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Abstract: The number of plug-in electric vehicles (PEVs) has rapidly increased owing to
the government’s active promotion policy worldwide. Consequently, in the near future, their charging
demand is expected to grow enough for consideration in the planning process of the transmission
system. This study proposes a stochastic method for modeling the PEV charging demand, of which
the time and amount are uncertain. In the proposed method, the distribution of PEVs is estimated by
the substations based on the number of electricity customers, PEV expansion target, and statistics
of existing vehicles. An individual PEV charging profile is modeled using the statistics of internal
combustion engine (ICE) vehicles driving and by aggregating the PEV charging profiles per 154 kV
substation, the charging demand of PEVs is determined for consideration as part of the total electricity
demand in the planning process of transmission systems. The effectiveness of the proposed method
is verified through case studies in the Korean power system. It was found that the PEV charging
demand has considerable potential as the additional peak demand in the transmission system
planning because the charging time could be concentrated in the evening peak time.
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1. Introduction

As part of the efforts to reduce greenhouse gas emission in the transportation field, the number
of electric vehicles (EV) has rapidly increased with the active promotion policy of governments all
over the world [1,2]. Among the various types of EVs, the most promising type is the plug-in electric
vehicle (PEV), which is directly connected to the power system via a charger to charge the battery.
Because PEV chargers have a one-step higher rating than those of existing electric appliances such as air
conditioners and refrigerators, the aggregated charging demand of PEVs is expected to grow enough
for consideration in the planning process of power systems as its penetration level increases in the near
future. With the integration of a large number of PEVs into the grid, there will be important challenges
in terms of peak load, power loss, and voltage profiles which have been reported in several studies [3–5].
Due to the increase in peak demand at the transmission system, the maximum power generation
cannot meet the demand, so it is necessary to install additional power plants such as fossil fuel power
plants. In addition, the demand profile may change due to the PEV charging demand, which may
lead to even greater changes when a renewable energy system (RES) is added in the future and may
affect the mix of fuels. The impact of the transmission system due to the concentration of additional
loads in the particular area where the number of PEVs is concentrated can appear as an increase in
the resistive loss of the high-voltage network and an increase in the load ratio of the transmission line.
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Therefore, it is necessary to consider their charging demands not only in the distribution system but
also in the transmission system [6,7].

The first step in the typical transmission system planning process is load forecasting based on
the historical data of electricity use. In Korea, the estimated electricity loads are published over the next
15 years by the government and the charging demand of PEVs became one of the particular data
in 2017. In addition, the charging demands of PEVs need to be modelled as a part of the electricity
loads at the substation so that it can be considered in the process of transmission system planning
where the process is more heavily regulated and conducted in a longer timeframe comparing with
the distribution system. However, because of inexperience and the uncertainty of the charging
demand of PEVs, electric utilities would suffer from considering them in the planning process.
Therefore, the applicability of the modeling methods for the PEV charging demand, while representing
the characteristics of PEV, is necessary for the existing planning process.

Various methods of modeling the EV charging demand and a behavior of EVs driving schedule
in the power system have been proposed. One method used queuing analysis and the Monte Carlo
method to model the EV charging demand. In Hafez et al. [8], the PEV queuing model was proposed
using a detailed PEV battery charging behavior (BCB) model, modeled arrival rate, and the service
time. In [9], the charging load was modeled based on Monte Carlo Simulation by analyzing different
power demand characteristics of charging mode. However, because of specific conditions such as
the plug-in time and charging time assumed in the queuing analysis, as well as the complex process
and extensive data required in the Monte Carlo method, electric utilities would face numerous
constraints when applying the methods in the transmission system planning process. Another
study [10] proposed an optimal charging profile model of individual PEV for vehicle to grid (V2G)
to flatten the power load profile. The proposed scheme deals with the high uncertainty due to
the mobility as transportation tool through stochastic connection to smart grid. As input data used
for this stochastic connection to the smart grid, the actual driving pattern of passenger cars was
investigated. However, samples of actual data used as input data are too small. In order to reflect
the reality, it seems that more data are needed to be able to generalize. In Qian et al. [11], an individual
EV was modeled stochastically and the charging pattern for multiple EVs was modeled as the average
value for a specific time and a uniform distribution-based modeling method of EVs was proposed
for analyzing the effectiveness of the charging demand of EVs in the distribution network. However,
the uniform distribution model could not consider variations in the penetration level and distribution
of EVs, which are necessary for the consideration of the EV charging demand in the planning process
of transmission systems. Tabatabaee et al. [12] used bidirectional energy trading capabilities of an
EV among distributed energy resources (DER) components for the purpose of optimal operation
of an energy management system for a grid-connected smart building. The mobility behavior of
the EVs fleet used for work-related trips is modelled taking into account stochastic characteristics.
Thus, arrival times, detention times, and initial state-of-energy levels for EVs have been considered
using corresponding appropriate statistical distributions. Further studies [13,14], suggest a new
stochastic framework based on unscented transformation (UT) in which a suitable tool is used to model
the uncertainties associated with the departure time and arrival times of the PEVs fleets, state of charge
(SOC) of batteries, number of PEVs in a fleet. However, modeled in a PEV fleet, a PEV set with similar
driving characteristics, short trips, and individual PEVs distributed in the network were ignored [12–14].
In De Nigris et al. [15], through the average EV charging amount and one type of charger, the daily
charging pattern was derived by calculating according to the ratio of EV charging over time. However,
although the charging profile was derived for individual EVs, the total charging demand of the EVs
was modeled by equally assuming the derived charging profile of all the EVs. Therefore, the variations
of the charging demand such as the charger rating, plug-in time, and charging amount for various
EVs could not be considered in these methods. Considering the above, the proposals of this paper are
as follow:
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• A stochastic method which models the PEV charging demand as electric loads over the substations
in the transmission system planning process. The method considers the uncertainty and variations
in the distribution and charging profiles of the PEVs.

• The distribution of PEVs is estimated by the substation based on the number of electricity
customers, the PEV expansion target, and existing statistics. An individual PEV charging profile
is modeled using the statistics of existing internal combustion engine (ICE) vehicles driving.

• By aggregating the PEV charging profiles per 154 kV substation, the charging demand of PEVs can
be determined for consideration as a part of the total electricity demand in the planning process
of transmission systems.

The effectiveness of the proposed method is verified through case studies in the Korean power
system and it was found that the PEV charging demand has considerable potential as a peak demand in
the transmission system planning because the charging time is concentrated in the evening peak time.

2. Penetration Trend and Charging Demand of EVs in Korea

As one of the top seven countries manufacturing cars worldwide, the Korean government has
introduced a policy for promoting electric vehicles by subsidizing their purchase and expanding their
chargers. In this section, the necessity of modelling the charging demand of PEVs is discussed using
the situations in Korea where detailed data is available. In 2018, more than 20,000 EVs were sold in
Korea, which is equal to the total number of EVs registered in the past four years. Moreover, in 2019,
the Korean government increased the supply target of the EVs to three million units by 2030 as shown
in Figure 1 [16].
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Figure 1. EV expansion plan in Korea.

To reach this target, 20,000 fast chargers and 180,000 slow chargers would be installed,
and the energy density of the EV battery would be improved by 30% [17]. The total number of
new registrations during the first seven months of 2019 increased by 86% year-over-year to 23,379.

Additionally, the Korean government started considering the estimated charging demand of
EVs in the long term plan for electricity supply and demand. From the 8th Basic Plan for Long-term
Electricity Supply and Demand (BPLE) published in 2017, the charging demand of EVs was estimated
by the supply target of the government. Its impact on electricity supply and demand was analyzed for
future power systems as summarized in Table 1 [18].
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Table 1. Charging demand of EV estimated in 8th BPLE.

2017 2022 2026 2030 2031

Cumulative number of EVs (Thousand) 46 334 629 1000 1108
Annual electricity consumption (TWh) 0.1 1.0 1.8 2.8 3.2
Annual peak demand (summer, GW) 0.02 0.14 0.23 0.38 0.42
Annual peak demand (winter, GW) 0.02 0.11 0.18 0.29 0.32

However, because the charging demand of EVs in the 8th BPLE was estimated using the existing
charging patterns accumulated in Jeju Island in Korea or California in USA where EVs are deployed,
those results could not represent the characteristics of EV charging demands in the future Korean
power system. Therefore, for consideration in the transmission system planning process of electric
utilities, it is necessary to develop a systematic method for estimating the charging demand of EVs for
the long term electricity supply and demand plan.

3. Stochastic Modeling for PEV Charging Demand

3.1. Distribution of PEVs

The first step in modeling the charging demand of PEVs is modeling their number and location.
In the transmission system planning process, all electric loads are modeled at every 154 kV substation;
therefore, the number of PEVs at each 154 kV substation where the PEVs are charged is enough to
represent those electrical locations. The number of PEVs at each 154 kV substation can be stochastically
estimated based on the number of customers whose electricity is supplied from those substations,
which is usually managed by power utilities. Therefore, in the proposed stochastic method, the number
of PEVs is respectively derived for all the customers receiving electricity from the same substation
using the statistics of ICE vehicles. The summation is the total number of PEVs at the substation.
By repeating the above process for all substations of the given power system, the PEV distribution can
be modeled for a given penetration level of PEVs [19]. The penetration level of PEVs is technically
defined per Equation (1):

p =
Number of PEVs

Total number of registered vehicles
(1)

Because the number of PEVs may depend on the number of vehicles belonging to a household,
the probability of the number of PEVs (n) among registered vehicles (N) in any household can be
calculated using binominal distribution for a given penetration level of PEVs as represented by
Equation (2):

PB(n/N) =

(
N
n

)
Pn(1− P)N−n, n = 0, 1, · · · , N, (2)

where the number of registered vehicles per household is considered only up to three since the cases
when a household has more than four cars are very rare in Korea. Also, PB(n/N) is zero when n
is larger than N since the PEV is also one of the registered vehicles at the household. Therefore,
the probability that a household has n PEVs can be calculated by adding the expected number of PEVs
for a given number of registered vehicles from 0 to N as represented by Equation (3):

PPEV(n) =
N∑

i=0

{
Pveh(i) × PB(n/i)

}
, (3)

where Pveh(i) is the probability of the number of registered vehicles in a household provided by
the existing statistics [20]. The cumulative density function (CDF) of PPEV(n) is then used to determine
the number of PEVs in each household by finding the corresponding number of PEVs to the randomly
generated value (Rand) between 0 and 1 in the probability of the CDF as shown in Figure 2.
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The process above is applied for all households to derive the number of PEVs in each.
Figure 3 shows the overall procedure for stochastically modeling the PEV distribution over
the 154 kV substations.
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3.2. Charging Demand of PEVs

Because the drivers would like to fully charge the PEV battery before their next trip, the charging
demand of a PEV is determined by the driven mileage before it is plugged in. Therefore, in the proposed
method, the daily driving distance of an individual PEV is stochastically modeled using related statistics
of ICE vehicles referred to in existing statistics. The CDF and PDF of the driving distance are derived
from the statistics of ICE vehicles, and the daily driving distance of an individual PEV is modeled by
finding the corresponding driven mileage to the randomly generated value (Rand) between 0 and 1 in
the probability of the CDF as shown in Figure 4.
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After the daily driving distance d of the PEV is determined, the initial SoC of the PEV when it is
plugged-in can be calculated using Equation (4):

SoCini = 1−
d

dmax
, (4)

where dmax is the maximum driven distance considering the energy capacity of the PEV battery.
The electricity demand for fully charging the PEV can be calculated from the initial SoC as Equation (5):

Edemand = Ecap × (1− SoCini), (5)

where Ecap is the energy capacity of the PEV battery. Finally, considering the charging efficiency
of the PEV charger, the total charging demand of the PEV to the power system is calculated by
Equation (6):

Egrid =
Edemand
ηcharger

, (6)

where Egrid is the charging demand and ηcharger is the charging efficiency of the charger.

3.3. Charging Profile of PEV

The charging profile of PEVs includes the charging power supplied by the power system and its
duration time. In this section, it is assumed that the PEV is plugged-in immediately after getting home
to start charging its battery until it is fully charged with the rated power of its charger. Therefore,
the charging duration of the PEV starts at the home arrival time and can be stochastically determined
based on the related existing statistics of ICE vehicles as shown in Figure 5.

Energies 2020, 13, x FOR PEER REVIEW  6  of  14 

 

 

Figure 4. Stochastic method to model the daily driving distance of a PEV. 

After the daily driving distance d of the PEV is determined, the initial SoC of the PEV when it is 

plugged‐in can be calculated using Equation (4): 

𝑆𝑜𝐶௜௡௜ ൌ 1 െ
𝑑

𝑑௠௔௫
,  (4) 

where  𝑑௠௔௫  is the maximum driven distance considering the energy capacity of the PEV battery. The 

electricity demand for fully charging the PEV can be calculated from the initial SoC as Equation (5): 

𝐸ௗ௘௠௔௡ௗ ൌ 𝐸௖௔௣ ൈ ሺ1 െ 𝑆𝑜𝐶௜௡௜ሻ,  (5) 

where  𝐸௖௔௣  is the energy capacity of the PEV battery. Finally, considering the charging efficiency of the 

PEV charger, the total charging demand of the PEV to the power system is calculated by Equation (6): 

𝐸௚௥௜ௗ ൌ
𝐸ௗ௘௠௔௡ௗ

𝜂௖௛௔௥௚௘௥
,  (6) 

where  𝐸௚௥௜ௗ  is the charging demand and  𝜂௖௛௔௥௚௘௥  is the charging efficiency of the charger. 

3.3. Charging Profile of PEV 

The charging profile of PEVs includes the charging power supplied by the power system and its 

duration time. In this section, it is assumed that the PEV is plugged‐in immediately after getting home 

to start charging its battery until it is fully charged with the rated power of its charger. Therefore, the 

charging duration of the PEV starts at the home arrival time and can be stochastically determined 

based on the related existing statistics of ICE vehicles as shown in Figure 5. 

 

Figure 5. Stochastic method to model the plug‐in time. 

As shown in Figure 5, the CDF of the home arrival time derived from the statistics of ICE vehicles 

is used to stochastically model the plug‐in time of PEVs. The charging duration time (𝑡ௗ) can then be 

Figure 5. Stochastic method to model the plug-in time.



Energies 2020, 13, 4404 7 of 14

As shown in Figure 5, the CDF of the home arrival time derived from the statistics of ICE vehicles
is used to stochastically model the plug-in time of PEVs. The charging duration time (td) can then
be calculated by dividing the charging demand with the rating of the charger and its efficiency as
represented in Equation (7):

td =
Edemand

Pcharger × ηcharger
, (7)

where Pcharger denotes the power rating of the charger. Further, in this study, the charging profile
is modeled in 1-h intervals, and the charging power is assumed to be the hourly averaged power
during any interval when it is not necessary to supply the rating power for fully charging the PEV.
Concerning the rating of the charger, a specific type of charger is stochastically assumed for each PEV
using a variety of chargers and their penetration in Korea. In this study, it is assumed that the chargers
used to charge the existing EVs are still used for PEVs and those specifications are referred from
commercially available EV chargers. The following Table 2 shows the specifications of the installed
chargers considered in this study [21–23].

Table 2. Charger specifications used for modeling PEV charging demand.

Type of Charge Input Voltage (V) Output Voltage/Current (V/I) Charging Power (kW)

Normal 220 ac, 1∅ 220 ac/14 3
Normal 220 ac, 1∅ 220 ac/32 7

Fast 380 ac, 3∅ 450 dc/110 50

By repeating the modeling procedure for deriving the daily charging profile of PEVs for 365 days,
the yearly charging profile of each PEV can be derived in hours.

3.4. Charging Demand of PEVs per Substation

Because the feasibility of the transmission system planning process is evaluated by considering
the estimated loads at the substations where the transmission lines are connected, the charging
demand of PEVs needs to be modeled as loads at the substations where the charging powers are
supplied. In the proposed method, the charging profiles of the PEVs supplied from the same substations
are aggregated as one profile, and this process is repeated for all the substations. The yearly charging
profile of m PEVs at the substation can be calculated as Equation (8):

Ps(t) =
m∑

j=1

Ppev, j(t) t = 1, 2, . . . , 8760, (8)

where Ppev denotes the charging demand of an individual PEV at hour t, and Ps is the aggregated
charging profile at the substation.

Based on the total charging profile of the PEVs over the substations, their total charging demand can
be determined as the value at the time when the feasibility of the transmission system is analyzed
with assumed conditions for the load and renewable energy resources in the planning process as
represented by the Equation (9):

Ps = Ps(t∗) (9)

where t* denotes the time assumed for the planning process of the transmission system.
Figure 6 shows an overview of the process of modeling the PEV charging demand from the charging

profiles of the PEVs at the substations reflected in the transmission system planning.
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Figure 6. Overview of PEV charging demand modeling for transmission system planning.

4. Case Study

In this study, the effectiveness of the proposed method is verified through case studies in
the Korean power system. The statistical data required to derive the PEV charging demand are based
on the Statistics Korea published by KOSTAT; the existing PEV statistics are assumed to continue for a
while in Korea. Additionally, the penetration level of the PEVs is assumed based on the national EV
target and another scenario is assumed with the increase of the number of PEVs based on the aggressive
policy of the Korean government.

4.1. Distribution of PEVs in Korean Power System

In Korea, the 154 kV substations are the basis for modeling the loads and transmission lines in
the planning process. Therefore, the distribution of PEVs is modeled as the number of PEVs for each
154 kV substation. For the penetration level, 3 million PEVs (PEV 3m), which is approximately 11%
of the total number of vehicles are assumed for the first scenario and 20% of the penetration, which
represents 5 million PEVs (PEV 5m) are assumed for the second scenario considering the aggressive
policy of the Korean government in this study. Additionally, the probability of the number of registered
vehicles per household is obtained from the statistics published by KOSTAT as shown in Figure 7.
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Based on these assumptions and the Korean data, the number of PEVs for each 154 kV substation
is derived by Equation (3). The distribution modeling results are summarized as the penetration of
the modeled PEVs at each 154 kV substation as shown in Figure 8.
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As shown in Figure 8, although the penetration level varies by substation within a certain range,
the median value is close to the assumed penetration level of the PEVs assumed in each scenario
i.e., similar to 11%, and 20%, respectively. The derived total numbers of the PEVs are 2,966,572
and 5,572,378 for the first and second scenario, respectively, which are approximately 11% and 20% of
the total number of vehicles in Korea.

4.2. Modeling Results of PEV Charging Demand

The statistics of the driven mileage and home arrival time of the vehicles in Korea are used to
derive the energy demand and charging time of each PEV after plugging in. The charging profiles
of the PEVs are modeled individually by assuming the charger ratings of each PEV. The input data
related to the driving vehicles, home arrival time, and charger ratings are referred from the statistics
published by Statistics Korea (KOSTA) as shown in Figure 9 [24].
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Additionally, based on the specifications of the selected EVs in Korea, it is assumed that the battery
capacity is 28 kWh, the maximum driving range is 200 km, and energy efficiency is 6.8 kWh/km [25].

The charging profile of each PEV is derived based on these assumptions and the Korean data,
as shown in Figure 10.
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Figure 10. Example of an individual PEV charging demand model: (a) Charging profiles for three
arbitrarily chosen PEVs; (b) Over-rapped daily charging profiles of an arbitrary chosen PEV.

From Figure 10, it can be observed that the charging profile is modeled differently for
each day and PEV, because the plug-in time, charger rating, and daily driving distance were
stochastically determined.

The charging profiles of the individual PEVs supplied from the same 154 kV substation are
aggregated to derive the charging profile of all the PEVs at that substation. Because the peak demand of
the loads is assumed to occur at 20 h in Korea, the charging demand of the PEVs at 20 h is selected
from the profile for consideration in the transmission system planning process. This PEV charging
demand can be added to the existing loads at the 154 kV substations for evaluating the feasibility of
the planned transmission system. Figure 11 shows the total demand in descending order for each
substation in the Korean power system.
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It is observed that there is a correlation between the charging demand and existing loads over
the substations with some degree of variation. It is also notable that the charging demand of the PEVs
is high enough for consideration in the planning process of the transmission system, compared to
the amount of loads due to the concentration of their charging demand.
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4.3. Characteristics Analysis of PEV Charging Demand

Because the proposed method derives the charging demand of PEVs from the charging profiles
of individual PEVs, the profile of all the PEVs can also be derived for the analysis. Figure 12 shows
the charging profile of the total PEVs in Korea during a selected day.
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As shown in Figure 12, although the charging demand of individual PEVs is small compared to
the electricity demand of the power system, the national peak of the PEV charging is high enough for
consideration in the planning process of the transmission lines due to its concentration in the evening.
Moreover, because the peak time of the PEV charging is found to occur at around the time of the peak
demand of the electricity netted by the renewable energy system (RES), the impact of the PEV charging
demand could be considerable in the power system.

Figure 13 shows the distribution of the daily electricity consumption of all the PEVs in the Korean
power system.
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The range and variation of the daily electricity consumption of the total PEVs in Korea can be
obtained from the analysis of Figure 13, for application in the power system planning and operations.
The PEV charging demand derived by the proposed method is compared to that of one million PEVs
estimated in the 8th BPLE as shown in Figure 14.
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As shown in Figure 14, although the charging demand is stochastically modeled in this study,
the annual charging energy of the PEVs proportionally increases as the number of PEVs increases.
However, the maximum charging demand increases significantly as the number of PEVs increases
because the concentration of PEV charging is modeled in the proposed stochastic method.

4.4. Discussion

The accuracy of modeling the charging demand of PEV could be limited due to high uncertainties.
These uncertain factors are due to the PEV user behavior, which corresponds to daily driving distance,
charging location, and charging start time. All of these factors are different for each individual PEV
user and there are large variations. Therefore, it is necessary to analyze the behavior of PEV users
that determine the charging demand for PEVs, and to understand how this can affect the transmission
system [26,27]. First, concerning the PEV user’s daily driving distance, which determines the amount of
charging power, there is no significant difference from the mileage of the existing ICE vehicle. Therefore,
it is possible to understand the amount of charging power of the PEV through the daily driving distance
data of the existing ICE vehicle. Second, in the case of charging start time, it was analyzed that most
drivers will charge at home after work. If a large number of PEVs in the power system are concentrated
and charged as a specific time after work, the peak value of the power system may increase. Therefore,
the management of the charging start time is considered to be the most important factor to mitigate
power system influence. Third, as the charging location in the transmission system in concentrated in
large cities, the load on the transmission line can be concentrated. In order to examine the effects of these
transmission systems, PEV modeling appropriate to the level is required. In particular, it is essential to
model the PEV charging demand for each substation because not only the location but also the size of
the load is required to examine the effect of the loading of the transmission line.

5. Conclusions

This study proposed a stochastic method to model the PEV charging demand as the electric loads
over substations in the transmission system planning process, considering the uncertainty and variations
in the distribution and profiles of PEV charging. In the proposed method, the distribution of the PEVs
is modeled as the number of PEVs supplied from the same substation, based on the number of
electricity customers per substation. The penetration level of the PEVs and the number of EVs per
customers are used to derive the probability of the number of PEVs per customer. The charging
demand is also derived using the existing ICE vehicle statistics for the driven mileage and efficiency of
the PEVs. The existing ICE vehicle statistics are used to determine the home arrival time and charger
ratings of the PEVs. These are then used to derive the charging profile for supplying the derived
charging demand. By aggregating the charging profiles of the PEVs connected to the same substation,
their charging demand could be determined for consideration as part of the total electricity demand in
the transmission system planning process. The effectiveness of the proposed method was verified
through case studies in the Korean power system and statistics. From the modeling results and analysis,
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it was found that the PEV charging demand has considerable potential as additional peak demand in
the transmission system planning because the charging time would be concentrated in the evening
peak time shifted by the RES expansion. Particularly, by comparing the PEV charging demand modeled
by the proposed method with that considered in the 8th BPLE of the Korean government, it was found
that the proposed method was more practical in considering the distribution and driving patterns
of vehicles when modeling the charging demand of PEVs. In the future, the impact of the PEV on
the transmission system could be also studied in detailed as its charging demands would be derived
by the proposed method.
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