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Abstract: Electric Vehicle (EV) technology is one of the most promising solutions to reduce depen-
dence on fossil fuels and greenhouse gas (GHG) emissions in the transportation sector. However, a
large increase of EVs raises concerns about negative impacts on electricity generation, transmission,
and distribution systems. This study analyzes the benefits and trade-offs for EV penetration in Thai
road transport based on EV penetration scenarios from 2019 to 2036. Two charging strategies are
considered to assess the impact of EV charging: free charging and off-peak charging. Uncertainty
variables are considered by a stochastic approach based on Monte-Carlo simulation (MCS). The
simulation results shown that the adoption of EVs can reduce both energy consumption and GHG
emissions. The results also indicate that the increased load due to EV charging demand in all sce-
narios is still within the buffer level, compared to the installed generation capacity in the Power
Development Plan 2018 revision 1 (PDP2018r1), and the off-peak charging strategy is more beneficial
than the free-charging strategy. However, the increased load demand caused by all EV charging
strategies has a direct impact on the power generating schedule, and also decreases the system
reliability level.

Keywords: electric vehicles; Monte-Carlo simulation; charging demand; charging strategy; power
development plan

1. Introduction

Nowadays, climate change and global warming are negatively impacting the global
environment through greenhouse gas (GHG) emissions. In 2019, the transportation sector
was the highest consumer of fossil fuels, accounting for 39.2% of fossil fuel usage, and was
the second-largest source of carbon dioxide (CO2) emissions, accounting for approximately
34.0% of global emissions [1]. In addition, particulate matter (PM) 2.5 pollution caused
by internal combustion engine vehicles (ICEVs) is a result of CO2 emissions from the
transportation sector. In order to reduce the dependence on fossil fuels and address global
warming, all countries in the world are motivated to change the direction of development
from conventional ICEVs to electromobility options, such as plug-in hybrid electric vehicles
(PHEVs) and full battery electric vehicles (EVs). PHEVs are cheaper than EVs, while
still having advantages over ICEVs. In addition, PHEVs are more suitable for urban
transport than EVs, as the distances traveled in urban centers is generally not very long,
compared to the distances traveled across the city [2]. Several studies have attempted to
present the advantages of PHEVs, as they emit no emissions at low speeds or in urban
traffic [3–5]. In these studies, different modelling methods have been developed to estimate
and optimize the energy consumption and CO2 emissions of PHEVs. However, PHEVs
still emit emissions when traveling at high speeds over long distances.

The Thai Ministry of Energy has decided to increase domestic production of EVs
by 30.0% by 2030 [6]. According to Thailand’s Energy Efficiency Plan 2015 (EEP2015),
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the transportation sector has the greatest potential to reduce energy consumption. By
2036, energy consumption in the transportation sector is expected to be reduced by 40.0%,
and the goal is to have 1.2 million private EVs on the road, predicting a reduced energy
consumption and increased load demand of approximately 1123 ktoe and 2466 MW, respec-
tively [7]. Although EVs can significantly reduce fuel consumption and CO2 emissions in
the transportation sector, since EVs rely on electricity from the grid, a large increase of EVs
can significantly impact the electricity generation capacity to support the increased load
from EV fleet charging. Therefore, effective assessment of load demand from EV charging
has become one of the most important challenges for the transportation sector.

In recent years, several studies have been conducted to address the negative impacts
of EV charging on the distribution grid and assess the capacity of available electricity
generation to meet the increased load, as well as investigating charging strategies which
may ameliorate these impacts. The uncertainty variables of charging behavior were consid-
ered to be a key input for modelling EV charging strategies. To illustrate the compelling
effectiveness of EV charging methods, reference [8] investigated the unpredictability of
charging parameters using a stochastic approach to EV charging demand. A stochastic
approach based on Monte-Carlo simulation (MCS) was used to forecast the EV charging
demand [9–12]. Probabilistic density functions (PDFs) derived from transportation sector
data were used to determine daily distance, start charging time and charging power based
on the random method. Most of the previous studies evaluated the impact of EV charging
based mostly on realistic assumptions about randomness, while ignoring the characteristic
of heterogeneity. Reference [13] developed the modelling of EV charging demand on New
Zealand’s power system distribution network, with a consideration of randomness and
heterogeneity based on transport statistics data. New Zealand’s Ministry of Transport’s
annual vehicle statistics from 2018 were used to extract the PDFs. Non-smart and smart
charging strategies with increasing penetration were investigated, including upper and
lower penetration in 2030 and 2040. A stochastic approach based on MCS was also used to
complete the analysis, but only slow charging modes and some private EVs models were
considered in this simulation.

The impact of EV adoption in the transport sector is important, not only at the system
level for distribution network operators (DNOs) during the grid reinforcement planning
phase, but also at the transmission and generation levels. Reference [14] conducted the
simulation of plug-in electric vehicle (PEV) charging in the Korean power grid based
on a stochastic approach for transmission system planning. The statistical data of ICEV
trips were used to construct an individual PEV charging profile. PEV charging was
found to have significant potential as an additional peak demand on the transmission
system, as charging was concentrated in the evening peak hour. Reference [15] analyzed
the impact of EV charging in 2020 on the operation of the electricity market in Ireland
considering two different charging strategies, peak hour charging, and off-peak charging.
GHG emissions, energy consumption, and load demand were investigated, with a focus
on economic dispatch and the contribution to Ireland’s renewable energy targets. The
results confirmed that an off-peak charging strategy is more beneficial than a peak charging
strategy. Reference [16] investigated the electricity demand forecast for EV charging based
on different penetration scenarios in Thailand in which only passenger car and motorcycles
were studied. The results were compared with the Power Development Plan 2010 revision
3, and the results indicated that the electricity demand was still within the buffer level in
all scenarios. In the research described above, various intensive tests were conducted at
the distribution system level, while the power generation system at the national level was
investigated only with a focus on simplification for the EV charging strategy. Furthermore,
in terms of the impact analysis of EV charging, most studies used the average value of
power demands, which can lead to discrepancies and may not reflect the actual impact.

The lack of consideration of heterogeneity in the EV charging demand modelling
for power generation systems at the national level is a research gap in the above studies
and leads to insufficient efficiency in EV penetration impact assessment. Therefore, this
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paper proposes modelling to analyze the benefits and trade-offs for EV penetration in
Thailand based on the randomness and heterogeneity of charging characteristics. Three
main aspects—the reduction of CO2 emissions, the reduction of energy consumption,
and the increasing of load demand—are evaluated considering two charging strategies,
free charging, and off-peak charging. The uncertainty variables of driving behaviors and
charging parameters used in the EV charging simulation, including daily distance, the
initial state of charge (SOC), initial charging time, and charging power, are determined
using stochastic approaches based on the MCS. The collected transportation data and test-
driving data are used to support the extraction of the PDFs. In order to assess EV charging
demand, EV penetration scenarios from 2019 to 2036 are derived from the target outlined
in Thai government policies, and two scenarios—a probable case and an extreme case—are
considered. The boxplot representation is used to compare the difference between the
impact analysis and the average and maximum values of power demands. The result of EV
charging demand is compared with the power generation capacity outlined in the Power
Development Plan 2018 revision 1 (PDP2018r1), and the energy consumption and CO2
emissions of the transportation sector are also evaluated.

This paper is divided into seven sections, as follows: Section 1 explains the background
and literature review of this paper. Section 2 describes the situation of EVs and the current
status of EV technology in Thai road transport. Section 3 projects the prediction of EV
penetration scenarios for each year. Section 4 presents the system analysis for modelling
EV charging demand. Section 5 presents the description of the stochastic parameters and
describes the calculation of EV charging demand and the calculation of energy demand
and greenhouse gas emissions. Section 6 presents the simulation results and discussions,
and the paper is concluded in Section 7.

2. Electric Vehicle Situation in Thailand

In 2020, according to the Thailand Ministry of Transport’s annual vehicle statistics,
there are over 40 million registered vehicles on the road [17], with 53.0% of them being
personal motorcycles and 26.0% being private cars. As EVs will replace gasoline-powered
vehicles, this study focuses on the five types of vehicles that are registered the most in
Thai road transport: private EVs (E-Cars), taxi EVs (E-Taxis), non-fixed route bus EVs
(E-Buses), personal electric motorcycles (E-MotorPri), and passenger electric motorcycles
(E-MotorPass). According to the cumulative registration numbers for EVs in 2020, there
are over 5000 EVs on the road, of which 37.0% are private EVs and 55.0% are electric
motorcycles. The important specifications of EVs used in this study are based on our
previous study [18], fuel consumption models of EVs were developed using an adaptive
neuro-fuzzy inference system (ANFIS) and the datasets used for modelling were obtained
from surveys and test drives of EVs on Bangkok roads.

E-Cars and E-Taxis can be classified into three main fleets according to battery capacity,
which corresponds to vehicle size. Several EV manufacturers are represented in the fleet
categories. Each brand has different endurance mileage, battery size, and onboard charging
power. For E-Buses, the parameter characteristic data that is referred to in [19] is used. Only
one size of motor power of E-Buses is considered, with a battery capacity of 196 kWh and
capacity to carry approximately 43 passengers. Electric motorcycles are divided into two
types: E-MotorPri and E-MotorPass. These can be categorized into three sizes, including
small, medium, and large. The five main EV types used to model the charging demand for
each EV fleet are shown in Table 1, and the technical parameters used are MCS.
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Table 1. Charging parameters of EV models.

EV Types Vehicle Size Battery
Capacity (kWh)

Onboard Charger
(kW)

Fast Charger
(kW)

E-Cars and
E-Taxis Small 36 3.6 22, 43, 50, 100,

150
E-Cars and

E-Taxis Medium 50 7.2 22, 43, 50, 100,
150

E-Cars and
E-Taxis Large 80 7.2 22, 43, 50, 100,

150

E-Buses - 196 - 22, 43, 50, 100,
150

E-MotorPri and
E-MotorPass Small 0.8 (48 V, 15 Ah) 0.44 (220 Vac, 2 A) -

E-MotorPri and
E-MotorPass Medium 1.2 (60 V, 20 Ah) 0.44 (220 Vac, 2 A) -

E-MotorPri and
E-MotorPass Large 1.9 (48 V, 40 Ah) 0.44 (220 Vac, 2 A) -

3. Electric Vehicle Penetration Scenarios

Projections of the cumulative number of EVs in Thai road transportation are estimated
from information already examined in a previous study [16] which projected the number of
EVs up to the year 2030. In this study, multiple linear regression analysis is used to assess
the number of EVs over the period of 2031 to 2036 in addition to the original study. The
results of this study are simulated and based on the probable and extreme scenarios, as
the business-as-usual (BAU) scenario has a very low number of vehicles compared to the
other two scenarios. Therefore, it is not necessary to consider the BAU scenario. The EV
penetration scenarios of five vehicle types are shown in Figure 1. The assumptions used to
predict the number of EVs in each scenario are as follows.

1. Probable scenario: A situation in which the expansion of EVs is on a feasible basis
in Thailand.

• The expansion of electric motorcycles is 35.0% of the sales share of the total mo-
torcycle market in 2030. This represents half of the target for electric motorcycles
from the 20-Year Thailand’s Energy Efficiency Plan.

• The expansion in the E-Car is accounted for 34.0% of new EV sales in the passen-
ger car market. This is a result of delayed expansion by 5 years from the blue
map in the Technology Roadmap: Electric and Plug-in Hybrid Electric Vehicles
of the International Energy Agency (IEA).

• In order to see preliminary results, the study expects the number of E-Buses to
grow by 200 every year.

2. Extreme scenario: A situation in which the expansion of EVs has reached or exceeded
expectations.

• The expansion of electric motorcycles is 70.0% of the sales share of the total
motorcycle market in 2030, the target for electric motorcycles from the 20-Year
Thailand’s Energy Efficiency Plan.

• The expansion of EVs in the passenger car segment accounts for 50.0% of new
EVs in the passenger car market. This is the result of the target to expand,
according to the blue map case of the IEA.

• E-Buses are considered to be a probable scenario.
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4. System Analysis

EV charging has a direct negative impact on power generation, transmission, and dis-
tribution systems. In addition, the proliferation of EVs also has implications for Thailand’s
energy development plan. Therefore, Thailand’s Power Development Plan 2018 Revision 1
(PDP2018r1) is considered. By the end of 2037, PDP2018r1 has projected that the power
generation capacity of all three power utilities will increase by 77,211 MW, consisting of
46,090 MW of the current power generation capacity at the end of 2017 and 56,431 MW
of the total capacity of new power plants, and 25,310 MW of the old power plants that
will be phased out during this period [20]. The peak installed capacity projected for the
end of 2037 is 53,997 MW. According to the EV penetration scenarios and the PDP2018r1,
and in order to make the simulation consistent with the two data sources, a simulation is
performed between 2019 and 2036, and the peak demand and energy demand forecast in
the PDP2018r1 can be seen in Table 2.
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Table 2. Peak demand and energy requirement forecasting in PDP2018.

Year
PDP2018

Peak Demand
(MW)

Energy Requirement
(GWh)

Power Capacity
(MW)

2022 35,213 236,488 54,431
2027 41,079 277,302 56,863
2032 47,303 320,761 67,194
2036 52,609 357,720 76,435

To analyze the impact of EV charging demand, the daily load profile is created using
the 2019 load profile on the day that the peak demand occurred. The daily load profile in
2036 is generated based on the peak demand that occurred at 14:27 on Friday, 5 May 2019,
and the forecast daily load profile in 2036 is shown in Figure 2.
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Figure 2. The daily load profile in 2019 and 2036.

In order to analyze the impact of EV charging on power generation systems, the
generation reserve is considered to be the spinning reserve. The spinning reserve is the
reserve power from the running power plant which can be ordered to increase the power
supply when required by the system. The spinning reserve must be equivalent to 800–
1600 MW by default, or at least more than the largest power plant capacity for backup in
case of the loss of a large generator in the system [21]. In this research, the spinning reserve
is assumed to be 1600 MW, as represented by the red line in Figure 2.

5. Analysis of Electric Vehicle Charging Demands

In modelling the EV charging demand based on Thai road transport statistics, a multi-
variate probabilistic approach is introduced to describe both randomness and heterogeneity.
In modelling the 24-h EV charging profile, the following uncertainty factors of the indi-
vidual EV are considered: (i) the daily travel distance, (ii) the driving behavior/initial
state of charge, (iii) the charging power/charging location, and (iv) the start charging
time/charging strategy. These uncertainties are calculated separately for each EV using a
random method based on PDFs. The PDF used for determining the uncertainty variables
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in this study is divided into two equations: normal or logarithmic distribution type. It can
be expressed by Equations (1) and (2).

f (xi,j) =
1

σxi,j

√
2π

exp

−
(

xi,j − µxi,j

)2

2σ2
xi,j

, xi,j > 0 (1)

or f (xi,j) =
1

xi,jσxi,j

√
2π

exp

−
(

ln xi,j − µxi,j

)2

2σ2
xi,j

, xi,j > 0 (2)

where i =
{

1, 2, 3, . . . Nj
}

represents ith EV in the specific EV fleet, j = {1, 2, 3, 4, 5} is the
determined EV fleet type; 1 represents E-Cars, 2 is E-Taxis, 3 is E-Buses, 4 is E-MotorPri,
and 5 is E-MotorPass. xi,j is the uncertainty variables of interest, namely, daily travel
distance, driving behavior inputs used in ANFIS model and start charging time. The
mean and standard deviation values of the uncertainty variable of interest are µxi,j and σxi,j

are, respectively.

5.1. Daily Travel Distance

The daily travel distance on weekdays and weekends is considered to be the same
in the simulation of EV charging demand. Due to the lack of statistics on the mileage of
EVs, this paper assumes that EVs and conventional ICEVs have a similar daily mileage.
The probability distributions of the daily travel distances of the EV fleet types based on the
summary of the collected traffic data are shown in Figure 3.
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The means and standard deviations of daily travel distances for E-Cars are given as
50.844 km and 16.724 km, respectively. In the case of the E-Taxis, the means and standard
deviations of daily travel distances are 303.770 km and 45.405 km, respectively. The daily
travel distances of E-Buses are relatively consistent due to their relatively regular daily
routes. The probability distribution for mean and standard deviation are 65.729 km and
21.359 km, respectively. For E-MotorPri, the mean travel distance is 21.859 km, and the
standard deviation is 14.422 km. The mean and standard deviation of daily travel distance
for E-MotorPass is 122.851 km and 28.150 km, respectively.

The PDF types of EV daily travel distances di,j are normal or logarithmic with a
positive value of the travel distance. This can be calculated by Equations (1) and (2)
replacing xi,j with di,j.
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5.2. Driving Behaviors/Initial State of Charge

In this paper, in order to calculate the initial SOC of individual EVs arriving at home
or the charging station, the driving behavior factors that affect fuel consumption are con-
sidered. These factors are randomly determined using the MCS and based on probability
distributions of the transportation data and fed into the ANFIS model established in [18]
in order to calculate the kWh/km fuel consumption of each EV. According to the fuel
consumption model, three factors are identified for E-Cars that affect fuel consumption:
vehicle size, driving speed, and the number of passengers. The probability distributions of
these factors are considered based on the traffic surveyed data and tested-driving data, as
shown in Figure 4.
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In Figure 4a, mean and standard deviation values of the vehicle size are 1.497 and
0.656, respectively. The mean and standard deviation values of 3.358 and 0.686 can be
used to categorize the driving speed into five levels as shown in Figure 4b. The number of
passengers shown in Figure 4c is also categorized into five levels, with 1.976 and 1.003 as
the mean and standard deviation, respectively. The PDFs of both vehicle size and number
of passengers are lognormally distributed, while the PDF of travel speed is normally
distributed. The mean values and standard deviations for various EV types are shown in
Table 3.

Table 3. Characteristic of PDFs for fuel consumption evaluation.

EV Types Input1 (I1)
(Vehicle Size)

Input2 (I2)
(Driving Speed)

Input3 (I2)
(No. Passenger)

E-Cars L (1.497, 0.656) N (3.358, 0.686) L (1.976, 1.003)
E-Taxis L (1.759, 0.836) N (3.132, 0.461) N (2.671, 1.070)
E-Buses - N (3.002, 1.047) N (3.481, 0.786)

E-MotorPri N (2.107, 0.656) L (3.960, 1.120) L (1.621, 0.684)
E-MotorPass L (1.818, 0.428) N (3.611, 1.019) L (2.107, 0.310)

N(µ, σ): normal PDF. L(µ, σ): logarithmic PDF.

According to three inputs of E-Cars: assuming the three coefficients for three inputs
are αi, βi, δi, and the constant is εi, the output of ith rule will be as follows:

If vehicle type is I1, driving speed is I2, and number of passengers is I3, then

Oi = αi × I1 + βi × I2 + δi × I3 + εi (3)

where I1, I2, I3 are the linguistic labels of membership and functions for each input variable
and Oi is the output in the ith rule.

Three inputs of the ANFIS model are randomly determined using the above PDFs,
and then the fuel consumption of each EV (FCEVi,j) is estimated, as seen in Figure 5.
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The PDF type of inputs of the ANFIS model Ii,j,n are normal or logarithmic with a
positive value assigned in Table 3. This can be calculated by Equations (1) and (2), replacing
xi,j with Ii,j,n.

Fuel consumption FCEVi,j evaluated by ANFIS model of different EV models using
MATLAB programming with fuzzy toolbox, is used to calculate the initial SOC. The initial
SOC of EV represents in SOCi,j can be estimated by Equation (4).

SOCi,j = 1−
d

i,j
× FCEVi,j

Capi,j × η
y
1

(4)

where di,j is daily travel distance of ith EV in jth fleet type calculated by using Equation (1)
or Equation (2), Capi,j is the battery capacity, represented in terms of vehicle size (kWh).
Several studies have been conducted on the efficiency of EV powertrains, including the
depletion of battery power during driving cycles and the battery life cycles [22,23]. In this
simulation, the loss of battery power during EV operation was considered by η

y
1 as 0.95.

For the lifetime of a battery, the battery efficiency depends on the ambient temperature
and the state of charge, which decreases by about 20.0% over the total mileage of about
225,000 km or 900 charging cycles for the lithium-ion battery type [24]. Therefore, in the
annual evaluation of the battery SOC in this study, it was assumed that the efficiency of the
battery decreases by one percent per year.

5.3. Charging Power

Most EVs use conductive coupling to provide power for charging. There are mode 1,
mode 2, mode 3 and mode 4 for conductive charging of e-vehicles [25]. In this paper, only
the following two technologies are discussed:

1. Slow charging: This is generally an AC system with low power. The recharging
time is about 4–12 h [26]. Currently, slow charging technology is limited by onboard
charging, which is designed by each vehicle manufacturer. The onboard charging
power rating is provided in Table 1. Slow charging is generally occurred in modes 1
and 2.

2. Fast charging: For mode 3 and mode 4, fast charging refers to a high-current AC
system and a high-current DC system with a high-power output. It is a 20-min to 2-h
charging service provided by a large current in an EV. Fast charging and charging
stations currently on the market include power ratings from 22 kW to 43 kW for mode
3 and 50 kW, 100 kW and 150 kW for mode 4. The maximum power limit for EV fast
charging is not considered in this simulation.

Generally, most EVs are charged overnight at a slow charging station when they arrive
home after the last trip of the day. On the other hand, EV drivers choose fast charging
when they charge at public location during the day. EVs that are charging at home are
expected to utilize modes 1 and 2 to charge their batteries using onboard charging power.
EVs charging at public charging stations, on the other hand, employ modes 3 and 4 for fast
charging. The charging power used in this simulation can be seen in Table 1.
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EV charging profiles may differ, depending on a number of factors, including battery
type, charging location, and power distribution limitation. In this study, the batteries in
EVs are assumed to be lithium-ion batteries, and the charging process follows a standard
charging curve with two periods: a constant power period I and a descending power
period II [27]. The primary objective is to investigate the increasing load demand for EV
battery charging. For simplicity, a generalized model of EV charging profiles based on real
data is adopted by linearizing the charging profile piecewise [28–30]; the charging profile
is shown in Figure 6.
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As shown in Figure 6, the charger operates at the rated current while the battery SOC
is low, allowing a significant percentage of the battery charge to be recovered within the
first few hours of charging. This continues until the battery voltage reaches its maximum
limit, whereupon the charger maintains a constant voltage and reduces the current. In this
model, period I is assumed to take 50.0% of the time to fully charge, while period II lasts
for the remaining time duration, and it is assumed that the SOC of EV at the end of period
I is 0.8. The mathematical expression for the charging power PChg at time t is Equation (5):

PChgi,j
(t) =

{
Pmax ; tsti,j ≤ t ≤ t1

Pmax
(t2−t)
(t2−t1)

; t1 ≤ t ≤ t2
(5)

where t1 and t2 are time instants that define the magnitude differences in charging power
at time t. The charging power depends on the charging station of the EV. In this study, the
charging power is randomly determined, based on the charging location.

5.4. Charging Strategy

The uncertainties of starting and recharging time are expressed in the charging be-
havior of EVs mainly by random method based on the statistical probability of driving
behavior from multiple reviews. About 80.0% of the E-Cars were parked at private houses
overnight [31]. The assumptions in this simulation are that 80.0% of the private EVs are
plugged in during non-working hours (18:00–07:00), while the remaining 20.0% are charged
during working hours (09:00–17:00). The start charging time for non-working hours is
randomly determined using a normal distribution function with a mean of 18.5 and a
deviation of 1, while a normal distribution function with a mean of 9 and a deviation of 0.9
is also used for working hours. Commercial EVs (E-Taxis) is typically operated in three
shifts per day: 00:00–09:00, 09:00–16:00 and 16:00–24:00 reference in [32]. Since E-Taxis
often have a high daily mileage, it is reasonable to predict that commercial E-Taxis will
be charged in the fast charging mode, since the shorter charging time equates to more
profitable hours of operation. E-Buses have well-defined schedules and routes as they are
used to transport passengers in any organization, mostly in the morning before work hours
and in the evening after work hours. They are usually charged with the fast charging mode
during non-operating hours, and they are ready to be used again the next morning [33].
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Due to a lack of data on the charging behavior of electric motorcycles, the charging be-
havior is assumed, based on the data collected in our previous study. For E-MotorPri, the
daily mileage is quite low, and charging is usually done overnight at private residences.
For E-MotorPass, it is assumed that daily driving patterns are organized into three-time
shifts: 06:00–12:00, 12:00–18:00, and 18:00–24:00. In order not to lose the opportunity to
provide services, it is assumed that each E-MotorPass contains a spare battery for battery
replacement or battery swapping, with the other battery being charged while the driver
is on the road. The start charging time tsti,j can be determined based on the PDF with a
normal distribution type, which can be expressed by Equation (1) replacing xi,j with tsti,j .
The corresponding mean values and standard deviations for the start charging time are
defined in Table 4.

Table 4. Electric vehicle charging parameters for Monte-Carlo simulation.

EV Types Charging Period Charging Mode Probability Initial Daily Distance Plug-In Time

E-Cars
09:00–17:00 Slow 10%

N (50.844, 16.724)
N (9, 0.9)

09:00–17:00 Fast 10% N (9, 0.9)
18:00–07:00 Slow 80% N (18.5, 1)

E-Taxis
00:00–09:00 Fast 90%

L (303.770, 45.405)
N (4, 2.5)

09:00–16:00 Fast 60% N (12, 2.5)
16:00–24:00 Fast 50% N (18, 1.5)

E-Buses 20:00–07:00 Fast 100% N (65.729, 21.359) N (20, 0.5)

E-MotorPri
18:00–07:00 Slow 80% L (21.859, 14.422)

N (18.5, 1)
09:00–17:00 Slow 20% N (9, 1)

E-MotorPass
06:00–12:00 Slow 90%

N (122.851, 28.150)
N (9, 1.5)

12:00–18:00 Slow 60% N (15, 1.5)
18:00–24.00 Slow 50% N (21, 1.5)

N(µ, σ): normal PDF. L(µ, σ): logarithmic PDF.

5.4.1. Free-Charging Strategy

It is assumed that EV owners in this situation have no incentive to avoid peak charging.
In this “worst case” situation, heavy simultaneous charging of EVs is simulated. Half of all
EVs are charged almost at the same time while the remaining are charged normally. The
total charging power at time t can be calculated using the EV charging parameters given in
Table 4 and the start charging time can be determined in Equation (1).

5.4.2. Off-Peak Charging Strategy

In this charging strategy, a time-of-use (TOU) electricity tariff structure is adopted to
represent the availability of new schemes to promote EV owners to charge their cars during
off-peak hours and the possibility that additional schemes will be introduced. In this study,
the peak load period is defined as 09:00 to 22:00, and the off-peak period is defined as 22:00
to 09:00.

E-Cars, E-Buses, and E-MotorPri have higher charging flexibility at night, according
to empirical estimates. On the other hand, E-Taxis and E-MotorPasses need to be fully
charged in the shortest possible time frame to prepare for the next driving activity and
need to be charged at public charging stations. As such, they are not included in charging
strategies. A uniform discrete distribution for off-peak charging of EV is used to account
for the effect of the TOU electricity tariff on the battery charging start time. The charging
situation is understood to be that half of all EVs are charged at almost the same time, while
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the rest are charged normally. The distribution of the start charging time for EVs charged
overnight can be expressed by Equation (6).

f (tsti,j) =


0.8 t ≥ 22
0.2 t ≥ 18
0 t = any other times

(1 ≤ t ≤ 24) (6)

The TOU electricity tariff structure is assumed to influence the driver’s charging
incentive during off-peak hours in this study but is not 100% effective in motivating
changes to charging behavior in reality. In this simulation is assumed that 80.0% of vehicles
are charged during off-peak hours, while the remaining vehicles are charged after 18:00.
The total charging power at time t can be calculated using the EV charging parameters for
probabilistic modelling given in Table 4 and Equation (6), incorporating the start charging
time that is given in Equation (1).

5.5. Electric Vehicle Charging Demand Calculation

In order to calculate the impact of EV penetration, three main aspects are examined,
consisting of the reduction of energy consumption, the reduction of GHGs, and the increase
in load demands. These figures are calculated based on Energy Development Plan 2019–
2036 and need to be reviewed annually.

When the charging uncertainties are completely determined, these parameters are
used to calculate the EV charging demand, energy requirement and GHG emissions. The
charging duration tdi,j

is related to the SOC, battery capacity Capi,j and charging power
PChgi,j

, and charging efficiency η2 is 0.95 in all cases, which is double the duration of the
first period t1. The charging time duration of period I can be expressed using Equation (7):

t1 =
(0.8− SOCi,j)× Capi,j

Pchgi,j
(t)× η2

(7)

The discharge time of EV can be calculated in Equation (8):

tei,j = tsti,j + tdi,j
(8)

The EV charging demand of ith EV in jth fleet type is described in Equation (9):

PEVi,j(t) =

{
PChgi,j

(t) ; tsti,j ≤ t ≤ tei,j

0 ; other
(9)

The aggregated charging demand in year yth of the total EVs Nj at different times t
should be expressed in Equation (10):

Py
EV(t) =

5

∑
j=1

Nj

∑
i=1

PEVi,j(t) (10)

5.6. Energy Consumption and Greenhouse Gases Emissions Calculation

The energy consumption of ICEVs in year yth is investigated in order to calculate the
energy reduction of replacement ICEVs by EVs, which can be expressed by Equation (11):

Ey
ICEV =

5

∑
j=1

Ny
j

∑
i=1

365

∑
k=1

di,j × FC
ICEVi,j

(11)

where di,j is daily travel distance of ith EV in jth fleet type, and FCICEVi,j is fuel consumption
per distance of ith ICEVs in jth fleet type.
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The daily energy requirement when charged EV of ith EV in jth fleet type can be
calculated in Equation (12):

EEVi,j =
(1− SOCi,j)× Capi,j

η
y
1

(12)

The total energy requirement of EV charging demand in year yth should be expressed
in Equation (13):

Ey
EV =

5

∑
j=1

Nj

∑
i=1

365

∑
k=1

EEVi,j (13)

The energy reduction in year yth should be expressed in Equation (14):

Ey
R = Ey

ICEV − Ey
EV (14)

The annual GHG emissions in year yth released from ICEVs in transport sector can be
expressed in Equation (15):

GHGy
ICEV = Ey

ICEV × GHG f ICEV (15)

where GHG f ICEV is the factor of CO2 emissions emitted from ICEVs tailpipe in transport
sector based on 2019 Thailand energy consumption statistics report, which is specified as
instant value by 1.86 ktCO2/ktoe.

Equation (16) can be used to estimate annual GHG emissions in year yth for electricity
generation to provide EV charging:

GHGy
EV = Ey

EV × GHG fEV (16)

where GHG fEV is the factor of CO2 emissions released from electricity generation process
based on 2019 Thailand energy consumption statistics report, which is specified as instant
value by 0.486 kg CO2/kWh.

Therefore, the reduction of GHG emissions in the transport sector in year yth can be
expressed in Equation (17):

GHGy
R = GHGy

ICEV − GHGy
EV (17)

5.7. Analysis Frameworks of Benefits and Trade-Offs for EV Charging

In the MCS, the daily travel distance, fuel consumption, initial SOC, start charging time,
and charging power are a set of independent stochastic variables for each EV, produced
using the preceding section’s modeling parameters. The MCS process is presented in
Figure 7. The EV charging demand based on MCS can be described in the following steps:

1. Initiate number of EVs: The EV penetration in each year yth is assigned.
2. Based on the PDFs of stochastic variables, daily travel distance di,j of ith EV in jth

fleet type is generated by Equation (1) or (2) for normal or logarithmic distribution
type, respectively.

3. In order to evaluate the fuel consumption of individual EVs, inputs of ANFIS model
are generated as shown in Figure 5. (The number of inputs depends on the vehicle
type, which is shown in Table 2).

4. The initial state of charge can be estimated by Equation (4).
5. Charging power is randomly determined based on the charging location, as expressed

in Equation (5).
6. Start charging time is generated based on the PDF of each EV type, which can be

expressed in Equation (1). In this step, charging strategies are considered.
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7. The aggregated EV charging demand, energy requirement and GHG emissions can be
calculated by Equations (7)–(17). Loop counts continue until the total EV calculation
is completed, representing the total number of EVs.

8. The simulation runs from 2019 to 2036 and has 100 iterations per year.
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6. Results and Discussion
6.1. Electric Vehicle Charging Demand

The daily charging demand of each EV was calculated based on the daily travel
distance, relative to the SOC. To simplify the calculation, one day is treated as a period,
and one day is divided into 1440 periods. When the EVs were connected to the grid,
the charging power of each minute was recorded and added together to find the overall
charging power of all the EVs. Thus, the metric data of the total EV charging demand for a
year is obtained by 365 rows and 1440 columns; however, the results were presented in
24 h a day for easy understanding. To ensure the accuracy and stability of the model, the
simulation of EV charging demand was performed in 100 iterations.

In the EV charging simulation, daily charging was not taken into account because
some EVs have very low mileage or were not used at all during the day, making daily
charging unnecessary. The charging event of an EV was determined by the SOC, which
was calculated based on the cumulative daily mileage. The charging event was determined
by taking into account the user’s charging decisions, which were randomly determined
following a uniform distribution between the SOC value of 0.2 and 0.5. The EV was
connected to the grid if the calculated SOC value was less than the SOC value selected
by the random method. In contrast, some EVs are not charged because the daily distance
driven is extremely low, so the cumulative mileage is combined with the next day’s mileage.
Where the daily mileage was very high and the calculated battery SOC showed negative
values, charging was determined to have occurred more than once per day.
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To explain the EV charging simulation, an extreme EV penetration scenario with
a free charging strategy for the E-Cars fleet type was examined, as shown in Figure 8.
Figure 8a shows the daily charging profile of the entire E-Cars fleet in 2036, where the
highest charging power is 150 kW from the fast-charging station. From the figure, one
line graph represents the daily charging demand of each EV (1.35 million EVs). However,
Figure 8a shows less than 1.35 million EVs because some EVs do not need to be charged
every day. Figure 8b shows the single snapshot of an aggregated daily load profile of
the E-Cars fleet in 2036. In this snapshot, the peak occurred in the early evening and is
about 1915 MW. According to the charging demand in the first iteration, Figure 8c shows
one of a hundred potential iterations of the EV fleet charging demand calculation in 2036.
Figure 8c includes 365-line graphs, where one line graph represents the aggregate daily
load profile of the E-Car fleet. The level of daily load demand was varied depending
on the daily mileage, fuel consumption, SOC before charging, and charging power, as
shown in the figure. Figure 8d depicts the mean and maximum charging profile of the
EV charging simulation after one hundred iterations. The figure includes the mean and
maximum values of each 100 lines (one line represents one iteration of the simulation), each
representing the average or maximum daily load demand for 365 days. From the daily
mean and maximum of charging profile, it can be seen that the variance of the simulated
demand is relatively high and, when used to assess the impact of EV charging, the results
may be inaccurate. Therefore, the boxplot of the simulated EV charging load profile with
two charging strategies and EV penetration scenarios were analyzed.
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a significant increase in charging demand will significantly impact on peak electricity de-
mand. To avoid impact on the local distribution network and installed generation capacity 

Figure 8. Charging demand for extreme EV penetration scenario under free charging strategy for
E-Cars: (a) Daily charging profile of the entire E-Cars fleet; (b) 365 daily load profiles; (c) Snapshot a
daily charging demand; (d) Daily mean and daily maximum of charging profile.

The simulated results of the EV charging profile of five vehicle fleet types for two
different charging strategies in 2036 are shown in Figure 9. The results of EV charging
demand for the worst-case scenario (the free charging strategy), in which the probable
EV penetration scenario is considered, is shown in Figure 9a. It can be clearly seen in the
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figure that the peak demand was caused to the greatest extent by E-MotorPri, followed
by E-Cars. The peak demand from the battery charge occurs in the early evening, due to
the fact that most people recharge immediately when they arrive at a private residence.
Such a significant increase in charging demand will significantly impact on peak electricity
demand. To avoid impact on the local distribution network and installed generation
capacity due to EV charging demands, the off-peak charging strategy based on the TOU
electricity tariff structure is another option that may motivate EV users to change their
charging behavior. The EV charging demand for the off-peak charging strategy, in which
the probable EV penetration scenario is considered, is shown in Figure 9b. It can be seen
that the peak demand has changed compared to the free charging strategy that occurred
before midnight, and E-MotorPri is still the type of vehicle that presents the highest demand.
Figure 9c,d show the EV charging in the extreme EV penetration scenario under the free
charging and the off-peak charging strategy, respectively.
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Figure 10 shows the boxplot of EV charging demand in 2036 for two charging strate-
gies, considering two EV penetration scenarios. Because the results of the EV charging
demand were represented in the daily load profile point of view, while the simulation of EV
charging demand was conducted for a year, the simulation was performed in 100 iterations.
Therefore, the boxplot is an adequate tool for presenting the simulation results because
the boxplot represents the overall simulation results, including the mean, minimum, and
maximum values. In addition, the boxplot also shows the variance of EV charging demand
at any point, and the outlier of the data was also displayed as a symbol over and under the
maximum and minimum values, respectively. Figure 10a shows the boxplot of EV charging
demand for the probable scenario of EV penetration under the free charging strategy. Peak
demand in this situation was approximately 3500 MW and occurred around 20:00. On the
other hand, with the same EV penetration level, peak demand dropped to nearly 3000 MW
before midnight under the off-peak charging strategy, as shown in Figure 10b. According
to the extreme scenario of EV penetration under the free charging strategy, as shown in
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Figure 10c, the peak demand happened at 20:00, as in the probable scenario, but the peak
demand was almost double that, at about 6000 MW. In the case of the off-peak charging
strategy, peak demand—compared with the free charging strategy—decreased by about
16.0%, which occurred near to midnight, as shown in Figure 10d.
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The daily load profile in 2036 was generated based on the daily load profile from 2019,
as shown in Figure 11. From the figure, the blue area represents a daily load profile in 2036
with the EV charging demand box plotted and the blue line represents the spinning reserve.
In addition, the charging demand as shown in the boxplot also shows the outlier value.
Figure 11a shows the daily load profile with EV charging demand for the probable scenario
of EV penetration under the free charging strategy. It is found that the increased demand
exceeded the calculated spinning reserve at 18:00 and the system peak demand has been
changed to 20:00. According to all of the experiment points, it was found that the peak
demand occurs during working hours at 14:30, due to the fast-charging station. However,
the boxplot can point out that the peak demand is an outlier value that occurs only a few
times across all experiment points. Therefore, it is not necessary to consider such values.
In the case of the off-peak charging strategy, as shown in Figure 11b, this strategy could
reduce the peak demand during peak hours, as compared to the free charging strategy, but
this leads to a new peak which occurs around 23:00, and the charging demand could cause
the system peak to exceed the spinning reserve. Figure 11c shows the daily load profile
in 2036 with the EV charging demand for the extreme scenario of EV penetration under
the free charging strategy. The boxplot shows that the maximum values of EV charging
demand increased the system load to close to the spinning reserve at 08:30 and the load
demand began to exceed the spinning reserve from 17:00 to 22:00. After this, the load
demand returned to a normal state. As a result of this situation, the system’s peak demand
occurred at 20:00, and the peak value was about 55,000 MW. The additional EV charging
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demand for the extreme scenario of EV penetration under the off-peak charging strategy
can be seen in Figure 11d. In this charging strategy, EV charging demand has led to a new
peak in the system load, with the peak occurring in the hours before midnight; at around
23:00. In fact, the additional demand can increase the load factor by filling some areas of
the valley during off-peak hours. However, under the off-peak scenario, between 20:00
and 02:00, the system load has significantly increased.
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The statistical analysis for 2036, represented in the boxplot shown in Figure 12, demon-
strates the effectiveness levels of two charging strategies. In the case of the probable
scenario of EV penetration, the off-peak charging strategy achieves a better performance
than the free charging strategy for reducing the peak demand during peak hours. In
the case of the extreme scenario of EV penetration, the off-peak charging strategy cannot
reduce the system peak load because this charging strategy creates a new peak before
midnight. However, it can reduce the peak load during working hours and increase the
load factor during off-peak hours. In addition, the off-peak charging strategy has a power
variance range between 38,950 MW and 55,900 MW. In 2036, according to a peak demand
of baseload, peak demand that results from EV charging demand for the probable and
extreme scenarios of EV penetration under free charging strategy was increased by approx-
imately 4.1% and 7.2%, respectively. For the off-peak charging strategy, the increase in peak
demand for the probable and extreme scenarios of EV penetration was about 3.7% and
7.5%, respectively.
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From the above-simulated results, the increased load from EV charging demand in all
situations remained inside the safety margin, compared to the installed generation capacity
in PDP2018r1. Nevertheless, it can be clearly seen that the increased load demand due
to all EV charging strategies has a direct impact on the power generation system as the
spinning reserve cannot respond to the additional load. This impact can also cause concern
for the distribution system operators, and it can reduce system reliability. EVs, on the other
hand, might present a potential advantage to the power system by offering vehicle-to-grid
(V2G) services when parked and not being driven, giving grid operators more flexibility in
terms of the EV charging schedule. Among these functions, V2G can serve as an energy
storage device that may be charged during off-peak hours and discharged during peak
hours, as well as providing auxiliary services such as spinning reserves [34].

Through the introduction of a TOU electricity tariff structure, the off-peak charging
strategy that incentivizes changes in charging behavior, peak demand during peak hours
can be effectively reduced and the valley can be filled during low system loads. However,
the off-peak charging strategy can cause a new peak load demand, which may affect the
startup and shutdown process of each generation unit. Therefore, it is necessary to consider
the implementation pathways for supporting new peak loads. Both the Unit Commitment
and Economic Dispatch have been investigated in order to respond appropriately and
efficiently to simultaneous charging.

6.2. Energy Consumption and Greenhouse Gases Emissions

In order to present the benefits of EV technology, the comparison of energy consump-
tion between conventional vehicles and EVs was investigated, and the energy consumption
was presented in terajoules (TJ), as shown in Figure 13. The energy consumption was
related to the charging behavior, and the energy of the two charging strategies was the
same. The calculated results of energy consumption based on the EV penetration scenarios
for the probable and extreme cases are shown in Figure 13a,b, respectively. The green bars
at the top area indicate the energy consumption obtained from EV charging, whereas the
blue bars at the bottom area indicate the energy consumption of ICEVs. The reduction of
energy consumption by the replacement of ICEVs with EVs is represented in the red line.
In the case of probable EV penetration, by 2036, energy consumption could be reduced by
approximately 156,000 TJ. Whereas the extreme case of EV penetration could be reduced
energy consumption by nearly 260,000 TJ.
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In 2036, the energy demand for EV charging was about 7000 GWh and 12,500 GWh
for the probable and extreme EV penetration scenarios, respectively, which was about 2.0%
and 3.5% compared to the energy demand forecasted for 2036 in the PDP2018r1. According
to Thailand’s Energy Efficiency Plan 2015 (EEP2015), the transportation sector’s target for
improve energy efficiency by reducing energy consumption is expected to be 30,213 ktoe
(equivalent to approximately 1,265,000 TJ) by 2036, of which 1123 ktoe, or approximately
47,000 TJ, is accounted for by EV technology, and assuming that there are only 1.2 million
passenger cars. In comparison, the reduction of energy consumption for probable and
extreme EV penetration scenarios was about 12.7% and 21.7%, respectively, compared to
the transport energy efficiency target.

One of the most important reasons to replace ICEVs with EVs is to reduce greenhouse
gas emissions. With the exception of electricity from alternative energy sources, such
as hydro, solar, nuclear, biomass, and wind, EVs do not produce tailpipe pollutants;
nevertheless, power plants that generate electricity to fuel EVs still release GHGs [35]. In
this study, a simplification of the environmental impact assessment is used to provide
an overview of transport emissions. Therefore, carbon dioxide equivalent (CO2eq) was
presented as the global warming potential (GWP) of various greenhouse gases emissions.
The CO2eq value used in this simulation is 0.486 kgCO2 per kWh of electricity generated
by power plants, which was referred in Section 5.6. The calculated results of CO2 emissions
are shown in Figure 14. The overall CO2 emissions for the probable and extreme scenarios
of EV penetration can be seen in Figure 14a,b, respectively. From the figures, by 2036, CO2
emissions from electricity generation in both scenarios accounted for nearly a half of the
reduced emissions achieved by replacing conventional vehicles with EVs. The reduction
of CO2 emissions in the transport sector for the probable and extreme EV penetration
scenarios was approximately 4800 ktCO2 and 8370 ktCO2, respectively.

According to the department of land transport’s annual report, the amount of pollution
recorded in 2018 was 67,900 ktCO2 [36]. In comparison, the reduction in CO2 emissions
by 2036 for both the probable and extreme EV penetration scenarios was about 7.0% and
12.0%, respectively, compared with the CO2 emissions of the transport sector in 2018.
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7. Conclusions

In this paper, stochastic modelling based on Monte-Carlo simulation is presented in
order to analyze the benefits and trade-offs for EV penetration in Thai road transport. Sev-
eral uncertainty factors that may affect EV charging profiles are considered. The proposed
model focuses on the randomness and heterogeneous characteristics of driving behavior
and EV charging parameters in order to represent the variance and unpredictability of EV
charging demand under two charging strategies: a free charging and an off-peak charg-
ing strategy. Furthermore, the evaluation of the daily load profiles at the national level
with EV charging demand indicates the adequacy of the installed generation capacity in
Thailand, based on EV penetration scenarios. In terms of a perspective that takes into
account the benefits of EV adoption, the reduction of energy consumption and greenhouse
gases emission is introduced; whereas the increase of EV charging demand is presented
as a trade-off perspective. The adoption of EV technology in Thai road transport can
reduce both energy consumption and greenhouse gas emissions. However, the amount
of pollutants emitted by the generation of electricity to supply EVs charging is equivalent
to nearly half the amount of tailpipe pollutants produced by conventional vehicles. Fur-
thermore, such problems can be solved with the use of alternative energy sources, such as
nuclear power, biomass, water, solar, and wind. According to EV charging demand, heavy
simultaneous charging of EVs for the residential sector under the free charging strategy
has led to peaks in the early evening, when most EV users have arrived at their private
residence and immediately connect their EVs to the grid. The off-peak charging strategy,
based on the TOU electricity tariff structure, can effectively reduce the system peak load
and can also increase the system load factor. The increased load from EV charging demand
in all scenarios remains inside the safety margin compared to the installed generation
capacity in PDP2018r1. Nevertheless, the increased load demand due to all EV charging
strategies has a direct impact on the power generation system, because the spinning reserve
cannot respond to the additional load and the off-peak charging strategy causes a new load
peak in the system before midnight.

The proposed model is more flexible than the previously developed model mentioned
in the introduction section, which demonstrates that the different charging behavior of
EV users affects the variance of charging demand. According to the simulation results
represented in the block diagram, it can be seen that the power demand at certain times
is greater than the system’s spinning reserve. If we only consider the average value of
the variance of the charging demand, it may be inaccurate in predicting the potential load
of EV charging. The developed model can effectively support the cross-sector analysis
(transportation and utility sectors) to manage the unpredictable loads of EV charging
because the model is based on data about the driving behavior of real users and the
configuration of uncertainty variables is widely covered by the modern data. However, the
disadvantage of this model is that it requires a longer computational time. A future study
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will investigate how EV charging demand varies between weekdays and the weekend,
as well as investigating a smart charging strategy intended to optimize the peak shaving
and valley filling of the system load demand. Moreover, both the Unit Commitment and
Economic Dispatch have been investigated according to the Power Development Plan for
Thailand in order to respond appropriately and efficiently to simultaneous charging.
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