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Abstract
This article introduces a unique dynamic balance strategy (DBS) that can overcome many disadvantages such as voltage and 
frequency deviations, overloading, high infrastructure costs that may occur in the network integration of electric vehicles 
(EVs). The proposed method is also aimed at keeping the comfort and satisfaction of the EV users at a high level without 
the obligation of the EV owners to inform the operator of the entry and charge planning. DBS introduces a real-time energy-
sharing method that uses both the grid-to-vehicle (G2V) and vehicle-to-vehicle (V2V) topologies simultaneously without 
knowing the power demand profile in advance. However, from the perspective of smart grid, it is also possible to activate 
the vehicle-to-grid (V2G) topology in case of frequency or voltage fluctuations in the network with the proposed DBS. The 
proposed DBS was simulated in real time and phasor analysis for different penetration levels in MATLAB/Simulink program. 
Considering that EV driver behavior is highly variable and will vary regionally, it is shown that the proposed DBS gives 
dynamic results against all behavioral situations, varying penetration levels, and all the negativities that may occur in the 
penetration of EVs are overcome by keeping the satisfaction of EV drivers at a high levels.
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List of symbols
V2G	� Vehicle-to-grid
G2V	� Grid-to-vehicle
V2V	� Vehicle-to-vehicle
DBS	� Dynamic balance strategy
BEMS	� Building energy management system
EMS	� Energy management system
EV	� Electrical vehicle
SOCEV	� Electrical vehicle state-of-charge
SOCS	� Storage state-of-charge
SOCB	� Balance point state-of-charge
SOCtar	� Target state-of-charge
SOCf	� Departure time state-of-charge
SOCin	� Initial state-of-charge
EPA	� Energy production amount
ECA	� Energy consumption amount
EBS	� Energy balance status

SEPA	� Storage energy production amount
CPJ	� Battery capacity for j. EV
CPB	� Storage capacity
TE	� Total energy
PT	� Total power
PPV	� Instant PV power production
PID	� Grid instant power demand
PEVJ	� Instant power demand for j. EV
PS	� Storage power production and demand
TS	� Balance time value
TD	� Balance time value produc. > consump.
kc	� Critical Load Index
kf	� Storage Usage Index
ICmax	� Maximum charging current
IDmax	� Maximum discharge current
IrefEVJ	� Reference current value for j.EV
IrefS	� Reference current value for storage
VEVJ	� Battery voltage value for j.EV
VS	� Voltage value for storage
EEVtotalJ	� Continuous charge–discharge energy total for 

24 h for j.EV
EEVdJ	� Daily energy change total for j.EV
ECJ	� Battery instant energy status for j.EV
PCJ (t)	� Instant charging power value for j.EV
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PDJ (t)	� Instant discharge power value for j.EV
tcj	� Total charging time per day for j.EV
tdj	� Total discharge time per day for j.EV
TH	� Charging time with max. charging cur.
TL	� Discharge time with max. charging cur.
µj	� Daily Usage Frequency Index for j.EV
µav	� Average Usage Frequency Index for j.EV
fk	� EV Frequency Index
Pcrt	� Grid critical power value
Pc	� Calibration constant
δ	� Deviation
α	� Satisfactions parameter coefficient
SJ	� Satisfaction value for j. EV
ST	� Total satisfaction value
SAV	� Average satisfaction value

1  Introduction

EVs are an alternative for internal combustion engine work-
ing with fossil fuels in the near future. The decrease in fossil 
fuels over time and the resulting increase in oil prices, green-
house gas emissions and environmental concerns increase 
the interest in EVs. However, plug-in electric vehicles 
(PEVs) imposes an additional burden on the power grid [1]. 
Therefore, high energy supply is required from the energy 
grid. For this reason, the effect of the integration of EVs on 
the grid should be examined in detail.

The charge of EVs represents large and unpredictable 
loads that may adversely affect performance in distribution 
networks. Uncontrolled charging of the EVs by the masses is 
likely to result in transformer overloads, voltage deviations 
and increased energy losses in the network [2, 3]. Shifting 
the charging of EVs to nonpeak times is considered a key 
challenge for the integration of electric vehicles into the 
electricity grid. The main difficulty in achieving this is the 
uncertainty in the behavior of EV drivers. Therefore, the 
behavior model of EV drivers is one of the main problems 
that must be solved in order to ensure optimum integration 
into power systems. Although the behavior of users is unpre-
dictable, the grid is expected to be in great demand at these 
time intervals, since the general tendency of people in the 
same community is to charge after return from work [4]. 
This knowledge inspires researchers to develop new algo-
rithms and ideas.

Even though EVs are unbalanced loads that may 
adversely affect the grid, they can also be used to reduce 
potential overloads in the distribution system, balance the 
grid frequency and minimize charging costs during the same 
process [5–7]. In other words, EVs can be considered as 
controllable generators from the perspective of smart grid. 
For this reason, V2G topology is critical for the algorithms 
developed for grid integration.

1.1 � Related works

In recent years, many researchers have investigated energy 
management (EM) strategies to integrate EVs into the grid. 
Instance, energy management has been carried out in order 
to smooth the load curve of the low voltage transformer 
and to serve every consumer at the desired time [8]. In a 
similar study, a new multi-energy management strategy 
aimed at minimizing the power fluctuation of the energy 
grid was proposed [9]. An integrated control scheme is 
provided to implement the vehicle-to-grid (V2G) topology 
in a distribution grid with renewable energy sources [5]. In 
another similar study, the energy management strategy was 
evaluated with two-way V2G topology to ensure penetra-
tion of hybrid electric vehicles [10]. In order to coordi-
nate EV loads, optimization algorithm has been developed 
with genetic algorithm, which takes into account thermal 
line limits, load on voltage transformers, voltage limits 
and parking availability patterns [11]. The optimal algo-
rithm for controlling the V2G and G2V topologies has 
been developed to realize network integration of EVs [12]. 
In another study, a specific methodology for controlling 
collective electricity charge demands is presented [13]. A 
real-time energy management algorithm has been devel-
oped for the integration of a grid-connected charging park 
in an industrial workplace [14]. An integrated distribu-
tion local marginal pricing method has been designed to 
alleviate the congestion caused by loads in EV penetra-
tion [15]. In another study, a comparison between differ-
ent possibilities for V2V power transmission between two 
electric vehicles is presented [16]. Similarly, a military 
application has been described to demonstrate the real-life 
micro-network implementation of V2V and V2G topolo-
gies [17]. In another, an innovative algorithm called opti-
mal logical control has been introduced to improve the 
V2G topology and its advantages have been demonstrated 
[18]. In a different study, it was focused on autonomous 
EVs looking for parking spaces and investigated how they 
could be directed to appropriate parking facilities to sup-
port V2G services [19]. In another study, a pricing menu 
has been presented for the time the EVs will stay in the 
charging station [20]. A functional real-time EV charge 
management scheme that can program the net electricity 
exchange with the external grid for the building energy 
management system (BEMS) of commercial buildings 
offering EV charging services has been proposed [21]. 
Similarly, a new EV charge pricing and timing mechanism 
has been proposed to monitor and synchronize a renew-
able energy model [22]. Many researchers foresee that the 
charging of vehicles in metropolises will be provided in 
commercial buildings in the future. Thus, in order to solve 
the EV charge pricing problem in commercial buildings, 
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EV charging has been optimized in a microgrid supported 
by energy storage and photovoltaic power supplies [23]. 
Among charging strategies, the creation of charge sched-
ules for EVs can be used effectively. Thus, an intelligent 
charging strategy has been presented using machine learn-
ing tools to determine when EVs will be charged during 
connection sessions [24]. Another method that researchers 
use extensively in the integration of EVs for EMS design 
is the fast and slow charging recommendations according 
to the requirement. For example, distinct from that sin-
gle-class charging processes in both parking lots and fast 
charging stations, a mixed multi-class charging mechanism 
that can perform slow charging and fast charging at the 
same time is presented [25]. In a similar study, a real-time 
energy management strategy was proposed for rapid charg-
ing of a city bus with hybrid energy storage system con-
sisting of conventional batteries and supercapacitors [26]. 
Increasing EV charging efficiency and reducing charging 
cost is one of the main problems in EVs integration. In 
the literature [27], 1-N type Stackelberg game model was 
designed between a leader (retailer charging station) and 
multiple followers (EV users) to solve this problem. The 
working principle of this charge management strategy is 
based on the principle of the retailer, load overtime and 
the benefits of an integrated network to set a charging 
price to maximize profits based on user behavior and then 
select charge power by electricity price to determine the 
power consumption level of each customer. The develop-
ment of dynamic strategies designed independently of 
users’ behavior models, action profiles or charge timing 
schemes in EV integration will be very valuable in terms 
of providing general solutions in the future. As a matter of 
fact, a dynamic power conditioning system was designed 
for charging EVs in 4 different modes in order to provide 
grid support during high demand [28]. In another similar 
study, a dynamic charge management strategy based on 
the method of controlling the cycling current was devel-
oped in order to provide the grid integration of an EV fleet 
efficiently [29].

Many of the above studies have provided valuable 
insights into optimal EV charging planning in light of the 
uncertainty in the penetration of EVs. However, in many 
of these studies, fixed EV driver behavior models, action 
profiles or charge timing schemes were presented and strate-
gies were based on it. Apart from these, the differences and 
advantages of our study according to the dynamic control 
strategies presented in the literature are explained in detail 
in Our Contribution section.

1.2 � Our contributions

The original DBS developed in this article will provide the 
following contributions to the literature; 

the designed DBS reduces the energy demanded by the 
EV charging station at different penetrations from the grid, 
especially during peak hours, by using the G2V and V2V 
topologies simultaneously in order to provide the optimal 
charging strategy. In this way, energy efficiency and voltage 
stability can be achieved and grid load profile balancing can 
be adjusted more flexibly. When evaluated according to the 
principle of conservation of energy, it is obvious that this 
method will be superior to other dynamic charging strate-
gies in the literature.
From the perspective of smart grids, V2G topology can be 
activated when the frequency and voltage characteristics of 
the grid are disturbed. Therefore, all EVs can be considered 
as distributed generators.
DBS can provide efficient and feasible results according 
to all driver behavior models without the obligation of EV 
owners to notify the operator of entry and charge planning.
With increasing EV penetrations, the grid load reduction 
rate at peak hours is gradually increasing with DBS. This 
situation tends to decrease as the penetration rate increases 
in the studies in the literature. In this respect, DBS provides 
a clear advantage.
DBS calculates the usage frequency index (fk) for each user 
and thus determines the optimal charging strategy for each 
user, taking into account the satisfaction of all users at the 
station to which it is connected. In this way, the satisfaction 
of the EV driver is kept high levels. In our case study, user 
satisfaction is already kept in the 75–100% band.
The designed DBS determines the charging strategy by 
taking into account all conditions such as grid load status, 
storage SOC, EVs SOC, PV (photovoltaic) instantaneous 
power generation level. In this way, suitable results can 
be obtained by evaluating all parameters in the micro-
network that will enable EV integration.
The proposed DBS will provide more flexible design 
capability to researchers who will work on charging strat-
egies and EMS in the future.

In the future, with all the additives mentioned above, it 
will be able to overcome many problems such as voltage and 
frequency deviations that may occur in the network integra-
tion of EVs, excessive network load, high infrastructure cost. 
In addition, EV driver comfort and satisfaction will be also 
kept at a high levels. Thus, the results of the simulation study 
reveal the applicability of the designed DBS.

2 � Dynamic balance strategy model 
and satisfaction function

The balance strategy is classified as MOD-I and MOD-
II according to the battery status of EVs connected to the 
charging station. In MOD-I, the whole system works in both 



2650	 Electrical Engineering (2021) 103:2647–2660

1 3

V2V and G2V topologies. In MOD-II, G2V topology is acti-
vated according to the status of grid and storage. However, 
in case of change in grid frequency and voltage stability, all 
EV charging stations in the region are considered as gen-
erators and V2G topology is activated considering the total 
battery capacity of the connected EVs.

First, all EVs for MOD-I are classified and labeled. This 
is done according to the conditions in Eq. 1.

Both EPA and ECA values are calculated for each EV 
tagged. The values calculated in Eqs. 2 and 3 are shown.

If the same calculations are made for storage;

With these calculated values, total energy value given in 
Eq. 6 is obtained.

The real-time continuously calculated TE value will be 
used to obtain the total power demand. Thus, an artificial 
intelligence (AI) algorithm has been developed for PT value. 
PPV, PID and TE are designed as inputs of this algorithm and 
PT as output. Fuzzy logic control was preferred for AI, and 
topology is given in Fig. 1.

The real-time instantaneous PT represents the total power 
demand or supply potential of the charging station. The PT 
value is actually the instantaneous power value to be trans-
ferred to EVs at the end of the calculation. This situation is 
mathematically

is expressed.
A usage frequency index (fk) is calculated for each 

vehicle according to the revealed DBS. The main pur-
pose of this is to determine new charging times accord-
ing to user behavior. Accordingly, in case of continuous 

(1)

EVJ ↔

⎧
⎪⎨⎪⎩

EPAJ , SOCEVJ(t) > SOCB, EPAJ(t), ECAJ = 0

EBS, SOCEVJ(t) = SOCB, EPAJ = 0, ECAJ = 0

ECAJ , SOCEVJ(t) < SOCB, ECAJ(t), EPAJ = 0

(2)EPAJ =
[
SOCEVJ(t) − SOCB

]
.CPj

(3)ECAJ =
[
SOCB − SOCEVJ(t)

]
.CPj

(4)
EPAJ ↔

{
SEPA, SOCSJ(t) > 0,35.SOCmaxelseSEPA = 0

(5)SEPA =
[
SOCS(t) − 0,35.SOCmax

]
.CPB

(6)TE =

[
n∑
j=1

ECAJ −

n∑
j=1

EPAJ

]
− SEPA

(7)PT =

n∑
j=1

PEVJ + PS

charge–discharge for 24 h according to the battery capacity 
of EV, the sum of the energies received and supplied is 
calculated for each vehicle.

The EEVtotalJ value is calculated once per vehicle accord-
ing to the battery capacity and ideal values and is always 
constant. Secondly, the total energy received and used in 
the EV vehicle battery is calculated.

In Eq. 10, daily use index (µj) was calculated for each 
vehicle. In order to be able to revise this index for each 
passing day, the average usage index (µav) was calculated 
in Eq. 11.

As a result, EV Frequency Index was calculated in 
Eq. 12.

However, in order to use the storage battery system 
more efficiently, the storage usage index (kf) was calcu-
lated and is shown in Eqs. 13 and 14.

In this case, the balance time value (TS) is calculated in 
Eq. 15 for MOD-I.

(8)

EEVtotalJ =
[
VEVJ.ICmax.TH + VEVJ.|IDmax|.TL

]
.

24

(TH + TL)

(9)EEVdJ =

{
If
dECJ

dt
> 0,∫

tc

0

PCJ(t)dt + ∫
td

0

|PDJ(t)|dt

(10)�J =
EEVdJ

EEVtotalJ

(11)�avJ =

∑n

i=1
�J

n
, (�J0 = 0)

(12)fk = 1 + �av

(13)kc =
PID

Pcrt

(14)kf = 1 + kc

Fig. 1   PT Account with artificial intelligence
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Reference current values (IrefEVJ) are calculated accord-
ing to the TS value calculated as real time. If the EV is 
labeled as an energy generator, the reference current value 
is given in Eq. 16. Likewise, if EV is labeled as consumer, 
the current reference value is given in Eq. 17. In Eq. 18, 
the storage reference current value is given.

When MOD-I is active, DBS switches the entire system 
to MOD-II if there are no vehicles labeled with energy 
consumption on the EV charging station. A new labeling 
is performed here. In MOD-II, all vehicles and storage are 
now on the consumer label. New calculations for MOD-II 
are given in Eqs. 19, 20, 21, 22, 23, 24, respectively.

When the system is operating in MOD-I, voltage insta-
bility will occur for the common busbar if the energy totals 
of the vehicles on the production label and the storage 
battery exceed the energy sum of the vehicles on the con-
sumption label. To overcome this, a new equilibrium time 
value TD is calculated only in case of instability.

(15)Ts = �
∑n

j=1
EPAj∕fk −

∑n

j=1
ECAJ .fk + SEPA.kf

PT

�

(16)PEVJ =
EPAj∕fk

Ts
,PEVJ = I.VEVJ, IrefEVJ =

PEVJ

VEVJ

(17)PEVJ =
(−ECA).fk

Ts
,PEVJ = I.VEVJ, IrefEVJ =

PEVJ

VEVJ

(18)PS =
SEPA.kf

Ts
,PS = I.VS, IrefS =

PS

VS

(19)ECAJ =
[
SOCmax − SOCEVJ(t)

]
.CPj

(20)SEPA =
[
SOCmax − SOCS(t)

]
.CPB

(21)TE =

n∑
j=1

ECAJ + SEPA

(22)Ts = �
∑n

j=1
(−ECAJ).fk − SEPA∕kf

PT

�

(23)PEVJ =
(−ECA).fk

Ts
,PEVJ = I.VEVJ, IrefEVJ =

PEVJ

VEVJ

(24)PS =
(−SEPA)∕kf

Ts
,PS = I.VS, IrefS =

PS

VS

DBS can also activate the V2G topology in case of fluctua-
tions in grid frequency or voltage stability. This situation is 
described in Part IV. The control strategy of the DBS designed 
is given in Fig. 2.

The mathematical model of the proposed DBS is given 
above. The basic principle of this strategy is that to provide 
the most optimal control also considering the benefit of the 
charging station while considering the utility of each EV. The 
principle is to take more energy from EVs that can give a lot 
of energy or to get less energy from EVs that can give less 
low. Similarly, it is aimed to transfer high energy to EVs that 
need a lot of energy or to transfer less energy to those that 
need less low. When performing this balance strategy, how 
often EV users use their vehicles is also taken into account. In 
this way it was ensured optimum charging strategy. The fact 
that the designed DBS keeps user satisfaction at a high level is 
very important for this model to be used in the future. For this 
reason, as described above, the user frequency index has been 
developed and integrated into the model. A satisfaction func-
tion was created to measure the satisfaction of users from DBS 
in the case study. Satisfaction functions are generally based 
on optimum cost in previously similar studies. In this study, a 
function was designed based on energy changes.

While creating the function setup, some studies in the lit-
erature were adapted to the satisfaction function created in this 
study. First of all, in Eq. 27, a deviation variable is defined by 
considering the target and final charge levels of the EVs.

In Eq. 28, a satisfaction function is defined for each vehicle 
by using the study [33, 34].

The defined α variable is the satisfaction parameter coef-
ficient. It is calculated for every vehicle connected and 

If

n∑
j=1

EPAj∕fk + SEPA.kf >

n∑
j=1

|ECAJ|.fk;

(25)k =

∑n

j=1
EPAj∕fk + SEPA.kf + Pc∑n

j=1
ECAJ .fk

(26)TD =
TS

k

(27)� =
SOCtar − SOCf

SOCmax

(28)SJ = 1 − ��

(29)𝛼 =

⎧⎪⎨⎪⎩

IfSOCfj ≥ SOCinj,
SOCmax

SOCin

IfSOCfj < SOCinj,
SOCmax

SOC(min)
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disconnected to the defined SJ charging station. In this study, 
since the average satisfaction calculation is created for each 
charging station unit, the average satisfaction function is 
defined in Eqs. 30 and 31.

The defined average satisfaction function was calculated 
for each penetration level in the case study, and the results are 
given in Chapter IV.

(30)ST =

n∑
j=1

SJ

(31)Sav =
ST

n
.100

3 � System architecture and simulation

There are many EV charging station architectures available 
today or foreseen for future use. In this system, all EVs 
and storage battery groups are connected to each other by 
common DC bus. In the system architecture, frequency 
stability problem is eliminated by using common DC bus. 
The PV unit is connected to the transformer that supplies 
the EV charging station. The entire system architecture is 
shown in Fig. 3.

Discrete time system design has been realized in MAT-
LAB/Simulink program to reveal the real-time interoper-
ability of DBS. In the system design, bidirectional half 

Fig. 2   DBS control algorithm
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bridge buck-boost DC/DC converter is used for every vehi-
cles and storage charge–discharge. All system control is 
provided through these converters. Therefore, the convert-
ers are the actuators of the system. Changes in battery 
and storage voltage values are considered constant since 
they are negligible for our control strategy. For this rea-
son, the power flow is controlled by checking the current 
values. As can be seen in the DBS mathematical model, a 
reference current is produced at the end of the model and 
system control is provided. In this way, V2V and G2V 
topologies can be operated continuously at the same time.

In discrete time system design, all EVs are connected to 
each other with a common DC bus at 535-V level. The EVs 
are modeled as a 73 Ah capacity li-ion battery at 300 V 
level. Similarly, Li-ion storage battery group connected to 
common DC bus is designed as 166 Ah capacity at 300 V 
level. The EV battery is modeled on the basis of the values 
of a commercially available electric vehicle model.

The use of renewable energy sources is critical for charg-
ing stations that are expected to become widespread in the 
future. For this reason, a 100-kW PV unit with maximum 
power point tracking (MPPT) control is designed and inte-
grated into the system to support the load of the EV charging 
station. In the same way, the PV unit is modeled on a com-
mercially available brand used in solar power plants.

When the concept of smart grid is considered, it is 
evident that distributed energy production is very criti-
cal. Especially if paid attention that the use of EVs will 
increase in the future, grid frequency and voltage stability 
will be seriously threatened. On the other hand, after the 
network integration of the EVs is completed, all charg-
ing stations can be considered as generators. Therefore 
if the V2G topology can be controlled more coordinated 
for all charging stations, network stability may no longer 

be a threat. In this context, a grid-connected inverter is 
designed to realize the V2G topology. In case of instabil-
ity in grid frequency during simulation, grid-connected 
inverter is enabled. System model is given for phasor-
discrete time Simulink design in Fig. 4.

Moreover, the changes in the grid load curve, frequency 
and voltage stability and EV batteries of a proposed strat-
egy should be presented daily or hourly. Thus, phasor 
analysis was performed in Simulink program to reveal the 
results of 24-h study of DBS with varying penetrations. 
Since the power electronic elements could not be simu-
lated as a block in the phasor analysis mode, a new design 
was realized by extracting the mathematical model of all 
parts in the system. Mathematical model of EV battery and 
storage group designed is given in Eqs. 32 and 33.

Likewise, the mathematical model created for the PV 
panel in phasor analysis is the same as that for the EV 
battery. The only difference is that the lookup table tool 
is used to transfer to the model the change of energy that 
the PV panel gives to the system. The generated PV power 
table was created in a HOMER optimization program for a 
region. In phasor analysis model, input and output behav-
ior of EVs to charging station was created separately. At 
this point, 24-h driving behavior of the drivers in a resi-
dential campus was observed and modeled in Simulink. In 
short, the entire design created in the Simulink was ana-
lyzed through real data. The analysis results of the models 
are given in Chapter IV.

(32)I(t) = Imax.cos(wt + �)

(33)SOC(t) = SOC(t − 1) + ∫
t

0

I(t)

CP

dt

Fig. 3   System architecture
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4 � Case study results

4.1 � Discrete‑time analysis results

Discrete-time Simulink model was created in order to 
show the mains voltage, current and frequency changes 

that will occur with the operation of DBS in a real system. 
This should not be ignored when evaluating, as the simula-
tion will yield results based on ideal operating values. For 
example, in the DBS model, the characteristics of the battery 
capacities or charge–discharge conditions vary with the var-
ying ambient temperature. In this study, all calculations and 
simulations are made according to nominal operating values.

Fig. 4   System model for Simulink design

Fig. 5   Discrete time analyses 
for grid power and PV power
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As a result of the operation of discrete-time model, the 
grid power change and the power graph given by the PV 
panel to the system are given in Fig. 5. The grid power value 
in question is the total power demand–supply value of the 
microgrid. 

As can be seen clearly in Fig. 5, V2V and G2V topol-
ogies are active in the 0–0.22-s interval with DBS. As a 
result of overloading in the grid, the topology of V2G is 
activated from the moment of t = 0.22 s. The change in grid 

current–voltage stability during these time intervals is given 
in Fig. 6.

As can be seen in Fig. 6, the fluctuation of the current 
characteristic was realized with the activation of the PV sys-
tem at t = 0.04 s, but in a very short time it has reached the 
nominal operating order. Similarly, the current characteristic 
fluctuated for a short time from the moment the V2G topol-
ogy was activated (t = 0.22 s). Although the common DC 
bus used in the microgrid topology designed for the charging 

Fig. 6   Discrete time analyses 
for V–I characteristic

Fig. 7   Discrete-time analyses 
for common bus voltage.
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station eliminates the frequency stability problem, on the 
other side it creates the voltage stability problem. This insta-
bility needs to be checked continuously. Figure 7 shows the 
voltage characteristics of the DC bus during the simulation. 

4.2 � Phasor analysis results

As a result of the network integration of EVs, changes in the 
network load curve should be monitored. The most impor-
tant issue in this regard is user habits and changing penetra-
tion rate. As a matter of fact, Simulink phasor simulation 
was performed and results were analyzed in order to reveal 
24-h analysis of DBS with varying penetrations. In the case 
study, 6 simulations were carried out for each penetration 
level (15-32-48-60-75-100%) separately. At this point, a 
24-h profile was created by recording the actual values for 
the current residential load and the users’ behavior. In Fig. 8, 
24-h changes of current residential load and PV production 
are given.

The same phasor analyses were performed again at all 
penetration levels with standard control techniques without 
DBS in order to show how DBS caused a change in the net-
work load profile. This simulation was carried out by select-
ing 20% lower nominal charge–discharge current values for 
EVs and storage battery group. Thus, the control outputs of 
DBS vary in the range of approximately ± 20% of nominal 
charge–discharge current values. For this reason, the lowest 
EV charge values were selected in the simulation without 
DBS for comparison. The vehicle battery capacities used 
in the simulations in the case study are given in Table 1. 
Simulation results for 6 different penetration levels are given 
in Fig. 9.

Since the general tendency of people is to charge their 
vehicles after work return from home, it is likely that 

there will be a serious load in the network, especially after 
19:00. Similarly, the residential load profile also tends to 
increase after returning home. Therefore, the rising in the 
load curve will increase further. This may cause overload-
ing of the transformer and all other distribution system 
elements, voltage and frequency instability and irreparable 
malfunctions.

When Fig. 9 is examined, it is seen that for 15% pen-
etration rate, the grid load curve is reduced with DBS by 
17.6% at peak hours (19: 00–21:00) and shifted to low hours 
of loading (23:00–02:00). Considering that the maximum 
power value of the transformer is 280 kVA, it is seen that 
the transformer remains also below the critical limit with-
out DBS for 15% penetration rate. However, lowering the 
load curve with DBS is important for efficient operation, 
frequency and voltage stability. For the 32% penetration rate, 
it is seen that the grid load curve is reduced with DBS by 
22.93% at peak hours and shifted to low hours of loading 
(02:00–05:00). It is understood that for the 32% penetra-
tion, the critical threshold for the transformer in without 
DBS control was exceeded at a very low level. It is seen 
that the critical threshold for transformer in without DBS 
control at 48% and above penetrations has been exceeded 
at very serious rates. It is obvious that this situation may 
cause voltage, frequency instability or even major failures. 
In all penetrations of 48% and above, the overload on peak 
hours was effectively shifted to hours after 03:00 thanks to 
DBS and the load was kept below the transformer threshold 
value each time.

As the penetration rate increases, it is seen that the 
decrease rate in the network load curve at peak hours 
increases in Table 2. This is because DBS uses the V2V 
topology. In the V2V topology, as the number of grid con-
nected EVs (penetration increase), the number of vehicles 
in production mode increases. Thus, the energy demands 
of EVs below the SOCB value can be provided from the 
charging station itself at higher rates. When the literature 
is examined, as the penetration rate increases, the grid load 
curve reduction rate decreases. This situation clearly reveals 
the capability of DBS.Fig. 8   Current residential load and PV power production

Table 1   Capacity of EVs and penetrations

Penetration rate 
(%)

Capacity (ah) Voltage (V) Num-
ber of 
EVs

15 22 300 12
32 22 300 15
48 22 300 20
60 22 300 24
75 22 300 28
100 22 300 35



2657Electrical Engineering (2021) 103:2647–2660	

1 3

When the case study results are analyzed, it is seen that 
the V2V and G2V topologies for Mode-I remain active at the 
same time. In Mode-II, only G2V topology is active. These 

modes were exchanged for 24 h, and thus balance policy 
was always implemented. For example, between 18:00 and 
19:00 h, the SOC values of numerous consumer label EVs 

Fig. 9   Phasor analyses for grid load profile with/without DBS for varying penetrations
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connected to the charging station increased, and after a cer-
tain level, the mode changed to the energy generator posi-
tion for the charging station. Thus, from now on, the power 
demand of consumer label EVs connected to the charging 
station was provided with the battery of these vehicles, and 
the mains power demand of the charging station was reduced 
at very high rates. As a matter of fact, when the load curve 
is analyzed, power demand tends to increase and decrease 
intermittently. In addition, thanks to the PV panel power 
generation during the daytime, both energy was transferred 
to the storage and the grid load was supported. In this way, 
the energy of storage was used more efficiently during peak 
hours. The EV drive behavior models of the simulation with-
out DBS control were selected the same as the simulation 
with DBS control as previously mentioned. This should also 
be taken into account when making the assessment.

When the grid load curve is examined, it is seen that there 
is not much loading during daytime hours. At the same time, 
the PV panel system relieved the grid as long as it generates 
power. In peak hours, each EV that was activated became a 
direct load regardless of SOC level and increased the grid 
load even further. Storage principle is based on filling the 

load during low hours and supporting the grid during peak 
hours.

SOC changes for 48% penetration rate of EVs connected 
to charging station in DBS-controlled simulation are given in 
Fig. 10. When the graph is examined, it is seen that the SOC 
values of all EVs are always nonlinear. It is seen that the 
change in SOC values decreases especially as the equilib-
rium point is approached and also that it has reached equilib-
rium. This behavior characteristic is a result of DBS control. 

Although varying charge–discharge currents can affect 
battery life positively or negatively, it is clear that no damage 
will occur if the control remains within the tolerances band 
of the rated charge current levels.

Each EV is represented by different colors in the graph. 
The figure shows the SOC changes of all vehicles enter-
ing or leaving the charging station. For example, EV-1 was 
connected to the station with 68% SOC at 07:00 and left the 
station with a 95% level at 15:00. All EVs are connected and 
disconnected to the station at different charge levels accord-
ing to the actual scenario created as a result of observation 
as in this example. When the results are analyzed, it is seen 
that DBS produces new balance behaviors in every situation 
and condition by producing real-time results.

4.3 � EV users satisfaction analysis results

Effective reduction of the load curve is critical to the appli-
cation. But at least as much as load reduction, satisfaction 
of EV users is also critical. Because the applicability of this 
strategy in future applications also depends on this issue.

In the case study, satisfaction values of each charging sta-
tion were calculated with the satisfaction function described 
in Chapter II. This value was calculated separately for each 
penetration rate, and average satisfaction was obtained. In 

Table 2   Grid load reduction rates with DBS

Penetration rate 
(%)

Grid load reduction rate 
(peak hours) (%)

Load shifting times

15 17.6 23:00–02:00
32 22.93 02:00–05:00
48 28.30 04:00–07:00
60 30.33 04:00–07:00
75 33.67 04:00–07:00
100 37.36 03:00–05:00

Fig. 10   Plug-in EVs SOCs vari-
ation for % 48 penetration rate
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Table 3, average user satisfaction changes are given accord-
ing to changing penetration rates. 

When the table is examined, it is seen that average satis-
faction decreases in increasing penetrations. However, as the 
penetration level increased, the average satisfaction reduc-
tion rate decreased, and after 75% penetration, satisfaction 
began to increase. The reason for this is the increase in sup-
porting the grid with the increase in penetration as described 
in reduction the load curve. This situation again revealed the 
difference of DBS. In Fig. 11, average satisfaction change is 
given according to the changing penetration. 

When Fig. 11 is examined, it is seen that the average user 
satisfaction is kept in the 75–100% band for all penetrations. 
This rate is at a high level if considering the gains. These 
satisfaction rates can be increased by decreasing the reduc-
tion rate in the grid load curve.

5 � Conclusion and future works

With the widespread use of EVs, some revisions or changes 
will be necessary even if the infrastructure of the countries is 
sufficient. At this point, keeping these infrastructure changes 
requiring very high costs to a minimum level depends on 
such management algorithms and integrating renewable 
energy sources into charging stations. For this reason, it is 

very necessary to control the grid load curve at especially 
peak times.

DBS is able to generate real-time outputs according to all 
behavioral models. Due to many factors such as climatic or 
geographical changes, the driving behavior of societies in 
the world varies. Therefore, it is very important to provide 
dynamic control according to all behavioral models.

When all the results are examined, it is seen that the DBS 
model can control the system independently of the behavior 
patterns of EV drivers. Thus, it was shown that many dis-
advantages such as voltage and frequency deviations, grid 
overloading, high infrastructure costs that can be experi-
enced in grid integration of EVs can be overcome. Charge 
strategies are compared in Table 4 to reveal more clearly the 
advantages or differences of our study according to other 
current studies in the literature.

In future studies, researchers can calculate the optimum 
value by using the optimization techniques for the equilibrium 
point specified in the DBS model. In these studies, grid voltage, 
frequency or infrastructure capacity can be considered as con-
straint functions. Minimization of the load curve in peak hours 

Table 3   Satisfactions rate with variable penetrations

Penetration rate (%) Grid load reduction rate (peak 
hours) (%)

Average 
satisfaction 
rate (%)

15 17.6 91.25
32 22.93 84.61
48 28.30 80.76
60 30.33 76.72
75 33.67 75.25
100 37.36 78.92

Fig. 11   Satisfaction variations for variable penetration rate

Table 4   Comparison of EVs 
charging strategies

Literature Load demand 
reduction (peak 
hours)

Are there behavioral model, 
scheduling or assumptions?

Penetration 
rate (%)

Main objective

[11] 20% Yes 50% Productivity-Load Decrease
[27] 34.9% Yes Unspec Cost-Load Decrease
[30] 20–35% Yes 30% Productivity-Load Decrease
[32] 14.1% No Unspec Cost-Load Decrease
[31] 13.36% No Unspec Cost-Load Decrease
[29] Unspec No Unspec Charging Management
DBS 37.26% No 100% Productivity-Load Decrease
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and cost can be evaluated as output functions. In addition, an 
optimization algorithm can be developed between satisfaction 
and reduction to determine the optimum working range.

In order to demonstrate the effectiveness of the DBS 
model, a real prototype can be created in the laboratory 
environment in the future and the results can be compared 
with the simulation results.
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