensure that the transport capacity of electrical networks is not
exceeded. In this context, in recent years, DG has been the
main cause of additional investments for the refurbishment of
power systems. Investments aimed to increase the so-called
grid’s hosting capacity [10], [11] according to grid’s technical
constraints: thermal limits of transformers and lines, steady-
state voltage limits, and rapid voltage changes [12]-[14].

Although the hosting capacity is usually related to active
users, a key issue for DSOs is to optimize the use of existing
network assets, i.e., preventing the investment needed for rein-
forcement, while considering the growing energy request due
to passive users [15] and the foreseen spread of e-mobility.
A joint evaluation looking at either hosting capacity limits or
maximum increase of passive loads, this last named loading
capacity, is becoming more and more important [16].

On the demand side, a key issue related to the distribu-
tion network operation is the impact on the grid of increasing
end-user electricity requirements, which implies the need
to quantify the operational margins [17]. Focusing on EVs
management, some works were proposed in the literature
to schedule the charge of EVs optimally. Most of these
works propose methods based on the minimization of the
energy cost [17]-[20] or on the maximization of the oper-
ator’s profit [21]. These methods use day-ahead forecasting
techniques of the EV load to create a schedule of the charg-
ing processes. In [22], the power flow procedure is run before
the optimization process. This paper uses a heuristic approach
based on a particle swarm optimization to compute the allo-
cation of EVs. In [20], the possibility of discharging batteries
to provide energy to the grid is investigated. In [17] and [20],
an offline optimization is performed (using quadratic and lin-
ear programming, respectively). The offline approach allows
to deal with complex system constraints, regarding both the
power infrastructure and the charging processes. In this case,
the computational complexity does not play a significant role,
since the processing is done offline. Therefore, the task may

take a long time with no impact on the applicability of
the method. However, these approaches present limitations in
terms of flexibility in the management of unexpected working
conditions.

References [18], [19], [23], [24], and [25] are based on
online procedures. In particular, De Craemer et al. [18] pro-
posed a method to perform a preliminary optimization that
determines the set-point for each charging station (CS). If the
set-point cannot be met, the station triggers an update of the
set-point. Nevertheless, in this literature work the electricity
distribution infrastructure is not modeled; so, the effects of
the network on the CRs’ constraints, and the benefits of the
scheduling procedure on the power system, are not consid-
ered. In [19], a spatially distributed optimization scheme is
proposed: the power grid is divided into zones, and the opti-
mization procedure is run for each zone independently, leading
to local optima. For this reason, this method does not address
network-wide issues and constraints. Di Giorgio et al. [25]
applied a model predictive control to optimize the energy
cost. The schedule is recalculated when a new charging pro-
cess is requested, using a receding horizon approach to deal
with the optimization time interval. The computational bur-
den is reduced by performing the optimization on a limited
section of the power network, i.e., considering that the EVs
to schedule belong to the same LV feeder. Fan [24] adopts
an approach based on congestion control techniques used in
internet networking protocols. Although the algorithm runs in
a decentralized manner, the analysis guarantees the conver-
gence to the optimal performance in terms of customer costs.
This method, however, does not take into account technical
issues and constraints related to the power network operations.
Deilami et al. [23] produce an optimal schedule of charg-
ing processes with a time resolution of 5 min, considering
the constraints on the power network, and allowing for EVs
random plug-in. The use of optimization techniques presents
scalability issues due to the required computation time, which
rapidly increases at the increasing of the EVs number and of
the power infrastructure complexity. These works thus intro-
duce specific solutions to limit the computational complexity
of the optimization. Possible solutions include the reduction
of the duration, or granularity, of the time window of opti-
mization, or the reduction of the size of the network under
analysis. An upper bound on the computational time required
by some relevant approaches can be inferred from the data
reported in [25], where the time resolution is assessed for the
considered methods. Such time resolutions span from 36 s to
15 min. In [25], the method proposed in [26] is defined to
have a continuous time resolution, suggesting that the control
action can be computed sufficiently quickly to cope with con-
tinuous variations of the monitored physical values. This result
is achieved by leveraging a sliding mode control approach.
However, this paper does not present the computational issues
that arise in discrete scheduling approaches.

Finally, Benetti et al. [27] presented the preliminary find-
ings of the present work, focusing on the description of the
case study. This paper includes neither the system model and
formulation of the scheduling policy, nor a detailed analysis
of simulation results.
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Fig. 1. System architecture supporting the CCA.

III. SCENARIO OF APPLICATION

This section illustrates the use case considered in our
approach. When the X; EV is connected to a CS at time r;, all
relevant information is collected and sent to the CCA (Fig. 1).
Such information includes the following:

1) electric power P; required by the CR;

2) initial state of charge (SoC) of the battery y;(r;);

3) minimum desired SoC after the charge (fill level) yi”';

4) time D; before which the CR must be completed (dead-

line).

While P; and y;(r;) are automatically detectable once the
EV is plugged, yi”’ and D; are associated with user require-
ments. Therefore, they must be explicitly supplied to the CCA
by means of a suitable human—-machine interface (HMI). Due
to the constraints on the peak load, some combinations of
deadline and fill level may not be guaranteed. For instance, a
given fill level may not be guaranteed if the deadline is too
short.

Once all this information has been collected, the CCA
determines the best time period when the CR should be
performed. The scheduler selects the interval such that simul-
taneous charging processes are avoided when not strictly
necessary. For instance, a CR with a long deadline can be
delayed. Possible violations of electrical constraints in the
selected interval are checked using a power flow procedure.
To perform the check, a close cooperation with the elec-
tric grid management procedures is required. If no violation
is detected, the CR is enabled, filling the battery up to the
desired level yi’h before the imposed deadline r; + D;. If
the CCA can not find a suitable charging interval, the CR
is rejected, since it would produce an overload condition in
the power system. The HMI can be implemented to alert
the customer about the impossibility to complete the desired
operation within the specified deadline. In this case, the user
may decide to relax either the constraint on the deadline
or the final fill level. The investigation on more advanced
overload condition management approaches is left as future
work.

If the EV leaves the CS before the time r; + D;, the
desired SoC cannot be guaranteed. In this paper, such a case
is not explicitly considered in simulating the users behavior.
However, in real-life scenarios, this event can be easily
detected by the CCA and the availability of spare energy can
be accounted in the schedule of upcoming EVs.

IV. SYSTEM MODEL

In order to assess the performance of the proposed CCA,
suitable models have been developed for both the electric
distribution grid and the EV traffic.

A. Electric Grid Model

The distribution network is modeled by its nodal admit-
tance matrix, which is built on the basis of the topology and
the electrical parameters of all electrical branches. The grid
operational conditions change with time according to load
and generation variations and power requirements of EVs in
charge. All the loads and generators are considered in the
power flow as active and reactive power withdrawals/injections
(P, Q buses in the power-flow problem). The CSs are mod-
eled as power absorptions in a given MV bus. It is worth
noting that the LV grid is not modeled in this paper, since
only public CSs are considered. According to their power
requirements, typically larger than 100 kW for the assumptions
adopted, they are usually connected directly to the MV grid
by a dedicated MV/LV transformer or, alternatively, through
a dedicated LV line sized according to the maximum power
requirements of the CS [28]. In both cases, the grid infras-
tructure downstream the point of connection to the MV grid
does not limit the number of EVs that can be simultane-
ously charged, thus their technical limits do not require to be
considered in the scheduling process. At each time step 7, a
power-flow procedure based on the Newton—Raphson method
is applied to assess voltages (magnitude and phase: primary
unknowns) on all network buses. Afterwards, branch currents
(secondary unknowns) are calculated. For each of the N buses
of the network, the power-flow problem is modeled as follows:

N
Pp(t) = Vu(t) - Z [Yom - Vin(2) - cos(aum(1)]
"y M
On(t) = V(1) - Zl [Yim - Vin(8) - sin(otpm(1))]
m=
where
1) P,(r) and Q,(r) are the active and reactive power
injections in the nth bus at time #;
2) o (t) = 8p(1) — 8, (1) — Opms
3) Vu(t) and §,(f) are the voltage magnitude and phase
on the network nth bus that power flow equations are
referring to;
4) V(1) and §,,(¢) are the voltage magnitude and phase on
the mth bus;
5) Yum and 6, are the magnitude and phase of the admit-
tance in the (n,m) position of the nodal admittance
matrix.

B. EV Traffic Model

The effects of the e-mobility on the power system and the
benefits of the proposed scheduling approach are evaluated by
a realistic EV traffic model, reproducing the common behavior
of users. In each simulation, the EV traffic is generated, over
one or more days, through a stochastic approach. The main
parameter to set is the penetration level of the e-mobility, i.e.,
the number of EVs to consider in the simulation. According



Algorithm 1 CREATE(};)

1: select the base CS (CSp), i.e., the vehicle shelter where
the car was parked during the night, from the set of all the
simulated CSs (blue dots in Fig. 2; uniform distribution).

2: Lror < daily journey length (normal distribution)

3: tpg < morning departure time from CSp (uniform
distribution)

4: tpg < evening arrival time to CSp (uniform distribution)

5: Nso < number of stopovers throughout the day (normal
distribution)

6: Lr < Ltor/(Nso + 1) (Ilength of each route between two
CSs)

7: CSp < 100% (charge level at the departure time)

8: if Ngo > O then

9: for ngo =1 : Nso do
10: stopover mean start time < (t4g — tpg) - nso/Nso +
IDE-
11: evaluate, based on the mean time previously calcu-
lated, the stopover actual start time (normal distribu-
tion).
12: evaluate the stopover duration (normal distribution).
13: if nso < Nso then
14: select the arrival CS from the set of CSs hav-
ing a distance less than Lg from the previous one
(uniform distribution).

15: else

16: select the arrival CS from the set of CSs having
a distance less than Lg from the previous one and
from CSp (uniform distribution).

17: end if

18:  end for

19: end if

to the developed model, each EV departs in the morning from
a CS where it was parked overnight (Base CS: CSp); in the
evening, the EV returns to the same station. During the day,
each car travels in the city, and can stop in car parks. Car parks
can be either equipped or not equipped with charge points. The
EV location is unknown to the CCA until the car is plugged
into a CS. As better explained in the following, in defining
the path of EVs among car parks, the EV traffic model takes
into account the constraints related to the distance between
them. This approach allows a proper estimation of the energy
consumption of EVs and of their arrival times to CSs.
The car routing behavior is defined according to a set of
technical and statistical features of each EV:
1) capacity of EV batteries;
2) daily journey length, statistically defined by a normal
distribution;
3) energy efficiency for the given path;
4) daily departure and arrival CS (CSp) (uniform
distribution);
5) time of departure and arrival from/to each CS (uniform
distribution);
6) number of stopovers along the day (normal distribution);
7) target stopover CS(s) (uniform distribution);
8) time window of each stopover (normal distribution).

Fig. 2. MV network under study (red lines, Busbar A MV feeders; green
lines, Busbar B MV feeders; and dots, CSs).
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Fig. 3. Example of EV behavior, depicting its operations during one day

and the corresponding battery SoC.

A specific procedure, illustrated by Algorithm 1, is per-
formed to define the behavior of each car A;. Therefore, to
simulate a population of N EVs, the algorithm is executed N
times.

According to Algorithm 1, when the arrival CS is selected
from the set of all the available CSs, only the CSs having a
distance less than Lg from the previous one are considered.
In other words, it is assumed that an EV moving from a CS
to another one can travel a longer path than the shortest path
available between the departure/arrival CSs (determined, in
this paper, according to the Aosta city’s route map). The oppo-
site case (distance traveled by the EV shorter than the distance
between the CSs) is obviously not admissible. The charge level
of the EV at time tpg is considered equal to 100%. Moreover,
at the end of each stopover, it is assumed that the user requires
the EV to be fully charged (SoC equal to 100%).

The behavior coherence of each EV is checked by suit-
able procedures, in order to prevent unrealistic situations
(e.g., arrival time at a CS earlier than the departure time from
the same CS). The simulation can be extended for the desired
time horizon, e.g., several days. Using the above information,
the mobility of each EV is simulated by computing its motion
in the area and by tracking the batteries’ SoC.

Fig. 3 shows the behavior of the car considered as an exam-
ple. The EV leaves the car shelter, i.e., CS #1, at 7:20 in the
morning. At departure, batteries are fully charged. Between
7:20 A.M. and 12:00 A.M., the car position is unknown to
the CCA, since it is not connected to a charge point. At
12:00 A.M., the car is plugged to CS #2. The battery SoC
is low, due to the distance traveled in the morning. The SoC
is evaluated according to the length of the journey and the EV
energy consumption per kilometer. The CCA considers the
stopover time selected by the user (until 2:30 P.M.) and the



grid needs to determine the schedule of the charging process.
The operation is delayed to limit the peak of the energy flows
on the grid and to prevent violations of voltage and current
limits. At 2:30 P.M. the car leaves the CS #2. At 7:40 p.M.,
the EV returns to the CS #1, where its SoC is fully restored
overnight.

C. EV Energy Model

From the power grid perspective, the EV is seen as a load
that can be plugged in any available CS. For the purpose of the
scheduling algorithm, an EV is modeled as follows. At time ¢,
a set of H(t) EVs is connected to the electrical grid. The
set of connected EVs is denoted with A(f) = {A1, ..., Aup}
The SoC of the battery of A; EV at time ¢ is denoted with
yi(t), expressed in [kWh]. Vehicle %; is plugged to a CS at the
request time r;. The SoC at time r; is thus y (r;). When the EV
is plugged to the CS, a relative deadline D; is set by the user.
The battery needs to be recharged up to a minimum threshold
yl.’h before the absolute deadline d; = r; + D;. Therefore, it
must hold y;(d;) > y;".

The charge of all EVs connected to the power grid is con-
trolled by the CCA. The time is discretized in units having
duration equal to 7, expressed in [h] (e.g., T = 0.25 h or
7 = 1 h). Formally, the CCA assigns a schedule to each EV
Ai € A(t), modeled by the function s;(7) : No — {0, 1}

si(t) = 1 if load A; is charging at time ¢
T 0 otherwise.

The X1; EV is assumed to absorb a total amount of power
equal to P; (expressed in [kW]) while charging. The number
of time units required to charge the A; EV can be calculated as

th _ ., (.
CZ_:’VJQ—J/I(H)—" 3)

2

P,’-‘L’

More refined models can be used to estimate the required
charge time [29], [30]. However, for the sake of simplicity,
we adopt the model leading to (3), which assumes a constant
charging rate (P;) during the whole charging period. Such a
model is correspondent with the actual commercially available
technologies.

V. SCHEDULING OF CHARGING PROCESSES

The CCA allocates the CRs of users in time to optimize
the efficiency of the grid operation and to prevent violations
of the relevant technical constraints. A charging process is
considered nonpreemptable: this means that, once started, it
can not be stopped and resumed later. This policy corresponds
to the one actually in place in the Italian scenario, nevertheless,
it reduces the overall efficiency of the scheduler. In fact, for
instance, an ongoing charging process with a long deadline
cannot be stopped and delayed in favor of a charging process
having a shorter deadline. On the other hand, repeated partial
charging cycles can negatively affect the battery efficiency and
duration. Nonpreemptable CRs prevent these issues.

The first step, as depicted in Fig. 1, consists in the acquisi-
tion of the overall active power demand forecast affecting the

Algorithm 2 ALLOCATE();)
1: calculate C; using (3)
2: select the best starting time opeg; that satisfies (4) and (8)

3: evaluate the power flow on Apest = [Obest, Obest + Cil
considering the allocated A;

4: if power constraints are satisfied within Apeg; then

5:  allocate A; starting from opeg

6: else

7 evaluate the power flow on [r;, d;] — fi(?)

8:  find the set X/ as defined in (12)

9: if ¥/ = & then

10: car A; not schedulable

11:  else

12: select the best starting time opegt € 2; using (8)
13: allocate X; starting from opest

14:  end if

15: end if

distribution grid. Such acquisition assumes that suitable his-
torical data and forecasting models (see [31]) are available as
an external source of information with respect to the method
described in this paper. The time horizon of the forecast must
be chosen suitably: the CCA will optimize the EVs’ CRs
according to the grid’s requirements along this time interval.
For example, a 24 h prediction could be an adequate trade-off
between flexibility of the scheduling process and forecasting
accuracy. The power profile is updated when new forecasts
are available (e.g., every hour). The power demand forecast-
ing is a key issue for the performance of the optimization
process, due to the limited information usually available to
the DSO. In this paper, from this viewpoint, a short-term
future scenario is considered, i.e., a MV network with mon-
itoring systems able to acquire suitable data on MV feeders,
MV/LV substations, users, and CSs. Although this is not yet
the most commonly adopted solution by DSOs, some real-life
implementations can already be found [32] and their massive
deployment is expected in the near future [33]. Concerning
the time requirements on data collection and processing, it is
important to point out that, as previously explained, the CCA
schedules the EVs according to the forecasted behavior of the
network (e.g., 24 h in advance); therefore, the data collection
on the grid does not need to be accomplished strictly in real-
time (e.g., the refresh of the forecasting could be performed
once per hour). At time ¢, the power profile is modeled by the
function p : No — R.

When a new EV 1; is connected to a CS, the CCA gathers
the information detailed in Section III. Algorithm 2 is executed
to allocate the CR submitted by ;. First, the time required to
charge the battery up to the desired SoC is evaluated using (3).
Afterwards, the algorithm computes the set X;, which is com-
posed by all the possible suitable time instants to start the
charging process. Formally, this set is defined as

Yi={o:VoeNy:r<o<d —Cj} 4)

where d; = r; + D; is referred as absolute deadline.



For each time o} € %;, the CCA computes the two values
Dr and py as follows:

o +C;

=g _Z pt) or e (5)
=0}

pr= max p() o€ X (6)

teloy, o1 +Cil

While p, represents the average power consumption in the
time interval [oy, ox+C;], Pr is the greatest power consumption
in the same interval.

The CCA uses a “valley filling” approach to determine the
best candidate starting time opes. The scheduler computes

Tt — (0, € & : m = argmin ) 7
and the algorithm chooses
Obest = O € LM m = argmin py. (8)

Afterwards, the power-flow procedure is evaluated on the
time interval [Opest, Obest+C;]. For all time slots ¢ of the consid-
ered interval, the power flow determines the power exchanges
in all buses of the network. For the generic nth bus, these are
equal to

hj(t)
Pi(t) = — Zl Pi(t) — Prj(t) + Pg;(t)
i=

Q;(t) = —0ri(1) + Qg;(®).

Ppj(t) and Qy;(t) are, respectively, the active and reactive
withdrawals of the load subtended to the jth bus. Pg;(7) and

Qgj(t) are the DG injections in the jth bus, if any. Zlh’z( i) P;i(1)

is the power absorbed by the A;(#) cars currently charging in
the jth bus. The power-flow procedure uses the values assessed
by (9) to solve (1). The solution of such equations provides
the voltages [V(1)]. The currents flowing in every branch of
the grid are evaluated as

0] = 7] [70]

[V()] and [I(7)] are used to check the electrical constraints
on voltages and currents.

The execution of the power-flow procedure could be time-
consuming. The computation time depends on the length of
the considered time interval. The adopted approach reduces the
timespan where the power flow is evaluated, improving the
computational performance of the algorithm. If all power con-
straints are satisfied within the examined time frame, then
the charge of A; EV is allocated at time opeg. Otherwise,
the charge in the interval [opest, Obest + Ci] is not feasible.
In order to find another valid interval, the CCA has to evalu-
ate the whole time period [7;, d;] to check for violations. The
power-flow computes the function f; : Ng — {0, 1}

€))

(10)

1 if load A; does not cause violations at time ¢
0 otherwise.

fit) = { Y

Based on this function, the CCA calculates the follow-
ing set:
Yi={olri<o<di—Cinfi)=1 Vie[o,0+Cl}.
(12)

The set is composed by candidates starting times of intervals
suitable for the charge, i.e., those generating no violations of
electrical constraints. If this set is empty, then the EV is not
schedulable. Otherwise, for each oy in Elf , the CCA computes
the values of p, and py using (5) and (6) and chooses the
interval [opest, Obest + Ci] using (7) and (8). If the algorithm
terminates successfully, then the functions s;(#) and p(¢) are
updated considering the newly allocated EV.

The proposed approach can suitably deal with a low accu-
racy in the power demand forecast. In case of significant
discrepancy between forecasted and actual overall power
demand, the same algorithm can be applied to reschedule
all the CRs currently scheduled to start in the future. The
tolerance against forecasting approximations is thus consid-
ered a design parameter that can be tuned according to the
power network characteristics. The rescheduling process is not
applied to currently charging EVs since it is assumed that
charging processes are not interruptible. The reallocation of
all reschedulable EVs is feasible in practice due to the low
per-car computational time assessed in Section VII: approx-
imately 45 s are required to reschedule 1000 EVs, using a
common personal computer (see Section VII). According to
previous assumptions, this operation shall be performed when
fresh information regarding the power demand is gathered,
e.g., once per hour. On the other hand, in case of critical
working conditions of the power infrastructure, current charg-
ing processes can be stopped upon request. A new schedule
can be generated after the critical condition has elapsed.

VI. NUMERICAL ANALYSES

The performance assessment of the proposed scheduling
approach is carried out by means of numerical simulations
based on a real distribution network. Three scenarios are
implemented and compared.

1) No CCA-No Technical Limits (noCCA-noTL): In this
scenario, no CCA is used to manage EVs’ CRs.
Therefore, battery charging starts when the user plugs
the car into a CS. Moreover, an ideal grid is assumed,
i.e., a network able to accept all the EV CRs. This case is
simulated for comparison purposes: it represents the best
possible condition that could be achieved by adequate
investments on network development.

2) No CCA-Technical Limits (noCCA-TL): This is the
reference scenario (existing system). As above, no
scheduling operations are performed. The DSO sheds
the load if needed, by inhibiting EVs charging during
grid overloads.

3) CCA-Technical Limits (CCA-TL): The EV charging is
managed by our proposed CCA to improve the grid oper-
ation (avoid overloads and efficiency lowering) and to
achieve user requests regarding the desired charging time
(i.e., deadlines).

The analysis is carried out with different EV penetration
levels. The number of simulated EVs ranges from 1000 up to
20000 in steps of 1000 EVs. Since each EV may require more
than one charge during the simulation time, the number of CRs
(i.e., the workload) is usually higher than the total number of
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TABLE I
NETWORK INFORMATION
LV users MYV users MV active users
Busbars | Feeder | Number | Rated power | Number | Rated power | Number | Rated power
[n°] MW] [n°] MW] [n°] MW]
1 3,211 5.670 1 0.081 0 0
2 2,366 5453 6 1.598 0 0
3 2,067 2.170 3 0.440 1 0.015
4 1,172 5.030 8 1.557 0 0
A 5 1,522 2.990 7 2.679 0 0
6 299 2.255 13 5.637 1 1.815
7 1,739 5.700 5 1.060 0 0
8 451 0.910 1 0.188 0 0
9 3,417 0.470 1 0.155 0 0
1 2,168 5.003 4 0.684 1 0.190
2 2,355 5.870 2 0.345 0 0
3 529 0.920 2 0.432 0 0
B 4 0 0 2 0.013 2 2.620
5 4,384 6.720 1 0.010 0 0
6 2,238 3.740 2 1.636 0 0
7 1,502 3.430 5 0.574 0 0

EVs. Under different workloads, the simulation evaluates the
grid operational efficiency, the scheduling process efficacy, and
the customer satisfaction (full charge accomplished within the
desired deadline).

For each EV penetration level, 30 different simulation runs
are performed. This number of attempts is a suitable trade-off
between degree of convergence of results and computational
effort. Each run is carried out on a time horizon of three days.
However, only the results relevant to the central day are con-
sidered in our statistical analysis. The first and the third day
are simulated to avoid side effects on variables, which could
occur at the boundaries of the time interval.

A. Network Under Study

The network under study, operated by an Italian distribution
company named DEVAL [34], supplies the city center and the
neighborhood of Aosta, the chief town (population of 35000
inhabitants) of the Valle d’Aosta region, in the Northwest of
Italy.

The MV network has a radial structure, starting from a
HV/MV primary substation equipped with two 132/15 kV
transformers, each one rated 25 MVA (Figs. 2 and 4). Each
grid, underlying a MV busbar (in the following, called network
A and B), acts independently of the other. Both networks are
modeled since the EV traffic in Aosta city affects the operation
of the entire distribution grid: at different instants, EVs can be
connected to networks A or B according to their motion within
the city. Networks A and B have 9 and 7 feeders, respec-
tively. Table I provides additional technical information about
the network load and DG.

The considered scenario refers to an urban area in a moun-
tain region. Therefore, the DG penetration is rather small:

five power plants (3 CHP, 1 photovoltaic, and 1 hydro) are con-
nected to the MV grid. Power injections of LV power plants
(mainly photovoltaic) are negligible. The grid model is imple-
mented in MATLAB, by using function libraries derived from
the MATPOWER package [35]. All energy flows in the grid
are represented on an hourly basis, according to the time res-
olution adopted by DEVAL to measure the energy exchanges
of the MV/LV users of Aosta. In compliance with the Italian
regulation, all MV users are subject to a hourly assessment
of their power demand (on the other hand, smaller users are
monitored according to peak/off-peak time bands).

Each MV active/passive user has a specific exchange profile
(obtained by on-field measurements), while all LV users are
assumed to have the same withdrawal characteristic, obtained
from the residual energy exchange profile at the HV/MV inter-
face scaled according to the rated power of each user (energetic
equivalence between the actually measured energy flows and
their estimation).

It is supposed that 35 CSs are installed in the grid. Their
location has been defined by considering the following factors:

1) closeness to the city center, to residential and industrial

districts, or the other points of interest for users (e.g.,
the airport area);

2) proximity to existing MV feeders;

3) presence of parking lots or squares;

4) information about the local DEVAL projects for the

deployment of the e-mobility infrastructure in the urban
area of Aosta [36].

It is supposed that all the CSs are connected at MV level.
No constraints are imposed on the number of simultaneously
pluggable EVs in each station. This assumption is adopted to
highlight the technical limits of the network and not those of
the e-mobility infrastructure, which we assume suitably sized
according to the actual users needs.

Concerning the electrical grid, the following technical lim-
its have been considered. With respect to voltage profiles, EN
50160 [37] states that every bus of MV/LV networks must be
kept within the £10% of rated voltage. In this paper, MV
voltages are assumed acceptable if included between 96%
and 110%. The inferior limit is set to 96% to accommo-
date voltage drops on the LV network. The transit limit is
set to 80% of the rated ampacity of conductors and HV/MV
transformers, in order to avoid an excessive aging of com-
ponents and a reduction in energy transport efficiency. As a
simplifying assumption, all EVs are modeled with the same
technical parameters. Power withdrawal P; is 20 kW [38]; it is
assumed constant during the whole charging process. Three-
phased chargers connected to a balanced system are considered
in the analysis. Battery capacity is 40 kWh [38]. Energy con-
sumption of the car during use is constant at 0.2 kWh/km.
This value is compliant with data declared in [39] and, for
the particular scenario into analysis, is assessed by experimen-
tal measurements obtained in an e-mobility research project
performed in the Aosta area [36].

The car behavior is defined according to statistical param-
eters. Such parameters have been identified from the infor-
mation collected in real life applications (these data were
collected on the DEVAL car fleet, over the year 2011, and
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Fig. 5. Daily load profile due to e-mobility in Aosta. Different curves refer

to different number of EVs (thousands of EVs).

on statistical surveys on the Italian automotive scenario). The
adopted parameters are not meant to depict a specific case
study: they are defined to enable the simulation of a real-
istic scenario (i.e., the management of the e-mobility load
requirements in a typical medium-sized urban area in Italy),
useful to assess the performance of the proposed algorithm.
The following parameters/values have been used.
1) Daily journey length: ©=39.02 km, 0 =10.99 km,
minimum value =10 km [40].
2) Departure time from the CSp: ©=7 A.M., 0 =1.5 h.
3) Arrival time to the CSg: =7 P.M., 0 =1.5 h.
4) Number of stopovers throughout the day: © =0, o =1.
5) Start time of each stopover: p of each stopover equally
spaced on the interval between the departure and arrival
time from/to the CSg, 0 = 1.5 h.
6) Duration of each stopover: u= 0, 0 =0.3 h.
Fig. 5 shows the daily load profile generated by Algorithm 1
while using the above parameters.
It is worth noting that the load characteristic is compliant
with the findings of the literature on the future impact of EVs
on electric power systems [41], [42].

B. Assessment of Benefits on Grid Operation

First, the quality of service guaranteed to users is discussed.
This factor is related to the number of CRs rejected due to
technical limitations and electrical constraints.

Fig. 6 reports the average number of CRs that are satisfied in
the 3 simulated scenarios. For each level of EV penetration, the
errorbars indicate the minimum and maximum values assessed
over 30 simulation runs.

The beneficial effect of the CCA scheduling increases with
the EV penetration level. When up to 3000 EVs are sim-
ulated, the number of CRs per day ranges in the interval
[4000, 10000]. In this case, the grid is always able to sat-
isfy all the CRs (same results in noCCA-TL and CCA-TL
scenarios). If the EVs population grows, the energy flows
generated by EVs charges can cause violations of the grid
electrical constraints. Without scheduling actions, some CRs
must be rejected to preserve the good functioning of the grid

Charge instances
b =)
T

N
T

1234567 8 91011121314151617181920
Cars[xlOs]

Fig. 6. CRs accepted in the EVs’ scenarios. The green bar refers to
noCCA-TL, the blue bar to CCA-TL, and the red to the noCCA-noTL
scenario.

(instances accepted in the noCCA-TL scenario less than in the
noCCA-noTL scenario). On the other hand, in the CCA-TL
scenario, the CCA postpones EV CRs (according to the dead-
lines imposed by users) in order to avoid the network overload
and to better fulfill users needs. In particular, in this case, with
a population between 4000 and 15000 EVs all the CRs are
satisfied. For example, with 15000 EVs (equivalent to about
60000 CRs) nearly 33% of CRs are rejected without CCA. If
the EV population rises further, some CRs are also rejected
in the CCA-TL scenario. For example, considering a popula-
tion of 20000 EVs (about 80 000 CRs), the CCA rejects about
2.14% of CRs, while in the noCCA-TL scenario about 38%
of CRs is rejected.

For all the considered EV penetration levels (from 1000 to
20000 EVs), Fig. 7(a) and (b) shows the daily power absorp-
tion profile due to the EV load only, in the noCCA-TL and
CCA-TL scenarios, respectively. In the noCCA-TL case, when
the e-mobility penetration is above 4000 EVs, the load require-
ments can lead to overload conditions on the grid (violations
of transit and voltage limits), especially in the evening. For
example, with 20000 EVs, the uncoordinated EV charging
would bring to a peak load of 50 MW in the absence of
adequate counter-measures. This is the theoretical peak load
achieved in the noCCA-noTL scenario, reported in Fig. 5.
In real-life conditions, the grid of Aosta is able to accept an
EV load equal to, or lower than, about 18 MW. This fact can
be deduced by observing Fig. 7(a) and (b): the results high-
light that the CRs causing the power load to excess 18 MW
are rejected [noCCA-TL case in Fig. 7(a)] or delayed by the
CCA [CCA-TL scenario depicted in Fig. 7(b)]. In the first
case, the quality of service provided to users is negatively
affected. Conversely, using the CCA, the nighttime is exploited
(in compliance with the deadlines set by users) to smooth the
energy exchanges at the HV/MV interface and to avoid the
violation of the network technical constraints.

The actual peak shaving action performed by the CCA is
illustrated in Fig. 8. The behavior represents the impact of the
energy flows on MV lines. Fig. 8(a) shows the daily profile of
the active power at the HV/MV interface of the distribution
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Fig. 7. Daily power demand profile of EVs (a) with CCA and (b) with-
out CCA.

network in the noCCA-TL scenario, considering the energy
load of only the EVs actually charged. Fig. 8(b) reports the
same quantity in the CCA-TL scenario. The scheduling action
provides a clear improvement on the peak load. For example,
in the 20000 EVs scenario, the daily peak in the noCCA-TL
case is about 40 MW, while in the CCA-TL case it is lower
than 30 MW.

Fig. 9 shows the improvement of the network operation
efficiency achievable by the CCA. The plot reports the daily
energy losses in the MV conductors and HV/MV transform-
ers according to the EV penetration in the grid, in the three
scenarios considered. The CCA-TL scenario presents higher
losses with respect to the noCCA-TL case. However, this is
due to the higher number of CRs that are satisfied. A bet-
ter comparison can be performed between the CCA-TL and
noCCA-noTL cases (almost the same number of EV CRs
satisfied). As reported in Fig. 9, the efficiency begins to appre-
ciably improve at low EV penetration levels (between 1000
and 4000 cars). It further increases with the increase of the
energy flows on the network. For example, let us consider the
case with 20000 EVs. The CCA-TL scenario accepts 97.9%
of CRs (81057 in Fig. 6). Losses are 6.05 MWh/day, which is
67.3% of noCCA-noTL losses. In the noCCA-TL scenario,
only 37.9% of EV CRs are satisfied. In this case, energy losses
are 4.8 MWh/day, which is 53.3% of noCCA-noTL losses.
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Fig. 8. Daily power demand measured at the HV/MYV interface of the network
(a) without CCA and (b) with CCA.
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Fig. 9. Energy losses in grid conductors and HV/MV transformers in the
EV scenarios. The green bar refers to noCCA-TL, the blue bar to CCA-TL,
and the red bar to the noCCA-noTL scenario.

VII. COMPUTATIONAL PERFORMANCE

This section provides an analysis of the computational per-
formance of the proposed algorithm. The overall performance
is determined by the performance of the two involved pro-
cedures, i.e., the evaluation of the grid’s constraints and the
allocation of the charging process at the proper time instant.
The computational complexity of the first procedure, which
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Fig. 10. Distribution of the time required to evaluate CRs. The vertical axis
has a logarithmic scale.

requires load flow analyses, grows with the size of the power
network [43]. The bottleneck of the load flow analysis consists
in the inversion of the [Y] matrix [see (10)], which is an N x N
matrix, where N is the number of buses in the network. This
operation can be performed in O(N3) using the Gaussian elim-
ination method [44]. On the other hand, the complexity of the
allocation procedure is O(D;) for the A; EV. In fact, (4)—(8) are
evaluated sequentially, and each of them can be computed in
linear time with respect to D;. Therefore, the time required for
the allocation procedure does not depend on the network size.

The histogram in Fig. 10 shows the distribution of the exe-
cution time required to evaluate each CR. The plot presents
the measurements of 32 simulations in case of 15000 EVs. It
uses a logarithmic scale for the vertical axis to suitably depict
the details of the distribution. With this level of EV penetra-
tion, all the parts of the scheduling algorithm are executed.
This fact allows a complete evaluation of its computational
performance.

The simulation was run on a computer equipped
with an Intel Core i7-2630QM, 8 GiB of RAM, a
Linux operating system with kernel 3.2.0 and MATLAB
version 7.10.0.499 (R2010a). The average execution time of
the algorithm is 0.047 s. The distribution is characterized by
two separated sets of results. The first set presents a maxi-
mum execution time slightly less than 0.2 s. These CRs are
related to EVs connected to the grid when the system load is
sufficiently low. Its average execution time is close to 0.045 s.
99.7% of CRs are contained in this set. The CRs result to
be completely evaluated at line 5 of Algorithm 2. The sec-
ond set encompasses CRs requiring the complete execution of
Algorithm 2. The execution time of this set is upper bounded
by 1.55 s. Given the described results, the short execution time
required by scheduling process allows a real-time evaluation
of CRs.

VIII. CONCLUSION

This paper presented a method to coordinate the charge of
EVs based on a scheduling approach. The proposed strategy

performs the peak shaving of the power demand profile caused
by EVs CRs. Technical constraints of the distribution infras-
tructure are guaranteed by the integrated load flow analysis,
while the quality of service provided to users is preserved
(the EV charge is postponed in compliancy with the dead-
line set by the user). The application of the proposed method
to an existing power network has shown, in scenarios with a
considerable penetration of the e-mobility, a peak load reduc-
tion by 25%. Reduced peak loads allow the DSO to postpone
investments needed for the network development due to the
rising of e-mobility, improving the exploitation of distribu-
tion assets and generating capacity. Moreover, energy losses
are significantly reduced (from —53% to —63%, depending on
the scenario). Finally, the scheduling of CRs is performed in
real-time: the average computation time required for the allo-
cation of each charging process is 45 ms, while the longest
computation time is around 1.5 s. This performance refers to
the grid mathematical model implemented in the electric grid’s
control center of the city of Aosta (managed by the local DSO,
DEVAL), i.e., this paper proposed corresponds to a real-life
application.
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