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Abstract 

This paper presents an optimization model for charging station placement in order to minimize the overall cost by 

satisfying the charging reliability and quality of service expected by electric vehicle owners/drivers. To better 

understand and illustrate the problem’s complexity, set modeling is used to represent the road network and the electric 

vehicle driving trajectories. By involving the Euclidean distance, this optimization model also considers the charging 

reliability as well as the driving range limitation of electric vehicles. The disposable charging time of electric vehicle 

owners/drivers is reflected by incorporating the new Quality of Service index. The numeric results illustrate the 

application of the proposed optimization in achieving the minimal cost of charging station locations while also 

achieving both charging reliability and expected quality of service through the analysis of electric vehicle 

owners’/drivers’ behavior. 
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1. INTRODUCTION 

Today, transportation is the major contributor to urban air pollution due to the exhaust gases of conventional liquid-

fueled vehicles, [1]. Above all, emissions are expected to rise even more in the upcoming years and the level of urban 

noise is expected to increase, especially in developing countries. Electric vehicles (EVs) can play a significant role in 

addressing the challenges of mitigating the environmental impact of the transportation sector on urban air and noise 

pollution, improving the power system reliability, [2], and satisfying the demand for transportation services. Low-

carbon fuels, renewables and massive deployment of EVs are taking higher importance in climate change mitigation, 

[3]. The affordability of EV purchase i.e. the extent to which the price of the EV is affordable to the potential buyer; 

low emissions, operation and maintenance costs; technological improvements in battery manufacturing; social-media 

popularity; type of EV i.e. its purpose (e.g. taxis); charging technology/battery swapping or any other recharging 

mechanisms and higher environmental awareness are the key factors that contribute to EVs’ growing practicality and 

popularity. To ensure widespread EV use and unlimited EV mobility, however, cities must invest in the proper 

expansion and reinforcement of the electrical power grid as well as the establishment of charging station infrastructure. 

Right now, authorities around the world are considering different policies that promise to alleviate climate change. 

Electro-mobility has been recognized as an appealing and viable option, and many research works that consider the 

future of EVs have been supported. Increasing the number of EVs on the road would tax the power grid since batteries 

need to charge. Battery charging raises additional concerns relating the driving range of the EV. The driving range per 

charge and long charging time represent major limitations of the EVs. Eventually, the driving range is a function of 

charging time, driving behavior and road network. For fostering the use of EVs in the near future, there is the need to 

compensate the driving range limitation of the EVs by establishing a distance reliable charging infrastructure. Random 

distribution of charging stations (CS) and forming an occasional charging infrastructure would represent a significant 

barrier in widespread adoption, since it would cause scarcity of convenient charging locations. In [4], fundamentality 

of the energy infrastructure problem regarding telecommunications, railways for trains, electricity grid and natural gas 

pipelines in the energy sector is discussed and it is shown that new infrastructures are built when required to overcame 

strategic needs. Also in [5], the scarcity of having refueling facilities in convenient locations is argued. It is pointed 

out that the main barrier for adopting alternative fuel vehicles is the huge cost of developing a dispersed recharging 

infrastructure. Authors point out the importance of involving new methods to minimize the costs of developing an 
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alternative fuel recharging/refueling infrastructure. 

Up until now, literature has recognized a variety of discrete location models. The taxonomy of discrete location 

models fall under three categories: coverage, median and dispersion models as noted in [6]. The coverage discrete 

location model relates to the discrete set-covering problem, as explained in [7], and it is stated as discrete location set-

covering problem (LSCP), where by definition, the problem is to find the minimum number of facilities to cover the 

demand- represented as passing flows or potential customers aggregated as area points. The first discrete set-covering 

model was introduced in [8], where it was used to find the minimal number of emergency ambulance vehicles to cover 

(distance, time criterion) the demand nodes by at least one emergency vehicle. In [9], the LSCP was used to develop 

a model to determine recharging locations using an integer program with a case study validation. This model was 

developed to enhance the initiative to mitigate air pollution. Additionally, sensitivity analysis was performed to seek 

the minimum recharge time and length of stay at each site. The objective function is to minimize the charging stations’ 

allocation cost. Constraints are set on the candidate sites capacity. In [10], the same methodology for battery exchange 

stations is applied, which is a valid time-saving option for EVs. In [11], the authors use the concept of set-cover for 

proposing a refueling-station-location model using a mixed-integer programming method, based on vehicle-routing 

logic. In [12], the concept of set-cover and vehicle refueling logic is used to propose a hybrid model with dual 

objectives, using a mixed-integer programming method to locate refueling stations at minimal cost. In coverage 

discrete location models, it is supposed that unlimited resources are available- a rare case in reality. Therefore, the 

extended version of the problem is defined as maximal covering location problem (MCLP), where the total amount of 

population served is maximized within a maximum distance or time criterion by a predefined number of facilities 

(limited finances). In [13], a model for maximizing the covering of the demand clusters during morning or evening 

peak hours is proposed by the constraints set on the number of charging stations. It represents improvement on the 

set-covering location problem. In [14], a set-covering location model is proposed coupled by a simulation process to 

determine where to locate electric vehicle charging stations to maximize their use by privately owned EVs. The 

objective function is set on maximizing the number of charged EVs or the total electrical energy re-charged by setting 

the constraints on the charging capacity of the candidate locations. In [15], a parking-based set-covering model is 

introduced, where the objective function is based on the minimization of trips to the charging stations by satisfying 

the demand, aggregated as nodes of attractive areas subject to the number of charging EVs. In [16] the authors propose 

a customer demand set-covering model, i.e. an optimized algorithm for location scheme for electric charging stations. 

In [17], a multi-objective electric vehicle charging station planning method is proposed that ensures charging service, 

while also reducing the power losses and voltage deviations of distribution systems. Also, a battery capacity 

constrained EV flow capturing location model is proposed to maximize the EV traffic flow that can be charged, given 

a candidate construction plan of EV charging stations. In [18], set-covering location modeling is used and the existing 

traditional gas station network as the candidate sites to determine the distribution of the charging and battery swap 

stations. The objective function in [18], minimizes the total cost of deployment of the charging stations, by including 

the transformation cost of the gas station into a grade noted charging station subject to the number of charging points 

that should cover the demand points and the capacity of the charging stations. Recently, in [19], the authors have 

presented an optimization model for selecting public charging stations by maximization of the electrified vehicle-

miles-traveled for potential environmental benefits. The public charging demand is modeled by using large-scale 

vehicle trajectory data. To verify the model, the public charging infrastructure for the city of Beijing is used as a case 

study. In [20], a review of recent trends in optimization techniques for plug-in hybrid, and electric vehicle charging 

infrastructures is made. It is noticed that the growth of the smart grid technologies depend upon the recently introduced 

electric vehicle charging infrastructure services. In [21], it is demonstrated how driving patterns databases and data 

mining can be used to appropriately design the charging infrastructure for EVs. It provides a developed model and 

focuses on the valuable potential of the proposed methodology to support the future policies for designing alternative 

fuel infrastructures in urban areas. In [22], a new model and framework for the improved determination of charging 

infrastructure allocation for occasional battery charging is presented. The concept of occasional recharging is shown 

which is used to provide additional usable battery energy to the system without any additional disturbance of 

processes, while using existing process sequences and process interruptions in optimized infrastructure allocations. 

The literature review referenced above is entirely committed to discrete location set-covering problem (LSCP) 

based optimization models for charging stations placement. An added note with respect to the charging stations 

location and charging infrastructure establishment: in general conclusion, the research filed on charging infrastructure 

establishment, points on a gap in the consideration of the expected quality of service of the charging infrastructure 

characterizing the EV drivers’ needs and behavior. The quality of service depends on whether or not the nearest 
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charging station is within some pre-defined known distance or charging time. The goal for this paper was to put 

together the available charging time of the EV drivers when dealing with longer trips and to locate charging stations 

within the driving range of the EV that satisfies mobility limitation. It is this paper’s challenge to improve the general 

set-location optimization models by introducing quality of service, defined as expected charging time, while 

minimizing the overall charging infrastructure placement cost. First, the paper’s idea is prioritized by lowest cost, in 

order to reliably satisfy the needs of the charging service, indicated by the EV drivers’ behavior and to resolve range 

limitation (i.e., to ensure charging reliability, and to consider the expected quality of charging service, with the 

intention of dealing with the request of available charging time per charging service when driving for longer distances). 

This paper develops a set-covering location problem based linear integer optimization model for determining 

locations of charging stations by minimizing the overall charging infrastructure cost subject to the charging reliability 

due to the driving range limitation and demanded quality of service as a consequence of the disposable charging time 

of the EV users. Its main advantages when compared to the existing LSCP based optimization location models 

presented in [9], [10], [11], [12] are: 

- Ensured charging reliability by placing at least one charging station within the driving range of the EV drivers, 

based on the distance criterion, which is defined by the Euclidean distance between two points and EV drivers’ 

driving range. The driving range is a key factor for determining the locations of charging stations for completing 

longer trips. In this paper, the ‘distance to empty’ of the EV drivers’ which depends on uncertainty factors such 

as speed of driving, road terrain, traffic, air conditioning, is included in drivers’ driving range, Rv. Since, each 

v-th individual EV driver has its own driving range. To explain clearly the charging reliability, let’s assume 

that an EV driver wants to go from point A to point B, as shown on Figure 1, a). In this paper, the notation of 

circle center is introduced as location of the charging station (CS), and the radius of the circle as the driving 

range of the EV, in this case equaling 200 km. The distance between two points equals 100 km. On Figure 1, 

a) it can be seen, that starting from point A, end point B cannot be reached, as a consequence of the range 

limitation of the EV. It is a considered assumption that, at point A, the battery of the EV is fully charged to 

perceive conceptuality and make example clearer. The EV driver would drive 200 km, and run out of charge; 

hence, it would not complete its intended trip. On Figure 1, b), a charging station is placed at end point B. Yet 

again, the EV driver starting from A would not reach B, since he can only drive 200 km and would run out of 

charge before he arrives at endpoint B. Also in this case, charging reliability is not ensured, meaning that no 

charging station is placed at a location that can be reached within the driving range of 200 km. Figure 1, c) 

shows the principle which is used in this paper to ensure the charging reliability. Starting from point A, the 

charging station 2, CS2, is placed within the driving range of the EV, so it can reach point B, and the trip can 

be completed. The centers of the overlapping circles represent the location of the charging stations and the 

length of intersection cord in this case equals the driving range of the EV, 200 km. This is the way in which 

charging reliability is ensured, assuming the driving range distance in the optimization model presented here, 

- Tracking EV driving behavior and prioritizing potential charging station location points. Potential location 

points characterized by greater traffic flow are this paper’s subject of interest; hence, can be included in the 

optimization model by giving them higher weight; 

- New criterion for establishing a charging infrastructure based on expected service level, named Quality of 

Service index (QoS), defined as a measure that reflects the disposable charging time of the EV drivers needed 

to complete planned trips; and  

- Consideration of the investment cost of different charging technology options at potential location points. The 

charging times offered by charging technology options at potential location point directly targets the quality of 

the charging service, since the overall placement cost of the charging infrastructure is related to the expected 

quality of service as indicated by EV drivers, which is the main contribution of this paper to the set-cover 

location models. 

Besides the optimization algorithm, the aim of this paper is to expose the fact that the request for faster charging or 

shorter available charging time, reflected though the new QoS index, leads to higher charging infrastructure placement 

cost, since charging technology allowing faster charging with higher investment cost must be placed at the candidate 

locations. 

The rest of the paper is organized as follows: the optimization procedure is presented in Section 2 with 

Subsections 2.1 and 2.2. Section 3 presents the numerical results. The conclusion drawn from the paper is provided in 

Section 4. 
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2. OPTIMIZATION PROCEDURE 

The proposed optimization procedure in this paper consists of several tasks and is presented on Figure 2. 

The first subtask of the input data section is to input roads as a discrete network represented as a finite set of 

candidate location points. Next, the goal of the second subtask is to outline the EV drivers’ behavior by specifying the 

road network points as elements of an individual driving trajectory at specific point in time. A finite set representing 

EV driver trajectories is explained in detail in Subsection 2.1.  

In the third subtask, the road network traffic flow’s weight can be identified out of the finite set representation of 

the EV drivers’ trajectories and used later in the optimization model. The road network’s discrete points with higher 

weight are locations of interest. Weight identification is shown in detail in Subsection 2.1. 

The forth subtask is reserved for inputting the costs of different charging technologies to be installed at the candidate 

location points. 

The fifth subtask is to input the EV driver’s individual disposable charging time to reach planned trips. This data is 

used to calculate the value of the newly involved QoS index of the individual EV driver. Identification of the QoS is 

presented in detail in Subsection 2.1. 

Furthermore, the optimization model has constraints to ensure charging reliability and expected quality of service 

is presented in detail in Subsection 2.2. 

 

2.1. Input data preparation 

 

The input data preparation part involves the finite set representation of the candidate locations and trajectory 

demand points, explanation of the general scheme for the formation of finite sets in accordance with a distance 

criterion and the EV driver driving range to ensure the charging reliability, clarification on the candidate location 

weights identification accounting for the traffic load and the definition of the new Quality of Service index of the 

charging infrastructure. As follows, the input data is used to execute the latter optimization model presented in 

Subsection 2.2. 

 

2.1.1. Finite set representation of candidate locations and trajectory demand points  

 

To represent the road network, a discrete set modeling approach is used. The essentials and applicability of the 

approach are explained in detail in [23]. This step is carried out for reducing the complexity of the location modeling 

and to prepare data for the optimization process. By involving the sets theory, the road network is represented as 

follows: 

  1 2 3, , , ,  , ,  ;  1,2,3,...,  i IM m m m m m i I      (1) 

Where M is the finite set of I road network discrete points, and mi represents the i-th candidate location for placing the 

charging station: 

 

As shown on Figure 3, the spatial representation of the road network can be seen and the final set representation of 

the discrete road points, as noted with equation (1). In this example, shown on Figure 3, the value of I = 15. Hence, 

the road is being sampled on equally spaced discrete points, which are noted as elements of the set M, representing 

the set of candidate location points (empty markers). 

 

Furthermore, the individual behavior of the EV drivers is noted by a finite set representation, the same principle as is 

used in representing the candidate locations points. In this paper, the following notation is used: 

  
,,1, ,2, , , , ,, ,;  1,  2,...,  ,...,  ,  ;   1,  2,...,  ;   1,  2,.,..., . ,   .

v tv t v t v j t vv vJ tttN j J v V tn n Tn n        (2) 

where Nv,t is the t-th finite set of trajectory demand discrete points of the v-th EV driver, and nv,j,t is the j-th trajectory 

demand discrete point. The observed period has T time instances, Jv,t stands for the total number of trajectory points 

of the v-th EV driver at t-th time instance and V is the total number of EV drivers. 

 

Figure 4 represents an example of the spatial final set representation of the trajectory of the v-th EV driver at t-th time 

instance, as noted with equation (2). The point nv,1,t represents the start of the trajectory, and the nv,7,t represents the 

finish of the trajectory. The trajectory points are noted with black markers. 
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2.1.2. General scheme for the formation of finite sets in accordance with a distance criterion and the EV 

driver driving range 

 

As explained in [23], the distance between the candidate location point and the trajectory demand point is defined 

by the Euclidean distance [24]: 

 
2 2

, , , , , , ,( ) ( ) ;  ;  i v j t dx i v j t dy i v j t v tm n m n m M n N         (3) 

where, ξ is the Euclidean distance between the candidate location point mi and the trajectory demand point nv,j,t. In this 

location optimization problem, the sets Sv,j,t are defined in terms of the distance between the trajectory discrete demand 

point nv,j,t and the candidate location mi: 

  , , ,: ;  1,  2,...,  ;   1,  2,...,  ;   1,  2,...,  v v v tij t mS R j J v V t TM          (4) 

and elements of the set Sv,j,t are the candidate location points mi, which meet the distance criterion ξ ≤ Rv. 

 

Figure 5 shows that a complete charging reliability, with regard to distance, is achieved when at least one charging 

station is placed within the driving range of the v-th EV driver, which equals 200 km. In equation (5), the initial v-th 

EV driver driving range, Rv,0, is dependent of the v-th EV driver state-of-charge, SoCv and η is the energy conversion 

efficiency (usually 6 km/kWh, [25]).  

 ,0   1,  2,..; .,  vvR v VSoC     (5) 

Regarding the starting point of the EV drivers, it can be anywhere within the modeled road grid but not beyond it, 

however this case is solved indirectly with the v-th EV driver SoCv. In accordance with equation (5), to account the 

EV drivers coming from beyond the modeled road network, the input points must be determined and the current SoCv, 

of the v-th EV driver identified, to be able to determine the candidate location points to be included in the latter 

optimization. 

In this example, it can be seen, that the distance criterion ξ is equal to the driving range Rv; hence, the elements of 

the individual set Sv,j,t would be the candidate location points that fulfil the given criterion (i.e., ξ ≤ Rv). For later usage 

in the optimization model, the mathematical coefficient ai,v,j,t is noted, which is equivalent to the set defined in (4): 

 , , ,

1,   

0,  otherwise

v
i v j t

Ri
a

f  
 


  (6) 

The coefficient in (6) takes a value of 1 if the Euclidean distance from the i-th candidate location for placing CS to 

the j-th trajectory discrete point of the v-th EV driver at t-th time instance is within the driving range of the EV driver, 

and 0, otherwise. 

 

2.1.3. Weights identification regarding the traffic load 

 

Another important economic parameter, or priory, used later in the optimization procedure is the individual weight 

of the i-th candidate location point. The weights are identified regarding the traffic flow, defined by the number of EV 

users traveling along a candidate location point of the road network, reflecting its importance. To calculate the weights, 

first, the following coefficient is defined: 

 
,

,

1,   
;   1,2,..., ;   1,2,..., ;  1,2,...,

0,  otherwise

i v t

i t

if m N
W t T v V i I


    


   (7) 

where the coefficient ,i tW  takes the value of 1 if the i-th candidate location point is part of the set of trajectory demand 

points of the v-th EV driver at t-th time instance, and 0 otherwise. The weight of the i-th candidate location point for 

placing CS, noted with wi, is calculated as sum of the coefficients Wi,t, in the observed optimization period with T time 

instances, written as: 

 ,

1

  1, 2,...,;

T

i i

t

tw W i I



    (8) 

 

2.1.4. Candidate charging technologies 
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The type of the charging technology placed at the candidate location plays a vital part in electromobility since it 

imposes the duration of the charging time. As general consideration, a technical-economic improvement of the 

charging infrastructure would be to shorten the charging time and install charging technologies at lowest cost at 

candidate locations. Since a variety of charging technologies are available now, K candidate charging technologies 

are defined for the placement on i-th candidate location for the following optimization procedure. This definition, as 

shown later, will satisfy the requested quality of the charging service by applying the optimization procedure. The 

input parameter Lk,v is defined noting the charging time, CTk, using the k-th candidate charging technology to reach 

distance equal to the driving range of the v-th EV driver, Rv. The parameter is written as follows: 

 

 , ;   1,2,..., ;   1,2,...,k v k v v VL CT KR k      (9)  

 

The economic parameter, also known “a priory”, is associated with investment cost for placing the k-th candidate 

charging technology at the i-th candidate location, and is noted with ci,k. The investment cost associated with the k-th 

candidate charging technology includes basic equipment, land cost, and other costs as shown in the optimization model 

in Subsection 2.2. The installation costs are factored into the optimization objective function. 

 

2.1.5. Quality of Service (QoS) 

 

According to the set-covering location models, the candidate location points can be also considered as points of 

service, and the charging infrastructure, in this case, can be seen as object of requested service level, since the 

candidate charging technologies to be installed at the candidate location points offer different charging times. Since a 

new index is introduced, named Quality of Service (QoSv) for the v-th EV driver, the QoSv is defined as following: 

 

 ;   1,2,...,v v vQoS DCT L v V     (10) 

 
where DCTv is the overall disposable charging time of the v-th EV driver to reach the overall travel distance Lv. If the 

v-th EV driver has a longer waiting time for charging at his or her disposal, this means that there is a higher value of 

the QoSv index, i.e. lower charging infrastructure placement cost, as a consequence of installing k-th candidate 

charging technology with higher charging times at i-th candidate location. 

 

2.2. Optimization model  

 

The objective function is to minimize the overall cost for placing the charging infrastructure: 

 , ,

1 1 1

1
T I K

i k i t
it i k

Min F c x
w

  

  
   

  
   (11) 

in which xi,t is the binary decision variable associated with the i-th candidate location point at t-th time instance in a 

optimization period with T time instances. 

The optimization constraints are: 

 , , , , ,

1

1;  1,2,..., ;  1, , ;  1, 2,...,

I

i v j t i t v t

i

a x j J t T v V



       (12) 

 , ,

1 1

;  1, , ;  1, 2,..., ;

I K

k v i t v

i k

L x QoS t T v V

 

      (13) 

 , 1 , ;  1, , 1;  1,2,...,i t i tx x t T i I        (14) 

  ,   0,1 ;  1,2, , ;  1,2,...,i tx t T i I      (15) 

The objective function written in equation (11) minimizes the overall cost for placing the charging infrastructure, 

with K candidate charging technologies, I candidate location points of the road network and optimization period of T 

points in time. The parameter wi represents the importance of the i-th candidate location point for placing CS, and ci,k 

are investment costs for placing the k-th candidate charging technology at the i-th candidate location, as discussed in 
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Subsection 2.1. 

Constraint (12) is introduced to ensure charging reliability of the charging infrastructure by using the coefficient 

ai,v,j,t, defined and explained in detailed previously in Subsection 2.1.2, equations (3)-(6) and Figure 5. The left-hand 

side of constraint (13) ensures placement of the k-th candidate charging technology at i-th candidate location with k-

th technology charging time CTk per v-th EV driver range to achieve the EV driver’s requested quality of service level 

QoSv, as defined in Subsection 2.1.5, equation (10). The equality constraint (14), is involved to obtain continuity of  

i-th candidate location decision variable during the optimization period of T time instances. Therefore, the equation 

(14) states: if i-th candidate location is selected at t-th time instance, the selection decision must be committed to the 

following t+1 time instance, for the observed time period with T instances. Constraint (15) states the binary definition 

of the i-th candidate location decision variable at the t-th time instance, i.e. the binary definition of I candidate location 

points of an optimization period of T time instances. 

3. NUMERICAL RESULTS 

The optimization model has been applied on a test road network of I = 100 discrete points, as shown on Figure 6. 

Each point of the road network holds notation from 1 to 100 and represents a candidate location for placing a charging 

station. The distance between two points is assumed to be 100 km. At the beginning of each run, it is assumed that the 

initial v-th EV driver SoCv,0 is fully charged and enables the EV driver complete Rv, so that the example presented is 

clearer and simple. 

 

In Table 1, the individual EV driver trajectories at t-th time instance are listed. It must be noted, that the starting 

point of the individual EV driver can be anywhere within the discrete grid which is also a representation of the road 

network. For any other EV driver coming from beyond the modeled grid, an input point must be identified and the  

v-th EV driver SoCv in that point, to determine the candidate locations to be included in the optimization. The 

optimization period is T = 24. To execute the optimization model, in this paper, linear programing is used in terms of 

setting the optimization problem with regards to the MathWork’s software Matlab specifications. It is used a computer 

with processor: Intel (R) Core (TM) i7-490K CPU @ 4.00 GHz and installed memory (RAM) 32,0 GB. 

 

Figure 7 shows the overall spatial layout of the trajectories in the road network. The trajectory points are noted with 

solid black markers. 

In this paper, the number of charging technologies is K = 2. The first charging technology candidate, i.e. k = 1, is a 

slow charge technology with charging time CT1 = 240 minutes and the second charging technology, i.e. k = 2, is the 

fast charge technology with charging time CT2 = 20 minutes. 

 

In Table 2, columns 1 and 4 represent the candidate locations, enumerated from 1 to 50 and 51 to 100, respectively. 

According to calculations based on equations (7) and (8), the related candidate location weights are shown in columns 

2 and 5. The value of the weight represents the traffic flow, which was defined as number of EV users traveling 

through a candidate location. As expected, the weights in this example case study are small, as a consequence of the 

considered spatial trajectory layout and the number of EV drivers, which equals 3. The zero weight candidate locations 

are not part of any EV driver trajectory, the candidate locations with weight 1 are part of one trajectory and the 

candidate location with weight 2 would mean that two different trajectory points are crossing through that candidate 

location. Points with higher weight are in interest because they have higher traffic flow. The investment costs for 

placing the slow charge technology and the fast charge technology candidate at the i-th candidate location point of the 

road network are shown in columns 3 and 6, respectively. Investment costs assumptions are calculated based on the 

equations elaborated in [26].The maximum investment cost with regard to the slow charge technology candidate is at 

candidate locations 13 and 77, with maximum investment costs of 100,000.00 €, and the maximum investment cost 

with regard to the fast charge technology is at candidate locations 5 and 9, with investment costs 991,000,00 €. It can 

be also concluded, and emphasized, that the difference in the investment costs between the charging technology 

candidates, slow charge and fast charge, is by factor 10. 

 

In Table 3, three different cases (rows 2, 3, 4) of the value of the QoSv and the EV driving range are shown (Table 

3, columns I, II, III). The first case considers that the EV driver has low disposable time to charge, or the low value 

of the index. Low disposable charging time of the EV driver can be significant reflection of the EV driver being in a 

hurry, or is time limited e.g. late for work, meeting, etc. The second case considers higher disposable charging time, 
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and case 3 considers a case where the EV driver has a very long waiting time at his or her disposal for charging. The 

third case reflects the situation of no arrival limitation. This is a relaxed form of traveling, no pressure on arriving 

exactly on time or a case where there is a long time reserve to fulfill the tour. In this paper, is assumed that the Rv of 

the EV drivers is same for all, and study three cases of different driving range of Rv = 200, 400 and 500 km, as shown 

in Table 3. Having equal driving range implies all EV drivers having same EV. In reality, there is a variety of EV 

models and types, holding different driving range, nevertheless, for the optimization model in this paper, it is assumed 

that the EV drivers drive same model of EV and drive equal driving range to make the optimization execution example 

clearer and simple. Nevertheless, the EV drivers can have also different driving range, changing this input parameter 

is not an issue. Observing the column I in Table 3, it can be concluded that higher the value of the QoSv index the 

lower the charging infrastructure placement cost, as a consequence of placing charging technology candidates of 

longer duration charging times and lower investment costs at i-th candidate location. Other values of F are show in 

columns II and III. Regarding column I, if comparing the individual cases, the results show that the overall placement 

cost, analyzing cases no. 1 and 2, has reduced for -21.2 %, going from cases no. 1 and 3 reduces to -32.11 % and cases 

no. 2 and 3 reduces -13.8 %. For column II, cases no. 1 and 2, -37.78 %, cases no. 1 and 3, -42.17 % and cases no. 2 

and 3, 7.04 %. Column III, cases no. 1 and 2, -29.85 %, cases no. 1 and 3, -36.43 % and cases no. 2 and 3, -9.38 %. 

It is shown that the biggest reduce of the overall placement cost of the charging infrastructure is when comparing the 

cases no. 1 and 3, as a consequence of the bigger value of the requested quality of service of the EV drivers. 

 

Figure 8 shows an example of the F vs. QoS dependency, for the case of equal requested quality of the service and 

ranges 200, 400 and 500 km. The value of QoSv starts at 10 min/100km, and increases with constant step. It is shown, 

that the higher the value of the quality of service, the lower the overall placement investment costs. The constant part 

of the curves of F, occurs as a consequence of the involved criterion of ensuring charging reliability of the charging 

infrastructure. The shown F constancy means that, even though the requested quality of the charging service requested 

by the EV drivers implies to lower the overall placement costs by placing charging stations with lower investment 

costs, the constraint in the optimization model perceives the criterion on holding the charging reliability of the charging 

infrastructure as explained in Subsection 2.1. 

 

In Table 4, the number of selected charging stations (column 3) and the selected optimal locations (column 2) are 

shown. For lowest value of QoSv cases 1.I, 1.II and 1.III, i.e. when the value of F is highest, the optimal number of 

CS is 34, 13 and 11, respectively. 

 

Figure 9 shows the example of selecting the optimal locations regarding case 1.III. The number of selected locations 

is 11, and the overall charging infrastructure placement cost is 8,472,000.00 €. 

4. CONCLUSIONS 

This paper presents a location optimization model for minimal overall placement cost of charging station 

infrastructure factoring in the charging reliability and expected quality of the charging service. To enable the practical 

implementation of the proposed model, this paper uses set modeling to represent the road network and EV driver 

trajectories. The optimization model ensures charging reliability by placing at least one charging station within the 

EV drivers’ range using a distance criterion. Charging reliability is used in parallel to face the driving range limitation 

of the EVs. Investment costs for installation, land etc. are considered for each charging technology option placed at 

candidate location points. A newly involved index, named Quality of Service (QoS) is introduced, reflecting the 

disposable charging time of the EV driver to complete planned trips. The effectiveness of the proposed formulation is 

demonstrated on a test road network and EV trajectories representing the EV drivers’ behavior. Results show that the 

optimization model ensures charging reliability and by variation of the index QoSv: the higher the disposable charging 

time of the EV drivers per planned trip, the lower the overall cost for placement of the charging infrastructure. This is 

due to selecting candidate charging technologies with charging times with longer duration, and consequently lower 

cost. The appliance of the presented optimization model is general and different input data can be used regarding the 

road network, EV drivers’ trajectories, optimization period, etc. The optimization model holds no reservation for 

practical implementation. The presented paper evokes future research regarding the driving range of the EV 

conditioned by the development of the battery technology and the EV driving behavior that can be stochastically 

modeled by using the spatial-temporal trajectory modeling. Future research would focus on incorporating a stochastic 

estimation of the driving range of the EV drivers, conditioned by the battery capacity and technology. Applying a 
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probabilistic approach that would ensure reliable input data for the driving range of the EV, would be also a 

challenging operative optimization sub-task. Consideration of the EV drivers needs by analyzing the EV drivers’ 

behavior will initiate research on the stochastic spatial-temporal trajectory generation, since, the majority of the EV 

drivers are located in different locations in the road network (space) and have different habits (time). In this paper, the 

optimization model is presented for the planning of the charging infrastructure and in this context, the estimated 

number of EV drivers is considered, their driving characteristics and charging capacity needs at the candidate 

locations. At locations with higher traffic load, the capacity of the charging stations will be to cater all charging needs 

and so congestions do not occur. Since it is difficult to make long-term estimation, consequently, the involved QoS 

does not account for the wait time at the charging station in case of congestion or constraints on its capacity. As this 

paper has shown, by introducing the QoS, the disposable charging time of the EV driver underlies to stochastic 

modeling. In general, the main future focus is incorporating probabilistic approaches in the input data preparation, so 

to reduce the assumptions and the approximations and reflect the actual reality regarding the charging infrastructure 

placement. 
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NOMENCLATURE 

Indices: 

i Subscript index for candidate location for placing the charging station 

t Subscript index for time instance 

v Subscript index for electric vehicle driver 

j Subscript index for trajectory demand discrete point 

dx Subscript index for noting x axis 

dy Subscript index for noting y axis 

 

Variables and functions: 

F(·) Optimization objective function (cost minimization) 

x(·),(·) Binary decision variable associated with the candidate location at specific time instance 

 

Sets: 

M Finite set of candidate locations for placing charging stations 

N(·),(·) Finite set of trajectory demand discrete points 

S(·),(·),(·) Finite set in terms of distance between a trajectory discrete demand point and a candidate location 

 

Parameters, Constants and Coefficients: 

I Number of road network discrete points 

m(·) Candidate location for placing the charging station 

n(·),(·),(·) Trajectory demand discrete point 

T Overall number of time instances 

J(·),(·) Total number of trajectory points of EV driver in specific time instance 

ξ Euclidean distance 

R(·) Driving range of the electric vehicle 

R(·),0 Initial driving range of the electric vehicle 

η Energy conversion efficiency 

SoC(·) State-of-Charge for the electric vehicle driver 

α(·),(·),(·),(·) Coefficient with regards to the formation of the finite set in terms of distance between a trajectory 

discrete demand point of an electric vehicle driver in a specific time instance and a candidate 

location 

W(·),(·) Coefficient with regards to the traffic load 

w(·) Traffic load weight of the candidate location 

K Number of candidate charging technologies 

L(·),(·) Input parameter noting the charging time by using a candidate charging technology to reach distance equal 

to the driving range of the electric vehicle 

CT(·) Charging time using a candidate charging technology 

c(·),(·) Investment cost for placing a candidate charging technology at candidate location 

QoS(·) Quality of service for the electric vehicle driver 

DCV(·) Overall disposable charging time of the electric vehicle driver to reach overall travel distance 

L(·) Overall travel distance of the electric vehicle driver 

V Number of electric vehicle drivers 

 

Abbreviations: 

EV Electric vehicle 

CS Charging stations 

LSCP Location set-covering problem 

MCLP Maximal covering 
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FIGURE CAPTIONS 

Figure 1: Overlapping circles concept illustration 

Figure 2: Optimization procedure 
Figure 3: Example of road network discretization 

Figure 4: Representation of the v-th EV driver trajectory at t-th time instance 
Figure 5: General scheme for formation of the sets Sv,j,t in accordance with the distance criterion ξ and the EV driver 

driving range Rv 

Figure 6: Discrete test road network 
Figure 7: Spatial overall layout representation of the trajectories 

Figure 8: Requested QoSv vs. overall charging infrastructure investment cost, F = f(QoSv) 
Figure 9: Optimal selected locations, for the regarding the case 1.III. 

 

TABLE CAPTIONS 

Table 1: EV divers' trajectories at t-th time instance 
Table 2: Weights wi regarding the traffic flow and investment costs for placing the k-th candidate charging at i-th 

candidate location 
Table 3: Charging infrastructure placement cost F as function of quality of service QoSv and the driving range Rv 

Table 4: Number of CS and selected locations as function of the QoSv and Rv 
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Figure 1: Overlapping circles concept illustration 

 

  
Figure 2: Optimization procedure 
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Figure 3: Example of road network discretization 

 

 
Figure 4: Representation of the v-th EV driver trajectory at t-th time instance 
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Figure 5: General scheme for formation of the sets Sv,j,t in accordance with the distance criterion ξ and the EV driver 

driving range Rv  

 

 
Figure 6: Discrete test road network 
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Figure 7: Spatial overall layout representation of the trajectories 

 

 
Figure 8: Requested QoSv vs. overall charging infrastructure investment cost, F = f(QoSv) 
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Figure 9: Optimal selected locations, for the regarding the case 1.III. 
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Table 1: EV divers' trajectories at t-th time instance 

 

EV driver Time instance Trajectory 

1 

t = 1 1 2 3 4 14 24 34 44 54 64 74 84 94 95 

t = 8 95 96 97 87 77 

t = 12 77 78 79 80 

t = 16 80 70 60 50 40 30 20 10 9 8 7 6 

t = 22 6 16 26 36 46 56 

2 

t = 1 22 32 42 52 62 72 82 92 93 83 73 

t = 15 73 74 75 65 55 

t = 21 55 45 35 34 33 23 13 12 22 

3 
t = 8 8 18 28 38 48 58 68 78 88 98 

t = 17 98 97 96 95 94 93 92 91 

 

Table 2: Weights wi regarding the traffic flow and investment costs for placing the k-th candidate charging at i-th 

candidate location 
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i-th  

candidate 
 location 

Traffic 

flow 
(weights) 

Investment costs 

Slow charge 
technology (€) 

Fast charge 
technology (€) 

1 1 34,000.00 727,000.00 

2 1 38,000.00 625,000.00 

3 1 20,000.00 834,000.00 

4 1 95,000.00 891,000.00 

5 0 68,000.00 991,000.00 

6 1 53,000.00 100,000.00 

7 1 68,000.00 879,000.00 

8 2 59,000.00 651,000.00 

9 1 68,000.00 991,000.00 

10 1 59,000.00 575,000.00 

11 0 75,000.00 532,000.00 

12 1 57,000.00 822,000.00 

13 1 100,000.00 305,000.00 

14 1 29,000.00 548,000.00 

15 0 19,000.00 911,000.00 

16 1 19,000.00 617,000.00 

17 0 15,000.00 861,000.00 

18 1 46,000.00 765,000.00 

19 0 50,000.00 627,000.00 

20 1 43,000.00 322,000.00 

21 0 79,000.00 700,000.00 

22 2 67,000.00 175,000.00 

23 1 80,000.00 663,000.00 

24 1 94,000.00 695,000.00 

25 0 98,000.00 757,000.00 

26 1 27,000.00 902,000.00 

27 0 22,000.00 985,000.00 

28 1 73,000.00 792,000.00 

29 0 18,000.00 623,000.00 

30 1 57,000.00 936,000.00 

31 0 58,000.00 622,000.00 

32 1 88,000.00 115,000.00 

33 1 54,000.00 208,000.00 

34 2 45,000.00 877,000.00 

35 1 71,000.00 536,000.00 

36 1 77,000.00 861,000.00 

37 0 57,000.00 288,000.00 

38 1 41,000.00 597,000.00 

39 0 23,000.00 667,000.00 

40 1 63,000.00 128,000.00 

41 0 33,000.00 653,000.00 

42 1 14,000.00 426,000.00 

43 0 78,000.00 144,000.00 

44 1 32,000.00 541,000.00 

45 1 50,000.00 273,000.00 

46 1 72,000.00 210,000.00 

47 0 42,000.00 285,000.00 

48 1 77,000.00 232,000.00 

49 0 45,000.00 270,000.00 

50 1 72,000.00 138,000.00 

 

 

 

i-th  

candidate  
location 

Traffic 

flow 
(weights) 

Investment costs  

Slow charge 
technology (€) 

Fast charge 
technology (€) 

51 0 74,000.00 672,000.00 

52 1 50,000.00 353,000.00 

53 0 11,000.00 585,000.00 

54 1 40,000.00 726,000.00 

55 1 48,000.00 549,000.00 

56 1 34,000.00 582,000.00 

57 0 27,000.00 501,000.00 

58 1 84,000.00 211,000.00 

59 0 49,000.00 541,000.00 

60 1 90,000.00 868,000.00 

61 0 45,000.00 887,000.00 

62 1 79,000.00 343,000.00 

63 0 46,000.00 287,000.00 

64 1 83,000.00 609,000.00 

65 1 78,000.00 676,000.00 

66 0 44,000.00 475,000.00 

67 0 29,000.00 285,000.00 

68 1 81,000.00 954,000.00 

69 0 96,000.00 173,000.00 

70 1 39,000.00 195,000.00 

71 0 71,000.00 227,000.00 

72 1 49,000.00 249,000.00 

73 1 85,000.00 659,000.00 

74 2 79,000.00 616,000.00 

75 1 25,000.00 146,000.00 

76 0 88,000.00 939,000.00 

77 1 100,000.00 756,000.00 

78 2 56,000.00 764,000.00 

79 1 90,000.00 157,000.00 

80 1 63,000.00 875,000.00 

81 0 24,000.00 941,000.00 

82 1 28,000.00 986,000.00 

83 1 47,000.00 873,000.00 

84 1 78,000.00 807,000.00 

85 0 85,000.00 562,000.00 

86 0 81,000.00 260,000.00 

87 1 38,000.00 459,000.00 

88 1 58,000.00 220,000.00 

89 0 18,000.00 127,000.00 

90 0 20,000.00 946,000.00 

91 1 22,000.00 371,000.00 

92 2 71,000.00 366,000.00 

93 2 55,000.00 399,000.00 

94 2 27,000.00 520,000.00 

95 2 55,000.00 684,000.00 

96 2 23,000.00 122,000.00 

97 2 15,000.00 858,000.00 

98 1 87,000.00 603,000.00 

99 0 61,000.00 869,000.00 

100 0 94,000.00 413,000.00 
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Table 3: Charging infrastructure placement cost F as function of quality of service QoSv and the driving range Rv 
 

 I II III 

Case 

No. 

EV 

driver 

QoSv 

min/100km 

Rv 

km 

F 

€ 

QoSv 

min/100km 

Rv 

km 

F 

€ 

QoSv 

min/100km 

Rv 

km 

F 

€ 

1 

1 10 

200 

48,403,000.00 

9 

400 

18,157,000.00 

6 

500 

13,328,000.00 2 11 5 4 

3 12 4 5 

2 

1 42 

38,140,500.00 

35 

11,295,500.00 

25 

9,349,500.00 2 45 38 33 

3 34 26 24 

3 

1 130 

32,856,000.00 

70 

10,500,000.00 

51 

8,472,000.00 2 121 60 83 

3 117 50 65 
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Table 4: Number of CS and selected locations as function of the QoSv and Rv 

 

Case No. Selected locations 

No. of 

selected 

locations 

1.I 
2 3 6 8 10 13 14 18 22 26 30 33 34 38 42 45 46 50 52 54 55 58 70 72 74 75 

78 80 83 87 92 94 96 98 
34 

2.I 
1 3 6 8 10 12 14 18 22 23 26 30 34 38 42 45 46 50 52 54 55 58 70 72 74 75 

78 80 83 87 92 94 96 98 
34 

3.I 
1 3 6 8 10 12 14 18 22 23 26 30 34 38 42 45 46 50 52 54 55 58 70 72 74 75 

78 80 83 87 92 94 96 98 
34 

1.II 3 8 12 20 26 34 38 50 52 74 78 92 96 13 

2.II 3 8 12 26 30 34 38 42 70 74 78 82 93 96 14 

3.II 3 8 12 26 30 34 38 42 70 74 78 82 93 97 14 

1.III 8 14 16 22 34 40 42 58 74 92 96 11 

2.III 3 8 16 22 34 40 42 58 74 92 96 11 

3.III 3 8 16 22 34 38 40 42 74 78 92 97 12 

 


