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Abstract: The advent of alternative vehicle technologies such as Electrical Vehicles (EVs) is an
efficient effort to reduce the emission of carbon oxides and nitrogen oxides. Ironically, EVs poses
concerns related to vehicle recharging and management. Due to the significance of charging station
infrastructure, electric vehicles’ charging stations deployment is investigated in this work. Its aim is
to consider several limitations such as the power of charging station, the average time needed for
each recharge, and traveling distance per day. Initially, a mathematical formulation of the problem is
framed. Then, this problem is optimized by application of Genetic Algorithm (GA), with the objective
to calculate the necessary number of charging stations then finding the best positions to locate them
to satisfy the clients demand.
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1. Introduction

From general aspects of energy, with reduction of greenhouse gas emission target and to have
a non-polluting, reliable and sustainable energy system [1], almost all automotive companies are
committed to switching to Electric Vehicles (EVs) rather than keeping conventional cars, which work
with Internal Combustion Engine (ICE). Although electric vehicles are quite expensive in comparison
to conventional cars, the most motivating news is that users can get benefit with a lower spending
on maintenance and operation costs. However, governments encourage people by giving users
subsidies and invest in EV Charging Stations Infrastructure to help companies make this transition
smoother from ICE Vehicles (ICEV) to the new generation of cars. The efficiency of EV relies on
many parameters such as its battery, the power of charging stations, etc. [2]. Thus, regarding this
methodology, by optimizing the distance between charging stations, the cost will be minimized.

Charging Station (CS) infrastructure deployment is the most significant issue for the EV industry.
In general, optimization algorithms, which are used to solve the EV Charging Station locating
problem, are usually focused on maximization of the clients need or minimization of the travel
costs. Some optimal locating charging station problems of electric vehicles have been considered in
recent years [3–6]. In [2], by considering a multi-objective function, optimization in speed and efficiency
increase was achieved in addition to the minimization of two other significant factors in distribution
system: voltage deviation and power loss. In this study, the traffic assignment is overlooked in contrast
to [3,7]. In this work, the start and final destinations are highlighted. Analogous works have been done
in diverse countries such as Iran [5], Sweden [8], and Germany [9]. Another analysis was fulfilled in [3]
Ontario’s transmission network in terms of a zonal model to preserve the optimized charging stations
which are considered as loads into an acceptable margin. In [3], graph theory was utilized to solve the
problem. A method was presented in [4] to place the optimal charging stations using service radius
of EV charging stations. A simultaneous optimization placement of charging stations in presence of
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capacitors was presented in [10], which caused a remarkable reduction in power loss and improved
voltage profile in the distribution system. A Markov modelling approach in [11] was utilized to set EV
charging stations. There are several research papers on optimal placement of EV Charging Stations by
application of Genetic Algorithm (GA). In [12], an optimal placement employing GA was proposed to
minimize the range anxiety using GPS data. The objective of this paper is to develop a method that
would be applicable in comparison to the above-mentioned approaches. As a comprehensive research
on the use of genetic algorithm to solve the location problems, proved that GA could be more accurate
and superior than other optimization algorithms [13]. Since data acquisition for electric vehicle usage is
limited, a record of EVs in Milan is required as a real data reference [14]. To demonstrate the presented
work, three different cases are introduced. A Genetic Algorithm is employed to solve the problem in
each mode. This research contributes to give the EVs clients assurance in decreasing the costs for using
EVs and make them confident about issues such as social acceptance and insufficient charging stations
by locating the adequate number of CSs in the adequate coordinate.

By introducing some constraints such as power of charging station, average time needed for each
recharge, power consumption of electric vehicle, average travel distance per day, average electricity
demand per day for an electric vehicle, number of charge cycles per day and estimating the number of
EVs in the given year using bass model, the number of Charging Stations are calculated for each Mode.
Then, GA optimizes the problem in each mode after approximately 1000 iterations.

The objective of this work is to minimize the recharge cost by proposing a function based on the
distance constructed with Haversine Formula [14], which is connected to a cost function, and then
implementing GA optimization, reaching the goal of best positions for charging stations. A genetic
algorithm code in a planning area, whose task is to optimize the fittest function within a generation,
is implemented. A flowchart of genetic algorithm task is presented in the following section to clarify
the problem. The algorithm repeats the optimization loop up to the point that its convergence curve
reaches a saturation and then the optimization process stops. As a study case, this method is performed
in Milan city, Italy. The summation of optimal distance between settlements to the closest charging
station in three different modes are found and their relevant 3D-plots in each mode are drawn. Then,
with some constants that present the target function, i.e., recharging cost for an electric vehicle in each
settlement, is calculated and depicted as a result. Moreover, with accumulated data of recharging
cost in each mode, the total recharge cost is presented separately so that a better deduction is drawn
in conclusion.

2. Charging Modes for EVs Charging Stations

European electricity companies, particularly distribution system operators (DSOs), are investing
in the necessary infrastructure to build a single European market for EVs. European standards are
indispensable to safeguard that drivers enjoy convenient EU-wide charging solutions that avoid a
multiplicity of cables and adaptors and thus retrofit costs [15,16]. Today, the only standards available
at European level, dealing with the charging system, plugs, and sockets, are contained in the IEC
61851 [17,18]. It provides a first classification of the type of charger in function of its rated power and
thus time of recharge, defining different charging modes:

• Mode 1: Charging refers to the connection of an EV to the AC supply network through a single
phase AC line not exceeding 250 V AC or a three phase AC line not exceeding 480 V AC at
50–60 Hz, using national plug and socket system not exceeding 16 A with protective earth
conductors, depending on the country and standardization. This low power vehicle charging
mode is the slowest mode and can refill a battery overnight reaching full capacity before morning.
This type of overnight recharge ensures a low electric load for the grid and the car is recharged
economically using a low cost night rate power. This recharging mode is mainly used at home
and office, since no additional infrastructures are required.

• Mode 2: Charging refers to the connection of an EV to the AC supply network with the same
voltage limits as for Mode 1, using standard wall sockets and plugs not exceeding 32 A with



Sustainability 2018, 10, 1076 3 of 14

protective earth conductors. The difference with Mode 1 consists in the fact that the vehicle
inlet and connector present a control pin. The supply network side of the cable does not require
a control pin as the control function is provided by an integrated control box with the further
function of in cable protection device. This recharging mode is primarily used for dedicated
private facilities.

• Mode 3: Charging refers to the connection of the EV to the AC supply network using an Electric
Vehicle Supply Equipment (EVSE), not exceeding 63 A, where the control pilot function is extended
from Mode 2 to control equipment permanently connected to the AC supply. In this case,
connectors with a group of control and signal pins are required for both sides of the cable.
This recharging mode is typical of public charging stations and is generally supplied from
three-phase AC mains at 50/60 Hz. It is also called “semi-fast” charging solution since it is
possible to charge a battery in few hours when the driver is at work or during every day activity.

• Mode 4: It has been implemented by the CHAdeMO consortium and is characterized by the use of
off-board chargers where the control pilot function is extended also to the equipment permanently
connected to the AC supply. The supply AC power is converted in the charging station to DC and
the plug ensures that only a matching electric vehicle can be connected. Typical charging times of
Mode 4 are in a range from 20 to 30 min. In this case, the charging time is limited by the allowable
current of 125 A and voltage of 500 V of the CHAdeMO standard connector.

These modes are also briefly described in Table 1.

Table 1. IEC 61851-1 charging mode.

Charging Mode Max Current per Phase Charging Time Vehicle Battery Charger

Mode 1 16 A 4–8 h On Board
Mode 2 32 A 2–4 h On Board
Mode 3 63 A 1–2 h On Board
Mode 4 400 A DC 5–30 min Off Board

3. Description of Genetic Algorithm

The optimization method proposed is based on a Genetic Algorithm (GA) [19,20]. The genetic
algorithm is a stochastic algorithm based on the principles of genetics, natural selection and Darwinian
evolution that allows the survival of the individual with the genetic baggage that is more suited to
survive in the environment in which he lives, allowing the reproduction and transmission of the best
genes to the new generation [21–24]. Determination of optimal locations for EV charging stations
is performed by minimization of cost functions applying a GA. In this case, where the focus is not
on living beings, the chromosomes of the genetic baggage involved in the process will be bit strings,
and the environmental conditions to which these will have to adapt will be a fitness function that
will allow a close evaluation of several factors to optimize the different objectives chosen [25–27].
This method can also be used in other areas by appropriately adapting objectives and participants
in the selection. To adapt a GA considering the specifications of the problem, the objective function
that is to be optimized, the concept of chromosome and equivalent of gene need to be defined [28].
Moreover, dynamics of crossover and mutation must be determined. A concise description of GA
helps to understand how it is adapted to the specific problem of optimal placement of charging stations
in a city like Milan. Describing the problem in the form of a mathematical equation, which is called
“Objective Function” or “Fitness” function, occurs before any discussion about the algorithm. The goal
of application of the GA is optimization of the objective function. GA starts by generating a population
of random answers, which is called initial population (Initialization). Any member of this population
is a random answer. Structure of a possible answer is considered as a chromosome consisting of a
sequence of properties. Each of these properties is considered a gene. Therefore, a possible answer
is considered as a string of digits or characters. A chromosome, which represents an answer for the
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fitness function, is considered as a vertical string of pairs of latitudes and longitudes and every pair is
considered as a gen. The second step is to determine the goodness of these random answers by means
of the objective function (Evaluation). Thirdly, these answers are sorted by their goodness. The fourth
step is to select pairs among these answers. This is a fitness proportionate selection which is influenced
by two factors: chance and goodness of answers (Parent Selection).

A casino roulette wheel with its area divided by the number of answers where each answer shares
an area proportionate to its goodness is a good example of such a selection. The fifth step is to create a
new generation of answers out of these pairs of answers through the crossover process (Crossover).
Crossover process stands for combining two answers and creating two new answers similar to the
fusion of two chromosomes, which results in the creation of two new chromosomes. In the sixth step,
this new generation of answers gets mutated (Mutation). Mutation stands for altering one or part of
the genes of a chromosome. This mutated population of the answer will go through the Evaluation,
Parent Selection, Crossover and Mutation repeatedly until the goodness of answers stop improving
compared to previous generations. A plot of the average goodness of answers of generations over the
number of generations shows a saturation at this point (Figure 1).

Figure 1. Flowchart of applied GA.
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4. Optimization Performance by Genetic Algorithm

Considering the dimensions of the problem, the adaptation of GA is performed as follows.
The work target is set up by limiting the total expenses produced when client requirements for the
charging station. The total expenses considered in this work incorporate the cost for clients caused
when they travel the path to the charging station (C1), the expense of the power consumed while in
transit to the goal charging station (C2) and the cost of controlling the populace caused by producing
the power sought after (C3). It is possible to describe these with Equation (1):

C1 = A×
n
∑

i=1
[(x− ai)

2 + (y− bi)
2]

1/2

C2 = G× P×
n
∑

i=1
[(x− ai)

2 + (y− bi)
2]

1/2

C3 = R× P×
n
∑

i=1
[(x− ai)

2 + (y− bi)
2]

1/2

(1)

The total expenses C consists of the sum of costs (Equation (2)):

C = [A + (G + R)P]
n

∑
i=1

[(x− ai)
2 + (y− bi)

2]
1/2

= C1 + C2 + C3 (2)

where A is the average cost per kilometre for the user (Euro/km), G is cost of electricity generated per
kWh (Euro/kWh), R is the cost of contamination controlling for production of kWh (Euro/kWh) and
P is the power utilization of an EV for every kilometre (kWh/km). x and y are the charging stations
coordinate and ai and bi are the settlements coordinate [29].

Objective Function Optimizer

The goal of the algorithm is to minimize the total charging cost. Since A, G, R and P are constants,
minimization of the total cost equals the minimization of summation of distances between settlements
and charging stations. In this work, settlements and charging stations are indicated by their longitudes
and latitudes and the distances between them are calculated by Haversine formula [30] rather than

[(x− ai)
2 + (y− bi)

2]
1/2

, as shown in Equation (3):

a = sin2((φ2 − φ1)/2) + cos φ1 cos φ2sin2((λ2 − λ1)/2)
c = 2Atan2

(√
a,
√

1− a
)

D = R·c
(3)

where D is the summation of distances between settlements and the closest charging station, φ is
latitude, λ is longitude, and R is earth’s radius (mean radius = 6371 km). Angles must be in radian scale
to verify trig functions. Therefore, the objective function in this work is formulated in Equation (4):

D = ∑
i

R× 2Atan2
(√

a,
√

1− a
)

(4)

Settlements are places where EVs settle down most of the time. Parking lots, and important and
popular destinations are some examples of these places. Determination of number and distribution
of settlements is beyond the scope of this work and a subject of transportation and urban planning
studies. Three different modes have been examined:

• Mode 2: It is a slow charging mode applied by a household type socket-outlet with an inner cable
protection component in AC.

• Mode 3: It is a medium to fast speed charging mode utilizing a specific EV socket-outlet with
control and protection function installed in AC.

• Mode 4: It is an ultra-fast charging mode with an external charger in DC.
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5. Case Study

In this study, the number of settlements is considered to be 50. Selection of a different number of
settlements is simply possible without imposing any limitation or contradiction to any other step of
this methodology. The resolution of point selection on the map is 5.6 m. In other words, the maximum
distance between two adjacent pixels on the image file of the Milan map used in this work is less than
or equal to 5.6 m. A black and white map of Milan is created with the same resolution and is used to
check if a randomly selected point is inside the city of Milan. Selecting random points inside the Milan
city is necessary during the algorithm performance.

Bass model [29] is used to estimate the number of Electric Vehicles. Bass model is identified in
Equation (5):

N(t) = M
1− e−(p+q)t

1 + q
p e−(p+q)t

(5)

where N(t) is the number of EVs and t is the time counted by the year. p, q and M are the parameters of
the model to be found by curve fitting. To apply a curve fitting, a record of EVs in Milan is required as
a real data reference. Previous records of the number of EVs for 2008–2012 reported in [31] are used for
this aim. The prediction model parameters M (872), p (0.431) and q (0.253) are calculated by fitting the
Bass model to the real data (Figure 2). The model is finally used to estimate the number of EVs in 2024.

Figure 2. Number of EVs are estimated in 2024.

Calculation of the number of charging stations is mainly dependent on the number of EVs in
the city that is estimated as explained. Other determinant factors are charge cycles per day for an
EV, power of charging stations, average charging time and average travel distance for a typical EV.
Number of required charging stations is calculated based on Equation (6):

Qs = µs
W

PsTs
(6)

where Qs is the charging stations’ quantity, W is acquired electric vehicles’ power consumption per
day, µs is a balancing factor for the charging stations, Ps is the charging station’s power, and Ts is the
required average time for recharging. W is calculated as shown in Equation (7):

W = Pav N(t) Nav (7)
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where Pav is the electric vehicles’ average power consumption, N(t) is the number of electric vehicles
which are estimated for the given time and area and Nav is the average number of charge cycles in a
day. Pav is calculated as indicated in Equation (8):

Pav = p× r (8)

where p is an electric vehicles’ power consumption, and r is the average distance that client travels
per day. According to the number of settlements, which we considered 50, as mentioned before, these
numbers can be placed randomly, as shown in Figure 3. These 50 settlements are utilized hereafter for
all the three modes. However, the selection of any number of settlements is feasibly flexible.

In Mode 2 with the favour of charging station power, which equals to 22 kW, the number of
charging stations is calculated to be 34. After 967 optimization iterations, the algorithm reaches an
optimal distance around 14 km, as depicted in Figure 4, which means the summation of distances
between settlements and the closest charging station optimized from more than 55 km to 14 km.
The map of optimal charging stations placement and settlements is depicted in Figure 5.

According to charging station power in Mode 3, which is considered 43 kW in this examination,
the number of charging stations is calculated to be 28. In this mode, optimization of placement of the
charging stations lasts for 1133 iterations and gives an optimal summation distance result of 20.76 km.
Figures 6 and 7 illustrate optimization algorithm convergence and the optimal placements of CSs in
this mode, respectively.

Figure 3. The 50 settlements placed randomly.

Figure 4. Convergence curve of the GA for Mode 2.
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Figure 5. Final location of charging stations (*) and settlements (O) in Milan city in Mode 2.

Figure 6. Convergence curve of the GA for Mode 3.

Figure 7. Final location of charging stations (*) and settlements (O) in Milan city in Mode 3.
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Since Mode 4 charging station has a high level of power equal to 120 kW, the number of
charging stations decreased to 24. In this part, optimization has been finalized after 689 iterations,
as demonstrated in Figure 8. As desired, Mode 4 gave a better distance compared to the other two
modes, that is 26.83 km. The optimal location map of CSs for this mode is described in Figure 9.

Figure 8. Convergence curve of the GA for Mode 4.

Figure 9. Final location of charging stations (*) and settlements (O) in Milan city in Mode 4.

6. Distance and Costs Obtained in Different Modes

For these three modes, Figure 10 represents the results of optimization in each mode where
the latitude and longitude are represented in terms of degree and the closest optimized distance to
charging station in terms of kilometre for 50 settlements.

The longest distance as marked in the figures as 1.732, 1.879 and 2.661 km for Modes 2, 3 and
4, respectively. It can be realized that the algorithm has properly optimized, and thus decreased,
the density of charging stations in the planning region. A better, well-balanced and organized plot is
seen in Mode 3, since it compromises appropriately with the planning area according to the number of
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charging stations compared to the other plots. However, in Mode 4, except for two points, the trend
has good condition and the optimal distances are roughly under 1.5 km.

Figure 10. Optimized distance from each settlement to closest charging station: (a) Mode 2; (b) Mode 3;
and (c) Mode 4.
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The recharge cost for an Electric Vehicle in each settlement in terms of Euro is shown in Figure 11.
The aggregate amounts of recharging cost obtained in Mode 2, Mode 3 and Mode 4 are 31.30, 40.88 and
55.13, respectively. Due to lack of precise information on constants A, G, R and P, this calculation
could have some variance. Thus, constant cost equals [A + (G + R)P], which equals [1.85 + (0.25 +
0.1)0.16] giving 1.906 (Euro/Km). Therefore, recharge cost for an EV in the settlement equals distance
multiplied by [A + (G + R)P].

Figure 11. Recharge Cost of an EV in each Settlement in: (a) Mode 2; (b) Mode 3; and (c) Mode 4.

Considering these recharge cost figures in addition to its aggregate amounts, it is worth
mentioning that, although the electric power had a remarkable growth of around six-fold from
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Mode 2 to Mode 4, the total recharge cost experienced less than doubled. Therefore, in terms of
efficiency, Mode 4 could be the effective choice in comparison to Mode 2 for EV industries.

7. Conclusions

This study is proposed due to the great importance of charging stations (CS) infrastructure.
The optimal method used performs as a flexible tool for planning the CSs besides the simplicity
of implementing the method in each dimension. In comparison to other methods in this planning
field, it is more flexible whenever there is need to add or subtract any number of CS. This method
is implemented in three different modes. It should be noted however that the model is idealized.
Many factors should be considered in the actual process of the location of charging station, such
as physical geographical condition and topography of the planning area. Finally, a summary of
the three above-mentioned modes of operation is given. It is worth noting that, when CS power
increases, the number of CSs decrease. It must be a trade-off between the power and the number of CSs.
As the power grows higher, electric vehicles can be powered for more traveling distance. However,
the structure and production cost increases proportionally. This research contributes to give the EVs
clients assurance in decreasing the costs for using EVs and make them confident about social problems
such as social acceptance and insufficient charging stations by locating the adequate number of CSs
in the fittest coordinate. However, there is still a significant limitation for EV industries to deal with:
a limited-range of travel distance within a charge. This problem comes from the battery technology;
although there is striking development in this technology, it is still not enough to satisfy the clients
in this context. As a prospective research, a good and effective therapy for this problem could be
Inductive Charging for EVs. Although it is now under investigation, still more attention is going to
this field due to its importance in the next future, causing an improvement of EV charging stations.
A future work will be to reduce the time of the simulation. This aspect is fundamental, especially
when considering the high number of charging stations optimization (for example, more than 200).
Currently, the algorithm gives an answer, but it takes a long time. For this reason, this aspect will be
considered as a possible improvement of this work.

Author Contributions: Authors contributed equally to this work.

Conflicts of Interest: The authors declare no conflict of interest.

Nomenclature

CS Charging Stations
EV Electric Vehicle
GA Genetic Algorithm
ICE Internal Combustion Engine
C1 the cost for clients caused within traveling the path
C2 the cost of the power consumed within the path
C3 the cost of controlling the populace
C total costs
A the average constant cost per kilometre for the clients
G the constant cost of electricity generating per kWh
R the constant cost of contamination controlling for production of kWh
P the power utilization of an EV for every kilometre
x,y the charging stations coordinate
ai, bi the settlements coordinate
ϕ latitude
λ longitude
R earth’s radius
D the summation of distances between settlements and the closest charging station
N(t) estimated number of electric vehicles
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Qs calculated number of charging stations
W the acquired electric vehicles’ power consumption per day
µs the balancing factor
Ps the charging station’s power
Ts the required average time for recharging
Pav the electric vehicle’s average power consumption
Nav the average number of charge cycles in a day
p an electric vehicle’s power consumption
r the average distance that client travels per day
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