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Abstract: The uptake of Electric Vehicles (EVs) is rapidly changing the landscape of urban mobility
services. Transportation Network Companies (TNCs) have been following this trend by increasing
the number of EVs in their fleets. Recently, major TNCs have explored the prospect of establishing
privately owned charging facilities that will enable faster and more economic charging. Given the
scale and complexity of TNC operations, such decisions need to consider both the requirements of
TNCs and local planning regulations. Therefore, an optimisation approach is presented to model
the placement of CSs with the objective of minimising the empty time travelled to the nearest CS
for recharging as well as the installation cost. An agent based simulation model has been set in the
area of Chicago to derive the recharging spots of the TNC vehicles, and in turn derive the charging
demand. A mathematical formulation for the resulting optimisation problem is provided alongside
a genetic algorithm that can produce solutions for large problem instances. Our results refer to a
representative set of the total data for Chicago and indicate that nearly 180 CSs need to be installed
to handle the demand of a TNC fleet of 3000 vehicles.

Keywords: Transportation Network Companies; EV charging infrastructure; facility location

1. Introduction

Mobility as a Service (MaaS) platforms such as Demand Responsive Traffic (DRT),
car-sharing and ride-sharing platforms have increasingly become popular around the
world as remedial measures to reduce traffic congestion. These schemes have introduced
major shifts in the interaction between travellers, transport infrastructure, and public trans-
port schemes. Several initiatives that promote the use of MaaS schemes to reduce private
usage already exist [1,2]. Their introduction has also coincided with the increasing uptake
of Electric Vehicles (EVs) which are more environmentally friendly compared to vehicles
with conventional combustion engines [3–6]. However, they suffer from decreased range
compared to conventional vehicles. Although current research efforts are primarily focused
on new battery technologies to increase their range or become affordable [7], they have not
yet been developed enough to warrant widespread adoption. Charging speeds and battery
capacities, which are matters of particular concern for fleet operators have been improving
recently [8].

Even though there has been a continuous investment in new EV Charging Stations
(CSs), the growth in the number of EVs is currently surpassing the growth in the number
of charging points [9], particularly in the light of further demand. Noticeably, in 2018 only
5% of vehicle charging takes place at on-street CSs or at car parks or park & ride facilities,
while the rest 95% takes place at work or at home [10]. Most ride-sharing fleet operators
have plans to transition their fleets towards EVs in the near future, with many already
operating a mix of conventional, hybrid and EVs. The average distance travelled by a
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ride-sharing EV is around 1000 miles (1600 km) per week [11], meaning that it would need
to be recharged every one or two days. Adding up the time due to queue delays at CSs [12],
the problem worsens. Therefore, to maintain the current level of convenience provided by
MaaS platforms, the supporting charging infrastructure needs to expand considerably to
sufficiently meet the demand.

Chicago is a city with high demand in ride-sharing. According to recent reports,
Uber is going to invest over two billion dollars in the city of Chicago in the next decade to
expand its business [13]. Furthermore, the Chicago City Council supports the transition
to fully EVs and the implementation of CSs of both standard and rapid types [14]. It is
estimated that up to 80,000 EVs will be adopted across the City of Chicago by 2030, meaning
that around 2700 CSs will be required by then to cover the demand [15].

However, only 520 level-2 public CSs (approximately 3 h to charge with a charge
current of 25-32A) and 82 level-3 CSs (approximately 30 min with a charge current up to
63A) have been deployed [16], leaving a considerable gap in the future charging demand.
These calculations were made considering the C-rate (measurement of the charge and
discharge current with respect to its nominal capacity).

Given this shortage, the search for an available charging location is likely to reduce
the efficiency of an EV-based ride-sharing platform, and contribute to an increase in the
number of overall empty vehicle-miles travelled, a commonly used metric of fleet efficiency
and a proxy for contribution to congestion. Considering also that TNCs aim to transition to
fully EVs by 2025 (e.g., [17]), it is evident that the number of CSs must significantly increase.
Several TNCs have participated in deploying such charging facilities, and further planned
to integrate EVs fleets operations with locating such CSs [18].

1.1. Our Contribution

This paper aims to find the locations of future CSs for TNC vehicles in an efficient way,
and identify a number of stations that is sufficient to cover the charging demand. Having
as a case study the area of Chicago, operational data of a taxi fleet are used to estimate the
charging demand. Using an agent-based simulation model we derive the locations where
the vehicles need recharging in the network. The candidate locations for the placement
of facilities are extracted by a k-means clustering over the nodes of Chicago as extracted
from Open Street Map [19]. The selected locations are obtained by solving (approximately)
an optimisation problem using a Genetic Algorithm with the objective of minimising the
incurred total cost (installation cost and cost for empty VMT).

The paper is organised as follows: the current literature is reviewed in Section 2.
In Section 3 we describe our model and present the genetic algorithm to solve the problem.
In Section 4 we present our results in a case study of the Chicago network. Finally, Section 5
concludes our study. Table 1 presents the abbreviations of the phrases used in this study.

Table 1. Abbreviations of phrases used in this study.

Abbreviations

Abbreviations Explanation

TNC Transportation Network Companies
CS Charging Station

VMT Vehicle Miles Travelled
HEV Hybrid Electric Vehicle

DEAP Distributed Evolutionary Algorithms in Python
GA Genetic Algorithm
EV Electric Vehicle
ET Electric Taxi
ILP Integer Linear Program
IQP Integer Quadratic Program
CFL Charging Facility Location

MaaS Mobility as a Service
DRT Demand Responsive Traffic

OSMnx Open Street Map networkx
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2. Literature Review

A wide range of studies have focused on variations of the charging infrastructure
planning in order to assist city planners with an efficient way for the placement of resources.

Asamer et al. [20] proposed a system for the placement of a limited number of fast
charging stations dedicated to ETs. The authors first identify the regions where the stations
should be placed by solving an optimisation problem with the objective of maximally
satisfying the charging demand under a predefined budget. A simulation of EVs in the
city of Vienna using customer origin-destination trip data from radio taxi providers is
performed to derive the charging demand. The exact locations within the regions are then
identified by taking into account a number of environmental constraints.

Han et al. [21] proposed an optimisation model with the objective of minimising the
total infrastructure cost and waiting times. GPS trajectory data from conventional taxis
and battery data from EVs from Daejon were used considering the itinerary interception
approach. Jung et al. [12] also considered an itinerary interception with stochastic passenger
demand and proposed a bilevel optimisation-simulation model to deal with the dynamic
nature of taxi itineraries and the queue delays at the stations. The upper-level problem
aims to find the optimal locations of the stations and the allocation of chargers to ETs,
while the lower level problem based on a simulation in the area of Seoul that uses stochastic
customer demand, aims at minimising the travel times of the passengers.

Sellmair et al. [22] present an economic analysis aiming to find the optimal number
of charging stations placed at taxi stands such that a trade-off between the service of ETs
(mileage and earnings) and the installation cost is achieved. They present an event-based
simulation in Munich using driving patterns from combustion engine taxis and proposed
a heuristic to solve an optimisation problem in order to determine the optimal number
of stations.

Tu et al. [23] developed a spatial-temporal demand coverage model by extracting both
spatial and temporal attributes from GPS data of taxis in Shenzen. The authors aimed at
the maximisation of the ET service level i.e., the distance travelled to cover the customer
demand, while simultaneously minimising the total waiting time for charging.

A multi-objective optimisation framework for the deployment of ET charging in-
frastructure incorporating a spatial-temporal simulation model was proposed in [24] to
estimate the charging demand. The charging demand is estimated according to the cus-
tomer demand and the competition between the retailers. The deployment of the stations
is established by taking into consideration the impact on the passengers, the drivers and
the electricity retailers.

Gan et al. [25] studied the deployment of (only) fast CSs allowing a level of stochastic-
ity, by considering elastic charging demand in the network in both the waiting time in CS
queues and the covered travelled distance.

Xie et al. [26] propose a two stage method for the siting and sizing of CSs in highway
networks. In the first stage the optimal locations of the CSs are extracted by the solution of
a Mixed Integer Linear Program (MILP), while in the second stage the optimal sizes of the
components of each CS are determined by an optimisation model.

Yang et al. [27] present a data-driven optimisation model with the objective of min-
imising the infrastructure cost under the constraint of charging demand satisfaction. This is
achieved after deriving a trade-off between the number of charging points and the number
of waiting spaces that need to be installed in the stations. The authors consider a queu-
ing model to describe charging congestion and estimate the waiting time based on GPS
trajectory data from a taxi fleet in Changsha. Due to the non-linear mixed integer nature
of the queue system, the authors solve the problem approximately by transforming the
formulation into an efficient Integer Linear Program (ILP).

Gacias et al. [28] study both the problem of locating charging stations (strategic level)
and the charging management of an ET fleet (operational level).

Marianov et al. [29] studied probabilistic location-allocation models of maximal cov-
erage problems and introduced an approach to constrain the waiting time at servers.
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Under this probabilistic approach, a constrained waiting time ILP formulation can be
introduced to approximate an optimisation problem instead of a highly non-linear one
where the objective minimises the waiting time of an M/M/m queuing system with a
fixed number of m chargers per CS. Specifically, given input parameters α, b, the authors
require that the probability of a queue of length at most b vehicles at a CS, is above a given
threshold α. They later extended the model to account for variable number of chargers per
CS retaining the linearity [30].

The charging demand can be addressed as point demand where the demand is ag-
gregated in distinct places, or flow demand where the demand is represented as a flow
that passes along the routes of the travellers. Table 2 sums up various features about the
related works.

Opposed to previous works, an explicit distinction between on-street and off-street
EV charging stations is addressed in this paper. We hereby assume that the number of
on-street CSs is limited per region due to restrictions set by local authorities in order not to
limit the parking spaces for the residents. Existing CSs are assumed to be on-street and can
be used by either traffic or TNC vehicles, while the newly placed infrastructure can only be
private property of a TNC company and therefore can only be used by its fleet.

Table 2. Features of related papers.

Features

Citation Queue
Delay

Customer
Demand Charging Demand Capacity On/Off-

Street

[20] x Deterministic Point Constant Unspecified
[31] x Deterministic Point Constant Off-street
[28] x Stochastic Point Variable Unspecified
[21] x Deterministic Flow Variable Off-street
[12] X Stochastic Flow Variable Unspecified
[24] X Deterministic Flow Variable Unspecified
[22] x Deterministic Point (taxi stands) Variable On-street

[23] X Deterministic Spatial-Temporal
Flow Constant Unspecified

[27] X Deterministic Point Variable Unspecified
[25] X Stochastic Point Variable Unspecified
[26] x Stochastic Point Variable On-street

This work X Deterministic Point Variable Both

3. Methodology

Prior to formulating the problem the following assumptions are made: (1) The battery
discharges uniformly; (2) The state of charge of a vehicle’s battery after recharging at the
pick-up location of a customer is 90%; (3) The threshold of the battery below which the
vehicle needs recharging is set to 20%; (4) The travel time of a vehicle to go along a road is
considered to be the average travel time over a day; (5) The EVs share of the total number
of vehicles has been assumed to be 25% [32].

3.1. Agent Based Simulation

Operational data from Transportation Network Providers are given as input into an
agent based simulation model in order to determine the recharging nodes of a fleet during
the day. This simulation process has previously been used for the assignment and pricing
of shared rides [33]. Figure 1 presents the flowchart of the processes in this study.

In the beginning of the simulation, the vehicles dispatch from various different loca-
tions within a predefined area. Upon receiving a trip request, the nearest available vehicle
dispatches to customer’s location, assuming that there is enough battery charge to carry
out the requested trip. A vehicle with fully charged battery can travel a maximum distance
of 180 km. Once the battery level drops below 20% the vehicle dispatches to the nearest
available CS, if no customer is served at that moment and that location is added to the
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set of recharging nodes. If, however, there are customers in the vehicle, it dispatches to
the nearest CS once the last serving customer is dropped-off, and that drop-off location is
added to the set of recharging nodes.

Figure 1. Flowchart indicating the queue of processes. The processes are highlighted in blue, the input data in light grey
and the processed data in green.

3.2. Charging Demand

The charging demand is spatially distributed and is separated into traffic demand and
fleet demand. The former refers to the number of vehicles not belonging to the fleet that
need recharging, and the latter refers to the number of vehicles from the TNC fleet that
need recharging. At each publicly available on-street CS, the demand originates from both
the TNC fleet and the traffic, while on the TNC privately owned off-street CSs, the demand
originates from the TNC fleet only.

3.3. Location-Allocation Problem

Let G = (V, E) be the network graph with V denoting the set of nodes and E the
set of links. Let C, Ĉ denote respectively the set of candidate nodes and the nodes where
CSs already exist. Let R denote the set of recharging nodes, i.e the locations where the fleet
vehicles need to be recharged, and F denote the set of nodes where traffic is accumulated.
The set of fleet vehicles that need recharging located at node r ∈ R is denoted by Vr, ∀r ∈ R
and the set of traffic vehicles that need recharging located at traffic node f ∈ F is denoted
by Vf . Let also VR = ∪v∈RVv and VF = ∪v∈FVv. Table 3 presents a nomenclature of all the
symbols used in this section.

The total charging demand generated at each candidate node j ∈ C is equal to the total
number of vehicles assigned to it i.e., ∑i∈VR∪VF

xij, where xij is a binary variable indicating
if vehicle i is assigned for recharging to CS located at j. We assume that traffic vehicles can
be assigned only to on-street CSs, whereas fleet vehicles can be assigned to any CS.

The common goal of a TNC and the local authorities is the opening of CSs at those
locations that will induce the minimum cost. TNCs are responsible for the installation of
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their privately owned CSs, placed either on-street or off-street, and are therefore responsible
to cover all the induced costs. These include the land cost associated with the area `j and
the infrastructure cost β for the installation of each charger. Furthermore, if public CSs are
used by TNC vehicles an annual park & charge cost p is incurred for every used charger.
Therefore the total monetary cost that needs to be covered by the TNC is

M = ∑
j∈C

(
`jyj + βψj

)
+ ∑

j∈Ĉ

p ∑
i∈VR

xij (1)

where yj is a binary variable indicating whether a CS is placed at location j, ωj is a binary
variable indicating whether the CS at j is placed on-street (0) or off-street (1).

The empty vehicle miles travelled to recharge by the TNC fleet constitute an indirect
factor of the incurred cost. Specifically, the total time needed by the TNC vehicles to reach
the nearest CS, once they need recharging is

T = ∑
i∈VR

∑
j∈C∪Ĉ

tijxij + ∑
i∈VF

∑
j∈Ĉ

tijxij (2)

where tij indicates the travel time to the nearest CS j ∈ C ∪ Ĉ from the location of vehicle
i ∈ VR ∪VF. Summing up all the above costs, the objective function that the TNC aims to
minimise is qT + M, where q is a conversion parameter from time to monetary units.

In a similar way to [34,35] we consider CSs that act as M/M/m systems. Each CS
serves the set of charging demand nodes, with the arrival rate of λj = ∑i∈VR∪VF

xij at node
j. Assuming an exponentially distributed service rate with an average value µj at CS j,
the average waiting time at the CSs is

W = ∑
j∈C∪Ĉ

λj

µjψj − λj
(3)

The objective function, if we consider the waiting time as an additional cost,
becomes qT + M + W. Due to non-linearity of the above function we follow the approach
introduced in [30] to convert the problem to an equivalent ILP. The authors showed that
the waiting time of an M/M/m queuing system can be approximated by the addition of
the following set of constraints:

P[CS j has ≤ b vehicles in queue] ≥ α, ∀j ∈ C (4)

These constraints state that each CS can have at most b vehicles in line with a proba-
bility of at least α, when a vehicle arrives for recharging. Marianov et al. [29] showed that
the above probabilistic constraints can equivalently be written as:

∑
i∈V

xij ≤ µjραj, ∀j ∈ C, (5)

where ραj is the value of λj/µj for which the inequality holds with equality, assuming that
m chargers are placed at CS j.

m−1

∑
k=0

(m− k)m!mb

k!
1

ρm+b+1−k ≥
1

1− α
(6)
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Table 3. Nomenclature of the indices, sets, parameters and variables used in the text.

Nomenclature

Indices Description
i Index of a vehicle
j Index of a location
r Index of a recharging node
f Index of a traffic node
n Index of a zone
r Index of a charger

Sets Description
C Candidate nodes for the placement of CS
Ĉ Nodes with pre-existing CSs
R Fleet recharging nodes
H Zones
F Traffic nodes
Vr Fleet vehicles located at recharging node r ∈ R
Vf Traffic vehicles located at traffic node f ∈ F

Parameters Description
q Conversion parameter from time to monetary units
tij Travelling time from recharging point i to nearest CS at node j

ραm Value of ρ = λ/µ s.t. (6) holds with equality
Nn Maximum number of on-street CSs at zone n
`j Land rent cost at node j
β Single charger infrastructure cost
p Annual park & charge cost
m Number of chargers in the queuing system
mj Number of chargers at CS j
K Maximum number of chargers at a candidate node
Kj Number of chargers at existing node j
b Maximum number of vehicles in a queue
α Minimum value of the probability of b vehicles in a queue
λj Daily arrival rate of CS at node j
µj Daily service rate of CS at node j

Variables Description
xij Assignment of vehicle i to CS at node j
yj Indicator of a CS at node j
ωj Indicator of the type of a CS off-street or on-street
zjm Indicator of at least m chargers being placed at node j
ψj Number of chargers of CS at node j (integer)

The value of ραj can be decreased with a manipulation of xij (by setting many of
them equal to zero). Marianov et al. [30] later relaxed this assumption to consider variable
number of chargers per CS. To do so an additional set of binary variables zjr must be
introduced, to indicate whether at least ψj chargers are placed at CS j. Variable zjr has a
value of 1 if at least ψj chargers are placed at j and 0 otherwise. To ensure that zjr = 1 only
if zj,r−1 = 1, the following set of ordering constraints must hold:

zjr ≤ zj,r−1, ∀j ∈ C, r = 2, . . . , K (7)

where K denotes the maximum number of chargers that can be placed at a CS. Using
the new variables, constraints (5), for every candidate j ∈ C and every existing CS j ∈ Ĉ
respectively, become:

∑
i∈VR

xij ≤ µj

[
zj1ρα1 +

K

∑
r=2

zjr(ραr − ρα(r−1))
]

(8)
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∑
i∈VR∪VF

xij ≤ µj

[
zj1ρα1 +

Kj

∑
r=2

zjr(ραm − ρα(r−1))
]

(9)

ραj is the value of ρ for which (6) holds with equality when mj chargers are placed at
CS j. The value of ραj can be computed for every CS j before solving the ILP using numeric
root finding techniques.

Due to the restricted number of parking spaces, we have further assumed that the
area of interest is initially divided into zones and that the number of on-street CSs in
each zone is bounded by a specific number Nz for zone z, that is provided by the local
authority. Taking into account the objective function and the constraints induced by TNC
and local authorities, we formulate the Charging Facility Location (CFL) problem as an
Integer Quadratic Program (IQP):

min qT + M (10)

s.t. ∑
j∈Ĉ

[
xij − xijωj

]
= 1, ∀i ∈ Vf , f ∈ F (11)

∑
j∈C∪Ĉ

xij = 1, ∀i ∈ Vr, r ∈ R (12)

xij ≤ yj, ∀(i, j) ∈ VR × (C ∪ Ĉ) ∪VF × Ĉ (13)

∑
i∈VR

xij ≤
K

∑
r=1

zjr, ∀j ∈ C (14)

∑
i∈VR∪VF

xij ≤ Kj, ∀j ∈ Ĉ (15)

zjr ≤ zj(r−1), ∀j ∈ C, r = 2, . . . K (16)

∑
i∈VR

xij ≤ µj

[
zj1ρα1 +

K

∑
r=2

zjr(ραr − ρα(r−1))
]
, ∀j ∈ C (17)

∑
i∈VR∪VF

xij ≤ µj

[
ρα1 +

Kj

∑
r=2

(ραr − ρα(r−1))
]
, ∀j ∈ Ĉ (18)

∑
j∈C∩n

(1−ωj)yj ≤ Nn, ∀n ∈ H (19)

xij, yj, ωj, zjr ∈ {0, 1}, ∀j ∈ C ∪ Ĉ, i ∈ VR ∪VF, r ∈ [K] (20)

ψj ∈ N, ∀j ∈ C (21)

where [K] = 1, . . . , K. The objective function (10) minimises the total driving time to CSs
and the opening or the park & charge costs associated with CSs. Constraints (11) and (12)
ensure that each traffic vehicle and each fleet vehicle respectively, that need to be recharged
are each assigned to one CS. Constraint (13) forces the opening of a CS at node j, if a
vehicle has been assigned to it. Constraints (14) and (15) force a candidate or an existing CS
respectively at node j to have at least as many chargers as the number of vehicles assigned
to it. Constraint (16) ensures the ordering of the binary variables z i.e., if CS at node j has at
least r chargers installed (indicated by zjr = 1) then it must have first at least m− 1 chargers
installed (indicated by zj(r−1) = 1). Constraints (17) and (18) bound the queue length of
the candidate and existing CS at node j respectively. Constraint (19) upper bounds the
number of on-street CSs at zone n. Constraints (20) force variables xij, yj, ωj, zjr to take
binary values while constraint (21) forces variable ψj to take integer values.

We note that before solving the optimisation problem, variables yj are set to 1 and ψj to
the number of available chargers for every existing CS j ∈ Ĉ. The values of variables zjr are
then set according to the value of the corresponding ψj for every existing CS j ∈ Ĉ, r ∈ [K].
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3.4. NP-Hardness

We next consider a special case of the CFL problem with the objective consisting only
of the time factor T for TNC vehicles and candidate locations and a subset of the constraints,
namely (12), (13), (19). If we further omit ωj variables ∀j ∈ C and relax equalities (12) with
inequalities we derive the following problem:

min ∑
i∈VR

∑
j∈C

tijxij (22)

s.t. ∑
j∈C

xij ≥ 1, ∀i ∈ Vr, r ∈ R (23)

xij ≤ yj, ∀i ∈ VR, j ∈ C (24)

∑
j∈C∩n

yj ≤ Nn, ∀n ∈ H (25)

xij, yj ∈ {0, 1}, ∀j ∈ C, i ∈ VR (26)

which is the k-median problem known to be NP-hard [36]. As a result we get the following:

Corollary 1. CFL is NP-hard.

3.5. Linearisation

The above IQP can be converted into an ILP [37], by introducing new variables and
a set of additional constraints. The product yjωj, ∀j ∈ C can be linearised by introducing
variable wj ∈ {0, 1} and the following constraints:

wj ≤ yj, ∀j ∈ C (27)

wj ≤ ωj, ∀j ∈ C (28)

wj ≥ yj + ωj − 1, ∀j ∈ C (29)

Similarly we let uij = xijωj, ∀j ∈ C, i ∈ F and introduce the constraints:

uij ≤ xij, ∀j ∈ Ĉ, i ∈ Vf , f ∈ F (30)

uij ≤ ωj, ∀j ∈ Ĉ, i ∈ Vf , f ∈ F (31)

uij ≥ xij + ωj − 1, ∀j ∈ Ĉ, i ∈ Vf , f ∈ F (32)

We also note here that ψj can equivalently be written as ∑K
m=1 zjm, ∀j ∈ C ∪ Ĉ.

The ILP formulation after linearisation then becomes:

min qT + M (33)

s.t. (12)− (18) (34)

(27)− (32) (35)

∑
j∈n

yj − wj ≤ Nn, ∀j ∈ C (36)

∑
j∈Ĉ

xij − uij = 1, ∀i ∈ Vf , f ∈ F (37)

xij, yj, ωj, zjm, wj, uij ∈ {0, 1}, ∀j ∈ C, i ∈ R ∪ F, m ∈ [K] (38)

3.6. Genetic Algorithm

Since the CFL problem is NP-hard, the exact solution of the ILP (33)–(38) results in a
large problem even for small instances. For this reason we solve the problem approximately
using a Genetic Algorithm (GA). GA is a metaheuristic method consisting of five compo-
nents: generation, evaluation, selection, crossover and mutation. The algorithm begins by
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generating a number of feasible solutions (population) for the problem. Each solution of
the GA (chromosome) is represented by an array containing the values of the variables.
Every solution is evaluated with regard to the value of its objective function.

The GA proceeds in a number of iterations (generations) to derive a solution of
approximately optimal cost. Once the initial solutions have been generated, a number of
the solutions are selected to be passed onto the next phases, during the selection phase.
The phases that follow, crossover and mutation modify the given solutions. Specifically,
crossover combines two solutions by a given probability pc while mutation alters the values
of some of the variables according to a given probability pm. The purpose of randomisation
aims at avoiding locally optimal solutions.

The whole process of the GA is presented in Algorithm 1. The values of the variables
of each chromosome are carefully set to each chromosome in the generation phase in such
a way that no constraint is violated. In the evaluation phase the value of the objective
function is returned if no constraint ((34)–(38)) is violated, otherwise a very large value
(indicating ∞) is returned. The values of the parameters for the GA can be seen in Table 4.

Table 4. Values of the GA parameters.

GA Parameters

Parameter Value

Generations 15
Probability of crossover 0.4
Probability of mutation 0.6

Population size 20

Algorithm 1: Genetic Algorithm (GA)

Input: network G, Fleet R, Traffic F, Candidates C, Existing CSs Ĉ, Population size
σ, generations g, crossover probability pc, mutation probability pm

Output: Approximate solution S
1 i=0
2 S = Generation(R, F, C, Ĉ, σ)
3 while i < g do
4 f = Evaluation(G, S, R, F, C, Ĉ)
5 S′ = Selection(S, f )
6 if rand(0, 1) < pc then
7 Sc = Crossover(S′)
8 end
9 if rand(0, 1) < pm then

10 Sm = Mutation(Sc)
11 end
12 i = i+1
13 end
14 f = Evaluation(G, Sm, R, F, C, Ĉ)
15 return Best(Sm, f )

4. Discussion

An agent-based simulation model was implemented using C# to identify the locations
where the vehicles need recharging, continuing the work on assignment and pricing of
shared rides [33]. To do so, a total of 62,147 one-day taxi trips retrieved from Chicago
Open Data Portal [38] have been imported into the simulation platform. Only trips with
distance larger than 500 m between the pick-up and drop-off locations of the customers
were considered in the simulation. The Genetic Algorithm was implemented in Python
and tested on a workstation with a 16-core Intel Xeon E5-2640 v3 CPU (2.6 GHz) and
128 GB RAM.
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The area of Chicago, Illinois, USA was used as a case study network consisting of
28,316 nodes and 75,758 links. The links’ average speeds were obtained from the OSMnx
library [19]. The nodes that were considered as candidate locations for the placement of
charging facilities, were obtained by a k-means clustering. The travel times between vehi-
cles and candidate/existing CS locations were computed during pre-processing. The GA
was implemented in DEAP [39] and was tested under fleet sizes ranging from 500 to
3500 vehicles.

Figure 2 presents a geographical distribution of the locations of existing and the
suggested to be installed CSs in the area of Chicago. The numbers in the circles indicate the
maximum number of available chargers in the CSs. Blue circles correspond to the locations
of existing CSs, while red ones correspond to the locations suggested for the installation of
new CSs.

Figure 2. Map of the distribution of CSs in the area of Chicago.

For this study we assumed an average vehicle speed of 30 km/h throughout the
whole area of Chicago and a cost per km of 0.25 $/h. With regard to the infrastructure,
the installation of DC fast charger costs on average $45,000 [40,41]. Adding a maintenance
cost of $1500 per year, the total cost (assuming a period of 10 years) grows to $60,000
per charger. Thus the conversion parameter of time to monetary units q is set to 0.737.
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The park and charge cost is set to $9 per half hour using a DC fast charger [42]. Assuming at
least 2 charges per day per vehicle the annual cost for charging in public CSs is estimated
to be p = $6570. Building permits were also retrieved by [38] and the land costs were
computed assuming that a typical parking space is approximately 12 m2 and a charger
needs approximately 2 m2 of space. The maximum number of chargers that can be installed
per CS has been assumed to be 16. That is because the cost of opening many CSs of
one charger each is much higher than the cost of opening one CS with many chargers,
and therefore achieving an economy of scale. We note however, that the number of
16 chargers per CS is not strict. We did not aim to optimise this number as this is out of the
scope of this work.

The nominal voltage of the batteries’ cells of the vehicle is assumed to be 360V (e.g., Nis-
san Leaf), the nominal capacity 40 kWh with electrolyte material of lithium-ion. The cath-
ode material is a layer structure consisting of Lithium Nickel Cobalt Manganese Oxide,
while the anode is made of graphite coated on a copper foil [43].

In Figure 3 the number of CSs that need to be opened to cover the charging demand is
presented as a function of the fleet size. As can be seen from the diagram, the number of
CSs that need to open rises linearly up to the size of 1000 vehicles and then it continues
rising at a much smaller rate. This can be explained due to the fact that the travel time cost
becomes considerable when the number of CSs is small. On the contrary, the number of
CSs seems to be adequate for a larger fleet, since each CS consists up to 16 chargers (in
our study).

Figure 3. Number of CSs opened in candidate locations as a function on the TNC fleet size, under an
EV penetration rate of 0.2.

In Figure 4 the change of the various costs is presented as a function of the fleet size.
As can be observed, the total cost follows a similar trend to that of Figure 3. As explained
in Section 3 the total cost is the sum of four parameters, namely the infrastructure cost,
the land cost, the park & charge cost and the travel time cost, where the park & charge cost
is considered only for the existing CSs.

It is evident from the diagram that the land cost is negligible. It should be noted that
since each CS consists of up to 16 chargers, we claim that when there is a CS of many
chargers then the infrastructure cost will be lower than that of many CSs with a single
charger each, resulting in an economy of scale. As a result the infrastructure cost is very
small even when the fleet sizes are large.
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Furthermore, as the fleet size grows, the charging demand also grows resulting in an
increase of the park & charge cost. This happens because there are not enough CSs opened
in nearby areas, therefore the travel time cost remains considerable. On the other hand,
if we take into consideration the diagram of Figure 3, it can be observed that at the same
time the number of CSs also grows. However, after a fleet size of 1000 vehicles the increase
rate slows down because there are then enough CSs in nearby areas.

Figure 4. Cost as a function on the TNC fleet size.

In Figures 5 and 6, the variation of the total cost and number of CSs that need to be
opened, are studied under a fixed fleet size of 1000 TNC vehicles, with respect to the total
traffic of EV vehicles on the streets.

Figure 5. Number of CSs opened in candidate locations as a function traffic of EVs for a fleet of
1000 vehicles.

As can be observed, the number of CSs that need to be opened presents an increase
when the traffic rate exceeds 0.3, and their number needs to increase by a rate of approxi-
mately 30%. This happens because there is an adequate number of CSs up to 0.3 traffic but
for traffic larger than 0.3, the needs will be satisfied with the installation of new CSs.
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Figure 6. Cost as a function of traffic.

Furthermore, the total cost (Figure 6) seems to follow the same behaviour. This is due
to the fact that TNCs try to adapt to the increasing demand by installing new CSs. As a
result the expenses are mostly related to infrastructure and land costs.

5. Conclusions

In this paper we made an empirical study for the placement of charging stations
dedicated to TNC EVs. We proposed a mathematical formulation for this facility location
problem and solved it with a Genetic Algorithm. To the best of our knowledge, this is
the first paper to explicitly distinguish between on-street and off-street facilities taking
into account the restrictions that are set by local authorities with respect to the maximum
number of on-street facilities per region.

Experimental results indicate that approximately 20 million dollars will need to be
invested for the construction of 140 CSs, that will be needed to cover the charging demand
of a TNC fleet of 1000 vehicles in the city of Chicago. The main source of expenses arises
from the park & charge cost induced by the charging of the TNC vehicles in existing
public CSs. Considering that the number of EVs has been increasing significantly over
the last years, even more CSs will have to be constructed to cover the charging demand.
Furthermore, if the fleet size consists of more than 1000 vehicles, the number of CSs does
not need to be continuously proportional with the fleet size, since the charging points are
adequate to cover the demand. As a result a significant amount of the investment funds
can be saved. As a practical recommendation we suggest that each CS consist of many
chargers in order to achieve an economy of scale.

Our suggestions for future work, include an optimisation study on the number of
chargers per CSs and the study of learning methods for the calculation of the charging
demand. Other solution approaches to solve the optimisation problem would include the
combination of the Lagrangian relaxation method and greedy heuristic that can result in a
better approximation of the objective.
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