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Abstract: The growing diffusion of electric vehicles connected to distribution networks for charging
purposes is an ongoing problem that utilities must deal with. Direct current networks and storage
devices have emerged as a feasible means of satisfying the expected increases in the numbers
of vehicles while preserving the effective operation of the network. In this paper, an innovative
probabilistic methodology is proposed for the optimal sizing of electrical storage devices with the
aim of maximizing the penetration of plug-in electric vehicles while preserving efficient and effective
operation of the network. The proposed methodology is based on an analytical solution of the
problem concerning the power losses minimization in distribution networks equipped with storage
devices. The closed-form expression that was obtained is included in a Monte Carlo simulation
procedure aimed at handling the uncertainties in loads and renewable generation units. The results of
several numerical applications are reported and discussed to demonstrate the validity of the proposed
solution. Also, different penetration levels of generation units were analyzed in order to focus on the
importance of renewable generation.

Keywords: energy storage; design optimization; plug-in electric vehicles; energy efficiency

1. Introduction

In efforts to ensure sustainable societies, smart technologies have been identified as significant
contributors to meet the expected increment of energy that will be required due to the human activities
in urban areas [1,2]. Different aspects of human life related to the traditional consumption of electricity
must be considered, including both the residential and commercial demands for heat, air conditioning,
mobility (e.g., public and private transportation systems), and communication systems (e.g., smart
phones, tablets, and servers). Users will have to be managed as integrated systems aimed at making
the use of the energy more efficient [2-7]. Focusing on mobility, the owners of plug-in electric vehicles
(PEVs) have to connect their vehicles to distribution networks to charge the on-board batteries. This
implies significant increases in the electrical load demand [8,9]. As a result, network power losses, line
currents, and bus voltages could exceed admissible values, so either the networks must be upgraded
or the actual load supplied must be curtailed. Various solutions have been proposed in the literature
to deal with the increased load that will result from the electricity demand [9-35].

The main approaches for dealing with this issue that has been discussed to date deal with the
coordinated charging of multiple PEVs in (1) a fleet of vehicles plugged into the grid through charging
stations and (2) vehicles plugged into chargers connected at different locations in the distribution
grids [9-14].
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Another approach considered in the literature to deal with the increased use of PEVs is to focus
on the use of electrical energy storage systems (EESSs). Such systems have proven useful in mitigating
the impact of fast chargers on distribution networks and in reducing the operational costs [15-35].
An economic analysis of the use of a battery energy storage system in a charging station and its related
advantages are discussed in [15]. As discussed in [16], EESSs can be useful in both standalone and
grid-connected applications; in the first case, PEVs can be recharged by the power stored in the EESS,
and, in the second case, the charging power can be delivered by either the EESS or the grid, based on
the available stored energy and the optimal power flow requirements. In [17] and [18], EESSs were
used for grid-connected, fast-charging stations equipped by renewable sources with a control system
that acts on both the state of charge of the EESS and the value of the voltage at the connection-bus.
In [19], an energy management system was proposed for the optimal operation of the electrical system
of a building equipped by a storage system in order to meet the power requirements of a fleet of electric
vehicles, renewable generation systems, and loads. The use of storage devices to reduce the peak
power demand was proposed in [20,21]. The storage devices in charging stations are also used with the
aim of reducing the total costs [22-26] and to optimize the management of energy consumption [27].
The coordination of chargers with EESSs has been used for voltage support in distribution feeders [28].
In [29], the storage device was used to deal with the impact of charging electric vehicles on the voltages
and currents of a distribution feeder. In [30], the storage device was used in a charging system with
the aim of exploiting the use of power generated by renewable energy sources. The utilization of
distributed energy storage systems was proposed in [31,32] to alleviate the impacts of PEVs and
generation units on distribution systems. The design and control of power converter systems for the
charging infrastructures with integrated energy storage devices were discussed in [33-35].

Focusing on the solution discussed in [15-35], in this paper, the use of EESSs is proposed for the
optimal integration of charging PEVs connected at the different buses of a distribution network. The use
of storage devices is aimed at increasing the potential of the distribution network for supporting the
increased penetration of PEVs. In more detail, an analytical-probabilistic procedure is presented for
the optimal sizing of the EESS aimed at balancing load demand and renewable-based generation while
(i) satisfying the network constraints and (ii) increasing the efficiency by minimizing power losses.
The uncertainties in load demand, charging requests for PEVs, and renewable power production are
included in the proposed analysis. Considering the applications in modern distribution grids, the use
of DC networks to connect distributed resources is considered. In fact, DC systems are expected to
have an important role in modern distribution networks because they allow integrating loads and
renewable energies in a better and more efficient way. This is justified by considering several aspects
related to both the intrinsic advantages of DC and the nature of loads and generation sources of
modern electrical systems [36,37]. Typically, the following advantages generally are associated with
DC systems:

e  due to the absence of reactive power, DC systems provide more efficient service than alternating
current (AC) systems in terms of reduction of power losses and voltage drops;

e the power produced by renewable energy sources is DC or requires the connection of power
converters to the network (e.g., photovoltaic (PV) systems, wind turbines (WTs), and fuel cells);

e mostloads operate with DC (e.g., lighting, PEVs, and computers).

With specific reference to PEVs, it must be considered that DC networks are the most favorable
infrastructures to integrate fast PEV chargers [38,39]. In fact, fast chargers allow charging the on-board
batteries in a short time (typically 15-30 min) by supplying DC power directly (typically 50-100 kW).
Thus, the use of DC networks instead that AC networks avoids the use of AC/DC power conversion
systems at each charger unit.

The problem of the optimal sizing of energy storage devices to be used to improve the integration
of fast chargers for PEVs has been addressed in the recent literature [23-31]. In [23], the size of
the storage device that is supporting a fast-charging station is determined by using mixed-integer,
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nonlinear programming aimed at reducing the total costs. In [24], a stochastic optimization is proposed
for a grid-connected charging station to determine the sizes of both the battery and the renewable
generation system that allow the chargers to minimize the total cost. Based on the expected charging
demand, in [25], a mixed-integer, linear-optimization problem was proposed to determine the optimal
storage size in order to minimize the investment and operating costs in the planning horizon. In [26],
a linear programming method was proposed to identify the optimal size of energy storage with the
aim of reducing the daily operational costs of a fast charging station. In [27], a design methodology
was proposed that can determine the optimal size of the storage device by maximizing the net present
value of the profit derived from a charging station. In [28], a sizing method was proposed based on
mixed integer linear programming for EESSs used to provide voltage support in feeders with PV
systems. In [29], an augmented time-series energy balance was used to determine the size of the
battery in a charging station that would reduce the impact of the chargers on the electrical network;
the author used a chance constraint-based method to deal with the uncertainties in the network’s
load, generation, and the number of PEVs. In [30], a search-based algorithm was used to solve the
problem of determining the optimal storage sizing, and it was formulated in terms of the mixed integer
optimization problem aimed at satisfying the load demand entirely by renewable energy sources.
A Markov chain model was used to account for the intermittency in renewable generation. In [31],
two interdependent sub-problems were formulated and solved by using both metaheuristic and
deterministic optimization techniques with a general objective function that deals with the total annual
cost of energy. The uncertainties associated with the demand for the charging of PEVs and with the
generation of renewable units were considered through a Markov chain Monte Carlo simulation model.

The probabilistic procedure proposed in this paper uses a Monte Carlo-based method that
applies an analytical optimization of different EESSs iteratively in DC networks in the presence of
renewable-based, distributed generation (DG) units and PEVs. The analytical formulation was based
on the general methodology presented in [40], which allows determining the sizes of the EESSs that
would be required to minimize the grid power losses. Among different scenarios characterized by
different penetrations of PEVs and DG units, the sizes of EESSs have been derived from the results
of the Monte Carlo simulation procedure which is widely adopted for statistical studies [41]. Then,
the choice of the optimal size of EESSs is derived on the basis of the satisfaction of the network’s
constraints (e.g., bus voltages and line currents).

Compared to the current literature on this topic, the main contributions of the proposed
method are:

e the optimal sizing of EESSs in DC networks with the aim of increasing the number of PEVs that
can be charged while satisfying constraints related to the network operation;

e the proposed sizing method is specifically tailored for the case of DC networks and the
infrastructures for the fast charging of PEVs that have been identified as the key infrastructures of
future distribution grids;

e theability of the proposed method to manage the complexities related to the multiple uncertainties
in the demands for renewable energy and PEVs in a feasible and accurate manner by including
the analytical, optimal sizing of EESSs within a procedure based on the Monte Carlo method.

Note that the method presented here for the general case of distribution networks easily can
be applied to charging stations. Thus, the method can be used for the cases of both distributed and
centralized EESSs.

The rest of the paper is organized as follows: the optimal sizing procedure is proposed in Section 2.
Section 3 reports the results of numerical applications referred to different scenarios; in particular,
different penetration levels of renewable generation are analyzed. For each scenario, we analyzed the
indices that typically are used to measure the impact of PEVs on the network. Our conclusions are
presented in Section 4.
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2. The Probabilistic Sizing Method

In this section, we provide details concerning the proposed probabilistic method aimed at
maximizing the penetration of PEVs in DC distribution networks through the use of distributed
EESSs. Our definition of the penetration of PEVs is the total number of PEVs that can be connected to
the DC network for charging purposes.

The inputs required for the procedure are the network topology, the buses at which the PEV
chargers and EESSs can be connected, the profiles of the power requested from the loads and the power
produced by the DG units with reference to the planning time horizon. The inputs include the statistical
characterization of the uncertainties of load demand, the production of the DG units, and charging
requests for PEVs over the specified time horizon. In the case of PEVs, statistical characterization
refers to the time of arrival and the corresponding energy request. More specifically, with reference
to a specified time interval, all of the uncertain quantities are handled as random variables, each
characterized by a specific probability density function (pdf).

The outputs of the proposed method are the maximum penetration of PEVs and the corresponding
optimal sizes of the EESSs that allow balancing load and generation efficiently and satisfying the
constraints of the network. These outputs are derived based on the pdfs of the line currents, bus
voltages, imported power and EESSs sizes resulting from the application of the Monte Carlo procedure.
The constraints considered were: (i) the power imported by the grid, (ii) the line currents, and (iii) the
bus voltages.

The proposed method can be described in the following three steps (Figure 1):

1)  The Monte Carlo simulation procedure is applied to the initial penetration of PEVs, specifically:

1.1.  Starting from the known pdfs, Ns samples of the power profiles of loads, PEV chargers,
and DG units are identified over the specified planning time;

1.2. A deterministic optimization procedure is applied at each sample, and the results are used
to determine the optimal energy capacity of the EESSs required to balance load demand
and power production while minimizing network power losses;

1.3.  Collect the Ns samples of the energy capacity of the EESSs and the corresponding profiles
of line currents, bus voltages, and power imported by the DC network.

2)  Increase the penetration of PEVs and repeat the Monte Carlo simulation (point 1).

3) After points 1 and 2 are performed for all of the PEV penetration levels, the statistical
characterizations of currents, voltages, and power imported are analyzed, and, finally, the sizes
of the EESSs are chosen as those that can satisfy the constraints imposed by the considered
DC network.

The computational burden of the proposed probabilistic framework should not be discouraging.
Indeed, the main complex computational task is the solution of the sizing of the EESSs, which is
derived in analytical terms. Hence, a closed form solution is used (as discussed in Section 2.2) that
makes it possible to manage the vast amount of uncertainties, and it easily can be extended to provide
further optimization variables (e.g., the penetration of the renewable generation or the location of both
EESSs and PEVs chargers).

The proposed method is detailed below. The statistical characterizations of the uncertain quantities
(power profiles of loads, PEVs, and DG units) are discussed first. Then, the deterministic optimal
procedure used to evaluate the EESSs capacity at each iteration of the Monte Carlo procedure is
presented briefly. Finally, we discuss the analysis of the statistical characterization of the outputs and
the procedure to evaluate the maximum penetration of PEVs and the corresponding optimal sizes of
the EESSs.
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Figure 1. Flow chart of the proposed probabilistic method.

2.1. Assumptions Concerning the Statistical Characterization of Uncertainties

In order to apply the proposed method, a reference work cycle for the EESSs must be defined.
The reference work cycle was considered to be one day, and it was divided into time steps of duration,
At. In order to consider the uncertainties at each time step, the values of power injected by the DG
units and the power required by the loads and PEVs are managed as random variables, each of which
was characterized by the proper pdfs (Figure 2).

wo

Power

Time

Figure 2. Qualitative representation of the statistical characterization of the electrical power of loads,
PEVs, and the DG unit.
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Based on different probabilistic models, different types of pdf can be used, such as Normal or the
Lognormal pdf [42—44]. Discussion of the most accurate pdf is out of the scope of this paper. In the
numerical application, the case of Normal pdf was assumed for the power for both the DG units and
the loads. Obviously, different distributions easily can be used in the proposed approach.

Regarding the statistical characterization of PEVs, there are difficulties associated with the
randomness of both the arrival time and the energy required for charging the on-board batteries.
Different models can be used to manage these random values [45,46]. The arrival time and the desired
charge level can be assumed to have proper pdf. However, to provide a statistical characterization of
the power request of the PEVs connected to the grid, details concerning the chargers used for the PEVs
also are needed, and the strategy that will be used for the charging must be specified. In this paper, the
following process, W(t), is used to define the power requested by the chargers:

Npev,p
W(t) = Y Wit 8, Tx), 1
k=1

where, with reference to the k't PEV to be connected at bus p, Wi(t, %, Tx) is a “Window” function of
time of a given amplitude, A(t), which represents the power requested by the vehicle’s charger, and
duration, &, starting at a random arrival time, Tj, i.e.:

At) T <t <
0 otherwise

Wi (t, O, Ti) = { ()

In order to manage the power requested by the PEV chargers, different pdfs of A(t), ¢, and Ty
can be used. In the numerical applications of this paper, it was assumed that, when the vehicle is
plugged in, the PEV charger absorbs its rated power starting from when the PEV is plugged in and
ending when the on-board battery is fully charged; a uniform distribution is assumed for the arrival
time. Obviously, this is just an assumption, and different and more accurate distributions for the
arrival time and energy requests easily can be implemented.

2.2. Analytical Evaluation of the Optimal Sizing of the EESSs

In this sub-section, the formulation of the problem concerning the minimization of power losses in
DC networks and its analytical solution in presence of EESSs are repeated briefly based on reference [40].
The solution of this minimization problem provides the optimal energy capacity to be requested of the
EESSs connected to the grid. This solution is provided in terms of a closed form expression. The DC
network is assumed to be connected to the main distribution grid at a point of common coupling. At
this stage, PEVs can be regarded as loads, and the presence of other loads, DG units, and EESSs is
considered. Thus, the problem refers to a multi-period minimization problem over a time horizon T,
which is formulated as:

min Pl (t) 3)
subject to:
J(H) =G V(t) Vtelo,T] 4
T
[ diag(Ves(6)Tes (1)t =0 (5)
0

where P, (t) is the power losses at time ¢; J(¢) is the vector of current injected at all of the network buses
at time £; V() is the vector of bus voltages at time t; G is the conductance matrix of the DC network;
ding indicates the diagonal matrix; and Vgg(t) and Jgs(t) are, with reference to time ¢, the voltage and
the injected currents, respectively, at the buses where the EESSs are connected. In this paper, the values
assumed by the quantities refer to the standard international units except for the energy for which
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Wh (or kWh) is used. Equation (4) refers to the power balance in the DC network, and Equation (5)
refers to the balance of the energy stored in each of the EESSs, and both of the equations refer to the
one-day work cycle of the EESSs, T. Based on the values of power requested, the currents injected
in buses where DG and loads are connected easily can be derived as functions of the bus voltage.
The balance Equation (5), allows the inclusion of an isoperimetric constraint that can be managed
analytically in the proposed minimization problem. In particular, based on a generalized matrix
model of the DC network and on a linear approximation of the load flow Equation (4), a generalized
methodology for the analytical solution of the minimization problem, Equations (3)-(5) was proposed
in [40]. Thus, a suitable network’s resistance matrix can be built with the aim of providing the calculus
of the network’s power losses as a function of the nodal injected currents. To do that, let the point
of common coupling be the slack bus (bus #0) and the remaining busses classified as load busses
(including the PEV chargers) (1, ... ,n1), DG busses (n;, + 1, ..., np + ng) and the EESS busses (1, +
ng +1, ..., n). The voltage of the slack bus is assumed to have a specified constant value, E. In this
case, the DC network can be described through a matrix formulation as:

Jo(t) | _ E
l *(t)] =G [V*(t)] (6)

where, with reference to the time ¢, Jy(t) is the current injected at the slack bus (which is an unknown
variable), V*(t) and J*(t) are the vectors of the voltages and currents injected at the remaining buses
of the network. By partitioning matrix G, the following equation can be derived:

Jo(t) E
; v ?

(1)
The sub-matrix, Ggg, is not singular, so we can evaluate the bus voltages as:

Goo(t)  Gog(t)
Ggo(t) Geg(t)

V*(t) = E1+ RJ*(¢) )

where 1 is the vector of all ones, and R = Gh?El Thus, a closed form expression for the network power
losses can be derived as [40]:
Ploss(t) = J*(t)TRJ*(t) )

Based on the linear approximation of the power flow solution proposed in [47], the corresponding
bus voltages can be obtained from the following linear approximation:

RP* (¢t
V*(t) = E1+ E( ) (10)
where:
P*(t) = diag(J*(£)) V*(t) (11)
By representing matrix R as:
R11 R
R = 12
Ra1 Rz (12)
the following linear expression can be derived from Equation (10):
\ P*(t)
A% (t) =E1+ Ry + RIZJsto(t) (13)

E
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In the case of the approximated expression in Equation (13), in [40], an analytical solution of the
minimization problem (3)—(5) was derived as:

T -1
Jsto(t) = —B1(t) - Kq(t) + Ba(t) [/ Bz(t)dt] /Bl(t) -Kq(t)dt (14)
0 0
where:
B1(t) = [A1(HKa(t) + Az (t)] A1 (t) (15)
Bat) = 5 [Ax(DKa () + Ag(h)] (16)
A1(t) = K3 (HR11 + Ry (17)
As(t) = K3 (HR1z + Rz (18)
with: ) Rop*
Kq(t) = pdiag(P* (1)) (I - "E2(t)) (19)
Ko (t) = —%diag(P*(t)) Riz (20)

Once the vectors of the current and voltage profiles at the busses of the EESSs have been derived,
the energy capacity requested for the EESSs easily can be derived as:

t . t
EES,q = tgh)a,)T(] (fO Vsto,q(T)]sto,q(T)dT) - tlg[l(},l}] <f0 Vsto,q(T)]sto,q(T)dT> \V/q € QOfs (21)

where Egg , is the requested energy capacity of the EESSs connected at the bus g, and Qs is the set of
buses where the EESSs are connected. Based on the storage technology and desired lifetime, the sizes
of the EESSs can be derived from Equation (21). Through the voltage profiles at all of the buses, which
are given by Equation (13), the line currents at all of the time intervals can be derived.

It is worth to remark that, in this paper, the solution provided by Equation (21) is used to derive
the energy capacity for all of the EESSs and for each of the iteration of the Monte Carlo simulation
procedure. At each iteration, the uncertainties affecting the solution Equation (21) are the power
profiles of loads, PEVs’ chargers and DG units which can be treated as random variables, as discussed
in Section 2.1. The application of this approach, allows deriving the pdfs of the energy capacities and
other electrical quantities related to the network operation (e.g., line currents and bus voltages). These
pdfs can be managed to derive the correct sizes of the EESSs that allows maximizing network efficiency
(since Equation (21) is the solution of a network’s losses minimization problem) while satisfying
network constraints. This last aspect is detailed in the Section 2.3.

2.3. Derivation of the Maximum Penetration of PEVs and Related Sizes of the EESSs

With reference to a specified penetration level of PEVs, by applying the sizing procedure of
Section 2.2 within the Monte Carlo simulation procedure, N; samples of the outputs (i.e., profiles
of line currents, bus voltages, imported power, and the capacities of the EESSs) were derived. This
allowed us to obtain the statistical characterization of these quantities that can be managed through
their sample pdf and related parameters, such as their means, medians, or percentiles. These data can
be collected for each specified penetration of PEVs. Among these collected data, the maximum value
of the penetration of the PEVs and the corresponding optimal capacity of the EESSs were derived
as those that, in statistical terms, allow satisfying the network constraints on voltages, currents, and
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imported power. Then, the maximum allowable penetration of PEVs (PEV™#) can be expressed in
mathematical terms as:

PEV™™ = Y Npgy, (22)
PEQpev
such that:
0:(t) < Vanax i=1,...,n Yt €][0,T] (23)
0i(t) > Vain i=1,...,n Yt €][0,T] (24)
Jit) < Timax j=1...,1 ¥Vt €[0,T] (25)
ﬁl(t) < Pl,max Vt € [0, T] (26)

where N PEVp 18 the number of PEVs connected at the pth bus; Qe is the set of buses where chargers
for PEVs are connected; # is the total number of busses in the network; [ is the total number of lines in
the network; 9;(t) is the value of a specified parameter (e.g., mean, median, or percentile) of the pdf of
the voltage related to the i bus and time #; Vi, and Vinax are the minimum and maximum values,
respectively, allowed to the bus voltages; ]A](t) is the value of a specified parameter (e.g., mean, median,
or percentile) of the current pdf related to the j line and time t; | j,max 18 the ampacity of the j™ line of
the network; p1(t) is the value of a specified parameter (e.g., mean, median, or percentile) of the pdf of
the power imported by the network at time f; P, is the maximum power that can be imported from
the main distribution grid.

To choose the correct value of the energy capacity, different approaches can be used to manage
the pdf of the random variables statistically characterized through the proposed Monte Carlo-based
method. As an example, if the percentiles of the outputs are considered, errors in the forecasting could
be considered within the sizing procedure. In the numerical application of this paper, the outputs of
the proposed procedure (i.e., maximum number of PEVs and corresponding capacity of EESSs) were
chosen on the basis of the mean values of the pdf used in the (22)—(26).

3. Numerical Applications

The proposed approach was tested on the LV DC test network shown in Figure 3. This network
was adapted from the AC LV CIGRE distribution network [48] and used to be operated in DC 400 V, as
discussed in [40].

@ Distribution
Network
AC/DC

Converter
0

10 1

2

é: ESS . ILM
" I_@ﬂ}

:@%ﬂ}

PEV charger

14

<

T 7

PEV charger
8 13

o —

9 15
:
EESS

Figure 3. Test DC network in this study.
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The locations and rated powers of the loads and DG units considered in this application are
reported in Table 1. Regarding the PEVs, five vehicle chargers were connected at buses #4, #6, #7, #8,
and #12, all of which were fast chargers with 50 kW of rated power [38]. It was assumed that the
chargers could fully charge one PEV in one hour.

Table 1. Location and rated powers of loads and DG.

Load DG
Bus # Rated Power [kW] Bus # Typology Rated Power [kW]
9 20 9 PV 5
10 5 11 PV 5
11 20 13 PV 5
13 5 11 WT 10
14 25 14 WT 5

The day was divided in 24 intervals for which normal pdfs were assumed for the power of the
loads and the DG units. An example of a load is shown in Figure 4, where the mean values at each
hour are reported with reference to bus #10. An example of the hourly mean values of DG power
production is shown in Figure 5 with reference to the PV system located at bus #14. The standard
deviation of both the loads and DG unit were derived using a constant coefficient of variation of 10%.

8 T T T

(2]
T
1

N

Mean Value of Power (kW)
S

O 12 18 24
Time (h)

Figure 4. Hourly mean values of the power absorbed at bus #10.

@

[E=N
T

Mean Value of Power (kW)
N

9 12 18 24
Time (h)

Figure 5. Hourly mean values of the power produced by the PV unit at bus #14.
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Regarding the charger for the PEVs, two types of customers were assumed:

o  residential customers: PEVs are connected to the chargers mainly during the evening and night
hours (buses #4, #7, and #8);

o commercial customers: PEVs are connected to the chargers mainly during the hours in the morning
and in the middle of the day (buses #6 and #12).

For both types of customers, we assumed uniform pdf to determine the specific arrival times.

Two EESSs can be connected at buses #15 and #16, and their energy capacities would be optimized
through the proposed procedure. The procedure was used for increasing numbers of PEVs connected
at buses equipped with chargers. The results of the simulation are reported in Figures 6 and 7. With
reference to the expected number of PEVs, the average values of the lowest and highest bus voltages
(per unit value of the nominal voltage) are shown in Figure 6. The average value of the highest value
of the line currents (per unit value of the line ampacities) are shown in Figure 7. Cases with and
without EESSs are reported in both figures. Figure 6 shows that the use of EESSs allowed increases in
the number of PEVs to be charged without affecting the voltage values, which remained within the
acceptable range (0.9-1.1 p.u.). The absence of the EESSs, instead, implies a negative impact on the bus
voltage when the number of PEVs was larger than 40. Figure 7 shows that the maximum admissible
line currents were attained in both cases, i.e., with and without EESSs. Thus, the maximum number
of PEVs that can be charged must be lower than 25 vehicles when EESSs are used, while only few
vehicles could be charged when no EESSs were connected.
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[ ) 4 T [ [ [ [ L L [ [
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Figure 6. Minimum and maximum bus voltage average value for different number of PEVs with and
without EESSs.
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Figure 8 shows the average values of the energy capacity requested by the EESSs for different
penetrations of PEVs (i.e., the number of PEVs). The figure shows that the EESS connected at bus
#15 always required an energy capacity larger than the one connected at bus #16, and the disparity
increased as the PEV penetration increased. In addition, the energy capacity relative to bus #16 was
almost constant with variation of PEVs, meaning that the ability to satisfy a larger fleet of PEVs was
due mainly to the increased capacity of the EESS located at bus #15. In Figure 8, the size has to be
selected that corresponds to the maximum PEV penetration imposed by the constraint on line currents
(Figure 7), which is slightly greater than 25. At this penetration level, the corresponding sample pdfs
obtained for the capacity of both EESSs are reported in Figure 9, together with their average values (i)
and standard deviations (o). Figure 9 clearly shows that the pdf of the EESS located at bus #15 was
affected by the large demand of power requested for charging the batteries for the PEVs. However, the
EESS at bus #16 mainly was needed to satisfy the service related to the other loads that were always
present. In order to show the advantages obtained by the use of the EESSs in terms of energy efficiency,

the power losses were compared for the cases with and without EESSs, and the results are reported in
Figure 10.
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Figure 8. Energy capacity average value of the EESSs resulting from the sizing procedure for different

number of PEVs.
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Figure 9. Sample pdf of the energy capacity requested to the EESSs corresponding to the case of
maximum allowed number of PEVs.
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Figure 11 shows the average values of the peak demand of the power imported from the upstream
grid. In Figures 10 and 11, the curves refer to different PEV penetrations and are reported in per unit
of the corresponding values in the case of no PEVs being plugged in.
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Figure 11. Average value of the imported peak power for different number of PEVs.

Figure 10 shows that the increased power losses that correspond to the increased penetration
of PEVs can be mitigated by the use of EESSs. This effect clearly appears in correspondence of the
maximum PEV penetration derived in Figure 7 (25 PEVs), while it is reduced when the number of
PEVs increase. This effect was negligible for even higher values of PEV penetration. This confirms that
grid efficiency can be increased if EESSs correctly sized are connected with the aim of improving the
power balance of generation and loads while accounting for the satisfaction of the technical constraints
of the grid (e.g., lines” ampacities). Figure 11 clearly shows how the presence of EESSs allows the
peak power imported from the upstream grid to be reduced, even in presence of higher penetrations
of PEVs.

By focusing on the solution of Figure 9 (size of the EESS located bus #15 is 315 kWh and the size
of the EESS located at bus#16 is 68 kWh), the variation of the inputs has been verified by iteratively
applying the analytical approach of Section 2.2. At this aim, 10,000 samples extracted from the pdfs
of the inputs (powers of loads, PEVs and DG) have been used to evaluate the line currents and the
bus voltages. The results of these simulations in terms of relative frequency of occurrences of the
maximum line currents, minimum and maximum bus voltage values are summarized in Figures 12-14.
In particular, Figure 12 reports the relative frequency of the maximum line currents, Figure 13 reports
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the relative frequency of the minimum values of the bus voltages and Figure 14 refers to the bus voltage
maximum values. In these figures, for comparative purposes, with reference to the same inputs, the
results in absence of the EESSs are also reported.

1
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Maximum line current (p.u.)

Figure 12. Relative frequency of occurrences of the maximum line current obtained with and without
two EESSs (315 kWh @bus #15 and 68 kWh @bus #16).

Figure 12 shows that the use of properly sized EESSs allows satisfying the requested penetration
level of PEVs by maintaining the line current within acceptable values. Only in few occurrences
the current slightly exceeds the line ampacity (i.e., the current is greater than 1 p.u.), so requiring
precautions in real time operation. At the designing stage, greater sizes of EESSs could be considered
to reduce the number of these occurrences. As discussed in the Section 2.3, this could be done by sizing
the EESSs through the use of specified values of the percentiles instead that the mean value.

By comparing the upper and lower histograms of Figure 12 (in both figures the same scale for
the abscissa has been used), it is evident that, in absence of storage devices, the requested penetration
level of PEVs cannot be satisfied, since their power demands always imply line maximum currents
that exceed the lines” ampacities.

>
£03 with EESSs | |
g
202" 1
2
= 0.1 A
<
&) 0 L V_l *7
0.96 0.965 0.97 0.975
Minimum bus voltage (p.u.)
> T T
£03 without EESSs
5
202
2
0.1 ‘
qu 0 — | j H7 <li ‘ P I e ‘
0.88 0.89 0.9 091 0.92 0.93 0.94

Minimum bus voltage (p.u.)

Figure 13. Relative frequency of occurrences of the minimum bus voltages obtained with and without
two EESSs (315 kWh @bus #15 and 68 kWh @bus #16).
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Figure 14. Relative frequency of occurrences of the maximum bus voltages obtained with and without
two EESSs (315 kWh @bus #15 and 68 kWh @bus #16).

Figures 13 and 14 show that minimum and maximum voltage value always fall within the
admissible range (0.9-1.1 p.u.) if the EESSs are used. In case of absence of storage devices, instead, in
some circumstances the bus voltage values are lower than the admissible minimum limit. It has to be
noticed that the shape of some histograms in Figures 12 and 13 are not unimodal, due to the fact that,
in these cases, the limits imposed on currents or voltages are exceeded.

In order to study the impact of the penetration of renewable-based DG, we also considered the
analysis of the increased values of both DG and PEV penetrations. Starting from the case of no DG,
we considered increased values of the rated powers. The increased values of DG were evaluated in
as a percentage of the rated power of Table 1. The maximum increment considered in the analysis
was 300%. Figures 15 and 16 show the average values of the maximum bus voltages and line currents,
respectively. In both figures, we used the per-unit values with respect to the nominal voltage (400 V)
and the line ampacities.

300
180

120

Maximum bus voltage average value (p.u.)

Number of PEVs DG rated Power (%)

Figure 15. Maximum bus voltage average value for different number of PEVs and DG rated power.
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Figure 16. Maximum line current average value for different number of PEVs and DG rated power.

Figure 15 shows that the expected maximum voltage reached the highest values for the highest
penetrations of DG units, while its lowest value was for the highest penetrations of PEVs. Figure 16
shows that the average maximum currents exceeded the line ampacities in the case of the highest
penetrations of either DG or PEVs. To better highlight the limitations imposed by the constraint on
the line currents, Figure 17 shows the average values of the maximum line currents versus DG rated
powers and referred to different PEV penetrations. In Figure 17, note that a maximum penetration
of 30 PEVs was allowed when the DG rated power was equal to or larger than 220%. In addition,
increased levels of DG were unable to handle the increased demand of the PEVs because the constraint
on the line current was never satisfied. This means that, to increase the penetration of PEVs, other
structural modifications to the network must be made (e.g., by increasing the line ampacity). From
Figure 17, it can be argued that by using storage devices with correct sizes, it is possible to improve the
power balance between loads and generation in a more efficient way. Thus, increased penetration of
PEVs can be satisfied by increased penetration of renewable-based DG units.
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Figure 17. Maximum line current average value for different number of PEVs and DG rated power.
Figure 18 shows the sample pdf of the capacity requested to the EESSs in the case of the DG

increment of 220% and 30 PEVs. The values of the EESSs also were able to reduce power losses and to
decrease the peak power of the power imported from the upstream grid.
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Figure 18. Sample pdf of the energy capacity requested to the EESSs corresponding to the case of
maximum allowed number of PEVs.

4. Conclusions

A new probabilistic optimization methodology was proposed in this paper to manage unavoidable
uncertainties in loads, PEVs and renewable production in DC distribution networks. The main goal
of the proposed approach was the inclusion of an analytical tool within a Monte Carlo procedure.
The stochastic approach takes into account all of the uncertainties of the problem, including the
generation of renewable power, electric vehicles, and residential loads. Outputs of the procedure
were the determination of the maximum penetration of PEVs and the corresponding optimal sizes
of the EESSs that allow minimizing power losses while satisfying network constraints. The main
advantage of the proposed method is that it contributes to the sustainable penetration of chargers
for PEVs by encouraging the maximization of both the use of renewable energy resources and the
efficiency of the operation of the grid. The proposed approach was tested on an LV DC test network
to demonstrate the feasibility and key features of the method, i.e., how the increased power losses
that correspond to increased penetration of PEVs can be mitigated by the use of EESSs. The results
shown that increased PEVs’ demand can be satisfied through the use of properly sized EESSs without
including network modifications. Thus evidencing that the implementation of the proposed approach
will allow designers to defer investments in grid reinforcement thereby reducing the negative impact
of the rapid diffusion of PEVs, even in the presence of uncertainties. The proposed approach also was
tested to verify the ability of DG to cope with the increased penetration of PEVs.
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