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Abstract: Establishing electric vehicle supply equipment (EVSE) to keep up with the increasing
number of electric vehicles (EVs) is the most realistic and direct means of promoting their spread.
Using traffic data collected in one area; we estimated the EV charging demand and selected priority
fast chargers; ranging from high to low charging demand. A queueing model was used to calculate
the number of fast chargers required in the study area. Comparison of the existing distribution of fast
chargers with that suggested by the traffic load eliminating method demonstrated the validity of our
traffic-based location approach.

Keywords: electric vehicle supply equipment (EVSE); charging station; electric vehicle; traffic;
Kriging; location; queueing model

1. Introduction

The growing number of electric vehicles (EV) raises many concerns about EV supply equipment
(EVSE) [1]. In particular, the fact that the number of EV charging stations is not keeping up with the
increase in the number of EVs is the greatest problem for consumers who are considering buying EVs [2].
While government funding and investment are prerequisites for the expansion of EVSE, academic
studies should also provide methods that enable EVSE to be cost effective [3–9]. In this context, many
studies are being conducted on selecting EVSE locations across cities in Korea [10–20]. However,
the analysis of EV charging demands must precede the selection of EVSE locations. To analyze charging
demands, many researchers have used big data collected in various ways, including origin–destination
(OD) data collected from information-gathering devices mounted on EVs and EV chargers, traffic data
collected from traffic-information-gathering sections in cities, as well as sectoral data accumulated by
Statistics Korea. Although using OD data from large numbers of vehicles and state of charge (SOC)
data to analyze EVSE locations would produce the most objective and reasonable conclusions, it is
not easy to acquire such data officially in ordinary studies. Hence, we suggest using the traffic load
eliminating method (TLEM) to select locations for EV fast charging infrastructure, based on easily
accessible traffic data as well as driving data for the area monitored by Statistics Korea.

Charging demands are highly correlated with traffic [21]. As such, it is possible to identify overall
charging demands if data are available regarding the distribution of traffic in the area. However, traffic
analysis only indicates the presence of charging demand in the area and cannot show the exact number
of chargers needed in the area. In the present study, the number of chargers needed in a particular area
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was calculated using a queueing model that reflects driving statistics in the area. Figure 1 illustrates
the process utilized for priority charger selection in the present study.

Figure 1. Process of estimating fast charging demand and selecting priority chargers.

• First, since traffic data collectors were not installed in all parts of the study area for traffic analysis,
it was necessary to estimate the amount of traffic at the points at which traffic data were not
collected based on the traffic at the points at which traffic data were collected. For this purpose,
the Kriging technique was used to quantify the traffic all across the study area. To normalize
the traffic map, which was used in the charging demand analysis, we used traffic data and fast
charging patterns collected on an hourly basis.

• Second, the daily number of EVs requiring charging was analyzed using statistical traffic data
accumulated in the study area, and the estimated demand was utilized to establish a queueing
model. Following this step, the required number of fast chargers (N) was analyzed.

• Finally, the quantified traffic map was converted into a matrix, and the eliminating matrix was
used to select a priority charger. This process was repeated N times.

The remainder of this paper is organized as follows. Section 2 provides an analysis of traffic based
on the Kriging technique. Section 3 describes the utilization of the queueing model and calculation of
the number of fast chargers required in the study area. Section 4 suggests a method that facilitates
the selection of priority fast chargers based on the eliminating matrix. Next, Section 5 presents a case
study. Finally, Section 6 summarizes the conclusions.

2. Estimation of Expected Charging Demand

In this study, since the traffic volume was utilized as an indicator of the fast charging demand of
EVs, it was necessary to reflect the hourly traffic volume change at the target site fully in the expected
charging demand calculation.

2.1. Site Gridding

A grid-type expression was required to indicate traffic volume information on a two-dimensional
coordinate plane for traffic volume analysis at the target site, including spatial information. In this
study, the traffic volume of the target site was expressed as a matrix using the coordinate plane
consisting of i and j axes, as shown in Figure 2. In this case, the narrower the interval between grids,
the more detailed the traffic volume information that can be included.
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Figure 2. Two-dimensional grid.

2.2. Estimation of Expected Charging Demand Using Kriging Technique

To use the traffic volume as an indicator of the fast EV charging demand, it was necessary to
obtain traffic data throughout the site.

In most parts of the study area, however, the traffic data gathering sections were not located
densely enough for us to acquire traffic data throughout the area. Due to the maintenance cost of
traffic data gathering sections as well as the need for efficiency in terms of not having to manage vast
amounts of traffic data, cities typically use affordable numbers of traffic data collectors to promote the
underlying industry or transport system.

Since traffic data all across the study area were required to analyze the EV charging demand,
we used the Kriging technique to estimate the amounts of traffic at points without any traffic data,
based on the data collected by traffic data collectors in the study area [22]. The Kriging technique is
based on the geographic information system (GIS), which estimates the value for a non-measured
point from a linear combination of values for the surrounding measured points. The technique was
named after D.G. Krige, a mining engineer in South Africa, who developed the empirical technique
in the 1950s to determine the optimal distribution of mineral grades from sampled mineral grades.
The Kriging technique is often used to estimate or interpolate values that are difficult to measure,
such as those corresponding to air quality or natural gas deposits in environmental engineering and
geographic engineering. To use the Kriging technique, we followed the procedure depicted in Figure 3
in this study.

Figure 3. Flow chart of the Kriging technique.
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Firstly, the traffic data collected in the study area are represented in a variogram to indicate
their distributed distances. Based on the distances between the collected traffic data, a covariance
matrix is calculated to obtain the weights of given points for observation. After obtaining the weights,
the weighted average is used to estimate the amounts of traffic at the given points.

Twenty-four-hour traffic data collected every hour were used to visualize the traffic all across
the study area based on the Kriging technique. However, values could be estimated even if there
was actually no value at a given point due to the nature of the Kriging technique. Hence, the values
estimated for zones such as mountains and rivers that vehicles cannot enter, as well as industrial
complexes where there is almost no traffic, were eliminated from this study. From the traffic matrix
predicted using the Kriging technique, the forecast produced in areas where traffic rarely occurs was
eliminated, thus producing a traffic matrix describing only areas where traffic actually occurs.

Figure 4 depicts TLE
t and TLU

t . Although the amount of traffic was estimated by the Kriging
technique throughout the study area, Figure 4 is shaded in areas in which there is almost no active
traffic. TLU

t (i, j) means the amount of traffic estimated in zones such as mountains and rivers where
there is almost no traffic. TLE

t is the amount of traffic obtained by subtracting the amount of traffic in
zones with almost no traffic from TLA

t , the total amount of traffic in the study area.

Figure 4. TLE
t and TLU

t in the study area.

2.3. Expected Charging Demand Normalization Using Fast Charging Load Pattern

It is necessary to analyze fast charging demand to select the locations of fast chargers. Since the
amount of traffic was utilized to determine the expected charging demand in this study, it was critical
to analyze traffic. Traffic data collectors gather traffic data per minute or hour. As the amount of traffic
increases or decreases along with events of the day such as rush hours, it was important to determine
which hours of traffic data would be more efficient to use. To determine such hours, we employed
hourly fast charging load patterns from users. The fast charging demand does not necessarily increase
even if there is a lot of traffic. For instance, the fast charging demand at noon is usually higher than
that during the morning rush hours, which produce the largest amount of traffic in a day. As a result,
traffic information needs to be analyzed in more detail to select reasonable fast charge demands. Traffic
volume varies with time. Therefore, by combining hourly traffic with hourly fast charging demand,
we intended to calculate the amount of charge demand that was representative of the target area that
could be understood at all times. Therefore, it was important to reflect the hours of traffic that create
more demand for fast charging and to normalize such traffic to enable priority fast charger selection.

To clarify the points mentioned above, we would like to describe the following example.
By multiplying the traffic volume and the fast charge load for each time zone and adding them
for all times, the fast charge demand value of the target site can be normalized. The total traffic for
Site A in the study area (highlighted in red in Figure 5) is 8, lower than that at Site B, but its traffic
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is concentrated in the hours during which there is the greatest demand for fast charging. Therefore,
the expected charging demand for Site A (32 in this example) is higher than that for Site B (21 in this
example). In addition, the total traffic at Site B (highlighted in blue in Figure 5) is 11, higher than that
at Site A, but the traffic at the former site is lower during the hours during which there is the most
demand for fast charging. Hence, the expected charging demand for Site B is lower than that for Site A.
We converted the hourly fast charging patterns into hourly weights and multiplied these by the hourly
amounts of traffic in the study area to calculate the traffic-based expected charging demand, which
was used for priority fast charger selection.

Figure 5. Example of hourly fast charging patterns and traffic.

Equations (1) to (6) below reflect the hourly traffic and fast charging patterns in the zone in which
active traffic arises and were used to normalize the amount of traffic in the study area, which was then
used for priority fast charger selection:

TLE
t (i, j) = TLA

t (i, j) − TLU
t (i, j) (1)

TLE_sum
t =

∑
∀i, j

TLE
t (i, j) (2)

TLE_sum =
∑
∀t

TLE_sum
t (3)

FC =
∑
∀t

FCt (4)

TLNorm(i, j) =
∑
∀t

FCt

FC
×

TLE_sum
t

TLE_sum × TLE
t (i, j)

 (5)

TL =
∑
∀i, j

TL
Norm

(i, j) (6)

Figure 6 summarizes how expected charging demand is normalized:
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Figure 6. The process of normalizing expected charging demand.

3. Analysis of the Statistically Optimal Number of Chargers Based on the Queueing Model

3.1. Characteristics and Structure of Queuing Model

Section 2 described the charging demand by zone based on the normalized amount of traffic.
To satisfy this visualized charging demand, it is necessary to determine the number of chargers installed
and supplied. This section describes the use of the queueing model to analyze the optimal number of
chargers in the study area. The queueing model determines the cost-effective service capacity and
scale necessary to maintain the optimal level of waiting once a user arrives at a fast charging station.
This analytical method accounts for the waiting time in the queueing matrix and the charging demand
and is widely used in the field of service infrastructure, including urban planning.

The queueing model can analyze the waiting time for charging depending on the number of
chargers installed at a charging station. It enables analysis of the number of chargers at each charging
station that satisfies the target waiting time per user and identification of the total optimal number of
chargers in the study area. The queuing model used is a simple M/M/c model. Since statistical data
such as the number of EVs arriving at the fast charging station per hour and the time spent by one
fast charger charging one EV were used, an M/M/c model was employed so that the distribution of
arrival frequency and service time followed the Poisson distribution. As the service type of the rapid
charger is a method in which all the chargers provide the service to the user in parallel, the chargers
determined that the M / M / c type would be ideal, where the chargers were independent and the same
multiple chargers were added.

Figure 7 illustrates the structure of the queueing model considered in this study.

ρ =
λ
sµ

(7)

P0 =
1[∑s−1

n=0
1
n!

(
λ
µ

)n]
+ 1

s!

(
λ
µ

)s( 1
1−ρ

) (8)

Lq =
P0

(
λ
µ

)s
ρ

s!(1− ρ)2 (9)

Wq =
Lq

λ
(10)



Energies 2020, 13, 1650 7 of 20

Figure 7. Example of queueing model application to a charging station.

Where s means the number of chargers in the charging station, and µ refers to the service rate, and
indicates how many EVs can be charged per hour; λ is the arrival rate, which indicates the number of
EVs entering the system per hour; ρ is the utilization rate, which indicates the extent to which EVs use
a fast charger. P0 shows the probability that there is no user at the charging station; Lq is the average
number of users in the queueing matrix; Wq is the average time spent in the queueing matrix. If Wq is
higher than the value set by the manager, it can be decreased by increasing the number of chargers.

To calculate the hourly number of arriving EVs (λ), which is a parameter in the queueing model,
we used the mileage per charge, taking into account the average daily mileage of a passenger car,
the types of car models with most EVs, and the EV fuel efficiency. This equation enables the statistical
calculation of the number of users who visit fast charging stations in a day among the vehicles in the
study area:

Number of EVs = Total number of vehicles in the study area× EV penetration rate (11)

λ =
Average daily mileage×Number o f EVs

Mileage per charge
(12)

3.2. Difinition of Objective Function Considering the Rrefueling System of Internal Combustion Engine
Vehicles

The queueing model analysis in the present study follows the below objective function and
constraint:

N = min(
∑
∀i

ni) (13)

st. ti ≤ tobj
∣∣∣
∀i (14)

Where ni is the number of chargers required to meet the target latency at the i-th station. Equation
(13), which is an objective function, minimizes N the total number of fast chargers at all of the charging
stations in the area (i). Its constraint is that the number of chargers be set so that the waiting time
of EVs for charging at all of the charging stations is less than or equal to that of the waiting time for
internal combustion engine vehicles at gas stations. To achieve this objective, we analyzed the average
waiting time at gas stations to set up a baseline waiting time for EVs. Since gas station infrastructure
has been established and maintained for a very long time, we assumed the current infrastructure to be
sufficient. Park (2007) reported that it took a total sample of 134 people 5.66 min to drive in and out of
a gas station, and they filled their vehicles with 28.79 L of fuel on average per occasion. Hence, in this
study, the average flow rate of a typical fuel nozzle was considered, 38 s was taken as the time during
which fueling actually occurs after a fuel nozzle is inserted into the fuel tank, and the average waiting
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time for starting charge was estimated to be 5.02 min under the assumption that a vehicle leaves the
gas station as soon as refueling is completed.

4. Priority Charger Selection Based on the Eliminating Matrix

Section 2 described the normalization of the traffic map, to be reflected in the priority charging
station selection, and Section 3 presented the calculation of the total number of chargers required for
the traffic map. This section discusses the use of the eliminating matrix to determine the optimal
distribution of the number of chargers from Section 3 on the normalized traffic map from Section 2.
The following steps were followed in the priority charger selection process based on the eliminating
matrix:

• The total expected charging demand in the normalized study area and the total number of chargers
from the queueing model were used to calculate the average expected charging demand that a
charger should meet (P);

• The eliminating matrix (supply range of charging station) was established in all cases that could
exist within the target site (with (i, j) as the charger location and r as the supply radius);

• The eliminating matrix and charging station candidates meeting the constraints were selected;
• If the sum of the expected charging demands in the supply range of a priority charger was greater

than P, extra expected charging demand was evenly added to the supply range to adjust for
the difference;

• The above process was repeated N times.

To begin with, traffic in the study area normalized in Section 2 and the number of chargers
calculated from the queueing model in Section 3 were used to estimate the average expected charging
demand that a charger should satisfy:

P =

∑
TL

N
(15)

P calculated from Equation (15) was set as the basis for the range of service provided by a charger
in the study area. If a single charging station was linked with multiple chargers, P increased in
proportion to the number of chargers. A zone with a higher expected charging demand could satisfy P
with a narrower search range than that of a zone with a lower charging demand. Hence, when the
expected charging demand was higher, priority chargers were selected in a way that allowed them to
be distributed more densely.

To identify priority charging stations that consider the level of expected charging demand, it was
necessary to set up the eliminating matrix. For this purpose, we assumed there to be points with values
of one outside the circle with i and j in (i, j) being natural numbers, as in Figure 8. The value of points
inside a circle with center (i, j) and radius r was set to zero. This set of point values was matched
with the matrix E(i, j) to establish the eliminating matrix. The eliminating matrix can be expressed as
follows:

EC(i, j,r)(i, j) =

 0, if inner C(i, j, r)
∣∣∣
∀i, j,r

1, else
(16)

optimal Ls(i, j, r) = C(i, j, r) where min(r) (17)

st. P ≤
∑(

TL(i, j) −
(
TL(i, j) × EC(i, j,r)(i, j)

))
(18)
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Figure 8. Establishing the eliminating matrix.

Equation (17), the objective function based on the eliminating matrix, calculates the optimal
location of a charging station Ls(i, j).To meet the expected charging demand that a charger should
satisfy, the constraint in Equation (18) should be met. Among multiple search points that satisfy
Equation (18) in a traffic map, which was used to analyze the location of the s-th charger, C(i, j, r) with
the lowest r was set as the location of the s -th charging station Ls(i, j, r), which means that the range of
C(i, j, r) with the lowest r has the highest expected charging demand. Once the s-th priority charger
was determined, the expected charging demand was reduced to zero as the expected charging demand
in its range was considered to have received charging service. However, if the expected charging
demand in the supply range of selected s-th charger was greater than P, the demand for the charge
expected within the supply range was reduced to zero, and extra expected charging demand was
evenly added to the supply range, thus ensuring that one charger accurately supplied the expected
demand of P. Then, the s+1-th priority charger was searched. The compensation value that was evenly
added to the supply range was calculated using Equation (19), where DN is the number of elements
within the range of supply in the LS matrix. The expected charging demand used to select the location
of the s+1-th priority charger was calculated using Equation (20):

CPLs(i, j,r)(i, j) =


P−

∑
∀i, j

(TL(i, j)−(TL(i, j)×ELs(i, j,r)(i, j))

DNLs(i, j,r)
, if inner Ls(i, j, r)

0, else
(19)

TLs+1(i, j) = TLs(i, j) × ELs(i, j,r)(i, j) + CPLs(i, j,r)(i, j) (20)

The optimal number of chargers N, which was calculated from the queueing model after repeating
the above process, enabled the determination of the priority charger locations that met all of the
charging demands in the study area.

Figure 9 illustrates a simple example of our suggested method of selecting the location of a fast
charging station. The parameters used in this example included 240 as the total expected charging
demand in the study area, with 4 being the optimal number of fast chargers calculated from the
queueing model, and 60 being the expected charging demand that a fast charger should meet.
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Figure 9. Example of establishing the eliminating matrix.

Step 1: The eliminating matrix EC(i, j,r)(i, j) was used for TL(i, j) in the study area and all of the
points that satisfied Equation (17) were searched. The blue and red ranges with expected charging
demands of 62 and 60, respectively, were explored.

Step 2: C(i, j, r) with the lowest r from the points searched in Step 2 was selected as the priority
fast charging station Ls(i, j, r). Therefore, the blue range with the smallest search range r was chosen
as the candidate site for the s-th fast charging station.

Step 3: The expected charging demand in the supply range was removed for Ls(i, j, r) out of the
traffic TL(i, j).

Step 4: The expected charging demand eliminated in Step 3 totaled 62, exceeding P by 2. Therefore,
we divided the excess by DN (number of elements in the blue range) and added the compensation
value from Equation (19).

Consequently, priority fast chargers were densely located in the zone with a higher expected
charging demand, while all of the expected charging demand was met in the study area. The flow
chart in Figure 10 illustrates this process.

Figure 10. Algorithm used to select the optimal locations of fast charging stations.
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5. Case Study

5.1. Traffic Analysis in Daegu Based on the Kriging Technique

We conducted a case study of Daegu, Korea, which has the fourth largest population in Korea and
the seventh highest per capita income among the 16 local governments in Korea. As such, the number
of EVs and amount of EVSE in the city are expected to increase. To simplify the priority fast charger
selection process, Dalseo-gu, one of the administrative districts in Daegu, was chosen as the case study
area. In total, 96 traffic data collectors are installed in Daegu and record the number of vehicles passing
by traffic-data-gathering sections on an hourly basis.

We found that the amount of traffic peaks during the morning and evening rush hours and
noticeably decreases after midnight, as in Figure 11. Based on 24 h traffic data, hourly fast charging
patterns were used to determine the optimal traffic level, which was used to determine the expected
charging demand.

Figure 11. Distribution of fast charging hours and the total hourly traffic in Daegu.

Using 96 traffic data collectors in Daegu, we analyzed the spatial distribution characteristics.
By employing the parameters in the empirical variogram, we calculated the theoretical variogram
based on the spherical model. We used QGIS, an open-source geographic information system, in this
study to visualize the traffic in Daegu. The case study results are presented in Figure 12 [23].

Although this output shows the traffic by zone, this information was used to determine the
expected charging demand in this study.
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Figure 12. Locations of 96 traffic data collectors and traffic in Daegu visualized by using the
Kriging technique.

5.2. Analysis of the Optimal Number of Chargers Based on the Queueing Model

The parameter required to use the queueing model was the number of EVs entering the charging
station for fast charging per hour. Therefore, the average number of EVs waiting for charging per hour
was calculated using the average mileage at full charge and average daily mileage statistics of EVs
in Daegu. We utilized the average fuel efficiency and battery capacity of the top seven best-selling
EVs in Korea to estimate their average mileage at full charge. Data published by Statistics Korea was
employed to estimate the average daily mileage as in the following Table 1:

Table 1. Fuel efficiency and average mileage at full charge by electric vehicle (EV) model.

Manufacturer Model Fuel Efficiency
(km/kWh)

Average Mileage at Full Charge
(km)

Hyundai KONA Electric 5.6 357.9
Hyundai IONIQ Electric 6.3 177.2
Chevrolet BOLT EV 5.5 324.8

Kia NIRO EV 5.3 344.0
Kia SOUL EV 5.0 158.7

Renault TWIZY 7.9 80.0
Renault Samsung SM3 ZE 4.5 168.0

Average 5.7 230.1

To reflect the traffic in Dalseo-gu, Daegu, we calculated the number of EVs in Dalseo-gu by
multiplying the number of EVs in Daegu by the transit rate in Dalseo-gu, as presented in Table 2.
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Table 2. Transit rate by administrative division in Daegu.

Administrative Division in Daegu Transit Rrate

Jung-gu 0.025
Dong-gu 0.152
Seo-gu 0.049

Nam-gu 0.048
Buk-gu 0.239

Suseong-gu 0.192
Dalseo-gu 0.294

The number of EVs in Daegu as of March 2019 was 12,763, and EVs account for 1.3% of all of
the vehicles in Daegu. Considering that the transit rate in Dalseo-gu is 29.4%, the number of EVs in
Dalseo-gu was calculated to be 3752, as presentedin Table 3.

Table 3. EV penetration rate and goals in Daegu and Dalseo-gu.

Date Number of EVs in
Daegu

Number of EVs in
Dalseo-gu

Penetration Rate
(%)

Mar 2018 2,929 861 0.3
Mar 2019 12,763 3,752 1.3

2020 (Goal) 50,000 14,700 5
2030 (Goal) 500,000 147,000 50

We applied the queueing model and conducted a location analysis of fast charging stations
established in 20 administrative districts across Dalseo-gu. The number of EVs in each district was
approximated based on the proportion of the total Dalseo-gu population contained in the district, and
the number of EVs arriving at the fast charging station per hour was calculated as presented in Table 4.

Table 4. λ-values analysis of 35 charging stations in Dalseo-gu.

Administrative
Dong Charging Station PercentAge in

Charging (%)
Sum of

PopulatIon PopulatIon λ

1 Sindang-dong Keimyung College University
0.5 36,368 18,184 1.14

2 Hosan Public Parking Lot 18,184 1.14

3 Igok 2-dong Igok 2-dong Community Center
0.5 17,818 89,09 0.56

4 Seongseo Public Sports Center 89,09 0.56

5 Igok 1-dong Vehicle Registration Office West 1 25,235 25,235 1.59

6 Yongsan 2-dong Seochon Public Parking Lot
0.5 31,262 15,631 0.98

7 Yongsan 2-dong Administrative
Welfare Center 15,631 0.98

8 Yongsan 1-dong SeongseoHomeplus 1 33,319 33,319 2.10

9 Jukjeon-dong DaesungUneed Gas Station
0.5 15,617 7809 0.49

10 Jukjeon-dong Administrative
Welfare Center 7809 0.49

11 Janggi-dong Smiling Arts Center
0.5 17,491 8746 0.55

12 Yongsan Station Transfer Parking Lot 8746 0.55

13 Bolli-dong Bolli-dongAdministrative Welfare
Center 1 22,991 22,991 1.45

14 Gamsam-dong e-mart Gamsam 1 28,255 28,255 1.78

15 Duryu 3-dong Duryu Park Tennis Court 1 9916 9916 0.62

16 Seongdang-dong
Seongdang Doosan We’ve

Apartment 0.5 25,321 12,661 0.80

17 Duryu Park Management Office 12,661 0.80



Energies 2020, 13, 1650 14 of 20

Table 4. Cont.

Administrative
Dong Charging Station PercentAge in

Charging (%)
Sum of

PopulatIon PopulatIon λ

18 Wolseong
2-dong

Korea Energy Agency Daegu
Gyeongbuk Office

0.33 18,962
6321 0.40

19 Facility Safety Management Office 6321 0.40

20 Daegu Environmental Corporation
(Head Office) 6321 0.40

21 Wolseong
1-dong Dalseo-gu Office 1 45,114 45,114 2.84

22 Bon-dong Daegu Technical University
0.5 14,237 7119 0.45

23 Daegu BankBolli-dong Office 7119 0.45

24 Songhyeon
2-dong

Songhyeon 2-dongAdministrative
Welfare Center 1 20,382 20,382 1.28

25

Jincheon-dong

Daegu BankWolbae Office

0.17 70,222

11,704 0.74

26 Jincheon-dongAdministrative
Welfare Center 11,704 0.74

27 Samsung Raemian 1st Apartment 11,704 0.74

28 Daegu Regional Government
Complex 11,704 0.74

29 Daegu Arboretum Parking Lot 3 11,704 0.74

30 DaehanElectric Charging
(Cheonwoo Office) 11,704 0.74

31 Sangin 2-dong HomplusSangin 1 20,577 20,577 1.29

32 Sangin 1-dong Daegu Metropolitan Transit
Corporation 1 41,530 41,530 2.61

33 Dowon-dong LH Daegu Gyeongbuk Office
0.5 39,220 19,610 1.23

34 Moonlight Waterside Park Parking
Lot 19,610 1.23

35 Sangin 3-dong Youth Center Public Parking Lot 1 12,528 12,528 0.79

Using the calculated λ values, we analyzed the waiting time and the number of chargers for 35
charging stations in Dalseo-gu. Consequently, the total number of chargers to satisfy the target waiting
time of 5.02 minutes for 35 charging stations in Dalseo-gu, Daegu was calculated as 60, as presented in
Table 5.
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Table 5. model for 35 existing fast charging stations (min)..

Station no.

Number of Chargers
1 2 3 4

#1 12.26 0.75 0.05 0.00
#2 12.26 0.75 0.05 0.00
#3 4.59 0.18 0.01 0.00
#4 4.59 0.18 0.01 0.00
#5 22.55 0.51 0.14 0.01
#6 9.70 0.55 0.04 0.00
#7 9.70 0.55 0.04 0.00
#8 46.67 2.79 0.32 0.04
#9 3.90 0.13 0.00 0.00

#10 3.90 0.13 0.00 0.00
#11 4.49 0.17 0.01 0.00
#12 4.49 0.17 0.01 0.00
#13 18.71 1.24 0.11 0.01
#14 29.18 1.93 0.20 0.02
#15 5.21 0.22 0.01 0.00
#16 7.27 0.36 0.02 0.00
#17 7.27 0.36 0.02 0.00
#18 3.08 0.09 0.00 0.00
#19 3.08 0.09 0.00 0.00
#20 3.08 0.09 0.00 0.00
#21 355.00 5.77 0.77 0.11
#22 3.53 0.11 0.00 0.00
#23 3.53 0.11 0.00 0.00
#24 14.88 0.95 0.08 0.01
#25 6.55 0.31 0.02 0.00
#26 6.55 0.31 0.02 0.00
#27 6.55 0.31 0.02 0.00
#28 6.55 0.31 0.02 0.00
#29 6.55 0.31 0.02 0.00
#30 6.55 0.31 0.02 0.00
#31 15.09 0.97 0.08 0.01
#32 133.85 4.67 0.6 0.08
#33 13.90 0.88 0.07 0.00
#34 13.09 0.88 0.07 0.00
#35 7.15 0.35 0.02 0.00

5.3. Selection of Priority Fast Chargers

Figure 13 shows the zones in which the traffic data were ignored (shaded regions). The active-traffic
zone available for use in the elimination method was converted into a grid of 1000× 1086 cells separated
by 18 m, the distance between the nearest fast chargers in Daegu. The expected charging demand for
each location was input into each grid cell.
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Figure 13. study area represented by non-traffic zones and a grid.

The sum of the amounts of traffic in all of the grid cells indicates the total expected charging
demand in Dalseo-gu. The total expected charging demand except for that in the non-traffic zone was
calculated to be 17,857,528, as presented in Table 6. Considering the optimal number of fast chargers in
Dalseo-gu calculated from the queueing model, the expected charging demand that a charger should
meet on average (P) was estimated to be 297,625.

Table 6. Applicable area representation and expected charging demand by traffic zone.

Total Traffic Volume
in Dalseo-gu

Non-Traffic Zone
in Dalseo-gu

Active-Traffic Zone
in Dalseo-gu

Applicable area

Expected charging
demand

TLA

35,728,382
TLU

17,870,854
TLE

17,857,528

In this case study, the supply range of a charging station for charging demand was set in the
form of a circle, assuming charge to be supplied to users who were physically closer to the charging
stations. Therefore, the whole study area was searched using the smallest circle to select priority
charging stations.

5.3.1. The Current Status of Installed Fast Chargers

As of August 2019, there were 44 fast chargers in Dalseo-gu. The aforementioned analysis based
on the queueing model suggests that 16 more fast chargers need to be installed. Figure 14 shows the
supply range of the expected charging load for the current fast chargers in Dalseo-gu. The TLEM used
in this study showed that they could satisfy 60.3% of the total expected charging demand.
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Figure 14. Estimated supply range and locations of the current fast chargers.

The reason that few fast chargers are established in this zone, in which there is a high actual
charging demand, seems to be that it is difficult to install enough fast chargers. This may be due to the
higher costs of buying or renting land in this area, the fact that many people move around the area
with higher charging demand and the commercial value of the area.

5.3.2. Distribution of Fast Chargers According to TLEM

For comparison with the current fast chargers, as shown in Figure 15, we performed analyses
using the same number of fast chargers in the TLEM. When the TLEM was applied, the chargers
could satisfy 64.8% of the expected charging demand, representing a 4.5% increase compared with the
current number of fast chargers.

Figure 15. Supply range and locations of 44 fast chargers re-arranged according to the traffic load
eliminating method (TLEM).

5.3.3. Increasing the Number of Fast Chargers Based on the Suggested TLEM

The increased number of 60 priority fast chargers in Dalseo-gu selected using the elimination
method demonstrated that the priority fast chargers could be distributed more evenly as there was not
much of a gap in the expected charging demand in Dalseo-gu as presented in Figure 16. Nonetheless,
the search radius of the priority chargers selected in the zone with a higher expected charging demand
(North) was smaller than that in the zone with a lower expected charging demand (South). Furthermore,
these 60 chargers could satisfy the entire expected charging demand in Dalseo-gu.
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Figure 16. Locations of 60 priority fast chargers selected using the proposed TLEM.

6. Conclusions

This report presented an algorithm in which traffic was used to analyze EV charging demand and
the installation of chargers in zones with higher charging demands was prioritized. We analyzed traffic
data collected in Daegu and demonstrated that the 44 existing fast chargers are densely located in zones
with lower traffic; hence, their locations are not ideal. We explained the necessity of conducting a study
considering traffic volume. Due to the nature of EV charging infrastructure, it is difficult to relocate
charging stations once established. Thus, we selected locations for additional fast chargers, considering
the supply ranges of the current chargers. Furthermore, while one charger is usually installed in a
charging station in the initial stage of the establishment of fast charging infrastructure, we analyzed a
scenario in which multiple chargers were installed in a charging station following the initial stage.

In addition, we identified the average EV waiting time (if sufficient fast charging stations were
established) by using the average vehicle waiting time at a gas station. The optimal number of fast
chargers required in Dalseo-gu was calculated using the queueing model. We determined the hourly
number of EVs chargeable per charging station based on data obtained from Statistics Korea, as well as
the EV specifications. If the SOC data of EVs entering charging stations had been available, it would
have been possible to produce more realistic outputs from the queueing model.

In this investigation, we selected priority charging stations from a traffic-based urban planning
perspective. Based on the locations obtained in this study, we will verify the priority charging station
selections from the perspective of the electric power system in a planned follow-up study [24,25].
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Nomenclature

TLA
t Total traffic in the study area

TLU
t Traffic in the non-traffic zone in the study area

TLE
t Expected traffic in the study area

TLNorm
t Normalized traffic

FCt Hourly fast charging pattern
TL Total expected charging demand in the study area
ni Number of fast chargers at the i-th charging station
N Total number of fast chargers in the study area

tobj
Target waiting time for electric vehicles at the fast charging
station

ti
Waiting time for electric vehicles at the i-th charging
station

λ
Hourly number of electric vehicles arriving at the fast
charging station

s Number of chargers at the charging station
µ Hourly number of electric vehicles chargeable
ρ User rate at fast charging station
n Number of users in the charging station
P0 Probability of no users at the charging station
Lq Average number of users at the charging station
Wq Average time spent at the charging station
P Expected average charging demand for a charger
C(i, j, r) Search circle with (i,j) at the center and r a sradius

EC(i,j,r)(i, j)
Eliminating matrix with 0 being a point in the search circle
and 1 being a point outside the circle

Ls(i, j, r)
Optimal location of the s-th charging station with (i, j) at
the center and r as radius

DNLs(i,j,r) Number of points in Ls

CPLs(i,j,r)(i, j) Compensation value for fast charging demand
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