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SUMMARY

This paper presents a probabilistic method that accurately verifies the fulfilment of
voltage constraints in radial distribution systems (RDSs) with photovoltaic (PV)
systems and electric vehicle (EV) charging loads. This problem has not been
comprehensively discussed. The proposed probabilistic method (PPM) involves the
calculation of input variable cumulants, the linearization of load-flow equations, and the
application of the cumulant method and the Cornish-Fisher expansion. Obviously, it is
first necessary to model the PV systems and EV charging loads as random variables. In
addition, the correlation of the input variables is suitably handled.

As part of this research, a Monte Carlo simulation (MCS) was performed, which
confirmed the accuracy of the results obtained with the PPM. As an added value, when
compared to the MCS, there was a significant reduction in computational cost.

The results obtained by the PPM demonstrate that the connection of PV systems in
the IEEE 33-node RDS with EVs clearly contributes to keeping voltages within
regulatory limits, once the distributions of the RDS output variables are inspected.
Nonetheless, the greater dispersion in the distributions in combined PV and EV
scenarios means that voltage constraint fulfilment cannot be absolutely guaranteed. This
probabilistic approach provides a more accurate assessment than one based on a simple

deterministic vision. Thus, the PPM is extremely useful because it provides a better
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understanding of the combined technical impact under different correlated and

uncorrelated scenarios.

KEY WORDS: Distribution radial systems; electric vehicles; load flow analysis;

probability; photovoltaics.

1. INTRODUCTION

There is currently great concern regarding the possible effects of climate change. For
this reason, international policy [1-3] increasingly envisages a reduction in the use of
fossil fuels. Nevertheless, fossil fuels are still widely used to generate electricity and to
power road vehicles. For this reason, the future trend in the electricity sector is a change
to renewable power gradually, such as wind, PV, solar thermal, biomass, etc. [4].
Furthermore, the internal combustion engines of vehicles will eventually be replaced by
motors, powered by electric batteries [5].

Numerous researchers have assessed the technical impacts of EVs on RDSs [5-
13]. In a parallel way, other researchers have investigated the technical impacts of PV
systems on RDSs [14-23]. The assessment of technical impact of PV systems and EVs
has recently emerged in literature [24-32]. Nonetheless, up to the present, potentially
negative technical impacts have been minimized by strict interconnection requirements
(e.g. PV systems [33] and EVs [34]). Such requirements are based on a deterministic
assessment in the form of worst-case scenarios, namely, average or peak load
assessments. However, this type of evaluation is unable to objectively specify when an
index that characterises the time-variant values of an RDS output variable (e.g. node
voltage) can exceed the standard limit in the regulation. Examples of voltage limits
include the following: -2.5/5% IEEE Std. 1547 [35], -5/5.8% ANSI Std. C84.1 [36], and
+10% EN 50160 [37]. Furthermore, it is also unable to determine the frequency of this
event because the variables in an RDS with PV systems and EVs are subject to
uncertainties stemming from the inherent randomness of PV power outputs and EV
battery charging loads. Consequently, probabilistic techniques [38] are the key to a
more accurate assessment of the combined impact of uncertainties regarding RDS
output variables. Of these techniques, the ones that are most frequently used are the
following: probabilistic load flow methods based on MCS [5- 11,13,20-22,26,27,31,39],
analytical techniques [17,18,30], and approximation methods [19,28].



From the literature review about the impact of PV systems [5-13], EVs [14-23] or the
combined interaction [24-32] on RDSs, major identified shortcomings in studies
include: (i) the simulation step is not adjusted to 10-mins (usually 0.5 h or 1 h is
planned); (ii) the technical impact is assessed without considering its probability of
occurrence. This means that the probability distribution of the RDS output variable is
not calculated; the averaged values are usually given and the probability of voltage
threshold violation is not computed; (iii) the correlation of the input variables is rarely
considered.

To the best of our knowledge, this research study is the first to present a method
capable of assessing accurately the combined technical impact of the PV and EV
uncertainties on RDSs. Thus, true probabilities of threshold violation in regulations are
determined from probability distributions of the RDS output variables. This research
thus complements the previous effort in [18] and formulates a PPM based on an
analytical technique that is computationally more effective than the mainstream MCS.
The remainder of this paper is organized as follows. Section 2 presents the statistical
background. Section 3 provides an overview of probabilistic models. Section 4 shows
the correlation of the input variables. Section 5 describes the method created in this
study. Section 6 presents the simulation results and verifies the fulfilment of voltage
constraints in a test RDS in different scenarios. Finally, section 7 summarizes the main

conclusions derived from this research.

2. MOMENTS AND CUMULANTS OF RANDOM VARIABLES
The moments of a random variable are descriptive measurements that reveal the

properties of the variable and determine its distribution function [40-42]. For a

multivariable random variable X(:[Xl,Xz,...,XNN]T) with PDF f, (X) (continuous

variable), or with PMF f;(X) (discrete variable), its rth-order moment is defined as

[40-42]:
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Cumulants are also descriptive measurements that reveal the properties of a random

variable [42]. Even though moments a!*" and cumulants x3" are related [41,42],



cumulants have properties that make their manipulation even easier when they are
applied to a linear combination of random variables [40]. Thus, let Z be a random
variable that is a linear combination of a multivariate random variable, X, given by:
Z=>4a-X, (2)
i=1
Applying the cumulant method [40], for example, the third-order cumulant of the

random variable Z can be expressed as a function of the cumulants of the variable X as:
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In general, the cumulant of order r could be obtained as [40]:
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3. PROBABILISTIC MODELS

3.1. PV system model
The modelling of the AC output power in a PV system is based on meteorological
random variables. A detailed time-varying model description is presented in [43]. The

model is used to obtain the PV random power for each xth10-min interval of the day

(t,), mth month, and nth RDS node pp, ,10mn @ @ linear combination of the

meteorological random variables K. (daily clearness index) and kg, (hourly diffuse

fraction) [43]:

pg]v,n,lo—mintx =a, +a, K +a,-kj, (5)
Random variables K/, and ki, take both the global and diffuse irradiation into

account; they depend on the day of the year and the geographical location. A detailed

description of how these variables are obtained as well as coefficients a,, a, and a, can
be found in [43].

The PV model determines the cumulants of p ..., from cumulants of

meteorological random variables. Then, series expansion [17,18,44] provides the

statistical characterization (PDF, CDF) of the py, , 1o.min, -

Under the recommendation of IEEE Std. 1547 [35], PV inverters are not permitted to
generate reactive power to the grid. Furthermore, grid requirements for PV systems
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connected to distribution or transmission systems [33] force the participation in the
reactive power control when PV power surpasses at least 1 MW. Accordingly, PV

systems in this study, only inject active power and do not control the node voltage.

3.2. Time-varying load model
When analysing the daily load profile of an RDS node based on 10-min measurements
for the one-year time period, measurements usually fall in a small region around the
time-conditional mean. This is due to the dependence of the human activities on a
cyclic-deterministic phenomenon (time of day, day of week, season) [45,46]; the power
consumption is not so stochastic, but presents a high time-dependence. This time-
dependence can be removed by performing the calculation separately for groups of time
periods (e.g. 10-min interval, 1 hour) with similar statistical characteristics (time-frames
analysis [47]).Thus, the load in each time-frame can be modelled by superimposing a
random noise variable to the time-conditional mean. This has been the basic load
modeling platform in power systems analysis. The usual practice is to use a normal
distribution for modeling the load stochasticity in each time-frame.

From daily typical profiles based on historical statistical data [15], it is possible to
statistically characterize (PDF, CDF) the active or reactive random load for each xth10-

min interval of the day (t,) - time-frame chosen -, mth month, and nth RDS node
Prhao-min (Oi'nio.min, ) CCOrding to [17,18]. Obviously, due to the time-dependant nature

of loads, each 10-min interval of the day has a different normal distribution.

3.3. Model of time-varying EV charging load
The EV charging load should be determined by a minimum of three random variables:
(i) the charging start time (t, ) ; (ii) the initial SOC of the EV battery (E); and (iii) the

EV battery charging characteristics, which may vary, depending on battery type and
charging mode. For example, Figure 1 depicts the generic charging profile and SOC for
lithium-ion batteries [11,48].

Figure 1. Generic charging profile and SOC for lithium-ion batteries.

Typical values of the parameters for charging an EV supplied by a battery pack of 25
kWh for the four standard modes in IEC 61851-1 [49] are depicted in Table I.



Table I. Parameters of EV battery charging profile.

The initial SOC of the EV battery depends on the EV use. In addition, it can be
assumed to be a random variable, depending on the distance travelled. Usually, the
random variable distance d is represented by a lognormal type distribution [12]. The
PDF is given by:

(Ind—py )’
1 e_ 20':;

fWdmo) =
d

Taking into account the daily distance driven by an EV, E (the initial SOC of the EV

d>0 (6)

battery) at the beginning of a recharge cycle can be expressed by:
Ezl—di; 0 <d<d, (7)

Bearing in mind the transformation theorem of random variables in (6) and (7), the
resulting PDF for the random variable, E (initial SOC of the EV battery), is given for
one-day trip by:

1 7(In(l—E)2;I(r:2dr,ﬂd )2
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To simplify the calculations, the continuous charging power (p,) shown in Figure 1

fo(E;py,04)= 0 <E<1 (8)

is discretized into 10-min predefined intervals. Thus, the corresponding discrete

charging power level for the jth 10-min interval p,, ;,.y, Can be expressed by:

1 t; .
pev,lO-minj = ?J‘tjfl pgv (t)dta 1 < J < Nc (9)
Each discrete power level p, ;. corresponds to a discrete SOC of the EV battery

Eiomin, (Figure 1). Let us assume that an EV battery with a SOC E is charged at

10-min;
time t; and that the charging power is p,, ;. - If the charging process starts at an

earlier time t_, of t;, (k <x), then at time t,, the SOC of the EV battery is E

10-min; (i

and the charging power level is e, 10.min, . -

The random variables charging start time t, , and initial SOC of the EV battery E are
usually assumed to be independent variables [11,12]. Accordingly, the singleton

probability ¢ that the random variable, pg, .o ., - the charging power of an EV at any



xth 10-min interval of the day (t, ), mth month, and nth RDS node (n=1,...,N,,), will

operate at charging power level p,, .., can be expressed as:

(DrrlleO—mintx (pev,lO—minj ) = Z fE (Elo—minj,(x,k) ) : htT,n (tk)’ Nc X< 1441 Xx=k< Jl X<j (10)
k=1

For domestic customers, the random variable t, can be considered as a normal

random variable [5].

From (1) and (10), for the mth month at any xth 10-min interval (t,), and nth RDS
node, the expected value and standard deviation of the random variable, pg 1 i, €N

be obtained as follows:

NC
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According to the Central limit theorem, as the number of independent random
variables involved increases, the distribution of the sum of these random variables tends
to a normal distribution with a mean and variance, regardless of the original probability
distribution. Therefore, given a set 4 of EVs with the same EV battery charging profile,

the expected value and standard deviation of the normal random variable representing

the charging power of the whole EVS, pg, 10.min, IN the mth month at any xth 10-min

interval (t, ), and nth RDS node is given by:

=A-u

m m
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4. CHARACTERIZATION OF THE CORRELATION AMONG INPUT VARIABLES

Each RDS input variable X, may or may not be correlated with each other. Generally

(12)

speaking, the correlation is stated through the correlation coefficient matrix >, . The ijth

element of 3, is [50]:

» :COV(Xi,Xj)zE[(Xi_ﬂx,)(xj_ﬂxjﬂ

(13)
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For the RDS nodes, the load correlation due to cyclic-human activities is reasonable
[51]. Also, PV generations are correlated because of common factors such as weather
conditions [52].

When the individual random variables of interest have different marginal
distributions, a multivariate joint distribution function can be created using a copula
function [53,54], which represents the correlation structure between variables. A copula

is a function that joins univariate distribution functions to form multivariate distribution

functions. Thus, the random variables X;, (i=1..,N,), with CDFs F, (X;), are joined

by copula COP if their joint distribution function F,, =F, ,  can be expressed as:

Feor (X1, X5, XNW) = I:xl,xz Xy [F)Zj(ul)7 F)Z:(Uz)v---! F)Q,irv (UNrv )] (14)

4.1.1.Generation of correlated input samples using a Copula function

The method used to generate correlated inputs is based on the generation of multivariate
correlated random numbers [53,54]. These numbers are used to numerically obtain both
the non-crossed and crossed moments/cumulants required in the PPM, and also to run
the MCS process that checks the results of the PPM. Summarising, the methodology in
[53,54] is composed of the following steps:

Step 1) Transform random variables X, to uniform variables using their CDFs:

U,, =F (X)) (15)
Step 2) Transform uniform variables U, to normal variables using an inverse

standard normal distribution (Nataf transformation):

W, =¢"(Uy) (16)
Step 3) Estimate the correlation matrix X, of W, from the known correlation matrix

> of input vector X [55-58]. The Gauss-Hermite quadrature in [59] can be

used for this purpose.
Step 4) Generation of ns correlated random input samples from a multivariate standard

normal distribution W, with a given correlation matrix %, , forming the arrays
W, e®""™". Each element can be written as W, .
Step 5) Transform the generated values Wy, back to the uniform domain U, by

applying the standard normal CDF as follows [58]:



Uy, =0Wy,) (17)
Step 6) Transform the generated uniform values back to the original domain X, ;by

applying the inverse of the respective CDF:
Xy =Fe'(Uy,) (18)

5. PROPOSED PROBABILISTIC METHOD TO ASSESS THE IMPACT OF PV
SYSTEMS AND EVS ON RDSS
Figure 2 shows a flowchart of the PPM whereby the combined technical impact of PV
systems and EVs on RDSs is assessed. This method is explained in the following
sections. To summarise, firstly distributions (PDF or PMF and CDF) of RSD input

random variables for one xth 10-min interval of the day (t, ) are determined according to

section 3. In case of correlated scenarios, correlated input samples of PV powers and
node loads are generated (see section 4.1.1). These samples, or the distributions in case
of EVs, are used to determine the momentsand cumulants of random inputs according to
section 2. However, distributions directly determine moments and cumulants for
uncorrelated scenarios. Subsequently, a deterministic radial load flow (section 5.1),
determines the expected values of the output random variables. Taking the cumulants of
input random variables into account, the probabilistic radial load flow in section 5.2

provides the PDF - f . - and the CDF -F - of the nodal voltage angle and

n, 10-minty n, 10-minty

magnitude (at each nth RDS node in the mth month, and at the xth 10-min interval (t, )).

Figure 2. Flowchart of the PPM to assess the impact of PV systems and EVs on RDSs.

5.1. Deterministic radial load flow
Nonlinear equations in (19) present the mathematical model in equilibrium at a steady
state between the consumed and generated power in a power system with PV generation

and EV charging loads:

Nn
Do = Pyt Povn = Prn = Prern = Un [uj (gnj cos 8, +b,;sing,, )]
i1

(19)

N

On =g =i =u, n [uj (gm.sinénj —b,; coss, )} n=1,..N,

j=1
The Newton-Raphson algorithm applied to resolve the load flow in (19) causes some
convergence problems in RDSs. Consequently, the alternative algorithm in [60], based

on the application of Kirchhoff's laws, is used to solve the deterministic radial load



flow. More specifically, this algorithm provides the expected values of output random

variables (,uum

n,lO-mintx

i, ) from the expected input values, Figure 2. This algorithm is

n, 10-mintx

described in the following subsections.

5.1.1.Line numbering
The algorithm followed is line-oriented. Thus, a typical RDS has Nn nodes, f = (Nn-1)
lines, and a voltage source in the root node. In this branched structure [60], the closest

node in a line L, to the root node is called L1 and the farthest is named L.

5.1.2. Description of the algorithm

The algorithm begins by assuming that the entire RDS has a flat voltage profile, except
for the root node, which has a rated voltage. The following iterative process then
continues:

a. Calculation of the current at each node: at the kth iteration, the injection of current at

each nth node i is:

*

. S _
|r(1k) :|:u(kn1) :| —y, _ur(]k 1) (20)

n

b. Backward movement: at the kth iteration, starting from the lines in the last level and

going in the direction of the lines related to the root node, the current in line L,,

Li(k)

J , is as follows:

Li(k)

J

Current in branches
i +Z( J (21)

=— B
L emanating from node L,
c. Forward sweep: The voltages at the nodes are updated in this step, starting from the

lines in the first level in the direction of those in the last. For each line, L,, the

voltage at node L is calculated with the modified voltage at node L:

(S (3]
sz - uLlf —Z

Ly

u TR (22)

Points a, b, and c are repeated until convergence is attained.

5.1.3. Verification of the convergence criterion

The convergence calculation is based on the active and reactive power mismatches at

the nodes. The apparent power at the kth iteration for nth node, sr(]k) IS given by:
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* 2
s = (i) -y ut? @
The reactive and real power mismatches at each nth node are:
Apl = Re‘sﬁk) s,
(24)
AQ = 1m[s™) —s,

In order to fulfil the convergence criterion, the largest mismatch in equation (24)

must be less than a specified tolerance. The tolerance value is usually set at 10 p.u.

5.2. Probabilistic radial load flow

As certain input variables of an RDS with PV systems and EVs are subjected to
uncertainties, a good way to characterise the sources of uncertainty is to represent these
data as random variables. Although the MCS is simpler and directly uses many
deterministic radial load flows, our proposal is based on an analytical technique that is
computationally more effective than the MCS [18]. This first involves the linearization
of load-flow equations (19), and second, it involves the application of the cumulant
method [40] to determine the cumulants of output variables (see Figure 2). Once these
cumulants are known, the PDF and CDF of the output variables (i.e. nodal voltage

angles and magnitudes) are reconstructed by using the Cornish-Fisher expansion [44].

5.2.1.Linearization of load-flow equations
The linearization of the load-flow equations (19) allows obtaining the output random
variables of the RDS as a linear combination (weighted sum) of the RDS random inputs.
The linearization is performed around an operating point which matches to the expected
values of the RDS random outputs that were obtained by the method presented in
section 5.1.

To explain the linearization technique, let A and B be two random variables, and let
Y be a third random variable (Y = A-B). If the deviations of A and B around their

expected values (u,, i) areAAand AB, respectively, it can be assumed that:
A= u, +AA; B~xu,+AB (25)
When second-order terms are neglected (AA-AB), the following expression is
obtained:

Y = iy - AA+ p1y - AB+ py gty = ptg - At 1y - B - 11, 1 (26)
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This approximation is accurate for cases where the dispersion of the random
variables is limited around the mean value. When this is not the case, the variable data
will be processed less accurately.

This linearization technique is applied to the product of voltage magnitudes in
equation (19) as follows:

u uJ ~fuunuj +/uujun _/uun/uuj

n
2
n

(27)
u ~ 2/“lunuj _luuzn
For angles o,; in equation (19), the Maclaurin series are firstly applied on sine and

cosine functions, and then the linearization is completed by the linear approximations
[61]:

52 5
sin g, zé‘nj—%; — Sy ——=a,;+b;5,; (eg. a, =1+,u§nj/2)
. 5 (28)
COS&nj zl—%, - _7_(: +dn15nj
Therefore:
Uu;sing, ~ay +bi S +opu, +diuy (@9 ay =24, p, py (<1 415 13)) (29)
u,u; cosd,; ~ag +bjio, +ciu, +diu;

Taking into account equation (29) on equation (19), the following linearized
equations are obtained:

N,
pg,n + ppv,n - pl,n - pwev,n = z<e + fnjé‘n f 5] + gnjun + hr:J j)
- (30)

Nn

Uy =i = (e” +f o, - fjo, +gnu, +hiu )

nj—n nj j
]:

Coefficients e fir i 9n» 95, Dy, and hyare  computed from RDS

nj? n]’ nj' "nj? nj?

parameters and expected values of the output random variables in the RDS [61].

5.2.2.Cumulants method

The convolution of the random variables can be substituted by the summation of their
cumulants, which greatly reduces the computational cost [62-64]. Thus, the cumulant
method [40] (Figure 2) can be used to determine the cumulants of the output random
variables in an RDS, i.e. nodal voltage angles and magnitudes by solving the linear
system of equations (30), for each cumulant order of the input random variables, i.e.

node loads, PV powers, and EV charging power.

12



5.2.3.Cornish-Fisher expansion
The Cornish-Fisher expansion [44] permits the reconstruction of the distribution
function of a random variable fromits cumulants (see Figure 2) Theexpansionisbasedon

quantileestimation (inverse function of CDF).

6. SIMULATION RESULTS
The PPM was implemented in MATLAB and tested in the IEEE 33-node radial system
(3,715 kW and 2,300 kVar [65]). The computer used in this research had a processor
Intel(R) Core(TM)2 Duo CPU, 3 GHz, and 4 GB RAM. Although the results analyse
the voltage profile of all the nodes of the test RDS, the voltage constraint fulfilment in
node #18 (the most critical node for voltage regulation, Figure 3) and node #6 (internal

RDS node with added EVs) was specifically verified.

6.1. Case studies

The main objective of the research was to assess the technical impact (voltage constraint
fulfilment) within the context of PV and EV uncertainties on RDSs. According to
regulations [35,36], four different scenarios without correlation were studied: (i) #1 base
case (without EVs or PV); (ii) #2 (with EVs and without PV); (iii) #3 (without EVs and
with PV); (iv) #4 (with EVs and PV). Furthermore, for the sake of completeness and
because of space limitations, an additional scenario with correlation among input
variables was evaluated: (i) #5 (scenario #4 with correlation). All scenarios were
considered at the 10-min interval around noon (11:55-12:05) in January and July

because of the very different PV impact in both months.

6.2. PV, node load, and EV data
The allocation of PV systems in the test RDS, according to [17,18], is shown in Figure
3. It consists of five PV systems with the same size and geographical location (see
Table 11), which add a peak PV power of 3.5 MWp. This represents a PV penetration
about 15.06%Y, what is compatible with the penetration limit of the test RDS in [66].
Global irradiation data for the hourly diffuse fraction and the daily clearness index in
the PV model were obtained from [67]. For correlated scenarios, the spatial PV
dependence structure was modeled with a correlation matrix based on the spacing
between nodes [68]. Thus, in the matrix correlation coefficients vary in the range of
0.95 to 0.65 from the closest to the furthest PV systems.

1 PV capacity factor in the US ranges between 13% and 19% with an average of around 16%.
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Table Il. Characteristics of the PV system for each node.

Real and reactive load data in the test RDS nodes, were modelled as a normal
distribution in each 10-min time-frame, are given in [17,18]. In particular, the time-
conditional means (expected load values) for a 10-min interval were based on the case
load in [65] and the specific daily modulation in [15]. Daily modulation around noon for
January and July was 0.93 and 0.98 respectively. Furthermore, historical statistical data
in [15] determined the standard deviation. Correlation coefficients for loads were set to
0.9 [23] for correlated scenarios.

There is a high level of uncertainty regarding how fast EV technology will penetrate
the market. If penetration is moderate, the EPRI [69] states that by 2020, 30% of the
total number of vehicles will be EVs. Thus, this research considers a mean EV
penetration of 30%. Under this penetration, the resulting number of EVs to be
considered in the test RDS was about 1,700 [7,9]. Mode #2 (Table 1) was the one
considered, since mode #1 was too slow, and mode #3 required a higher level of power.
In addition, the connection of 1,700 EVs on few nodes, strategically distributed in the
RDS, was assumed against a widespread connection of EVs to nodes. More specifically,
three EV charging loads were connected to nodes #2, #6, and #14 (see Figure 3).

Regarding the main EV data, the annual mean and standard deviation of the daily
distance driven by an EV was assumed to be equal to 36 and 9.4 km, respectively [7,9].
Based on survey information [7,8,11,12], the monthly means and standard deviations
for the charging start time were in the interval 0:00-1:30 a.m. and 4.1-6.2 h,
respectively.

Figure 3. Single-phase diagram of the IEEE 33-node radial system with PV systems and added
EVs.

6.3. Results

6.3.1. PDF of the input random variables in the RDS
Meteorological, PV and EV data were used to calculate the moments, and then the
cumulants of PV power and EV charging power in the selected RDS node for the 10-

min interval around noon (11:55-12:05) in January and July (see Table IlI). The

expected value of PV power, or first cumulant(zci), for both months significantly
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differed due to the irradiation levels, whereas the means of the EV charging power were
close. All results are given in p.u., and the power base and voltage base were chosen as
100 MVA and 12.66 kV, respectively.

Table I11. Cumulants of PV power and charging power of all of the EVs in selected RDS nodes

for the 10-min interval around noon.

Although all scenarios have been considered at the 10-min interval around noon,
Figure 4 shows the PDFs of the PV power and EV charging power for two 10-min
intervals in a day for comparison purposes. Obviously, as both powers were time-
dependent, different 10-min intervals had different PDFs. The PDFs of the PV power
did not follow any known distribution in January and July. In contrast, the PDF of the
EV charging power fit a normal distribution. For this reason, there were only two

cumulants, as shown in Table I11.

Figure 4. PDFs of PV power and charging power of all of the EVs.

6.3.2.Comparison of concentrated connection of EVs on few nodes against a

widespread connection

To justify the choice of a connection of EVs to three chosen nodes and not spread
evenly over the RDS, the results of the 10-min voltage magnitude of node #6 at noon
for both options are shown in Figure 5. As can be seen, the concentrated connection of
EVs, i.e. the scenario #2, originated worse voltage values despite decreased dispersion.
When more input variables were spread over the RDS (widespread connection), each
one introduced a new uncertainty, which increased the dispersion of resulting PDFs.

Figure 5. PDF of the 10-min voltage magnitude at noon for node #6 in the defined scenarios.

6.3.3. Assessment of the technical impact of PV systems and EVs on RDSs

First, the assessment presents a general overview of the technical impact on the whole
RDS. Thus, Table IV presents the results of the expected value and standard deviation
of the 10-min voltage magnitude at noon for each RDS node indifferentscenarios. Figure

6 summarisesthe expected valuesfor the previously defined scenarios.
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Table 1V. Expected value ( Moo ) and standard deviation (f’um ) of the 10-min

In 10-ming1:55-12:05 n,10-ming1:55-12:05

voltage magnitude at noon for each RDS node in different scenarios.

Figure 6. Expected value of the 10-min voltage magnitude at noon for each RDS node in
different scenarios.

Various conclusions can be derived from the results shown in Table 1V and Figure 6.
Initially, some voltage values in scenario #1 (base case) were closer to the -10%
utilization voltage limit set forth by ANSI Std. C84.1 [36]. This revealed that actions
would be performed in the RDS to improve certain voltages. This outcome was even
more important if service voltage limits (range B) in ANSI Std. C84.1 [36] could be
assumed, i.e. -5/5.8%.

When the EV charging loads were connected to the grid (scenario #2), the node
voltages were even lower than in scenario #1. This caused an unacceptable condition for
some nodes. Accordingly, the PV systems were connected to increase undesirable
voltages. In both January and July, the voltage in problematic nodes (#10 to #18)
increased noticeably. Nonetheless, in January, because of lower PV power (lower
irradiation), there was less improvement. Anyway, the new voltage profile in nodes was
smoother, and all voltages remained within standard limits.

As can be observed in Table IV, the standard deviation increased when more
elements were connected to the grid. This was particularly evident in the PV or EV
single condition (scenario #2 or #3) in comparison to when both elements were
combined (scenario #4). This was because of the introduction of new variables in the
RDS with an increased uncertainty, which originated a greater uncertainty in the output
variables (i.e. node voltages). This effect was noticeably higher when the PV systems
were connected because the standard deviation in output variables associated with PV
power was much higher than that of the EV charging power.

Focusing on the voltage constraint fulfilment at specific nodes, Figures 7 and 8 show
the resulting PDF and CDF of the PPM for the 10-min voltage magnitude at nodes #6
and #18, respectively. These figures highlight the higher dispersion associated with PV
random power in relation to EV random charging power. Furthermore, the combined
impact (#4) increased the dispersion of the output variable (i.e. the node voltage) even
more. In addition, some PDFs departed from the Gaussian distribution because the

PDFs of the PV random power were not Gaussian.
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The correlation of input variables (#5) led to higher dispersions and expected values
of voltage compared to those of the uncorrelated scenario (#4), increasing the

probability of medium voltage levels.

Figure 7. PDF and CDF of the 10-min voltage magnitude at noon for node #6 in the defined

scenarios.

Figure 8. PDF and CDF of the 10-min voltage magnitude at noon for node #18 in the defined

scenarios.

The distribution function of voltage in each node (CDF or PDF) can be used to
determine the probability of voltage threshold violation [70] set in service voltage limits
by ANSI Std. C84.1 [36] (see Table V). Despite the fact that Table IV shows the mean
voltage value at each RDS node, this value cannot be compared with the standard limit
[36]. For example, the expected voltage value at node #6 in January (scenario #5) was
0.9508 p.u. (see Table IV) within standard limits. However, the relevant voltage
violation probability was not 0 (see Table V). The voltage dispersion originated a
voltage violation probability of 0.4968. In general, the probability study in Table V
revealed a significant decrease in the voltage violation probability for the most of nodes
when the combined impact of PV systems and EVs was considered in comparison to the
single EV impact. This result emphasised how the PV systems in the test RDS with EVs
noticeably helped to keep node voltages within regulation limits. Nonetheless, the
higher dispersion of the resulting distributions under the combined effect still made the
violation of voltage constraints probable.

Table V. Voltage violation probability, based on regulations, at noon for each RDS node in

different scenarios.

6.3.4. Proposed probabilistic method (PPM) versus MCS

The reference method for assessing the accuracy of the analytical techniques is the
mainstream MCS [18]. Particularly, the PPM includes three error sources compared to
the MCS. These error sources are the following: (i) the use of a higher or lower number
of cumulants to characterize the input variables, i.e., more orders of cumulants or fewer;
(i) the application of the linear approximation of the non-linear load-flow equations;
(iii) the use of a shorter or longer Cornish-Fisher expansion with more cumulants or

fewer.
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Although more cumulants produce better results in point (i) and (iii), practically
speaking, numerical cumulants higher than the fifth-order are not required for the
proposed analytical technique which is based on the Cornish-Fisher expansion
[18,41,71,72]. Nonetheless, other expansions, such as Gram-Charlier expansion, could
require up to 7 cumulants [63]. Therefore, in our study, the fifth order should really be
the significant upper limit for comparison purposes.

The PPM and MCS can only be compared on the basis of their results. The accuracy
assessment of our PPM, compared with MCS, took into account the three previously
mentioned error sources. This accuracy of the PPM was carried out by means of the
individual relative error of the first seven moments for each RDS output variable. In
particular, this error in the voltage magnitude at any nth node, xth10-min interval of the

day (t,), and mth month is given by [73]:

r r

1.1, PPM 1..1, MCS

100\ —-a

Un‘lo-mintx un‘lo-mintX

E . = - (31)
ait 1..1, MCS
um10—mimx aulTlo-min[
’ X

Table VI shows that the expected values and standard deviations (first two moments)
could be accurately estimated using the PPM for the most critical node (node #18) and
under the assumption of several scenarios; the maximum error (0.087% for mean value
and 1.83% for standard deviation) was achieved in scenario #4. This is consistent
regarding the error associated with the power flow linearization; when more input
variables were spread over the RDS (scenario #4 vs. #2 or #3), each one introduced a
new dispersion in the input variable decreasing slightly the accuracy of the linear
approximation.

The higher moments until fifth order were nearly accurate. Thus, maximum error is
capped at a level of 3.74%. This error level was much smaller than relevant errors
shown in similar works under analytical techniques (e.g. 45.26% [18], 72.47% [41],
3.88% [71], 59.36% [72]). In other words, the PPM had similar accuracy levels to the
MCS for calculating the statistics of voltage magnitude. The higher moments, not really
relevant in the PPM, showed up to 6.12% of difference.

Table VII illustrates that computation time needed by PPM was much less than
MCS, but achieving the same accuracy.

18



Table VI. Individual relative error of the first seven moments of the 18-node voltage

magnitude.

Table VII. Run time comparison.

7. CONCLUSIONS

This paper has analysed the fulfilment of voltage constraints in a test RDS under the
single or combined impact of PV systems and EVs. This study was carried out from a
probabilistic perspective that took into account the uncertainty. This uncertainty was
associated with the previously mentioned generation and consumption powers.
Therefore, it was first necessary to model the PV systems and EV charging loads as
random variables. In order to verify the voltage constraint fulfilment in regulations
[35,36], the PPM in this study combined the calculation of input variable cumulants, the
linearization of load flow equations, the cumulant method, and the Cornish-Fisher
expansion.

The MCS was used in order to highlight the accuracy of the results of our method.
Moreover, it achieved a high computational cost reduction in comparison to the MCS.

The results has demonstrated that the voltage violation probability in the nodes of the
IEEE 33-node RDS with EV charging loads decreased significantly when PV systems
were connected to the RDS. Nonetheless, the introduction of new random variables in
the RDS (PV systems), with an increased uncertainty, originated a greater dispersion in
the resulting distributions of the output variables. Consequently, in spite of a lower
voltage violation probability, the voltage constraint fulfilment in regulations could not
be absolutely guaranteed. In addition, the results indicated that the correlation among
input variables had major impact on the node voltage. This new approach gave us a
more accurate assessment than other evaluations, based on a simple deterministic
vision. This PPM thus enhances the planning and operation of RDSs and offers a better
understanding of the combined technical impact.

In the future, this tool can act as a bridge between PV and EV uncertainties and
deterministic approaches for the analysis of RDSs. It is valuable because it provides
crucial information for designers of RDSs with EVs and PV systems. Therefore, coming
research may include the PPM in an optimization process to determine the location and
size of the PV systems and EVs in RDSs.
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9. LIST OF SYMBOLS AND ABBREVIATIONS

a real constants

CDF cumulative distribution function

COP Copula

d® daily distance driven by an EV, km

d, maximum range of an EV, km

E initial SOC of the EV battery at the beginning of a recharge cycle, %

E discrete SOC of the EV battery, %

EV electric vehicle

EV electric vehicle

f number of lines in the RDS

f;_ (xi) PMF of the discrete univariate random variable X,

Fe (X)) CDF of the univariate random variable X,

Fx‘_l inverse distribution function of the univariate random variable X,

. (0y) series conductance (susceptance) of branch node n to node j, pu

hIk (t) PDF of the random variable charging start time of the EV battery

i nodal current injection, pu

i current in branch L, , pu

K, hourly diffuse fraction, pu

K, daily clearness index, pu

m any given month (m=1,...,12)

MCS Monte Carlo simulation

Ns correlated random input samples

n any given RDS node

Ne¢ number of 10-min intervals required for a full charging process of the
EV battery

N., number of RDS nodes with EV

N, number of RDS nodes with loads

N, nodes number of the RDS

N, number of RDS nodes with PV systems

N, random variable number

p(qQ) real(reactive) power injection, pu

Pey (Puey) charging power of an EV (the whole EVs in a node), pu

@ Bold letters are used to random variables
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Yn
z"
Greek symbols

i )
r

1..1, PPM
a

m
un,lo-mintX

(al.f.l, MCS

m
un‘ lO»mintX

discrete charging power level of the EV battery, pu
continuous charging power of the EV battery, pu
real(reactive) generation power of a traditional generator, pu
active (reactive) load power, pu

PV power, pu

probability density function

probability mass function

proposed probabilistic method

photovoltaic

radial distribution system

apparent power injection, pu

state-of-charge

times that determine the variation in the charging power magnitude,
min

charging start time of the EV battery, min

xth 10-min interval

step time for the discretization of charging profile of an EV battery (10-
min interval), min
node voltage, pu

univariate uniform distribution (associated with random variable X,)
univariate standard normal distribution associated with random variable
Xi

any given number
multivariable random variable (=[X,, X,,..., XNW]T)

sum of all the shunt elements at the node n, pu
series impedance of branch L, , pu

rth-order moment (cumulant) of the random variable X

rth-order moment of the RDS output variable u;‘Tm_min1 obtained by PPM

(MCS)

individual relative error of rth-order moment of the RDS output
variable U’

n,10-min,

number of EVs in a given set

expected value (standard deviation) of the random variable X,
ijth correlation coefficient in matrix >,

correlation matrix of multivariate random variable X

singleton probability
CDF of the univariate standard normal distribution
inverse of the univariate standard normal distribution
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S, phase angle of voltage from node i to node n, pu

Subscripts

ev electric vehicle

I load

n nth node of the RDS

pv photovoltaic

10 - min; jth 10-min interval

10-min, xth10-min interval (t,)

Superscripts

(k) at kth iteration

m mth month

L, L, th line of the RDS
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Table I. Parameters of EV battery charging profile.

Mode #1 #2 #3 and #4
Power (Pe,) 3.5 kW 6.6 kW 40 kW
t; [a] 6.3h 36h 0.50 h
t, [a] 8h 4h 0.75h
N 48 24 5 [b]

[a] Times according to Figure 1; [b] Rounded upwards because charging time is a

decimal
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Table I1. Characteristics of the PV system for each node.

Winter
Latitude, ° 40
Time (noon), h 11:55-12:05
Month January
Day of the year 15
Inclination panel, ° 40
Peak PV power, kWp 700

Summer
40
11:55-12:05
July
185
30
700
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Table 111. Cumulants of PV power and charging power of all of the EVs in selected RDS nodes

for the 10-min interval around noon.

lor7 lor7

Cumulants PV power ( y; 5"21222 ) EV charging power ( y;pl:"“’m )
January July January July
Ky 0.002295 0.0054 0.00396 0.00354
Ky 6.5915¢-06 1.1944e-06 3.7516-08 3.8366e-08
K -1.4351e-08 -1.6496€-09 0.0 0.0
e 1.2022e-11 2.7362e-12 0.0 0.0
M 1.5060e-13 -3.2629¢-15 0.0 0.0
Ky -1.1334e-15 -8.4059¢-18 0.0 0.0
P 1.5059-18 9.8968e-20 0.0 0.0
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Month
Scenario

Node

#2
#3
#4
#5
#6
#7
#8
#9
#10
#11
#12
#13
#14
#15
#16
#17
#18
#19
#20
#21
#22
#23
#24
#25
#26
#27
#28
#29
#30
#31
#32
#33

Table IV. Expected value (.,

January
#1
(base case)
H U s0-miny05-12.05
T
(p.u)

0.9970  3.8e-5
0.9829  0.0002
0.9754  0.0003
0.9679  0.0004
0.9485  0.0007
0.9460  0.0007
0.9323  0.0009
0.9260 0.0010
0.9201 0.0011
0.9192 0.0011
0.9177 0.0012
0.9115 0.0013
0.9092 0.0014
0.9078 0.0014
0.9064 0.0014
0.9044 0.0014
0.9038  0.0015
0.9965  4.3e-5
0.9929  0.0001
0.9922  0.0002
0.9916  0.0002
0.9793  0.0003
0.9726  0.0006
0.9693  0.0007
0.9476  0.0007
0.9450  0.0008
0.9335  0.0010
0.9253  0.0012
0.9218 0.0013
0.9176  0.0014
0.9167 0.0014
0.9164 0.0014

‘llu

Un 10-ming 1:55.12:05

) and standard deviation (&, ,

Un,10-min 1:55.12:05

) of the 10-min

voltage magnitude at noon for each RDS node in different scenarios.

January
#2 (with EVs,
without PV)

1
'n.10-miny 1:55.12:05.

[
Un 10-miny1:55.12:05

(p.u.)
0.9960 3.2e-5
0.9792 0.0002
0.9695 0.0003
0.9598 0.0003
0.9319 0.0006
0.9298  0.0006
0.9131 0.0006
0.9036  0.0006
0.8945 0.0006
0.8931 0.0006
0.8905 0.0006
0.8799 0.0004
0.8760 0.0004
0.8745 0.0005
0.8730  0.0005
0.8709 0.0006
0.8703  0.0007
0.9957 3.8e-5
0.9921 0.0001
0.9914 0.0002
0.9908 0.0002
0.9756  0.0003
0.9689 0.0005
0.9655 0.0007
0.9344 0.0006
0.9318 0.0007
0.9202 0.0010
0.9118 0.0012
0.9082 0.0013
0.9040 0.0014
0.9031 0.0014
0.9028 0.0014

July
#2 (with EVs,
without PV)
% s
(p.u.)
0.9963 3.2e-05
0.9796 0.0002
0.9702 0.0003
0.9608 0.0003
0.9341 0.0005
0.9290 0.0005
0.9154 0.0006
0.9063 0.0006
0.8976 0.0006
0.8962 0.0005
0.8938 0.0005
0.8837 0.0004
0.8800 0.0003
0.8785 0.0004
0.8771 0.0005
0.8750 0.0006
0.8783 0.0006
0.9958 3.8e-05
0.9922 0.0001
0.9915 0.0001
0.9908 0.0002
0.9760 0.0003
0.9693 0.0005
0.9660 0.0006
0.9360 0.0006
0.9334 0.0006
0.9218 0.0009
0.9135 0.0011
0.9098 0.0012
0.9056 0.0013
0.9047 0.0013
0.9044 0.0013

January
#4 (with EVs,
with PV)
(p.u.)
0.9970 0.0005
0.9833 0.0028
0.9756 0.0042
0.9679 0.0057
0.9489 0.0091
0.9455 0.0097
0.9325 0.0149
0.9266 0.0180
0.9212 0.0213
0.9204 0.0219
0.9190 0.0231
0.9112 0.0257
0.9082 0.0267
0.9077 0.0278
0.9076 0.0291
0.9075 0.0315
0.9069 0.0316
0.9967 0.0006
0.9953 0.0037
0.9952 0.0044
0.9946 0.0044
0.9804 0.0033
0.9751 0.0048
0.9717 0.0048
0.9473 0.0093
0.9452 0.0097
0.9354 0.0115
0.9285 0.0129
0.9258 0.0139
0.9231 0.0158
0.9227 0.0164
0.9224 0.0164

July
#4 (with EVs
with PV)
H U 10-mim55.12:05
P sy
(p.u.)

0.9980 0.0008
0.9885 0.0035
0.9831 0.0051
0.9780 0.0070
0.9601 0.0109
0.9619 0.0117
0.9563 0.0175
0.9548 0.0214
0.9538 0.0252
0.9539 0.0260
0.9541 0.0272
0.9495 0.0303
0.9478 0.0315
0.9485 0.0327
0.9499 0.0346
0.9525 0.0373
0.9419 0.0373
0.9980 0.0008
0.9995 0.0047
1.0001 0.0058
0.9996 0.0058
0.9865 0.0043
0.9830 0.0062
0.9797 0.0066
0.9633 0.0113
0.9618 0.0117
0.9544 0.0144
0.9493 0.0163
0.9476 0.0175
0.9470 0.0198
0.9473 0.0206
0.9470 0.0206

January
#5 (with EVs,
with PV)
% s
(p.u.)
0.9990  0.0005
0.9853  0.0031
0.9775  0.0047
0.9698  0.0063
0.9508  0.0103
0.9474  0.0109
0.9344  0.0167
0.9285  0.0203
0.9230  0.0239
0.9222  0.0247
0.9208  0.0259
0.9129  0.0289
0.9101  0.0301
0.9096  0.0313
0.9094  0.0328
0.9094  0.0355
0.9087  0.0303
0.9987  0.0007
0.9973  0.0042
0.9972  0.0050
0.9966  0.0050
0.9824  0.0036
0.9770  0.0053
0.9737  0.0053
0.9492  0.0104
0.9471  0.0109
0.9373  0.0129
0.9303  0.0146
0.9276  0.0157
0.9249  0.0177
0.9246  0.0185
0.9243  0.0185

July
#5 (with EVs
with PV)
(p.u.)
0.9999  0.0010
0.9905  0.0046
0.9851  0.0071
0.9799  0.0097
0.9664  0.0147
0.9638  0.0163
0.9582  0.0239
0.9567  0.0294
0.9557  0.0345
0.9558  0.0355
0.9560  0.0376
0.9514  0.0417
0.9497  0.0432
0.9504  0.0447
0.9518  0.0472
0.9544  0.0513
0.9537  0.0518
0.9999  0.0010
1.0000  0.0066
1.0007  0.0081
1.0000  0.0081
0.9884  0.0061
0.9849  0.0086
0.9816  0.0091
0.9652  0.0157
0.9637  0.0163
0.9563  0.0198
0.9512  0.0224
0.9495  0.0239
0.9489  0.0274
0.9492  0.0279
0.9489  0.0279
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Table V. Voltage violation probability, based on regulations, at noon for each RDS node in

different scenarios.

January July January July January July January July
Month #2 #2 #5 #5 Month #2 #2 #5 #5
Scenario (with EVs, = (with EVs, = (with EVs, (with EVs, Scenario (with EVs, @ (with EVs, @ (with EVs, = (with EVS,
without PV) without PV) with PV) = with PV) without PV) without PV) = with PV) | with PV)
#2 0.0000 0.0000 0.0000 0.0000 #18 1.0000 1.0000 0.8318 0.5044
#3 0.0000 0.0000 0.0000 0.0000 #19 0.0000 0.0000 0.0000 0.0000

#4 0.0000 0.0000 0.0000 0.0000 #20 0.0000 0.0000 0.0000 0.0000
#5 0.0000 0.0000 0.0976 0.0867 #21 0.0000 0.0000 0.0000 0.0000
#6 1.0000 1.0000 0.4968 0.4153 #22 0.0000 0.0000 0.0000 0.0000
#7 1.0000 1.0000 0.5240 0.4251 #23 0.0000 0.0000 0.0000 0.0000
#8 1.0000 1.0000 0.5891 0.4658 #24 0.0000 0.0000 0.0000 0.0009
#9 1.0000 1.0000 0.6125 0.4689 #25 0.0000 0.0000 0.0076 0.0026

#10 1.0000 1.0000 0.6578 0.4710 #26 1.0000 1.0000 0.5567 0.3147
#11 1.0000 1.0000 0.6789 0.4719 #27 1.0000 1.0000 0.6292 0.2614
#12 1.0000 1.0000 0.6895 0.4721 #28 1.0000 1.0000 0.6547 0.3058
#13 1.0000 1.0000 0.6954 0.4374 #29 1.0000 1.0000 0.6587 0.3287
#14 1.0000 1.0000 0.7045 0.5023 #30 1.0000 1.0000 0.7174 0.5289
#15 1.0000 1.0000 0.7125 0.4921 #31 1.0000 1.0000 0.7199 0.5465
#16 1.0000 1.0000 0.7214 0.4985 #32 1.0000 1.0000 0.7347 0.5522
#17 1.0000 1.0000 0.7165 0.4969 #33 1.0000 1.0000 0.7525 0.5363
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Table VI. Individual relative error of the first seven moments of the 18-node voltage

magnitude.
Scenarios/ & € € m € 1m € 1 € € 1
Error (%) au}ﬂ‘m"ﬂ"\u 55-12:05 auzﬂ»lo'mmu.ss-lzos a"18~10"“'"11.55-12v05 aq&m'm"\u 55-12:05 au}ﬂ‘lﬂ'm'"u 55-12:05 aq&m'mmu,s&u 05 auis-lo'm‘"11.55»1z.o5
#1 0.055 1.169 1.777 2.365 2.299 1.240 3.756
#2 0.067 1.454 2.217 2.852 2.527 1.626 4.706
#3 0.076 1.617 2.418 3.268 2.756 1.762 5.236
#4 0.087 1.832 2.762 3.748 3.179 2.037 6.125
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Table VII. Run time comparison.

Scenarios #1 #2 #3 #4 #5
Computation PPM 0.151 0.171 0.189 0.192 0.246
time (s) MCS 159.02 20113 227.17 24112 315.19
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EV battery charging power —pg, — (pu)

(Charging power level at t,)

pev,10'minj_(x_k) pev710-minj-1 pev,10-minj
-0

10-min predefined time step «

/

. ®
1o-m/nji1_ &) E1o_min,-
(State of charge at t )

At earlier time ¢, , of ¢,

—>

Jjth 10-min interval

. ' (End of charging)
. E10‘m/nj_(x_k) . .

tk Battery charging time (t) tj—1 tj t7

Figure 1. Generic charging profile and SOC for lithium-ion batteries.

t,
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| RDS data; load and irradiation data + uncertainty; data related to EV + uncertainty |

Tt pm Qm pm
pm,, n,10-min, PV power model 1~ n.10.min, Load model | 4.n,10-min, Model of EV charging Ioad__ wev,n,10-min,_
PDF and CDF of PV random power at PDF and CDF of active (reactive) random PMF and CDF of random charging power of
any xth10-min interval (t,), mth load at any xth 10-min interval (t,), mth the whole EVs at any xth 10-min interval (t,),
month, and nth RDS node (n=1,...,N‘,v) month, and nth RDS node (n=1...N) mth month, and nth RDS node (n=1,...,N,,)
T +
F f F
P?",,',., i .,mn!!.‘ Y [ P';'y, 510 g p/q;'""'w_mi"" p/q;,"n.w-‘"""t, p:’ev. n,10-miny p’“’"""' n,10-ming,
Spatial PV dependence | Load dependence
Correlated input samples ! Correlated input samples

- H - H . H
: Moments = cumulants of 3 + Moments = cumulants of : : Mocrﬂgrngtﬁ{gcrorgglsg‘tze?z EV;
: _. PVpowers, A : _.load powers , H 2 ; ; :
. iy fp H s fpood, Tt - H Y =y H
g al p-—ip o : a’ =K s = Jyeurly ooy
e s O BB, W I -
FeresssrsssEmssEsaEsEEssenEnn SesssmsssssssmssrammsEnsnannnns R .. o PRIt e S
| Deterministic radial load flow |

................. L30T T, A

iExpected values of output random variables:

: ' = :

/‘"{:!&m,’ /":Imm\ n 1"‘Nn

| Results analysis I

Figure 2. Flowchart of the PPM to assess the impact of PV systems and EVs on RDSs.
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Figure 3. Single-phase diagram of the IEEE 33-node RDS with PV systems and added
EVs.
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Figure 4. PDFs of PV power and charging power of all of the EVs.
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Figure 5. PDF of the 10-min voltage magnitude at noon for node #18 in the defined

scenarios.
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Figure 6. Expected value of the 10-min voltage magnitude at noon for each RDS node

in different scenarios.
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Figure 7. PDF and CDF of the 10-min voltage magnitude at noon for node #6 in the

defined scenarios.
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Figure 8. PDF and CDF of the 10-min voltage magnitude at noon for node #18 in the

defined scenarios.
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