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Aggregated Electric Vehicle Load Modeling in
Large-Scale Electric Power Systems

Bo Wang

Abstract—Different electric vehicle (EV) charging algorithms
result in different EV charging load profiles, that if aggregated,
influence the power grid operation. The existing EV charging
demand models are either based on the charging status upon EV
arrival or smart charging algorithms reinforced with particular
charging methods and/or charging levels. This article proposes a
new data-driven approach for EV charging load modeling. We first
introduce a mathematical model that characterizes the flexibility
of EV charging demand. Advanced simulation procedures are then
proposed to identify the parameters of different EV load mod-
els and simulate EV charging demand under different electricity
market realizations. The proposed EV load modeling approach
can simulate different EV operation schedules, charging levels,
and customer participation as a benchmark system. The proposed
framework will also provide informative guidelines to transmis-
sion system operators for EV charging infrastructure planning in
modern power systems.

Index Terms—Electric vehicle (EV), EV charging methods, joint
optimization, load flexibility, load modeling.

NOMENCLATURE

Indices

) Index for generating units (1,...,n).

k Index for time steps (1,...,K).

Parameters

«@ Ratio of regulation capacity to regulation limits.

Qe, 04 Charge/discharge efficiency of the battery.

B Ratio of regulation capacity that storage units can
provide to the total regulation capacity needed in the
system.

vy Penalty factor for deviations from daily consumption
of the PEVs.
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p Ratio of spinning reserve to load demand.

At Length of the time step.

AR Total power output of renewables.

S Maximum flexibility of PEV loads.

cd Battery degradation cost per MWh.

FEc Forecasted energy consumption of EVCSsin the next
24 h.

Ey Energy consumption of EV's by swapping the batter-
ies.

finax Maximum frequency regulation capacity needed in
the system.

Lp Electricity demand for EV fast charging.

Lo Original customer electricity demand.

Ve Value of renewable energy curtailment.

Vi Value of frequency regulation provided by the stor-
age units.

Vs Value of PHEV load shedding (i.e., gas price).

Variables

APg; Ramp rate of generating unit 7.

By Energy stored in battery swapping station.

Ci(Pg,i) Operating cost function of generating unit ¢.

fe Frequency regulation capacity of the aggregated EV
load demand.

fi Frequency regulation limit of the aggregated EV load
demand.

L. Total energy allocated to EVCSs.

P Curtailed power of renewables.

Pq Active power of generating units.

Phet Vector of the net generation.

Pr Effective active power of renewables integrated into
the power grid.

R Reserve of power generating unit 4.

U Supplied power from the grid to BSS.

Uq Delivered power from BSS to the grid.

ug Charging power to EVCSs.

Ujs PHEYV load shed by EVCS but met by the gas station.

I. INTRODUCTION

LECTRIC VEHICLES (EVs) bring about unique features
E and promising advantages in our modern society; just
to name a few, they reduce the use of unsustainable fossil
fuels, mitigate the greenhouse emissions from transportation
sector, and improve the energy conversion efficiency compared
to the combustion vehicles. Lithium-ion batteries are typically
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employed as the power source for EVs. Constant current constant
voltage (CC-CV) and constant power constant voltage (CP-CV)
charging mechanisms are frequently employed to charge the EV
batteries. Both charging strategies characterize a linear stage of
charge (SOC) profile until about 95% of the battery is charged
[1]. During the discharge process, the voltage would drop rapidly
when the SOC is less than 5% (after roughly 95% of the capacity
is spent). From the EV aggregators’ perspective, battery oper-
ation in the nonlinear SOC region, i.e., CV region during the
charging period, cannot be included in the EV charging coordi-
nation schemes. Therefore, the SOC of the batteries is limited
from 5% to 95% considering both battery operation and lifetime.
In the common practice, several EV manufacturers recommend
the SOC to be in the range of 20% to 90% considering the SOC
impacts on the battery lifetime. Hence, charging load of a single
EV is typically considered as a constant power load during the
steady-state power grid operation [2].

The uncontrolled charging, which assumes EVs to begin
charging immediately after arrival with continued charging until
the battery is full or the next trip starts, may enforce EVs to
charge during daytime with higher electricity prices. This, in
turn, may increase the system peak load [3]. With the pro-
liferation of EVs, the aggregated EV charging load imposes
a significant impact on the power system load profile. The
importance of EV load management has been recognized by
the industry and different regulatory mechanisms have been
proposed to manage the EV load. Currently, EV load models
that the industry uses are based on the EV charging through
rate design or demand response programs [4]. One approach
to rate design for EVs is time-varying pricing, which includes
time-of-use (TOU) and dynamic pricing. TOU is the simplest
form of time-varying pricing and has been widely used in the
utilities. It features low communication requirements and is easy
to be applied in practice. However, the TOU rates can change
the charging behavior and may result in spikes in the load curve
as EV customers may simultaneously charge their EVs during
the lowest price period. Hence, this mechanism is suitable only
when there is a very low EV penetration in the system. Dynamic
pricing, which is another form of time-varying pricing, can
be applied to scenarios with higher levels of EV penetration.
However, it requires the PEV owners to be responsive to the
price signals, while customers may not be conformable with
its complexity. Demand response programs have been deployed
to make EV charging load partially dispatchable. The EV load
can be responsive to system needs with appropriate communi-
cation system. However, the partial control and decentralized
scheduling of EVs is still unable to further optimize the EV
charging schedules and the system objectives and performance
requirements. Hence, the EV load models utilized in the industry
are suitable for power grids with lower EV penetration and could
not ensure robustness to the inherent uncertainties in customer
behavior [5].

The international renewable energy agency published a road
map to year 2050 about the global energy transformation. This
report makes clear that an energy transition is urgently required,
and that renewable energy, energy efficiency, and electrification
are the three cornerstones of this transition [6]. In order to limit
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the rise in global temperature to well below 2 °C above the prein-
dustrial levels (based on the Paris agreement), electrification of
heat and transport industries with renewable power is the key,
together making up 60% of the emission mitigation potential
[6]. The light-duty vehicles and heavy-duty vehicles together
count for nearly 80% of the transport sector energy use in United
States in 2018 [7]. Electrification of these vehicles will result
in a structural change in the transport energy use. Although the
current EV load models used by the industry are suitable only for
low EV penetration levels, other commonly used load models in
industry are outdated and cannot represent such emerging loads
[8]. Additional research is needed to develop EV load modeling
frameworks under higher penetration of EVs, capturing different
charging mechanisms, and interactions between EV customers
and the power grid.

Recently, the thermostatically controlled loads (TCLs) are
adopted to provide frequency regulation to the system; the
virtual battery models have been proposed in [9] as an accurate
and simple model to capture the flexibility of the residential
heating, ventilation, and air conditioning systems. The flexibility
of the TCLs is defined as the set of permissible deviations from
nominal power profile that result in temperature trajectories
with respect to the units’ dead-band constraints. The aggregate
flexibility of the collection is the sum of the flexibility of the
individual units, and hence, the priority-stack-based controller is
used for TCLs in [10]. Flexibility metrics and characterization in
power systems are extensively studied in [11]-[16]. With wide
deployment of advanced metering infrastructure (AMI) in the
distribution system [17] and direct load control implementation
in the EV charging stations (EVCSs) [18], both the transient
and steady-state characteristics of the aggregated EV loads are
primarily driven by the EVCSs’ control and operation strategies.
A new EVCS architecture has been proposed in [19] that 1)
follows the IEEE Std 1547-2018 and 2) is responsive to the
frequency and voltage events during gird transient disturbances.
During the power grid normal operations, the flexibility of the
aggregated EV loads is much larger than that by the aggre-
gated TCLs [20]. A centralized EV charging strategy has been
proposed to manage the EV charging schedules and follow
the wind and solar power generation [21]. EV fleets are also
employed to provide frequency regulation in [22]. Therefore,
the flexibility of the EV loads can also be harnessed during
day-to-day normal operating conditions, particularly in systems
with high penetration of variable renewable energies (VRE) such
as wind and solar.

Power system operation flexibility is the system ability to
respond to changes in demand and supply. VRE can increase the
need for flexibility such as steeper ramps, deeper turn downs,
and shorter peaks in system operations. As power systems evolve
to incorporate more renewable energy and responsive demand,
flexibility across all power system elements must be addressed
by ensuring: flexible generation, flexible transmission, flexible
demand-side resources, and flexible system operations [23]. The
demand-side flexibility includes [24] 1) the daily load demand
variation accounting for the shortage or surplus in renewable en-
ergies, 2) interday load dispatch to smoothen the load profile, 3)
intrahour flexibility such as frequency regulation, etc. While the
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flexibility of an energy storage unit [25] can be simply defined as
the energy, power and ramp rate it provides, the flexibility of the
aggregated EV load has to take into account many factors such
as the EV customer behaviors, different charging methods and
strategies. The EV loads using conductive charging—including
level 1 and level 2 charging—can be regarded as the deferrable
loads when the smart charging algorithms are employed. Based
on the conductive charging principles, fast charging (FC) EV
loads are assumed to be inelastic and the EV load should be
charged once the EV is connected to the EV supply equipment
(EVSE) [26]. The inductive charging, also called wireless charg-
ing, reveals similar load characteristics as conductive charging,
and the load flexibility is mainly driven by the charging power
rates. The battery swapping station (BSS) can swap the EV
batteries with fresh batteries and the flexibility of EV load is
further enhanced with the deployment of large BSSs. Detailed
models for different charging methods and charging levels are
discussed in [27]-[30]. However, research on the aggregated EV
load modeling to analyze the impacts of different combinations
of EV charging methods on the grid and the EV charging
infrastructure expansion planning is found rare and missing in
the literature.

In this article, this knowledge gap is filled by proposing
a framework to model the aggregated EV load considering
different EV charging mechanisms. With the steady-state time-
varying characteristics of the aggregated EV load model, the
system operators can have a better state estimation and energy
management scheme to reduce the system operation cost. With
the dynamic characteristics of the aggregated EV load model,
the system operator can simulate and test the impacts of EVs and
renewables on the system stability performance. With the multi-
timescale flexibility that the aggregated EV load can provide, the
system operators can avoid unnecessary expensive investments
in the EV charging infrastructure (e.g., transformer upgrade) and
alleviate the system flexibility enhancements needed to integrate
higher penetration of VRE. The proposed model can also be used
as abenchmark system to simulate the impacts of aggregated EV
loads on the power grid. The main contributions of this article
are summarized as follows.

1) The flexibility that the aggregated EV loads can provide
is quantified and mathematical models are proposed to
simulate the impacts of the aggregated EV loads on the
power grid considering different communication scenarios
(delays, etc.).

2) Simulation procedures are introduced to numerically iden-
tify the model parameters and provide guidelines for the
system operators to integrate large numbers of EVs to the
power grids of the future.

This article is organized as follows. Section II presents the
suggested EV load models and associated flexibility metrics.
Section III introduces the mathematical model formulated to
consider different charging mechanisms and communication
delay scenarios between EVs and the power system. The inter-
actions between the EV charging loads and the power grid are
then simulated through a two-stage energy management system
(EMS), where the model parameter identification is accom-
plished through simulations. Section IV presents the numerical

IEEE TRANSACTIONS ON INDUSTRY APPLICATIONS, VOL. 56, NO. 5, SEPTEMBER/OCTOBER 2020

case studies and simulation results. Section V discusses several
aspects of the proposed models, followed by the concluding
remarks in Section VI.

II. AGGREGATED EV LOAD MODELING

Different EV charging methods and charging levels result in
different load characteristics in the power grid. In this article and
in order to accomplish the aggregated EV load modeling, several
assumptions are made: 1) there exist sufficient number of EV
charging infrastructure in the grid, and 2) the EV customer can
select the charging mechanism based on his/her priorities and
preferences. The supply and demand interactions in the market
enforce the need for a certain level of adequacy in EV charging
infrastructure. The plug-in EVs (PEVs) including battery EVs
(BEVs) and plug-in hybrid EVs (PHEV) using conductive charg-
ing with level 1 and level 2 charging mechanisms are assumed to
deploy smart charging algorithms; that is the energy demand of
such EVs needs to be met upon EV departure. Furthermore, the
PHEV load can be curtailed and gasoline can be used instead
when necessary. The BSSs are assumed to have routine BEV
customers who subscribe to the battery swapping services; also,
the BEV customers who prefer to use the plug-in charging mode
can still swap their batteries when the EV batteries are depleted
and plug-in charging mode could not satisfy the next trip energy
demand requirement. The BEV customers can alternatively use
FC mechanisms. The aggregated EV load of the FC stations
(FCSs) are assumed to be inelastic with no flexibility. Thus, the
flexibility of aggregated EV load is largely driven by the EV
load characteristic of the EVCSs and the BSSs.

A. Steady-State EV Load Characteristics

1) Aggregated EV Load Model of the EVCS: Many EV cus-
tomers charge their EVs in the EVCS with level 1 and level 2
charging mechanisms. Let L. denote the cumulative energy that
is expected to be allocated to the PEVs in EVCSs; (1a) states
that the L.(k + 1) during the next time step &k + 1 is the sum of
L.(k), the actual charging power w; allocated to PEVs, and the
power curtailed from the PHEVs but met by the gas stations u; s at
the current time step k. Equation (1b) restricts the PEV demand,
and ¢ reflects the maximum flexibility of the PEV demand. u;
and wu;s are limited to the lower and upper bound capacities in
(1c) and (1d), respectively,

Lo(k+1) = Lo(k) + acAt(u (k) +ws(k)) Ve (la)
0 < L.(k) <(1+¢)Ec Vk (1b)

u (k) < wi(k) <up*(k) (c)
up™ (k) < ws(k) < upp™(k) V. (1d)

While E¢ for the aggregated EVCSs can be predicted and is sta-
ble over a day, the charging power constraints are time dependent
and are affected by the charging capacity, number of connected
EVs, and charging algorithms. In this article, AMI is employed
to enable the communication between the utilities and EVCSs.
The control and coordination of EV charging by the EVCS
is also activated. Therefore, the actual aggregated constraints
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for EV charging can be calculated and provided to the system
operator by EVCSs, and the charging power sent from the system
operator to each EVCS can also be implemented through direct
load control. The estimated aggregated constraints are based
on the day-ahead forecast values. The difference between the
estimation and actual implementation can be acquired via AMI
and compensated periodically. It is assumed that the customers
with PHEVs prefer to charge their vehicles in the EVCS, as the
electricity cost is normally 2 or 3 times less than gas. However,
when the cost of electricity is higher than that for the gas, e.g.,
during the peak hours of a year, both customers and the system
operators are willing to let the PHEVs to fill the gas. The PHEV
charging requests will be declined by the EVCS and the energy
demand will be met by gas stations. So, the actual u;s can be
recorded by the smart meter. The estimated values of L. and u;¢
do not include the gas use for routine PHEV travels. Note that
the aggregated EVCS model in (1) reflects the detailed models
of EVCSs in [21]. As the charging algorithm for EVCSs in
[21] is a centralized EV charging algorithm using direct load
control, the optimization problem can be formulated in one
stage, and the EV charging schedules can then be implemented to
follow the calculated dispatch signals. The EVCS-level signals
communication and control implementation have been tested by
the EVCS in [18]. The utility-level communication and control
have been demonstrated by a high-fidelity dynamic charging
model in [28]. However, the online computation loop for the
centralized EMS requires an established AMI in [17], which
can communicate bidirectional signals every 5 min.

Based on (1), the aggregated EVCS load at each bus can be
regarded as virtual batteries, where the battery energy of the PEV
load increases gradually, and the charging constraints vary with
time. When the uncontrolled charging strategy is employed, it
will render little load flexibility to the grid. The EV load will be
then modeled as inelastic load. This can be reflected in (1¢) since
the upper bound and lower bound charging constraints are equal.
However, since it is assumed that there is sufficient number of
charging infrastructure available in the system, there will be a
large number of EVs connected to the grid as vehicles are not
moving most of the time during a day. Some EVs only have a few
miles of trip during a day and the EV can be charged even in the
next day. The flexibility of individual EV loads is dependent on
the daily driving miles and EV idle time. If the EV load is flexible
and the required charging demand that needs to be met is longer
than 24 h, it is defined as a fully controllable EV load. The EV
load that can offer some flexibility in time, but has to be charged
within 24 h, is defined as deferrable EV load. A few PEV load
needs to be charged immediately once plugged-in as they are
heavy-duty inelastic loads. With the proper charging priority and
charging power schedules, a certain level of flexibility provided
by the aggregated PEV loads could be maintained in the power
grid. Some power system operating conditions that influence
the daily total energy allocated to PEVs, e.g., during outages,
would also affect the EV load flexibility. Fig. 1 shows the state
transition of PEV loads in terms of system flexibility. It is worth
mentioning that some of the customers may charge their EVs
at private places not observable by the system operator. Hence,
these EV loads could not be controlled and can be regarded as
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Fig. 1. Transition of EV load flexibility.

inelastic loads. They can be aggregated to traditional loads and
forecasted using load forecasting algorithms. Hence, the EVCS
load model can still be effectively represented by (1) when the
smart charging and private charging networks are not strongly
coupled.

2) Aggregated EV Load Model of the BSS: Focusing on the
BSSs, it can be regarded as a storage unit with fixed battery
capacity but varying battery swapping demand during each time
period. The energy stored in the BSS (B;) and the charging
and discharging power (u. and u4) should be within the corre-
sponding limits. The battery swapping load can be regarded as
an additive disturbance to the BSS. Note that £ includes both
the battery swapping load by the subscribed customer and the
additive EV load by BEV customers who prefer plug-in charging
but their charging demand cannot be met by using the plug-in
charging mechanism

By(k +1) = By(k) + (acuc(k) — () 'ua(k)) At

—E,(k) VEk (2a)

B < By(k) < BM™ Yk (2b)
0 <wue(k) < ul™ VK (2¢)

0 <wglk) < ug®™ VEk. (2d)

It is assumed that the vehicle to grid (V2G) function is enabled
in the BSS. So, it can discharge the power to the grid acting as
a storage unit. u, and ug are power variables observed in the
grid side. The multiplication of the two variables is O so that the
BSS does not charge and discharge simultaneously. However,
this constraint is not included in (2). The convex problem (2)
will yield the same results as the nonconvex problem with this
constraint when the charging efficiency and battery degradation
cost are considered. Note that the aggregated BSS model is based
on the detailed model presented in [29] in which a single BSS
is modeled as a queuing network: the EVs form an open queue
and the batteries circulating in a closed queue. It is assumed
that the BSS reserves enough number of fully-charged batteries
for EVs to exchange as needed, there are enough number of
swapping servers and the batteries can be swapped when the
EVs arrive. So, the queuing network characteristic is maintained
by the proposed aggregated model. The battery swapping load
does not have a direct impact on the power flow balance, and the
difference between the forecasted and actual battery swapping
load can be considered in the next time interval by the EMS.
The aggregated BSS load at each bus can also be regarded
as virtual batteries. Similar to regular batteries, the BSS has
fixed energy and power capacity. Moreover, its flexibility is
also affected by the battery swapping load. The BSSs typically
reserve some fully-charged batteries for EVs to swap. When a
large number of EVs need to swap the batteries, and at the same
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time, the BSS has minimum number of batteries in reserve, the
BSS will charge the batteries even during the peak load period
to satisfy the demand, and the BSS is regarded as inelastic load.
Otherwise, with enough energy and power capacity, the BSS
can meet the daily battery swapping load economically and also
increase or decrease the daily charging demand flexibly. Hence,
Fig. 1 could also represent the state transitions of BSSs.

3) Aggregated EV Load Model of the FCS: Focusing on high
power FCSs, the aggregated FC load is modeled as inelastic
load and it can be forecasted directly using load forecasting
algorithms. Gnann et al. [30] showed that the charging sessions
for fast charging over the day follows a distribution where the
charging sessions are mainly concentrated around the center of
the day. The practical FCS operation data in [31] also indicates
that the aggregated FC demand follows a certain curve and is
predictable. Hence, the uncertainty of the FC EV load can be
treated similar to that for traditional loads.

B. Dynamic EV Load Characteristics

EV loads can be regarded as constant power or constant
current loads during the transient operating states; the dynamic
behavior of the aggregated EV loads is, however, mainly decided
by the EVCS controllers. If the EVCS design in [19] is used, both
PEVs and BSSs can respond to system disturbances and try to
ride-through during the system abnormal operating conditions
automatically. Note that this is achieved through a decentralized
architecture, where real-time communication between the EVSE
and the EVCS or BSSs is available.

The dead band for the frequency response provided by the
inverter-based loads is typically set as £0.2 Hz [19], [32], and
the EV load can provide frequency regulation services during the
system normal operating conditions. The automatic generation
control (AGC) signals are sent from the system operator every
2 to 4 s, so the real-time communication between the EVCS
and the utility is also required. The EVCS and BSS loads can
respond to the frequency signals, e.g., the RegD signal from
the Pennsylvania-New Jersey-Maryland Interconnection (PJM)
market, where PIM is a regional transmission organization in
the northeastern United States that coordinates the movement of
wholesale electricity in all or parts of 13 states and the District
of Columbia. The actual power for EVSEs is, hence, the sum
of the dispatch and regulation power. As RegD signals are
conditional neutrality signals, the EVCS can detect the actual
EV SOC when the regulation signal is back to the neutrality;
therefore, it will have little impacts on the dispatch during system
normal operating conditions. The EVCSs and BSSs reveal a
high performance in following the RegD signal, so the revenue
achieved by providing this ancillary service is mainly dependent
on the regulation capacity that the EV load could offer. Once
the economic operation base point of the EVCS is decided by
the economic dispatch optimization, the EVCS can follow the
regulation signals based on the operation base point. The high
and low regulation limits must fall within the EV charging and
discharging power constraints, and the regulation limits are the
sum of the PEV and BSS regulation bands as enforced in (3a). It
is, here, assumed that the ratio of regulation capacity to the reg-
ulation limits is . We also assume that the frequency regulation
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capacity needed for the system is f** and the regulation up
and down capacities are symmetric. The frequency regulation
capacity ratio that all storage units can provide in the system is
5. The actual frequency regulation capacity that the aggregated
EV load can provide can be then represented in (3b)

filk) = min(uy (k) — up™, "™ — g (k))

+ min(uc(k) — u™, P — u.(k))
+ min(ug(k) — ud™, u™> — ugy(k)) (3a)
f(’(k) - min(afl(k)ﬂ 5fénax)' (3b)

Note that the two dynamic characteristics can be realized
simultaneously during grid transient state. If a frequency event
occurs and the disturbance is higher than the predefined thresh-
old, EVCSs and BSSs, which enable real-time communication
only with EVSEs will activate the frequency-droop control to
facilitate the grid to ride-through the disturbance. The EVCSs
and BSSs, which enable real-time communication with EVSE
and the utility will also follow the AGC signals and provide
frequency regulation services.

C. Flexibility of the Aggregated EV Loads

We define the day-ahead flexibility of PEVs in EVCSs as
the SOC range of the aggregated EVs and the daily EV load
demand variation that do not affect the charging capabilities. If
the PEVs are scheduled to prioritize the charging schedule based
on both the departure time and the energy needed for charging,
the individual PEVs can meet their charging demands and a
certain level of flexibility can be maintained by the aggregated
PEV load. While the PEV charging includes individual EV
charging schedules, and the virtual battery model constraints
are time-dependent, the BSSs are featured with fixed capacity
and charging constraints. The flexibility of BSS is affected by
the aggregated battery swapping load curve. The day-ahead flex-
ibility can be, then, defined as the SOC range of the aggregated
BSSs that has little impacts on the charging and discharging
schedules and the battery swapping demand. Different from
PEVs, the day-ahead flexibility of which needs to be obtained by
simulations including individual PEVs, the day-ahead flexibility
of BSSs can be explicitly obtained by the economic dispatch
simulation, where the aggregated model can be used and it can
be treated as a large battery storage.

The intraday flexibility of the aggregated EV load including
different EV charging mechanisms can be defined as the ability
to improve the system load factor. With a given daily charging
demand of PEVs and a forecasted battery swapping curve of the
BSSs, the EVCS, and BSS loads can be dispatched to meet the
charging demand during the off-peak hours so as to minimize the
load variations. This will result in significant improvements in
the energy delivery efficiency and an increase in the system load
factor. If the aggregated EV loads are assumed to participate in
the ancillary service (AS) market and contribute to the frequency
regulation, the real-time flexibility of the aggregated EV load can
be then represented by f.. Hence, we here limit the discussion
of aggregated EV load models to system normal operating
conditions.
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III. PARAMETER IDENTIFICATION OF THE AGGREGATED
EV LOAD MODELS

With the multitimescale flexibility that the aggregated EV
loads can offer to the system, the flexibility of the EV loads
can be quantified and utilized by the system operator during
daily operations. As we, here, study the cases with significant
EV penetration, the aggregated EV load will impact the market
price; hence, a production cost modeling approach has to be im-
plemented. The economic dispatch model is used in this article
to take into account both dispatch and AS market (frequency
regulation and spinning reserve), and the system daily normal
operation is then studied.

A. Economic Dispatch Model for Parameter Identification

If the communication network latency is high and the AMI
only supports the 5-min bidirectional communication, the ag-
gregated EV load could not provide the frequency regulation
services to the system. The proposed economic dispatch model
for the system operator considering the EV load with different
charging mechanisms is presented in (1), (2), and

K
min W(LC(K + 1) — Ec)2 + Z(Vsuls(k) + chc(k))
k=1
K n
+ Z (Z Ci(PGJ'(k')) + chud(k})> 4)
k=1 =1
D (Pri(k) + Pei(k)) + uwa(k) — ue(k) — w (k)
i=1
= Lo(k) + Lr(k) vk (5)
Pgi(k+1) = Pg (k) + APg (k) vk Vi (6)
PR < Pg,(k) < PEY VkVi (7
APEY < APg (k) < APEY VEVi ®)
Pci(k) + Pri(k) = Ari(k)  VEkVYi ©)
0 < Pri(k) <Agrs(k) VEVi (10)
H - Phet(k) < F Vk (1)

where the objective function (4) minimizes the total dispatch cost
by allocating both generation and EV loads. The objective func-
tion (4) consists of the penalty cost for the deviations from daily
energy consumption of the PEVs, the shedding cost of PHEVs
and the curtailment cost of renewable power, the quadratic
generation cost of conventional generating units, and the cost
for discharging EVs—the degradation cost of EVs is considered
when the V2G operating mode results in extra battery cycles
to EV customers. Equations (1) and (2) represent the state and
input constraints of EVCS and BSS, respectively. Equation (5)
enforces the power balance constraint. Equations (6)—(8) are the
state equations for the conventional generating units. Equations
(9) and (10) represent the intermittent renewable power output.
Transmission line constraints are expressed in (11). F is the
vector of the transmission line flow limits. H is the power
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transfer distribution factor matrix. Ppe¢ is the vector storing
intermediate calculation of the net generation at the network
buses.

B. Co-Optimization of Energy and Ancillary Services

If the real-time communication between the EVCS and
EVSE:s is enabled, and EVCS and the utility can also interact
in real-time, the aggregated EV loads can participate in the
frequency regulation market. Compared with the sequential opti-
mization in which energy and reserves were cleared sequentially,
the co-optimization with a single dispatch solution for energy
and AS market every five minutes results in a more optimal
energy dispatch and AS reserve schedules. If OFgp, represents
the objective function introduced in (4), the joint optimization
model considering both energy dispatch and AS can be, then,
represented by (1)—(3) and (5)-(14)

K

min OFgp — » (Vi fe(k)) (12)
k=1

Rgi(k) < PG — Pa (k) VkVYi (13)

> Rai(k) > pLo(k)  Vk (14)

i=1

where the objective function (12) is to minimize the total
dispatch cost minus the revenue of the frequency regulation
provided by EVs. The regulation capacity provided by EVs is
stated in (3). R ; in (13) is the reserve provided by the online
conventional generating unit ¢, p in (14) is the percentage of de-
mand, which specifies the reserve requirement. Other equations
are the same as those previously introduced in the economic
dispatch model. Note that the joint optimization model in the
PJM market is defined as a single dispatch solution for energy,
regulation, synch reserves, and nonsynch reserves every five
minutes [33]. We only model the energy dispatch and frequency
regulation provided by the aggregated EV loads in the objective
function to demonstrate the role of the aggregated EV load in the
joint optimization. The benefits of the frequency regulation that
EVs can provide are modeled as the negative cost to the system.
In practice, other objective and constraints can be added to the
co-optimization model, e.g., the frequency regulation provided
by the conventional generating units [34].

C. Parameter Ildentification Procedure

The steps to simulate the EV charging load is illustrated in
Fig. 2. The following procedure is proposed to simulate the EV
charging loads.

1) Assuming a certain penetration level of BEVs, PHEVs,
and EV charging infrastructure under a given market
mechanism, the power grid operation data is imported by
the regional independent system operator (ISO). Note that
the market mechanism is driven by the customer demand
and energy policy, and should include other information
such as the EV and power sector expansion road maps.
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Fig. 2. Flowchart of the suggested parameter identification procedure.

2) Based on the market information, e.g., the type of ancillary
service that the EV load provides, initial parameters for
the proposed mathematical model are determined.

3) EV charging demand based on the proposed optimization
model is simulated. The simulation is realized through a
two-stage EMS architecture, where AMI is employed to
achieve the communication between the system and EV
customers.

4) Requisite parameters in the proposed mathematical model
are calibrated through multiple simulations. As the simu-
lator enables the interactions between the system operator
and EV customers, both EV customer and power system
objectives are considered.

The two-stage EMS utilized to identify the aggregated load
model parameters either uses the economic dispatch model in
Section III-A or the co-optimization model in Section III-B
based on the communication delays and EV market participa-
tion. The EMS model is a modified version of the one presented
in [21], and the entire simulation system is demonstrated in
Fig. 3. Specifically, in Stage 1, as the BSS and PEV operation
schedules are time dependent, the 24 h-ahead optimization prob-
lem is solved using the model predictive control in a receding-
horizon manner, where the time step is set to 1 h, and the
load, renewable, and EV load forecasts are updated hourly. The
3-h-ahead L. and B are employed as the boundary conditions
in Stage 2. In Stage 2, the same optimization problem is solved
with a 3-h look-ahead time window, but the time step is 5 min and
the look-ahead time window shrinks as time progresses until the
next hour to recover back to 3 h. While the first stage includes the
system-level forecasts and the 24-h-ahead optimization problem
at each hour, the second stage uses short-time forecasts and
the uploaded EV virtual battery model constraints to calculate
the 5-min dispatch schedules. Furthermore, the second-stage
EMS involves the interactions between the EVs and the ISOs.
Bidirectional communications are achieved through the utility
AMI. The priority of EV charging in EVCS has to meet the
individual EV constraints; therefore, the EV information such
as the SOC, departure time, and the minimum charging demand
need to be collected from the connected EVs. The ISO receives
the uploaded aggregated EV constraints, and at the same time,
downloads the dispatch signals accordingly. So, the communica-
tion delay for the PEV dispatch is 5 min. AGC signals can also be
sent to the BSSs and EVCSs, and are distributed proportionally
if the real-time communication is enabled. The controller in
BSSs and EVCSs can implement the integrated dispatch and
AGC signals by using priority-stack-based control, which turns
ON and turns OFF the EV load based on the charging priority
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or adjusting the duty cycle of the charging EVs proportionally.
As FC EVs do not offer the flexibility to the system, only the
aggregated load is forecasted and added to the associated bus
during the parameter identification procedure.

IV. NUMERICAL CASE STUDIES

In this section, a test system is built to simulate the proposed
aggregated EV load model. Then, the parameter identification
procedure in Section III-C is applied to quantify the flexibility
of the aggregated EV loads in the system.

A. Modified IEEE 118-Bus Test System With EV Loads

A modified IEEE 118-bus test system is utilized to simulate
the aggregated EV load. As illustrated in Fig. 4, the system con-
sists of 19 online conventional generating units. The test system
specifications are taken from [35] with the following modifi-
cations: two wind farms with the total capacities of 500 MW
and 750 MW are placed at bus 24 and bus 27, respectively. A
photovoltaic (PV) power plant with a rated power of 650 MW is
placed at bus 33. Hence, the total power capacity of the renew-
able sources is 1900 MW and features nearly 16% penetration in
terms of the system generation capacity (23% penetration to the
total online generation capacity). The predicted and actual data
for renewables and load forecasts are taken from ERCOT and
the weekly data captured in the week of December 18, 2017
in Texas is utilized in our simulations [36]. Scale factors of
1/16, 1/1.85, and 1/12.8 are applied for wind farms, PV plant,
and the load, respectively. The day-ahead forecasts are replaced
by the current-day forecasts in an hour-ahead manner. Both
the renewable curtailment and PHEV shedding price are set to
40 $/MWh. The spinning reserve requirement is set to 73 MW. «
is assumed to be 0.7, and /3 is assumed to be 0.9 in the frequency
regulation. f"#* is set to 54.75 MW. The reserve and frequency
regulation capacities are also scaled based on the ERCOT market
[37].

The system is assumed to have 800 000 EVs accounting
for 80% of the total vehicles. The charging and discharging
efficiency is assumed 90%. The EV battery capacity (in linear
SOC region) is 70 kWh and ¢, is set to 21.4 $/MWh. There are
100 000 EVs using FC, the aggregated FCS charging demand
is modeled as an inelastic load at bus 112, and the forecasted
load curve is derived from the distribution of daily FC loads in
[26]. The actual energy consumption of the FC load is randomly
generated using the Poisson probability distribution. There are
600 000 EVs using plug-in charging methods with the charging
power of 10.2 kW, where 100 000 of them are PHEV s, and the ag-
gregated EVCS load is placed at bus 115 as a virtual battery. The
customers are assumed to plug-in their EVs to charge when the
parking time is longer than half an hour and BEV customers will
swap the depleted battery in BSS if the plug-in mode could not
satisfy their next trip. Each aggregator is assumed to manage 100
to 200 connected EVs. Driving profiles for PEVs were obtained
from the National Household Travel Survey 2017 database
[38]. The estimated upper charging constraint is based on the
availability of the aggregated EVs. The estimated total charging
load is derived from the aggregated EV load demand. In total,
1000 driving profiles in Texas are randomly selected to account
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Fig. 3. Proposed framework to simulate the aggregated EV load models.
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Fig. 4. Modified 118-bus test system with EV loads and renewables.

for the customer behaviors of the PEVs during the simulations.
The initial SOC of the EVs is uniformly distributed between 0O
to 80% of the battery capacity. The remaining 100 000 EVs are
assumed to use battery swapping, the aggregated BSS is placed
at bus 117, and the virtual battery capacity is set to 1050 MWh.
The charge/discharge rate of the BSS is 242 MW. So, the BSS is
able to be charged and discharged several cycles a day when
necessary. We reserve 20% of the BSS capacity for battery
swapping, and a penalty will be applied when the SOC of the
BSS is lower than 20%. The SOC of the BSS could not be lower
than 5%. The estimated energy consumption of battery swapping
from customers who subscribe the service is derived from [39]

107

-

based on the EV arrival rates. The actual battery swapping
load from these customers is also generated using the Poisson
probability distribution. The estimated energy consumption of
PEV customers who use battery swapping services is assumed to
be 0, and the actual battery swapping load from these customers
is obtained from the simulations. Note that transmission line
limits are not provided in the test system [35]. We assume that
there is no congestion in transmission system, and hence, the
EV loads are aggregated in one bus. When the congestion in the
system needs to be considered, the EV loads need to be modeled
in each bus. However, the optimization formulation will remain
the same and the optimization model is still a convex problem.
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B. Simulation Results

We run the seven-day economic dispatch simulations in the
test system using the proposed framework. The CVX optimizer
in MATLAB 2017ais employed to run all the test case scenarios.
Fig. 5(a) shows that the real-time upper charging constraint of
the aggregated EVCS charging is close to the estimated upper
constraint (number of EVs parked), and the lower charging
constraint is nearly 0, which is not included in the figure. The
flexibility of the aggregated EVCS load is maintained during
the week. The maximum charging power is less than 1200 MW
and it is mainly decided by the economic dispatch outcome.
Hence, a certain level of oversubscription in the EVCSs should
be allowed. The aggregated BSS energy increases during the
night and then decreases in the daytime [see Fig. 5(b)] because
customers will mainly swap their batteries in the daytime.
The additive battery swapping from PEV customers will de-
crease the energy of the aggregated BSS loads to less than
210 MWh (20% of the reserved BSS energy). The FC load shown
in Fig. 5(c) will increase the peak of the original load. FC load
only has a small ratio to the total EV load, and the extensive
flexibility is provided by the EVCS and BSS loads. Hence, the
aggregated EV load is not impacted a lot by the FC load; the
total EV load including all the three charging methods shows a
characteristic of renewable follower. The EMS reduces the daily
variation of the peak and off-peak load in order to minimize the
system total operation cost [see Fig. 5(d)], where the net load can
also be represented by the total power output of the conventional
generators. The total operation cost is found $ 12 527 577, and
it is close to the lower bound of the optimal cost ($ 12 337 347).
The lower bound is calculated using hourly data by assuming
the perfect knowledge of load, FC and battery swapping curves.
Also, the upper and lower charging constraints of aggregated
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TABLE I
COMPARISON OF THE LOAD FACTOR AND FUEL COST IN DIFFERENT CASES

Test Case load factor unit cost ($/MWh)
TCl 0.78 26.48
TC2 0.74 26.57
TC3 0.84 25.79

EVCSs are relaxed to estimated values; the daily aggregated
EVCS load is also assumed to be flexible that can be controlled
during the calculation. Load factor for the week in this base
case (TC1) scenario is 0.78 and the fuel cost of generators is
26.48 $/MWh on average, as shown in Table 1.

C. Parameter Identification Results for EV Flexibility

1) Day-Ahead Flexibility of the Aggregated EVCS and BSS
Virtual Batteries: With the estimated energy consumption (E¢)
of the EVs under plug-in mode for the next 24 h, the maximum
and minimum charging demand do not significantly change dur-
ing the week in the base case scenario. Fig. 6(a) and (b) illustrates
that when the daily charging target is changed to 1.5 E¢, the
maximum charging capacity will decrease sharply after the SOC
of the EVCS virtual battery reaches 70%. When the daily charg-
ing target is changed to 0.5 F¢, the minimum charging capacity
does not increase significantly. However, when the SOC of the
virtual battery in Fig. 6(d) is below 30%, the battery swapping
load from PEVs will increase dramatically as illustrated in Fig. 7.
Therefore, it is suggested to maintain the SOC of EVCS virtual
battery at least within 30% to 70% to maintain the flexibility of
the PEV loads in the system. Keeping the range of SOC between
40% to 60% can ensure that the increase or decrease of 0.5 daily
PEV demand will have little impacts on the charging constraints.
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While the charging constraints of EVCS virtual battery are time
dependent, BSSs have a fixed number of batteries; hence, the
charging and discharging power capacity of the aggregated BSS
virtual battery will not be affected by the number of EVs under
battery swapping mode in most cases. The flexibility of the
BSS virtual battery can be evaluated by the economic dispatch
optimization explicitly as storage units. Specifically, based on
Fig. 5(b), the daily peak of the BSS is around 800 to 850 MWh
except the fifth day with weekly peak reaching to 900 MWh.
Hence, the fully controllable load is about 150 to 200 MWh and
less than 100 MWh during the day with the weekly peak as the
capacity of the BSS is 1050 MWh. Other parts are deferrable
loads except that when the BSS reaches to the reserved capacity
of 210 MWh. The BSS will charge from the grid to avoid the
penalty of below 210 MWh, and the BSS load becomes inelastic
when the stored energy in BSS is below 210 MWh.

2) Intraday Flexibility of the Aggregated EV Loads: The
aggregated EV load in the base case scenario provides a large
flexibility to the system, where the load factor is 0.78. If the
EV penetration level changes to 20% of the total vehicles and
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the charging mechanism remains the same, the aggregated EV
load will then mainly offer the valley filling during the off-peak
hours [see Fig. 8(a)]. According to Fig. 8(b), although the net
load decreases compared to that in the base case condition, the
load factor decreases from 0.78 to 0.72. Hence, the lower the
EV penetration, the lower the flexibility that the aggregated EV
load can offer to the system. Under the same EV penetration
and with the same number of battery swapping EVs compared
to the base case condition, as the number of PEVs decreases to
200 000, then the number of FC EVs will increase to 500 000 that
accounts for 50% of the vehicles. The FC load will increase the
peak load significantly, and the EVCS and BSS virtual batteries
will mainly achieve the valley filling so that there are no obvious
super off-peak hours for EV charging [see Fig. 8(c)]. As shownin
Table I, the load factor decreases to 0.74 and the average fuel cost
of the system generators increases to 26.57 $/MWh in this case
(TC2). It can also be seen from Fig. 8(d) that high penetration of
FC EV loads will affect the flexibility of the aggregated EV load
and may result in a higher peak of the net load compared to the
original load. Note that this case is studied as the proposed model
aims at simulating different EV charging levels and customer
participation, and as neutral as possible to the technology types
providing the charging services. In practice, if the home charging
is not available to many customers and more FCSs have been
built than the regular charging mechanisms in a region, there
will be more FC EV load. However, the results indicate that the
large FC EV load has negative impacts on the system, i.e., FCSs
should not be the main charging method unless there are plenty
of solar power to match the FC EV load and the flexibility needs
are met by other energy resources in the grid.

3) Real-Time Flexibility of the Aggregated BSS and EVCS
Virtual Batteries: With the real-time communication in the sys-
tem and frequency regulation service provided by EV loads, the
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aggregated EV load can be simulated through the framework
using the joint optimization model. We, here, employ the same
simulation configuration in Section IV-B except that the joint
optimization model is used instead of the economic dispatch
model. With the first simulation conducted, the additive battery
swapping load from PEVs can be achieved. If one replaces the
estimated values (originally assumed as 0) with the simulation
results obtained from the first simulation and run the simulation
again, then the simulation results are demonstrated in Fig. 9.
Compared to the economic dispatch model in the base case
scenario, the EV charging schedules for EVCSs when the joint
optimization model is applied are similar except for a few hours
as shown in Fig. 9(a). This is because the frequency regulation
capacity needed by the system is much smaller than the EV
load needed to be dispatched. But the fuel cost decreases to
25.79 $/MWh because the joint optimization results in rev-
enues on the frequency regulation provided by the aggregated
EV loads. With better forecasts (considering the daily additive
battery swapping load), Fig. 9(b) shows that the BSSs will also
maintain their energy level higher than the reserved values and
will avoid charging during peak hours to meet the EV demand
of these customers. The load factor is then improved to 0.84 in
this test case (TC3), as shown in Table I. Hence, the frequency
regulation service provided by the EV loads can reduce the
operation cost significantly, and only some EVCSs and BSSs
with advanced design need to enable the real-time communica-
tion; this is because the needed frequency regulation capacity
in such scenarios is much smaller than the load that needs to
be dispatched. Also, if the additive battery swapping load is
forecasted and considered by the ISO under high penetration
of EVs, the system performance and its load factor will be
improved. One needs to note that with better forecast results,
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the stored energy in the BSS is mostly higher than the reserved
energy; hence, there is no inelastic BSS load. However, as
illustrated in Fig. 9(b), a better charging schedule of BSS is
achieved at the cost of reducing the portion of fully controllable
load that the BSS can provide. The intrinsic flexibility that the
BSS provides to the system is the same, as it depends only on
the physical constraints, e.g., BSS capacity and battery swapping
profiles.
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V. DISCUSSIONS

As an initial work to characterize the flexibility of the aggre-
gated EV load models in large-scale electric power system, this
Section discusses the generality, precision, and applicability of
the proposed model.

A. Parameter Calibrations and Generality of the Aggregated
EV Load Model

While we simulated the aggregated EV load model in a
modified IEEE 118-bus test system, the parameter identification
procedure in Section III-C can be used to simulate aggregated
EV load in any particular regions of interest, given that the
data on the system typology, power gird operation, a certain
penetration level of EVs, and different mixes of EV charging
methods are available. FC and battery swapping loads can be
generated or imported from the regional databases, the PEV
customer behaviors can also be imported from local customer
surveys as the proposed method is a data-driven approach.
Simulation results in the base case condition can be followed by
multiple simulations to quantify the flexibility of the aggregated
EV loads. Thus, the proposed data-driven approach can be used
as an effective tool for EV planning purposes at the system level
to analyze the EV load impacts on the power grid. Note that in
the case studies, it is assumed that whenever the EVs are parked
for more than half an hour, the customers can connect their EVs
to EVCSs. Most customers can swap their batteries immediately
at the BSS, or charge their EVs via FCS whenever necessary.
Hence, the proposed model can be universally used to simulate
the aggregated EV load model when there are sufficient charging
infrastructure, which means that enough number of charging
infrastructure is available (charging capacity higher than fore-
casted EV load demand) to meet the customer charging demand
and a certain level of infrastructure adequacy is maintained by
the utility.

B. Impacts of Renewable Penetration Level on the
Model Precision

In order to test the performance of the aggregated EV load un-
der low renewable penetration level, the capacity of renewables
is reduced from 1900 to 36 MW, while other parameters are kept
the same as in the base case. The renewable capacity is then less
than 0.6 % of the online generation capacity in the system and
the impact of DERs on the system can be ignored as illustrated
in Fig. 10(a). The EV load can reduce the daily variation of
the peak and off-peak load effectively with the flexibility it can
offer to the system, i.e., there are no load spikes compared with
when the pricing-based EV load models are employed under
high penetration of EVs. The netload in Fig. 10(b) is also similar
as the original load plus the EV load in Fig. 10(a) as the DERs
generation is small. Fig. 10(b) also indicates that the EV load
will increase the total load and the net load profiles will not have
obvious peak and off-peaks during most of the days in a week.
The observation that the EV load contributes to a significant
increase in the total load under high EV penetration levels is in
line with the practical utility operation, e.g., 23% EV penetration
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in the California independent system operator market causes an
obvious increase of the load [4]. Hence, the aggregated EV load
models can effectively represent steady-state characteristics of
aggregated EV load using smart charging.

The aggregated EV load can provide not only frequency
regulation service but also load damping. New variable can
be introduced to clearly model the frequency regulation, and
the load damping that the aggregated EV load provides can
be considered by modifying the joint optimization model. For
instance, 270 MW EV load can be set to provide nearly 48 MW
primary frequency response in the case studies. However, the
ratio of the frequency regulation capacity to the frequency
regulation limit, and the ratio of the load damping capacity to the
load damping limit should be small so that the ancillary service
provided by the aggregated EV load does not significantly
impact the distribution system voltage and be less affected by the
uncertainty in customer behaviors. It is also worth mentioning
that under scenarios where VREs provide the main power and
the system lacks large synchronous generators to maintain the
grid stability, even the joint optimization model considering
the abovementioned ancillary services provided by the EV load
could not precisely characterize the grid flexibility requirements.
Applying the proposed model to identify the aggregated EV load
under such scenarios is oversimplification of the problem that
may lead to significant errors.

C. Applicability of the Proposed EV Load Modeling Method

The proposed model is suitable to identify the aggregated
EV load models for large-scale centralized power grids under
higher EV penetration levels, in which the aggregated EV loads
are predictable and the system dynamics do not vary sharply
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within a short time interval. Hence, a large number of EVs are
preferred, as the corresponding load is better predictable and less
affected by the randomness of the customer behaviors based
on the load aggregation effect. Also, the dispatch of the EV
load could impact the market prices, and thus, a production cost
modeling approach must be implemented [40]. The performance
of the EMS will drop when the number of EVs is low, since the
aggregated EV loads are less predictable in such circumstances.
In contrast, the pricing-based EV charging strategies can be used
when there are only a small number of EVs; these methods
require little communication and the aggregated EV loads under
these charging strategies do not have an obvious impact on the
market prices. This is in line with practical system operation
policies: large-scale storage units have to be modeled in the
transmission system, while small storage units can follow the
price signals and participate in energy arbitrage. It is also worth
mentioning that the EV load can mitigate the impacts of the
feeder-level interruptions and facilitate the feeder restoration
process under interruptions. But the control and energy man-
agement schemes under these scenarios are not explored in this
article. Hence, the proposed model could not fully characterize
the reliability evaluation of the gird considering the EV loads.

VI. CONCLUSION

Virtual battery models for aggregated EVCSs with level 1 and
level 2 charging mechanisms and aggregated BSSs are proposed
in this article. A data-driven approach is also introduced to
simulate the impacts of the aggregated EV loads on the system
considering the two virtual battery models and FC EV loads. The
proposed method can quantify the demand-side flexibility that
the aggregated EV load can provide to the system. The proposed
EV load modeling approach and associated test platform can also
be used as a benchmark to simulate different EV penetration
levels and market patterns and assess the impacts of different
EV charging infrastructure expansion plans on the power grid
operation.

Future research could be directed toward the following.

1) To study customer behaviors under the scenarios with
insufficient EV charging infrastructure in the system and
characterize how the flexibility of the aggregated EV load
is affected by insufficient charging infrastructure.

2) Having plenty of EV charging infrastructure may be fa-
vorable to EV customers motivating many customers to
switch from the combustion vehicles to EVs without the
anxiety of EV travel distance. However, the simulation
results indicate that the actual maximum charging power
is mainly decided by the economic dispatch outcome.
Moreover, maintaining a high adequacy of EV charging
facilities may be costly to stakeholders and hard to pursue
a timely investment return. Further research is needed to
address the issue on how “sufficient” the EV charging
infrastructure need to be to meet the customers charging
demand, power system flexibility needs, and stakeholder’s
return on investment expectation. Regulatory mechanisms
can be explored so that EVs can be charged based on the
flexibility that individual EVs can provide.
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3) The load damping provided by the demand side is fading

fast as electronically controlled loads are taking over as
the predominant component of the system loads [41]. The
stakeholders and customers are also pursuing a target that
the majority of the power supply come from VREs such
as solar and wind [42]. Such trends impose significant
challenges on the power grid frequency control. How the
system operator can use the emerging loads such as the
aggregated EVs and DERs to maintain the stability of the
future inverter-based power systems and reformulate the
joint dispatch model require both theoretical studies on
the system stability (e.g., boundary conditions, frequency
thresholds setting) and validations using hardware-in-loop
simulations.

4) Detailed restoration strategies under interruption scenar-

ios considering the EV loads should be studied. The
system operator can also use the control and energy man-
agement schemes adaptively when different grid operating
conditions unfold over time [43]. Then, the associated EV
load models could be utilized for EV charging infrastruc-
ture expansion planning considering both reliability and
economic evaluation [44], [45].

5) The proposed model studied the system-level EV charging
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impacts, while the regional numbers of EVs is stable and
mobility of EVs does not significantly affect the power
grid; the mobility and location of EVs are important
factors for utility-level EV charging infrastructure plan-
ning. Coordination of transmission and distribution-level
EV charging infrastructure expansion will result in more
optimal decisions. Furthermore, the actual EV charging
infrastructure expansion needs to consider other critical
factors such as customer preferences, cost of different
charging mechanisms, etc. The EV charging infrastruc-
ture expansion should consider the increasing rate of EV
charging demand and all the above factors to achieve the
dynamic equilibrium of the market.
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