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Optimal Planning of Single-Port and Multi-Port
Charging Stations for Electric Vehicles in Medium
Voltage Distribution Networks
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Abstract—This paper describes a method based on mixedinteger linear programming to cost-optimally locate and size
chargers for electric vehicles (EVs) in distribution grids as a function of the driving demand. The problem accounts for the notion
of single-port chargers (SPCs), where a charger can interface one
EV maximum, and multi-port chargers (MPCs), where the same
charger can interface multiple EVs. The advantage of MPCs
is twofold. First, multiple ports allow arbitraging the charging
among multiple vehicles without requiring the drivers to plug and
unplug EVs. Second, the charger’s power electronics is not sized
for the total number of charging ports, enabling cost savings when
the grid constraints are bottleneck of the problem. The proposed
method can account for different charger typologies, such as slow
and fast chargers, and model the drivers’ flexibility of plugging
and unplugging their EVs. Simulation results from a synthetic
case study show that implementing MPCs is beneficial over
both SPCs and drivers’ flexibility in terms of total investments
required for the charging infrastructure.
Index Terms—EVs; Charging stations; Distribution networks;

I. I NTRODUCTION
The massive adoption of electric vehicles (EVs) will play a
central role in decarbonizing road transportation [1]–[4].
Recharging EVs requires to develop an extended and pervasive charging infrastructure. Reference [5] estimates that,
between 2019-2025, more than 2 billion Dollars will be
necessary to improve the public and residential charging
infrastructure across major U.S. metropolitan areas, whereas,
in France, 2 billion Euros will be required to achieve the
target of 7 million deployed public and private charger by
2030 [3], [6]. In addition to these investments, others will
be necessary to adapt the electrical grid infrastructure, in
particular distribution grids. Indeed, it is well known that
the connection of many chargers in distribution grids might
determine congestions at the level of substation transformer
and lines, and violations of statutory voltage limits (e.g., [7],
[8]). This is because distribution grids were designed to host
prescribed amounts of demand and with predefined voltage
gradients along the feeders, which are typically violated when
massively recharging EVs. The large investments required
to both install suitable charging infrastructure for EVs and
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upgrade existing distribution networks motivate the need to
research formal methods to locate and size EV chargers
effectively accounting for realistic driving demand patterns,
technical limits of existing distribution grids, and cost of the
chargers.
In this context, this paper proposes a method to locate
and size EV chargers accounting for the driving demand
and the constraints of existing distribution grids. The method
can model different types of chargers, such as fast and slow
chargers, as well as single-port chargers (SPCs) and multi-port
chargers (MPCs). In addition, it can model the availability of
the drivers to plug and unplug EVs to and from public charging
stations, an element that can significantly impact the utilization
of the charging columns, and possibly the number of chargers
to deploy. The method is thought for an integrated distribution
system operator (DSO)/urban planner, who wishes to design,
or get insights on, a cost-optimal charging infrastructure while
accounting for the technical limitations of the grid, different
types of chargers, and drivers behaviors.
The problem of planning the EVs recharging infrastructure is not new and has been extensively investigated in
the literature, although not in the terms proposed in this
paper. For example, a multi-objective planning model for the
layout of electric vehicle charging station is proposed in [9],
without considering, however, distribution grid’s operational
constraints. The work in [10] proposes joint planning of EVs
charging stations and distribution capacity expansion, without
modeling, however, MPCs and drivers flexibility. Authors
of [11] proposed a method for the cost-optimal planning
of EV charging stations in a distribution grid considering
grid constraints; however, this work did not consider MPCs
that, as shown in this paper, can achieve significant cost
savings. Methods for optimal planning of charging stations
were also developed in [12], [13], without however including
grid constraints. The work in [14] proposes a planning method
to design multiple-charger multiple-port charging systems for
EVs that features the capability of sharing a limited number
of chargers to more EVs. However, this method extends to a
parking slot and not to whole distribution grid. In [15], and
similarly in [16], both distribution network and traffic flows
were used to identify appropriate nodes to locate and size
the EV charging stations. This work uses genetic algorithm
to solve nonconvex AC load flows, a formulation which
could not scale well to a large number of EVs, and do not
consider voltage and line ampacities constraints, only the rated
power of the nodes. The work in [17] proposes a data-driven
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approach for identifying driving demand and, based on this
information, advises system planners on suitable locations
for the charging infrastructure without considering, however,
grid constraints. More recently, in [18], [19], a two-stage
optimization framework was proposed, in combination with
an efficient resolution method, to co-optimize the charging
infrastructure in combination with the operations of the power
grid and gas network. However, the work does not specifically
address multi-port chargers and drivers’ flexibility. In the light
of the current state-of-the-art, the contributions of this paper
are as follows: i), a planning method to locate and size chargers
of EVs in distribution grids accounting accounting for grid
constraints and multiple charger typologies, including slow
chargers, fast chargers, SPCs, and MPCs; ii), a dedicated
set of constraints to model the flexibility of the drivers in
plugging and unplugging their vehicles into and from charging
station; and, iii), a mixed-integer linear formulation embedding
a linearized grid model that can be solved with off-the-shelf
optimization libraries.
The paper is organized as follows. Section II describes the
problem statement, input quantities, and model assumptions.
Section III describes the models adopted in the planning
problem and its formulation. Section IV describes how drivers’
flexibility is modeled. Section V describes the synthetic case
study adopted to test the models. Section VI presents results
and discussions. Finally, Section VII concludes the paper.
II. P ROBLEM S TATEMENT
The objective of the problem is to identify the location
and rating (i.e., fast and slow charging) of EV chargers in a
distribution grid to satisfy the charging demand of a given population of vehicles while attaining minimum capital investment
costs and respecting distribution grid’s constraints. Moreover,
we also want to model the operations of both conventional
single-port chargers (SPCs) and multi-port chargers (MPCs),
with the ultimate objective of evaluating the cost savings of
one or the other configuration. The distinction between SPCs
and MPCs is that, while SPCs has a plug for each charging
column, MPCs have a centralized power conversion stage and
multiple ports (Fig. 1). From a technological perspective, the
differentiating factor between MPCs and SPCs is that MPCs,
i), can have smaller power electronics ratings than SPCs for the
same number of plugs and, ii), enables arbitraging the charge
of the locally connected vehicles without requiring drivers
to plug and unplug their vehicles. Although the proposed
methodology is general and can be adapted to model arbitrary
power rating of the charging stations, we specifically consider
two charger ratings for SPCs, i.e., fast and slow chargers, with
kVA rating denoted by F̄ and S̄ (where, F̄ > S̄), respectively.
For MPCs, the charger rating is assumed to be a multiple of
S̄ or F̄ .
A. Input information and notation
The formulation uses two main sets of input information,
one for the EVs and one for the power grid. For the EVs, their
parking location and battery discharging power (depending
on the driving demand) over time is assumed given (e.g.,

Fig. 1: Single-port chargers (SPCs) on the left, and multi-port
chargers (MPCs) on the right.
estimated from urban mobility data or statistics). An example
of this is in the Results section of this paper. For the power
grid, the grid topology, lines characteristics, and relevant
nodal injections due to demand and distributed generation
are assumed known, e.g., from measurements, state-estimation
procedures, or statistics. This last set of information is necessary to model the operational constraints of the distribution
grid so as to produce chargers deployment plans that are
respectful of grid constraints.
The parking locations of the EVs over time is encoded in
the following input binary variables:
(
1, if EV v is connected to node n at time t
(1)
pnvt =
0, otherwise
where n = 1, . . . , N denote the node of the distribution grids,
t = 1, . . . , T the time interval, and v = 1, . . . , V the index
of the EVs. For more compact expressions, and with abuse of
notation, we denote with subscripts nvt quantities for node n,
vehicle v and at time interval t, and not the product among
these indexes; similarly for other subscripts. It is illustrative
to mention that a vehicle can be parked at one node only at a
time, thus the following holds:
N
X

pnvt ≤ 1

for all v and t.

(2)

n=1

B. Modeling assumptions
We highlight here the general assumptions adopted for
this study. Specific assumptions related to certain modeling
choices are remarked throughout the paper when used. It is
considered the perspective of an integrated grid operator/urban
planner wishing to attain minimum capital investments for
the charging infrastructure. Operational costs (e.g., minimizing
the cost of electricity) and operational strategies (e.g., optimal
price-making strategies) are not considered, although the proposed methods could provide useful insights in that direction.
Chargers are assumed to operate on/off. In other words, the
recharging power cannot be modulated in intensity; however,
it can be modulated in time, thus, from a grid perspective,
achieving power intensity modulation at the aggregated level.
In this respect, smart charging (in the sense of modulating
the charging power for the grid benefit) is considered in the
problem. Reactive power support from the chargers and V2G
are not considered because, although they can help with grid
congestions, their contribution is typically small (e.g., [20])
and not expected to impact the planning results significantly.
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III. M ETHODS
As explained in this section, the problem of planning the
EV charging infrastructure is formulated as a constrained
economic optimization program. Its objective is to minimize
the capital investment of the chargers while meeting the
charging demand and respecting grid operational constraints.
This section is structured as follows. First, the models for the
plugged and charging states of the EVs is presented. Then,
based on these models, it is explained how the needs for
chargers are identified, along with their costs. Based on the
charging states of the EVs and charger typologies, the nodal
injections are formulated and used in a linearized load flow
to approximate grid constraints. Finally, all these models are
joined together in the planning problem. The next section will
discuss which other constraints are needed in the planning
problem to model drivers flexibility.

A. State and charging power of the electric vehicles
1) Modeling connection and charging state: For each vehiplugged plugged
cle v and time interval t, the binary variables fvt
, svt
are defined to denote whether the vehicle is connected to a
fast and a slow charger, respectively. As an EV cannot be
connected to a fast and slow charger simultaneously, it holds
plugged
that fvt
and splugged
cannot be active at the same time;
vt
plugged
moreover, as an EV can be plugged only when parked, fvt
plugged
can be active only if at least one pnvt among all
and svt
nodes is active. These two requirements can be formalized as
the following constraint:
plugged
fvt
+ splugged
≤
vt

N
X

pnvt

∀t and v.

(3)

n=1

Two additional binary variables per vehicle and time intercharge charge
val, denoted by fvt
, svt , indicate whether a vehicle is
charging from a fast or a slow charger. As EVs can charge
only when plugged, it holds that:
charge
plugged
fvt
≤ fvt

scharge
vt

≤

splugged
vt

3) Vehicles’ state of charge: The evolution of the vehicles’
SOC over time is now modelled. This depends on the charging
and discharging power. The charging power is as in (5a) and is
determined by the planning problem. The discharging power
is, instead, an input of the problem, as discussed hereafter.
The SOC of vehicle v at time t is modeled as:
SOCv (t) = SOCv (0) +

t−1

Ts X
EV−
η · pEV+
,
vτ − pvτ
Ev τ =0

(6)

where SOCv (0) is the initial SOC (a problem decision variable, as it will be discussed later), pEVvt the discharging power
in kW, Ts the sampling time in hours, Ev the nominal
energy capacity of the EV’s battery (in kWh), and η is the
charging efficiency. Model (6) is linear in the power; it is
commonly adopted in the literature (e.g. [21]) and assumes
constant battery’s voltage and efficiency. These assumptions,
which trade-off accuracy for increased model tractability, can
be considered acceptable in a planning problem with sparse
temporal resolution (e.g., 1 hour). The vehicles’ SOCs should
be within a feasible range (e.g., 10% - 90%), denoted by
(SOC, SOC):
SOC ≤ SOCv (t) ≤ SOC.

(7)

4) Discharging power: The discharging power, pEVvt , depends on several quantities, including driving demand, driving
style, regenerative breaking, auxiliaries’ consumption (e.g.,
[22]) and battery self-discharge. In this paper, pEVvt is estimated
from historical time series of vehicles’ SOC, as detailed in
the case study section, hence providing a lumped description
of all the underlying quantities impacting on it. It is worth
highlighting that since the discharging power is assumed
estimated directly from the vehicles’ SOCs, it is not weighted
by the efficiency in (6).

∀t and v

(4a)

B. Identifying needs for charging infrastructure

∀t and v

(4b)

This key section of the paper explains how the number of
chargers and their location are identified. Then, based on the
number of chargers, the capital investment of the charging
infrastructure is modeled.
1) Single-port chargers: It is first considered the case of
single-port chargers. This case features an equal number of
plugs and chargers (Fig. 1).
The need for fast chargers (for slow chargers, the principles
are identical and not repeated) in use at a specific grid node
plugged
can be evaluated by coupling the information fvt
, telling
whether a vehicle is connected to a fast charger, and pnvt ,
telling its parking location. More specifically, the number of
fast chargers in use at time interval t at node n is the sum over
plugged
all vehicles of the product between pnvt and fvt
; by taking
the maximum over time of this expression, one can determine
the number of fast chargers required to meet the demand of
fast chargers. Let Fnchargers and Snchargers be the required number

plugged plugged
charge charge
Quantities fvt
, svt
, fvt
, svt are variables of the
optimization problem; based on these variables, the charging
power of the EVs, as well as the needs for fast and slow
chargers are determined as explained next.
2) Charging power: With the above definitions in place,
the charging power of a vehicle v and time t is:
charge
pEV+
· F̄ · cosφF + scharge
· S̄ · cosφS ,
vt
vt = fvt

(5a)

where input parameters F̄ and cosφF are the kVA rating and
power factor of the fast charger, respectively, and similarly for
S̄ and cosφS . The reactive power associated to this charging
demand is:
charge
EV+
qvt
= fvt
· F̄ · sinφF + scharge
· S̄ · sinφS .
vt

(5b)
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of fast and slow chargers, respectively, at node n. Based on
the explanation above, they formally are:
(
Fnchargers = max
t

V
X

plugged
pnvt · fvt

v=1
V
X

(
Snchargers = max
t

pnvt · splugged
vt

)
,

n = 1, . . . , N (8a)

,

n = 1, . . . , N (8b)

(8c)
(8d)

2) Multi-port chargers: With MPCs, a single charger can
have have multiple plugs. Hence, the numbers of plugs and
chargers now follow from different models. In particular,
the number of plugs is evaluated considering the variables
plugged plugged
fvt
, svt
, whereas the number of chargers is evaluated
charge charge
, svt , which tell how much power rating
considering fvt
is used for charging the EVs. Using similar considerations as
developed for the SPCs case, the number of plugs and number
of chargers are:
(

Snchargers
Fnplugs
Snplugs

= max
= max
t

= max
t

= max
t

V
X

pnvt ·

v=1
( V
X
v=1
( V
X
v=1
( V
X

charge
fvt

pnvt ·

splugged
vt

pnvt ·

plugged
fvt

pnvt ·

splugged
vt

)
,

n = 1, . . . , N (9a)

,

n = 1, . . . , N. (9b)

,

n = 1, . . . , N (9c)

,

n = 1, . . . , N (9d)

)

)

)

F
F
S
S
J(·) = Jplugs
+ Jchargers
+ Jplugs
+ Jchargers

where
and stations,

S
Jplugs
=

F
Jchargers
S
and Jplugs

F
Jchargers
=

S
Jchargers
=

(10a)

are the cost of fast-charging plugs
S
and Jchargers
are the cost of slow-

N
X
n=1
N
X
n=1
N
X
n=1
N
X

Fnplugs · costF
plugs

(10b)

Snplugs · costSplugs

(10c)

Fnchargers · costF
chargers

(10d)

Snchargers · costSchargers

(10e)

n=1
F
S
S
where costF
plugs , costchargers , costplugs , costchargers are the
unitary cost of plugs and chargers for fast and slow charging.

C. Nodal injections due to EVs charging demand and grid
model
The problem formulation so far has focused on modeling
the connection of EVs to chargers, their charging process, and
how these reflect on the cost of the charging infrastructure.
In this section, the charging demand of the EVs is used in
a grid’s load flow model to assess whether grid constraints
are respected. These additional constraints are implemented
in the planning problem with the specific objective of locating
the chargers in the distribution grid without violation its operational limits. As load flow models are nonconvex, we resort
to a linearized load flow based on sensitivity coefficients, as
proposed in [20], [23]–[25], to retain the problem’s tractability.
We denote the total charging demand for the EVs connected
EV
, and the associated reactive power demand
to node n by Pnt
EV
by Qnt . These quantities are computed by coupling the
information on the charging power of the individual EVs, pEV+
vt
in (5), with their parking location, pnvt . Formally, they are:
EV
Pnt

v=1

It is worth to highlight that if the solution of the MPCs
charge
plugged
problem is such that fvt
= fvt
and scharge
= splugged
for
vt
vt
all v and t, then the MPCs case reduces to the SPCs case. In
this sense, the MPCs problem is a generalization of the SPCs
case because it can lead to the same solution.
3) Investment costs for the charging infrastructures: Based
on the required numbers of plugs and chargers, we can estimate the capital cost of the charging infrastructure. The total
investment cost is denoted by J(·), where notation (·) refers
to the dependency of J on the problem decision variables
plugged
charge
fvt
, splugged
, fvt
, and scharge
, not explicitly reported for
vt
vt
compactness. It is:

F
Jplugs
,

=

v=1

Fnplugs = Fnchargers
Snplugs = Snchargers .

t

F
Jplugs

)

For SPCs, the number of plugs for fast and slow chargers,
denoted by Fnplugs , Snplugs respectively, are:

Fnchargers

charging plugs and stations. The components of (10a) are as
follows:

=

QEV
nt =

V
X
v=1
V
X

pnvt · pEV+
vt

∀t and n

(11a)

EV+
pnvt · qvt

∀t and n.

(11b)

v=1

The nodal power injections at the various nodes of the
distribution grid are given by the total charging demand of
the EVs in (11) along with conventional demand and local
distributed generation. Conventional demand and distributed
generation is modeled in terms of net demand, denoted by
net
Pnt
, given by the difference between the two. The net demand
is an input of the problem. Nodal active and reactive power
injections read as:
X
node
net
Pnt
=
pnvt · pEV+
(12a)
vt + Pnt
v∈V

Qnode
nt

=

X

EV+
pnvt · qvt
+ Qnet
nt .

(12b)

v∈V

Nodal power injections are assumed voltage independent.
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Nodal voltage magnitudes vtn , line current magnitudes itl in
lines l = 1, . . . , L, and apparent power flow at the substation
transformer St0 are denoted with the following notation

node
node
node
vtn = fn Pt1
, . . . , PtN
, Qnode
(13a)
t1 , . . . , QtN

node
node
node
node
itl = gl Pt1 , . . . , PtN , Qt1 , . . . , QtN
(13b)

node
node
node
node
St0 = hl Pt1 , . . . , PtN , Qt1 , . . . , QtN
(13c)
which highlights the dependency between grid quantities and
nodal injections through the functions fn , gl , and hl . The
problem dependency on the admittance matrix (i.e., topology
and cables’ characteristics), and slack bus voltage are omitted
from this notation for simplicity. Using the notion of sensitivity
coefficients, functions fn , gl , and hl can be expressed as a
linear function of the nodal power injections and linearization
points.
Operational constraints of the distribution grid refer to
voltage magnitude within prescribed limits (v, v), currents in
the lines below the lines’ ampacities il , and power flow at the
substation transformer less than its rating St0 . These reads as:
v ≤ vtn ≤ v

∀t and n

(13d)

|itl | ≤ il

∀t and l

(13e)

St0 ≤ S 0

∀t.

(13f)

In addition to these constraints, we require nodal injections to
be below the apparent power limit of the node, Sn :
2

2

node
2
(Pnt
) + (Qnode
nt ) ≤ (Sn ) .

(13g)

Constraint (13g) is useful in the case of apparatus with
apparent power limitations connected at the nodes, such as
nodes hosting substation step-down transformers.

subject to the following constraints:
Plugged-in only if parked (3)
Charge only if plugged-in (4)

∀t and v (18b)
∀t and v (18c)

EV charging power (5)

∀t and v (18d)

SOC model and constraints (6), (7), (17) ∀t and v (18e)
Nodal injections (11) and (12)

∀t and n (18f)

Linear grid models and constraints (13)

(18g)

Chargers and plugs number model:
(8) for SPCs, or (9) for MPCs

(18h)

E. Problem properties and approximations
Problem (18) is nonlinear due to the set maximum in (8)(9), the point-wise maximum in (20d) (a new constraint,
explained in the next section), and the quadratic expression
in (13g). Suitable reformulations or approximations of these
constraints are now discussed to render the problem linear. The
set maximum, here denoted by v̄ = max{vt , t = 1, . . . , T } for
convenience, is replaced by T linear inequalities v̄ ≥ vt for all
t. As the problem (18) entails minimizing expressions of the
same kind as v̄, this reformulation holds as exact. The pointwise maximum, a+ = max(a, 0), is replaced by 2 inequalities,
a+ ≥ a and a+ ≥ 0 and can be used to replace convex
constraints in the form of max(a, 0) ≤ ā with linear ones.
Finally, the apparent power constraint in (13g), now denoted
by P 2 + Q2 ≤ S 2 for simplicity, is approximated by replacing
the reactive power with an upper bound Q = S · sinφ; since
Q ≤ Q, it follows that:
2

P 2 + Q2 ≤ P 2 + Q ≤ S 2
D. Planning problem

2

The planning problem consists in finding binary variables
x=
y=

charge
charge
, . . . , scharge
[f11
, . . . , fVcharge
T , s11
VT ]
plugged
plugged plugged
[f11
, . . . , fV T , s11
, . . . , splugged
]
VT

(14)
(15)

that minimize the capital investment for the EV charging
infrastructure while subject to grid constraints.
To avoid that the problem solution depend on the initial
SOC values in (6), we choose to set them as problem variables,
denoted by:
z = [SOC1 (0), . . . , SOCV (0)] ∈ RV .

(16)

Besides, the final SOC should be larger than or equal to the
initial one to avoid benefiting from the initial energy stock:
SOCv (T ) ≥ SOCv (0),

for all v.

(17)

In this way, the planning problem accounts for the charging
demand of the vehicles, regardless of their specific initial
conditions.
The planning problem is formulated as a constrained economic optimization. Its formulation reads as:
min

x,y∈{0,1}V ×T ,z∈RV

{J(·)}

(18a)

2

2

2

2

(19a)
2

2

2

P ≤ S − Q = S − S · sin φ = S cos φ

(19b)

P ≥ −S · cosφ and P ≤ S · cosφ.

(19c)

In summary, the original quadratic constraint is replaced by
two linear inequalities, (19c), with cosφ as a estimated lower
bound of the load power factor. An alternative approach is
to approximate the convex set (13g) with linear inequalities
(e.g., [26]), typically preferrable when reactive power is an
explicit control variable of the problem. With these equivalent formulations and approximation, it is possible to write
the optimization problem as a mixed integer linear problem
(MILP).
IV. M ODELING DRIVERS CONNECTION AND
DISCONNECTION PREFERENCES
plugged
It has been said that fvt
and splugged
(denoting if an EV
vt
is plugged into a charger) can be active only when an EV is
parked. However, there is more. Because plugging an EV into
a charging column is an operation performed by the drivers,
their availability to plug and unplug an EV should also be
modelled. For example, a person driving home in the evening
and using a public charging column might prefer to plug their
EV when arriving rather than waiting for a busy charger to be
available and come back in the middle of the night to plug it.
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plugged
In this context, by adding additional constraints on fvt
and
plugged
svt
, we model two scenarios to capture different levels of
drivers’ flexibility for plugging and unplugging their EVs. To
explain these constraints, we refer to the case study analyzed
in this paper (described in detail in the next session) that
considers a home-work commute, where EVs are used in the
morning, parked in the central part of the day, used again in
the afternoon, and finally parked overnight (1 ). The constraints
to model drivers’ flexibility are discussed in the rest of this
section.

A. Modeling connection to and disconnection from chargers
Before describing the drivers’ flexibility scenarios, the models to compute the connections to and disconnections from
chargers are explained. For fast chargers, let binary variables
cfvt , dfvt denote the events when EV v is connected to and
disconnected from a charger, respectively, and similarly for
slow chargers, with variables csvt and dsvt . In these variables,
the logical state 1 denotes a connection or a disconnection, and
0 no event. Connections and disconnections are modeled by
plugged
detecting rising and falling edges of fvt
and splugged
(Fig.
vt
2). Formally, this is as (with max as the point-wise maximum):


plugged
plugged
cfvt = max fvt
− fv(t−1)
,0
∀t and v
(20a)


plugged
plugged
dfvt = max fv(t−1)
− fvt
,0
∀t and v
(20b)


csvt = max splugged
− splugged
∀t and v
(20c)
vt
v(t−1) , 0


plugged
dsvt = max splugged
,0
∀t and v.
(20d)
v(t−1) − svt

State 0
0 1 2

3

4

5 6 7

8

9 10 11 12 13 14 15 16

Time (hour of the day)
Connected state
Disconnected state
Connection event
Disconnection event
plugged
(fvt

Fig. 2: Example of the connection-state variable
or
splugged
)
and
connection
and
disconnection
events
(blue
and
vt
red arrows), corresponding to the raising and falling edges of
the connection state, respectively.

B. Drivers flexibility scenarios
(1)

(2)

Let the time interval (τv , τv ) denote the overnight park(3) (4)
ing stay, and (τv , τv ) the parking stay during the central
hours of the day for vehicle v. The two drivers’ flexibility
scenarios are as follows.
Scenario A (stiff drivers): In both parking intervals,
drivers plug their EVs to a charger only at the arrival time,
and unplug them only at the departure time. In other words,
drivers let their vehicles plugged into a charger whenever their
EVs is parked; for their comfort, plugging and unplugging
1 We

cfvt ≤ 0
csvt

≤0

for all t except t = τv(1) and t = τv(3)
for all t except t =

τv(1)

and t =

τv(3) ,

(21a)
(21b)

and no disconnection outside the final parking time interval
dfvt ≤ 0
dsvt

≤0

for all t except t = τv(2) and t = τv(4)
for all t except t =

τv(2)

and t =

τv(4) .

(21c)
(21d)

Scenario B (flexible drivers): For overnight parking,
drivers plug their EVs to a charger only at the arrival time,
and unplug them only at the departure time; for central parking hours, drivers allow one disconnection. In other words,
drivers allow one disconnection to give to others the possibility
of using that charging spot. This is implemented by enforcing
no connection outside the initial parking time for the overnight
time interval
cfvt ≤ 0
csvt

≤0

for all t except t = τv(1)
for all t except t =

τv(1) ,

(22a)
(22b)

and up to one disconnection in the central parking hours
τ4
X
t=τ3
τ4
X

dfvt ≤ 1,

(22c)

dsvt ≤ 1.

(22d)

t=τ3

C. Implementing the scenarios

EV Charger

State 1

happen only at the arrival and departing times. Formally, this
is implemented by enforcing no connection outside the initial
parking time interval (for both fast and slow chargers)

recall that this is input information and is encoded in parameters pnvt .

Scenarios are implemented by adding either (21) or (22) to
optimization problem (18). A comparative analysis of these 2
scenarios is performed in the results section to evaluate the
impact of drivers’ flexibility on the problem solution.
V. C ASE STUDY
This section describes the case study to which the proposed
planning method is applied with the objective of exemplifying
how the pieces of input information are computed.
The adopted study is reasonably guessed to reproduce a real
possible scenario. It is worth remarking that the contributions
of this paper do not depend on this specific case study; in
particular, input information can always be tuned or changed
as a function of the specific situation to model, on the basis
of, for example, information from the distribution grid operator
and urban planner.
A. Number of EVs and driving demand
It is considered a home-work commute where EVs are used
in the morning, parked in the central part of the day, used
again in the afternoon, and parked overnight at the origin node.
The different parking (and charging) locations correspond to
different nodes of the grid. The residential nodes where EVs
are parked overnight are indicated as the green nodes (“Cluster
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Vehicles parked

400
300
200
100
0

Vehicles parked

1”) in Fig. 1, whereas the destination nodes are the purple
nodes (“Cluster 2”). In total, there are 1’000 EVs in this
grid. This value is chosen based on the rating of this power
grid, and it is in line with other studies (e.g., [25], [27]).
The origin and destination nodes of the EVs are assigned
randomly and uniformly to all nodes hosting EVs. The number
of EVs parked during the night and central hours are shown in
Fig. 3a and 3b, respectively. The EVs’ morning departures and
arrivals are sampled from uniform distributions with values
between hours 5-8 and 8-11, respectively; evening departures
and arrivals are sampled from uniform distributions with values between hours 14-18 and 17-21. Based on the information
presented so far in this section, variables pnvt are built. It
is worth highlighting that this is an input of the problem,
and other methods (including using real data) can be used.
The total energy demand for driving of an EV is estimated
by comparing the daily starting and final SOC of EVs from
[28]. The discharging power, pEVvt , necessary to model the
SOC evolution in (6), is assumed piecewise constant, strictly
positive during the intervals when the vehicle drives, zero
when the EV is parked, and such that the associated energy
demand amounts to the quantity estimated above. We have
considered a nominal energy capacity of the EVs’ batteries of
16 kWh for all EVs.
The proposed analyses are for an optimization horizon of
24 hours, which is assumed to capture a typical day of driving
demand. The resolution of the input time series is 1 hour.

400
300
200
100
0

N3
N4
N5
N8
1

3

5

7
9 11 13 15 17
Time (hour of the day)

19

21

23

19

21

23

C. Distribution grid and demand
It is considered the European version of the 14-bus CIGRE benchmark grid for medium voltage (MV) systems [32]
(Fig. 4). The low-voltage (LV) grids connected at the MV
grid nodes are modeled in terms of their aggregated power.
This modeling accounts for constraints of the rated power
of the MV/LV substation transformer through (13g), and
assumes that there are no violations of voltage levels and line
ampacities in the LV grid. The MV grid is modeled as a singlephase equivalent assuming transposed conductors and balance
loads. The demand of the grid is simulated considering the
load profile proposed in [32], scaled according to the rated
power of each node (Table I). At this stage, no distributed
renewable generation is considered. The reactive power of the
nodal injections is modeled assuming a constant power factor
(Table I). Statutory voltage levels are 1 ± 3% per unit of
the base voltage (20 kV). Line ampacities are according to
the conductor diameter. The sensitivity coefficients for the
linearized grid model are computed once for the nominal
demand profiles; one could compute successive linearizations
to improve the linear estimates.
TABLE I: Nodal nominal demand and power factors
Node
1
3
4
5
6
8
10
11
12
14

Apparent Power [kVA]
15’300
285
445
750
565
605
490
340
15’300
215

Power factor
0.98
0.97
0.97
0.97
0.97
0.97
0.97
0.97
0.98
0.97

Cluster
1
1
1
2
1
2
2
2

(a) Cluster 1
N6
N10
N11
N14
1

3

5

7
9 11 13 15 17
Time (hour of the day)

(b) Cluster 2

Fig. 3: Number of EVs’ parked at different grid nodes under
two clusters during the day and night hours.

B. Chargers ratings and prices
We consider fast and slow chargers with kVA ratings of
50 kVA and 2.4 kVA, respectively, and power factors of 0.9.
Their costs is assumed to be 20’000C and 800C, in line with
the existing technical literature [29]–[31] (although some price
volatility might exist due to different regions, operators, and
need for labor). The price of the charging plugs is assumed to
be 15% of the price of a single-port charger.

Load
Transformer
Bus
Switch/CB
Cluster -1
Cluster -2

Fig. 4: Topology of the CIGRE European MV distribution
network benchmark for residential system [32].
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VI. R ESULTS AND D ISCUSSIONS
The proposed planning method is applied to the case study
illustrated in the former section. Results are now discussed.
The discussion is organized as follows. First, a subset of the
problem variables is shown to highlight specific properties
of the solution. Then, EVs charging patterns and active constraints of the optimization problem are discussed. A comparative analysis that includes SPCs, MPCs, and flexible driver
scenarios is then presented. Finally, a sensitivity analysis of
the results with respect to increasing levels of driving demand
is performed to verify how these impact the planning solution.
A. Exemplifying decision variables splugged
and scharge
vt
vt

Index of EVs

Fig. 5 shows variables splugged
and scharge
for ten sample EVs
vt
vt
in Scenario A and MPCs in order to illustrate their meaning. It
shows that, i), vehicles are mostly connected to the chargers.
This is in line with the definition of Scenario A, which foresees
EVs connected to the chargers whenever they are parked; ii),
the planning algorithm arbitrages the charging of plugged EVs.
This is done to respect grid constraints, ensure the EVs have
correct SOC levels throughout the day and attain a minimum
investment cost, as dictated by the problem cost function.
We can thus infer that arbitraging the charge is beneficial to
reducing the number of chargers, as explained hereafter.
10
8
6
4
2
1

3

5

7
9 11 13 15 17
Time (hour of the day)

19

21

23

Index of EVs

(a)

Finding 1: moving from stiff to flexible drivers (from
Scenario A to B) for both SPCs and MPCs attains smaller
numbers of chargers and plugs. This is explained by the fact
that increasing the availability of the drivers to plug/unplug
their EVs leads to better utilization of the charging infrastructure, ultimately requiring fewer chargers to satisfy the same
charging demand.
Finding 2: implementing MPCs requires less chargers and
more plugs. As the MPCs problem is a generalization of
the SPCs’ and the problem aims at finding the economic
minimum, we can infer that MPCs are conducive to lower
infrastructure costs (as empirically confirmed by the economic
analysis reported in the next paragraph).
Finding 3: different cases (scenarios and MPCs/SPCs)
might entail a different spatial distribution of the chargers.
Chargers of Scenario A/SPCs are nearly equally split between
Cluster 1 and 2’s nodes, whereas Scenario B/SPCs place more
chargers in Cluster 2 (overnight stay). This might be due to
longer overnight parking stays, which increase the possibility
of arbitrating the charge between a larger group of vehicles,
leading to a more efficient use of the charging infrastructure.
TABLE II: Number of slow chargers and plugs
Node
3
4
5
6
8
10
11
14
Total
Cluster1
Cluster2

Scenario A
MPCs
SPCs
Chargers Plugs Chargers
44
124
41
70
197
130
119
287
215
60
115
155
96
234
133
29
60
130
41
103
130
3
10
87
462
1130
1021
329
842
519
133
288
502

Scenario B
MPCs
SPCs
Chargers Plugs Chargers
36
111
32
50
173
109
89
271
242
87
110
124
75
212
143
53
63
119
56
64
71
14
14
46
460
1018
886
250
767
526
210
251
360

10
8
6
4
2

The number of required chargers and plugs for SPCs, MPCs,
and the two scenarios for driver’s flexibility scenarios A and
B are reported in Table II. For SPCs, the number of plugs is
not indicated as it is the same as the number of chargers. It is
possible to derive the following findings.
Finding 0: fast chargers are not required. In the considered
case study, cheaper distributed slow chargers were enough to
satisfy the charging demand.

Cost [Million C]

C. Economics
The cost achieved by the four analyzed cases are summarized in Fig. 6. Two additional findings are derived.
Finding 4: Implementing MPCs and flexible drivers (Sce7
1
3
5
9 11 13 15 17 19 21 23 nario B) are beneficial from a cost perspective.
Time (hour of the day)
Finding 5: The cost savings achieved by MPCs are significantly more substantial than flexible drivers. Choosing MPCs
(b)
over SPCs achieves a cost reduction of 38% and 30% in
Fig. 5: Variables splugged
(a) and scharge
(b), showing the Scenario A and B, respectively. Implementing flexible drivers
vt
vt
connection and charging state, respectively, for 10 sample EVs. (Scenario B) achieves a cost reduction of 13% and 3% for
Grey filling is 1, white 0.
SPCs and MPCs, respectively. The important implication here
is that a technological solution obtains a better effect than
promoting consumer behavior change.
B. Charging infrastructure requirements
SPCs

1.5
1
0.5
0

Scenario A

Scenario B

Fig. 6: Cost of the four cases.

MPCs
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D. Nodal injections
Fig. 7 shows the active nodal injections (conventional demand + EVs): nodal injections are re-scaled by the rated power
of each node, so that 1 per unit (dashed lines) corresponds to
the maximum power flow at that node; the shaded bands refer
to different quantiles, whereas the thicker line is the average
value. It is possible to observe in Fig. 7 that, in the evening,
the power flows hit the limit in all the cases. This is due to the
confluence of evening conventional demand and the one of the
EVs. With SPCs, the grid is overloaded in the day’s central
part also, whereas less with MPCs. This denotes that MPCs
tend to shift the charging demand during the afternoon and
evening hours. This is also in line with the previous findings,
where the MPCs case features more chargers in the nodes
corresponding to the overnight parking locations.

and unplug their vehicles for optimized utilization of the
charging infrastructure and power grid constraints to model
voltage limits, current limits, and rating of the substation
transformer. By suitably modifying nonlinear constraints appearing in the formulation, we derived a mixed-integer linear
formulation of the problem that could be solved with offthe-shelf software libraries and in a reasonable time. The
method was applied on a 14-bus MV network considering a
population of 1’000 EVs. The most notable indication from
the results is that MPCs achieve the lowest infrastructure
cost compared to other options, including increased drivers’
flexibility, ultimately denoting that this technological solution
can substantially improve the charge arbitrage independently
of possibly hard-to-predict consumer behavior.
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