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Abstract—With the increased penetration of electric vehicle
(EV) chargers in distribution systems, there is a need to under-
stand and minimize their impact on medium-voltage (MV) and
low-voltage (LV) networks. Thus, this paper proposes a three-
stage algorithm to coordinate the operation of four-quadrant
EV chargers with other volt/var control devices in MV and LV
distribution feeders. The First Stage operates on a day-ahead
basis and defines the load tap changer (LTC) and capacitor
schedules while minimizing the peak load associated with EVs in
the distribution system. The second and third stages update their
operation every five minutes, to fairly allocate the aggregated
and individual EV loads in the MV an LV feeders, respectively,
while minimizing active power losses and voltage deviations. The
proposed technique is applied to CIGRE’s North-American MV
and LV benchmark systems to demonstrate its ability to properly
allocate EV loads, and improve distribution system performance
in terms of losses and voltage deviations.

Index Terms—Four-quadrant electric vehicle charger, charging
control, medium-voltage networks, low-voltage networks, electric
vehicle, vehicle-to-grid, distribution system management.

NOMENCLATURE
Indices
agev Aggregated EV index
bl Base load
ev EV index
fin Final
1 Tap index
ni Initial
J Switched capacitor index
k MYV bus number
Lo, L; MYV and LV load indexes
— MYV and LV line indexes
N, N MYV and LV node indexes
nevy,, Number of EVs at node n,,, at time t
P Phase index
r Line’s receiving end
S Line’s sending end
t Time index
Parameters
a, B Second Stage objective function weight factors
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vy Heuristic method scaling factor

cap Maximum switching capacitor position

E Maximum energy capacity [kWh]

I Maximum line current [p.u.]

S Maximum apparent power [kVA]

tap,tap ~ Maximum and minimum tap positions

Vv,V Maximum and minimum voltage limits [p.u.]
T1, T Time steps for stages 1 and 2

0 Line admittance angle [rad]

ABCD  ABCD parameter matrices

Be EV battery capacity [kWh]

Cr EV charger rating [kVA]

LN Number of load nodes in the MV system
Mop Maximum number of operations per hour
N Number of nodes in the MV system
Pos Maximum allowable peak demand

T Maximum time

Y Line admittance magnitude [S]

Z Impedance [{2]

Variables

) Voltage angle [rad]

cap Switched capacitor position

E Energy [kWh]

I RMS current [p.u.]

P Active Power [kW]

Q Reactive Power [kVAR]

S Apparent Power [kVA]

SoC State of Charge

tap Tap position

\% RMS voltage [p.u.]
VD MYV voltage deviation index [p.u.]

I. INTRODUCTION

OWADAYS, the share of full and plug-in hybrid elec-

tric vehicles (EVs) in the global passenger car fleet is
marginal; however, in the coming years, this share is expected
to increase significantly thanks to a larger number of EV
alternatives and lower prices. Through the end of 2015, around
1.26 million EVs were in operation worldwide, representing
only 0.1% of overall passenger car fleet; however, in countries
such as Netherlands, Norway, Sweden and US, EV sales have
reached over 1% of total passenger car sales [1].

Rising penetration of EVs will create new challenges for the
operation of power systems, since more electricity needs to be
produced and delivered to these loads using the existing infras-
tructure. Thus, operating problems such as thermal overloads
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and out-of-range voltages will become common, requiring ex-
pensive upgrades to distribution and transmission systems [2].
However, these investments can be deferred and/or minimized
using smart charging technologies, which control the time and
level of charging to flatten the load curve and reduce the charg-
ing costs by shifting the charging loads to low-demand, low-
electricity price periods. The implementation of this concept
has been proposed extensively in the literature using different
control architectures, objective functions, communication and
computation requirements, and market integration models [3].
In fact, some utilities and companies are actively implementing
smart charging mechanisms and systems [4].

The majority of works in smart charging have considered
unidirectional chargers, and some works have contemplated
bidirectional chargers to charge and discharge the EV batter-
ies in vehicle-to-grid (V2G) schemes for providing ancillary
services and supporting the operation of renewable energy
sources [5]. However, several works have looked at four-
quadrant EV chargers and the possibility of exchanging re-
active power with the grid. In [6], the potential of reactive
power support operation of various single-phase EV charger
topologies is explored, concluding that bidirectional chargers
can provide reactive power support independently of battery
charging within the volt-ampere capability of the charger;
however, the dc link capacitor size needs to be enlarged in
this case since the dc link voltage ripple increases when the
charger provides reactive power support. Moreover, the ability
of providing reactive power with bidirectional EV chargers
has been demonstrated practically with prototypes in [7] and
[8], for single-phase, Level 1 chargers; in [9], for a single-
phase, Level 2 charger; and in [10], for a three-phase, Level
3 charger.

Volt/var regulation function is typically performed in dis-
tribution systems with LTCs, step voltage regulators (SVRs)
and capacitor banks. Recently, due to the penetration of
distributed generators (DGs) with the possibility of regulating
reactive power, new challenges have emerged in the con-
ventional volt/var function, which have been addressed in
several works (e.g., [11]-[14]). Particularly, the impact of
wind resource uncertainty in DG reactive power availability is
difficult to model in volt/var analyses, although some works
have proposed approaches to overcome this problem [15], [16].
In the near future, the inclusion of EV chargers with reactive
power control will modify the conventional volt/var control
function, which should coordinate the aforementioned control
devices, DGs, and EVs. Thus, in [17], a cooperative method to
compensate for undervoltages based on local voltage measure-
ments, EV chargers with reactive power injection capacity, and
communication links is presented; however, the algorithm does
not consider the coordination with other volt/var regulation
devices, and does not prioritize the charging function over the
reactive power provision. These drawbacks are also seen in
[18], which proposes a two-stage optimization algorithm for
controlling four-quadrant EV chargers to flatten the demand
curve, reduce the system currents, and minimize losses, and
in [19], which formulates a multi-objective optimization al-
gorithm that minimizes parking and charging costs from the
user perspective, and minimizes reactive power service costs

provided by EVs from the utility point of view. The authors
in [20] propose a receding horizon control framework for
scheduling four-quadrant EV chargers considering technical
constraints such as maximum DC current ripples in EV charg-
ers and battery degradation costs; however, in this framework,
neither the power system topology nor other volt/var control
devices are considered. Reference [21] investigates a cen-
tralized volt/var optimization engine which considers LTCs,
SVRs, capacitor banks, and four-quadrant EVs to minimize
power losses and capacitor operation costs, accounting for
distribution system topology and the operation constraints of
the volt/var regulation devices; however, EVs are considered
only to inject reactive power and are aggregated in different
MYV nodes, without calculating the individual EV charger set
points. A real-time, three-stage scheme for voltage regulation
in distribution feeders, which considers simultaneous operation
of LTCs, solar photovoltaics (PVs), and EVs is reported in
[22]. This scheme gives priority to EV charging and PV
active power injection, and uses the remaining reactive power
operation capacity of PV inverters and EVs to reduce the
number of operations of LTCs; however, it does not calculate
the individual set-points for EVs, and does not allocate the
charging and generated power among PVs and EVs in a fair
manner.

From the previous discussion regarding using four-quadrant
EV chargers for the volt/var control, it can be concluded
that it is still necessary to account for the uncertainty of EV
owner’s behavior in terms of energy consumption, connec-
tion and disconnection times, coordination of four-quadrant
EV chargers with other equipment in the volt/var function,
and calculation of individual set points for EVs in the LV
network, where they are actually connected. Thus, this paper
complements the two-stage scheme presented in [23] and [24],
by introducing the modeling of four-quadrant EV chargers for
providing reactive power services, and adding a Third Stage in
which the individual set points of EVs are determined. Hence,
the main objectives and contributions of the present paper are
the following:

o Propose and validate a three-stage approach to minimize
system losses and peak load, provide adequate volt/var
support, and fairly allocate EV charging load, based on
a four-quadrant EV smart charger, connected at the LV
distribution system level.

o Consider the uncertainty of EV driving behavior to prop-
erly model the active and reactive power demand of
four-quadrant EV smart chargers, and determine optimal
day-ahead and appropriate transformer tap and capacitor
schedules.

e Consider both MV and LV networks, in which EV
chargers represent a significant load compared to other
household loads, to generate practical smart charging
control signals for individual EVs connected at the LV
level.

o Test the proposed approach on realistic MV and LV
North-American distribution networks, and compare it
with an existing volt/var regulation strategy, demonstrat-
ing its benefits and practical feasibility.
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The remaining of this paper is organized as follows: Section
Il briefly discusses the implications of four-quadrant EV
chargers in the typical distribution feeders’ volt/var func-
tion, and describes the proposed three-stage architecture for
distribution feeder and EV charging control. Then, Section
IIT introduces the mathematical model of each stage of the
proposed architecture, and Section IV discusses the simulation
results and analysis of the proposed control approach and an
existing volt/var regulation strategy in a CIGRE’s benchmark
test system. Finally, Section V presents the main conclusions
and contributions of this paper.

II. BACKGROUND
A. Volt/var Control in Distribution Feeders

The control problem in distribution feeders has been treated
traditionally as a volt/var problem. For this purpose, LTCs
at the main substation, capacitors at the substation level,
capacitors at the feeder level, and SVRs [11] are used. The
objectives of typical volt/var control are to minimize voltage
deviations, maintain a power factor near unity at all nodes
along the feeder, minimize the power losses in the system,
keep the loading of lines and transformers within limits, and
minimize the total number of tap changing and switching
operations.

Four-quadrant EV chargers that are able to exchange re-
active power with the grid will modify the traditional way
the volt/var control devices are operated. This may require
communication links between the grid operator and the EV
charger, but would imply a lower number of capacitor switch-
ing and tap changing operations, and better controlability
of the feeder, since more reactive power sources will be
distributed along the feeder. The proposed architecture for
coordinating four-quadrant EV chargers with other devices
that perform volt/var control function in distribution feeders
is explained next.

B. Proposed Three-Stage Architecture

The three-stage control architecture proposed for coordi-
nation of the operation of four-quadrant EV chargers, LTCs,
and switched capacitors is presented in Fig. 1. This scheme is
based on the work reported in [23] and [24], which is enhanced
here by adding the modeling of four-quadrant EV chargers, the
objective functions related to reactive power operation, and
the individual EV charger set-point modulation. The control
architecture accounts for the uncertainty in EV operation,
i.e., the energy consumed during a day, and the charger’s
connection and disconnection times, providing individual set-
points for the EV chargers connected to the LV system. The
First Stage of the proposed architecture consists of a stochastic
day-ahead dispatch of taps and capacitors, considering the
probabilistic modeling of EV operation in terms of battery
state of charge (SoC), arrival time, and departure time, as
explained in some detail in Section III-A. This information can
be obtained from studies that track operational data of EVs,
as is the case here. This stage considers only the MV feeder;
thus, the LV loads and EVs are aggregated at the respective
MYV node. The inputs of this stage are the feeder’s load and
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Fig. 1. Proposed three-stage architecture for controlling four-quadrant EV
chargers in distribution feeders.

EV population forecasts and their probabilistic characteristics,
and the outputs are the best estimate for capacitor switching
schedule, transformer tap schedule, and allowed peak demand
for the next day. The Second Stage allocates the EV aggregated
load every 5 minutes, using the tap and capacitor settings,
maximum allowable load, and the actual number of EVs
connected at each node. Finally, the Third Stage receives the
aggregated set-points from the Second Stage and allocates
them individually to the EVs connected to the system, based
on the conditions calculated on the Second Stage at the MV
node, and the actual household demand.

The proposed control architecture has been designed to be
implemented as a hierarchical distributed control. Stages 1
and 2 are conceived to be carried out by a central controller,
and the third stage by distributed controllers located at the
same levels as the distribution MV/LV transformers. Based on
this, the interplay among the three stages will be hierarchical,
with the distributed controllers following the signals calculated
centrally, and communicating the results back to the central
controller to guarantee coordination with the rest of the
system.

III. MATHEMATICAL MODELS

In this section, the mathematical models for each stage of
the proposed control architecture are introduced and explained.

A. First Stage

This stage operates one day ahead of the actual implementa-
tion, with the objective of minimizing the peak load as follows:

N
bl agev
min PMeT — tfnfaXT E (an,t —+ an,t) (1)
T nm=1

assuming that only the EV load, represented in (1) as P;7},
can be controlled. The base load profile, represented in (1)
as Pfjfmt, is obtained from forecast information and is kept
constant during the simulation; however, this is modeled as
a constant impedance and hence presents deviations from the
base value when the node voltages in the system are different
from 1 p.u.
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The constraints that accompany the objective function (1)
are the following:

ZPﬁie”ﬁ < Bagev, ¥ =1,.., LN )
Eageunm == Z Bcev Vnm = ]., ceey LN (3)

ev=1
Zpﬁfj’“ﬁ > (SoClin, = SoCint, )Eagew, @

Vg, =1,..., LN

NeVnp,, ,t

ot = Z Crey Yy, =1,...,LN,Vt (5)
ev=1

0< P9 < S39% ¥y, = 1,..., LN, Vt (6)
Zzi” <YL <S8 Vny, =1, , LNVt (7)
(@) + (P22ed)” < (ST07) Vim = 1, LN, ¥t 9

where the aggregated EV load constraints are represented by
(2)-(8), which include the aggregated EV energy consumption
(2) obtained from travel information, the aggregated battery ca-
pacity (3), and the minimum SoC that is required at the end of
the day (4). In the previous equations, 7 is the First Stage time
step, Eagevnm represents the aggregated EV energy at each
MYV node, E,gev,, is the maximum aggregated EV energy at
each MV node, Bglev is the battery capacity of individual EVs,
and SOC({;ZU" and SOC’;ZQU are the final and initial SoC
values of the aggregated EV batteries. The aggregated power
limits imposed by the rating of the chargers are considered in
(5)-(8), where S, is the maximum aggregated EV apparent
power, Cre, is the individual EV rating, and Q,7°} is the
reactive power of the EV load. It is important to mention
that EVs are modeled in this stage as aggregated loads that
only absorb active power, as no discharge is considered in this
paper, and can inject or absorb reactive power.

For LTCs, the constraints include the maximum and mini-
mum tap positions, and the maximum number of operations
per day, as follows:

tap; < tap;, < tap; Vi, Vt ©))

tap; s — tapi’t_1| < Mopmp Vi, Vit (10)

Substation and feeder capacitor constraints are also considered,
which are very similar to those of LTCs, as follows:

0 < cap;, < cap; Vj,Vt (11

|cap; , — cap; ;1| < Mop,,, ¥j,Vt (12)

These constraints include the limits for switching operations
(11) and the maximum number of operations (12). The tap
and switching positions of LTCs and capacitors are integer
variable in this problem.

The First Stage also implements maximum and minimum
voltage limits at MV nodes, current limits in distribution lines,
and apparent power limit at MV nodes, as follows:

Vnm < Vnm,t < Vnm vnmth (13)
0< 1, . <Th, Vi, Vi (14)
0< |S‘nm,t < Sn"“t VN, Vit (15)

Finally, unbalanced three-phase power flow equations relating
P, Q, and voltages are also considered, as follows:

E E Vit ,P,ka q, fYnmmJﬁq

nm ,pst

k=1 4=1 (16)
cos(On,,, pi.g + Onmpt — Okqt) Vi, VD, VT
N 3
Qnm,p,t = - Z Z Vnm,p,th,q,tYnm,p,k,q
=1 g=1 a7

SN (On,, p kg + Onpeprt — Okig,t) VN, VD, VE

where P, ,:and @, ,: are the active and reactive power
injections at node n,,, phase p, at time t.

The initial step to solve the stochastic problem of the First
Stage is to randomly define an initial time, initial SoC, and
final time for each EV connected to the distribution feeder
nodes. This random allocation is done using probability dis-
tribution functions (PDFs) derived from historical information
of actual EVs, as in the present work; with this information,
the maximum aggregated EV power and the required energy
per node for the 24-hour period is determined. Then, the mixed
integer nonlinear programming (MINLP) model described by
equations (1)-(17) is solved using Matlabs Genetic Algorithm
(GA) solver from the global optimization toolbox [25], and the
OpenDSS package [26] to solve power flow constraints, from
which the optimal transformer tap and capacitor schedules and
the maximum daily peak for each aggregated EV realization
can be obtained. The nonconvex MINLP nature of the First
Stage problem does not guarantee the optimality of the ob-
tained solution; however, GA approaches have demonstrated to
be likely to find solutions that are close to the global optimum
due to its search strategy [27]. Moreover, the OpenDSS
package, which solves the power flow equations using a nodal
admittance formulation, and a fixed point method to obtain
feeder voltages and currents, is a well-known a robust power
flow solution tool for distribution systems.

With the previous formulations, and using the genetic
algorithm tool, the solution for a single realization of the
EV load and forecast can be obtained in several minutes.
Thus, employing a typical Montecarlo simulation (MCS) for
obtaining good expected values and confidence intervals for
this optimization model for the different load and EV forecast
realizations would take several hours, which is not desirable in
practice. To overcome this difficulty, the non-parametric boot-
strapping method is used, as proposed in [23]. This method
is an alternative to MCS and consists of obtaining a reduced
number of samples of the population, much smaller than the
number required in an MCS, and using random sampling
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with replacement over these samples to obtain the statistics
of a stochastic population. In this work, the aforementioned
procedure to solve the First Stage optimization problem is
repeated for 30 different EV load realizations, after which the
non-parametric bootstrapping method is used to determine the
best estimate of the maximum daily peak and the hourly tap
and capacitor schedule considering EV uncertainties, as other
loads are assumed here to be known, without loss of generality.

B. Second Stage

The tap and capacitor schedules and the maximum peak
demand calculated in the First Stage are used as inputs in the
Second Stage, which allocates the aggregated EV active and
reactive power set points considering MV feeder constraints
every 5 minutes. This allocation is done in such a way that EVs
charge in a fast and fair manner, while providing support to the
grid by injecting or absorbing reactive power. The following
three objective functions are proposed:

1) The first is intended to allocate power in a fair manner

and minimize voltage deviations:

ageu
max <a Zlog < azzz >
B 100 (Vi o

- 1)2> vt

(18)

where « and 8 are weight factors for the two compo-
nents of the objective function. The fair allocation is
done by maximizing the product of the ratios of EV
active power at each node to the maximum EV charger
capacity. In order to avoid scaling problems when many
nodes are considered, the logarithm function is applied
to the product, obtaining a summation function. The
voltage deviation minimization is done by introducing
the node voltage differences with respect to 1 p.u. in
the maximization function. A coefficient is added for
the purpose of objective function scaling.

2) In the second objective function, the aggregated EV
active power is fairly allocated among the nodes, and
the losses are minimized by introducing the differences
between the sending and receiving end active power
flows in all feeders lines in the maximization function:

L
max aZlog ST;"”

Mot

_ﬁZ(leasvpst - lev"'vpvt)2> vt

Im

19)

where P, s, and P ., ; represent the active power
at sending and receiving ends of MV distribution lines.

3) The third objective function, which is referred here as
voltage droop, maximizes the sum of the proportional
fairness function and the aggregated EV droop constants,
represented as K7/

pagev
max <aZlog (SZ“”) + BZ Kaqev> Vi (20)

Nm

Qi = Kp9% (Voo — 1) Vn, Wt (21)
QT — Qe
0< K, < —o e 22)

- 1.04-0.96

Equations (21) and (22) force the aggregated EV chargers to
inject or absorb reactive power proportionally to the differ-
ences between the node voltage and 1 p.u. The voltage limits
used to calculate the droop constants upper limit are chosen to
be 1.04 and 0.96 p.u., which are within the tolerance band of
+6% for MV systems established in Canadian standards [28].
The formulation of this stage considers unbalanced voltage
and currents in distribution lines, using ABCD parameters in
a per-phase formulation, as follows:

Vot A Bl |Vipt

e N e R

87 )

(23)

Voltage and current expressions for loads correspond to a
constant impedance model, as follows:

Vit = 2L ptlL,pt Vi, p, V1 (24)
EV constraints, which include calculation of active and reac-
tive powers for the aggregated EV loads, are represented as:

{Z Vit Zi’f?)t} VN, vt (25)

pager _
nm t —

Qagev Im {Z Vnm tIagev

p

} Yim, ¥t (26)

In addition, the same first-stage constraints of active and
reactive power limits imposed by the aggregated EV charger
capacity (5)-(8) are included, and current balance in each node,
which relates the currents in lines, transformers, capacitors,
loads and aggregated EV loads are considered, as follows:

Z Ilm,p,t (V’f’nm Z Ilm D, t vSn + Z IL,,m D, t+
lm

Z Crm Dot + Z IZZ:’Z t vnnu vpa vt

27)
Finally, voltage limits for MV nodes (13) and current limits
for distribution lines (14), and power limits for each node
(15), which reflect the capacity of the low voltage transformer
in each node are modeled, plus the maximum peak demand
constraint, which is obtained from running the First Stage
model, which is modeled as follows:

SR L+

Nm

Pagev) < Pma:p Vit

Nyt

(28)

The Second Stage formulation is non-linear, with no integer
constraints, since the tap and capacitor positions are kept
constant at the schedule found in the First Stage. This stage
is coded in GAMS, and solved using the SNOPT solver [29].
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C. Third Stage

Once the aggregated EV active and reactive powers are
calculated, these signals are sent to the Third Stage, which
allocates them among the EVs connected in the downstream
LV system. In this stage, the allocation is done using the same
fair approach as in the Second Stage. Hence, the objective
function used for all cases, since the intention here is the
disaggregation of active and reactive power set-points, is the

following:
MNeVn,p, ,t
mo Pev
max Z log (C’ ’t> vt
rev

ev=1

(29)

The mathematical model of the Third Stage considers: voltages
and currents in LV lines:

Vipt| [A B [Vipe
Ls,p,t} B [C D} {[ - ] Vi, Vp, Vit

Voltage and current relationship for impedance load models:

(30)

VLl,p,t = ZLl,p,tILl,p,t Vthp? vt (31)

EV active and reactive powers:

Peyy=Re{ Y VLI 4 Vev=1,.,nev,,,Vt (32)
p
Qevi =1Im Z e IS p Yev =1, . nev,,, Yt (33)

The limits in active and reactive power for individual chargers:

0< Peyt <Crey Yev =1, .., nev,, ,Vt (34)

—Crey < Qevt < Crey Yev =1, ..,nevy,, Vi (35)

And the following constraint to guarantee that the summation
of individual EV active and reactive power consumptions is
equal to the aggregated set-points:

NeVp,,
> Puy =P (36)
ev=1
nevn,,
Z Qevt Z‘(,]nejj (37)
ev=1

The formulation of this stage also considers the current balance

constraints:
= Tipa (Fsn) + > I, .
Iy

Z Iy p. (Vrn,)
t (38)
+ D I, P, Vp, Vit

And limits in node voltages and distribution line currents:

Vi, < Vit < Vi ¥, Vt (39)

0 < Iy pe <M1, 0 Vi, Vp,Vt (40)

The Third Stage is also coded in GAMS, and solved using the
SNOPT solver [29].
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histograms for three EVs.

In every time step, after allocating the individual P and Q set
points for each EV, the SoC is calculated using the following
equation:

P
S0Ceys = S0Ciy s 1+~ 2wy
Becey

where 75 is the Second Stage time step. If the SoC of an EV
reaches 80%, P is not allocated for this EV in the next time
steps, but Q is assumed to be available until the EV is no
longer connected. This upper SoC limit is recommended by
several EV manufacturers to extend battery life [30].

(41)

IV. SIMULATION RESULTS AND ANALYSIS
A. Input Data, Test Systems, and Assumptions

The algorithm explained in the previous section was tested
on a CIGRE’s MV benchmark system [31]. The original
benchmark system has a meshed feeder and a radial feeeder;
in this study, however, only the more typical radial feeder
shown in Fig. 2 was considered. This is a 12.47 kV feeder
and has a length of 7.9 km. Three single-phase subfeeders, all
having the same topology, are connected to the main feeder
at different nodes and phases, and one subfeeder is modeled
as an equivalent load at the first node.

In order to test the Third Stage of the algorithm, which
operates at the LV level, the CIGRE’s North American LV
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benchmark system from [31] was employed. This LV feeder
is composed of a 50 kVA, 12.47/240-120 V transformer, and
10 residential loads. To integrate the MV and LV test systems,
the original loads at nodes SN1-6, SN1-7, SN1-9, SN2-6, SN2-
7, SN2-9, SN3-6, SN3-7, and SN3-9 in Fig. 2 were replaced
with the LV test system. Due to space constraints, only the LV
system of node SN2-6 is represented in Fig. 2. The demand at
each MV node that is not replaced by an LV system, follows
the respective curves and peak values presented in [31] for the
MYV benchmark system; for those nodes modeled with the full
LV system, the demand follows the individual household loads
included in the report. Based on this, the peak base loads for
the MV and LV systems are approximately 6000 kVA and 47
kVA, respectively, which corresponds to the original load of
the benchmark system.

EV modeling is based on the actual data collected for three
EVs operated in the region of Waterloo, Ontario, Canada, in
a period of seventeen months'. The information used in this
study was the consumed electricity between charging events,
the arrival time, which determines the starting time for charg-
ing, and the departure time, which determines the maximum
duration of the charging. Table I presents the general main data
for the 3 EVs considered in the study, and Fig. 3 depict the
corresponding histograms of energy consumption, and arrival
and departure times. EV chargers for this study are rated at
3.3 kVA.

The original benchmark system considered in this study did
not contain information about the number of households that
represent the residential loads; hence, it is assumed here that
for every 5 kVA of peak load, there is an EV charging in
the system. Based on this assumption, Table II presents the
number of EVs assumed to be connected to each node of the
MYV system. For the LV systems, it is further assumed that
each household has an EV.

An existing heuristic EV charging control method was
implemented, based on the calculation of sensitivities of node
voltages to active and reactive power, and the use of a line-
drop compensator (LC) to control the taps in the substation
transformer. This heuristic technique is based on sensitivity
factors that have been used for defining the location of
DGs in distribution systems [32], and in the EV charging
control problem [33]. The sensitivity factors are calculated by
simulation, using dummy loads of 1 kW and 1 kVAR, which
are placed at each one of the distribution system nodes to
evaluate the change in voltages at all the nodes. The allocation
of aggregated EV active and reactive power is done based on
the following expressions:

AVk,t agev

AVi )T Nt
max (Apnm,t)

agev
Mo, ,t

=min | v 42)

AVk,t agev
) ’ Qnm N

AVk,t

(43)
mM(A@TT

Qage'u — mln ,y

N, T

I'The data was collected in the Drive4Data program, led by the Waterloo
Institute for Sustainable Energy (WISE). More information is available at:
https://wise.uwaterloo.ca/drive4data.

where 7y represents a scaling factor, which in this case is equal
V.t AVir ) represent the
AP, 0 AQnpi) P
maximum sensitivity factors of all node voltages with respect
to active and reactive power changes; and AV} ; represents
the desired voltage deviation at the node where the maximum

sensitivity is recorded, and is calculated as follows:

to 0.1; max and mam(

AViy = Vier = Vi, (44)

where V}?! is the voltage at the kth node calculated at the base
load conditions and no EVs.

The existing approach is also considered here for compar-
ison purposes, and is referred to as business-as-usual (BAU).
Thus, taps and capacitors are automatically controlled to keep
the voltage at a certain point in the feeder fixed at a given value
using an LC control, leaving EVs without control and thus
allowing them to absorb their maximum P and Q capacities,

. ageuv agev
ie., an,t and Qnm,t.

TABLE I
EV DATABASE SUMMARY
EV Battery Datalogging # of charging Electricity
model capacity interval events consumed
(kWh) (kWh)
EV1 Chevy 16 03/10/2014 - 941 5078.05
Volt *12 08/14/2014
EV2 Nissan 24 03/10/2014 - 364 1589.78
Leaf ’12 08/14/2014
EV3 | Ford Focus 23 03/10/2014 - 309 2143.39
EV 14 08/14/2014
TABLE II

NUMBER OF EVS PER MV NODE

MV node # of EVs/node
SN1-5, SN1-8,SN1-11, SN1-12, SN2-5, SN2-8 2
SN2-11, SN2-12,SN3-5, SN3-8, SN3-11, SN3-12
SN1-1, SN1-2,SN1-3, SN1-4, SN1-10, 3

SN2-1, SN2-2,SN2-3, SN2-4, SN2-10,
SN3-1, SN3-2,SN3-3, SN3-4, SN3-10,
SN1-6, SN1-7,SN1-9, SN2-6, SN2-7, 10
SN2-9, SN3-6,SN3-7, SN3-9

1 636

B. Simulation Results

First, the 3 EV models described in Table I were evenly
assigned to the nodes of the test system, considering the
number of EVs per node described in Table II, and 30 EV
scenarios were created by randomly selecting one of the
charging events available in the EV database. Each of these
EV scenarios were then applied to the test system, and the
First Stage optimization model was solved for each scenario,
considering a full day and 1-hour time steps (m; = 1 hr).
Then, 15000 bootstrapping samples were obtained from the
30 original samples of optimal maximum demand and optimal
tap position for each hour. Figure 4 presents the maximum
demand in the feeder during the entire day, before and after
applying the nonparametric bootstrapping method. Figure 4(a)
shows the original sample histogram, and Figure 4(b) presents
the histogram of the mean maximum demand after applying
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Fig. 4. Maximum demand histogram for (a) the original sample and (b) the
bootstrap sample.

bootstrapping on the original sample. The shape of the latter
histogram is close to a normal distribution, from which the
expected value and the confidence interval of the system’s
maximum demand can be calculated.

Figure 5(a) plots the substation LTC tap position for the
24-hour period after applying bootstrapping to the original
sample. The solid line represents the average tap position
from the bootstrapping, and the error bars correspond to a
confidence interval of 95.45%, or two standard deviations from
the mean. The dotted blue line represents the final tap position
after rounding the average values to integer values in order to
apply it to the real system. The solution for each EV realization
took in average 19 minutes, using Matlab 8.3.0.532 (R2014a)
running in an Intel(R) Core(TM) i7-4770 CPU @3.40Ghz.
Hence, the full solution for the First Stage took about 9.5
hours. Considering that this process is performed off-line the
day before, these computational times allow for the practical
application of this technique. However, these times can be
significantly reduced if parallel computation approaches are
used, since this stage can be readily parallelized as discussed
n [23]. Figures 5(b) and 5(c) show the tap positions for
the Heuristic and the BAU methods. In both cases, the LC
was set to regulate the voltage at Node 3c in the main
feeder to 0.99 p.u., with a band of 0.025 p.u; this voltage
was chosen to obtain a total energy consumption similar to
the optimization scenarios. Note that in these cases, the tap
operation is more frequent compared to the First Stage results
(22 and 23 number of operations in the Heuristic method and
the BAU, respectively, and 7 in the proposed approach), so
that the voltage is kept within the required range.

The Second Stage was tested by using one of the EV
scenario from the First Stage, and the tap positions calculated
in the First Stage were used as defined parameters for the
Second Stage model. This stage was solved for five-minute
periods (72=5min) using the objective functions defined in
(18)-(20); hence, 288 optimization runs were performed to
complete a full day. Additionally, to test the sensitivity of the
Second Stage results to the weights between the EV battery
charging and the provision of reactive power, the following
three sets of weights were used in functions (18)-(20): a=0.9
and $=0.1, a=0.5 and $=0.5, and a=0.1 and =0.9 .

The voltages in the MV system are depicted in Fig. 6.
Observe that in the optimization cases, voltages are similar
because they use the same tap schedule, but they tend to be
higher when losses are minimized. In the Heuristic and BAU

(a) First Stage
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Fig. 5. Tap simulation results.

methods, the voltages are flatter compared to the other cases,
since taps are operated constantly to keep the voltage within
a given range. In all methods, the voltages are kept within the
defined limits (0.96-1.04).

The resulting allocation of aggregated EV active and re-
active powers for nodes SN1-7, SN2-10, and SN3-12 is
presented in Fig. 7; these three nodes were selected since they
are representative of different phases, demands and number
of EVs. In Fig. 7, Case 1 represents the minimization of
voltage deviations (18), Case 2 the minimization of losses
(19), and Case 3 the voltage droop function (20). For the
three optimization cases, only the results of the pair of weights
that lead to a faster EV charging are presented. These plots
show that aggregated EV active power is limited during times
of peak demand due to LV transformer power limits. The
sharp changes in P and Q in the plots are due to EVs
arriving or leaving. Furthermore, reactive power is most of
the time positive in Cases 1 and 3, because EV chargers try
to lower the voltage, and negative in Case 2, since in this
case the voltage is used to lower the currents and reduce
losses. Each of these simulations took approximately 1.8
seconds, which demonstrates its practical feasibility for real-
time applications. In the Heuristic method, P and Q are limited
at times that do not necessarily coincide with the load peak
in the corresponding LV system, thus leading to overload in
the transformer. In the BAU method, this happens more often
since vehicles are always allocated their maximum P and Q.
This issue can be seen clearly in node SN3-12, around hour 6,
where the optimization methods reduce the EV active power,
but the Heuristic and BAU methods fully allocate the available
capacity, overloading the corresponding MV/LV transformer.

Table III shows the summary of simulation results, including
the total energy consumed by the EV fleet, the total losses in
MYV lines, the total energy consumed in the system, and the
deviation of voltages with respect to 1 p.u. as per:

T N

%z

VD= Vk P —1)2 (45)
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TABLE III
ENERGY CONSUMPTION RESULTS
EV Energy | Energy Losses | Total Energy VD
kWh kWh kWh
Case 1: Min. Voltage deviation (a=0.9 §=0.1) 5,449.71 180.71 109,790.72 1.46%
Case 1: Min. Voltage deviation (a=0.5 8=0.5) 5,237.27 177.38 109,583.29 1.44%
Case 1: Min. Voltage deviation (a=0.1 8=0.9) 5,717.01 169.27 110,077.03 1.40%
Case 2: Min. Losses (a=0.9 £=0.1) 5,908.95 175.66 110,256.31 1.65%
Case 2: Min. Losses (a=0.5 £=0.5) 6,026.83 169.5 110,400.31 1.60%
Case 2: Min. Losses (a=0.1 £=0.9) 5,952.69 168.2 110,327.14 1.59%
Case 3: Voltage Droop (a=0.9 =0.1) 6,234.25 177.92 110,559.84 1.56%
Case 3: Voltage Droop (a=0.5 5=0.5) 6,091.64 176.38 110,419.69 1.55%
Case 3: Voltage Droop (a=0.1 5=0.9) 5,142.51 175.91 109,471.21 1.54%
Base case W/o Q control 6,097.62 182.53 110,403.48 1.65%
Heuristic method 5,989.62 192.29 110,540.44 1.76%
BAU 6,065.86 198.62 110,651.35 1.77%

Case 1 : Min. Voltage Deviation Case 2: Min. Losses
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Fig. 6. Voltages in MV system

From these results, it can be seen that Case 1 scenarios
present a lower EV energy with respect to the base case,
with a difference in the range of 380 kWh to 860 kWh.
Case 2 scenarios also exhibit a lower EV energy, but with
smaller differences, ranging from 70 kWh to 188 kWh. Case
3 scenarios present the largest difference (955 kWh), and also
the only scenario in which EV energy consumption is higher
than the base case (136.63 kWh). The Heuristic method and
BAU control method are very close to the base case, with
differences of 108 kWh and 31 kWh, respectively. In terms
of energy losses, Case 2 with a=0.1 and 5=0.9 presents the
largest reduction compared to the base case (7.85%); it is
important to mention that these losses are calculated only
for the MV lines and do not include the transformers and
LV systems. The highest energy consumption is seen in the
BAU scenario, while the lowest is seen in Case 3 with a=0.1
and $=0.9; the difference in consumption between these two
scenarios is only 1180 kWh, and may be explained by the
differences in losses, EV demand, and the modeling of loads
as constant impedances. Finally, Case 1 scenarios present the
lowest voltage deviations, ranging from 1.40% to 1.46%, while
the voltage deviations in the Heuristic and the BAU methods

are the highest, i.e. 1.76% and 1.77%, respectively. Note that in
all these cases, the proposed holistic control approach reduces
the losses and improve the voltage profiles with respect to
previously proposed EV charging control approaches and the
existing approach (BAU). However, this is accomplished at the
expense of reducing the energy delivered to EVs, in a range
of 0.1%-15%.

Figure 8 shows the individual allocation of active and
reactive power set points of 3 different EVs in the LV network
of node SN1-7. These set points are in agreement with the
Second Stage results; note that the active power set point for
each EV shows some differences with respect to the case
with no Q control due to the provision of reactive power.
Figure 9 presents voltage profiles at all buses in the LV system
connected to Node SN1-7, under different control strategies;
these are similar in shape to the voltages in the MV network
shown in Fig. 6, and are within acceptable limits. Finally, Fig.
10 depicts the SoC curves for several vehicles during the hours
the EV is connected to the charger. Observe that these two
figures demonstrate that the provision of reactive power to
the system has just a small impact on vehicle charging, which
may result in the occasional case of the battery not reaching its
maximum SoC in the available charging time. The Heuristic
case, however, presents a higher delay in reaching the desired
SoC since this node voltage in particular is more sensitive
to load variations, which produces a lower allocation of EV
power.

C. Discussion

Transformer taps and capacitors participate continuously in
reactive power and voltage adjustment of distribution feeders
under the control of LCs, with defined set points to keep the
voltage at designated nodes within a given tolerance band;
however, this approach may produce a high number of oper-
ations, leading to accelerated wear and tear of transformers
and capacitors, which can be costly in terms of operation and
maintenance. To reduce this adverse effect, transformer taps
and capacitors in a distribution grid can be dispatched one day
ahead within a volt/var control scheme, using load forecast
information and constraining the number of transformer taps
and capacitor operations per hour, as reported in, for example,
[34] and [35]. This approach is built into the two-stage
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Fig. 8. Allocation of individual P and Q for EVs at SN1-7

technique proposed in [23] and [24], calculating the expected
day-ahead optimal transformer tap and capacitor schedule
based on a load peak minimization approach, including EVs as
continuous reactive power sources. The day-ahead transformer
tap and switched capacitor schedules are used in the Second
and Third Stages, which make these mathematical models
nonlinear programming problems (NLPs) that can be solved
efficiently with commercial solvers, thus making them feasible
for online applications.

So far, very few works have been published on the use

of four-quadrant EV chargers to regulate voltage and reactive
power in distribution feeders, considering both MV and LV
levels. Hence, it is not possible to perform a full techno-
economic comparison with respect to other similar works.
Nevertheless, an estimation of costs of such a scheme can
be obtained by considering that, based on [36], the cost of
providing reactive power with a 3.3 kVA EV charger could be
equal to 8.4 USD/kVAR per year (this value includes the incre-
mental cost of upgrading a unidirectional ac/dc converter with
a full bridge ac/dc converter, and the cost of additional losses),
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compared to 2.8 USD/kVAR per year for a typical distribution
capacitor bank; however, the volt/var control implemented by
EV chargers would be distributed, continuous and accurate, in
contrast with the case of distribution capacitor banks. Also,
the implementation of the proposed holistic approach would
reduce the number of transformer taps and switched capacitors,
thus reducing wear and tear, and hence reducing maintenance
costs [34]. Finally, the proposed volt/var control would reduce
losses, thus reducing energy loss costs, as with any volt/var
control approach in distribution systems [11].

V. CONCLUSIONS

This paper presented a three-stage algorithm for coordi-
nating the operation of four-quadrant EV chargers and other
volt/var control equipment in a distribution feeder. The outputs
of each stage were used as inputs in the following stages to
define the actual set points for EV chargers at the LV system.

The First Stage included the uncertainties of EV users, and
employed a non-parametric bootstrapping technique to calcu-
late the confidence intervals of the optimal expected values
for tap and switching capacitor positions and peak demand.
The Second Stage allocated active and reactive powers for the
EV aggregated demand at the MV nodes, using a proportional
fairness approach and three different objectives for the volt/var
function. The Third Stage distributed the active and reactive
power set points calculated in the Second Stage among the
individual EVs connected at the LV network. The algorithm
was tested on a realistic CIGRE benchmark, comparing the
results for the different objectives under study. The obtained
results show that using the reactive power capacity of EV
chargers improve the operation of distribution feeders by
regulating the voltage and reducing losses, without having
a significant effect on EV charging levels. Future work will
study of simultaneous control of reactive power and battery
discharging with four quadrant EV chargers in distribution
feeders.
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