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Abstract: The extensive adoption of electric vehicles (EVs) can introduce negative impacts on electric
infrastructure in the form of sporadic and excessive charging demands, line overload, and voltage
quality. Because EV loads can be movable around the system and time-dependent due to human
daily activities, it is therefore proposed in this research to investigate the spatial effects of EV loads
and their impacts on a power system. We developed a behavior-based charging profile simulation for
daily load profiles of uncontrolled and controlled charging simulations. To mitigate the impact of
increased peak demand, we proposed an optimal scheduling method by genetic algorithm (GA) using
charging event matrices and EV queuing management. The charging event matrices are generated
by capturing charging events and serve as an input of the GA-based scheduling, which optimally
defines available charging slots while maximizing the system load factor while maintaining user
satisfaction, depending on the weight coefficients prioritized by the system operator. The EV queuing
management strategically selects EVs to be filled in the available slots based on two qualification
indicators: previous charging duration and remaining state of charge (SoC). The proposed methodol-
ogy was tested on a modified IEEE-14 bus system with 3 generators and 20 transmission lines. The
simulation results show that the developed methodology can efficiently manage the peak demand
while respecting the system’s operational constraints and the user satisfaction level.

Keywords: electric vehicle; behavior-based simulation; smart charging; genetic algorithm; demand
management

1. Introduction

Electric car technology is rapidly advancing, and this is impacting the widespread
adoption of electric vehicles (EVs) around the world. EVs outperform internal combustion
engine vehicles in terms of technology, emissions, and economy [1], offering a promising
solution for the clean energy revolution. Despite the fact that the impact of COVID-19
has slowed the growth of EVs, yearly sales of EVs are still expected to reach 26 million
by 2030 [2]. Furthermore, [3] found that government support and regulation, as well as
decreasing battery prices, have also accelerated the shift.

As a result, the transportation sector is facing a significant challenge in converting the
principal energy source from fossil fuel energy to electrification. The increased use of EVs
has a considerable impact on the electrical system, particularly in terms of the enormous
spike in peak power consumption that can occur when EV drivers arrive at their homes to
recharge their vehicles. When charging is not regulated, it is anticipated that every 10%
increase in the number of EVs will result in an 18% increase in peak power consumption,
directly affecting the equipment in the power system [4]. In the same way, a case study
in Perth, Western Australia, [5] indicated that 100% EV penetration with an uncontrol
charging strategy could produce a peak demand that exceeds generation capacity.
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To estimate the additional power demand from EV charging demand, the studies
in [6,7] analyzed the power consumption created by charging EVs using the data from
driving and charging behaviors. Their study focused primarily on the analysis of power
consumption resulting from automobile driving behaviors with a consideration of the pos-
sibility of charging at various locations and times. Likewise, [8] predicted the load profile
of EV charging demand using driving behaviors and types of vehicles, including private
vehicles, taxis, and buses. Another study examined electricity demand as a load profile
based on the data obtained from public charging stations in a study area. Reference [9]
investigated and developed a system for estimating power consumption for fast-charging
stations based on electric car driving behaviors and station locations.

Reference [10] has demonstrated that the impact of EVs can be divided into three
areas: power system, environment, and economics. As for power system impacts, EVs have
introduced a number of damaging events such as voltage, peak power demand, power
quality, power loss, and overloading. It was reported in [11] that EVs could make the power
system more vulnerable in terms of harmonic and voltage fluctuation, emphasizing that the
charging of EVs requires a controlled charging framework and technique to mitigate the
effects of high-power demands. Similarly, Ref. [12] studied the impact of charging demand
on power quality in Brazil, and the result of this research indicated that EV charging
demand significantly reduced the electric power supply quality.

To mitigate the negative impact of charging demand, there are different types of
control methods and different algorithms. Reference [13] demonstrated a framework to
arrive at optimal EV demand at a high penetration level and renewable resources by using
a point estimate method and support vector machine for optimizing the total microgrid
cost. A new strategy introduced in [14] had the capability of peak shaving and of flattening
the load curve by using a particle swarm optimization technique. Reference [15] presented
one of the most efficient ways to control the charging demand in terms of V2G services by
using a predictive control model. An extension concept of V2G can be found in [16] for a
technique to manage charging demand by developing a mathematical formula for dealing
with discharging and charging demand based on the V2G technology concept.

The above research works have been mainly focused on a load profile simulation of
EVs and on the impacts on power systems with various techniques for charging demand
management. EV loads were usually treated as static loads and the investigation of dynamic
EV loads is yet to be addressed in detail for power system analysis. Because EV loads
can be movable around the system, and time-dependent due to human daily activities, it
is therefore proposed in this research to investigate the spatial effects of EV load profiles
and their impacts on a composite generation and transmission system. To begin with, this
paper examines charging demand profiles of EVs by developing a behavior-based charging
profile simulation based on driving behavior data and the performance of each EV model
currently sold in Thailand. The load profile of uncontrolled charging that represents the
worst-case scenario of power demand can be generated by a Monte Carlo simulation.

In addition, to control charging demand by using a direct control strategy in which the
operator can manage to allow electric vehicles to be recharged, this research also proposes a
new direct control technique using charging event matrices, genetic algorithm (GA)-based
scheduling algorithms, and EV queuing management. The charging event matrices capture
and store charging events to create the charging probability matrix, average charging
duration matrix, and the average parking duration matrix. The GA-based scheduling
uses the probability-based matrices as inputs to create an optimal charging plan with two
domains: timeslots and locations depending on the weight coefficients prioritized by the
system operator. The charging plan determines how many vehicles can be charged at each
location and timeslot appropriately. The objective function of the scheduling algorithm
is to maximize the system load factor while respecting the operational constraints of bus
voltage, bus power, and line loading capability while maintaining user satisfaction. In
addition, The EV queuing management selects EVs with two qualification indicators at
each timeslot: the previous charging duration and the remaining SoC.
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The subsequent sections of the paper are organized as follows. Section 2 summarizes,
the key contribution of this paper. Section 3 describes the key parameters of EV modeling
consisting of EV models, types of chargers, and driving behaviors. In Section 4, the
behavior-based charging profile simulation algorithm is clearly presented. The proposed
smart charging by a direct load control technique using EV queuing management and
charging slot optimization by the genetic algorithm is comprehensively covered in Section 5.
The results of a case study with analysis and discussion are given in Section 6, looking first
at EV load profile simulations, and then considering optimal scheduling and impacts on a
composite generation and transmission system. Section 7 concludes the paper.

2. Key Contributions

The methodology that was developed and the case study that was conducted allowed
the following contributions to be reached:

• The nature of EV loads can be movable around the system and time-dependent due to
daily human activities; for example, users can charge their EVs at home in the evening,
while the next day, they may recharge their EVs again at the workplace. Therefore, the
EV loads can be moved around in the power system at different locations and times.
These spatial effects were included in the load profile simulation and the optimization
models developed in this research.

• A load profile simulation of the growing electricity demand from EVs was developed
with two data sets: vehicle registration and a travel survey. The first set of data was
used to formulate a density function of battery sizes of EVs on the market and ob-
tained from the registration database of the Department of Land Transport (DLT), a
government agency under the Ministry of Transport. The second set of data used
for calculating the amount of electricity required to travel and to be recharged was
obtained from the Office of Transport and Traffic Policy and Planning (OTP), a gov-
ernment agency under the Ministry of Transport, which conducted a travel demand
survey of 18,833 house-holds in the city of Bangkok and neighboring provinces. The
data obtained were statistically derived for giving the probability density functions of
stochastic variables required in EV simulations, such as mileage driven, start charging
time, departure time from homes, and the number of trips per day.

• Load profiles with uncontrolled charging (also known as dumb charging) were simu-
lated with a behavior-based simulation with a number of EVs of 80,000. The simulation
results of the charging demand of EVs reveal that the maximum demand would move
from 2:30 p.m. to around 7:00 p.m., as most drivers return to their homes and recharge
their EVs. Under the conditions of this study, the addition of EV demand could signifi-
cantly lift the total peak load from 170 to 210 MW. This result can imply that higher
levels of EV usage would lead to an outstanding increase in peak power demand
and could directly impact the grid. Therefore, the rise of EVs would result in utilities
having to invest in power system reinforcement to support the growing demand.

• A scheduling algorithm based on a genetic algorithm (GA) was proposed to define an
optimal charging plan (properly available charging slots) in two domains: timeslots
and locations. The scheduling algorithm operates along with charging event matrices
to capture the charging events of all EVs, taking into account charging location, charg-
ing duration, parking duration, charging power, and start charging time. This set of
metrics is updated each time EVs are charged. The algorithm can use these matrices
as an input to simulate charging events and to define charging slots at each bus on
each duration. The objective function of this algorithm is to maximize the system
load factor and user satisfaction, subject to three operational constraints: bus voltages,
bus powers, and line flow. After obtaining the optimal charging plan, EV queuing
management was developed to select those qualified for each timeslot based on two
indicators: previous charging duration and SoC. The test results from the modified
IEEE 14 bus system can confirm the effectiveness of the developed GA.



Energies 2022, 15, 3827 4 of 26

3. Key Parameters of EV Modeling
3.1. EV Models

EVs are currently produced or imported into Thailand, and they come in a variety
of brands and models. Because there are so many different brands and types of EVs, the
characteristics of each model play a role in determining how people charge their cars.

The various types of EVs constitute essential factors that affect the charging patterns
of EV users. Each type of EV model has a different battery size and energy consumption
rate [17]. The different power consumption rates and battery sizes lead to different charging
requirements in terms of charging duration and energy required. Table 1 shows the market
share of EV models available in the Thailand market.

Table 1. EV models are available in the Thailand market [18,19].

Model Battery Size (kWh) Energy Consumption Rate (kWh/km) Market Share (%)

ZS EV 44.5 0.193 63.91
ONE 11.8 0.067 13.36

E6 80 0.260 5.34
LEAF 40 0.164 4.76

MODEL 3 PERFORMANCE 82.0 0.162 1.60
MODEL 3 LONG RANGE 75 0.154 1.51

E-TRON 55 Q 95 0.237 1.46
Others - - 8.06

3.2. Types of Chargers

Another critical parameter that affects the charging power demand is the type of
charger, each with a different range of power consumption. The study of [20] demonstrated
that if EV owners were allowed to charge their EVs anytime and anywhere, the charging
demand could increase the peak load at peak hours, the time at which users arrive at their
destination. In addition, such an increased charging power resulted in shorter charging
times, leading to increased load discontinuity. While there are many types of EV chargers
available in the market, they can be broadly classified into three levels by the Society
of Automotive Engineers (SAE) standard: AC Level 1, AC Level 2, and direct current
fast charging (DCFC) Level 3. DCFC Level 3 is further divided into two sub-levels: DC
Level 1 and DC Level 2. The detail of the charger standard based on the SAE is shown in
Table 2 [10,21].

Table 2. Classification of chargers based on SAE J1772 standard.

Level Charging Power (kW) Location

Charging Level 1 (AC) 1.4–1.9 kW
(single-phase)

Residential and
Commercial building

Charging Level 2 (AC) 7.7–25.6 kW
(single-phase/three-phase) Private or Public

Charging Level 3
(DC Level 1)

13–39 kW
(three-phase) Public

Charging Level 3
(DC Level 2)

33–96 kW
(three-phase) Public

3.3. Driving Behaviors

Many studies have investigated the impact of users’ driving patterns on charging
profiles and total charging demand. Reference [22] indicated that the charging pattern is
based on user driving behaviors and vehicle performance, for example, the departure time
and travel distance of the users. To reveal the relationship between energy needs and the
behaviors of EV users, the study [23] showed that the minimum charging demand power
period was around 4:00 a.m. according to the normal departure time, and the maximum
peak time of residential charging demand was between 8:00 and 9:00 p.m., depending on
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connecting time and parking duration. The parking duration is purpose-specific, such
as parking at the office during working hours, parking at home during night hours, and
parking at a public charging station during charging. If an EV has been parked for a long
period, it can be charged by using an AC Level 1 or an AC Level 2 charger to reduce the
impact on the system [24]. The number of trips per day, trip distance, and travel velocity
is other important parameters that influence the available time for charging and energy
usage per day. The energy consumption, therefore, depends on charging duration and the
remaining state of charge (SoC).

In this research, the driving style was determined using data from a driving behaviors
study conducted in the city of Bangkok and surrounding areas by the OTP, and from [25].
The raw data were statistically examined and organized as the input data for EV driving
and charging behaviors simulation, as shown in Figure 1. Five parameters could be derived
from the survey consisting of the probability of the number of trips, velocity, distance per
trip, departure time, and parking duration. It can be seen from Figure 1 that the number of
trips is mostly two trips per day, and the average travel speeds are lower between 7 a.m.
and 6 p.m. compared with other periods. Most of all the travel distances per trip did
not exceed 10 km and the departure time of people is between 6 a.m. and 10 a.m. in the
morning. The parking duration is divided into three cases depending on the number of
trips. For the first trip, most parking durations are between 8–10 h, while the most likely
parking duration stays within 4 h for second and third trips. It was also found that the
everyday driving behaviors of personal vehicle users during weekdays are in the form of a
roundtrip, people leaving their homes in the morning and returning home in the evening.
Furthermore, more than 93% of roundtrips are a basic loop, which is a typical journey
between two points, such as a roundtrip between home and workplace.
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Figure 1. Statistical driving behaviors derived from survey data: (a) Probability of the number of
trips per day; (b) Velocity; (c) Distance per trip; (d) Departure time; (e) Parking duration.

3.4. Charging Locations

EV users can choose their charging locations depending on satisfaction. They can
charge their vehicles at work during working hours or at their homes/residencies during
night hours. A charging station is one of the locations where users can charge their EVs
while they are outside their homes. Many studies have investigated the charging probability
of charging EVs at each location. For example, Ref. [26] presented a charging likelihood
of 80% at homes/residents, 15% at workplaces, and 5% at public charging stations, as
shown in Figure 2. Other research [27] also confirmed a similar proportion of charging.
Due to users’ driving behaviors, most of them can generally charge EVs at home using
AC chargers. Many research publications have indicated that users always start to charge
their vehicles when they arrive at their destination immediately in the evening. In contrast,
some users prefer to charge their EVs as soon as they arrive at their offices in the morning.
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While home charging seems to have a typical pattern, charging EVs at public stations
can occur at different times. For instance, the data collected from charging data in the
UK [28] showed that low-power chargers were installed in public charging stations, and
charging occurred from morning to afternoon while people were still working. However,
other studies revealed that users in Denmark usually charged their EVs with DC charg-
ers during peak hours after work due to the charging duration being shorter than AC
chargers [29].
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With the above charging behaviors, three possible charging sites with different likeli-
hoods are of interest: approximately 80% at home, 15% at work, and 5% at public charging
stations, as shown in Figure 2. In this research, we developed a behavior-based simulation
algorithm to study the load profile of EV charging demand using driving behavior data.
Three groups of input data, as shown in Figure 3, are required in the model: users’ behaviors,
EV characteristics, and charging locations. With these input parameters, the load profile
can be derived in the forms of charging power, charging start time, and charging duration.
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4. Behavior-Based Charging Profile Simulation Algorithm

To analyze charging demand and to simulate uncontrolled charging conditions, this
study used data combined from both survey and research publications. These stochastic
data are used in our activity-based Monte Carlo simulation [30]. However, achieving an
accurate analysis requires a thorough analysis of travel behavior together with an analysis
of the efficiency of EVs. From the survey data, weekday driving patterns can be investigated
with the assumption all drivers travel in the form of a trip chain [31]. In addition, the study
found that most of them start traveling from their homes/residences in the morning and
arrive home in the evening in the form of a round trip, as shown in Figure 4. Although the
number of daily trips varies according to the behavior of each driver, the state of travel can
be divided into two typical patterns: static and dynamic.
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• Static state is the parking status of EVs. In this state, EVs can be charged or uncharged
(idle) based on user decisions. When an EV is charged, it draws electrical power and
energy from the network and increases the system load.
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• The dynamic state is the mobility state in which EVs are moving from one location to
another, meaning that battery power is consumed during the trips.

The algorithm for simulating an EV charging profile, which is a chronological variation
in the EV power demand versus time, is detailed step-by-step in Algorithm 1 with the
following conditions. EVs must be recharged daily, and the charging sites are randomly
selected based on their likelihood, which is 80% at home, 15% at work, and 5% at public
charging stations. The charging power (Pj) for each of these sites is respectively 7.7 kW (P1),
22 kW (P2), and 50 kW (P3). Every trip is a round trip, namely starting from home in the
morning and returning home in the evening, while there can be at least one parking place
during the daily journey. The algorithm sequentially analyzes and simulates the driving
behaviors of individual EVs at each timeslot.

Note that in step 6-2 of the algorithm, two options are selectable. In the first option,
there is no centralized control over EVs charging scheduling technique. In this option,
Algorithm 1 is simulated with a predefined number of iterations to find the possible maxi-
mum power demand for all timeslots and iterations according to (7). The daily load profile
containing maximum peak demand can represent the worst possible case of uncontrolled
charging and can serve as a benchmark for peak reduction in controlled load profiles as
derived in Algorithms 2 and 3. The second option has a centralized control equipped with
communication between EVs and the control center, which allocates individual EVs to be
charged to each timeslot. Step 6-3 collects charging events to create the charging event
matrices (detail given in Algorithm 2).

Algorithm 1: Pseudocode for behavior-based charging profile

Input EVs parameters, driving behaviors data, number of EVs, and number of timeslots

Output EVs charging profile at each location (i.e., each bus in the network) and power flow result at each timeslot

1

Create the characteristics of the EVs by

• Randomize the battery size, and energy consumption rate of each EV based on the model and market share as
shown in Table 1

• Randomize the initial location of EVs (i.e., always starting at home) at each bus on the system.

2 Randomize initial departure times (tdepart
i ), next locations (next_loci) of EVs, and max trips per day of EVs (tripmax

i )
3 Set initial locations of all EVs at home (loci), and tripi = 0
4 Set all EVs statuses (statusi = ‘park’ )
5 Randomize initial charging locations (c_loci) of all EVs
6 For t = 1 to NTS
6-1 For i = 1 to NEV
6-1-1 IF statusi = ‘park’ , and t = tdepart

i
6-1-1-1 statusi = ‘drive’
6-1-1-2 Calculate SoCi, and tarrive

i by (1) and (2)
ELSE IF statusi = ‘drive’ , and t = tarrive

i
6-1-1-3 statusi = ‘park’
6-1-1-4 loci = next_loci
6-1-1-5 tripi = tripi + 1
6-1-1-6 IF tripi < tripmax

i
6-1-1-6-1 Randomize next_loci, and parking duration (∆tpark

i )
6-1-1-6-2 Calculate tdepart

i based on (3)
ELSE

6-1-1-6-3 Randomize departure time (tdepart
i ), next location (next_loci), and charging location (c_loci) for the

next day
6-1-1-6-4 Set tripi = 0

END IF
END IF
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Algorithm 1: Cont.

6-1-2 IF statusi = ‘park’ and SoCi < 1, and loci = c_loci
6-1-2-1 c_statusi = 1 (EVi needs charging)

ELSE
6-1-2-2 c_statusi = 0 (EVi is idle)

END IF
END FOR

6-2

Define charging permission of EVs (pm_statusi)

• For uncontrolled charging, all EVs are allowed to be charged and continue to Step 6-3
• For controlled charging, only some of the EVs are allocated using the EV queuing management defined by

Algorithm 3 then continue to Step 6-3

6-3 Collect EV charging events (refer to Algorithm 2)
6-4 For i = 1 to NEV
6-4-1 IF pm_statusi = 1
6-4-1-1 Charge EVi, and calculate SoCi by (4)
6-4-1-2 Calculate the charging load at each location (loadb,t) by (5)

END IF
END FOR

6-5 Calculate total load (loadtotal) by (6)
6-6 Perform power flow analysis by the Newton–Raphson iterative algorithm [32]

END FOR

Algorithm 2: Pseudocode for charging event matrices

Input EV charging event data, number of EVs, and number of timeslots

Output Charging event matrices

1 For t = 1 to NTS
1-1 For i = 1 to NEV
1-1-1 IF c_statusi = 1 and c_statusi (t−1) = 0
1-1-1-1 Collect charging event (γb,j,t) along with location (bus b), charging power (Pj) and time (t) of EVi

1-1-1-2 Calculate charging duration (∆tchg
i ) and parking duration (∆tpark

i ) by (8) and (9) respectively
1-1-1-3 Store all charging event data (γb,j,t, ∆tchg

i , ∆tpark
i ) of this event to the database

END IF
END FOR

END FOR

2

Calculate charging event matrices

• Calculate charging probability
(

P(γb,j,t)
)

to obtain the charging probability matrix by (10)

• Calculate average charging duration
(

∆tchg
avg,j

)
to obtain the average charging duration matrix (11)

• Calculate average parking duration
(

∆tpark
avg,j

)
to obtain the average parking duration matrix (12)

Algorithm 3: Pseudocode for GA-based scheduling

Input Charging event matrices, EVs, number of timeslots, number of chromosomes, and number of generations

Output Charging plan (optimal charging slots at each timeslot)

1 Randomize initial values of first-generation chromosomes [σ]b,t (available charging slots)
2 For iter = 1 to NG
2-2 For p = 1 to NC

2-2-1

Create charging event characteristic of all EVs
• Randomize charging location (c_loci), power (Pi) and start time (tstart

i ) based on the charging
probability matrix

• Determine the tentative charging duration of each EV
(
∆ttent

i
)

and parking duration
(

∆tpark
i

)
• Calculate available charging interval [tstart

i , tend
i ] using ∆tpark

i and tstart
i



Energies 2022, 15, 3827 10 of 26

Algorithm 3: Cont.

2-2-2 For t = 1 to NTS
2-2-2-1 For i = 1 to NEV
2-2-2-1-1 IF t ∈ [tstart

i , tend
i ] and ∆treal

i < ∆ttent
i

2-2-2-1-1-1 c_statusi = 1 (EVi needs charging)
ELSE

2-2-2-1-1-2 c_statusi = 0 (EVi is idle)
END IF

END FOR

2-2-2-2
Define charging permission of EVs (pm_statusi) based on both the EV queuing management method and the
available charging slots [σ]b,t (p)

2-2-2-3 For i = 1 to NEV
2-2-2-3-1 IF pm_statusi = 1
2-2-2-3-1-1 ∆treal

i = ∆treal
i + 1

2-2-2-3-1-2 Calculate charging load (loadb,t) by (5)
END IF

END FOR
END FOR

2-2-3 Calculate total load (loadtotal) by (6) and obtain maximum total load (loadmax
total)

2-2-4 Estimate preferred charging duration (∆tp f
total) and controlled charging duration (∆tct

total) by (14) and (15)

2-2-5
Perform power flow analysis to obtain the peak power at each bus, and active and reactive power flow of
each line

2-2-6 Apply a penalty constant (e.g., 106) for constraint violation in (16) to (18)
2-2-7 Evaluate the fitness of chromosome by (13)

END FOR
2-3 Select and keep the best fitness from population
2-4 Bring population to the crossover, mutation process, and chromosome reproduction

END FOR

SoCi = SoCi −
Di × Ei

Bi
; i = 1 to NEV (1)

tarrive
i = tdepart

i +
Di
vt

; i = 1 to NEV, t = tdepart
i (2)

tdepart
i = tarrive

i + ∆tpark
i ; i = 1 to NEV (3)

SoCi = SoCi +
Pi × ∆tslot

Bi
; i = 1 to NEV (4)

loadb,t = loadb,t + Pi; t = 1 to NTS, b = 1 to NB (5)

loadtotal =
NB

∑
b=1

loadb,t; t = 1 to NTS (6)

loadmax = Max
{

loadtotal
iter

}
; iter = 1 to NI (7)

5. Smart Charging by Direct Load Control Technique

Because charging EVs occur almost instantly upon arrival and frequently at the same
time during peak power consumption, as a result, the charging during this time raises
the peak power requirement dramatically. The difference between peak and off-peak
powers may be so great that a management framework is required for connecting EVs
to smart grid systems and allowing system operators and utilities to control charging
demand [33]. EV charging regulation is frequently required by demand side management
like peak load shaving, which helps both utilities and customers to narrow the gap between
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new and existing peaks. Centralized scheduling with unidirectional power flow is one of
the charging control technologies whereby EVs can only receive power from the grid in
one way [34]. In this technology, EVs are connected with utilities or aggregators, which
collect information and control EV charging requirements. Algorithms are created to
manage charging demand while keeping the peak as low as possible by allocating the
appropriate number of EVs to be charged at each timeslot. For this type of control, an EV
queuing management method is introduced in this paper for selecting proper EVs to be
charged at each timeslot based on two qualification indicators: previous charging duration
and SoC. This study also proposes charging event matrices and a GA-based scheduling
algorithm which were developed for optimizing charging slots at each timeslot based on
users’ behaviors.

5.1. EV Queuing Management

For electric power utilities or demand management operators, selecting the correct
and suitable EV to be able to be charged becomes essential, as it directly affects users’
satisfaction. Two useful indicators for selecting EVs are the previous charging duration and
the remaining SoC received from each EV. This prioritization strategy is a straightforward
and resource-saving method of fast computation.

One of the most effective algorithms for scheduling requirements is based on charging
duration. Because it simply requires information regarding the charging duration of EVs,
this method is practically simple and computationally fast to implement. In this strategy,
it is reasonable to suppose that customers with longer charging periods already have a
high SoC, whereas newcomers are expected to have a low SoC after their journeys. Some
of the EVs that can be charged at any timeslot are strategically chosen based on how long
they have been charged previously. As seen in Figure 5, their charging times are listed in
ascending order. To enable the charging interchangeability of the EVs, this technique is
repeated at each timeslot.
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Figure 5. EV queuing management algorithm based on previous charging duration.

Charging management based on the SoC, alternatively, offers an innovative charging
solution. The principal idea is that when an EV needs charging, it transmits a signal to the
operator along with its charging information as in the previous technique. Suppose the
system demand is surpassed in any timeslots. In that case, the operator can choose only a
subset of the EVs that can be recharged based on their SoCs in ascending order, as depicted
graphically in Figure 6. This process is recalculated at each timeslot.
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5.2. Charging Slot Optimization by Genetic Algorithm

Although the direct charging control based on previous charging duration or SoC
allows the system operator to systematically prioritize EVs, the maximum number of EVs
(or the maximum available charging slots) that can be recharged at any given timeslot is
another variable that needs to be set appropriately to attain the maximum peak reduction.
This research proposes a GA-based scheduling algorithm to achieve this objective. However,
because the GA is a time-consuming stochastic search, we have developed an improved
mechanism for generating a proper input using charging event matrices, as shown in
Algorithm 2. As the charging of EVs is an intertemporal process by which the system
operator has to make decisions about how many and how long the EVs can be charged
at various points in the timeslot, choices at one timeslot influence the availability at other
timeslots. These charging event matrices can help solve this problem by estimating the
likelihood of a charging pattern in each timeslot.

The algorithm stores EV charging data in different locations and times to create the
charging event matrices, consisting of charging probability, average charging duration
and average parking duration, as shown in Figure 7. These three matrices derived from
Algorithm 2 will be applied to Algorithm 3 to define a proper charging plan. The charging
probability matrix stores charging events at each bus with various charging powers over
time for investigating the likelihood of charging events. It can be used as a guideline to
forecast incoming charging demand. The average charging duration matrix operates with
the charging probability matrix to capture the average charging duration at each power
level. Likewise, the average parking duration matrix is similar to the average charging
duration matrix in that it captures and analyzes the parking duration when users park
and charge in each of three locations (i.e., workplace, public charging station, home). The
advantage of the use of these three matrices is that they provide a convenient way to
simulate charging behaviors in an area of interest.

∆tchg
i =

(1− SoCi)× Bi
Pi

; i = 1 to NEV (8)

∆tpark
i = tdepart

i − tarrive
i ; i = 1 to NEV (9)
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P(γb,j,t) =
γb,j,t

NTS
∑

z=1

NCP
∑

y=1

NB
∑

x=1
γx,y,z

; b = 1 to NB, j = 1 to NCP, t = 1 to NTS (10)

∆tchg
avg,j

=

NEV
∑

i=1

NCEi
∑

n=1
∆tchg

i,n(y)

NTS
∑

z=1

NB
∑

x=1
γx,y,z

; y = Pj, j = 1 to NCP (11)

∆tpark
avg,j

=

NEV
∑

i=1

NCEi
∑

n=1
∆tpark

i,n(y)

NTS
∑

z=1

NB
∑

x=1
γx,y,z

; y = Pj, j = 1 to NCP (12)
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Figure 7. Charging event matrices.

The objective function to be optimized by the GA, as shown in (13), consists of two
terms, each attached with a weighted coefficient. The first term normalizes the maximum
total load (load with EVs charging demand) by the maximum base load (load without EVs
charging demand). The maximum total load (loadmax

total) can be obtained from a charging
simulation in each chromosome, whereas the maximum base load (loadmax

base ) is obtained
from the actual original baseload. The second term represents user satisfaction calculated by
comparing the preferred charging duration (∆tp f

total) with the controlled charging duration
(∆tct

total) obtained from the calculation process. To compute the maximum load, the preferred
charging duration and the controlled charging, the charging event matrices is used as input
data. The weighted coefficients (µL, µS) determine the priority of each term, depending on
whether the focus is on minimizing power demand or on maintaining user satisfaction.
Both coefficients can be defined in the range [0, 1], and their summation equals to 1.
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Objective function:

Min z = µL

(
loadmax

total
loadmax

base

)
+ µS

(
∆tp f

total
∆tct

total

)
(13)

Subject to:

∆tp f
total =

NEV

∑
i=1

∆ttent
i (14)

∆tct
total =

NEV

∑
i=1

∆treal
i (15)

V l
b ≤ Vb ≤ Vu

b (16)

pl
b ≤ pb ≤ pu

b (17)

sl
l ≤ sl ≤ su

l (18)

To find an optimal solution of (13), we introduce chromosome [σ]b,t, the structure of
which is a matrix with a dimension of b× t and represents the available charging slots bus b
and time t. A high availability of charging slots in each timeslot will increase the first term
and decreases the second term of the objective function. Conversely, when the number
of available charging slots becomes limited, the value of the first term decreases while
the second term will increase as shown in Figure 8. Nevertheless, if the fitness variable is
properly configured, the value of the first term will decrease with little effect on the second
term. This will cause the charge of EVs to be distributed over time, and the charging event
will occur during the off-peak period while maintaining user satisfaction.
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The objective function of the scheduling algorithm is subject to three constraints. First,
the system operator must maintain the voltage magnitudes at all buses within prespecified
limits expressed by (16). Second, the active power of all load buses must be maintained
within a permissible value given by (17). Third, the power flow on the lines must not
exceed their loading capability limits expressed by (18). The variables Vb, pb and sl are
determined from power flow computation [32].

The process of the GA basically contains three main operators: chromosome reproduc-
tion, crossovers, and mutations for diversity [35], as shown in Algorithm 3. The procedure
starts with the generation of a random population of chromosomes that represent possible
solutions to the problem. Each solution is assessed based on measurable criteria, with each
chromosome receiving a fitness score. To calculate the fitness of each chromosome that
represents available charging slots, three main steps are required.

In the first step, the charging event matrices are used to randomize charging events of
the existing number of EVs to obtain their charging locations, charging powers, and plug-in
times. The tentative charging duration (∆ttent

i ) and the parking duration (∆tpark
i ) of each EV
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are determined from the charging power using the average charging duration matrix and
the average parking duration matrix.

In the second step, the charging demand profile of each chromosome is calculated by
utilizing the charging events obtained from the first step and the available charging slots of
each chromosome. The controlled charging duration ∆tct

total is obtained by counting the real

charging duration (∆treal
i ), and the preferred charging duration ∆tp f

total by the summation of
∆ttent

i . The charging load profile of this chromosome is then combined with the original
baseload to give the total maximum demand (loadmax

total).
In the final step, the power flow calculation is performed to determine the fitness of

the chromosome. If any the constraint violation is detected, a penalty is applied to this
chromosome in the fitness evaluation. These three steps are repeated for all chromosomes
in this generation. The second population (i.e., second-generation) is generated from the
first population using the crossover and mutation processes. The GA search is terminated
until the final generation has been reached. The best solution among all the generations is
considered, as the optimal solution.

Figure 9 gives an overview of the coordination among the proposed three algorithms to-
gether with the EV queuing management module. The scheduling algorithm (Algorithm 3)
can update the number of available slots ranging from every day to every hour in advance,
which is suitable for day-ahead or intraday electric market trading. However, the charging
plan can be updated more frequently, depending on the computational capacity of the
computer device. For practical implementation of the operational process, when EVs
are required to recharge their batteries, a signal will be sent to the operator and stored
in the database to update the charging event matrices in real-time by Algorithm 2. The
operator sends all charging requests along with the required data at each timeslot to the
EV queuing management algorithm, which obtains the number of chargeable EVs at each
timeslot from the scheduling algorithm, which performs the optimization procedure based
on the updated charging event matrices. For this study, we would like to simulate the
driving behaviors of EVs to analyze the shape of load profiles and to study the algorithms’
capability in controlling EV charging and scheduling the corresponding charging slots. For
this reason, Algorithm 1 is served as a platform to simulate charging behaviors instead of
obtaining the actual charging request as in real applications.
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6. Case Study

The developed algorithms were tested with the modified IEEE-14 bus consisting of
3 generators and 20 transmission lines as shown in Figure 10. The generator data, and the
transmission line data are shown in Tables 3 and 4 respectively. The system base voltage,
and power are 13.8 kV and 100 MVA. It is assumed that at least one of the three charging
locations (i.e., home, workplace, and public station) are placed at each bus as shown in
Figure 10. The voltage at each bus must be maintained between 0.95 and 1.00 p.u.
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Table 3. Generator data.

Generator No. Bus Type Voltage (pu.) Power (MW)

1 1 Slack 1.01 -
2 2 PV 1.01 55
3 3 PV 1.01 55
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Table 4. Line data.

Line No. From Bus To Bus Resistance
(ohm)

Reactance
(ohm)

Line Limit
(MVA)

1 1 2 0.04 0.11 80
2 1 5 0.10 0.42 50
3 2 3 0.09 0.38 50
4 2 4 0.11 0.34 50
5 2 5 0.11 0.33 50
6 3 4 0.13 0.33 50
7 4 5 0.03 0.08 50
8 4 7 0.00 0.40 60
9 4 9 0.00 1.06 60

10 5 6 0.00 0.48 60
11 6 11 0.18 0.38 30
12 6 12 0.23 0.49 30
13 6 13 0.13 0.25 30
14 7 8 0.00 0.34 30
15 7 9 0.00 0.21 30
16 9 10 0.06 0.16 20
17 9 14 0.24 0.51 20
18 10 11 0.16 0.37 10
19 12 13 0.42 0.38 10
20 13 14 0.33 0.66 10

It is also assumed that there are 80,000 EVs scattering over the system, and the initial
load profile without this number of EVs is shown in Figure 11. The system has an initial
load factor of 0.9, and the total maximum load is 170 MW at 2:30 p.m. When including the
additional loads of the EVs, the load profiles of each bus are shown in Figure 12, and it is
evident that the system has seen a sharp increase in power demand during the evening
hours when most EV users return to their residences and charge their cars. As a result,
the peak power demand in the system is increased to 210.67 MW, as shown in Figure 13
(about 40 MW increase from the initial system peak demand) and shifted from 2:30 p.m. to
7:00 p.m. However, because some buses do not have residential customers—for example,
Bus 3, where there are only office buildings and charging stations nearby—the charging
demand stays the same during the evening hours. Instead, the increased demand can be
observed during the morning hours between 6:00–11:00 a.m. when people start arriving at
their offices.
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Figure 13. Baseload profile versus total load profile of uncontrolled charging scenario.

For the EV queuing management, the charging of EVs is arranged either based on
their previous charging durations or the remaining SoCs, depending on the operator’s
preference. Although the overall effect of using both indicators is the same, and improper
allocation of charging timeslots to EVs can cause their SoCs to be lower than the users’
expectation, as shown in Figure 14. The figure shows that without control, an EV would
be fully charged within 6 h (between 0:00 a.m.–6:00 a.m.). With an unsuitable control, it
is possible that the vehicle might be forced to start and stop charging at certain intervals
(e.g., four stops with different waiting times as shown in the figure) and therefore the SoC
could be below the user’s expectation. Alternatively, a more suitable control could be to
stop charging at 3:00 a.m. and to continue recharging at 5:00 a.m. in order to reach the
users’ satisfaction before they leave home the next morning.
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Figure 14. Comparison between suitable and unsuitable control.

The scheduling algorithm was applied to define an optimal charging plan with weight
coefficient, µL= 0.8 and µS= 0.2. In the GA process, the number of chromosomes and
generations were respectively set at 300 and 40 with a uniform crossover rate of 0.3 and a
mutation rate of 0.2. Figure 15 shows a comparison between the number of charging slots
(namely, the number of EVs that can be charged) and the base load. It is obvious that the
trend of the number of charging slots and the base loads move in opposite directions. In
other words, when the baseload rose around from 2:00 p.m. to 11:00 p.m., the algorithm
would try to reduce charging timeslots to mitigate the peak demand and maintain power
at the proper level.
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Figure 15. Baseload profile versus available charging slots.

The results of the GA-based scheduling algorithm are shown in Figure 16, which
shows the load profile in the case of controlled charging. Compared to the other scenario,
the increase in power levels during the evening hours of mass charging of EV users is
noticeably reduced due to the control algorithm that distributes the charging demand over
time. As a result, many EV chargers are forced to delay starting charging during the low
power demand of baseload. Considering the efficiency of the algorithm for controlling the
charging of EVs, we find that the total maximum power demand is reduced to 179.56 MW,
a 14.79% reduction from the uncontrolled charging peak power. The peak demand for
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controlled charging is slightly higher than the existing peak of the baseload at around
9.7 MW.
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Figure 16. Load profiles in each scenario.

It is possible that the algorithm can cause dissatisfaction among EV users due to
inadequate charging. For this reason, the EVs’ SoC must be compared after they have
been charged before the next trip in both scenarios, as shown in Figure 17. The figure
compares the distribution frequency of the SoC level before the EVs leave their homes
between controlled and uncontrolled scenarios. It is very interesting to note that almost all
of the users in the uncontrolled scenario can have their EVs fully charged, while about 70%
in the controlled scenario can achieve this feature. However, full user satisfaction comes at
the expense of a 40 MW increase in the system’s peak demand. Note that it would be worth
doing this, as over 99% of EVs have a minimum SoC of 0.96 in the controlled scenario,
which should be more than enough for the users to make a daily round trip.
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In addition, if we wish to set the maximum power limit of each bus below 20 MW,
the simulation result is shown in Figure 18. When analyzing each bus individually by
comparing the maximum power demand at the load buses, we can observe that the
maximum power demand at each bus in the controlled scenario is significantly lower than
in the uncontrolled scenario. If users can charge their EVs independently, it would make
the peak power demand on Bus 9 22.75 MW compared to 19.92 MW in the case of smart
charging with direct load control. This can confirm that the developed algorithm can help
the operator and utility to prevent a negative impact from the EV charging demand.
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Figure 18. Maximum power demand at load buses.

Figure 19 shows the daily voltage profile of each bus. At 7:00 p.m., the time at which
charging a large number of EVs occurs simultaneously, the bus voltage drops sharply to
as low as 0.937 p.u. at Bus 14. Buses 10–14 suffer a severe low voltage below 0.95 p.u.
To alleviate this impact, the proposed algorithm not only managed to flatten the daily
load profile but also kept all the bus voltages above 0.95 p.u., as shown in Figure 20. The
comparison of the lowest bus voltage magnitude in each scenario is shown in Figure 21,
demonstrating that the controlled charging scenario can completely mitigate the effect of
voltage drop significantly.
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Figure 19. Bus voltage with EV loads in an uncontrolled charging scenario.



Energies 2022, 15, 3827 22 of 26

Energies 2022, 15, x FOR PEER REVIEW 23 of 28 
 

 

Figure 19 shows the daily voltage profile of each bus. At 7:00 p.m., the time at which 
charging a large number of EVs occurs simultaneously, the bus voltage drops sharply to 
as low as 0.937 p.u. at Bus 14. Buses 10–14 suffer a severe low voltage below 0.95 p.u. To 
alleviate this impact, the proposed algorithm not only managed to flatten the daily load 
profile but also kept all the bus voltages above 0.95 p.u., as shown in Figure 20. The com-
parison of the lowest bus voltage magnitude in each scenario is shown in Figure 21, 
demonstrating that the controlled charging scenario can completely mitigate the effect of 
voltage drop significantly. 

 
Figure 19. Bus voltage with EV loads in an uncontrolled charging scenario. 

 
Figure 20. Bus voltage with EV loads in a controlled charging scenario. 

0.87

0.89

0.91

0.93

0.95

0.97

0.99

1.01

1.03

1.05

0:
00

1:
00

2:
00

3:
00

4:
00

5:
00

6:
00

7:
00

8:
00

9:
00

10
:0

0

11
:0

0

12
:0

0

13
:0

0

14
:0

0

15
:0

0

16
:0

0

17
:0

0

18
:0

0

19
:0

0

20
:0

0

21
:0

0

22
:0

0

23
:0

0

V
ol

ta
ge

 (p
.u

.)

Time (Hours)

Bus 4 Bus 5 Bus 6
Bus 7 Bus 8 Bus 9
Bus 10 Bus 11 Bus 12
Bus 13 Bus 14

0.89

0.91

0.93

0.95

0.97

0.99

1.01

1.03

1.05

0:
00

1:
00

2:
00

3:
00

4:
00

5:
00

6:
00

7:
00

8:
00

9:
00

10
:0

0

11
:0

0

12
:0

0

13
:0

0

14
:0

0

15
:0

0

16
:0

0

17
:0

0

18
:0

0

19
:0

0

20
:0

0

21
:0

0

22
:0

0

23
:0

0

V
ol

ta
ge

 (p
u.

)

Time (Hours)

Bus 4 Bus 5 Bus 6
Bus 7 Bus 8 Bus 9
Bus 10 Bus 11 Bus 12
Bus 13 Bus 14

Figure 20. Bus voltage with EV loads in a controlled charging scenario.
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The line flows are expected to increase for extensive use of EVs, as can be seen in
Figure 22. In the uncontrolled scenario, most of the line flows still stay within their rated
capacities, except for Line No. 2, 8, and 10. Line No. 2 is slightly overloaded, carrying
57.47 MVA, whereas Line 8 marginally exceeds 60 MVA by 0.49 MVA. Line No. 10 has seen
its rated capacity of 60 MVA violated. Such overload problems can be prevented by the
proposed algorithm (see Figure 22), which successfully managed to keep all the flows on
the lines within their rated capacities.

Table 5 compares the system performance between the uncontrolled scenario and the
control scenario. The benefits of the proposed algorithms for load balancing and peak
saving are obvious for better utilization of electrical energy and for reducing the peak load
demand. First and most importantly, the system peak demand is approximately a 14.79%
reduction, and the system load factor is significantly improved by 17.35%. Additional
generation and transmission capacity investment could be significantly avoided. Second,
the total energy consumption in the controlled charging is slightly lower because some
EVs were charged during the period of low demand, for example, during the daytime.
Although about 29% of the cars are not fully charged, almost all of their SoC are well
above 0.96.
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Table 5. Performance comparison between uncontrolled charging and controlled charging.

Uncontrolled Charging Controlled Charging Difference

Peak power demand (MW) 210.74 179.56 14.79%
Load factor 0.79 0.93 17.35%

Maximum voltage drop (p.u.) 0.937 0.956 1.96%
Charging energy (MWh) 304.78 304.26 0.17%

Energy loss (MWh) 119.85 116.92 2.44%

Finally, the energy loss is reduced by about 2.92 MWh per day. According to [36], the
cost of electricity generation and transmission in Thailand is 2.86 Baht/kWh. If this amount
of energy savings were the same for every day in a year, we would save 3,048,188 Baht a
year (equivalently about $89,652 a year).

7. Conclusions

This paper has presented a comprehensive stochastic model to simulate movable
EV charging patterns based on the driving behaviors and the performance of EVs. The
behavior-based charging profile simulation can generate travel patterns and charging
demand from multi-locations at different times of the day and give the spatial impact on
the peak power demand caused by the widespread use of EVs in the sample area. To
mitigate the negative impact from the rise of power demand, this study has introduced EV
charging scheduling using the GA and EV queuing management algorithm. The former
was used to define properly available charging slots of each bus at each timeslot in order to
try to minimize charging peak demand while respecting the system operational constraints
and maintaining user satisfaction. The EV queuing management algorithm intelligently
identified successful EV candidates in the available slots based on previous charging
durations and the remaining state of charge (SoC). The results of the modified IEEE 14 bus
system results confirm that the developed methodology can efficiently manage the peak
power demand while respecting the system operational constraints and retaining the user
satisfaction level. The benefit of smart charging in terms of financial savings and the deferral
of infrastructure reinforcement would be very significant for a practical-sized power system
with a large number of EVs. The proposed methodology can be extended to include, for
example, a more comprehensive scheduling algorithm to gain the ability to accommodate
vehicle-to-grid (V2G) functions at specified intervals to support the grid, dynamic pricing
schemes to convince users of EVs for a specific period of time, and integration of energy
storage and renewable energy.
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Nomenclature

NTS number of timeslots
NEV number of EVs
NB number of buses
NI number of iterations
NCP number of charging powers
NCEi number of charging events caused by EVi
NG number of generations
NC number of chromosomes
statusi status of EVi
loci current location of EVi
next_loci next location of EVi
c_loci charging location of EVi
c_statusi charging status of EVi
tripi numbers of trip of EVi
tripmax

i maximum numbers of trip of EVi
pm_statusi charging permission of EVi

tdepart
i departure time of EVi

tarrive
i arrival time of EVi

∆tpark
i parking duration of EVi

∆tslot duration of each timeslot
Di distance per trip of EVi
vt travel velocity at time t
Bi battery capacity of EVi
SoCi state of charge of EVi
Ei energy consumption rate of EVi
Pi charging power of EVi
loadb,t load profile of bus b at time t
loadtotal total load profile
loadmax maximum total load profile of all iteration
∆tchg

i charging duration of EVi
Pj charging power of charger j
γb,j,t amount of charging event at bus b, power j, and time t
P(γb,j,t) charging probability at bus b, power j, and time t

∆tchg
avg,j average charging duration at power j
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∆tchg
i,n(y) charging duration of EVi times n with charging power at y level

∆tpark
avg,j average parking duration at power j

∆tpark
i,n(y) parking duration of EVi times n with charging power at y level

loadmax
total maximum total load (load with EVs charging demand)

loadmax
base maximum base load (load without EVs charging demand)

∆tp f
total preferred charging duration of EVs

∆tct
total controlled charging duration of EVs

µL weight coefficient of load reduction term
µS weight coefficient of user satisfaction term
∆ttent

i tentative charging duration of EVi
∆treal

i real charging duration of EVi
Vl

b lower limit voltage of bus b
Vu

b upper limit voltage of bus b
Vb voltage of bus b
pl

b lower limit active power of bus b
pu

b upper limit active power of bus b
pb active power of bus b
sl

l lower limit appearance power of line l
su

l upper limit appearance power of line l
sl appearance power of line l
[σ]b,t available charging slots bus b and time t
tstart
i start charging time of EVi

tend
i end charging time of EVi
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