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Abstract: In recent years, plug-in electric vehicles (PEVs) have gained immense popularity and
are on a trajectory of constant growth. As a result, power systems are confronted with new issues
and challenges, threatening their safety and reliability. PEVs are currently treated as simple loads
due to their low penetration. However, as their numbers are growing, PEVs could potentially be
exploited as distributed energy storage devices providing ancillary services to the network. Batteries
used in PEVs are developed to deliver instantaneously active power, making them an excellent
solution for system frequency support. This paper proposes a detailed dynamic model that is able to
simulate frequency support capability from a large number of PEVs, using an innovative aggregate
battery model that takes into account the most significant constraints at PEV and aggregate battery
levels. The cost optimization algorithm, which is the most time-consuming process of the problem,
is executed only at the aggregate battery level, thereby reducing the computational requirements
of the model without compromising the obtained accuracy. The proposed method is applied to the
power system of Crete exploiting detailed statistical data of EV mobility. It is proven that PEVs can
effectively support power system frequency fluctuations without any significant deviation from their
optimal operation.

Keywords: plug-in electric vehicles; frequency support; V2G; energy management system optimization

1. Introduction

Fossil fuels are the most common source of energy in everyday life. In the US only,
petroleum products accounted for 90% of the total energy used for transportation in
2020 [1]. In order to reduce the environmental footprint of the transportation sector,
sustainable alternatives to internal combustion engines (ICEs), such as hydrogen- and
electricity-driven engines, should be exploited. While hydrogen vehicles are still facing
some issues according to safety, low efficiency, and limited capacity [2], plug-in electric
vehicles (PEVs) have attracted a significant research interest. At the same time, the fast-
growing penetration of PEVs in the global automobile market is now evident. In 2020,
the electric vehicle fleet exceeded 10 million units globally, which is 41% higher than
in 2019. Furthermore, international campaign EV30@30 launched by the Clean Energy
Ministerial [3] pledges to achieve 30% market share for PEVs by 2030 to reach 250 million
sales. Hence, a quite larger integration of PEVs is anticipated in the following years.

Even though PEVs are treated as typical loads for the time being, that can be fully
altered if smart control and charging techniques are adopted. PEVs can be characterized by
large flexibility that renders them ideal providers of ancillary services to the grid, such as
frequency and voltage support [4]. Frequency support becomes extremely critical in future
power systems due to the increasing penetration of renewable energy sources that amplify
power system frequency instability. In this case, even small-frequency fluctuations can
trigger large disturbances at the power system level. Vehicle-to-grid (V2G) technology [5,6]
will further enhance the frequency support capacity of the grid. V2G operation is com-
pletely realistic, considering that an electric vehicle is parked for 90–95% of the time on an
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average day [7]. In this way, large populations of PEVs will be able to operate as control-
lable large powerplants or loads. V2G can be exploited for load frequency control (LFC)
more effectively than conventional lumped battery energy storage systems (BESS) due to
the significantly higher aggregated capacity and the high dispersion across the system [8].
In [9,10], it was shown that PEVs can stabilize load and frequency imbalances due to the
fast response of their batteries, which are designed to withstand large and frequent power
fluctuations [11].

In recent years a significant amount of research has been conducted on potential uses
of PEVs. For instance, the work done in [12,13] proposed a control method for frequency
regulation, considering also the expected state of charge (SOC) during PEV charging de-
mands. In order to achieve load–frequency control, a large number of connected PEVs is
needed. Thus, the concept of an aggregator [14–16] was introduced. The aggregated model
represents the energy and power constraints of the entire PEV fleet [17], which acts as a
virtual powerplant, providing frequency support to the grid [18,19]. Furthermore, the work
done in [20] proposed a method for primary frequency control (PFC) using a simple con-
stant droop characteristic, implemented in an isolated network model with a conventional
generator and inertial emulation. Some other studies [21,22] suggested a better approach
for frequency control, using fuzzy logic. The fuzzy controller receives information from
PEV batteries and the grid, such as SOC and frequency deviation, controlling the output
power in a more efficient and effective fashion.

The goal of this paper is to provide an accurate aggregate dynamic model capable of
simulating frequency support capability by a large number of PEVs under various operat-
ing conditions, considering several PEV and system constraints. The suggested aggregation
approach creates an equivalent battery model that contains detailed information about the
battery characteristics and operational limitations for each vehicle. Afterward, methods for
primary and secondary frequency support at the aggregator level are proposed. Instead
of a simple frequency–load droop characteristic, fuzzy logic is implemented to develop
a more efficient control approach that takes into account energy storage reserves. The
accuracy of the proposed aggregation method is proven, while the proposed method for
the simulation of the frequency support capacity of large PEV populations is applied to the
island power system of Crete.

The remainder of this paper is divided into the following sections: Section 2 describes
the calculation process that defines the aggregate model of the battery; Section 3 explains
how the suggested frequency support model is implemented using fuzzy logic; Section 4
defines the power system models that are used in the proposed methodology to achieve an
accurate frequency support simulation; Section 5 presents and discusses the simulation
results; Finally, the conclusions drawn from our work are discussed in Section 6.

2. Formulation of the Aggregate Battery Model

Each modeled PEV has its own specifications in terms of battery capacity range and
maximum charging–discharging rate. Furthermore, the departure time and the desired
SOC are determined using probability density functions obtained from real-world data. It
is considered that every charging point is able to provide bidirectional flow of active power
(load convention is used next). The stored energy in the battery of a PEV is estimated using
the following equation:

SOC(i, t + ∆t) =

{
SOC(i, t) + Pev(i, t)·nch(i)·∆t, Pev(i) ≥ 0

SOC(i, t) + Pev(i,t)
ndis(i)

·∆t, Pev(i) < 0
, (1)

where SOC(i, t) is the battery state of charge at time t of the PEV connected to the i-th
charger, Pev(i) is the power the i-th charging point exchanges with the network (when
Pev is positive, the PEV is charging), and nch/ndis is the charging/discharging efficiency
coefficient of the PEV charging system.
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Figure 1 represents the SOC trajectory the PEV follows between its connection time
t0 and disconnection time t f . SOCmin and SOCmax are the permissible minimum and
maximum values of the PEV’s battery SOC. The initial state of charge at connection
time is denoted with SOC0, and the desired state of charge at the disconnection time is
denoted with SOCtrgt. A maximum acceptable deviation of ± ∆SOCtrgt around SOCtrgt is
considered in this study. The red lines (SOClow, SOChigh) represent the dynamic lower and
upper limits of the PEV’s SOC. In general, each SOC limit is defined by four points. More
specifically, the points (t0, SOC0), (th1, SOCmax), (th2, SOCmax), and (t f , SOCtrgt + ∆SOCtrgt)
define SOChigh, while the points (tl1, SOCmin), (tl2, SOCmin), and (t f , SOCtrgt − ∆SOCtrgt)
define SOClow. Furthermore, tl1, tl2, th1, and th2, denote the timepoints where SOClow and
SOChigh increase or decrease with a constant rate of Pmax and Pmin, respectively.

SOClow(i, t) =


SOCmin(i) + Pmin(i)·(t− tl1(i)), t < tl1(i)

SOCmin(i), tl1(i) ≤ t ≤ tl2(i)
SOCmin(i) + Pmax(i)·(t− tl2(i)), t > tl2(i)

. (2)

SOChigh(i, t) =


SOCmax(i) + Pmax(i)·(t− th1(i)), t < th1(i)

SOCmax(i), th1(i) ≤ t ≤ th2(i)
SOCmax(i) + Pmin(i)·(t− th2(i)), t > th2(i)

. (3)

tl1(i) = t0(i)−
SOC0(i)− SOCmin(i)

Pmin(i)
. (4)

th1(i) = t0(i)−
SOC0(i)− SOCmax(i)

Pmax(i)
. (5)

tl2(i) = t f (i)−
SOCtrgt(i)− ∆SOCtrgt(i)− SOCmin(i)

Pmax(i)
. (6)

th2(i) = t f (i)−
SOCtrgt(i) + ∆SOCtrgt(i)− SOCmax(i)

Pmin(i)
. (7)
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disconnected at time t f .
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In special cases where th2 < th1 and/or tl2 < tl1, SOChigh and SOClow can never reach
the marginal values (SOCmax and SOCmin). The yellow line represents the optimal SOC
trajectory during the PEV dwelling time according to the respective variation in electricity
price. In a large electric power system hosting a large number of PEVs, calculating the
optimal SOC trajectory for each individual PEV is clearly impractical and inefficient and
leads to suboptimal and usually infeasible solutions for the electric power system. The
quantities depicted in Figure 1 can be used to calculate a dynamic model of an aggregate
equivalent battery representing a fleet of PEVs, as shown in Equations (8)–(13). Note
that the total number of connected vehicles (n) is different for every minute (t) as electric
vehicles are connected or disconnected from the network continuously.

SOCaggr
max (t) =

n(t)

∑
i=1

SOChigh(i, t) ∀t, (8)

SOCaggr
min (t) =

n(t)

∑
i=1

SOClow(i, t) ∀t, (9)

SOCaggr
0 =

n(t)

∑
i=1

SOC(i, T0). (10)

SOCaggr
trgt =

n(t)

∑
i=1

SOC
(

i, Tf

)
. (11)

Paggr
max (t) =

n(t)

∑
i=1

Pmax(i, t) ∀t. (12)

Paggr
min (t) =

n(t)

∑
i=1

Pmin(i, t) ∀t. (13)

Afterward, the optimum SOC trajectory of the equivalent battery representing the
PEV population can be easily calculated. In this way, the optimal operation of large PEV
populations can be achieved in a significantly short simulation time. In this approach, it
is assumed that the PEVs are operated by large aggregators, which will be the case in the
near future.

The objective function that needs to be minimized in order to calculate the optimal
total power of the PEVs is

J = min

 ∑
T0:∆t:Tf

Paggr
ev (t)·EP(t)·∆t

, (14)

subject to the following:

(1) Minimum and maximum power constraints,

Paggr
min < Paggr

ev (t) < Paggr
max ∀t; (15)

(2) Minimum and maximum SOC constraints,

SOCaggr
min < SOCaggr(t) < SOCaggr

max ∀t; (16)

(3) Desired SOC at the end of the day,

SOCaggr
(

Tf

)
= SOCaggr

trgt . (17)

The aggregated SOC satisfies the following equation:

SOCaggr(t) = SOCaggr(t0) + SOCaggr
di f f (t) + ∑

T0:∆t:Tf

Paggr
ev (t)·∆t ∀t, (18)



Inventions 2021, 6, 89 5 of 18

where Paggr
ev (t) is the optimal aggregated power of the PEVs, EP(t) is the forecasted elec-

tricity price, ∆t is the used time interval, and SOCaggr
di f f is the change in SOCaggr due to the

continuous connection and disconnection of EVs, which is calculated as follows:

SOCaggr
di f f (t) = ∑

t
∑

i
SOC(i, t0(i))− SOC

(
i, t f (i)

)
. (19)

3. Frequency Support Implementation

The droop control method is utilized as an initial approach to support system fre-
quency. ∆f represents the frequency deviation from the nominal value (50 Hz). As shown
in Figure 2, when ∆ f is inside the dead-band ( f0, + f0), no power is applied to support
the frequency. The dead-band is added because the PEVs should not respond to minor
frequency fluctuations, thus reducing the stress on their batteries. A typical dead-band
width is 0.06% or 0.03 Hz [23]. The previous method is commonly used for frequency
support in AC power systems. Since the mathematical models of power systems are usually
nonlinear and more factors than frequency deviation should be considered, there is a need
for more sophisticated algorithms. Hence, in this work, a fuzzy logic-based method was
developed to estimate the appropriate power deviation, ∆Pev, that is needed to support
the frequency. Fuzzy logic is a very powerful, nonlinear, and easy-to-use tool that leads to
a more robust control than the conventional droop control method. The fuzzy controller
proposed next was selected as it can provide a smooth and efficient frequency response
taking into consideration several parameters and constraints of the examined system, while
it is very easy to be implemented. Fuzzy logic-based controllers are very robust to forecast
errors in contrast to several types of optimal control systems that are highly dependent
on them. Moreover, with suitable parameter adjustment, in real time if needed, they can
provide a nearly optimal response while maintaining the advantages mentioned before.
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The first step of the process is the fuzzification stage, where inputs and outputs are
fuzzified into membership functions as shown in Figure 3. Each fuzzy set corresponds to
the linguistic variables such as very small (VS), small (S), average (A), big (B), and very big
(VB) for the distance of the current SOC, SOCdist, from its limits, frequency deviation ∆ f ,
and power change deviation factor p. Several tests indicated that the use of more linguistic
variables does not affect the performance of the fuzzy controller. All three variables are
normalized in the range of [0,1]. The value of p is used to calculate the appropriate PEV
power change depending on the frequency deviation as follows:

∆Pev(i, t) =
{

∆Pmin·p, ∆ f < 0
∆Pmax·p, ∆ f > 0

. (20)
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Fuzzy rules are executed using these linguistic variables to compute the fuzzy output,
as shown in Table 1. During the defuzzification process, the output membership function of
the fuzzy variable p is mapped into a crisp value using a method based on centroids [24,25].

Table 1. Fuzzy rules for power change factor estimation.

∆f

VS S A B VB

SOCdist

VS VS VS VS VS VS
S VS S S M B
A VS S M B B
B VS M B B VB

VB VS B B VB VB

The fuzzy frequency controller used by the PEV aggregator works supportively with
the existing frequency controller of the power system as shown in Figure 4. When a power
disturbance occurs (∆PD), frequency deviates from its nominal value. The two frequency
control systems detect the frequency deviation and try to deviate the power in the systems
they control to exchange with the power grid in a manner that eliminates the resulting
frequency deviation. For instance, when the load on the system is suddenly increased, the
frequency drops. At that time, the applied fuzzy controller tries to reduce the PEV load or
even inject some power into the grid if it is required. However, frequency deviation is not
the only factor that determines how much power the PEV aggregator should exchange with
the grid. The second fuzzy input, as shown in Figure 5, is called SOCdist and represents the
distance of the current aggregated SOC. For instance, if the PEV total power is positive,
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total SOC increases and approaches the SOChigh limit while it deviates away from SOClow
limit. In this case, SOCdist represents the difference between the current SOC and SOChigh.
As SOC approaches its maximum value, SOCdist gets closer to zero, and the capability of
the PEV aggregator to support frequency during a negative frequency deviation is reduced.
Therefore, the fuzzy controller should optimally ensure a tradeoff between the frequency
deviation and the stored energy in the controlled fleet of PEV. A graphical representation
of the output of the fuzzy controller with respect to the used decision variables is shown
in Figure 6.
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4. Description of Power System Model

Steam turbine driven power stations: Typical governor and steam turbine transfer func-
tions are given below [26].

Gsteam_gov(s) =
1

1 + sTg
; (21)

Gsteam_turb(s) =
1

1 + sTt
. (22)

The transfer function used for the steam reheat stage is

Gsteam_reheat(s) =
1 + skrTr

1 + sTr
, (23)

where Tg is the steam turbine governor time constant, Tt is the steam turbine time constant,
kr is the coefficient of reheat, and Tr is the reheat time constant.

Hydroelectric power stations: The IEEEG2 model is usually used for power system LFC
studies. It comprises the following transfer functions of the hydro speed governor and
turbine [27,28]:

Ghydro_gov(s) =
1 + sTR

(1 + sTRH)(1 + sTGH)
. (24)

Ghydro_turb(s) =
1− sTw

1 + 0.5sTw
. (25)

where, Tw represents the water launching time or the water time constant, TGH is the main
servo time constant, TR is the speed governor rest time. and TRH is the transient droop
time constant.

Diesel engine driven power stations: The mathematical model of a diesel engine [29,30]
consists of the mechanical speed-governing system Equation (26) and the diesel turbine
dynamics Equation (27). It comprises the respective transfer functions.

Gdiesel_gov(s) =
Kd(1 + sTd1)

(1 + sTd2)(1 + sTd3)
, (26)

Gdiesel_turb(s) =
1

1 + sTd4
, (27)

where Td1, Td2, Td3 are the equivalent time constants of the speed governor, Td4 is the time
constant of diesel power generation, and Kd is the diesel turbine governor gain.

Gas turbine driven power stations: The simplified model of a typical gas turbine consists
of four modules: the speed governing system, the valve positioner, the fuel system along
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with the combustor, and the turbine dynamics module. Normally gas turbines have three
control circuits: speed control, temperature control, and acceleration control. Assuming
that the temperature inside the combustion chamber will never be too high to damage
the blades and there is no need for the acceleration controller to start or to shut down the
turbine, the model can be simplified by using only the speed controller [31]. The respective
transfer functions of the gas turbine unit are given in Equations (28)–(31).

Ggas_gov(s) =
Xs + 1
Ys + 1

, (28)

Gvalv_pos(s) =
a

bs + c
, (29)

G f uel_comb(s) =
1− sTCR
1 + sTF

, (30)

Ggas_turb(s) =
1

1 + sTCD
, (31)

where X is the speed governor lead time constant, Y is the speed governor lag time constant,
a,b,c are valve positioner time constants, TCR is the combustion reaction time delay, TF is
the fuel time constant, and TCD is the compressor discharge time constant.

The control gains and time constants are suitably set for every type of generator in
order simulate the response time and the amount of power generated for each one. Diesel
and gas turbines have fast response time but less power generation due to high operating
costs. Hydro and steam turbines are cheaper; thus, they take over most of the load over
time due to the slower response time.

The models of the power generation units described above are interconnected as
shown in Figure 7 [32]. In order to form the complete frequency control system of the
electric power system, in this model, the response from the PEVs is included while the
motion dynamics of the electric power generation system are modeled as a first-order
transfer function with gain Kps and time constant Tps.Inventions 2021, 6, x FOR PEER REVIEW 10 of 19 
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5. Case Study

The proposed aggregation method is able to deal with a large number of chargers.
Whenever a vehicle arrives, it is connected to an unoccupied charger for the desired
amount of time. As previously stated, instead of optimizing the charging cost of each PEV
battery separately, an equivalent battery representing the population of PEVs is developed.
Thus, the simulation time required to obtain the optimal charging power trajectory is
reduced drastically as the most time-consuming process of the charging cost optimization
is executed only once. We would like to note at this point that no optimization method can
lead to the optimal solution with absolute certainty in large-scale problems, which also
depend on the forecast of some inputs of the problem, e.g., the electricity price forecast.
Moreover, in electric power system-scale applications, the cost is more effectively reduced
at the aggregator level, while the electric power system constraints can be dealt more
effectively only at this level.

In order to assess the accuracy of the proposed aggregation method, the SOC trajectory
for each PEV is first optimized with regard to the resulting charging cost, the arrival and
departure times, and battery constraints.

Five categories of PEVs were selected according to their price range. The battery
specifications, as shown in Table 2, were estimated by calculating the mean values of
10 existing vehicle types of each category. Furthermore, regarding the arrival and departure
times, real-life distributions were implemented, considering several activity types such as
home, work, shop, and social [33,34].

Table 2. PEV battery specifications.

Price Battery Capacity (kWh) Nominal Power (kW)

Low 35.3 7.3
Low–medium 51.5 10.25

Medium 63.9 9.5
High–medium 83.6 10.8

High 95.6 12.8

Figure 8 depicts the obtained optimal SOC trajectories of the PEVs connected to one
of the chargers.
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In Figure 9, the aggregated results of the optimal SOC trajectory of 20,000 PEVs
using the two optimization approaches are shown, namely, optimization at PEV level and
optimization at the equivalent aggregated battery level. The calculation time required by
the first approach was 55 min, whereas it was only 4.3 min in the second approach. It
becomes apparent from the obtained results that the optimal SOC trajectories obtained
with the two approaches are almost identical.
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In addition to the assessment of the accuracy of the equivalent battery model regarding
its technical characteristics, frequency response was assessed. Figure 10 illustrates how the
fuzzy controller responds to frequency changes when implemented independently on each
battery, as well as when it is applied to the equivalent battery model. In this simulation,
1000 PEVs were utilized. In the case that a fuzzy frequency controller was applied to each
car, the required simulation time was approximately 2185 s or 37 min. On the contrary,
when the frequency controller was applied on the equivalent battery, simulation time was
dramatically reduced to 2.17 s. As the frequency response obtained in both approaches is
almost identical, the equivalent battery model is highly preferable due to the enormous
reduction in the simulation time and the high accuracy it provides. The advantage of the
simulation time reduction becomes even more substantial when hundreds of thousands, if
not millions, of PEVs are connected to the electrical network.
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The simulation is based on the power system of Crete which has a total installed power
generation capacity of 820.02 MW with 27 power generators. Table 3 depicts the generation
capacity of each generator. The figures below were calculated for August, where Crete’s
power grid is at maximum strain, to assess how effectively PEVs contribute to frequency
support. The total load for this operating point was 570 MW (gas turbines: 250 MW, steam
turbines: 188 MW, diesel turbines: 132 MW).

Table 3. Generation capacity of Crete.

Power Plant Gas Turbine Steam
Turbine

Diesel
Turbine Installed Power (MW)

Heraklion 118.47 105 49.12 272.59
Chania 302.69 42.5 - 345.19
Lasithi - 100 102.24 202.24

Total (MW) 421.16 205 151.36 820.02

The parameters of the power system model [35], as shown in Figure 7, are given in
Table 4; 100 MVA base power and 50 Hz base frequency were used.

Table 4. Power system parameters.

Steam Turbine Parameters

Tg Steam turbine governor time constant 0.1 s
TT Steam turbine time constant 0.4 s
kr Coefficient of reheat steam turbine 0.5
Tr Reheat time constant 10.0 s
Rth Steam speed governor regulation parameter 0.6 p.u.

Ki_th Steam turbine integral controller gain 1 p.u.

Hydraulic Turbine Parameters

TW Water time constant 1 s
TGH Main servo time constant 0.2 s
TR Speed governor rest time 5.0 s

TRH Transient droop time constant 28.75 s
Rhy Hydro speed governor regulation parameter 0.25 p.u.

Ki_hy Hydro turbine integral controller gain 0.3 p.u.

Diesel Turbine Parameters

Td1 Equivalent speed governor time constant 1 1.0 s
Td2 Equivalent speed governor time constant 2 2.0 s
Td3 Equivalent speed governor time constant 3 0.025 s
Td4 Diesel turbine power generation time constant 3.0 s
Kd Diesel turbine governor gain 1.0
Rd Diesel speed governor regulation parameter 0.2 p.u.

Ki_d Diesel turbine integral controller gain 0.1 p.u.

Gas Turbine Parameters

X Speed governor lead time constant 0.6 s
Y Speed governor lag time constant 1.0 s
a Valve positioner constant 1.0
b Valve positioner constant 0.05
c Valve positioner constant 1.0

TCR Combustion reaction time delay 0.3 s
TF Fuel time constant 0.23 s

TCD Compressor discharge volume time constant 0.2 s
Rg Gas speed governor regulation parameter 0.1 p.u.

Ki_g Gas turbine integral controller gain 0.2 p.u.

Power System Parameters

Kps Power system gain 0.06 p.u.
Tps Power system time constant 20.0 s

The effectiveness of frequency support provided by the PEV aggregator is highly
dependent on the number of the PEVs. Assuming that 10% of all vehicles in Crete will
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be electric by 2030, a fleet of 50,000 PEVs will be available at that time. As shown in
Figure 11, if there was no PEV frequency support, a 75 MW load step increase would
cause a frequency drop under 47.5 Hz, resulting in a highly possible desynchronization
of the system. On the contrary, using the PEV frequency support capability, frequency
can be supported efficiently, especially when a significant number of electric vehicles are
connected to the grid. Moreover, Figure 12 shows the obtained change in the power the
PEVs exchange with the network with regard to their number.
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Depending on the magnitude of the load change, the same number of vehicles can
apply a different change to their power demand. In Figure 13, the response of 5,000 PEVs
is shown with respect to the system load change.
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The total number of PEVs is not the only factor that determines the amount of addi-
tional power drawn or delivered to the grid. For example, when system load decreases,
PEVs must absorb more power to support the frequency. However, if PEVs are already
absorbing the maximum amount of power, it is impossible to support the frequency. The
same issue occurs when system load increases and the PEVs are already providing to the
grid their maximum power.

Another significant factor that affects the frequency support capability of the PEVs is
the proximity of their aggregated current state of charge to the respective lower or upper
limits. In order to justify this remark, two cases were simulated, as shown in Figure 14.
Both of them employed the same number of PEV in order to ensure the same aggregated
power capacity. The power grid was also subjected to the same increase of load. The only
difference between the two cases was the proximity of the aggregated SOC to its lower
limit. When system load increases, additional power will flow from the vehicles to the grid,
lowering the SOC level of the equivalent battery. If SOC is already close to the lower limit,
as shown in Figure 14, less or even no power will be injected to the grid. Similar behavior
would be observed if system load was reduced and the SOC of the equivalent battery was
closer to its upper limit.

Another issue that occurs during frequency support by the PEVs is that the SOC of
the equivalent battery will deviate from the optimal precalculated trajectory. To solve
this, two approaches can be proposed. According to the first approach the optimal SOC
can be recalculated when frequency support is no longer required. This means that the
optimization algorithm for the calculation of the optimal SOC trajectory must be rerun for
the remainder of the 24 h time period. This will add extra calculation time. The second
option is to try reaching the precalculated SOC by appropriately increasing or decreasing
the PEV power until the aggregated SOC coincides with the optimal precalculated one. As
shown in Figure 15a, a frequency drop occurs at the 1060th minute of the examined 24 h
time period. The PEVs provide additional power to the grid and the overall SOC drops. To
reach the optimal trajectory, the power absorbed by the PEVs is gradually increased, and
the SOC gradually returns to the optimal trajectory, as illustrated in Figure 15b. The blue
line depicts the optimal SOC trajectory in the absence of frequency support, whereas the
red line depicts the SOC trajectory after frequency support and during SOC restoration.
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6. Discussion

In this paper, a method to obtain an efficient equivalent aggregate battery model for
a large number of plug-in electric vehicles able to accurately assess frequency support
services to the electrical grid was proposed. The model comprises detailed information
on individual PEV batteries, such as stored energy capacity power limitations and real-
world mobility data in order to model the dynamic behavior of the aggregate battery. The
optimal SOC trajectory for each vehicle, as well as for the equivalent battery, is calculated
using a classical optimization approach considering all battery technical constraints and
arrival/departure times of the PEVs. Furthermore, a fuzzy logic-based frequency controller
was developed in order to compute the appropriate amount of power that PEVs should
exchange with the grid during frequency support mode of operation. The proposed
method was evaluated on Crete’s electrical power system for several operation scenarios
and PEV penetration. The respective simulations were conducted to demonstrate the
superiority of the proposed technique in terms of computation time and accuracy. Lastly,
the conducted simulations could be useful in deciding the number of PEVs required to
successfully eliminate significant frequency disturbances without violating any battery
restrictions for different power system operation scenarios. The suggested model can
be highly beneficial for the transmission system operators in terms of system planning.
Moreover, the model is fully parametric as it includes a large number of system parameters
and technical characteristics, allowing its application to any power system. In future work,
the technical problem of the real-time optimal power distribution at the PEV level can
be examined.
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Nomenclature

t The current time of simulation (min)
t0 The arrival time of the vehicle (min)
t f The departure time of the vehicle (min)
SOC State of charge of PEV’s battery (kWh)
SOC0 Initial state of charge
SOCmax The maximum SOC of PEV’s battery (kWh)
SOCmin The minimum SOC of PEV’s battery (kWh)
SOCtrgt The desired SOC at PEV’s departure time (kWh)
SOChigh The dynamic upper limit of PEV’s SOC (kWh)
SOClow The dynamic lower limit of PEV’s SOC (kWh)
tl The time that SOClow starts to converge to SOCtrgt target or SOC0 (min)
th The time that SOChigh starts to converge to SOCtrgt target or SOC0 (min)
Pmax The maximum power the PEV can exchange with the grid (kW)

https://nhts.ornl.gov/2009/pub/stt.pdf
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Pmin The minimum power the PEV can exchange with the grid (kW)
Pev The power that PEV exchanges with the grid (kW)
EP Electricity price (EUR/kWh)
∆t Time step (min)
n The number of PEVs
∆Pev Total power change of PEVs during frequency support mode of operation (MW)
∆PD Power demand change (MW)
∆Pg Generation power change during frequency support mode of operation (MW)
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