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(a) A fuzzy partition of the input and output variable space is created. Over all of the five input
variables, we have applied a uniform partition composed of 19 fuzzy sets, and over the output
variable we have applied a uniform partition with 495 fuzzy sets. Based on these values, we have
generated a partition of the five-dimensional space that is composed of 19° subspaces or regions.

(b) Candidate rules are generated in each fuzzy input subspace. For each example of the training
set (which is composed of 8926 examples) contained in each subspace, a fuzzy rule is proposed.
All of these rules have the same antecedent and differ in their consequents.

(c) Each rule is assigned an importance degree, which is obtained by computing the covering value
of the rule in its subspace [42].

(d) Select the rule with the highest importance degree in each group or subspace. The algorithm
generated a KB with 6216 different rules.

In this learning algorithm, the accuracy of the modeled output variable is related to the number of
subspaces into which the original five-dimensional space was divided. In the same way, the complexity
of the model increases with the number of subspaces and their dimension. On the other hand, the
number of rules, which is related to the number of subspaces, determines the accuracy of this model.

5. Experimental Results

As commented, the ANN model provides one of the best level of accuracy between the models
mentioned in the related work. For that reason, in this paper, the developed models are evaluated and
compared to the ANN model.

As a result of executing these proposed modeling methods (see Sections 4.1 and 4.2), we have
obtained two models of an HCPV:

(a) TSKERBS training with ANFIS.
(b) Mamdani FRBS obtained with the Ad Hoc data-driven method.

To conduct this study, the electrical performance of a HCPV module mounted on a two-axis solar
tracker (Figure 6 left) together with the main atmospheric parameters that have influence in its output,
have been measured at the Centro de Estudios Avanzados en Energia y Medio Ambiente (CEAEMA)
of the University of Jaén.

Figure 6. Experimental set-up used to conduct this study at the Centro de Estudios Avanzados en
Energia y Medio Ambiente at the University of Jaén. (left) HCPV module; (right) atmospheric station.

The module is made up of 20 triple-junctions lattice-matched GaInP/GalnAs/Ge solar cells
interconnected in series. The module uses silicon-on-glass (SOG) Fresnel lenses as primary optical
element. The secondary optical element consists of reflexive truncated pyramids made up of an
aluminium film layer to enhance the reflectivity. The module has an optical efficiency of 80%,
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a geometric concentration of 700 and uses passive cooling to ensure that MJ solar cells operate
on their optimal operation range [49]. Table 1 shows the main electrical characteristics of the HCPV
module under Concentrator Standard Operating Conditions, CSOC, (i.e., AM1.5D, DNI = 900 W/ m?,
ambient temperature, T = 20 °C and wind speed, WS =2 m/s).

Table 1. Electrical characteristics of the HCPV module under Concentrator Standard Operating
Conditions, CSOC, (i.e., AM1.5D, DNI = 900 W/m?2, ambient temperature, T = 20 °C and wind speed,

WS =2m/s).
Electrical Characteristics Value
Short-circuit Current (Isc) 5.30 A
Open-circuit Voltage (Voc) 57.28 V
Maximum Current (Ippm) 4.85 A
Maximum Voltage (Vppm) 47.62V
Maximum Power (Ppmax) 230.85 W

In order to measure the electrical parameters of the HCPV module a four-wire electronic load
located was used. In addition, the centre is equipped with an atmospheric station MTD 3000 from
Geonica S.A. (Figure 6 right) to record the main atmospheric parameters such as direct normal
irradiance, air temperature, wind speed or humidity. The values of aerosol optical depth not provided
by the atmospheric station were obtained from MODIS Daily Level-3 data source [80].

To obtain the knowledge base that characterizes each model, in this paper, we have considered a
set of input and output variable values, recorded by the experimental setup, that it is composed of
11155 examples that were recorded every 5 minutes from January 2011 to December 2012.

In the case of ANFIS, to prevent the learning method from memorizing the training examples,
the available data are separated into three subsets:

(a) A training set: the learning method is trained with this set in the classical way. It includes 33% of
the examples.

(b) A validation set: each time you complete a training iteration, this set is used to determine whether
you can stop training. The goal is to avoid overtraining. This set contains 33% of the examples.

(c) A testset to discern the goodness of the process. This set contains 33% of the examples.

After this, the following procedure was used. The system trains on the first set for 10 iterations.
Then the validation set is used, and if a result with low enough error is obtained, the process is finished;
otherwise another 10 iterations are performed. Finally, the third set is used to check the degree of
fitness of the system. The three sets each contain 33% of the samples.

In the case of the Ad Hoc data-driven method, to prevent biasing the learning process, the available
data are divided into two subsets:

(a) A training set, which includes 80% of the examples.
(b) A test set, which contains 20% of the examples.

This training set has been used to generate the linguistic rules that constitute the KB. Then the
test set was employed to evaluate the performance of this learning method.

All the earlier sets have been obtained based on all data sets and were formed by carrying out a
random and uniform selection of the subspaces, and then a random selection of an example contained
in each subspace.

As a result of executing the proposed modeling methods, the characteristics of the obtained
knowledge bases are as follows:

(a) For TSK, FRBS training with ANFIS:

1.  Number of rules: 32.
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2. Number of fuzzy sets for each input variable: 2.

3. The partition of the membership functions into the fuzzy sets of input variables is shown in
Figure 7. From the observation of the captured data and the membership functions of the
two fuzzy sets, for each of the atmospheric variables represented in Figure 7, the conclusion
can be drawn that the crossing point of the two fuzzy sets has been chosen so that the number
of samples is approximately equal to right and left of said point. Therefore, the high and low
fuzzy sets will cover approximately the same number of samples, half of the total number
of samples captured. This distribution of the membership functions, which responds to
the density of the samples captured, as well as the choice of the initial and final values of
the height of the fuzzy sets and the slope of the curve that defines them, allows to have a

number of very reduced rules, without a decrease in model accuracy.
For Mamdani, FRBS obtained with the Ad Hoc data-driven method:
Number of rules: 6216.

Number of fuzzy sets for each input variable: 19.
Number of fuzzy sets for each output variable: 495.
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Figure 7. Membership functions of the input variables for the HCPV model based on the TSK FRBS

training with the ANFIS method.
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After the KBs have been obtained, in order to evaluate the level of accuracy of these models,
for each element of the test set (five values of atmospheric variables) it is made the simulation of
each model to obtain the predicted maximum output power. To study the behavior of these models,
we have to calculate the normalized root mean square error (NRMSE) between the measured (Pm) and
the predicted (Pp) maximum output power. The equations of the RMSE (in watts) and NRMSE (in
%) are:

RMSE =

" (P, —Py)?
B (P = Pu)” s — RMSE )
n P
The values of NRMSE (in %), obtained with the three models of HCPV (including the ANN model
introduced in [29]) are shown in Table 2. A comparison of the values of the NRMSE gain for the models
of HCPV presented in this paper versus the ANN model, is shown in Table 3. The equations of the

gain in NRMSE are:

Guai _ INRMSE7sk prps — NRMSE sy |
AMNRMSE TsK FRBS vs ANN NRMSE snn

@

Gai _ INRMSEpamdani ERBs — NRMSEanN]
ANNRMSE Mamdani FRBS vs ANN NRMSE snn

®)

Table 2. NRMSE for the three models: ANN, TSK FRBS training with ANFIS and Mamdani FRBS
obtained with Ad Hoc data-driven method.

NRMSE (%) Train Validation Test Overall
ANN 211 2.1 2.45 2.16
TSK FRBS training with ANFIS 1.85 1.99 2.21 193

Mamdani FRBS training with Ad

Hoc data-driven 2.04 225 2.07

Table 3. Comparison of the gain in NRMSE, for the model TSK FRBS training with ANFIS versus ANN
and for Mamdani FRBS obtained with the Ad Hoc data-driven method versus ANN.

Gain in NRMSE Train Validation Test Overall
ANN 0 0 0 0
TSK ERBS training with ANFIS 12.32 5.24 9.80 10.65

Mamdani FRBS training with Ad

Hoc data-driven 3.32 8.16 4.17

In addition to the NRMSE analysis between the measured and predicted output maximum power,
the linear regression analysis have also been calculated to study the results of the compared methods
(ANN, Mamdani, TSK) in more detail, as shown in Figures 8-10.
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Figure 8. A regression analysis between the predicted output maximum power in the ANN model and
the measured output maximum power for the total set of data.
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Figure 9. A regression analysis between the predicted output maximum power in the Mamdani FRBS
model and the measured output maximum power for the total set of data.
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Figure 10. A regression analysis between the predicted output maximum power in the TSK FRBS
model and the measured output maximum power for the total set of data.

From the analysis of the experimental results, we note the following observations:

An improvement in the RMSE and R? of results obtained with TSK FRBS training with ANFIS and
with Mamdani FRBS using the Ad Hoc data-driven method compared with the results obtained
using ANN.
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(b) Animprovement in the RMSE and R2 of the results obtained with TSK FRBS training with ANFIS
compared with the results obtained using Mamdani FRBS with the Ad Hoc data-driven method.

(c) A strong decrease in the number of rules in the knowledge base obtained for TSK FRBS compared
with that obtained for Mamdani FRBS. This simplicity results in an increase in the speed of the
inference process.

Nevertheless, the use of a Mamdani FRBS has several advantages, among which we can highlight
the fact that each rule is a description of a condition-action statement that has a clear interpretation to
a human. In this section, we emphasize the meanings of several rules.

The rule that infers the scene in which the HCPV module generates the least amount of power is:

If DIN is A1, Tair is A17, Ws is A6, PW is A12 and AM is A9, then Power is B1.

By analyzing this linguistic rule, and taking into account the proposed uniform partition of the
membership functions, composed by 19 fuzzy sets for each meteorological variables and 495 fuzzy
sets in the maximum output power variable, we can say that:

The fuzzy set Al covers values of the variable DNI very close to its minimum measured value
(between 0 and 5% of its range of values). The fuzzy set A17 covers values of the variable Tair close to
its maximum measured value (between 87 and 92% of its range of values). The fuzzy set A6 cover
values of the variable Ws around 1/3 of its range of measured values (between 29 and 34%). The fuzzy
set A12 cover values of the variable PW between 60 and 66% of the range of its measured values.
The fuzzy set A9 cover values of the variable AM close to the medium value of its range of measured
values (between 45 and 50%). The fuzzy set Bl covers values of the variable Power very close to its
minimum value measured (between 0 and 0.2% of its range of values). Therefore we can interpret this
rule as follows:

If the value taken by the variable DNI is within the set Al and if the value taken by the variable
Tair is within the set A17 and if the value taken by the variable Ws is within the set A6 and if the value
taken by the variable PW is within the set A9 and if the value taken by the variable AM is within the
set A9 then the value taken by the variable Power will be within the set B1.

In a simplified way, the conditions that generate the least amount of maximum power are:

A very low DNI, very high Tair, medium-low Ws, medium-high PW and medium AM.

The rule that infers the scene in which the HCPV module generates the largest amount of
maximum power is:

If DIN is A16 and Tair is A11 and Ws is A8 and PW is A9 and AM is 1, then Power is B495.

As can see by observing this rule, the maximum amount of maximum power will be supplied
under the following conditions:

A very high DNI, medium-high Tair, medium Ws, medium PW, and very low AM.

One of the advantages of Mamdani FRBS is that we can deduce the relationships between the
input and output variables. If we consider these rules, we realize that there is a clear connection
between the DNI input variable and the amount of electric power supplied by the HCPV module.

The relationships between other variables can be deduced by analyzing other rules in the
knowledge base. For example:

If DIN is CB17 and Tair is CB17 and Ws is CB3 and PW is CB8 and AM is CB1, then Power
is CB441.

If DIN is CB17 and Tair is CB15 and Ws is CB3 and PW is CB8 and AM is CB1, then Power
is CB443.

If DIN is CB17 and Tair is CB14 and Ws is CB3 and PW is CB8 and AM is CB1, then Power
is CB454.

If DIN is CB17 and Tair is CB13 and Ws is CB3 and PW is CB8 and AM is CB1, then Power
is CB457.

Analyzing these linguistic rules, we realize that under these conditions of the DNI, Ws, PW and
AM variables (which are the same in the five rules), the maximum power supplied by this HPCV
model will increase if the value of the Tair variable decreases.
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Throughout the knowledge base, we can find several sets of rules with the same values for four
of the five conditions in their antecedents. Then the values taken by the fuzzy sets for the condition
that differs and for the consequent allow for the determination of the relationship between the output
maximum power and this input variable.

Although the knowledge base obtained for the HCPV model based on TSK FRBS has only 32
linguistics rules, the analysis of these rules does not allow for the interpretation of the relationships
between the input and output variables; thus we cannot deduce human knowledge from the
examination of the knowledge base.

In the HCPV modules, the input variables are mutually dependent, for this reason it is difficult to
find a proper fuzzy partition of the input variables. To increase the precision of the HCPV model based
on Mamdani FRBS, we have been proposed a uniform partition of the space of the input variables
and their division into a large number of fuzzy sets. This results in a great increase in the number of
linguistic rules.

To decrease the number of rules in the knowledge base without decreasing the accuracy of the
model, in the future we can propose a non-uniform partition of the space of input variables, which
will decrease the complexity of the input-output mapping and therefore allow for increasing the speed
of the inference process and the human interpretability of the linguistic rules in the knowledge bases.
This new partition must take into account the density of the examples contained in the input-output
data set. This solution must increase the granularity of the fuzzy partition in the areas in which there
is a higher density of examples for each one of the input variables.

Another aspect to take in account is the execution time in the process of obtaining the model (the
KB). As can see by observing the Table 4, the process of training for Mamdani FRBS model is more
expensive in terms of CPU time, than the TSK FRBS and the ANN. However this process is off-line
and it is done once.

Table 4. Comparison of the execution time (training, validation and test) for the model TSK FRBS
training with ANFIS versus Mamdani FRBS obtained with the Ad Hoc data-driven.

Execution Time (units) Training (h) Validation (s) Test (s)
ANN 1/60 2 2
TSK FRBS training with ANFIS 4 2 2
Mamdani FRBS training with Ad Hoc data-driven 216 2

6. Conclusions

In this paper we have proposed the use of two types of FRBS (Mamdani and Takagi-Sugeno-Kant),
with the goal of modelling HCPV systems. With the intention of obtaining the best performances
of each fuzzy systems we have proposed a learning method: the ANFIS one, for training a TSK
FRBS, in order to obtain its KB, and the Ad Hoc data-driven methodology to obtain the KB of the
Mamdani FRBS.

From the analysis of the experimental setup and the description of these methods, it is noticed
that the proposed modelling method:

(a) They only need simple outdoor measurements.

(b) They do not need an expensive experimental system.

(c) They are valid for any climatic conditions.

(d) They do not need any specific simulation software.

(e) They can be applied to the modelling of any model of HCPV module.

These characteristics, which they share with the ANN-based method, allow the building of HCPV
models without complex requirements. In addition they allow to obtain the complex relationships that
link the electrical behaviour of an HCPV module and its inputs variables, with a high level of accuracy.

On the other hand, from the analysis of the experimental results, it is noticed that:
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(@) The use of an HCPV model obtained using TSK FRBS trained with ANFIS produced an
improvement in the model accuracy compared to the use of the model obtained using ANN.

(b) The use of an HCPV model obtained using Mamdani FRBS with an Ad Hoc data-driven method
produced an improvement in the model accuracy compared to the use of the model obtained
using ANN.

(¢) The use of an HCPV model obtained using TSK FRBS trained with ANFIS produced an
improvement in the model accuracy compared to the use of the model obtained using Mamdani
FRBS with an Ad Hoc data-driven method.

(d) The use of an HCPV model obtained using Mamdani FRBS with an Ad Hoc data-driven method
allowed for the deduction of the relationship between the input and output variables. However,
the other HCPV models did not provide information on the modeled system that was interpretable
by a human.

For the future work we propose the following lines:

(a) InMamdani FRBS modelling:

1. To build a non-uniform partition of the membership functions in the input variables,
in order to minimize the number of linguistics rules in the KB obtained by applying Ad Hoc
data-driven method.

2. To use other learning methods, as genetic algorithms, in order to obtain good KB.

(b) In TSK FRBS trained with ANFIS modelling: to increase the number of fuzzy sets in the partition
of the membership functions of the input variables, in order to increase its accuracy.

(c) In FRBS (Mamdani and TSK) modelling: to increase the number of input variables, with new
atmospheric variables, in order to obtain HCPV models with higher accuracy.
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Abstract: The rapid development of technology used in electric vehicles, and in particular their
penetration in electricity networks, is a major challenge for the area of electric power systems.
The utilization of battery capacity of the interconnected vehicles can bring significant benefits to the
network via the Vehicle to Grid (V2G) operation. The V2G operation is a process that can provide
primary frequency regulation services in the electric network by exploiting the total capacity of a
fleet of electric vehicles. In this paper, the impact of the plug-in hybrid electric vehicles (PHEVs)
in the primary frequency regulation is studied and the effects PHEVs cause in non-interconnected
isolated power systems with significant renewable energy sources (RES) penetration. Also it is taken
into consideration the requirements of users for charging their vehicles. The V2G operation can be
performed either with fluctuations in charging power of vehicles, or by charging or discharging the
battery. So an electric vehicle user can participate in V2G operation either during the loading of the
vehicle to the charging station, or by connecting the vehicle in the charging station without any further
demands to charge its battery. In this paper, the response of PHEVs with respect to the frequency
fluctuations of the network is modeled and simulated. Additionally, by using the PowerWorld
Simulator software, simulations of the isolated power system of Cyprus Island, including the current
RES penetration are performed in order to demonstrate the effectiveness of V2G operation in its
primary frequency regulation.

Keywords: vehicle-to-grid (V2G); isolated power system dynamic simulation; primary frequency
control (PFC); scheduled charging; aggregator; battery storage; renewable energy systems modeling

1. Introduction

Plug-in hybrid electric vehicles (PHEVs) have the ability to recharge their batteries with electricity
from an off-board source (such as the electric utility grid). PHEVs as a new type of load and due to their
large-scale integration in the power system will have a significant impact on power system operation
and planning, especially in isolated power systems [1,2]. The increased load in power systems due
to the charging of electric vehicles should be taken into account in the optimal operation of power
systems as well as in investment planning. The major challenge for the area of electric power systems
is the utilization of battery capacity of the interconnected vehicles during their charging in charging
stations [3]. More precisely, PHEVs can act as small mobile energy storage units and at the same time
as controllable loads [4]. An integration of PHEVs in the power grid with appropriate communications
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and information systems can provide ancillary services to the power grid [5]. Frequency regulation
is an important ancillary service that PHEVs can provide because the time duration of this service is
short (i.e., a few minutes) and moreover can provide great economic rewards to the owners of vehicles
especially in isolated power grids with significant RES penetration [6,7]. With V2G operation PHEVs
can participate in electricity balancing markets to provide regulation services [8,9]. The frequency
regulation service can be offered by vehicle-to-grid (V2G) operation, which achieves bidirectional
power flow between PHEVs and a power grid [10]. When the system frequency goes downwards,
PHEVs acting as power producers can prevent further frequency drop. On the other hand, PHEVs
could absorb the power from the grid to prevent from a further increase in frequency [11,12]. In this
paper, we focus as a case study on the V2G control participating in Primary Frequency Control (PFC)
at the isolated power system of Cyprus. PHEVs can participate in PFC because the frequency signal
is available at any location of a power system where a PHEV is connected. Except for frequency
droop control, V2G control strategies (centralized and decentralized V2G control for PFC) include
both maintaining the BSOC (Battery Sate of Charge) and achieving charging demand. When the
remaining battery energy is low, the customer has to charge the EV to a higher BSOC level. On the
other hand, if the residual BSOC is sufficiently high in the day time, the EV customer is generally
willing to maintain the BSOC and recharge the EV in the night considering the low off-peak electricity
price [2,13]. In our study, we chose a simple V2G strategy that includes only the droop control and
the scheduled charging power of PHEV if the driver wants to charge more the vehicle. The actually
charging duration is estimated on the basis of the actual plug-in duration. The optimal driving range
of PHEVs to achieve the minimum social cost is examined in Reference [14], where the electric driving
range is found to be sensitive to factors, such as the battery pack cost and the gasoline price. These
aspects are out of the scope of the present paper, thus they are not taken into consideration here.

The main contribution of this paper is the modeling and simulation of the dynamic operation of
the isolated insular power system of Cyprus, which is the largest island in Eastern Mediterranean Sea,
with significant RES penetration (mainly from wind turbines), based on real data. These data include
mainly load demand, wind turbine production, conventional units technical data, as well as data from
system frequency response in real disturbances. In this study it is shown that the frequency droop
control that the significant PHEVs integration can offer is able to improve remarkably the primary
frequency regulation of the Cypriot power system, which is more sensitive to dynamic variations
compared to the large interconnected ones.

This paper is organized as follows. In Section 2, the framework of V2G operation to join in the PFC
of a power grid is presented. The V2G control that we chose to achieve frequency regulation, as well as
scheduled charging is addressed in Section 3. In Section 4, the PHEVs V2G control block for frequency
regulation is presented and discussed. Simulations and discussions that illustrate the performances
of the PHEVs V2G control block and V2G control are shown in Section 5. Section 6 discusses the key
features of the isolated power system of Cyprus. Section 7 contains a brief description of the adopted
wind turbine simulation model. In Section 8 the overall simulation model of the isolated Cyprus Island
power system, including the significant RES penetration is presented, and the frequency response is
simulated and verified under a real scenario that is related to a conventional power unit loss. Section 9
presents the PHEVs fleet which is integrated in the power system of Cyprus, as well as the simulation
results of frequency response with and without V2G grid operation for four cases that are related with
a sharp increase or decrease of power system load during a peak load day. Moreover, in this section the
BSOC of PHEVs and the exchange power from the power grid side is presented for each case. Finally,
the conclusions of this paper are presented in Section 10.

2. System Framework of V2G Operation

Figure 1 illustrates the framework of V2G operation for PHEVs to join in the PFC of a power
system. As can be seen, an aggregator is needed for the participation of PHEVs in PFC. The V2G
aggregator monitors the fleet of vehicles, which are integrated into the power grid. Actually creates an
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aggregate profile of a virtual power plant, which depends on the number of vehicles that are connected
and capable for V2G, every hour of the day. In addition, the power of the virtual power plant depends
on the available power and energy that can provide the fleet of vehicles. The aggregator can receive
signals/commands by the transmission system operator and then forward them to the fleet of vehicles,
according to the power grid requirements.

In a market environment, aggregator should estimate the regulation capability of the PHEVs fleet
and choose an optimal bidding strategy. After market clearing, the aggregator will inform the chosen
PHEVs to participate in the PFC [15-17].

PHEVs are connected to the power grid with electric vehicle supply equipment through which
bidirectional energy exchange can be achieved. The V2G controller makes decisions based on real-time
frequency and BSOC sent from the battery management system (BMS), respectively. It is considered that
V2G controller has an embedded frequency detection block which monitors the system frequency in real
time. The real-time command is produced and sent from the V2G controller to the charger/discharger
block. The charger/discharger is a device that controls the power interchange between the power
grid and the PHEV battery to suppress frequency fluctuation. Simultaneously undertakes to achieve
charging demand.

"The Power Grid"
Bulk power system
SCADA/EMS

Hybrid/Electric Vehicle - Energy Transfer System

Plug-in Hybrid/Electric Vehicle

Electric w-t# | Charger/Discharger | e -
- Vehicle Battery
Aggregator | 4

Supely o Storage
Equipment
o B LT |

Controller

N U U

[ Battery Management System ]

—#  Bidirectional energy flow

<———_> Bidirectional ications link

Figure 1. Framework of Vehicle to Grid (V2G) operation participating in primary frequency control
(PEC) (TSO: Transmission System Operator, SCADA: Supervisory Control and Data Acquisition, EMS:
Energy Management System (EMS)) [18].

The battery management system (BMS) monitors the BSOC and health of the battery. Also,
provides an interface between the battery and the rest of the vehicle. With BMS the driver can define
some parameters which are associated with the desired SOC, the charging time of the battery and the
length of the next trip. Furthermore, the system or the driver of the vehicle must be able to define the
maximum discharge depth of the battery [19-21].

3. V2G Control Method for PFC

3.1. Description of V2G Control Method

As illustrated in Figure 1, PHEVs can act as small mobile energy storage units to take part in PFC.
In addition, the PHEVs charging demand must be achieved simultaneously. Therefore, frequency
regulation and charging demand are two important concerns that need to be handled in the V2G

149



Energies 2019, 12, 720

control process. When a PHEV gets to the parking place, the customer will check if the residual BSOC
is sufficient for the next trip. If the battery energy at the time of plug-in is sufficient, the PHEV customer
usually wants to maintain the residual battery energy. Customers are more willing to charge their
vehicles at home, because the electricity price is low off at night. On the other hand if battery energy
at the time of plug-in is not sufficient for the next trip, the PHEV customer has to charge the EV to a
higher SOC level. Therefore, the requirements from the EV customers can be generally categorized
into two types: Maintaining BSOC and achieving charging demand.

In Reference [2], a Decentralized V2G Control (DVC) for PFC is proposed for the two types
of PHEVs customers. The proposed DVC method mainly includes Battery SOC Holder (BSH) and
Charging with Frequency Regulation (CFR) for PHEVSs to participate in PFC. In this paper we use these
two types of V2G control, with the exception that we use a constant value that represents the frequency
deviation signal. With these assumptions, if the frequency response has the form as in Figure 2 then
the constant value that represents the frequency deviation signal is the maximum deviation value,
from the nominal frequency. We consider that, the transmission system operator sends commands to
the aggregator, according to this frequency error value. In this case, PHEVs must not respond, until
the maximum frequency deviation value has reached. Also, if the frequency deviation does not exist
or is negligible then PHEVs must not respond.

0,2

L]
10 0 M 70
-0,2
54 \\ //
0,6
os \ / Maximum frequency deviation

N

Time (seconds)

Figure 2. Frequency deviation signal. The maximum deviation value, from the nominal frequency is
—1.02 Hz.

3.2. V2G Control to Maintain the Residual Battery Energy

For those PHEVs that need to maintain their SOC levels while joining in PFC, a specific control
method is needed to be designed. The BSH which is proposed in Reference [2] is illustrated in Figure 3.
We chose the same control method, but with non-adaptive droop and a constant value for frequency
error signal. Actually, after plug-out time, the SOC level of PHEV will not be the same as the initial
SOC level at the time of plug-in, but very close to it.

Af, B -V-} K B > P,
Adaptive
Dead Band Droop Saturation

Figure 3. Droop control of the Battery SOC Holder (BSH) for the electric vehicle (EV) charging/dis-
charging power.

The PHEV battery can absorb/inject power from/to a power grid, according to the frequency
deviation value and the constant droop K (kW /Hz). For this purpose, a saturation block with upper and
lower limits must be included. In addition, a dead-band is added to reduce the charging/discharging
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operations on the PHEV battery. When the system frequency deviation is out of the predefined dead-band,
the power is exchanged between the PHEV and the power grid to suppress frequency fluctuation.

3.3. V2G Control to Achieve Charging Demand

Necessary energy must be supplied to an EV if the residual BSOC is not sufficient for the next
trip or the PHEV owner wants to charge the battery overnight. In Reference [2], CFR is proposed
to meet charging demand and suppress frequency deviation at the same time. Considering the
scheduled charging power, the CFR is presented in Figure 4. As in Section 3.2, we chose the same
control method, but with non-adaptive droop and a constant value for frequency error signal. When
frequency deviation lies in the predefined dead-band, just scheduled charging power works. Once
frequency deviation is out of the dead-band, both scheduled charging power and frequency droop
control will work.

The scheduled charging power of a PHEV can be estimated by the following form as a constant:

plF _ (SOCf - socl{n) E;/ (thut _ tf”)’ 1)

where P (in kW) is the constant scheduled charging power at the battery side of the i PHEV for
achieving the charging demand, SOC{ is the expected state of charge of the i" PHEV battery at
plug-out time, SOC!" is the initial state of charge of the i EV battery at the time of plug-in, £ (in
hours) is the plug-out time of the i" PHEV, t;:" is the plug-in time of the " PHEV, and E! (in kWh) is
the rated capacity of the the i PHEV battery.

The plug-out time, as well as the expected SOC should be provided by the PHEV customer in
advance. It should be noted that an EV will not participate in PFC when the scheduled charging power
Pf is equal to or larger than the maximum charging power.

/
v
o

| Constant |

| Dead Band  Droop |
RS e Sy R B E J

Saturation

Figure 4. Droop control of the Charging with Frequency Regulation (CFR) (red part represents
frequency droop control and the blue part is scheduled charging power).

4. PHEVs with a Simplified V2G Control Block

The simulation model of PHEV is the model proposed in Reference [2], but with a simplified
V2G control method presented for the first time here. In PHEV model, real-time BSOC is built to
acquire the dynamic change of the battery energy during the V2G operation. As it is shown in
Figure 5, the aggregated battery output is controlled based on the input signal A f; which represents
the frequency deviation at time k. When the control method is applied the input signal converted into
power (kW). The estimated power at the connecting point of a charging/discharging device from/to
the power grid has the following form:

Py .
Pipk _ { e . (Pl,k = 0) (2)
’ P,',kﬂ] , (Pi,k < O).

where 77° is charging efficiency of the PHEVs and where ;¢ is the discharging efficiency of the PHEVS,
P; i (in kW) is the V2G power at the battery side of the ith EV at time k, and Pip « (in kW) is the V2G
power at the power grid side of the i EV at time k.
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Figure 5. Plug-in hybrid electric vehicles (PHEV) V2G control block for frequency regulation (blue part
represents the battery of the vehicle).

The energy variation of the it PHEV battery during the charging/discharging process can be
estimated by the integration of the V2G power (in kW) at the battery side at time period [0-k] as [22-24]:

AE; = / Py(K)dk. @)

The BSOC usually expressed as a percentage of the rated capacity of the battery, is defined as the
available capacity of the battery. The BSOC at time k has the following form:
in 1
SOC; = SOC}" + ﬁAEi' (4)
i
where SOC; ; is the state of charge of the " PHEV battery at time k, and SOC!" is the initial state of
charge of the i PHEV battery at the time of plug-in.

5. Test of PHEV Block with V2G Control Application

5.1. Simulation Parameters Values

The PHEV model was implemented by writing code in the Matlab environment. The code
is initialized with some parameters which are related to PHEVs and V2G control. The simulation
parameters are listed in Table 1. The module of V2G control method was implemented as a function,
which performs the operation of the V2G control system. The input signal is the frequency of the power
system and is delayed considering the V2G activation and communication delays. The frequency
deviation signal is estimated by the code. Afterwards the operation which is described in Section 4
is performed.

Table 1. PHEVs and V2G simulation parameters [2].

Parameter Measurement Unit Value
PHEV number 15000
Maximum V2G droop kW/Hz 3.2
Battery capacity kWh 32
Maximum SOC pu 0.1
Minimum SOC pu 0.9
Maximum V2G power kW 7
Frequency dead band Hz [—0.05, 0.05]
Charging/discharging efficiency pu 0.92/0.92
LEC delay s 4

5.2. Simulation Scenarios and Discussion of Results

In the first two simulation scenarios, an input frequency signal with negative frequency deviation
is considered. For the other simulation scenarios, an input signal with a positive frequency deviation is
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considered. The two input signals are illustrated in Figures 6 and 7. In simulation scenarios in which users
want to maintain their BSOC level, the simulation time is 80 s in order to study the response of charging
power and BSOC of PHEVSs, before and after the frequency deviation. In simulation scenarios in which
users want to charge their vehicles to a higher BSOC level, the simulation time is three hours (10,800 s).

] 10 20 30 40 50 60 0 80
Time(seconds)

Figure 6. Frequency response signal with negative deviation.

40
Time(seconds)

Figure 7. Frequency response signal with positive deviation.

In the first case, PHEVs users need to increase their BSOC level from 50% to 80%. Figure 8
shows the real time SOC and the total V2G power at the power grid side. PHEVSs are charging during
simulation time. In the 29th second the charging rate is reduced, because a part of charging power is
used for power grid needs. Therefore, the scheduled charging power is reduced from 52.17 MW to
32.66 MW. In the 41st second both scheduled charging power and charging rate are reset to their initial
values, because the frequency dead band is activated.

In the second case, PHEVs users want to maintain their BSOC level to 80%. As shown in Figure 9,
in the 29th second the BSOC of vehicles are reduced, because a part of their stored energy is used for
power grid needs. In the 41st second the PHEVs discharging is interrupted, because the frequency dead
band is activated. In Figure 9 the initial BSOC of PHEVs is 80% and after the simulation time, the BSOC
has reduced by 0.02% of the initial state of charge. Users cannot realize this minimal reduction of
BSOC. Therefore, we consider that the state of charge is maintained at its initial level. PHEVs batteries
are not discharged significantly because the maximum V2G droop has a small value. If the maximum
V2G droop has a large value, the PHEVs batteries will be discharged significantly and the BSOC, after
plug-out time, will not approximate the initial BSOC.
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Figure 8. Scenario 1-Red line represents the real-time Battery Sate of Charge (BSOC) and the green line

is the total V2G power at the grid side.
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Figure 9. Scenario 2-Red line represents the Real-time BSOC and the green line is the total V2G power
at the grid side. PHEVs are discharged in order to reduce the frequency deviation.

In the next two cases, we consider that users have the same desires as the first and second case.
For input signal, we set the frequency response that is illustrated in Figure 7. As shown in Figure 10
the charging rate is increased in the 29th second, because the PHEVs absorb more energy from the
power grid, in order to reduce the frequency deviation. The scheduled charging power of PHEVs
is increased between the 29th and 41st second and after that is reset to its initial value, because the

frequency dead band is activated.
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Figure 10. Scenario 3-Red line represents the Real-time BSOC and the green line is the total V2G
power at the grid side. PHEVs absorb more energy from the power grid, in order to reduce the
frequency deviation.

In Figure 11, the PHEVs charge their batteries in order to reset the frequency to 50 Hz. When the
frequency deviation is negligible, the frequency dead band is activated and the PHEVs do not react
with the power grid. After the simulation time, the BSOC has increased by 0.02% of the initial state of
charge. Therefore, we consider that the state of charge is maintained at its initial level.
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Figure 11. Scenario 4-Red line represents the Real-time BSOC and the green line is the total V2G power
at the grid side. PHEVs are charged in order to reduce the frequency deviation.
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6. Presentation of the Isolated Power System of Cyprus

Cyprus Island has a small isolated power network running at 50 Hz. The generation system
consists of three power stations located at the coast side of the island. The first power station is located
in Vasilikos and is composed by 3 x 130 MW Steam Turbine Units (ST), 2 x 220 MW Combined Cycle
Gas Turbine Units (CCGT) and one 37.5 MW Gas Turbine (GT) unit. The second power station is
located in Dhekelia and consists of 6 x 60 MW ST Units and one Internal Combustion Engine (ICE) of
100 MW. The third power station is located in Moni and consists of 4 x 37.5 MW GT Units. Thus, today
the total conventional installed capacity is 1477.5 MW [25]. In addition, renewable energy sources
are included in the generation system of Cyprus. Six wind parks with a total installed capacity of
157.5 MW, photovoltaic plants with 77 MW installed capacity and a biomass plant of 10 MW installed
capacity, are connected to the Cyprus Island power system [26].

The isolated transmission system of Cyprus is operated at 132 kV and interconnects the major
cities and big loads with the three power stations of the island. The interconnections are achieved by
using overhead and underground cables. For the year 2017, the maximum demand of the Cyprus
Island was recorded to be 1108 MW (during summer) and the minimum demand 310 MW was recorded
(during spring) [27].

7. Wind Turbines Simulation Model

For the simulation of wind turbines in Cyprus Island, a Type 2 variable rotor resistance induction
generator model was considered. This model consists of the following components (Figure 12): (a)
Induction generator, (b) wind turbine, (c) pseudo governor, and (d) rotor resistance controller.
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Figure 12. Wind turbine simulation model (Type 2) for Cyprus Island [28].

For the generator, a standard induction generator is used excluding its inertial equation. For the
wind turbine, the inertial model of the wind turbine-generator is used, in which the stiffness constant
is a function of the first shaft torsional resonant frequency. The pseudo governor mode uses two inputs
(rotor speed deviation and generator electrical power), whereas its output is the mechanical power on
the rotor blade side. The adjustment of the rotor resistance is implemented via the rotor resistance
controller. This controller has as inputs the rotor speed and generator electrical power, while the output
is the portion of the available rotor resistance that has to be added to the rotor resistance included in
the generator module. For more information about the above mentioned models, the reader is referred
to [26]. Thus, the installed asynchronous generator wind turbines in the Cypriot power system cannot
contribute to virtual inertia ancillary services, which is possible only with modern variable speed wind
turbines interfaced through back-to-back converters, completely decoupling their inertia from the
grid [29].
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8. Simulation Model of the Cyprus Island Isolated Power System Incorporating RES

8.1. Description of the Developed Simulation Model

The simulation model of the isolated power system of Cyprus Island was designed in the
PowerWorld Simulator environment. In Figure 13, the one-line diagram simulation model is presented.
As shown in the picture, the power units, the RES units and the load of the power system are included
in the model.
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Figure 13. The simulation model of the isolated power system of Cyprus with the load of PHEVs of
each city.

30.50 MVar,

The model includes a total of twelve buses. Three buses are used to represent the power stations
of Cyprus, and each of them includes the power units of the station. The wind farms of Cyprus Island
are simulated by using a bus which includes an equivalent wind generator that represents the total
wind power production. The biomass generator of 10 MW is not considered in our analysis because
its capacity (10 MW) is negligible compared to the total capacity of conventional generation units
(1477.5 MW). Regarding photovoltaics, their effect to frequency stability is also negligible, as their
current annual penetration in total electricity production is not significant (less than 3%). It has been
shown that the effect of photovoltaics at the frequency of the power system is negligible, even for
penetrations up to the level of 20% [30]. This penetration level of photovoltaics could be surpassed
marginally only in the case that all photovoltaics operate at their peak power and simultaneously
the load demand presents its minimum annual value, which is not possible to happen in the current
operational status of the Cyprus Island power system.

The total power generation is transferred through transmission lines with a nominal transfer
power of 600 MVA. In addition, two parallel transmission lines transfer the total power generation to a
bus which includes the total system load. This load represents the load of the system and the losses of
transmission lines. The two parallel transmission lines have a nominal transfer power of 1500 MVA.
A capacitor is added in order to maintain the reactive power balance on the bus. The load of PHEVs is
not considered at this bus.

As shown in Figure 13, in the simulation model there are even five load buses that represent the
PHEVs of each city. Each load represents the aggregate load of the charging stations of the city. In this
study the internal operation of the charging stations is considered as “active” loads, which can change
depending on the signals that they receive from the aggregator. The load buses are connected via
transmission lines with negligible resistance in the bus named “System Load”.

In this paper the voltage stability of the power system is not studied. All buses of the model
have a nominal voltage of 132 kV which is the nominal voltage of the power transmission system of
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Cyprus Island. Also, a slack bus is used to balance the active power and reactive power in the system
while performing a power flow study. The slack bus is used in power systems to provide for system
losses by emitting or absorbing active and/or reactive power to and from the system. If the system
load is less than the generation, then the conventional generators reduce their production. On the
other hand, if the system load is bigger than the generation, then the conventional generators increase
their production.

For each conventional generator of the simulation model, the GENROU machine model is used,
which provides a very good approximation of the dynamic behavior of synchronous generators.
In addition, the exciter model IEEET1 of IEEE is added in each synchronous generator. For the STs the
TGOV1 governor model is used, that is designed to simulate the operation of a simple governor of an
ST. For the ICE, DEGOV1 model is used, whereas tor the GT engines the governor model GAST_GE
is used.

8.2. Simulation of the Cyprus Island Power System Dynamic Frequency Response

In order to simulate the frequency response of the isolated power system of Cyprus Island, it is
necessary to set the parameters of the generators which affect the frequency response of the system.
The most important parameters that are needed to set are the following: The inertia of the generator
(in the GENROU model denoted by H), the droop of generator R, the gain K of governor control
system and the parameters related to the time delay for the shifting of regulators speed, in the case
of change of the frequency of the network. These parameters are called time delays and are given in
Reference [31].

In Figure 14 is illustrated the simulated and the real frequency response of the system, when a
steam turbine is lost. As is shown, the time period that the frequency drops down from its nominal
value is approximated very closely. In addition, the frequency is recovered closely to the nominal value
inside the real time bounds. As seen in Figure 14, in both curves frequency is not recovered to the
nominal value, but very closely of it. This happens because these curves show the frequency value after
the PFC, but not after the secondary frequency regulation. The generators of PowerWorld Simulator are
able to simulate only the PFC. In the real network, the units which perform the secondary regulation,
undertake to restore the frequency to the nominal value. Table 2 includes the load of each unit and the
total load of the system at the time where the unit lost. The load of PHEV:s is not considered in the
system for this simulation.

50.2
50.1
50
49.9
49.8
49.7
496

Frequency (Hz)

49.5
0 20 40 60 80
Time (s)

Figure 14. Frequency response of the system when unit is lost. The red curve represents the real
frequency response and the blue line represents the simulated frequency response.
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Table 2. Composition of units and their loads at the time where the steam unit is lost.

Power Station Generation Unit Unit Load (MW)
Steam turbine-ST1 120
Steam turbine-ST2 116
Vasilik Steam turbine-ST3 0
astiikos Combined cycle-CCGT1 173
Combined cycle-CCGT2 0
Gas turbine-GT1
Steam turbine-ST1 0
Steam turbine-ST2 0
Steam turbine-ST3 0
Dhekelia Steam turbine-ST4 30
Steam turbine-ST5 0
Steam turbine-ST6 30
Internal combustion-ICE1 0
Gas turbine-GT1 0
Moni Gas turbine-GT2 0
ont Gas turbine-GT3 0
Gas turbine-GT4 0
Wind generation Wind turbines 37
Total system load 506

9. Simulations with V2G Operation in the Power Grid

9.1. PHEV:s Fleet Estimation

In 2017, the total registered vehicles in Cyprus were 794,464. In order to get an intuitive view
about the PHEVs as energy sources, a total number that is equal to 5% of the registered vehicles
(39,724 vehicles) is considered. Furthermore, we considered that all PHEVs have a battery with a
nominal capacity of 22 kWh. Assuming that all PHEVs are fully charged once a day and that the 80%
of their energy potential is available, then PHEVs represent a total energy storage capacity equal to:

39,724 PHEVs x 22 kWh x 0.8 = 699.14 MWh. (5)

By using the Matlab and with help of the function “randsample”, we distributed the PHEVs of
every city in four groups depending on the users SOC requirements which determined randomly.
With this way we created a fleet of PHEVs which is presented in Table 3.

Table 3. PHEVs fleet per district.

City/District Group/PHEVs SOC;, (%) SOCout (%) Pc (kW) Total Pc (MW)

A/7095 37 80 3.153
o B/4473 2 90 484
Nicosia C/2005 33 80 6.446 56.493
D/1851 49 90 3.006
A/2667 35 80 3.300
, B/3093 46 90 3.226
Limassol C/1387 ) 90 4253 37.839
D/3519 39 90 3.740
A/2654 13 70 4.180
B/1942 17 90 5.353
Larnaka C/1036 29 70 3.006 28.545
D/840 26 90 4693
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Table 3. Cont.

City/District Group/PHEVs SOC;, (%) SOCout (%) Pc (kW) Total Pc (MW)

A /305 38 80 3.080
B/1041 12 80 4.986

Famagusta C/762 15 70 4033 11.071
D/432 21 80 4.326
A/1294 39 80 3.006
B/1941 22 70 3.520

Pafos C/601 27 70 3.153 14.633
D/786 45 80 2.566

Total load on the system (MW) 148.581

9.2. Simulation Results

By using the model of Figure 13 in PowerWorld Simulator along with the V2G control system,
a number of simulations were performed, in order to study the V2G operation in PFC. For each
simulation scenario the real load data for each unit were used, which were obtained from the TSO of
Cyprus Island in order to verify the correct operation of the power system. In addition, we initially add
to the system the total load of PHEVSs for each one of the five Cyprus towns. Table 3 presents this load,
which is divided by the charging efficiency of the vehicles’ batteries (148.581 MW /0.92 ~ 162 MW).
Under these circumstances, the system was brought to blackout. This happened because the total
production of the units was not enough to undertake the load of vehicles. The result of this action
proves that if a large proportion of users try to recharge their vehicles, at a time during the evening,
the system will not be able to satisfy the PHEVs demand. To avoid such a serious incident in the power
network, forecasting of the PHEVs load should be implemented first. In this study, we should put
into operation more conventional generators in order to face this problem. In a real power system,
the load distribution in generation units is based on the economic cost of units we used a function
from Reference [32], which returns the optimal economical load distribution of the units.

In the following paragraphs, two of the simulations scenarios of this study are presented. In each
scenario a table of results is presented, which includes the generation units that are operating and the
system load. By joining more units to the power system the operating conditions are changed. For this
reason, in the following simulations, we considered that initially the PHEVs are in total a common load
on the system, and subsequently we considered that PHEVs are able to perform the V2G operation.

Scenario 1: In this scenario is simulated the frequency response of the system, when the system
load is increased sharply. At the time t = 600 seconds, the load at the bus system load is increased
by 10%. Initially the load was 1005 MW + 35 MVar and after the fluctuation the load became
1105.5 MW + 35 MVar. The load at the bus System Load was already high before the fluctuation. So we
can assume that it represents a moment of a day during summer, where there is a high consumption
of electricity. Also, the positive load change may represent a time when most people turn on the air
condition systems, as usually happens during the summer noon. Table 4 includes the load of each
unit and the total load of the system with and without penetration of PHEVs to the grid. Figure 15
shows the frequency response of the system without V2G operation. As can be seen, the frequency
is stabilized around 49.82 Hz after the PFC. In Figure 16, the frequency response, including V2G
operation is presented, and the frequency stabilization is improved to 49.9 Hz. As a result, PHEVs are
proven to have a positive effect in the PFC of the power grid. In the case of V2G operation, a small
frequency vibration due to the voltage vibrations is also observed. The voltage vibrations, are caused
by the reaction of the PHEVs with the grid at time t = 611 seconds.
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Table 4. Composition of units and there loads with and without PHEVs load in the power system.

Unit Load (MW,
Power Station Generation Unit nit Load ( )
W/O PHEVs With PHEVs
Steam turbine-ST1 102.4 100
Steam turbine-ST2 102.4 100
Vasilik Steam turbine-ST3 102.4 100
astikos Combined cycle-CCGT1 165.43 186.5
Combined cycle-CCGT2 165.43 186.5
Gas turbine-GT1 4 32
Steam turbine-ST1 37.799 55
Steam turbine-ST2 37.799 55
Steam turbine-ST3 37.799 55
Dhekelia Steam turbine-ST4 37.799 55
Steam turbine-ST5 37.799 55
Steam turbine-ST6 37.799 55
Internal 0 0
combustion-ICE1
Gas turbine-GT1 20.379 19
Moni Gas turbine-GT2 20.379 19
ont Gas turbine-GT3 20.379 19
Gas turbine-GT4 0 0
Wind generation Wind turbines 75 75
Total system load 1005 1167
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Figure 15. Scenario 1, Frequency response without V2G operation.
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Figure 16. Scenario 1, Frequency response with V2G operation.

In Figure 17, the BSOC of Nicosia’s PHEVs is illustrated. The PHEVs batteries are charged all the
time of simulation. At time t = 611 seconds the charging rate is decreased in order to support the PFC
of the power grid.
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Figure 17. BSOC of Nicosia’s PHEVs.

Figure 18 shows the charging power of Nicosia’s PHEVs from the grid side. The charging power
of each group of vehicles is reduced at time t = 611 seconds and is maintained at a lower level than the
initial power, during the PFC of the power grid. When the frequency of the power grid is returned to
its nominal value, the charge rate and the charging power of PHEVs will return to their initial values.
However this case cannot be studied in this paper because PowerWorld Simulator does not simulate
the Secondary Frequency Regulation.
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Figure 18. Scenario 1, Charging power of Nicosia’s PHEVs. Blue line represents group A, red line for
group B, green for group C and purple line for group D.

The considered power grid contains not only PHEVs that their owners desire to charge their
batteries, but also PHEVs that their owners desire to maintain their BSOC and to participate in V2G
operation simultaneously. In order to study this case, the PHEVs fleet that presented in Table 3 was
increased by the addition of 25,000 PHEVs that they are connected into the power grid, and they
simultaneously desire to maintain their initial BSOC. Table 5 shows the fleet distribution of these
25,000 PHEVs.

The total load of the system is not changed with the addition of 25,000 PHEVs because the drivers
of vehicles, don’t desire to charge their cars. So, the 25,000 PHEVs can be considered as backup energy
storage units that are connected to power grid. The scenario was implemented with the same load at
the System Load bus and at the time t = 600 seconds increased by 10%. The frequency response with
V2G operation from the new fleet of PHEVs is presented in Figure 19. As we can see, the frequency is
stabilized around 49.95 Hz after the PFC, which is very close to its nominal value. This has happened
because the V2G operation was strengthened by the 25,000 PHEVs, which acted as emergency power
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sources at the time of fluctuation. In this way, the work of the secondary frequency control becomes
even easier. A small frequency vibration is observed due to the voltage vibrations.

Table 5. PHEVs fleet of vehicles that desire to maintain their initial BSOC.

City/District Group/PHEVs SOC;, (%)

A/2000 86
Nicosi B/1898 65
1cosia C/1745 74
D/1857 52
A/1236 71
. | B/1248 53
1Masso C/1265 89
D/1251 74
A/1107 59
Larmak B/1157 82
arnaka C/1124 53
D/1112 57
A/944 69
B/990 64
Famagusta C/1039 58
D/1027 66
A/1016 64
Pat B/1001 58
aros C/986 65
D/997 61
Total PHEVs 25,000
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Figure 19. Scenario 1, frequency response with V2G operation, with the additional fleet of PHEVs.

In Figure 20, are illustrated the BSOC and the transmitted power to the grid from Nicosia’s PHEVs,
which desire to maintained their BSOC to initial level. PHEVs are discharged at the time of fluctuation
in order to participate in PFC of the power grid. The discharging rate is the same for all PHEVs because
the gain K (kW /Hz) remains the same for all vehicle groups. The BSOC of each vehicle was reduced
approximately by 0.13%, which is negligible. This means that the driver of PHEV cannot perceive this
minimum discharge of the battery.

At time t = 611 seconds, PHEV batteries are discharged in order to support the power grid. PHEVs
discharge their batteries until the frequency stabilized in a constant value. The amount of power
which is provided to the power grid from each group of PHEVs depends on the number of vehicles.
In addition, the discharge capacity of each vehicle is considered the same for all vehicles, since all
vehicles act based on the V2G droop K (kW /Hz) which is the same for all vehicles.
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Figure 20. Scenario 1, the BSOC of an additional fleet of Nicosia’s PHEVs.

Scenario 2: In this scenario is simulated the frequency response of the system, when the system
load is decreased sharply. At the time t = 600 seconds, the load at the System Load bus is decreased by
10%. Initially the load was 1005 MW + 35 MVar and after the fluctuation the load became 904.5 MW +
35 MVar. The total load of the system with and without penetration of PHEVs to the grid is the same
as scenario 1. Figure 21 shows the frequency response of the system without V2G operation. As can be
seen, the frequency is stabilized around 50.17 Hz after the PFC. In Figure 22, the frequency response,
including V2G operation is presented, and the frequency stabilization is improved to 50.11 Hz, which
proves again the positive effect in of PHEVs in PFC of the network. In the case of V2G operation, we
observe a small frequency vibration due to the voltage vibrations. The voltage vibrations are caused
by the reaction of the PHEVs with the grid at time t = 611 seconds.
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Figure 21. Scenario 2, Frequency response without V2G operation.
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Figure 22. Scenario 2, Frequency response with V2G operation.
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In Figure 23 is illustrated the BSOC of Limassol’s PHEVs. The PHEVs batteries are charged all the
time of simulation. At time t = 611 seconds the charging rate is increased in order to support the PFC
of the power grid.
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Figure 23. Scenario 2, BSOC of Limassol’s PHEVs.

Figure 24 shows the charging power of Limassol’s PHEVs from the grid side. The charging power
of each group of vehicles is increased at time t = 611 seconds and is maintained at a higher level
than the initial power, during the PFC of the power grid. When the frequency of the power grid is
returned to its nominal value, then the charge rate and the charging power of PHEVs will return to
their initial values.
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Figure 24. Scenario 2, Charging power of an additional fleet of Limassol’s PHEVs. Blue line represents
the group A, red line for group B, green for group C and purple line for group D.

As mentioned in scenario 1, in order to study this case, we increased the PHEVs fleet that by
addition of 25,000 PHEVs that they are connected into the power grid and desire to maintain their
initial BSOC. The frequency response with V2G operation from the new fleet of PHEVs is presented in
Figure 25. As can be seen, the frequency is stabilized around 50.07 Hz after the PFC, which is very
close to its nominal value. This has happened because the V2G operation was strengthened by the
25,000 PHEVs addition, which acted as emergency power sources at the time of fluctuation. In this way,
the operation of the secondary frequency control becomes even easier. A small frequency vibration is
observed due to the voltage vibrations.
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Figure 25. Scenario 2, Frequency response with V2G operation, with the additional fleet of PHEVs.

In Figure 26, the BSOCs from Limassol’s PHEVs are illustrated. PHEVs are charged at the time of
fluctuation in order to participate in PFC of the power grid. The charging rate is same for all PHEVs
because the gain K (kW /Hz) remains the same for all vehicle groups. The BSOC of each vehicle was
increased approximately by 0.082% of the nominal capacity of its battery, so the change in BSOC of
vehicles is negligible. This means that the driver of PHEV cannot perceive this minimum charge of
the battery. At time t = 611 seconds, PHEV batteries are charged in order to support the power grid.
PHEVs charge their batteries until the frequency stabilized in a constant value. All vehicles act based
on the V2G droop K (kW /Hz) which is considered the same for all vehicles. Figure 27 shows the
charging power for the additional fleet in Limassol from the grid side for the four PHEVs groups.
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Figure 26. Scenario 2, BSOC of an additional fleet of Limassol’s PHEVs.
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Figure 27. Scenario 2, Charging power of an additional fleet of Limassol’s PHEVs. Blue line represents
the group A, red line for group B, green for group C and purple line for group D.
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It has to be noticed that in the above analysis was considered that all plug-in electric vehicles
that were used are PHEVs. However, the category of plug-in electric vehicles includes also battery
electric vehicles (BEVs). The diversity of travel demands of different drivers in different days and
its influence on designing a proper battery capacity for BEVs are examined in Reference [33]. In the
present paper, the impact of the PHEVs fleet as an ancillary system is considered globally and only
during the periods that PHEVs are connected to the electricity grid (see Section 9), thus a typical
battery capacity is considered for each vehicle, given that is impossible to take into account in a global
analysis as the above, proper battery design for each individual vehicle based on the diversity of daily
vehicle miles. Additionally, it has to be emphasized that in our study BEVs were not considered as
a realistic alternative in the prompt and distant future, because the necessary infrastructure is not
envisaged to be available in the Cyprus Island promptly.

10. Conclusions

In this paper, we focused on vehicle to grid (V2G) operation, as well as in the significant
benefits by the use of plug-in hybrid electric vehicles (PHEVs) as distributed frequency regulation
sources in isolated power systems with significant RES penetration. With the use of appropriate V2G
control, the frequency deviation of the system can be suppressed while charging demand is achieved
simultaneously. This can be achieved by using the capacity and the stored energy from the batteries of
PHEVs. A simple PHEV model was developed in Matlab in order to study this operation and its effects.
Moreover, a number of simulations of the isolated power system of Cyprus Island were implemented
in PowerWorld Simulator, in order to reveal this operation in a real isolated power system with RES
penetration. Through extensive simulations, we observed that after a fluctuation in the power system
operation, the frequency dynamic response is closer to the nominal one due to the beneficial V2G
operation. Therefore, PHEVs can act as frequency regulation sources in a power system, and especially
in an isolated one. A user/owner of PHEV can participate in V2G operation when charging the PHEV
in a charging station or simply by the plug-in connection of the vehicle to the network. This may
improve the network performance without requiring the installation of new conventional generating
units or other costly forms of conventional electric energy spinning reserve. Moreover, the user/owner
of PHEV could be paid for these services provided to the power network. Finally, the V2G operation
in an isolated power grid incorporating RES, in order to be sustainable, it requires the existence of an
appropriate minimum number of electric or hybrid electric vehicles and distributed charging stations.
This paper is limited to consider the results achieved from the primary frequency regulation of the
Cypriot isolated power system when a significant PHEVs integration occurs in the system, while the
secondary frequency regulation procedure is not considered. Nevertheless, this fact does not affect the
validity and the importance of the presented results because the most important period for the dynamic
stability of the simulated Cypriot isolated power system is the primary frequency regulation duration.
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