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Abstract. We propose optimization model to design a charging infras-
tructure for a fleet of electric vehicles. Applicable examples include a
fleet of vans used in the city logistics, a fleet of taxicabs or a fleet of
shared vehicles operating in urban areas. Fleet operator is wishing to
replace vehicles equipped with an internal combustion engine with fully
electric vehicles. To eliminate interaction with other electric vehicles it is
required to design a private network of charging stations that is specif-
ically adjusted to the fleet operation. First, to derive a suitable set of
candidate locations from GPS data, we propose a practical procedure
where the outcomes can be simply controlled by setting few parameter
values. Second, we formulate a mathematical model that combines loca-
tion and scheduling decisions to ensure that requirements of vehicles can
be satisfied. We validate the applicability of our approach by applying it
to data characterizing a large taxicab fleet operating in the city of Stock-
holm. The model assumes that all vehicles posses complete information
about all other vehicles. To study the role of available information, we
evaluate the resulting designs considering the coordinated charging when
vehicle drivers, for example, reveal to each other departure times, and
the uncoordinated charging when vehicle drivers know only actual occu-
pation of charging points. Our results indicate that this approach can
be used to estimate the minimal requirements to set up the charging
infrastructure.
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1 Introduction

Road transport is one of the major producers of the carbon dioxide (CO2) which
is the main greenhouse gas. Transport produces 20% of total carbon dioxide
(CO2) emissions. While these emissions decreased by 3.3% in 2012, they are
still 20.5% higher than in 2011 and it could have been even more if there is no
economic crises [1]. Stong influence on the carbon dioxide (CO2) reduction have
the generation of the electric energy as mentioned in [2]. One possibility how to
reduce CO2 emission in densely populated urban areas is to continue the process
of electrification of individual and public transport together with the higher
penetration of renewable sources of energy. Higher interest in converting large
fleets of vehicles serving urban areas into electric can be caused by advances in
battery technologies and continuously decreasing prices of electric vehicles over
the next years. Although, the purchase of a new electric vehicle is connected
with high purchasing cost, this obstacle can be easily compensated by lower
operational costs. The expected benefits could be considerable due to the high
utilization of such vehicles.

To avoid delays in charging, caused by interaction with other electric vehicles,
a choice of a fleet operator can be to built the private charging infrastructure.
Planning of charging infrastructure for electric vehicles is rapidly growing topic
in the scientific literature over the last years. Researchers has been focusing on
creating models to predict the future expansion of electric vehicles [3] as well
as models designed to estimate the size of the future demand for charging vehi-
cles [4]. An approach, where GPS traces of vehicles were used to extract the
travel behaviour and hence to estimate the expected demand for charging vehi-
cles, was used in [5–7]. Such analysis can provide valuable hints when searching
for suitable positions of charging stations. The data driven approach to predict
the penetration of EVs in the region of Lisbon and the future refuelling demand
was proposed in [8].

Optimization algorithms have been often used to address this problem as
well. A city transportation model to verify various locations of charging stations,
which were generated by the genetic algorithm, was used in [9]. In [10] a bi-
level approach was proposed. It combines the solution of the location problem
(considering the capacity of charging stations) on the upper level, where the total
costs and waiting time are minimized. To evaluate each design, the simulation
approach is used on the lower level. This approach is iterative, i.e., it is repeated
until the locations of charging stations do not change. Simulation can be used to
estimate the expected number of vehicles successfully charged at each candidate
location [11]. In the reference [12] was proposed an approach that allows for
analysing the impact of public charging infrastructure deployment on the electric
miles travelled. A genetic algorithm is used to find locations of charging stations
and it is evaluated by the activity-based assessment method. In [13] authors
developed the simulation-optimization approach where the area is divided into
regions. The OD-matrix for the regions is known and it is used to estimate
the EV flows between them. Linear IP model is used to determine the location
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and size of the charging stations subject to the limited budget. Combination
of a simulation approach with a genetic algorithm that utilizes GPS traces of
vehicles was presented in [14].

Several authors considered a location problem constituting a mixed integer
programming problem. For example, in [15] the demand for charging electric
vehicles on public parking lots was estimated, based on a traffic survey conducted
in the city of Seattle. The suitable location of charging stations was found by
minimising the costs and the optimisation problem was solved by the general
purpose optimisation solver. A similar methodology was also used for the city of
Lyon [16] and the city of Coimbra [17]. When designing a network of charging
stations, capacity constraints are typically included in the model [18–20] and
apart from minimising costs, the area covered within the driving distance is
maximised [4]. Methodologically different approach has been presented in [21].
Here authors considered constraints implied by the daily activity of car users and
the capacity of electrical network and the location of charging stations were found
by the clustering algorithm. The advantage of this approach is that several types
of constraints can be taken into account simultaneously, without significantly
affecting the computational complexity of the algorithm.

Special class of models was developed to cover trajectories of vehicles [22–24].
This approach is applicable in the design of the charging infrastructure along a
highway network to cover long distance trips. An elegant (and simple) way how
to locate charging stations along the paths, not to have larger distance between
the neighbouring charging stations than is the maximum distance reachable by
the electric vehicles, was proposed by [22]. The approach is based on adding
artificial links to the network graph connecting places that fulfil some reachability
rules. The model locates the minimum number of refuelling stations along paths
to make the path traversal feasible. The approach [25] further extends [22] by
considering multi-period case. Extension of this approach that considers multiple
paths connecting origins and destinations of trips was proposed in [26] to take
into account that vehicles can make short detours to reach a charging station.

Some authors considered this topic in the context of autonomous electric
vehicles. An agent based simulation model was proposed in [27]. Model runs
in two stages. In the first stage, the fleet size and the charging infrastructure
is determined for an area that is characterized by the values of demographic
indicators. In the second phase, the model is simulated for long enough time
period in order to determine performance characteristics. Similar model pre-
senting extended computational experiments was presented in [28].

Our contribution is the approach that is purely based on optimization where
we combine location and scheduling problems and thus we avoid the need to
validate the locations and capacity of charging stations by computer simulations.
Because the approach is based on historic data it can be used to estimate the
minimum design of the system that is sufficient to cope with various scenarios
occurring in the past. Obtained results are evaluated by investigating the role
of the available information.
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This paper extendsworkpresented in conference paper [29]. In order to improve
and extend the paper we have introduced several amendments. We improved the
description of the mathematical model and eliminated the unnecessary constraints
that have not been taken into account in the numerical experiments. We have pro-
posed a procedure to evaluate the role of available information and applied it to
selected designs of the infrastructure.At themomentwhen drivers chose a charging
station, they may possess various levels of information. We summarize our findings
about the role of available information in the conclusions. We have re-run numeri-
cal experiments and we get optimal solutions in all test cases and we have improved
the presentation of the results in all tables and figures.

The paper is organized as follow: in Sect. 2 we describe the data requirements
and the methodology. In Sect. 3, we describe the data used in the case study and
we introduce the results of numerical experiments. To conclude, we summarise
our main findings in Sect. 4.

2 Methodology

2.1 Data Requirements

Suggested method requires low-frequency GPS data describing the mobility pat-
terns of individual vehicles that belong to the fleet. Data have been collected for
several, typical and sufficiently long-time periods representing relevant scenarios
that should be included in the design of the charging network. The collection of
low-frequency data is easy in practice as there is no need to use expensive GPS
trackers. However, such data are not precise enough to determine the travel dis-
tances. Therefore, we need the second dataset - the graph model of the road
network consisting of nodes and edges. This data helps estimating the travel
distances more precisely.

2.2 Algorithm to Determine a Candidate Set for Charging Station
Locations

In this section, we describe the method that we used to identify the set of
places where the charging of electric vehicles is possible. Here, we do not wish
to affect the actual trajectories that are taken by the vehicle drivers. Thus, the
proposed method allows for the evaluation of the percentage of vehicles that
could be transformed to electric vehicles without affecting their operation, with
the minimal requirements on building the charging infrastructure. Therefore,
we use the GPS data to identify the set of suitable candidate locations for the
charging stations. Here, we aim to identify the locations where large numbers of
vehicles frequently park. To do so, we propose the following two-phase procedure:

– Phase 1: Identify the set of candidate locations for charging stations as loca-
tions where many vehicles tend to park for a long time.

– Phase 2: Identify the set of vehicles that can be served by a selected set of
candidate locations.
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In the phase one, the following parameters are used: As a parking event we iden-
tify the time period, when the average speed of a vehicle is below the maximum
speed limit Vmax for at least the time period Tmin. To ensure that we select a rel-
evant set of candidate locations, we require that each candidate is associated with
at least Mmin parking events taking place in its circular neighbourhood defined by
the radius of ρmax. In the first phase, we process one-by-one the GPS traces of all
vehicles executing the following steps (for illustration example see Fig. 1):

– Step 1: Identify in the GPS trace the traversals that have the average speed
below the speed limit Vmax.

– Step 2: Identify in the GPS trace the maximum connected sequences of traver-
sals longer than the time period Tmin.

– Step 3: Identify as a candidate location the last node of each connected
sequence if there is no other candidate location within the distance ρmax.

After processing all GPS traces we remove all candidate locations that are
associated with less than Mmin parking events.

Fig. 1. Diagram illustrating the identification of candidate locations. Nodes represent
the GPS position of the vehicle at the time ti, links are traversals between two GPS
positions. Red coloured links represent traversals where the average speed vi is below
the limit Vmax and the red coloured node t2 represents the candidate location. Node
t4 is not a candidate location because it does not fulfil the distance condition defined
in the Step 3. Time ti is in minutes, vi is in meters per second and Vmax = 0.1 m/s.

The second phase of the procedure evaluates the proposed set of candidate
locations and identifies the set of vehicles that could be replaced by the electric
vehicles. For each vehicle we evaluate its trajectory and we evaluate whether
it could be sufficiently recharged during parking events, to cover the travel dis-
tances. Here, we consider the unlimited capacity of charging points being located
in each candidate location. We assume that the capacity of each vehicle is β
(measured in kilometres), i.e., it corresponds to the reachable driving distance.
As a vehicle is driven its state of charge is decreasing according to the distance
travelled. Charging speed is denoted by s. We record the number of vehicles
that cannot be served by a given set of candidate locations. In the mathematical
model, we consider only vehicles that can be recharged, otherwise the proposed
mathematical model has no feasible solution.
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2.3 Mathematical Model

Our goal is to minimize the costs that are required to set up the charging infras-
tructure, while ensuring that all vehicles identified in Phase 2 are satisfied. The
costs are proportional to the number of charging points. Previous studies [11–
13] indicated that an important requirement is to consider queueing behaviour
of vehicles when they are charging. Hence, we formulate a location optimiza-
tion problem, considering the scheduling problem to ensure that there exists a
feasible schedule how to recharge vehicles.

We suppose that the algorithm from the previous section provides the set I
of candidate locations where it is possible to locate the charging infrastructure.
We split the time into the set T of non-overlapping time intervals. Then for
each vehicle we distinguish two possible states (see Fig. 2). A vehicle is either
parking at the candidate location and it is available for charging or it is located
somewhere else where it cannot be charged.

Fig. 2. Diagram illustrating the movement of an individual vehicle between the can-
didate locations. Vehicle is either parking at the candidate locations (filled or empty
rectangles) and can be charged (filled rectangles) or it is located elsewhere and can-
not be charged (dashed lines). Selected values of optimisation variables are shown to
illustrate the modelling concept.

The fleet is composed of the set C of vehicles and each vehicle is equipped with
a battery of capacity β. The capacity β is expressed as the distance in kilometres
that the fully charged battery allows a vehicle to drive. This assumption is a
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simplification of the model, however it is possible to find models with take into
consideration the details of the EV operation, e.g. [30]. From the data we can
obtain for each vehicle c ∈ C an ordered sequence of parking events Rc and
we determine the list Ncr of all time intervals t ∈ T that have an overlap with
the parking event r ∈ Rc. The fraction of the time interval t ∈ T when the
vehicle c ∈ C is parking we denote by act ∈ 〈0, 1〉. To simplify the description
of the mathematical model we define Bitc ∈ {0, 1}, where Bitc = 1 if the vehicle
c ∈ C parks at the location i ∈ I during the time interval t ∈ T , and Bitc = 0
otherwise. We use the graph of the road network to extract the information
about the real travel distances. Vehicle c ∈ C drives ucr kilometres while driving
from the parking event r − 1 to the parking event r. Each vehicle enters into
the model with a fictive parking event r = 0 of zero duration and ends with a
fictive parking event r = rc of zero duration. Decisions are described by the set
of variables:

– si ∈ Z+ for i ∈ I, representing the number of charging points placed at the
location i ∈ I,

– xct ∈ {0, 1} for c ∈ C, t ∈ T , where xct = 1 when vehicle c ∈ C is being
charged during the time interval t ∈ T and xct = 0 otherwise, and

– dcr ≥ 0 for c ∈ C, r ∈ Rc ∪ {0} ∪ {rc} corresponds to the distance that the
vehicle c ∈ C at the beginning of the parking event r ∈ Rc is able to drive.

We use this notation to formulate the location-scheduling problem that is
shown in Fig. 3.

In the objective function (1) we minimize the number of located charging
points. In each time interval we cannot use more charging points than specified
by the set of constraints (2). We set the initial upper limit for the driving dis-
tance to αβ, where α > 0 is the parameter of the model (see constraints (3)).
Constraints (4) ensure that battery capacity is not exceeded and constraints (5)
ensure contiguity of charging and discharging of batteries.

Fig. 3. Mathematical formulation of the location-scheduling optimization problem.
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2.4 Evaluation of the Role of Available Information

In the mathematical model, we suppose that complete information about the
charging requests of car drivers is available. The reality is, however, often differ-
ent. We consider two approaches, which work with various levels of information
(coordinated charging and uncoordinated charging). We consider the set I ⊂ I
of all charging stations that contain at least one charging point (positions of
charging points are found by solving the mathematical model). Ki is the set of
charging points placed in station i ∈ I (we suppose that 0 �∈ Ki). R is the set of
possible charging events (parking events), P is the set of taxicab journeys, and
E = R ∪ P is the set of all events. The charging speed is denoted by s. If e ∈ P ,
then l(e) is the driving distance. Vehicle associated with event e ∈ E is denoted
as c(e). The start time and the end time of the event e ∈ E are denoted by b(e)
and z(e), respectively. The level of the battery of vehicle c ∈ C is dc. Parame-
ter characterizing the maximum acceptable distance of a vehicle at the time of
charging event from the charging station we denote ρmax. Tk is the end time
of the last charging event at the charging point k ∈ Ki (for i ∈ I). Evaluation
procedure follows these steps:

Step 1: (Initialization)
For c ∈ C, set dc = β/2. Initialize the value kmax = 0. Order events in E ascend-
ingly with respect to the b(e). Set Tk = 0 for k ∈ Ki and i ∈ I.
Step 2: (Event list processing)
For each e ∈ E do:

If e ∈ R, then order the set I in descending order according to the number
of charging points k ∈ Ki that are free in time b(e).
For i ∈ I do:

If distance of vehicle c(e) at time b(e) from station i is less than ρmax,
then process the charging event following either coordinated or unco-
ordinated strategy.

If e ∈ P , then set dc(e) = dc(e) − l(e).
Step 3: (Evaluation)
Set c ∈ C as feasible, if dc ≥ 0 all the time during the run of the algorithm.

Strategy of coordinated charging (Strategy 1): Identify the set Kfull =
{k ∈ Ki|(z(e) − max{b(e), Tk})s ≥ β − dc(e)} of charging points where c(e) can
be fully charged.
If Kfull �= ∅:

Choose k ∈ Kfull and set
Tk = b(e) + (β − dc(e))/s and dc(e) = β,

else:
Find kmax ∈ argmax((z(e) − max{b(e), Tk})s), where k ∈ Ki.
If kmax �= 0:

If z(e) − max{b(e), Tkmax
} > 0:
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Set dc(e) = dc(e) + (z(e) − max{b(e), Tkmax
})s.

Set Tkmax
= z(e), kmax = 0 and continue with the step 2, and process

the next event.

Strategy of uncoordinated charging (Strategy 2): Find k ∈ Ki such that
Tk ≤ b(e).
If k �= 0:

Set dc(e) = max{dc(e) + (z(e) − b(e))s, β}. Set Tk = z(e), k = 0 and continue
with the step 2, and process the next event.

In Step 1, we initialize the values of some variables and order the elements
of the set E. In Step 2, we process all events from the ordered set E. If e is a
parking event, we choose a location i ∈ I considering the number of free charging
points and the distance of the vehicle c(e) from the location i. Charging stations
and charging points are assigned to the vehicle c(e) by either coordinated or
uncoordinated charging strategy. If e is a journey, then the level of the battery
of vehicle c(e) is decreased by the value of the driving distance l(e). In Step 3,
we set the vehicle c as feasible, if the state of the battery remains all the time
nonnegative.

Strategy of coordinated charging assumes that drivers posses information
about charging points and know when the charging stations that are occupied
will be freed, thus, drivers can selected those charging points where the batteries
can be charged to the maximum capacity. Moreover, drivers are assumed to be
cooperative, i.e., they unplug the vehicle when the charging is terminated.

When applying the strategy of uncoordinated charging, drivers choose the
charging station i ∈ I with the largest number of free charging points at the
time b(e). The level of the battery of vehicle c(e) is updated and the charging
point is freed when the vehicle starts next journey.

3 Numerical Experiments

3.1 Data

In the case study we consider a fleet of more than 1,500 taxicabs operating in
the area of great Stockholm, in Sweden. Each vehicle reported on average every
90 s its id, GPS position, time-stamp and information whether it is hired or not.
In total, there is 8,989,143 probe data records, covering four selected weeks (see
Fig. 4) representing different scenarios: Week 1 is a typical spring week with 1542
taxicabs. Week 2 represents typical summer week with 1526 taxicabs. Week 3
is the Christmas week with 1491 taxicabs and Week 4, with 1550 taxicabs, is a
special week when the major disruption of the public transport occurred due to
many failed railway connections.
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Fig. 4. The travel distance, the travel distance when the taxicabs are hired and the
number of unique taxicabs for individual weekdays in Weeks 1–4. Figure is reproduced
from the reference [29].

As the reporting frequency of probe data is relatively low, to be able to
measure the travel distances more accurately, probes coordinates’s are map-
matched onto the road network and path is inferred, using the methodology
proposed in [31]. The road network is used to estimate the travel distances. In the
digital model of the road network each link is attributed a number of parameters,
including the length, presence of a traffic signal, road class, speed limit and etc.
Graph of the road network, used in the case study, consists of 231,839 links. To
visualise the origin-destination flows of passenger trips between selected zones,
we produced circular plots shown in the Fig. 5. In Fig. 5(a) are displayed relative
values of origin-destination flows among the selected communes, covering both
airports and extended Stockholm inner city. The majority of taxi trips is made
inside the Stockholm commune, therefore, we created Fig. 5(b) considering only
selected zones of the Stockholm’s city centre.

3.2 Numerical Results: Mathematical Model

To test the proposed approach, we performed numerical experiments with the fol-
lowing values of parameters: the driving range of all vehicles was set to β = 300 km
and the initial fraction of the driving range α = 0.5. The charging speed was set to
s = 5 km/min, the maximum speed limit for vehicles to be considered as parked
Vmax = 0.1 m/s and the associated time limit Tmin = 15 min. In the mathematical
model we discretize the time in steps of 15 min. Numerical experiments were per-
formedon the computer equippedwithCPUIntel (R)Core i7-5500UCPUwith two
3 GHz cores and with 8 GB RAM. Mathematical model was solved using IP-solver
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Fig. 5. Relative values of the origin-destination flows for selected zones (Weeks 1–4).
Thickness of bands represents the proportion of taxicab trips that are in the data
flagged as hired and start in the origin zone and terminate in the destination zone.
(a) Selected administrative communes cover the area of extended Stockholm inner
city till Arlanda Airport on the north-west that corresponds to the geographical area
covered by the data. Most of the trips have both origin and destination in the city
centre. (b) More detailed view at trips having both origin and destination in the city
centre.

FICO Xpress IVE 7.3. Results of numerical experiments are shown in Tables 1, 2,
3 and 4. To explore various situations in scenarios, we selected the following values
of input parameters: ρmax ∈ {100, 500, 1000} meters and Mmin ∈ {100, 150, 800}
parking events. In tables we report the following output values: Column labelled as
|I| is the cardinality of the set of candidate locations identified in the Phase 1. The
number of taxicabs that can be served by the set of candidate locations, determined
in the Phase 2, is shown in the column denoted as Cars. Results of the optimisation
process are summarized in the following columns: Stations represents the number
of located charging stations, CPtotal is the total number of charging points and
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CPmax represents the maximal number of charging points located in one charging
station. Column Time contains computational time in seconds. Running time of a
single experiment was unlimited and for all tested instances we found the optimal
solution. These results extend those presented in [29]. All numerical experiments
were re-run without any limitation on computation time and all presented solu-
tions are optimal. Heuristic methods to solve this type of problems can be found
in [32].

Table 1. Results of numerical experiments for the scenario Week 1 - a typical spring
week (1542 taxicabs).

ρmax Mmin Cars | I | Stations CPtotal CPmax Time[s]

100 800 609 3 3 14 9 1.88

150 1186 27 27 37 6 3682.50

100 1287 44 44 54 6 22.10

500 800 1102 5 5 20 10 46.05

150 1442 46 40 44 5 4235.23

100 1475 77 51 53 3 6987.36

1000 800 1347 6 6 17 5 13789.59

150 1499 51 39 42 3 6532.00

100 1510 70 48 50 2 27896.50

Table 2. Results of numerical experiments for the scenario Week 2 - a typical summer
week (1526 taxicabs).

ρmax Mmin Cars | I | Stations CPtotal CPmax Time[s]

100 800 785 4 4 17 9 2.83

150 1292 30 30 35 4 16.64

100 1363 46 44 49 4 27.67

500 800 1188 5 5 17 7 8963.32

150 1477 46 36 38 2 218.37

100 1498 73 45 46 2 72563.65

1000 800 1409 8 8 19 5 6598.20

150 1506 50 38 58 3 7896.50

100 1513 69 46 59 2 36523.36

To verify the proposed approach, we visualised in Fig. 6 the resulting locations
of charging stations for the scenario Week 1 and the parameter value Mmin = 150
of parking events and two different values of parameter ρmax = {100, 800} in
meters. From the map it is obvious that the charging stations are located at
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Table 3. Results of numerical experiments for the scenario Week 3 - the Christmas
week (1491 taxicabs).

ρmax Mmin Cars | I | Stations CPtotal CPmax Time[s]

100 800 449 2 2 4 2 0.34

150 1019 24 24 27 2 2.84

100 1094 36 36 37 2 6.83

500 800 843 4 4 5 2 6.17

150 1324 39 37 39 2 46.86

100 1359 57 52 53 2 291.05

1000 800 1172 6 6 11 2 27.80

150 1417 43 38 39 2 547.72

100 1445 65 47 48 2 898.37

Table 4. Results of numerical experiments for the scenario Week 4 - a special week with
the major disruption of the public transport due to many failed railway connections
(1550 taxicabs).

ρmax Mmin Cars | I | Stations CPtotal CPmax Time[s]

100 800 631 3 3 17 13 7.66

150 1221 33 33 39 7 2753.50

100 1325 50 49 53 5 38.21

500 800 1097 5 5 18 10 2632.63

150 1491 50 40 42 3 3789.50

100 1515 80 54 56 3 17856.36

1000 800 1408 9 9 21 6 1893.00

150 1525 29 27 39 7 128.50

100 1534 74 49 53 2 16589.30

sensible places with the large expected demand for transportation services such
as airports, railway stations, ferry terminals and other public spaces located in
the city centre. We observe that unless the set |I| is very large, charging points
are distributed over all candidate locations. While increasing the willingness of
vehicle drivers to make a detour when visiting charging stations (expressed by
the value of the parameter ρmax), we observe that the number of vehicles that can
be satisfied by the proposed layouts of charging stations is significantly growing.
When the number of candidate location is large, we find only occasionally more
than one charging point assigned to a charging location. Charging stations with
more than one charging point we find to be located at airports or in the cite
centre. We found similar results in all scenarios, with slightly smaller number
of charging points in Week 3 where also the demand is smaller. The maximum
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computational time was in all cases less than one day, what can be considered
as a favourable outcome when dealing with strategic decision problems.

3.3 Numerical Results: Evaluation of the Role of Available
Information

We used the mathematical model to suggest the layout of the charging infras-
tructure. The evaluation procedure allows us to simulate the operation of the
charging stations in specific cases, when drivers make decisions following an
incomplete information. We compare the optimization approach with situations
when drivers posses various levels of information at the time when choosing a
charging point. The results for Weeks 1–4 can be seen in Table 5.

Fig. 6. Locations of charging points obtained for the scenario Week 1 and the values of
input parameters Mmin = 150 parking events and two different values of the parameter
ρmax = 100 m (left panels) and ρmax = 800 m (right panels).
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Columns ρmax and Mmin show the values of input parameters: ρmax is the
maximum acceptable distance between the parking position of a vehicle and
a charging station to make charging possible, Mmin is the minimum number
of parking events that has to be assigned to a location to become eligible as a
candidate for a charging station. In the remaining columns we report the number
of vehicles, which is the outcome of Phase 2 (the same number of vehicles is also
satisfied by the optimisation model); the number of vehicles that are satisfied by
the coordinated charging (Strategy 1); and the number of vehicles that can be
satisfied when applying uncoordinated charging (Strategy 2).

In Table 5, we observe a large difference in the numbers of feasible vehicles
in columns Model and Strategy 1. This difference is caused by the different level
of utilized information. In the mathematical model, all information about the
future parking events of vehicles is available and it gets utilized. Furthermore,
charging decisions are made for each time interval separately. Thus, a vehicle
can interrupt the charging and allow other cars to charge and later continue
with charging again. In Strategy 1, drivers start charging immediately when
initiating the parking event. Drivers posses the information, about the actual

Table 5. Numbers of feasible vehicles obtained when solving the mathematical model
(Model) and applying the evaluation procedure with the strategy of coordinated charg-
ing (Strategy 1) and the strategy of uncoordinated charging (Strategy 2).

Week 1 (1542 vehicles) Week 2 (1526 vehicles)

ρmax Mmin Model Strategy 1 Strategy 2 ρmax Mmin Model Strategy 1 Strategy 2

100 800 609 401 363 100 800 785 473 431

150 1186 652 536 150 1292 623 599

100 1287 689 586 100 1363 689 604

500 800 1102 592 589 500 800 1188 596 542

150 1442 653 603 150 1477 699 687

100 1475 709 695 100 1498 728 685

1000 800 1347 739 692 1000 800 1409 712 596

150 1499 785 701 150 1506 748 632

100 1510 793 706 100 1513 783 692

Week 3 (1491 vehicles) Week 4 (1550 vehicles)

ρmax Mmin Model Strategy 1 Strategy 2 ρmax Mmin Model Strategy 1 Strategy 2

100 800 449 189 163 100 800 631 369 347

150 1019 436 398 150 1221 631 598

100 1094 454 412 100 1325 678 642

500 800 843 385 316 500 800 1097 523 521

150 1324 541 496 150 1491 687 589

100 1359 559 498 100 1515 703 602

1000 800 1172 536 478 1000 800 1408 688 584

150 1417 557 492 150 1525 726 632

100 1445 589 499 100 1534 726 636
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occupation of charging points and know the times when charging points are
freed. This information is used to maximize the charged energy. Moreover, drivers
are cooperative and they unplug the vehicle when it is fully charged. The only
available information in Strategy 2 is the actual occupation of charging points at
the time when drivers choose a charging point. As before, drivers start charging
immediately when initiating the parking event. However, now drivers are careless
and unplug their vehicles only when leaving for the next trip.

Systematically we find the difference between the numbers of feasible vehicles
in columns Strategy 1 and Strategy 2 to be smaller than between the column
Model and the columns Strategies 1 and 2. Thus, our results indicate the high
importance of available information when assigning vehicles to charging points.
Large benefit brings prioritization of vehicles, i.e., delaying the charging of some
vehicles or interrupting charging and continuing it later again. Benefits of know-
ing when other drivers finish charging their vehicles and unplugging of vehicles
when a vehicle is fully charged are not negligible, but not so pronounced.

4 Conclusions

In this contribution we present a method to deploy the charging infrastructure
that is adapted to a fleet of electric vehicles operating in large urban areas.
We assume that the operation of the fleet is described by the GPS traces that
characterize the actual travel patterns of individual vehicles. In the first phase,
we used a practical procedure to derive from GPS data a suitable set of candidate
locations for charging stations, where the outcomes can be controlled by setting
a few parameter values only. In the second phase, vehicles that can be served
by the set of candidate locations are selected. Combining the location decisions
together with the scheduling decisions we formulated the optimisation model.
The model ensures that for a given minimal design there exists a time schedule
that allows for satisfying requirements of all vehicles selected in the second phase.
The limits of the proposed approach were tested by applying it to the real-world
data that characterize the driving behaviour of a large taxicab fleet operating in
the region of Stockholm. From numerical experiments we derived the following
main conclusions:

– Our results indicate that this approach can be used to estimate the minimal
requirements to set up the charging infrastructure. The proposed method is
able to handle relatively large instances of problems independently on the
scenario. All problems were solved on a personal computer in less than one
day.

– Charging points are typically located at parking lots in the vicinity of air-
ports, railways stations and other public spaces, which seem to be natural
locations for them. Results show intuitive locations for charging stations and
it seems to be better to use less complicated approach, however we weanted
to include also capacity constraints for charging stations into the model what
was allowed under the scheduling approach in the model.
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– When comparing the results across selected scenarios we find similar numbers
of located stations in Weeks 1, 2 and 4 and slightly smaller number of charging
points in Week 3, which is the most quiet week.

– We did not limit the number of charging stations by adding a special con-
straint to the mathematical model. Hence, the number of charging stations
was limited only by the set of candidate locations |I|. From the solutions
we can see that if |I| is large enough, the optimization model has the ten-
dency to select the large set of charging stations with only few charging points
more frequently than locating only few charging stations with many charging
points. Such design can be also favourable for the electricity network as the
stations will not load the network largely at few locations, but the load is
spatially more distributed.

– Numerical experiments focused on the evaluation of the role of available infor-
mation, when drivers choose a charging point, revealed that available infor-
mation and cooperative behaviour of drivers have significant impact on the
number of vehicles that the charging infrastructure is able to serve. Thus, our
results suggest that methods being able to estimate well the future demand
(e.g., time when vehicle drivers will free a charging point, arrival times of
vehicles to the charging stations) and tools and technologies that can sup-
port organisation of the charging process together with incentive schemes
facilitating cooperation between users have a potential to increase utilization
and thus can lower investments into the charging infrastructure.

Acknowledgements. This work was supported by the research grants VEGA
1/0463/16 “Economically efficient charging infrastructure deployment for electric vehi-
cles in smart cities and communities”, APVV-15-0179 “Reliability of emergency sys-
tems on infrastructure with uncertain functionality of critical elements”, TRENoP
Strategic Research Area, and it was facilitated by the FP 7 project ERAdiate [621386]
“Enhancing Research and innovation dimensions of the University of Žilina in Intelli-
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