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Abstract

The transition to electric mobility is facing multiple challenges, usually associated
with the roll-out of the charging infrastructure. On one hand, cities must develop a
charging infrastructure that meets the user needs while the type of electric vehicle
(EV) users is speci�c for every charging area. On the other hand, a high EV demand
in the power system can bring congestion issues at the low-voltage power grid and
this can involve power supply quality issues and a barrier to further development of
the charging infrastructure. This thesis aims to provide tools to solve the challenges
raised in both stages of the adoption of electric mobility. With this purpose, a
methodology to cluster and model generic EV user pro�les based on connection
patterns is proposed and applied to these two key areas: �exibility management
and charging infrastructure planning.

The concept of user pro�les is introduced as a tool to identify common connection
patterns with a characteristic �exibility potential. A clustering methodology using
Gaussian Mixture Models (GMM) is applied based on variables such as connection
start time and duration. Common usage patterns in public charging infrastructure
are observed, providing insights into EV user behaviour. The pro�ling methodology
is validated with three di�erent real data sets of charging sessions along with the
three journal articles that shape the core of this thesis.

The clustering methodology is followed by a modelling methodology to perform
stochastic simulations of EV charging sessions in terms of connection times, required
energy and charging power rate. Modelling every user pro�le independently lets to
simulate a wide range of scenarios since the share of each user pro�le over the total
EV demand can be con�gured according to the environment (i.e. location, time
horizon, etc.). This application is explored with two journal articles where scenarios
with high penetration of EV sessions are simulated to (1) optimally size a charging
hub and (2) analyse the required number of charging points of city-level charging
infrastructure. In both contributions, the con�guration of user pro�les in speci�c
areas is crucial for properly sizing charging infrastructure, avoiding extra costs that
harm the business model or losing EV users' con�dence with undersized installations.

This thesis also compares di�erent smart charging strategies through simulations,
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as well as the bene�ts that the user-pro�le approach could bring to smart charging
programs. When scheduling individual sessions according to an aggregated demand
setpoint, the extra knowledge of pro�ling EV users beforehand can provide insights
for a more reliable �exibility prediction. Moreover, scheduling sessions from selected
user pro�les could lead to exploitation cost savings and reduced impact on EV users.

Finally, the application of a smart charging program at the city level with high
penetration of EVs has been also simulated to analyse its impact on all stakeholders
involved in the EV charging sector, from the �nal EV user to the charging operator
business model. Curtailing charging power based on dynamic capacity signals proves
e�ective to avoid grid congestion and defer reinforcements of the existing power grid
while expanding the charging infrastructure and supplying the majority of the energy
required by EV users.

Overall, this thesis enhances understanding of EV user behaviour, analyses dif-
ferent smart charging strategies, and provides insights for charging infrastructure
planning. These �ndings have practical implications for stakeholders involved in the
EV ecosystem, contributing to the ongoing transition to electric mobility.



Resum

La transició a la mobilitat elèctrica s'enfronta a múltiples reptes, generalment asso-
ciats amb el desplegament de la infraestructura de càrrega. D'una banda, les ciutats
han de desenvolupar una infraestructura de càrrega que satisfaci les necessitats dels
usuaris, mentre que el tipus d'usuaris de vehicles elèctrics (VE) són especí�cs per
a cada àrea de càrrega. D'altra banda, una alta demanda de VE en el sistema
d'energia pot portar problemes de congestió a la xarxa elèctrica de baixa tensió i
això pot implicar problemes en la qualitat del subministrament elèctric i una bar-
rera per a un major desenvolupament de la infraestructura de càrrega. Aquesta tesi
pretén proporcionar eines per resoldre els reptes plantejats en les dues etapes de
l'adopció de la mobilitat elèctrica. Amb aquest objectiu, es proposa una metodolo-
gia per agrupar i modelar per�ls d'usuari genèrics de VEs basats en patrons de
connexió, la qual s'aplica en dues àrees clau: gestió de la �exibilitat i plani�cació
d'infraestructures de càrrega.

El concepte de per�ls d'usuari s'introdueix com una eina per identi�car patrons
de connexió comuns amb un potencial de �exibilitat característic. Una metodologia
d'agrupament que utilitza Models Mixtos Gaussians (MMG) s'aplica basant-se en
variables com l'hora d'inici i la durada de la connexió. S'observen patrons d'ús
comuns en la infraestructura de càrrega pública, proporcionant informació sobre el
comportament dels usuaris de VEs. La metodologia d'elaboració de per�ls es valida
amb tres conjunts de dades reals de sessions de càrrega juntament amb els tres
articles de revista que con�guren el nucli d'aquesta tesi.

La metodologia de clustering és seguida per una metodologia de modelatge per
realitzar simulacions estocàstiques de les sessions de càrrega del VE en termes de
temps de connexió, energia requerida i potència de càrrega. Modelar cada per�l
d'usuari independentment permet simular una àmplia gamma d'escenaris, ja que
la presència de cada per�l d'usuari sobre la demanda total del VE es pot con�gu-
rar segons l'entorn, és a dir, la ubicació, l'horitzó temporal, etc. Aquesta aplicació
s'explora amb dos articles de revista on es simulen escenaris amb alta penetració
de sessions de VE per (1) dimensionar de manera òptima una àrea de càrrega i (2)
analitzar el nombre requerit de punts de càrrega a nivell de ciutat. En ambdues
contribucions, la con�guració de per�ls d'usuari en àrees especí�ques és crucial per
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un dimensionament adequat de la infraestructura de càrrega, evitant costos addi-
cionals que perjudiquin el model de negoci o la pèrdua de con�ança dels usuaris del
VE amb instal· lacions subdimensionades.

Aquesta tesi també compara diferents estratègies de càrrega intel· ligent a través
de simulacions, així com els bene�cis que l'enfocament de per�lat d'usuaris podria
aportar als programes de càrrega intel· ligents. Quan es programen sessions individ-
uals d'acord amb una consigna de demanda agregada, el coneixement addicional de
per�ls de VE poden proporcionar informació per a una predicció de �exibilitat més
�able. A més, les sessions de programació dels per�ls seleccionats podrien conduir
a un estalvi de costos d'explotació i a una reducció de l'impacte sobre els usuaris de
VEs.

Finalment, l'aplicació d'un programa de càrrega intel· ligent a nivell de ciutat
amb alta penetració de VEs també s'ha simulat per analitzar el seu impacte en
totes les parts interessades implicades en el sector de càrrega del VE, des de l'usuari
�nal �ns al model de negoci del gestor de càrrega. Una limitació de la potència de
càrrega basada en senyals de capacitat dinàmica resulta e�caç per evitar la congestió
de la xarxa i ajornar millores en la xarxa elèctrica existent mentre s'expandeix la
infraestructura de càrrega i es subministra la majoria de l'energia requerida pels
usuaris de VEs.

En general, aquesta tesi millora la comprensió del comportament de l'usuari de
VE, analitza diferents estratègies de càrrega intel· ligents i proporciona informació
per a la plani�cació de la infraestructura de càrrega. Aquests resultats tenen impli-
cacions pràctiques per a les parts implicades en l'ecosistema del VE, contribuint a
la transició cap a la mobilitat elèctrica.



Resumen

La transición a la movilidad eléctrica se enfrenta a múltiples retos, generalmente
asociados con el despliegue de la infraestructura de carga. Por un lado, las ciudades
tienen que desarrollar una infraestructura de carga que satisfaga las necesidades
de los usuarios, mientras que el tipo de usuarios de vehículos eléctricos (VE) son
especí�cos para cada área de carga. Por otro lado, una alta demanda de VE en
el sistema de energía puede llevar problemas de congestión en la red eléctrica de
baja tensión y esto puede implicar problemas en la calidad del suministro eléctrico
y una barrera para un mayor desarrollo de la infraestructura de carga. Esta tesis
pretende proporcionar herramientas para resolver los retos planteados en las dos
etapas de la adopción de la movilidad eléctrica. Con este objetivo, se propone una
metodología para agrupar y modelar per�les de usuario genéricos de VEs basados en
patrones de conexión, la cual se aplica en dos áreas clave: gestión de la �exibilidad
y plani�cación de infraestructuras de carga.

El concepto de per�les de usuario se introduce como una herramienta para iden-
ti�car patrones de conexión comunes con un potencial de �exibilidad característico.
Una metodología de agrupamiento que utiliza Modelos Mixtos Gaussianos (MMG)
se aplica basándose en variables como la hora de inicio y la duración de la conex-
ión. Se observan patrones de uso comunes en la infraestructura de carga pública,
proporcionando información sobre el comportamiento de los usuarios de *VEs. La
metodología de elaboración de per�les se valida con tres conjuntos de datos reales
de sesiones de carga junto con los tres artículos de revista que con�guran el núcleo
de esta tesis.

La metodología de clustering es seguida por una metodología de modelado para
realizar simulaciones estocásticas de las sesiones de carga del VE en términos de
tiempo de conexión, energía requerida y potencia de carga. Modelar cada per�l de
usuario independientemente permite simular una amplia gama de escenarios, puesto
que la presencia de cada per�l de usuario sobre la demanda total del VE se puede
con�gurar según el entorno, es decir, la ubicación, el horizonte temporal, etc. Esta
aplicación se explora con dos artículos de revista donde se simulan escenarios con
alta penetración de sesiones de VE por (1) dimensionar de manera óptima una área
de carga y (2) analizar el número requerido de puntos de carga a nivel de ciudad.
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En ambas contribuciones, la con�guración de per�les de usuario en áreas especí�cas
es crucial por un dimensionado adecuado de la infraestructura de carga, evitando
costes adicionales que perjudiquen el modelo de negocio o la pérdida de con�anza
de los usuarios del VE con instalaciones subdimensionadas.

Esta tesis también compara diferentes estrategias de carga inteligente a través
de simulaciones, así como los bene�cios que el enfoque de per�lado de usuarios po-
dría aportar en los programas de carga inteligentes. Cuando se programan sesiones
individuales de acuerdo con una consigna de demanda agregada, el conocimiento
adicional de per�les de VE pueden proporcionar información para una predicción de
�exibilidad más �able. Además, las sesiones de programación de los per�les selec-
cionados podrían conducir a un ahorro de costes de explotación y a una reducción
del impacto sobre los usuarios de VEs.

Finalmente, la aplicación de un programa de carga inteligente a nivel de ciudad
con alta penetración de VEs también se ha simulado para analizar su impacto en
todas las partes interesadas implicadas en el sector de carga del VE, desde el usuario
�nal hasta el modelo de negocio del gestor de carga. Una limitación de la potencia
de carga basada en señales de capacidad dinámica resulta e�caz para evitar la con-
gestión de la red y aplazar mejoras en la red eléctrica existente mientras se expande
la infraestructura de carga y se suministra la mayoría de la energía requerida por
los usuarios de VEs.

En general, esta tesis mejora la comprensión del comportamiento del usuario de
VE, analiza diferentes estrategias de carga inteligentes y proporciona información
para la plani�cación de la infraestructura de carga. Estos resultados tienen implica-
ciones prácticas para las partes implicadas en el ecosistema del VE, contribuyendo
a la transición hacia la movilidad eléctrica.



Chapter 1

Introduction

Electric vehicles (EVs) are seen as the opportunity to increase the e�ciency of the
mobility sector and decrease greenhouse gas emissions, air pollution and urban noise
in cities. Thus, the adoption of EVs is on the roadmap of all European countries,
increasing the share of EVs over the total transportation �eet with 2 million vehi-
cles sold in the �rst quarter of 2022 [1]. However, several challenges arise in the
di�erent stages of this transition, mainly related to the deployment of the charging
infrastructure. This thesis aims to contribute to solving some of these challenges
by providing a methodology to identify and model di�erent pro�les of EV users for
analysing the present and future of EV demand.

1.1 Motivation

One of the major barriers for citizens to shift to electric mobility is the lack of
proper charging infrastructure, especially in urban areas or regions with high-density
populations [2]. Since most citizens still have questions and concerns about the
future of electric mobility, the system must accomplish the objective of convincing
them that it is prepared for this transition. The trust of EV users in the charging
infrastructure and their acceptance as a reliable service is a key enabling factor of
this transition, like any other new business model [32]. An example of this is that
initial investments in charging infrastructure, from public or private entities, have
an immediate positive e�ect on EV adoption [17]. Thus, it is clear that the charging
infrastructure must have progressive growth, but the focus should not only be the
quantity of charging areas, the density of charging points or the expected daily users.
It also matters about the �when� and �where�, since the distribution of EV users
over the day will de�ne whether the charging infrastructure is properly sized or not.

Therefore, it is crucial to know the typology of the expected EV demand when
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planning a new charging infrastructure or expanding an existing one. The public
charging infrastructure must be deployed considering both the environment in which
it is deployed and the behaviour patterns of EV users to enable large-scale adoption
of EVs [21]. This is an important point, given that the EV demand can be very
di�erent from city to city but also from district to district. For this reason, this thesis
aims to develop a modelling methodology from a user-pro�le approach, identifying
characteristic EV user pro�les to simulate the corresponding combination of these
patterns according to the use case.

On the other hand, in places where the charging infrastructure has been deployed
successfully, the EV demand together with the electri�cation of other sectors such
as climatization (e.g. air-conditioning or heat pumps), is resulting in more accen-
tuated demand peaks, mostly in low-voltage distribution grids and at substation
level [24], and a stronger mismatch between demand and renewable (e.g. solar) pro-
duction. Currently, vehicles start charging instantaneously at connection time and
most users connect the vehicles at the workplace or at home [23], coinciding with the
traditional peak demand in the morning and the evening. This could result in an
e�ciency reduction of the overall power system (e.g. backup generation, an increase
of thermal losses, etc.) and the corresponding increase of grid operation complexity
(e.g. congestion management, frequency regulation, voltage control, etc.).

However, the EV could also be part of the solution to this scenario if the power
system makes use of the �exibility potential of their individual batteries as dis-
tributed storage resources. Flexibility is de�ned in this context as the capability
of an energy asset (e.g. loads, generators, storage elements, prosumers, etc.) to
temporarily modify its demand pro�le without a�ecting the service it provides to
the end user. The �exibility of a single vehicle is small, but the aggregated impact
of a �eet or the management of large charging infrastructures (e.g. public charging
stations) can be signi�cant and of special interest to Distribution System Oper-
ators (DSO), Transport System Operators (TSO) or Balance Responsible Parties
(BRP) in order to support congestion management at speci�c geographic locations
[27]. Usually, two main approaches are described to lever the participation of these
distributed �exible resources: implicit and explicit demand-side �exibility [26].

In the implicit approach, prosumers are exposed to variable energy prices or grid
access tari�s (e.g. Time of use tari�s), while in the explicit �exibility approach,
the power demand is controlled in order to adjust the load curve in size, location
and time. This control can be motivated by a direct bilateral agreement between
the system operators (DSO, TSO or BRP) and the �exibility providers such as
Charging Point Operators (CPO), or through a �exibility market and the �gure of
a �exibility aggregator. Thus, an aggregator could be a new market player together
with other parties already active in the EV sector, such as parking or �eet owners,
CPOs or e-mobility service providers. In that sense, USEF [26] is a foundation
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with the goal to establish an integrated smart energy system and has also been
working on the de�nition of the electric vehicles' �exibility environment. As a result
of their work, Figure 1.1 shows all possible combinations of �exibility requesters
(DSO, TSO, BRP), objectives (self-balancing, congestion management, etc.) and
parties (aggregators, CPO, car manufacturers, etc.).

Figure 1.1: EV smart charging landscape with highlighted contribution �elds in this
thesis. Original image from USEF [25]

The original USEF �gure has been modi�ed by highlighting the �elds to which
this thesis contributes, focusing on the scenario where the CPO controls the public
charging infrastructure to provide services to the DSO (grid capacity and conges-
tion management, see Chapter 5) or local energy communities (self-balancing, see
Chapter 3). In this scenario where the CPO has to control the charging points,
the risk of impacting the EV users' charge is a relevant factor to take into account.
The EV users will lose trust and con�dence in the charging system if they can con-
nect the vehicle but the vehicle does not charge either because the grid is congested
and it cannot supply any additional load, or the charging point is being operated
(e.g. switched o�, power limitation, etc.) as a consequence of its participation in a
demand response program. Therefore, the limitation of charging sessions that are
actually not �exible can suppose a negative e�ect on user acceptance. However, most
of the current literature applies a single smart charging objective (e.g. peak shaving)
to all charging sessions connected to the infrastructure without taking care of the
individual sessions' �exibility potential or preferences. For this reason, this thesis
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aims to provide the aggregators or CPOs with this information through a clustering
methodology to classify EV sessions into user pro�les, representing characteristic
connection patterns and the corresponding �exibility potential. The utilization of
this extra knowledge about the �exibility of EV users could reduce the uncertainty
in the �exibility potential of the aggregated EV demand, improve the performance
of smart charging programs by reducing exploitation costs (fewer exploited sessions),
and lower the impact on the �nal EV user.

1.2 Objectives

The global goal of this thesis is to pave the way for the adoption of electric ve-
hicles by providing methods and tools to increase knowledge about EV demand,
support the charging infrastructure planning and assess the bene�ts of managing
EV �exibility for the power system. The main hypothesis is that understanding
user behaviour and preferences is crucial for e�ective planning and optimization of
charging infrastructure and energy management systems. Thus, in order to validate
this hypothesis the following objectives have been �xed:

O1 Given a real data set of charging sessions, discover and identify EV user pro�les
with a representative connection patterns and assess their �exibility potential.

O2 Model EV user pro�les to perform stochastic simulations of EV demand in a
wide range of scenarios, considering di�erent amounts of charging sessions but
also the presence of user pro�les according to the use case.

O3 Analyse the impact and opportunities of managing the �exibility of charging
sessions by applying di�erent control strategies, assessing the added value of
pro�ling EV users.

1.3 Background and related work

This section introduces the required background and a general state-of-the-art in
the research areas of this thesis: clustering and modelling of EV user pro�les and
�exibility management of EVs.

A more speci�c state-of-the-art can be found in each one of the journal publica-
tions included in Chapters 3, 4 and 5.
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1.3.1 Clustering and modelling of EV user pro�les for stochas-
tic simulations

The �rst objective of this thesis is to identify generic user pro�les from real data sets
of EV charging sessions. In this work, the concept of `user pro�le' is understood as
a daily connection pattern de�ned by the connection start and end times. Several
works have studied how to detect EV patterns according to the daily habits of
owners.

The energy charged per session was used as a discriminatory variable in [14],
di�erentiating between locals and visitors from a certain threshold. A classi�ca-
tion between users charging at the workplace, at home or parking-to-charge is done
in [23] using DBSCAN clustering to discover the di�erent groups, considering as
clustering variables the connection start and end times. Similarly, o�ce chargers,
home chargers and visitors are di�erentiated in [6] using a heat map and speci�c
thresholds of connection start time and connection duration variables. In contrast,
a multinomial logistic regression technique over a single variable (i.e. connection
duration) was used in [29] to classify sessions between stop&charge, park&charge,
work&charge, home&charge and long sessions. A four-variable (session start time,
connection duration, hours between sessions and distance between sessions) Gaus-
sian Mixture Model (GMM) was used in [16] as a clustering method to discover
three types of o�ce hours users, three types of overnight users and three types of
non-typical users.

In summary, a wide variety of clustering methods and a number of variables are
used in this research �eld, from a single-variable threshold classi�cation to Mix-
ture Models (MM) of 4 variables. However, threshold classi�cations may lack user
information, while using variables like the distance driven may require too much in-
formation from EV users. Therefore, a bivariate Gaussian Mixture Model clustering
is proposed as a robust classi�cation method, general enough to be applied to any
other data set since it relies upon the two basic variables that de�ne the EV user
behaviour: connection start time and duration.

A disadvantage of GMM clustering is that it requires to pre-de�ne the number
of clusters. A common solution to overcome this is the Bayesian Information Cri-
terion (BIC) to �nd the optimal number of clusters, which adds a penalty to the
loglikelihood based on the number of parameters [11].

BIC = 2loglik M (x; � �
k) � (#params) M log(n) (1.1)

whereloglikM (x; � �
k) is the maximized loglikelihood for the model,(#params) M

is the number of independent parameters to be estimated in the modelM , and n is
the number of observations in the data.
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The BIC algorithm not only takes into account the number of clusters but also
the parameterization of the covariance matrix, which can be de�ned in multiple
ways as shown in Table 1.1.

Table 1.1: Parameterizations of the covariance matrix for EM for multidimensional
data. Source: mclust 4 [11]

identi�er Distribution Volume Shape Orientation

E (univariate) equal
V (univariate) equal

EII Spherical equal equal NA
VII Spherical variable equal NA
EEI Diagonal equal equal coordinate axes
VEI Diagonal variable equal coordinate axes
EVI Diagonal equal variable coordinate axes
VVI Diagonal variable variable coordinate axes
EEE Ellipsoidal equal equal equal
EEV Ellipsoidal equal equal variable
VEV Ellipsoidal variable equal variable
VEV Ellipsoidal variable variable variable

On the other hand, an advantage of GMM in contrast to other clustering methods
like DBSCAN or heat maps is that it is robust to the uncertainty associated with
EV user behaviour. This is an important point given all factors that can in�uence
our daily connection patterns. Thus, the capability of Mixture Models (MM) to
model complex distributions [20] make them an appropriate method to capture the
stochasticity in charging demand. This feature gives a direct advantage to GMM
in comparison to other clustering methods since the statistic parameters of the
models are directly obtained in the clustering process, avoiding further processing
and modelling of clusters identi�ed by non-parametric methods [30]. Other works
in the current literature model the EV demand with Probability Density Functions
(PDF) to include stochasticity in the simulation [22, 31]. However, these PDF
models do not represent the multiple EV user behaviours present in a speci�c use
case, and it is di�cult to de�ne the accuracy of the simulation when extrapolating
these models to other environments.

To solve this problem, this thesis proposes a modelling methodology to model
EV user pro�les based on MM to capture the stochasticity of the EV demand. If the
EV user pro�les discovered from a data set can be equivalent to behaviour of citizens
from other use cases (e.g. other cities), their models can be used to simulate the
corresponding EV demand. Moreover, given that the models of every user pro�le
are independent of each other, a wide range of environments can be simulated since
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the number of charging sessions from every user pro�le can be de�ned in order
to match the characteristics of speci�c charging area (e.g. city centre, residential
neighbourhood, industrial area, etc.).

1.3.2 Flexibility management of electric vehicles

By strategically controlling the charging patterns of EVs, it is possible to address
key challenges faced by the power system, such as integrating intermittent renewable
energy sources, managing peak demand and even providing ancillary services to
support the grid. However, to modify the power pro�le of charging sessions, �rst it
is necessary to de�ne the corresponding �exibility potential and how this �exibility
is exploited.

Electric vehicles' charging sessions are characterized by connection start and end
times (i.e. a certain connection duration time) and energy that has been charged
(until �lling the battery or disconnecting the vehicle). In a simpli�ed business-as-
usual charging model [28], represented in Figure 1.2, the constant charging power
together with the charged energy determine the charging time. This is a simpli�ed
model since real charging power normally decreases when the battery is nearly full
[12]. Given this simpli�ed model, the �exibility that an electric vehicle could provide
can be de�ned in multiple dimensions:

ˆ Time: the time periods when the vehicle charges can be variable while the
vehicle remains connected.

ˆ Energy: the user could accept to charge less energy, or the vehicle could be
discharged in V2G systems.

ˆ Power: the charging power can be reduced (increasing the charging time),
increased (if allowed by the vehicle) or even negative if the vehicle is discharged
in V2G systems.

At the same time, these di�erent �exibility dimensions allow us to also de�ne
di�erent smart charging control strategies [28]:

ˆ Postpone: shifting the charging time along the connection time

ˆ Curtail: reduce charging power

ˆ Interrupt: stop charging the vehicle during some period of time

ˆ V2G: discharge the vehicle along the connection time

ˆ Combination of multiple strategies above
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Figure 1.2 also illustrates the two strategies considered in this thesis, postpone
and curtail, in the �rst (see Chapter 3) and third (see Chapter 5) articles of this com-
pendium, respectively. The algorithms developed for the simulation of these control
strategies are described in Chapter 2, which focuses on describing the methodological
aspects developed in the thesis.

Figure 1.2: Charging control strategies presented in this thesis

Beyond the control strategy chosen, other decisions must be made during the
design process of the smart charging architecture. As mentioned at the beginning
of this Introduction chapter, this thesis is focused on delivering �exibility to avoid
congestion problems in the low-voltage power grid, focusing on the control of public
charging points managed by the CPO according to grid capacity signals from the
DSO. Within this scheme illustrated by Figure 1.3, the design of the system must
address the following aspects:

Capacity signals:

ˆ Static (e.g. �xed thresholds according to date/time) or dynamic (e.g. power
pro�le de�ned according to solar generation forecast)

ˆ Time resolution of the power capacity pro�le (e.g. 15-minute power pro�le)

ˆ Agreement type (e.g. bilateral communication with the system operator, auc-
tion in �exibility market, etc.)

Charging control:

ˆ Strategy of the control (e.g. postpone, curtail, interrupt, etc.)

ˆ Capacity share (e.g. all sessions treated equally, preference or prioritisation
system, etc.)
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User interaction:

ˆ Override option to skip smart charging (e.g. smartphone app, charging point
interface, etc.)

ˆ Rewarding mechanism (e.g. money discount, cheaper tari�, etc.)

Figure 1.3: Charging control strategies presented in this thesis

Di�erent combinations of this scheme have been already tested within EU pilot
projects during the last few years. An example of a successful pilot is the Flexpower
project in Amsterdam [5], where the amperes per phase of all charging stations in
the pilot were limited (curtail strategy) during peak hours but increased during the
rest of the day (static signal). Another pilot that implemented a static power pro�le
limitation was carried out by the Dutch DSO Enexis [4], using domestic charging
points in this case, also reducing the maximum charging power during peak hours.
However, both Dutch pilots experienced some drawbacks such as a rebound e�ect,
increasing the peak demand after the activation of �exibility measures by shifting
energy from the constrained to the unconstrained time period.

Even though a rebound is not a problem during demand valley hours, it could
be signi�cant if not properly controlled. It is necessary to explore the opportunities
of reducing rebound peaks, for example by designing a more gradual increase in
charging speed after the o�-peak limit [5] or applying dynamic control with feedback
from real-time monitoring. With this objective, the Enexis pilot [4] also proposed
a dynamic control signal to reduce the charging power according to an aggregator
signal. In this scenario, the rebound e�ect is completely avoided since the increase
in demand is continuously corrected thanks to real-time measures.

Other EU projects such as INVADE [33], the third phase of Flexpower [34], or
Inter�ex [13], have also applied dynamic capacity signals, with direct communication
with the DSO in the case of INVADE and Flexpower3 and through a �exibility
market in case of Inter�ex. In both projects, the reduction of power depends on
the free capacity of the grid, considering also the local PV power and households'
demand.

In the INVADE pilot, all charging points were treated equally, so once the dy-
namic power pro�le is adjusted, it is used for all active sessions. However, it does
not mean it is an equalitarian treatment. If the EV user can not choose whether to
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participate or not in the smart charging program, the impact of reducing the charg-
ing power is higher for a user that is only connected for 3 hours than another that
will remain connected the whole night. This could suppose an impact on the users'
charging service, especially during a month with high domestic consumption when
the share of exploited sessions reached up to 77% [33]. In the same way, Flexpower3
also applies the power constraint to all charging EVs. In contrast, the users par-
ticipating in the Inter�ex project needed to actively choose whether to participate,
receiving a �nancial reward in exchange for their �exibility. However, upscaling the
reward system from Inter�ex at the city level like the INVADE or Flexpower3 ap-
proaches could make the business model more di�cult since the exploitation costs
would be too high if the �exibility o�ered is not paid enough, and if the reward is
not relevant for users they would not provide their �exibility.

Finally, another important aspect to take into account when studying the �exibil-
ity management of EVs is the location where �exibility is required. The real impact
of distributed renewable energy sources (RES) and EVs is in the low-voltage grid
and this impact is diverse depending on the location and time. At the same time
though, the low-voltage infrastructure has normally a low degree of instrumentation
and operated capacity. So, it is necessary to develop strategies to forecast possible
critical events and react accordingly. For that purpose, user modelling and simula-
tion permits forecasting the occurrence of these congestion scenarios and evaluating
the proposed mitigation actions. Therefore, in contrast to other smart charging stud-
ies based on mitigating the impact at the transmission level [15, 18, 3, 10] projects
like Flexpower3 [34] put the emphasis on de�ning dynamic grid capacity signals in
order to control congestions at the local level in the low-voltage transformers.

Therefore, it is necessary to use a dynamic control signal to avoid a rebound
e�ect during o�-peak hours and exploit only the most �exible sessions to ensure (1)
a high quality of service to all users (i.e. both long and short sessions should have
time to charge the EV) and (2) a high e�ciency of the demand-response program
(i.e. lower exploitation costs).

In order to perform this selection of �the most �exible sessions�, there are mul-
tiple options. First, the most direct way would be to ask for information to EV
users, like the required energy to charge or the expected connection duration or
disconnection time. However, this may suppose extra investment in communication
infrastructure (e.g. interface, app, servers, etc.) and it requires a certain e�ort from
the user. Second, if the CPO knows the vehicle ID, it could be possible to create
a prediction model about these variables based on the historic records of the vehi-
cle. However, this could suppose a challenge in terms of privacy issues for the EV
user since this would require using individual data. In that sense, the user-pro�le
approach presented by this thesis could allow the CPO to classify EV users into a
certain user pro�le beforehand and make use of just this information in order to
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decide whether to postpone a charging session or not. With this extra knowledge,
the number of sessions required for reaching the desired impact can be lower (and
the corresponding exploitation costs) and the system is scalable with a minimum
impact on both the user and the business model.

1.4 Contributions

This thesis aims to provide valuable insights for enhancing the overall EV ecosystem
by uncovering underlying patterns among EV users. Given the objectives of the
thesis, the contributions of this work fall into three di�erent areas:

C1 A data-driven methodology for clustering EV user pro�les. This methodology
provides the tools to classify real EV charging sessions into user pro�les that
represent daily EV connection patterns. The validated methodology extends
the current state of the art in three major aspects:

C1.1 A model-based clustering approach based on GMM to capture the stochas-
ticity present in the EV user behaviour

C1.2 Custom data preprocessing tools to improve the performance of GMM
by:

C1.2.1 Dividing data by sub-sets with di�erent user behaviour between them
(e.g. working day vs weekend, day sessions vs overnight sessions)

C1.2.2 Cleaning method based on density-based clustering DBSCAN

C1.3 A two-step pro�ling method to group clusters under a more high-level
label (i.e. user pro�le name) according to their centroid and variance

C2 A modelling methodology to simulate EV user pro�les in diverse environments.
The clustered user pro�les must be modelled to enable stochastic simulations
of di�erent EV demand scenarios and the corresponding impact analysis. The
speci�c contributions of this methodology in the current state-of-the-art are:

C2.1 Stochastic models convenient to simulate the randomness of the EV de-
mand on a daily basis

C2.2 Characteristic energy models per user pro�le but also per charging rate

C2.3 Machine learning model to estimate the presence of every EV user pro�le
in a geographic area according to socio-demographic variables

C3 Algorithms to simulate �exibility management programs with multiple control
strategies:
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C3.1 Quadratic optimization algorithm to minimize the energy exchanged with
the grid (considering local generation) and the power peaks (�attest de-
mand curve)

C3.2 Algorithm to postpone individual charging sessions to achieve the optimal
aggregated demand setpoint

C3.3 Algorithm to limit the connection time of individual charging sessions as
a regulation measure

C3.4 Algorithm to limit charging power of individual charging sessions accord-
ing to dynamic grid capacity signals

These contributions are properly addressed in the di�erent articles from Chapters
3, 4 and 5. Moreover, the methodology together with the algorithms developed has
been collected into three open-source R packages (see logos at Figure 1.4) available
from Github, each one with its own website with documentation, tutorials and
functions reference:

ˆ evprof : Electric Vehicle Charging Sessions Pro�ling and Modelling [7].

ˆ evsim: Electric Vehicle Charging Sessions Simulation [8]

ˆ flextools : Tools for demand-response optimization [9].

Figure 1.4: Logos from the three R packages developed

1.4.1 Journal Contributions

The multiple objectives of this thesis have been achieved and reported in three
journal papers that constitute the core of this thesis.

The �rst journal paper, presented in Chapter 3, focuses on objectives O1 and
O3. The objective O1 is achieved by presenting a clustering methodology based on
bivariate Gaussian Mixture Models, which is validated with the Arnhem data set,
representing the contributions C1.1 and C1.2.1. The second part of this paper con-
tributes to objective O3 by proposing an algorithm to postpone individual charging
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sessions (contribution C3.2) according to an aggregated setpoint calculated with a
quadratic optimization (contribution C3.1). The charging sessions are coordinated
in two di�erent smart charging scenarios, �rst postponing all required sessions and
second coordinating only the sessions belonging to two selected user pro�les with
high �exibility potential. The second smart charging scenario (i.e. user-pro�le ap-
proach) resulted in more e�cient scheduling, obtaining similar peak shaving results
than the �rst scenario with a 35% fewer sessions postponed. These results demon-
strate a reduction in exploitation costs of the smart charging scenario and therefore
the response to research question Q3.

The second journal paper, presented in Chapter 4, extends through objectives
O1-O3 and reports new validation results and improvements in the methodology.
First, the clustering methodology presented in Chapter 2 is applied to a Norwegian
data set. In this work, the user pro�les are used to simulate future scenarios with
higher EV demand, so a modelling methodology based on bivariate Gaussian Mix-
ture Models is presented (contribution C2.1). Moreover, the R packagesevprof and
evsim to model and simulate EV demand based on user pro�les are also presented
in this paper. The �exibility management of EVs in this paper (objective O3) is rep-
resented by a regulation of the connection time in the charging hub (contribution
C3.3), where users have to disconnect the vehicles after a certain period of time.

The third journal paper, presented in Chapter 5, extends through objectives
O1-O3. First, the clustering methodology presented in Chapter 3 is applied to the
Amsterdam data set, and the modelling methodology presented in Chapter 4 is im-
proved by introducing di�erent energy models for the multiple charging power rates
existing in the data set (contribution C2.2). These improvements are also included
in the evprof package. The EV models are used in this work to simulate a high
penetration of EVs in Amsterdam and analyse how the public charging infrastruc-
ture should grow. The user-pro�le modelling approach is essential in this work since
the EV demand pro�le between sub-stations in Amsterdam shows large di�erences,
contributing to anwer research question Q2. The �exibility management of EVs
in this paper (objective O3) is represented by a limitation of power in the public
charging stations according to the substation dynamic capacity signals set by the
DSO (contribution C3.4).

Not included in the core part of this compendium but also related to the objec-
tives of the thesis, three conference publications are presented:

ˆ In the 2021 IEEE PES Innovative Smart Grid Technologies Europe (ISGT
Europe): contributing to objective O1, the clustering methodology is improved
by introducing methods for outliers cleaning based on DBSCAN density-based
clustering (contribution C1.2.2).

ˆ In the 2022 CIRED Workshop about E-mobility and power distribution sys-
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tems: contributing to objective O3, the user pro�les were used to show the
potential bene�ts of scheduling pre-selected EV users instead of limiting the
power of charging stations with static and dynamic signals (contributions C3.2
and C3.4).

ˆ In the 2023 CIRED 27th International Conference on Electricity Distribution:
contributing to objective O3, the user pro�les were used to predict the share
of each user pro�le in certain districts according to socio-demographic indi-
cators with the objective of properly planning the required public charging
infrastructure (contribution C2.3).

1.5 Thesis outline

This document has been structured into eight chapters:

ˆ Chapter 1: Introduction. This chapter o�ers an overview of this thesis with a
motivation section, the objectives derived from this motivation, an introduc-
tion to the research �elds and the main contributions of this work.

ˆ Chapter 2: Methodology. This chapter illustrates the clustering, modelling
and simulation methodologies in block diagrams for a visual understanding,
and the algorithms to simulate di�erent EV control methods are also presented.

ˆ Chapter 3: Article 1. Flexibility management of electric vehicles based on user
pro�les: The Arnhem case study. The �rst article of the compendium.

ˆ Chapter 4: Article 2. Assessment of electric vehicle charging hub based on
stochastic models of user pro�les. The second article of the compendium.

ˆ Chapter 5: Article 3. Enabling high penetration of electric vehicles using
smart charging based on local and dynamic capacity limits. The third ar-
ticle of the compendium.

ˆ Chapter 6: Main results and discussion. This chapter presents the main re-
sults and discussion of the work presented in each of the articles of this com-
pendium.

ˆ Chapter 7: Conclusions. This chapter presents the general conclusions of the
thesis.

ˆ Bibliography
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Methodology

This chapter introduces in a schematic way the methodology followed along with the
di�erent contributions of this paper. It splits in four research areas: clustering of EV
user pro�les, their modelling, usage of these models to simulate di�erent scenarios
and, �nally, management of the �exibility that these EV users can provide. The
following sections describe in detail the steps that constitute the guidelines followed
in the development of the work.

2.1 Clustering of EV user pro�les

The clustering methodology developed in this thesis consists of the following steps:

1. Sessions are divided into multiple sub-sets to improve the performance of
GMM. The divisions are done by time cycle (e.g. day of the week) and dis-
connection day (i.e. day sessions, overnight sessions, 2-day sessions, etc.).

2. The clustering variables (i.e. connection start time and connection duration)
are transformed into the natural logarithmic scale.

3. The outliers in the clustering variables are cleaned with a density-based clus-
tering algorithm called DBSCAN.

4. The GMM clustering is performed with Expectation-Maximization (EM) al-
gorithm. It is recommended to �nd the optimal number of clusters with the
BIC approach.

5. The multiple clusters obtained are interpreted in terms of daily human be-
haviour and, therefore, combined with other similar clusters to form generic
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user pro�les. It is important to group them according to the centroid values
but also the variance of the elliptical shape.

To illustrate the methodology, Figure 2.1 shows the scheme used for the Arnhem
data set (see Chapter 3), where sessions from Monday to Thursday were considered
a single �working day� time-cycle and di�erentiated from the Friday, Saturday and
Sunday time-cycles.

This methodology was �rst introduced in the �rst journal article of this com-
pendium, which is presented in Chapter 3. In a posterior conference article [19] the
original methodology was improved by including outliers detection functions through
DBSCAN clustering. This clustering methodology is contained in the open-source
R packageevprof [7].

Figure 2.1: Clustering methodology scheme
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2.2 Modelling EV user pro�les

The modelling methodology developed in this thesis consists of the following steps:

1. The clustering methodology is performed in order to obtain the bi-variate
GMM for the connection variables (i.e. connection start time and connection
duration)

2. The sessions corresponding to every user pro�le are divided by charging rate.
If the charging rate is not available this step is skipped.

3. For every charging rate sub-set perform the energy GMM clustering to obtain
the parameters of the multiple Gaussian distributions describing the data.

4. The connection GMM, the energy GMM and more metadata information are
used by a function fromevprof package to build the EV model R object.

5. The EV model object can be saved as a plain text JSON �le.

To illustrate the methodology, Figure 2.2 shows an example of a block diagram
for one user pro�le and a single time cycle. The process is done for all user pro�les
and the �nal EV model is the combination of all user pro�les' models for all time
cycles.

More details about the methodology are found in Chapter 4, while a step-by-step
tutorial with R support is provided on the evprof website [7]. Theevprof package
wraps all functions related to the clustering and modelling methodologies, and also
provides a custom class object for the EV model, as illustrated in Figure 2.3, with
a summary of the information contained in the model.

2.3 Simulating EV sessions

The methodology to simulate EV charging sessions based on the user pro�les' GMM
consists of the following steps:

1. Get the EV connections for every date in the date sequence:

2. Get the equivalent time cycle and the corresponding number of sessions per
day, user pro�les' ratios and user pro�les' GMM

3. For every user pro�le simulate the EV connections according to the ratio of
the user pro�le over the total number of sessions and its connection GMM
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Figure 2.2: Modelling methodology scheme

4. Assign a charging power to every EV session according to the ratio of charging
rates (e.g. 30% 3.7kW, 20% 7.4kW and 50% 11kW)

5. Simulate the energy for every session with the energy GMM corresponding to
the time cycle, user pro�le and charging rate

6. Calculate the required charging time by dividing the energy by the power.
If it is longer than the connection time then limit the charging time to the
connection time.
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Figure 2.3: Information from the �evmodel� class printed in the R console

7. Re-calculate the energy with the updated charging time (in case the charging
time was limited by connection time)

Figure 2.4 illustrates the simulation methodology. This methodology was intro-
duced in the journal article presented in Chapter 4 and later improved in the journal
article presented in Chapter 5. The methods are also o�ered as an open-source R
package,evsim [8], for better reproducibility.
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Figure 2.4: EV session simulation methodology
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2.4 Flexibility management of EVs

In each one of the three journal articles of this compendium, a di�erent EV �exibility
management strategy is presented. Below are the algorithms that describe the
following EV management methods:

ˆ Postpone sessions (Algorithm 1): this method shifts the charging session over
time according to power setpoint. The method is introduced in the �rst journal
article, presented in Chapter 3, and the demand setpoint was calculated with
a quadratic optimization.

ˆ Limiting connection time (Algorithm 2): this method is not a smart charging
strategy itself but a common regulation measure to manage EV demand in
undersized charging areas. The method is introduced in the second journal
article, presented in Chapter 4.

ˆ Curtailing charging power (Algorithm 3): this method limits and adapts the
charging power according to grid capacity signals and it is used in most smart
charging applications due to its high �exibility. The method is introduced in
the third journal article, presented in Chapter 5.

2.5 Validation data

During the development of this thesis, three di�erent data sets of charging sessions,
summarised in Table 2.1, have been used to validate the methodologies described in
this chapter:

ˆ Arnhem city: 259,419 charging sessions from 2015 to 2020, collected in the
public charging infrastructure of the middle-sized Dutch city of Arnhem, which
consisted of 270 di�erent charging stations at the time, each with 2 charging
points and a maximum charging power of 11 kW (three-phase 16A connection).

ˆ Borg Harbour: 1807 sessions from 15 April 2019 to 4 May 2021, collected in
the charging area of a Harbour in the Norwegian Harbour Borg Havn, which
consisted of 8 di�erent charging stations at the time, each one with 1 charging
point and a maximum charging power of 3.7 kW (single-phase 16A connection).

ˆ Amsterdam city: more than 2,683,938 sessions during 2020 and 2021, collected
in the public charging infrastructure of the Dutch capital, Amsterdam, which
consisted of 2713 di�erent charging stations at the time, each one with 2
charging points and a maximum charging power of 11 kW (three-phase 16A
connection).
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Input : charging sessions scheduleS, power setpoint time series O, time interval � t , percentage of
responsive users � f lex

Output: modi�ed schedule of charging sessions S

1 while True do
2 Get L t , total power demand timeseries from charging sessions
3 De�ne TSHIF T , a vector of time slot values where L t > O t

4 if length (TSHIF T ) = 0 then
5 break /* No more flexibility required */
6 end
7 PSHIF T = L t (TSHIF T ) � Ot (TSHIF T ) /* power to shift in TSHIF T time slots */
8 SF LEX = sessions with potential to be shifted /* i.e. T CHS s = any (TSHIF T ) and Fs � � t */
9 S0

F LEX = randomly select a percentage � f lex from SF LEX
10 if length (S0

F LEX ) = 0 then
11 break /* No more flexibility available */
12 end
13 T I = min (TSHIF T ) /* Time slot to shift sessions from */
14 S00

F LEX = sessions from S0
F LEX that start in T I

15 Sort S00
F LEX from higher to lower Fs

16 P I = PSHIF T (T I ) /* power to shift in T I time slot */
17 s = 1
18 while P I > 0 and s < = rows (S00

F LEX ) do
19 <!� s = S00

F LEX (s)
20 �> T CHS s = T CHS s + � t /* Shift session a time slot */
21 Fs = Fs � � t /* Reduce flexible time a time slot */
22 <!� S(sid ) = s /* Update original schedule with the modified session */
23 �> P I = P I � Ps /* Update the pending power to shift */
24 s = s + 1
25 end
26 end

Algorithm 1: Postpone charging sessions according to power time series
setpoint, for a single user pro�le

Input : Schedule of charging sessionsS, number of charging points P , maximum connection hours H
Output: Modi�ed schedule of charging sessions S

1 Limit the ConnectionHours and ChargingHours of all sessions up to H
2 ConnectionEndDateT ime = ConnectionStartDateT ime + ConnectionHours // Update connection

end time
3 ChargingEndDateT ime = ChargingStartDateT ime + ChargingHours // Update charging end time
4 Get dttmSeq , the date-time sequence between the minimum connection start value and the maximum

connection end value from sessions, with a time resolution of 15 minutes
5 Get nConnections , a vector with the number of vehicles connected at the same time, for every value of

dttmSeq
6 Get dttmSeqF ull , the values of dttmSeq when nConnections > P // Select the time slots with

full occupancy
/* Don't charge sessions that start at a time slot with full occupancy */

7 for i in 1 to length (dttmSeqF ull ) do
8 ConnectionEndDateT ime = ConnectionStartDateT ime for sessions that start in dttmSeqF ull [i ]

ChargingEndDateT ime = ChargingStartDateT ime for sessions that start in dttmSeqF ull [i ]
9 end

/* Include in S the new value of energy charged with time limitation */
10 EnergyCharged = ( ChargingEndDateT ime � ChargingStartDateT ime ) � P ower

Algorithm 2: Algorithm to limit the connection time of sessions.
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Input : expanded schedule of charging sessionsSE , time sequence T , time sequence resolution � T ,
MSR capacity limits A max;msr

Output: Modi�ed schedule of charging sessions SE

1 for t in T do
2 SE t = sessions charging during timeslot t
3 if length (SE t ) = 0 then
4 next // No sessions charging at this timeslot
5 end

/* Find the maximum charging current allowed by the MSR at this timeslot */
6 A max;msr;t = A max;msr =length (SE t )

/* Find the maximum charging current allowed by every Charging Station */
7 CSt , unique charging Station names for sessions inSE t

8 for cs in CSt do
9 Scs;t = sessions charging in station cs at timeslot t

10 P H cs;t = sum of P hases used by sessionsScs;t

11 if P H cs;t � 3 then
12 A max;cs;t = 16
13 end
14 else
15 A max;cs;t = 12 :5
16 end
17 end

/* For every session set the maximum current, power and energy */
18 for s in SE t do
19 cs = Station s

20 A s;t = min (A max;msr;t ; A max;cs;t ) // Allowed charging current
21 P owers;t = ( A s;t � 230 � P hasess )=1000 // Update P ower in SE
22 P otentialEnergy = P owers;t � � T
23 Energy s;t = min (Energy s;t ; el) // Update Energy in SE
24 EnergyLef t s = EnergyLef t s � Energy s;t // Update EnergyLef t in SE
25 end
26 end

Algorithm 3: Algorithm to simulate Flexpower

Table 2.1: Summary of data sets used for methodology validation

Use case Number of charging sessions Period Number of charging points

Arnhem city 259,419 2015-2020 270
Borg Harbour 1,807 2019-2021 8
Amsterdam 2,683,938 2020-2021 2713

All these data sets contain the required variables for the clustering and modelling
methodologies, i.e. connection start time, connection duration, energy charged and
charging power rate, and other variables used in the �exibility management algo-
rithms such as the session ID and charging point ID (in the case of Arnhem and
Amsterdam).
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