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Abstract: Large-scale fast charging of electric vehicles (EVs) probably causes voltage deviation
problems in the distribution network. Installing energy storage systems (ESSs) in the fast-charging
stations (FCSs) and formulating appropriate active power plans for ESSs is an effective way to reduce
the local voltage deviation problem. Some deterministic centralized strategies used for ESSs at FCSs
are proposed to solve the voltage deviation problem mentioned above. However, the randomness of
the EV load is very large, which can probably reduce the effects of deterministic centralized strategies.
A fast and reliable centralized strategy considering the randomness of the EV load for ESSs is a key
requirement. Therefore, we propose in this paper a day-ahead scheduling strategy with the aim
of maximizing the probability of the nodal voltage change being smaller than a preset limit at the
observation node. In the proposed strategy, the uncertainty of EV load is taken into account and
the probability of the voltage change of an observation node is quantified by a proposed analytic
assessment model (AMM). Furthermore, a voltage change optimization model (VCOM) based on a
novel control parameter p is proposed, where  can be used as a constraint to suppress the nodal
voltage change at the observation node. Finally, the IEEE 33-bus test system is used to verify the
effectiveness of the proposed day-ahead ESS strategy.

Keywords: electrical vehicles; distribution network; local voltage regulation

1. Introduction

The adoption of EVs is regarded as having very large potential in terms of reducing
carbon emissions [1,2]. The take-up rate of EVs has increased rapidly in recent years,
the number of EVs registered worldwide by 2018 having surpassed 5 million [3]. The high
penetration level of EVs can bring on a sharp increase in power load, which may cause
adverse impacts on the distribution grid [4], especially fast-charging EVs [5]. During peak
load periods, the distribution grid may easily suffer security risks such as transformer
overload, voltage problems, or cable overload [6].

The voltage problems caused by increasing EV charging load are widely seen as
concerning. Previous studies have confirmed that high penetrations of EVs can reduce the
voltage stability margin and may lead to the voltage instability of the power grid [7]. A sim-
ilar conclusion was obtained by using the IEEE 3-bus test system [8]. Since there is very
little voltage instability in the distribution networks operating under normal conditions,
more research focus is required on the impacts of EV charging on voltage change. The ran-
domness and impulsive characteristics of EV recharging loads mean that the injection of
power at the charging node can vary greatly, which may increase the nodal voltage change
at the local node or neighboring nodes. The findings in [9] show that voltage violation may
occur at 10-20% EV penetrations, and in [10] the voltage deviation reaches 3.46% at 20%
EV penetrations. Furthermore, large-scale EV fast charging also can cause voltage flicker in
the distribution network [11].

World Electr. Veh. ]. 2021, 12, 234. https:/ /doi.org/10.3390/wevj12040234

https://www.mdpi.com/journal /wevj


https://www.mdpi.com/journal/wevj
https://www.mdpi.com
https://doi.org/10.3390/wevj12040234
https://doi.org/10.3390/wevj12040234
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/wevj12040234
https://www.mdpi.com/journal/wevj
https://www.mdpi.com/article/10.3390/wevj12040234?type=check_update&version=2

World Electr. Veh. ]. 2021, 12,234

20f18

Many studies show that installing energy storage systems (ESS) in fast-charging
stations with an appropriate energy management strategy can alleviate voltage problems.
A compensation control strategy for the ESS is proposed to deal with energy imbalance
in continuous operation [12]. An advanced ESS control strategy based on fuzzy control is
used to reduce the local voltage fluctuation [13]. The authors of Ref. [14] studied the ESS
used in the FCS, which demonstrates that the voltage profile of the transformer in the FCS
can be improved by the ESS. A local control algorithm for the FCS with flywheel energy
storage systems was proposed in [15], which can also guarantee the charging demand
power of the EV during the period of charging control. However, the randomness of the
EV load is not considered in these studies. Furthermore, the actual adjustable capacity of
the ESS in an FCS is very limited so that it is generally less effective despite using the above
local voltage regulation methods to solve the voltage problem in the distribution network.

To address these inadequacies, a centralized day-ahead scheduling strategy for ESSs
in FCSs is proposed in this paper to reduce the adverse impact of FCSs on the voltage
changes at observation nodes in the radial distribution network. This paper assumes that a
nodal voltage regulation system has been established between the distribution network
operator and the FCS operator to reduce the adverse impact caused by FCSs, which includes
a regional-level optimization decision-making system (RODS) and station-level energy
management systems (SEMSs), as shown in Figure 1. RODS is responsible for formulating
the day-ahead active power plan for the ESS. SEMS i is responsible for executing the
day-ahead active power plan i.

RODS
Server
farm
Active power plan Active power plan i
@ SEMS 1
Energy e Energy
management ESS 1 management ESS i
| |
l ‘
FCS1 FCSn

Figure 1. The nodal voltage regulation system.

The rest of the paper is arranged as follows. Section 2 presents the problem formu-
lation. Section 3 expounds on the AMM and the control characteristics of the control
parameters. The VCOM is illuminated in Section 4. Section 5 presents the case study and
discussion. Finally, Section 6 draws conclusions from the research.

2. Problem Formulation
2.1. FCS Model

The power supply system usually consists of the grid, the photovoltaic system (PV),
and the ESS, as shown in Figure 2. Since the traditional load mainly made up of lighting
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and air conditioning load is too low in comparison with the EV load, it is reasonable to
ignore the traditional load, in which case the FCS model can be expressed as,

PG _ Pch PS

Pch PEV PPV (1)
G

p]K < S rans

where PJE stands for the nodal grid load at the node j at xth time interval, P]-l:(v is the

output power of the photovoltaic (PV) source at xth time interval, P].SK stands for the charge-
discharge active power of the ESS at «th time interval, where negative sign stands for the
discharge and positive sign stands for the charge, P]ECV is the EV’s charging load, and S].Tl’arls
is the rated capacity of the service transformer at the FCS.

Power grid

| DC/AC
I I converter

| AC/DC
converter

h Charging piles

e e iy
M' M‘ M. ®
Figure 2. Electrical topology diagram of the typical FCS.

In many studies, the nodal load data at different time intervals are regarded as normal
distribution variables, and the normal probability density function is usually used to depict
the uncertainties of the load of each node [16-18]. We divide a day into 24 equal time
intervals, every time interval is 1 h. Let APEY stand for the EV’s charging load change in
xth time interval, which can be calculated as follows,

APEY = PEY — mean (PEY, PEY, .., PEY) 2)
Histograms of the EV’s charging load change at 4th, 5th, and 7th time intervals can be
seen in Figure 3. Although EV charging load changes at these time intervals do not obey
normal distribution, they concentrate within 20 kW. Since nodal load changes within 20 kW
can hardly affect the nodal voltage significantly under normal circumstances, we use the
constant power model to depict the EV’s charging load at the time interval when the EV’s
charging load change is not a normal distribution variable. Let k; stand for a set of time
intervals when the EV’s charging load does not obey the normal distribution at the FCS ;.
Then P]];:(V can be formulated as,

{ PEV ~N<;1]K, ]K), K € Kj

3)
PEV = mean(P}fX, P]I;:(\zf, .. P]I;:(\%) K & Kj
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where yj and 0y, stand for the expectation and standard change of P]ECV respectively. It is
reasonable to adopt the constant power model to express the output active power of the
PV at the xth time interval, since the fact that the change range of the PV power output
is usually much smaller than that of the EV’s charging load. Hence, when « € k;, P]-CKh is

also a normal distribution variable, N (yjK—P};V,U]-ZK). Since the linear transformation of a
normal distribution still follows a normal distribution, when « € Kj, the FCS model can be

written as,
G _ PV h S
ij = Wjk — PjK + AP].CK — ij
h 2
AP~ N(0,02 )
G < gTrans
P]K < S]
K € K]'

4)

where AP]-C,E‘ stands for the Gaussian error component of Pﬁf‘
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Figure 3. Histograms of EV charging load changes at 4th, 5th, and 7th time intervals in a day.

2.2. Impact on the Radial Distribution Network

Numerous studies show that large-scale EV fast charging easily leads to nodal voltage
change in the radial distribution network, which can deteriorate the power quality. There-
fore, it is meaningful to reduce the nodal voltage change caused by FCSs. In this paper,
we use the evaluating function Fy«(.) to quantify the adverse impact of the FCSs on voltage
change at observation node o at xth time interval. Fo(.) can be expressed as follows,

UK‘SZ — —
Fox (501(/ /301(/ aox) = ﬁ Oﬁ ox ptox—lo—t gy 5)
r(ﬁéox) = f0+oo t“ox—le—tdt, 0‘07{ > 0

where )5 stands for the upper limit of voltage change at observation node o at xth time
interval, Box and a, are control parameter and shape parameter, respectively, and I'(.) is a
Gamma function. The detailed descriptions of Fy(.) and the characteristic of the control
parameter Sy, are introduced in Sections 3.2 and 3.3, respectively.

2.3. Optimization Model

We can build up a one-objective optimization model to describe the problem which is
focused on in this paper,

max f(x)

s.t.
¢j < uj(x) <djj=1,...,9
e < xc <be,xk=1,...,m

(6)

where f(x) stands for the objective function calculated by the elements of the optimization
vector X, X = [x1, ..., Xml, uj(x) stands for the jth inequality constraint. It is obvious that
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many intelligent algorithms can be used to solve Equation (6), such as particle swarm
optimization (PSO) and the genetic algorithm (GA). Compared with other intelligent algo-
rithms, the traditional GA is more robust and can effectively search the complex spaces,
but it is easier to fall into a local optimum [19-21]. Therefore, an improved real-coded ge-
netic algorithm (RCGA-rdn) is used to solve Equation (6), which can reduce the probability
of falling into local optimum and improve the computational efficiency [22]. The con-
strained optimization model needs to be converted into an unconstrained optimization
model before using the RCGA-rdn. In this paper we use the penalty function method to
achieve this conversion, then Equation (6) can be rewritten as,

|ujg(x) — dj‘ ,if ujg(x) > d]

Au]-g(x) = |u]-g(x) — C]’ ,if u]-g(x) < C]‘ (7)
0 ,else

AU (x) = max{Auj(x), ..., Aujp,(x)}

j=1,...9g

g=1,...pp

where Pg(.) stands for the penalty function of population g, and pp is the initial population
number. For a detailed description of the optimization model, please refer to Section 4.

3. Analytical Assessment Model of the Nodal Voltage Change
3.1. The Radial Distribution Network Model

Figure 4 shows a typical radial distribution network, there is only one source node
that can be regarded as a voltage source and we use current sources to depict the load
nodes. Let U stand for the phase voltage at the source node s, U; stand for the phase
voltage at the load node 4, and U, stand for the phase voltage at the observation node o.
Based on the circuit superposition theorem, the typical radial distribution network can be
decomposed into three different type sub-circuits as shown in Figure 4. The voltage at the
observation node o (U,) can be expressed as,

Uy =Us— )

deD

Sa

V4 8

where S} stands for the conjugate complex draw power at node d, U} is the conjugate
phase voltage at node d, Z,; is the shared impedance between the node d and observation
node o from the source node s, and D is a set of the load nodes.

_z
T
+
<i> vooy - % é W
Decompose \l/ o
?\1, %\1, %\1, -I:;Dd_
d 9

Typical LV distribution network \l/ m

1C+

Figure 4. The typical LV radial distribution network and circuit decomposition.
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Let the complex draw power at the node d change from S; to S; + AS; and the nodal
voltage change from U to U; + Ally, then the voltage change at the observation (AU,) can
be written as,

S:+ASs S
I d d _ d
Ad, =- ) (u;;JrAu; u;;)zod
e SEAUL—ASHUS ©)
— d d_22d-d

T i i (ugauy) od

Since AU << U3 (U + AUY), AUy /U5 (U5 + AUY)—0, Equation (9) can be simplified as,
AS}
AUy=-Y ——4 7, (10)
jep Ua + AU,
Let Zoy = Rog+jXoa, ASq = APS+jAQS and AU, = AU + jAUL. By listing the real and
imaginary parts of All, separately, we can get,

(APF Ry +8Q5 Xoa) (Us+AUY)
2 - —
r_ (Ug+auy) + (Ui +aui)”
A ng  (APFXoq—AQG R, ) (Ui +AUY)
| (upraup) o (uprau)” )
(APFXoq—AQG R,y ) (UG +AUY)
2 - 0
i (ur+aus) +(ui+aui)®
A ng (APGR+AQ5 X,a) (Ui +AUY)
(Un+aus)* + (Ui +aui )

where AU! and AU} stand for the real and imaginary parts of AlU,. Since the phase
angle of the phase voltage is usually small, it is reasonable to ignore the AU and AUL.
Let Uy = Uy ! £ 0, then Equation (11) can be rewritten as,

AU ~ ¥ [AuaAPS + BoyAQS]

deD
AU} = ¥ [CogAPS + Dy AQY ]
deD _ _ (12)
A= Ry cos 03—X,;8in6, B, — _ X4 €08 83+Ryg sinby
od IUdA 7 Pod = Uyl
C., = — Xo4 €08 0;4+R,zsin 6, D, = R,4c0s0;—X,;sin0,
od = |Ual Hod = |Ua|

Since U, and Z,; are known variables, A, B, C, and D are constants. Therefore, AU
and AU} can be approximated as a linear combination of APE and AQE.

3.2. The AMM

It is obvious that the probability of the voltage change (All,) smaller than the limiting
value (J,) can be used to measure the impact of the FCSs on the voltage change at the
observation node o. The larger P(1 AU, | < J,) is, the smaller the impact of the FCSs on the
voltage change will be. In this section, we derive the AMM which is used to evaluate the
impact of the FCSs on the voltage change at any node in the LV radial distribution network.
In this paper, we select the average load at the node without the FCS as the initial load
at this node. Let the complex draw power change at the node without the FCS be zero,
then we can obtain the nodal voltage change of the observation node, which is caused by
charging load changes of FCSs. The reactive power change (AQ) can be ignored at the
node with the FCS since the power factor of the node with the FCS is usually close to 1 so
that the reactive power change is usually very small. Hence, for an n-node LV distribution
network system, Equation (12) can be rewritten as,

n .
AU =Y AnAPS, Ay = _W
S (13)

. n . . cin O
AU = Y. CyiAPS, Cpp = — Ko 08t Raisiny Cosf"gfoz sin;
i=1 !
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where APl.G is 0 at the node without the FCS and is APJ% at the node with the FCS. Rewrite
Equation (13) into a vector form as follows,

. APS
AUO o Aol Aon .
EIREEE
APS

Let the ESS at the FCS have two output modes as follows:

Model : P = (1 — ki) P, & € K (15)
Mode2 : PS = ch,K ¢ K (16)

where the output active power of the ESS is a normal distribution variable when x € k; and
is a constant (C]SK) when « ¢ «;. By plugging Equation (15) into Equation (1), PJE is

P = k]KP]CKh, € Kj (17)

Since Pﬁf1 is a normal variable when « € k;, P]G is still a normal variable at this time.
Let ‘ujcfc stand for the expectation of PG when « € k;. Select uS xas the initial nodal load for
the FCS j, then AP]% is a normal Varlable, AP]§~N o, 'y]K). By plugging Equation (16) into
Equation (1), we can obtain the expression of Pﬁj when « ¢ k;,

PL = PR — PV — 5k € K (18)

Since PPV P]KV, and C]K are all constant when x ¢ «k;, AP]% is zero at this time.

Then Equatlon (14) can be rewritten as,

APS
|: Au(g;c :| _ [ AOlK o Aomc .
i - . :
Auox ColK Comc AP% (19)

APS ~ N(O ’)/ZK),K € x&&i € E
APG 0,k ¢ i ¢ E

where E is a set of nodes with the FCS. According to Equation (19), AU%, and AU}, are linear
combinations of AP]S(;. Therefore, AUZ, and AUL, can be regarded as normal distribution
variables. We assume that the load at each node is independent of each other, then AU,
and AU}, can be expressed as,

AU, ~ N(O ZAD]Kfy]K),and Allf) ~ N(O ZCOJK’Y]K> (20)

Since Equation (20) has the same form for each time interval, the subscript « is
omitted for convenience of writing in the following derivation. Let AU, = (AUE,AU;)T,
AU,~N(0,C,), where C, is a covariance matrix of AU, for observation node 0. C, can be
written as,

n
Z A} E oiCof 7}
Co = 2 n (21)
Z AOJ oj 7 ; G o7
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C, can be diagonalization by eigenvalue decomposition as:

A= W,TC,W, = { Mo (22)

/\20 }

where W, is an eigenmatrix of C,, A1, and Ay, are related eigenvalues and A, is the diago-
nally similar matrix of C,. Let V, = WoT AU,, where V, = (V1,,V2,)T. Since Cov(V7,,V2,) is
equal to 0, V1, and V), are independent mutual variables. VDT V, can be expanded as,

ViV, =AUJW,W;AU, )
= (AUZ)* + (AUS)
Since AU? = (AUE)? + (AUE)?, AU2=VIV,. Therefore, AU? is the sum of two indepen-
dent weighed chi-square random variables. Then AU? can approximately obey Gamma
distribution (I'(«,, Bo)) and the parameters of I («,, Bo) can be calculated as [22],

Then, P(I AU, | < d,) can be calculated as,
62 gl
Fo (0o, Bo, o) = P(|AU,| < 8,) = ; T:%)x%*le*ﬁvxczx (25)

The smaller the F,(.) is, the greater the impact of the FCSs on the voltage change at the
observation node o will be.

3.3. The Control Characteristic of B,

When J, is a known constant, Fo(.) is decided by parameters «, and ,. We can increase
Fo(.) by controlling the two parameters. In this section, we discuss the control characteristic
of B,, which can give theoretical support for the VCOM. According to Equation (24), «,
and B, are functions of Aj, and Ay,. We next note that A1, and A;, can be expanded as,

1) ¢ 2 4 2 = 2,2
Ao = 2 A Koj')’]‘ + jgl Koj')’]' - 4]‘§1 Zoj'YjK'Yj+1
n n 2 n—1 (26)
_1 "2 A2 0 "2 A2
A2 = 3 ) Koﬂ’j {];1 KOJ'YJ‘ } 4]';1 ZO]r)/]'Kr)/]'+1
Koj = Alz)] + C(%]
Zoj = Aojcoj+l - Aoj+lcoj
Further expand Z,; and we can obtain the expansion of Z; as follows,
Zoj = AOjC0j+l - Aoj+1coj
_ (RojRojs1—XojXoj11) 5in0jj 114 (Roj Xoj 11— Roj41 Xoj ) c0sBj g (27)

Vil Vi ]

where 0j; 11 = 011 —0. Since the phase difference of the voltage between the neighboring
nodes in the LV radial distribution network is usually very small, it is reasonable to assume
that 0; ~ 0,1, then Equation (22) can be simplified as,

7 Ronoj+l - R0j+1Xoj
N Vil Vil

(28)
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The impedance angle difference between shared impedances between adjacent nodes
is usually small, therefore,

X,i X,
tan Poj — tan Poj+1 = Rizl —x =0

I RU]'+1
= Z]' —0

-{

2
n n—1 n
= {421 Kﬂf} —4L 20t = {421 Kﬂ?}
= = =

Nk

2
n—1
Kﬂf} >ar ZiVi Vi (29)
2

where ¢,; is the impedance angle of the shared impedance Z,;. Therefore, Equation (26)

can be simplified as,
n

M~ LA+

j=1 (30)
)Lz ~0
By plugging Equation (30) into Equation (24), we can obtain,
1
ao = 0.5, and B, = —; (31)
21 [45+ 3]

=

From Equation (31), &, is approximately equal to 0.5, which is not affected by the
change of the nodal load change. Let &, = 0.5 and ¢ = B,x, then F,(.) can be rewritten as,

Bod2 $—05,—t
F = ————dt 2
(b= [ Fog (32)
Since the integrand function of Equation (32) is not less than 0 and 8, > 0, F;(.) increases
as the increase of f, until F,(.) reaches 1. In other words, the smaller the value of §, is,
the smaller the nodal voltage change at the observation will be.

4. The VCOM

We restore the subscript « in the rest of this paper. The objective of the day-ahead
scheduling strategy for the ESS is to reduce the adverse impact of the FCSs on nodal voltage
change at observation nodes. According to the analysis in Section 3, we can use the AMM
to evaluate this impact. Therefore, the optimization objective function can be written as,

Bod2 $—05,—t

FoorBo) = [ ot 33
0( o ,BO) 0 r(O.S) ( )
where O is a set of observation nodes. The inequality constraint of PjSK can be written as,
Sd S S P
P(PSd < P < PSF) > gl e (34)
S— S S+
PP < PR < P77k € K; (35)

where CJP ° is a preset constant for restraining PjsK, P].S+, and Pﬁ(d stand for the rated upper
and dynamic lower limits of the charge-discharge active power for the ESS at the FCS j,
respectively. P]-SK* can be expressed as,

ch _ ¢Trans pch _ ¢Trans S—
Pfi"“{ B gt <ps @)

S— pch _ ¢Trans S—
Py Bl =S < B
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where PJS* is the rated lower limit of the charge-discharge active power for the ESS at the
FCSj. Let kjx = 7jx/6jx when k € kj, we can rewrite Equation (15) by plugging ki, = ¥jx/

in Equation (15),
U

]K
Next, according to the Bayesian probability formula, the analytical expression for the
constraint (34) can be expanded as,

®(ac) — (1= @ (b)) (1= (i) |
P(PSd < P < P = — @ (cj) @ (dje) > ¢F* K E K
D(cjx) + () — P (cjx) P(ejx) = &7 x & K

UvKPs+ V'K7P'1;V GTrans Hi p_I"{V
Y e @)
o PPV pP-ygTrans g — PP P
a s o ﬂf( jx VJ'K) %
o P/_I)’(V_i_P]fo_i_STrans_ﬂjK
JK iy

where @(.) is the standard normal probability distribution function. Let SOCjp stand for the
initial state of charge (SOC) for the ESS at the FCS j at the beginning of the day, then SOCj,
can be written as,

1 &
%%:%%‘52% (39)
] =

where E]-s stands for the rated capacity of the ESS at the FCS j. The constraint of the SOC
can be written as,

P(SOC; < SOC) <SOC; ) > &5°° (40)

where ngOC is a preset constant for restraining SOCj. 'SOC].+ and SOC]f stand for the rated

upper and lower limits of the SOC for the ESS at the FCS j. The analytical expression of the
constraint (40) is,

P(SOC; < SOC), <S0C] ) = ( wj) = @ (rje) = &

+
ES(SOC)—SOC; ) igw ki /' =
W = A |
JK 7 [
Y P
ES(SOC))—SOCT ) il faeicx | #o
Tjx = 7 - 7 (41)

Q
|K]'QT]K‘ . by
HQ = ; ( oj..)(:ujkppc )

Jt

, kO] 7 \2 [ie;NTF =1 |i; T} | - - oo
B L1 (Ol S e

i=1 =i+l it il

where T" is a set of time intervals, T" [1,2,...,x]. Then the basic constraints which are
used to ensure the normal operatlon of the ESS at the FCS j can be listed as follows:

{ (36), (39)

P]‘.S* < Pﬁ( < p]‘.5+,;< € K; (42)

Using the analysis according to Section 3.3, we can control the voltage change by
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adjusting B,, which means fB,. can be designed as a constraint which is used to restrain the
voltage change at the observation node in the optimization framework as follows:

Box > P (43)

where B
with the increase of B, until it reaches 1 when J, is a known constant, we can obtain
by the Algorithm 1 as follows:

" stands for the lower limit for B,«. According to Equation (32), Fy(.) increases
mm

Algorithm 1: Calculate gTi"

1: INPUT: This algorithm knows the acceptable probability of the nodal voltage change at the
observation node (F; miny 4t time interval «, the initial nodal load at each node at time interval x,
the adjustment step size of ﬁm‘“ (A), basic information of the distribution network, which can be
used to calculate power flow by using traditional Newton power flow method.

: OUTPUT: Bjjin = [gmin gmin _ gmin]

: PROCEDURE:

: Obtain the nodal voltage at each node by using traditional Newton power flow method.
:foro=1tondo

: Obtain Box according to Equation (31)

: Obtain Fyx(.) according to Equation (32)

:forI=1toN do

s if Fox() > F&‘m

ﬁn’un — ﬁOK_ A
Update Fyx(.) by plugging fTiM into Equation (32)

11: else
12 BTN By
13: end if
14: end for
15: end for

O 0 NI QU W N

—
.‘?

Then the VCOM can be written as,

max g ) Fok((soxrﬁOK)

x=10€0
s.t.

(38), (41) ~ (43)
0<7]K<fa K € K; (44)

&
PP <Py < PP ke
]—1
Kzl,...,m

By converting Equation (44) to the unconstrained optimization model as shown in
Equation (7), RCGA-rdn can be used to solve the VCOM. The RCGA-rdn stops iterating
when the number of the genetic offspring reaches the specified value and we select the best
elite solution as the optimal solution.

The ratio plan can be converted into the active power plan of the ESS according to
Equation (45):

Vi = Yj ﬁa KGK

J!

where vjisa random number in the range [0, 1].

5. Case Study and Discussion

In this section, we verify the effectiveness of the AMM and the proposed day-ahead
ESS strategy. The computer used for the test adopts an Intel® Core™ i7-6700 Processor and
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8 GB of memory, in which the CPU works at the nominal frequency of 3.4 GHz. The base
voltage of the system is 12.66 kV, and the base capacity is 100 MW. The reference voltage is
set to 0.95.

Two FCSs are connected to nodes 10 and 25 respectively, as shown in Figure 5. The ba-
sic configurations of FCSs A and B are the same as shown in Table 1. The probability
distributions of EV load changes of the FCSs A and B at different time intervals in a day
are listed in Tables 2 and 3 respectively. Here, sets of charging power test data come from
sets of 60-day historical charging power data from two different FCSs. Typical daily EV
charging curves of FCSs A and B are shown in Figure 6.

Table 1. The basic configuration.

Parameter Description Unit Value
GTrans Rated capacity of the service transformer. kVA 1000
SPV Rated capacity of the PV. kWp 50
pS* Rated upper boundary of the charge-discharge active power of the ESS. kW 250
pS- Rated lower boundary of the charge-discharge active power of the ESS. kW —250
SOCy The initial SOC for the ESS at the beginning of the day. % 50
soct Rated upper boundary of the SOC of the ESS. % 30
50C— Rated lower boundary of the SOC of the ESS. % 80
ES Rated capacity of the ESS. kWh 1000

Table 2. The probability distribution of EV load change at the FCS A in different time intervals in a day.

K The EV Load at xth Time Interval/kW
1~4 N(789,1922) N(532,218%) N(167,1212) E(40)
5~8 E(40) E(40) N(223,402) N(108,742)
9~12 N(107,95%) N(190,1322) N(294,1592) N(406,1532)
13~16 N(547,144%) N(572,169?) N(575,185?) N(352,198?)
17~20 N(207,1632) N(306,1452) N(312,1632) N(309,1802)
21~24 N(328,1802) N(350,143%) N(494,1542) N(690,1802)

Table 3. The probability distribution of EV load change at the FCS B in different time intervals in a day.

K

The EV Load at xth Time Interval/kW

1~4 N(789,1922) N(532,218%) N(167,1212) E(40)
5~8 E(40) E(40) E(40) N(108,742)
9~12 N(107,95%) N(190,1322) N(294,1592) N(406,1532)
13~16 N(547,1442) N(572,1692) N(575,1852) N(352,1982)
17~20 N(207,1632) N(306,1452) N(312,1632) N(309,1802)
21~24 N(328,1802) N(350,1432) E(40) N(690,1802)
19 20 21 22

—FCS A

b=
i ‘i fi ? 1 Ei ? /%I“%l?lf‘lf”?l.”?

° I
N T T I
17T 1T 1

26 27 28 29 30 31 32 33
T__rCs g
IE ri iy
=

Figure 5. IEEE 33-bus test system.
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Figure 6. Typical daily EV charging curves of FCSs A and B in a day.

Each FCS is equipped with a PV source and the typical daily PV curve is shown in
Figure 7.

30

15¢

PV output power/kW

0 I

0 2 4 6 8 10 12 14 16 18 20 22 24
Time/h

Figure 7. Typical daily PV curve in a day.

5.1. The Performance of the AMM

The cumulative probability distribution (CPD) of the actual voltage change is obtained
by statistical analysis based on a Monte Carlo probability power flow method (MCPFL) [23],
which is used as a comparison to the AMM. The sampling times of MCPFL reach 10,000.
Figure 8 shows the CPD curves of the voltage change at node 23 at the time interval (17:00,
17:59). It can be seen that the CPD curve obtained by the AMM is very close to the actual
CPD curve, which can verify the effectiveness of the AMM. A similar result can also be
seen in Figure 9 where node 12 is selected as the observation node. Finally, the correlation
coefficient is used to measure the closeness between the actual CPD curve and the CPD
curve obtained by the AMM. The corresponding correlation coefficients are listed in Table 4.
The correlation coefficients all reach 0.99, which also verifies the effect of the AMM. Table 5
lists the computational overheads of assessment on voltage change at an observation node.
It can be seen that the calculation time of the AMM is very short and its CPU occupancy
rate is also small.

1.2
— =The actual

— The AMM

1N o 4
IS o © =

The CPD of the voltage change

o
)

0 0.005 0.01 0.015 0.02 0.025 0.03
The voltage change (0)

Figure 8. The CPD curve of the voltage change of node 23.
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— —The actual
—— The AMM

The CPD of the voltage change
o
o
<

0 0.005 0.01 0.015 0.02 0.025 0.03
The voltage change (8)

Figure 9. The CPD curve of the voltage change of node 12.

Table 4. The correlation coefficients.

Observation Node The Correlation Coefficient

2~9 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
10~17 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
18~25 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
26~33 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
Table 5. Computational overheads.
Methods Average Time, s CPU, %
MCPFL 1.527 2
AMM 20.313 11

5.2. The Effect of the Proposed Day-Ahead ESS Strategy
Next, two different cases are studied to verify the proposed day-ahead ESS strategy.

(i) Case 1: the traditional PV-ESS complementarity strategy is used for the ESS.
(ii) Case 2: the strategy proposed in this paper is used for the ESS.

For case 1, a compensation control strategy for the ESS mentioned in [12] is used.
For case 2, the ESS executes the proposed day-ahead ESS strategy. The ESS automatically
enters the charging state both in cases 1 and 2 when the SOC of the ESS is lower than 30%.
We select terminal node 18 as an observation node. Besides, the voltage change constraint
of the observation node is set to 0.01 and the acceptable probability of the nodal voltage
change of the observation node at each time interval is set to 0.95.

Figure 10 shows P(1 AU, | < é,) at each node under different cases in a day. It is
obvious that the day-ahead ESS strategy can increase P(1 All, | < J,) in comparison with
the traditional PV-ESS complementarity strategy. Voltages under case 2 are closer to
the reference voltage than other cases as shown in Figure 11a, which is more intuitively
displayed in Figure 11b. Simulation results above demonstrate the effect of the proposed
day-ahead ESS strategy. It can be seen from Figure 12a that the ESS charges during periods
of low EV charging load and provides active power compensation by discharge during
periods of large EV charging load to reduce the voltage change between actual and reference
voltages. In addition, we can find that due to the constraint of the SOC of the ESS, the ESS
cannot always compensate for the active power. For example, from 6.00 p.m. to 9.00 p.m.,
since the SOC of the ESS is close to its lower boundary, the ESS can hardly compensate the
active power, which results in the failure of the day-ahead ESS strategy. A similar result
can also be obtained according to Figure 13. Therefore, to give full play to the effect of the
day-ahead ESS strategy, it is inseparable from reasonable energy storage system planning.
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Figure 10. P(1 AU, | < ,) at each node in a day.
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Figure 11. (a) Voltage curves of node 18 under different cases in a day. (b) Differences between actual
and reference voltages under different cases in a day.
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Figure 12. (a) The active power of the ESS at the FCS A under case 2. (b) The SOC of the ESS at the
FCS A under case 2.
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Figure 13. (a) The active power of the ESS at the FCS B under case 2. (b) The SOC of the ESS at the
FCS B under case 2.

6. Conclusions

With the increasing penetration of EVs, the adverse impact of EV charging load on

the nodal voltage in the distribution network can probably be aggravated. To alleviate this
impact, this paper proposes a centralized day-ahead ESS strategy with full consideration
of the randomness of EV charging load. This strategy can be deployed in the RODS and
its output can be calculated based on the VCOM. Finally, simulation results verify the
effectiveness of the proposed day-ahead ESS strategy. The main contributions of this article
are as follows:

A voltage change optimization model (VCOM) considering the randomness of the EV
load is constructed to alleviate the voltage change problem caused by EV fast charging
and it can be easily solved by traditional intelligent algorithms, such as GA.

An analytical assessment model (AAM) of the nodal voltage change with shorter
computational time and higher reliability is proposed.
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Nomenclature

P].(;z Total grid load at the FCSj at kth time interval.

yjcf{ Expectation of Pﬁ

Yix- Standard change of Pﬁ

P};V Output power of the PV at the FCS j at «th time interval.

P].SK Charge-discharge active power of the ESS at the FCS j at xth time interval.

P]E(V The NFCL at the node j with the FCS at xth time interval.

Py The EV’s charging load at the FCS j at «th time interval.

Hix Expectation of P]l;:cv

Tix Standard deviation of P]%V.

S].Trams Rated capacity of the service transformer at the FCS ;.

o Nodal voltage change limit at the observation node o at kth time interval.

Kok Shape parameters for the nodal voltage change at observation node o at xth time interval.

Box Control parameter for the nodal voltage change at observation node o at xth time interval.

Xk Optimization variable at xth time interval.

pp Initial population number.

Us Phase voltage at the source node s.

Uy Phase voltage at the load node 4.

u, Phase voltage at the observation node o.

S4 Conjugate complex draw power at node d.

u; Conjugate phase voltage at node d.

Zod Shared impedance between node d and observation node o from the source node s.

P].S+ Rated upper limit of the charge-discharge active power of the ESS at the FCS ;.

P]s* Rated lower limit of the charge-discharge active power of the ESS at the FCS ;.

P]SKd Dynamic lower limit of the charge-discharge active power of the ESS at the FCS j
at the xth time interval.

Pr?c. Active power output of the ESS at the FCS j at xth time interval.

{;']{.)S A preset constant for restraining Pﬁ’(

SOC State of charge.
SOCjp  The initial SOC of the ESS at the FCS j at the beginning of the day.
A preset constant for restraining the SOC for the FCS j.

SOC;  Rated upper limit of the SOC.
SOC]f Rated lower limit of the SOC.

SOCj,  Value of the SOC of the ESS at the FCS j at xth time interval.
T() Gamma function.
P(.) Normal probability distribution function.
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