energies

Article

The SOC Based Dynamic Charging Coordination of EVs in the
PV-Penetrated Distribution Network Using Real-World Data

Murat Akil »*©, Emrah Dokur %3

check for

updates
Citation: Akil, M.; Dokur, E.;
Bayindir, R. The SOC Based Dynamic
Charging Coordination of EVs in the
PV-Penetrated Distribution Network
Using Real-World Data. Energies 2021,
14, 8508. https://doi.org/10.3390/
en14248508

Academic Editors: Victor Fernao
Pires, Ilhami Colak and Fujio

Kurokawa

Received: 20 November 2021
Accepted: 13 December 2021
Published: 17 December 2021

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

and Ramazan Bayindir *

Department of Electronics and Automation, Aksaray Technical Science Vocational School, Aksaray University,
Aksaray 68100, Turkey

Department of Electrical-Electronics Engineering, Engineering Faculty, Bilecik Seyh Edebali University,
Bilecik 11200, Turkey; emrah.dokur@bilecik.edu.tr or edokur@ucc.ie

3 Marine and Renewable Energy Center, University of College Cork, P43 C573 Cork, Ireland

Department of Electrical-Electronics Engineering, Technology Faculty, Gazi University, Ankara 06500, Turkey;
bayindir@gazi.edu.tr

*  Correspondence: muratakil@aksaray.edu.tr; Tel.: +90-3822882481

Abstract: A successful distribution network can continue to operate despite the uncertainties at
the charging station, with appropriate equipment retrofits and upgrades. However, these new
investments in the grid can become complex in terms of time and space. In this paper, we propose a
dynamic charge coordination (DCC) method based on the battery state of charge (SOC) of electric
vehicles (EVs) in line with this purpose. The collective uncoordinated charging profiles of EVs
charged at maximum power were investigated based on statistical data for distances of EVs and a
real dataset for charging characteristics in the existing grid infrastructure. The proposed strategy
was investigated using the modified Roy Billinton Test System (RBTS) performed by DIgSILENT
Powerfactory simulation software for a total 50 EVs in 30 different models. Then, the load balancing
situations were analyzed with the integration of the photovoltaic (PV) generation and battery energy
storage system (BESS) into the bus bars where the EVs were fed into the grid. According to the
simulation results, the proposed method dramatically reduces the effects on the grid compared to
the uncoordinated charging method. Furthermore, the integration of PV and BESS system, load
balancing for EVs was successfully achieved with the proposed approach.

Keywords: electrical vehicles; dynamic charge coordination; peak loading; wave-form charging;
load balancing

1. Introduction

Governments around the world support with various low taxes and incentives to
plug-in electric vehicles (PEVs) users to reduce greenhouse gas emissions in the energy
and transportation systems. PEV can be defined as flexible loads that are charged at
different times and different places. Typically, these vehicles are charged by a normal
charging rate in residential, business and shopping mall parking lots, while PEVs are
fed with a fast charging rate at a public charging station for reduced standby time. The
ever-increasing PEVs charging on distribution networks creates the problem of uncertainty.
Therefore, the effects of using the charging profiles of different EVs on the distribution
grid should be investigated. Investors installing charging stations or providing electricity
distribution services create short-term and long-term infrastructure development planning
using an estimate of the change in the bulk charging profile of EVs over time. Due to the
uncertainties of EV battery charging characteristics and EV users, estimated infrastructure
development plans are thought to result in high costs in the full management of the total
charging load during the day [1]. In addition, the charging demand of electric vehicles in
the operation of the distribution grid in a region is seen as a potential risk, as it shows a
time-varying load profile. Therefore, a load demand model needs to dynamically analyze
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EV charge loads over time. Due to the lack of site load data at these different charging
sessions, most studies make various assumptions for bulk EV charging profiles [2].

There are many types of batteries found in the construction of today’s electric vehicles.
Lithium-ion (Li-ion) batteries are preferred as storage units in current EVs due to their low
idle discharge rate, long life cycle, high energy, and power density features. Researchers
examining bulk EV load effects on the grid assume that any EV is charged at the maxi-
mum power rate with constant current mode (CC) at each time interval for a charging
session [3,4]. However, this charge assumption does not reflect the actual charging profiles
according to the values obtained with the developed measuring devices [5]. In general,
the charging profile of an EV can be expressed with Equivalent Circuit Models (ECMs)
that provide low computing power for batteries. However, with this ECM, despite its low
computational process, its accuracy is limited only by parameterized values [6,7]. It is
more realistic than ECM to generate charge profiles of an EV based on the electrochemical
model (EM) of the battery. However, these electrochemical models are computationally
more complex and therefore unsuitable for real-time application [8]. Additionally, both
the battery ECM and EM are confidential by each EV manufacturer to avoid commercial
competition. Most researchers use synthetic data generation softwares to estimate the effect
of EV charging on distribution networks due to problems in accessing real charge curves of
EVs or data scarcity [9]. Researchers are also working on two-stage charging methods such
as constant current/reduced constant current [10], constant current/constant voltage [11],
constant power/constant current [12], constant power/decreasing power [13] to improve
charging performance.

The modeling of the electric vehicle charging load in the power management has
accelerated with the increasing real data in recent years. Continuing to promote better
charging load modeling techniques is crucial to successful grid integration of electric
vehicles. It can provide an alternative solution to the uncertainty problem of the total EV
charging power on the grid. In the literature, charging load modeling techniques into
the power management framework have been proposed using EV charging coordination
methods [14-17]. In study [4], an incentive-based charging coordination method is used for
maximize the benefits according to customer options for slow or fast charging. Generally,
coordination methods are mostly divided into two basic groups as static (maximum power)
and dynamic (variable charging power) according to the EV charging power rate [15]. In
the past, various grid effects were analyzed based on the charge load profiles of EVs at
continuous maximum power, and the penetration rates of EVs into the grid were calculated
in [16]. Hierarchical charging coordination method in a charge management system has
been implemented in the central control structure by using as early as possible and as
delayed as possible in different charge timing cases of the maximum charging power
of EVs [17]. According to the experimental results and measurements made in recent
studies, the charging power of EVs appears to show a dynamic charging profile [18]. In a
review paper about open datasets that have emerged, it is emphasized that the charging
power of the vehicles varies over time [19]. Researchers have proposed a charging profile
that makes experimental charging decisions with a machine learning algorithm based on
historical charging session data at home [17]. The prediction model of total EV charge
profile is proposed for load management of electric vehicles, using Monte Carlo simulation
(MCS) based on travel statistical data in PV-powered Industrial Microgrid (IMG), assuming
maximum power charging [20]. In [21], the inverse of the natural exponential function was
used in a quantitative optimization model to show the decrease in EV charge power with
increasing SOC using the dynamic charge power developed based on the curve polynomial
for the estimation of the total EV charge model. However, this study is based on reducing
charging costs and increasing penetration rates.

In the electricity distribution grid, at a busbar node in time and space, energy con-
sumption should be equal to generation in order to avoid the problem of power outages.
The large increase in the number of EVs in the distribution grid causes an enhance in
electricity demand. At the time of this load increase, if power management is not done
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in the network, it may cause an interruption at a certain point. Therefore, smoothing or
balancing the load increase of EVs has an important role. Incentive-based approaches are
used as charge coordination methods of EVs for load smoothing. Load balancing with the
generation power from renewable energy sources, together with the charging coordination
methods of the EVs, are evaluated [22].

A charge optimization model is proposed with mixed integer linear programming
(MILP) and particle swarm optimization (PSO) algorithm according to the battery charge
characteristics of various EVs to evaluate an EV accommodation capacity in a distribution
system. A Monte Carlo simulation is used to simulate the charging behavior of the EVs,
relative to the actual mobility behavior of the EVs [23].

On the basis of the recent studies in the literature, an EV charging coordination method
is created to grounded on one of the centralized, decentralized, distributed and hierarchical
control architectures to create total charge load models of electric vehicles. Then, various
software (MATLAB, LINGO, CPLEX Studio and GAMS) and one of the dynamic, linear
and non-linear programming techniques are used for load scheduling during the day. The
main contributions of this article are given as follows:

e A Monte Carlo simulation with a time interval of 5 min, which holistically addresses
the stochastic fit and charging load distribution of EVs in a distribution grid has been
performed. A data-driven method is proposed to model the important EV charging
behaviors with the dynamic SOC-based coordination method.

e A daily total EV charge-load model was created for SOC-based EV dynamic charge
coordination with linear programming technique.

e  Itis tested on the modified Roy Billington Test System (RBTS) for the analysis of the
grid effects of the specified charging load model.

*  Transformer loading, transformer loss, network peak loading and line losses con-
ditions were evaluated according to the presence of Photovoltaic (PV) and Battery
Storage Unit (BSS) in the system.

The remainder of the document is organized as follows: Section 2 presents the charging
approaches in the literature for Li-ion battery rechargeable EVs and the charging approach
based on actual EV charging data proposed in the study. Section 3 includes the proposed
charging model using the test system on Digsilent, a relevant description of the PV and
BESS states, and simulation results. The benefit of the PV and BESS components in
the proposed design, the advantages and disadvantages of the proposed SOC-based
coordinated charging method are discussed at the end of Section 3. Section 4 evaluates the
results of the proposed coordination approach and its impact on the charging of EVs on
the grid.

2. Methodology

Electric vehicles have various designs of power electronics DC-DC converters as pure
electric or hybrid electric vehicles according to the propulsion technology. Current EV
batteries are divided into DC fast charging and AC normal charging, considering different
international technical standards. While AC normal charging service is expected in homes,
workplaces and public parking lots, DC fast charging is aimed to receive charging service
especially in large capacity charging stations for vehicles in the service and transportation
sectors with large battery capacity. On this basis, battery charging methods are examined
especially for pure EVs at normal charging power for this study.

2.1. Varies Charging Methods for Li-ion Battery EVs

The charging load model of EVs is created by combining EV battery charging meth-
ods and EV user uncertainty models [22]. In the literature, simple charging, optimized
charging, model-based charging and AC charging have been suggested for these battery
charging methods [7]. Based on the charging methods in the literature, the proposed
charging method considered in this study can be accepted as one of the optimized charging
methods in Figure 1. The EV user uncertainty model has the daily driving distance, the
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charging sessions of the EVs, the EV charging start time and end time. This information
significant for creating the charging load model of EV. Within the scope of this paper,
daily driving distances and charging start times were taken into account in the EV user
uncertainty model.

Charging Load Model

17 of EV —l

EV Charging Methods EV User Uncertainty

Model
I
' ' \ ' Daily Drivi
- . . . . aily Driving
. Optimized Charging Model-Based Charging Simple Charging -
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Figure 1. Types of EV charging load modeling (blue boxes = existed methods, orange boxes = newest methods, green
box = the proposed method in this study).

Model-based charging methods are classified as electrochemical model and equivalent
circuit model [5,6]. Electrochemical model-based charging method, constraints such as
maximum current and temperature during charging can be accurately calculated and
therefore the charging time can be reduced. It is higher in accuracy than the equivalent
circuit model-based charging method, but more computationally expensive [8]. For this
reason, charging with this method is not preferred in real applications. The equivalent
circuit model charging method aims to optimize the charging process by controlling the
CV mode voltage. This charging method models a battery as a Thevenin equivalent. The
maximum allowable current during the charging process, the maximum battery tempera-
ture, the targeted battery SOC value and the SOC value at the end of the charge are the
constraints of the optimization problem. Experimentally, this charging method includes
temperature, power loss and electrical thermal aging models [24,25]. Equivalent circuit
model charging method, the accuracy level is limited only to the range in which the model
is parameterized, and calculation complexity is low. Parameters, structures and models of
EV charging methods are reserved to prevent unfair competition by vehicle manufacturers.
In model-based methods, battery parameters and SOC value are estimated with the help of
adaptive filters and controllers [26].

In recent years, the model-based methods have been replaced by completely computer
intelligence-based methods that require high computation time and storage size [7]. There-
fore, dynamic charging methods based on real charging data or simple charging methods
assumptions are used to estimate the charging profile of electric vehicles.

The AC charging method is also called the sinusoidal alternating current (SRC) method.
This charging method has been attracting attention in Li-ion battery charging recently. The
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difference of this charging method from the pulse charging technique is used to the charging
current as a sinusoidal current superimposed on a direct current (DC) [27]. This charging
method allows charging at an optimal frequency for the electrochemical impedance of the
batteries, thus minimizing the frequency-dependent impedance. It has been verified that
the AC charging method is more optimal than the CC-CV charging method in terms of
charging time, charging efficiency, temperature rise and battery life [28].

The simple charging method is divided into two as constant current or constant
voltage mode charging. Constant current (CC) mode charging has advantages such as ease
of calculating the charging current depending on the battery capacity and charging time,
using constant current throughout the entire charging process according to the estimated
value of the Battery SOC, and having limited current to prevent excessive current in the
initial charging process. However, the battery may overcharge or undercharge due to
cumulative errors in the SOC estimation algorithm [29]. In constant voltage (CV) charging,
the power supply voltage is kept constant throughout the charging process of CV. In the
CV charging process, the terminal voltage of the battery increases with time, resulting in a
gradual decrease of the charging current. In the IEC 61851 standard, the minimum current
at which the charging process will end for CV mode charging is specified as 6 A [30]. CV
charging can adjust the charging current according to the estimated battery SOC value and
fully charge the Li-ion battery with constant voltage. However, in CV mode charging, if
charging with low SOC is started, the battery pack will draw larger charging current. This
causes the crystal lattices inside the batteries in a battery pack to collapse with temperature
increase, thus damaging the battery structure [31]. In addition, overcurrent may cause the
power to be cut off by the protection equipment on the distribution network.

Optimized charging method is wave-form-based charging method involving two or
more charging stages. The optimized charging methods are classified as constant current-
constant voltage (CC-CV) mode, multi-stage CC mode and pulse mode charging according
to the purposes of maximizing charging performance [26].

The two-stage CC-CV charging method that is currently the most common method
of charging Li-ion batteries in modern EVs recommended to overcome the disadvantages
of simple charging methods. In this charging method, starting with a preset continuous
maximum current in the CC stage, it switches to CV charging when the battery voltage rises
to a preset maximum voltage level. In the CV phase, the charging process ends when the
charging current drops to a predefined current. The CC phase for fast charging generally
accounts for 85% of the charging capacity [18]. The charging time is extended due to the
reduction of the charging current in the CV stage.

Multi-stage CC charging methods provides an alternative solution to the long charging
time in CV mode in the CC-CV mode charging method. In order to reduce the charging
time, it is to delay the battery voltage from reaching the upper limit by preventing the CV
cut-off voltage from reaching the upper limit very quickly while charging the battery, and
making the charging current decrease gradually according to the battery SOC value instead
of a single linear curve [32].

Pulse charging methods can be defined as a separate CC or CV charge. Although it was
used for rapid charging of lead acid batteries in the past, it is also used in Li-ion batteries
at this time. The purpose of pulse charging is to eliminate or reduce the cut-off voltage by
adding a short rest interval or a short discharge time during charging [33]. Thus, it allows
higher acceptable current in the charging stages compared to other charging methods. This
method reduces the charging time compared to other methods [34]. However, in case of
intermittent charging of the battery, it is necessary to analyze the effects on battery health,
cycle life and capacity experimentally. In addition, the effects of pulse charging, which
allows higher currents, on the grid and charging equipment remain unclear. For total EV
charging, the effect of dynamic power at this charging method on the grid in different time
periods is significant. Considering this uncertainty of pulse charging, the coordinated EV
charging method can be used as an alternative.
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Coordinated EV charging is basically classified into Efficiency Coefficient Based Charg-
ing, Data-Driven Charging, Polynomial-Based Charging and SOC Based Dynamic Charg-
ing. The optimized charging methods created with coordinated EV charging methods
also helps to understand the relationship between EV accommodation on the grid and
distribution of charging load [23]. In the new studies in the literature for Coordinated
EV charging method, first of all, a data-based charging method has been developed [17]
and customer-based coordinated EV charging for total EV loads has been studied [14].
As a charging method, charging processes coordinated with data were investigated by
normalizing the charging curve of electric vehicles over DC fast charging curves [35] or
by using machine learning of real charging curves [12]. In the later studies, the efficiency
coefficient-based charging approach was examined [11], assuming that the charge curves
decrease according to a charge efficiency coefficient after a determined SOC value. There is
also a case study of the coordinated EV charging approach with polynomial equation-based
charging via office Excel software based on the actual charging curve of a BMW i3 EV [21].

2.2. Proposed SOC-Dynamic Charging Coordination vs. Uncoordinated Charging Coordination

One of the optimized charging methods, CC-CV mode charging, is often used to
ensure the long life and capacity of batteries in all-electric rechargeable EVs. According to
the IEC 61851 Mode 3 AC charging standard, after the EVs switch to CV mode, the charging
power decreases with the charging current over time and then the charging process is
completed to a certain power [30].

The Li-ion battery requests a variable charging power depending on the battery’s SOC
and the charger rating power [36]. In this study, constant maximum power charging was
taken with CC mode charging, which is one of the simple charging methods, to create the
total EV charging load model with uncoordinated charging.

In uncoordinated charging, abbreviations mean charging start time #;, charging end
time 7 and total charging time tfh for each i. EV in Equation (1). According to uncoor-
dinated charging, charging power of EV Pf? is chosen for minimum value between the
maximum charging power Pi,tv of i. EV and the availability power of charging station

PFS at each t time step in Equation (2). The EV battery status SOC!" before charging is
assumed that between the minimum rate of the state of charge SOC™" is 20% and the
maximum rate of the state of charge SOC™%* is 100% in Equation (3). Additionally, battery
status during charging of an i. EV is expressed as P;,. It is calculated by the instantaneous
cumulative incremental according to EVs charging maximum power P/** at the charging
session and their battery capacity C/” in kWh at the end time of charging in Equation (4).
This equation is considered to { time interval first value as the same with ;. The SOCj,
increase of i. EV over time is modeled as T = 288 intervals during a day with ¢ time step at
a time resolution of At = 5 min. The time resolution was taken as such, as approximately
80% of those surveyed reported their departure time as 5 min or more [37].

h
Pt = min(PEY, PS), PAte f(SOCE,) @
socHin < sociit < socm ©)
T Pt AT

SOC, = SOC!™ + ) s
t=ti Tt

t € [£,T] and SOC, € [SOCI",SOC™™]  (4)

In this study, the uncoordinated charging is considered as indicated in Figure 2. The
Swiss Travel Survey [38], which was carried out by the Swiss Federal Statistical Office
(SFSO) in 2015, is focused on distance distribution of EV travel and ElaadNL statistical
datasets used for charging start time distribution [39]. ElaadNL company is a Dutch
research center developing in the field of EV dataset, smart charging infrastructure and
interoperability. The ElaadNL database contains the charging session information of the
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EVs for approximately 1750 public charging stations from January 2012 to March 2016.
In this study, the ElaadNL dataset was used for charging arrival times of private EVs for
charging start times.

Swiss Household Travel Surveys
[2015] / Statistical Data of Elladnl
Charging Start Time [2015-2019]

t - Location scale
PDF

A 4
Log-normal PDF

A 4

Daily
Travel
Distance
EV Battery Capacity

A 4
’_L‘ B Arrival at
< CS of EV

soc™

Charging
Start Time
of EV (]

Monte Carlo Simulations
Monte Carlo Simulations

Charging
Power=
ch
L

Sum of EVs

Charging
Profiles

Figure 2. Uncoordinated charging algorithm.

After preprocessing the distance data in the Swiss Travel Survey, daily EV travel
distance data is generated stochastically as a result of the Monte Carlo simulations suitable
lognormal probability distribution function (PDF). On the other hand, EV charge start time
data is created as a result of Monte Carlo simulations in accordance with the t-location scale
distribution from the charging arrival times dataset in the ElaadNL dataset. The daily EV
travel distance data is used to calculate the battery initial state of charge for each EV, while
the EV charge start time indicates when the vehicle is charged. The end of charge of each
EV is until the battery state of charge the vehicle is 100% as shown in Figure 2. The EVs
are constantly charged at the maximum power allowed by the charging station or electric
vehicle according to uncoordinated EV charging. This processes are applied for each EV
that comes to the charging station. The sum of the EVs charging profiles are expressed as
the dynamic total load in each time step.

In reference [40], a simple division operation is used with a statistical approach to
estimate the charging power based on the battery SOC in charging mode, calculate the
charge energy and the average charging power over a given range. However, the mentioned
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method is unrealistic as it exceeds the rated power of the charger [21]. For the specified EV
charging load forecast, it is assumed that the ratio of SOC and charge time of the battery
varies linearly and the change of charge power demand function against charge time is
shown in per unit [36]. However, the stated power demand function is not sustainable
in generating the total EV load model when it is considered that different EVs have
different charging times. Therefore, in the proposed coordinated charging method, EVs
are continuously charged with maximum power up to SOCj, < 73% as the transition point
from CC charging mode to CV mode. When the battery SOC is greater than SOC}; > 73%
over time, it is dynamically fed 3.17 times the inverse function of the natural logarlthm
according to the load profile based on the actual charge-load models. In Equation (5), while
the SOC;, value increases over time, the charging power of the EVs decreases and draw the
amount of load from the grid. In addition, the dynamic charging coordination algorithm is
considered as indicated in Figure 3.

f(s0ce,) = {Pf,’f min(PEY, PES) if SOCE, < 73%
it} — ’

5
Pfh =317 x PEV x In(1/SOC¢,)  if SOCS, > 73% ®

Swiss Household Travel Survey [2015]/
Arrival Time of EV's Statistical Data from
Elladnl [2012-2016]

h 4

t - Location scale
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y
Charging
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Log-normal PDF
A 4

Daily Travel

&
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Start Time :
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v
) (Amala
[+]e CS of EV
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T=t+t.4t

h 4 h 4
Charging Power= P, Charging Power= Sum of EVs
Py =-3.17. P” In(SOC:,)) | Charging

Profiles

Figure 3. SOC-based dynamic charging coordination algorithm.
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In this paper, the SOC-based dynamic charging coordination (DCC) formulation is
based on the actual charging curve of a BMW i3 EV [21]. Although uncoordinated charging
power is constant, the SOC-DCC presents EV maximum charging power until EV battery
state of charge value 73%. Then, this charging power decrease based on inverse natural
logarithmic function of battery SOC.

2.3. Real Data of EV Charging Profiles

EV charging profile is based on statistical probability distributions of internal combus-
tion engine vehicles in the National Household Travel Survey (NHTS) for daily driving
distance and battery starting SOC due to a lack of consistent actual EV load data in the
past [18]. MCSs are generally preferred to generate examples of recharge start and end
times of EVs with experimental scenarios according to this survey [21]. Using real datasets
of EV driving and charging session behaviors, instead of data from conventional motor
vehicles used in the past, the overall EV charge load model is of great importance for the
grid [19]. The availability of real EV load data allows the use of combined load estimation
techniques based on stochastic and data-driven approaches for EV load estimation [41].
A review of the literature shows that although there is a development process regarding
the deterministic EV charging profile, probabilistic EV charging profile are not yet of equal
interest. In this context, travel distance curves should be generated by looking at the
actual travel distances of EVs. Although EVs have a maximum daily travel distance of
approximately 300 km, the majority of EV frequencies travel between about 10% and 20%
of their maximum daily travel distance [23]. Therefore, the optimal curve for the daily
travel distance of EVs is represented as a lognormal distribution function. The lognormal
distribution (curve skewed to the right) is called to the logarithm of the normal distribution
(a curve symmetrical on both sides) and expressed as a continuous probability distribu-
tion of a stochastic variable over a certain km range. Equation (6) is used for lognormal
probability distribution function, while Equation (7) is used for lognormal cumulative dis-
tribution function. In this study, Log-normal distribution probability function parameters
is considered expected mean value y; = 3.4 standard deviation value o; = 0.88 according
to assuming 75 percent of daily travel distances are under 55 km [42]. The cumulative
distribution function (CDF) graph of the total daily travel distance is as shown in Figure 4.

o (108’2‘*2%1)2
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F(x) = ;[1+erf(1n;;\/;d) @)
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Figure 4. Cumulative distribution of Daily traveling distance.
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The SOC instantaneous value of the battery is a function that includes distance,
SOCinit and energy use in discharge mode [43]. In this study, consumption energy effi-
ciency value is considered ¢ = 0.19 kW for all EVs and the same average consumption
efficiency for each km. All EV battery status before charging SOC" can calculated by
Equation (8).

sochit =1 &0 ®

max
Ci

d; daily travel distance (consider maximum value distance 300 km) of an i is shown.
EV, C/"* = 70 kWh EV maksimum battery capacity, and SOC!"! initial state of charge
value of i. EV. In this study, charging start times is based on ElaadNL dataset for private
EVs arrival time. it is assumed that when the EVs arrive to charging station, they draw
to power on the grid. In the MATLAB software with distribution curve fitting tool, the
most appropriate probability distribution was calculated as the t location-scale distribution
in the curve fitting stage according to the real EV arrival dataset. Charging start time
curve is calculated with t location-scale probability distribution function that includes
location parameter y = 19.53, scale parameter o = 2.43 and shape parameter v = 2.39 via
fitting toolbox. Charging start time curve and real arrival time statistical curve is shown as

Figure 5.
@» 0.2 T [
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Figure 5. Probability distribution of charging start times.

The t location-scale probability distribution function (PDF) calculated by Equation (9)
for charging start time. This equation is used to solve distribution via I'(.) gamma function.
—(ugl
T [+] 7
o /vl (v/2)’ v

Monte Carlo simulation is created experimental scenarios for 50 EVs according to
SOCI?”” values of EVs and charging start time of EVs based on t location-scale PDF. These
scenarios are used for create each EV charge load profile of either the proposed coordinated
or uncoordinated charging method. 50 EVs is chosen in 30 different model PEVs for
charging load modeling. Table 1 shows these EVs. Additionally, in this study, the charging
powers corresponding to the SOC change over time were examined as a 3D model with the
DCC method proposed for 30 different EVs in Figure 6. This means stochastic processes for
EV loads as the temporal model.

f(x) ©)
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Table 1. Charging Specification of EVs.

EV Model Charge Power (kW) Battery Capacity (kWh)
Hyundai Ionig-E 6.6 28
Tesla Model 3 LR 115 74
Hyundai Kona-E 7.2 64

VW e-Golf 7.2 35.8

BMW i3 74 33
BMW i3s 22 33
Chevrolet Bolt-E 7.2 60
Honda Clarity EV 6.6 25.5
AUDI e-tron 11 95
Nissan Leaf 6.6 40
Fiat 500e 6.6 24
Kia Soul Electric 6.6 30
Ford Focus Electric 6.6 33.5
Tesla Model S 100D 7 100
BYD e6 19.2 61.4
Citroen e-C4 74 50
BMW iX3 11 74
Honda e 6.6 28.5
Audi Q4 e-tron 35 7.2 52
Peugeot e-208 74 45
Audi e-tron GTRS 11 85
MG MarvelR 11 70
BMW i4 11 80
VW IDA4 1st 11 77
Mercedes EQA250 11 66.5
Dacia Spring-E 11 26.8
Skoda Enyaq IV 11 82
Kia EV6 GT 11 77.4
Mitsubishi i-MiEV 3.6 16
Mercedes B-Class 10 28

FPower (KW)

Figure 6. SOC-based charging power of 30 different EVs according to temporal.

12 -

10 |

EVs

30

1

0.6
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A linear model with the nearest neighbor interpolant method corresponding to this
model is calculated by Equation (10) as follows:

f(x,y) = p00 4 p10.x + p0l.y + p20.x> + pll.x.y + p02.y> (10)

for Coefficients (with 95% confidence bounds): p00 = 0.02388 (0.0008514, 0.04691), p10 = 40.72
(40.42, 41.01), p01 = —0.002866 (—0.006243, 0.0005107), p20 = —40.71 (—41.02, —40.4),
pl1=—0.01909 (—0.02113, —0.01705) and p02 = 7.145 x 107> (—3.682 x 107>, 0.0001797).
In addition, the error values of the model obtained from this 2nd degree 2-dimensional
polynomial equation were calculated as Sum Square Error (SSE): 829.5, R-square: 0.9176,
Adjusted R-square: 0.9175 and Root Mean Square Error (RMSE): 0.3153, respectively.

3. Results

Distribution grid can adversely effect the collective EV loads at any peak time. For a
review of coordinated and uncoordinated charging of EVs on the grid effects is used the Roy
Billinton Test System (RBTS)-Bus 2 network that is modified via the Digsilent PowerFactory
software [23]. A photovoltaic system and battery energy storage system were included
in the TLP21 coordinated and TLP22 uncoordinated charging busbars where EVs are
located in the test system. There is a 3-phase 3 MVA 10 kV /0.4 kV low voltage distribution
transformer for charging these busbars EVs and base loads LP21 and LP22. While the
PV system operates in a way that can charge BESS or EVs during the day according to
the load situation in the grid, BESS operates in a way that can dynamically take charge
and discharge decisions according to the status of the EVs or base load in the grid. PV
generation profile and system modeling, respectively, are shown in Figures 7 and 8.

PV generation power plant is built for a maximum power generation capacity of 50 kW.
BESS is designed as a supplier or consumer with 30 kW instantaneous power. Additionally,
total energy capacity of this BESS was 100 kWh. The PV generation plant, BES system and
EV charging loads supplier conductor type was selected to NYBY 3 x 240/120 mm? copper
(Cu) 0.6/1 kV nominal voltage two parallel lines. These are included to the BLP21 busbar
by the Linedistunc parallel line for the uncoordinated charging, while the BLP22 busbar by
the Linedistcor parallel line for the dynamic charging coordination [24].

60

40 .

30~ 3

Active Power (kW)

10 - -

0 | | 1
00:00:00 06:00:00 12:00:00 18:00:00 00:00:00
Time (5-min intervals)

Figure 7. PV power generation units during a day.
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Figure 8. System modeling in Modified RBTS network.
3.1. Results Analysis under Uncoordinated Charging and DCC Method without PV-BESS

The proposed dynamic charging coordination profile is created in the same stan-
dard for 50 EVs with 30 different EV model, regardless of the uncoordinated charging
situation on the grid without PV and BES system. The uncoordinated charging and pro-
posed dynamic charging coordination are compared to peak power values drawn from
the grid and the line loading conditions, that was shown in Figure 9, respectively. Ad-
ditionally, Figure 10 includes transformer loading in the grid, transformer power losses
and power losses in distribution lines according to uncoordinated charging and suggested

DCC methods.
(@ (b)
160 T T 45
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Coordinated Coordinated
L B 40 - q
140
35 T
120 - b
30 T
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T 5 25f I
] c
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Figure 9. Total EV power (a), and distribution line loading (b) for uncoordinated charging vs.
proposed DCC methods without PV and BES system.



Energies 2021, 14, 8508

14 of 19

w
a

Uncoordinated
Coordinated

ansformer Loading (%)
w
o

m (a)

25 b
© L L
Fo00:00:00 06:00:00 12:00:00 18:00:00 00:00:00
Time (5-min intervals)
. T
1 4
. E Uncoordinated
GE) e Coordinated
Q -
5 809 ()
® O
% -
= 3 09 4
[ = JL/‘_/\’\
S
a
0.85 L L L
00:00:00 06:00:00 12:00:00 18:00:00 00:00:00
Time (5-min intervals)
10 T
2 E Uncoordinated
i Coordinated
52 ©
£3 5 ]
5 o
=} —
2 2
a3 b,
o %
0 L L A
00:00:00 06:00:00 12:00:00 18:00:00 00:00:00

Time (5-min intervals)

Figure 10. Transformer loading (a), transformer losses (b) and distribution line losses (c) for uncoor-
dinated vs. proposed DCC methods without PV and BES system.

3.2. Results Analysis under Uncoordinated and DCC EV Charging with PV-BESS

Proposed DCC profile is created in the same standard with uncoordinated charging
included the PV and BES system on the grid like case 1. The uncoordinated charging and
proposed dynamic charging coordination are compared to peak power values drawn from
the PV and BES system powered grid and the line loading conditions, that was shown in
Figure 11, respectively. Additionally, Figure 12 is including transformer loading, trans-
former power losses and power losses in distribution lines with PV and BESS according to

uncoordinated charging and suggested DCC methods.
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Figure 11. Total EV power (a), and distribution line loading (b) for uncoordinated charging vs.
proposed DCC methods with PV and BES system.
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Figure 12. Transformer loading (a), transformer losses (b) and distribution line losses (c) for uncoor-
dinated vs. proposed DCC methods with PV and BES system.

3.3. Discussion

As shown in Figure 9, the uncoordinated charging method demands 58 kW more
power from the grid compared to the DCC method, when the EV load is at peak time in the
grid without PV generation system and BESS integration. In addition, the loading value
of uncoordinated charging on the distribution line is 44%, while the loading value in the
distribution line created by the proposed DCC method is 27%. As it can be understood
from here, the proposed DCC method reduces the peak power that uncoordinated charging
draws from the grid. In addition, when there is only base load in the grid, transformer
loading increases by 5% in uncoordinated charging with the inclusion of EVs and becomes
3% with the proposed DCC method as seen Figure 10. Power losses in transformers are
around 1% due to their large capacity at peak loading times for two charging methods.
In addition, power losses in the distribution line decrease to 9.87 kW in uncoordinated
charging and to 3.71 kW with proposed DCC method. According to Figure 9, while
uncoordinated charging in the grid with PV and BES system has an instantaneous peak
charging power of 117 kW, the proposed DCC method draws up to 76 kW. In addition,
while uncoordinated charging caused a line loading of 34%, the line loading was reduced
to 22% with the proposed DCC method. In the distribution network powered by the PV
and BES system in Figure 10, the transformer load was reduced by approximately 1% for
both charging methods, while the losses in the transformers remained at a similar level due
to the high transformer capacity. In addition, the losses in the distribution line decreased
from 5.91 kW in uncoordinated charging to 2.5 kW with the proposed DCC method. In
Table 2, the total energy drawn from the grid, base load values, and loss values for both
charging methods are given according to the presence of PV-BES.
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Table 2. EV charging effects on the grid at peak time.

EV Charging Bus Power (kW) Base Load (kW) Power Loss (kW) PV BESS
Uncoordinated Charging 1068.53 917.63 9.86 No No
Uncoordinated Charging 1034.56 917.63 5.91 Yes  Yes

SOC Based DCC 843.57 750.84 3.71 No No
SOC Based DCC 827.00 750.84 2.50 Yes  Yes

As shown in Table 3, there is a comparison of the charge coordination method pro-
posed in this study with other studies. In future studies, it is thought that random non-EV
uncontrollable loads can also be included in the existing power management, because both
non-EV uncontrollable loads and EV load do not think together on the grid.

Table 3. Comparison of charging coordination approaches for grid integration of EVs.

Problem

Control Architecture-Programming Technique Charging Coordination Total EV Load Model RES BESS PLR PLL LF LS LB PAR ICD RUL

EV customer
profit and
charging cost
Charging
demand
characterize
EV charging
load balance
with WT

EV increasing
penetration
on the grid
EV parking
lots

profit

Limited charge
infrastructure
capacities
Maximum
allowable EV
penetration
Computation
of large-scale
EVs charging
Grid capacity
high charging
utilization
Accommodate
Capability

of EV on

the grid
sizing, siting
of DGs, EVCSs
and BESS units

Dynamic EV
charging effect
at peak times
Future work:
dynamic EV
charging effect

Centralized
-LP

-LINGO [14]
Decentralized
-FL

- MATLAB [2]
Centralized
-MPC/QP
-MATLAB [3]
Decentralized
-QpP

-Python [9]
Centralized
-LP
-MATLAB [11]
Centralized
-LP

-Java/R [12]
Centralized
-LP

OpenDSS [16]
Centralized
-QP

-Python [17]
Decentralized
-NLP
-MATLAB [21]
Centralized
-MILP

-C[23]

Decentralized
-Second order
conic
-GAMS/java [35]
Decentralized
-LP

-MATLAB/ DSL
Decentralized
-LP

-MATLAB/ DSL

Incentive Dynamic - - - + - + — — + —
based Schedule
Risk Data - - + - — — — + + _
level -Driven
based
Dynamic Real + - - — — — + — — —
price time
based Schedule
Machine Statistical, - — — — — + — — _ _
learning Real World
based Data
Fuzzy Dynamic + - - - - - + — + —
Logic pricing
based
Machine Data - - + — + — - - + _
learning -Driven
based
Demand Statistical, + — + + - + - - + +
response Real World
based Data
Hierarchical Receding — — + — + + — — + —

horizon

control
Dynamic quantitative + - + - - + + — + —
Charging optimization
Management
Monte Carlo spatio + + — - - + + + + —
Simulation temporal
sampling random
based model
Normalized Statistical, + + + — + — + — + —
curve Real
based Data
SOC Statistical, + + + - + - + - + —
Based Real
DCC Data
SOC Statistical, + + + — + - + — + +
Based Real
DCC Data

4. Conclusions

The effects on the grid according to different session times for 50 EVs with 30 different
models were analyzed with the proposed SOC-based dynamic charge coordination method
based on real-world charging profiles in this paper. As a result, the SOC-based DCC used
reduced line loads and losses, transformer loading and losses according to the aggregate
peak power of the nodes to which the EVs are connected, without interfering with the
charge scheduling of the EVs and without the need for load shifting. In addition, without
including the PV and BES system in the grid, with the proposed method, an average of
1.16 kW of load reduction was made for each EV and the peak load was reduced. In
addition, in the grid with PV and BES systems, it has been ob-served that the proposed
method reduces the peak load of the grid by 0.8 kW per EV by load balancing the peak load
by 0.36 kW per EV. In this paper, load balancing was provided by using the PV-BES system
with the proposed charging method instead of load shifting in order not to affect customer
satisfaction at peak times. With the existing infrastructure capacity building, more vehicles
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can be integrated into the grid. It is predicted that the proposed SOC-based DCC can be
applied in studies related to the analysis of future grid effects, together with EV loads,
of random uncontrollable loads in the grid. In addition, it is planned to conduct further
studies on how the SOC-based DCC method will benefit the EV user and the charging
station in charging costs.
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Abbreviations

The following abbreviations are used in this manuscript:
DCC Dynamic Charge Coordination
SOC State of Charge

RBTs Roy Billinton Test System

BESS Battery Energy Storage System

EV Electric Vehicle

PEV Plug-in Electric Vehicles

CcC Constant Current

Ccv Constant Voltage

ECM Equivalent Circuit Model

EM Electrochemical Model

MCS Monte Carlo Simulation

MG Microgrid

IMG Industrial Microgrid

MILP Mixed Integer Linear Programming
PSO Particle Swarm Optimization
GAMS General Algebraic Modeling System
DC Direct Current

SRC Sinusoidal Alternating Current
cc-cv Constant Current-Constant Voltage
SFSO Swiss Federal Statistical Office
NHTS National Household Travel Survey
PDF Probability Distribution Function
CDF Cumulative Distribution Function
SSE Sum Square Error

RMSE Root Mean Square Error

Cu Copper

PLR Peak Load Reduction

PLL Peak load Limitation

LF Load Flattening

LS Load Shifting

LB Load Balancing

PAR Peak to Average Ratio

ICD Infrastructure Capacity Development
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RUL Random Uncontrollable Load
LP Linear Programming
FL Fuzzy Logic
MPC Model Predictive Control
Qpr Quadratic Programming
NLP Non-linear Programming
DSL DIgSILENT Simulation Language
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