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Abstract

Nowadays, we have billions of vehicles around the world. In most countries, insurance
against civil liability for vehicles is mandatory. Usually, insurance companies define
vehicle insurance rates according to static known time-invariant variables or with a
slight adjustment over time. The insurance rates calculation relies mostly on factors
such as the age of the driver, the number of years one holds a driving license, and the
driving history. These variables are not in close connection with the everyday behavior
of the driver on the road, thus being not fair for young drivers, for instance.

In this thesis, we follow a pay-as-you-behave approach, in which we describe the
research and development work to devise a driver profile classification solution, based
on driver behavior data. From data records with the trips from different drivers, we
build a dataset, targeting a driver profile classification task. We explore and evaluate
the use of machine learning techniques over the dataset, starting with an unsupervised
approach and moving to a supervised one, where we save the final model. We also
develop a REST API to serve as proof of concept to classify drivers and fleets, that uses
the best model to determine the driver profile.

The experimental results show that unsupervised machine learning techniques can
cluster and identify distinct trip profiles, and supervised learning techniques are capa-
ble of classifying different trips based on the profiles found, which are then used to
assign the driver profile. Many drivers revealed to have inconsistent driver behavior
over time. The majority of the drivers has a non-aggressive driving style, some are
aggressive, and a few are risky style drivers.

Keywords: i-DREAMS project, driver profile, pay-as-you-behave, driving dataset,
feature engineering, machine learning, unsupervised learning, supervised learning,
clustering.
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Resumo

Hoje em dia, existem milhares de milhões de veículos em todo o mundo. Na maioria
dos países, seguro de veículo é obrigatório. Normalmente, as companhias de seguro
definem as taxas de seguro de veículos de acordo com variáveis estáticas, ou que têm
um ligeiro ajustamento ao longo tempo, como a idade do condutor, o número de anos
encartado, e o histórico de condução. Estas variáveis não estão directamente relacio-
nadas com o comportamento diário do condutor na estrada, não sendo por isso justas
para os jovens condutores.

Nesta tese adoptamos uma abordagem pay-as-you-behave, na qual analisamos a
literatura e descrevemos o trabalho desenvolvido para conceber uma solução de classi-
ficação do perfil de condução. A partir de registos de dados de viagens com diferentes
condutores, desenvolvemos um dataset organizado por viagens. Exploramos e avali-
amos o uso de técnicas de aprendizagem automática sobre o conjunto de dados, co-
meçando com uma aborgadem não supervisionada, e de seguida, supervisionada. Foi
também desenvolvida uma REST API que serve como exemplo de uma abordagem
para classificar condutores e frotas de veículos.

Os resultados experimentais mostram que as técnicas não supervisionadas são ca-
pazes de realizar agrupamento dos dados, e identificar diferentes perfis de condução.
As técnicas supervisionadas conseguem classificar diferentes viagens com base nos
perfis encontrados, que são depois utilizados para calcular o perfil de condução. No
conjunto de dados utilizado, a maior parte dos condutores revelaram ter um compor-
tamento inconsistente ao longo do tempo.

Palavras-chave: projeto i-DREAMS, perfil de condução, pay-as-you-behave, conjunto
de dados de condução, extração de características, aprendizagem automática, apren-
dizagem não supervisionada, aprendizagem supervisionada, agrupamento.
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1
Introduction

This chapter introduces the context in which this project falls in, as well as the motiva-
tions for its realization. The key objectives established to develop a system that allows
the classification of driving profiles are presented.

Section 1.1 presents the current context regarding car insurance companies and also
describes in part the reason for developing this project based on the i-DREAMS project
[30]. Section 1.2 exposes the motivations for the development of the project. Section 1.3
describes the objectives of this project through the proposed driver profiling system.
Finally, Section 1.5 is presented, which details the organization and structure of this
document.

1.1 Context

According to «Our World in Data» 2014 statistics [46], there are billions of vehicles
in the entire world, and in most countries, car insurance is mandatory to have legal
permission to drive on public roads.

The owner or driver of a vehicle is responsible for any damage it may cause and
may have to pay out large amounts of money in case of an accident. To protect the
interests of injured parties, who are entitled to have their losses paid for, regardless
of whether or not the person responsible for the accident is financially able to do so,
insurance against civil liability for motor vehicles and their trailers is mandatory for
most countries.

1



1. INTRODUCTION 1.1. Context

As reported in 2023 by the European Road Safety Observatory [31], from 2010 to
2019 there were approximately 1.000.000 crashes and 1.250.000 injuries per year in the
European Union (EU). The number of crashes, injuries, and fatalities in the EU has
shown a decreasing trend, in the last few years. Figure 1.1 and 1.2 show these results.
An interesting outcome is a decrease in the number of fatalities from 2019 to 2020,
mostly because of the COVID-19 pandemic restrictions.

Figure 1.1: Road crashes and injured people in the European Union [31]

Another way to decrease these numbers is to develop systems that are able to de-
termine driver behavior, and can be used both on a personal level and on a corporate
level with fleets of vehicles. These decreases can also indicate an increase in profit
for vehicle insurance companies. Insurance companies usually set vehicle insurance
rates according to pre-defined variables that tend to be deterministic, meaning that
their values are known and do not change with time, thus being considered static, or
they change in a controlled manner. Furthermore, the insurance rates calculation relies
most of the time on demographic information, such as the age of the driver, the num-
ber of years he or she has a driving license, and the driving history [23]. Although the
idea has a statistical rationale and is being applied in most European countries, it ends
up excessively penalizing not only young drivers (less than 25 years old) but also old
ones (over 65 years old). Moreover, it turns to be ineffective to yield accurate insurance
pricing over time resulting in profit decline for insurance companies and being unfair
to drivers [28].

This project also arises in the context of the European Horizon2020 i-DREAMS

2



1. INTRODUCTION 1.1. Context

Figure 1.2: Fatalities in the European Union [31]

project [30] developed by the CardioID [11] company and associates. This project is
based on a set of devices installed in vehicles that gather data about the driver’s sta-
tus, as well as a variety of other data related to driving behavior. In this regard, the
i-DREAMS project aims at calculating the Safety Tolerance Zone (STZ) and interven-
tions for driver-vehicle-environment interactions under challenging conditions. Fig-
ure 1.3 provides an overview of the devices installed in the vehicles for the i-DREAMS
project.

The key components are the CardioWheel system (installed on the steering wheel),
the Mobileye [43] device (installed on the windshield), the Gateway (GW in Figure 1.3),
and a smartphone application. The i-DREAMS project also uses other components,
which are not addressed in this project.

The Gateway corresponds to the central element of the system, which collects and
centralizes the information coming from the other components and handles data con-
nectivity and transmission. At the same time, it is an edge computing device that
calculates the STZ, allows the triggering of alarms, and real-time communication with
an Application Programming Interface (API) or storage for post-trip synchronization.

Currently, it supports connection via Ethernet, WiFi, and mobile data (3G/4G).
This element also has two independent Controller Area Network (CAN) interfaces,
Bluetooth Low Energy (BLE), a Global Positioning System (GPS) module, and the abil-
ity to connect to a dashcam. This dashcam is activated by events triggered from the
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Figure 1.3: Global overview of the i-DREAMS on-vehicle systems

Mobileye component, and its goal is to perform a post-trip analysis of the cause of the
event. However, the information obtained from this camera is not used in the context
of this project. The gateway system also includes an inertial unit composed of an ac-
celerometer and a gyroscope for driver behavior monitoring. The unit performs a cali-
bration routine to find the correct orientation of the system under the vehicle axis. Ac-
celerometer and gyroscope data are processed to obtain events such as harsh-braking,
harsh-acceleration, and harsh-cornering and then fused with the speed obtained via
CAN bus. The i-DREAMS project provides access to data through an API. The API
defines that each data collection system is associated with a vehicle and not with a
specific driver. Data is acquired during trips, which are defined from the moment the
vehicle’s engine is activated until the moment it is deactivated. However, there is a
grace period of 5 minutes during which a quick turn-off and back-on are considered
the same trip. Figure 1.4 shows some of the sensors installed in vehicles.

1.2 Motivation

The recent rise of the Internet of Things (IoT) [58] paradigm generates an immense
flow of data that can be exploited with Machine Learning (ML) [44] and data mining
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(a) Mobileye and dashcam seen from
the inside of the vehicle

(b) Mobileye and dashcam seen from
the outside of the vehicle

Figure 1.4: i-DREAMS on-vehicle sensors

techniques to automate or support business decision-making. A particular kind of data
that has greatly benefited from this evolution is automotive telematics data. Telematics
is a disruptive automotive technology that utilizes Information Technology (IT) and
communication protocols to send, receive and store information about remote vehicles
and their drivers. This type of data can be used in various areas and applications:

• Vehicle maintenance and improvement to reduce costs of overhauling vehicle
equipment.

• Safety tracking to monitor vehicle speed and location, as well as harsh driving
events and seat belt use.

• Insurance risk assessment, normally used by insurance companies to monitor
driver behavior, allowing them to adjust insurance fees accordingly.

• Autonomous driving.

This project explores the value that telematics data (vehicle sensing data) can have to
devise a driver profile identification solution and help companies supervise drivers’
behavior. This perspective can help generate business opportunities for insurance
companies to automate insurance price calculations based on the driver profile, attract
customers, and then maximize their profit. Nowadays, companies use Usage-Based-
Insurances (UBI) methods that calculate auto insurance premiums. These methods
follow a pay-as-you-behave approach where the insurance fee is calculated based on
the driving competencies such as over speed, hard acceleration, hard braking, hard
cornering, and others [6].
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In addition, this project also tries to show that this kind of data could be useful for
fleet management companies, where the main objective is to oversee all fleet perfor-
mance (fleet profile) and fleet maintenance to increase productivity and help a busi-
ness run as smoothly as possible. For instance, the best drivers can be assigned to most
difficult routes and services.

1.3 Objectives

The main goal of this project is to develop a system that takes advantage of machine
learning techniques to devise a driver profile identification based on trip data obtained
in a non-intrusive way. In order to accomplish this, we use the following approach:

• Devise a generic driver profile classification solution, based on driver behavior
data.

• Analysis and processing of i-DREAMS data obtained from driver trips to con-
struct a dataset organized by trips.

• Evaluate the use of unsupervised machine learning techniques over the dataset,
to identify a driver profile for each trip.

• Label the dataset to get a ground-truth data, build a classification model with
supervised machine learning techniques, and evaluate the model’s performance.

• Create a method to establish a driver profile from the trip’s profile, that can
evolve/change over time.

• Design and development of a Representational State Transfer Architectural Style
(REST) API that uses the classification model to profile drivers and fleets.

The data used for this project was provided by the CardioID company [11] in the con-
text of the i-DREAMS project. The input data is obtained from the i-DREAMS devices
with the i-DREAMS API. A detailed analysis of each device data is provided in Section
3.1. To access the data we use Hypertext Transfer Protocol (HTTP) request interaction
with the i-DREAMS API. The data of each involved system is grouped in tables, and
for each table, we extract trip features. Thus, the constructed dataset is organized by
trips. Figure 1.5 summarizes the proposed solution to profile trips. This figure shows
an example of some data types obtained by interacting with the i-DREAMS API. From
that data, we create features for the dataset. Then, we apply feature engineering and
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unsupervised learning to determine what the trips mean and assign them the class
they belong to. After that, we apply supervised learning, train different models and
evaluate them. Finally, we save the model with the best scores. After deploying the

Figure 1.5: System to evaluate and save the best model

best model, we use it to predict the trip profile of each driver with the driver profile
developed API. Figure 1.6 shows this process. Initially, an user uploads trips to the
API. Then, the best model predicts the trip’s profile. Finally, the user can obtain the
global driver profile.

Figure 1.6: Global Driver Profile
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1.4 Contributions

As a result of this project, the articles [5] and [3] were published in the RECPAD 2022
Portuguese conference on pattern recognition [54] and the DATA 2023 international
conference on data science, technology and applications [17] respectively. Addition-
ally, the article [4] was submitted to the ISEL Academic Journal [32].

1.5 Document Organization

This chapter highlighted not only the context and motivation of this project but the
objectives as well. The remainder of this document is organized as follows.

In Chapter 2, we present the state of the art research techniques on driver profiles,
parameters used for driver profiling, machine learning methods, developed frame-
works and studies according to the literature. Chapter 3 gives a detailed analysis
of the data collection sensors, describes the events obtained from these sensors via
i-DREAMS API, and reports on how the dataset was constructed. Chapter 4 describes
the methodology used to implement a driver profile. In Chapter 5, we present the ex-
perimental evaluation of the developed techniques. Chapter 6 presents the conclusions
and directions of future work.

In Appendix A, we describe all the features of the constructed dataset. Appendix B
provides the data distribution for some features. Finally, Appendix C shows the grids
used for parameter tuning.
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2
Background and State Of The Art

As mentioned in Section 1.2, the evolution of the IoT paradigm has led to an enormous
increase in the use of telematics data in vehicles. With this data, it is possible to develop
solutions to determine driver profiles. This chapter aims to explore the concepts and
techniques used in the literature on driver profiles.

Section 2.1 introduces the evolution of the different types of driver profiles estab-
lished in various studies, which according to the literature consists of those that are
most often applied for this type of problem. Section 2.2 explores the various parame-
ters used according to the literature in datasets to achieve an adequate and optimized
driver profile. Section 2.3 presents the characteristics of some chosen studies to show
a systematic analysis of the machine learning methods used, devices, and applications
proposed. To conclude, Section 2.4 gives a general explanation of how the most com-
mon machine learning methods for driver profile classification problems work.

2.1 Driver Profiles

In the research literature, driving styles are operationalized at different levels of speci-
fication, ranging from single indicators, such as speeding or hard acceleration, to very
general concepts, for example aggressive driving or risky driving, which may be based
on a combination of a variety of more specific behavioral indicators.

As stated in [71], a study concluded that there are eight different driving styles
regarding as how an individual usually drives. They also found that specific driver
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variables were significantly related to those driving styles. These styles were orga-
nized into two main categories: safe driving styles and unsafe driving styles. Table
2.1 presents each style and the category it belongs to. Within the safe style category,
there are three styles. The distress-reduction driving style is related to muscle relax-
ation techniques while driving. The patient driving style is associated to calm and safe
behaviors based on the motto "better safe than sorry". The careful driving style is re-
ferred to cautious behaviors and a state of mind to always react well and quickly to
unexpected actions of other drivers. On the other hand, within the unsafe style cat-
egory, there are five styles. The dissociative driving style is based on unaware and
misjudging behaviors. The anxious driving style is related to nervous and worrying
behavior while driving. The risky driving style is associated with drivers that like to
take risks while driving. The angry driving style usually means that the driver will
make aggressive reactions to other drivers actions. The high-velocity driving style is
related to an impulsive attitude towards driving faster than allowed by the present
road conditions or feeling impatient when traffic slows down. Recently, it was pro-

Table 2.1: Driving Styles [71]

Safe Unsafe

Distress-reduction Dissociative
Patient Anxious
Careful Risky
- Angry
- High-velocity

posed a conceptual framework in which driving styles are seen in terms of driving
habits established as a result of individual dispositions, as well as social norms and
cultural values [59]. This framework suggests the use of a global driving style which
is made up of a set of specific driving styles. A specific driving style refers to a spe-
cific behavior commonly used when driving. Table 2.2 presents a connection between
driving behavior and various driving parameters [66].

2.2 Parameters for Driver Profiling

A review of the literature reveals some of the parameters adopted by researchers for
profiling drivers, such as their vehicle speed, acceleration, braking, mileage, fuel con-
sumption, among others [66]. The studies presented in this section assume that driver
behavior was profiled under the naturalistic driving environment and based on actual
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crash data obtained from self-reported surveys. Table 2.3 presents a collection of differ-
ent parameters used in the studies for profiling drivers into different categories based
on driving behavior.

All the collected parameters are analyzed and discussed below based on conducted
studies. The following subsections describe the key parameters on these studies.

2.2.1 Speed

As referenced in the literature, speed is probably the most used parameter for classify-
ing a driver profile. Excessive speed is one of the main causes of accidents according
to a study on car accidents involving pedestrians, motorcycles, and large vehicles [72].
During a crash, the outcome is directly interrelated to the amount of kinetic energy
(associated with car movement) generated due to vehicle velocity (V) and mass (M),

KE “
1
2

pM.V2
q (2.1)

The amount of kinetic energy is directly proportional to the velocity and mass. The
larger the amount of kinetic energy, the more destructive a crash will be. Speed, there-
fore, directly influences crash and injury severity [22]. This is expected, since the speed
of a vehicle directly influences the safety of a driver, by giving them less time to re-
spond to a safety–critical situation and there are smaller margins of error at higher
speed. In addition to driver safety, vehicle speed also influences fuel consumption and
vehicular emissions.

2.2.2 Acceleration, Braking, and Jerks

On every trip, different maneuvers are performed that can influence the occurrence
of accidents. Part of these maneuvers are accelerations and sudden braking. During
braking, vehicles are subjected to negative longitudinal velocity events. On the other
hand, during accelerations the longitudinal velocity is positive. Aggressive accelera-
tion and deceleration events happen when the driver applies more force than the usual
to the pedals.

In 2006, one study examined speed, acceleration, and braking patterns to predict
accident situations [35]. The used data was obtained from a GPS system built into ve-
hicles and On-Board Diagnostics (OBD).
The ultimate goal was to identify behaviors and their relationship to crash risk. One of
the essential conclusions they reached was that the same behaviors were not observed
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in drivers with the same demographic characteristics, but in general, speed, harsh ac-
celeration, and hard braking patterns were associated with vehicle crash involvement.
Recently, a study used GPS devices to profile drivers based on their speeding, ag-
gressive acceleration, and braking behavior [21]. Each event was assigned a unique
timestamp, a spatial indicator based on time of the day, speed limit, intersection type,
weather condition, and school zones. This study, allowed the GPS devices to collect
driver speed, and determine aggressive acceleration and braking events. The exper-
imental results were similar to those of the previous study. Aggressive acceleration
and braking events are associated with higher accident risk, fuel consumption, and
emissions.

2.2.3 Mileage

Annual mileage is one of the parameters that best predict the possibility of having
an accident [50]. However, it has been shown that drivers with high mileage have a
lower risk of accidents per mile driven. The explanation for this has been suggested by
[33], where drivers with a few miles driven mainly drive on busy streets with multiple
vehicle categories and roads with two-way traffic. On the other hand, drivers with
several miles driven, usually do it on highways with limited access and with separate
lanes. Another explanation given for this is that drivers who drive more miles have
better driving skills, as opposed to drivers with fewer miles. The higher the mileage,
the greater the amount and emission of gases and fuel consumption.

2.2.4 Lateral Maneuver

Lateral maneuvers such as swerving, lane changing, and sharp turns are associated
with aggressive driving behavior, which increases the possibility of a crash [66]. Swerv-
ing is defined as an abrupt movement maneuver in any direction that causes the wheels
to deflect at a high rate. The event can be detected when a driver tries to move away
from an obstacle on the road or suddenly detects the risk of an involuntary lane change
[26]. Cornering events are characterized as maneuvers made at high speed during a
turn, and can lead to car rollovers, skidding, and total loss of vehicle control [38]. The
level of aggressiveness of this maneuver can be calculated using the horizontal force
(centrifugal force), which acts on the vehicle generating lateral acceleration measured
in G’s. Several researchers have used lateral vehicle maneuvers as a parameter for
creating a driving profile based on accident probability. The study "Driving analyt-
ics using smartphones: Algorithms, comparisons, and challenges" [77] concluded that
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smartphones accurately detect braking, acceleration, left cornering, and right corner-
ing events. The smartphone sensor-based data collection approach can be considered
reliable and accurate, as it can identify specific driving patterns with high accuracy.
This study also proposed a threshold value of 0.24g and -0.24g to categorize left and
right harsh cornering events, respectively. Similarly to other parameters, lateral ma-
neuvers yield increased fuel consumption and emissions.

2.2.5 Temporal and Spatial Variation

The risk of a car accident can vary depending on temporal factors such as time of day,
day of the week, and month. In addition, spatial factors such as traffic flow, road type,
and characteristics can also influence crash risk. During the night, the probability of an
accident occurring is higher than during the day, since there is less visibility. The study
"Driver behavior profiles for road safety analysis" [21] concluded that driver behavior
is different during weekdays and weekends. Weekdays are associated with a lower
risk of an accident due to the congestion that exists during these days. Contrarily, on
weekends the probability of an accident occurring is higher. An interesting observation
made by [12] determined that during weekends there were more accidents where only
one vehicle was involved, and on Fridays we have accidents with multiple vehicles.
When it comes to spatial factors, the study [39] concluded that with an increase in the
number of vehicles, the number of interactions between vehicles increases, raising the
probability of a crash. The study [51] noted that the probability of a crash decreases
with an increase in the number of lanes and road width. Also, higher occupancy in
junctions increases the number of harsh accelerations and harsh braking events.

2.2.6 Distraction

It is indisputable that distractions while driving significantly increase the likelihood of
an accident. Distracted driving is one of the behaviors that has caused more accidents,
and is associated with an aggressive driving style. It has been observed that using a
cell phone while driving increases reaction time, meaning that the driver may not react
optimally to adverse conditions [15].

The study [78] noted that when the driver is distracted, vehicle speed directly in-
fluences the driving quality. However, the study concluded that vehicle speed has a
similar effect on driving quality regardless the driver is distracted or not. Other stud-
ies, such as [52], have suggested that using a cell phone while driving increases the
likelihood of driving errors to occur.
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Recently, the study [49] investigated drivers behavior while driving distracted (talking
or texting on their cell phones). The conclusion reached was that when cell phone use
lasts a short time, it is less likely to affect driving quality. On the other hand, when the
distraction time is long, it is more plausible that the driver will perform dangerous and
aggressive maneuvers.

Table 2.3: Parameters for driver profiling

Study Parameters

Speed Acceleration
Braking/
Decelera-
tion

Jerk
Sudden
lane
change

Sudden manoeuver Cornering Idling

Longitudinal Lateral

[21] ✓ ✓ - ✓ - - - - -
[16] ✓ - - - - - - - ✓

[79] ✓ ✓ ✓ - - - - - -
[38] ✓ ✓ - ✓ - - ✓ - -
[73] ✓ ✓ ✓ ✓ - ✓ ✓ ✓ -
[37] - - - - ✓ - - - -
[13] ✓ ✓ - ✓ - - - - -
[60] ✓ ✓ - ✓ - ✓ ✓ - -
[42] ✓ - - - ✓ - - - -
[40] ✓ ✓ - ✓ - - - - -
[61] ✓ ✓ ✓ - - - - - -
[14] ✓ ✓ ✓ ✓ - - - - -
[19] - ✓ - ✓ ✓ - - - -
[7] ✓ ✓ ✓ ✓ - ✓ ✓ - -
[76] ✓ ✓ ✓ ✓ - ✓ - - -

Table 2.3: Parameters for driver profiling (Continuation)

Study Parameters

Engine
Speed

Throttle
position

Mileage Traffic
flow

Traffic
violation

Spatial
Variation

Temporal
Variation

Distraction Time
Head-
way

[21] - - - - - ✓ ✓ - -
[16] - - - - - - - - -
[79] - - - - - ✓ - - -
[38] - - ✓ ✓ ✓ - - - -
[73] - - - - - ✓ ✓ - -
[37] - - - - - - - - ✓

[13] - - - - - ✓ - - -
[60] - - - - - - - - -
[42] ✓ ✓ - - - ✓ - - -
[40] - - - - - - - ✓ -
[61] - - - ✓ - ✓ - - -
[14] - - - - - - - - -
[19] - - - - - - - - -
[7] - - - - - - - - ✓

[76] ✓ ✓ - - - - ✓ - -
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2.3 Methods for Driver Profiling

This section describes the machine learning methods applied, devices used, and the
proposed applications for the set of studies presented in Table 2.3 . This information is
reported in Table 2.4 [66] which provides a systematic review of the state of the art.

Table 2.4: Methods for driver profiling

Study Methods Devices used Driver behavior
profiles

Proposed application

[21] - GPS Scoring Risk profilling of
driver

[16] SPC tool GPS Scoring Performance
appraisal of fleet
driver

[79] K-means clustering Smartphone sensores Aggressive,
Conservative and
Conservative drivers
making aggressive
turns

Classification of
drivers into various
groups

[38] EW-AHP OBD sensor Scoring Usage based
Insurance Schemes

[73] Pattern Matching
approach

In-vehicle data
recorder

Scoring Fleet drivers
monitoring

[37] Statistical analysis In-vehicle data
recorder

Aggressive, Normal Identification of
aggressive drivers

[13] Fuzzy inference
system

Smartphone sensors Normal, Moderate,
Aggressive

Usage based
Insurance Schemes

[60] - Smartphone sensors Very Safe, Safe,
Aggressive, Very
aggressive

Identification of
blackspot location

[42] Gamification
approach

OBD sensor,
Smartphone sensors

Saver, Typical,
Careless

Eco-driving

[40] K-means clustering Smartphone sensors Safe, Aggressive,
Risky, Distracted,
Aggressive/risk, Ag-
gressive/distracted

Identification of
aggressive and
dangerous driving
profiles

[61] LSTM (Long-Short
term memory)
Recurrent Neural
Network architecture

Smartphone sensors Normal, Aggressive,
Drowsy

Classification of
drivers into various
groups

[14] PAM (Partition
Around Medoids)
cluster analysis

In-vehicle data
recorders

- Identification of
driver style

[19] Fuzzy inference
system

GPS, OBD, and
Inertial Navigation

Good, Normal,
Aggressive

Usage based
Insurance schemes

[7] - Smartphone sensors Scoring, Aggressive,
Calm, Drowsy

Classification of
drivers into various
groups

[76] SVM (Support Vector
Machine), K-means
clustering

In-vehicle data
sensors,

- Driver Profile
Classification
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As shown in Table 2.4, cluster analysis is one of the most commonly used meth-
ods to solve problems of identification of driving profiles into several groups. In this
regard, the [14, 40, 79] studies use clustering to group different objects that are similar.

The first study [79] uses clustering to group drivers into different categories based
on data acquired by smartphone sensors. Data was collected for about 300 drivers on
speed, location, and acceleration. For each road segment, the standard deviation and
mean of speed and acceleration were calculated. Next, k-means clustering [27] was
applied to the dataset to identify different types of roads. Then, the authors calculated
the average driver deviation from the established normal behavior for each road seg-
ment. For each driver and road, the difference between the road mean and the driver’s
mean on this road is calculated and normalized by standard deviation. This gives a
measure of how many standard deviations the driver’s mean deviates from the road’s
mean. The normalized values were combined into a vector, and finally, the clustering
algorithm was applied to the vectors to identify groups of drivers.

In the case of the study [40], k-means clustering was performed in two phases to
identify dangerous driving profiles. The first phase of clustering was intended to orga-
nize drivers into two groups, aggressive and non-aggressive, according to the number
of harsh acceleration and deceleration events. The second phase aimed to detect un-
safe driving behaviors such as speeding events and cell phone use for both previous
driving profiles (aggressive and non-aggressive).

The last of the three studies, [14] uses Partition Around Medoids (PAM) to organize
drivers into different types of profiles according to their driving style. Based on PAM
cluster analysis, the study identified three driving styles with four parameters, speed,
lateral acceleration, longitudinal acceleration, and braking. The first profile identifies
drivers who perform maneuvers at high speed and low acceleration (longitudinal and
lateral) and deceleration. The second profile identifies drivers who execute maneuvers
at high speed but with moderate acceleration (longitudinal and lateral) and decelera-
tion. Finally, the last profile identifies drivers who execute maneuvers at low speed but
with high acceleration (longitudinal and lateral) and deceleration.

As technology and machine learning methods advance, neural network techniques
have recently been applied in various applications, as is in [61]. This study proposed
a methodology based on stacked Recurrent Neural Networks (RNN), on which nine
different smartphone sensors were able to capture data from naturalistic driving ses-
sions. The proposal was formulated as a time-series classification problem of driving
behaviors. Drivers were classified into three different categories: normal, aggressive,

16



2. BACKGROUND AND STATE OF THE ART 2.4. Machine Learning Techniques

and drowsy. To support time-series classification, the proposed model used a RNN ar-
chitecture called Long Short-Term Memory (LSTM) network. The model was tested on
the naturalistic driving behavior classification dataset, "UAH-DriveSet" [74]. The re-
sults obtained when compared to other state-of-the-art methods revealed an increase
of about 10% in the F1-measure metric. It was important to explore studies using these
neural network techniques to give acknowledgment that more and more use of these
techniques is currently being made. However, for this thesis, we chose not to use these
methods as they prove to be difficult to understand and explain how the neural net-
work works. They have high predictive power but low interoperability (act as a black
box). It is essential for driver profile classification problems to understand how the
algorithms work to better understand the results. Another reason for us to not use
neural networks is that it requires much more data than traditional machine learning
algorithms, making the neural network computationally expensive.

According to the literature, Support Vector Machine (SVM) [2, 62] is another method
used for driving profile classification problems. The study [76] uses inertial sensors
placed inside the vehicle used to obtain data. The acceleration, turning, and braking
data, were used to extract feature vectors. Feature vectors were acquired by histogram-
ming the time-series signals (for example, the accelerometer) into five bins [61]. Other
features such as the mean, variance, min, and max were also included in the feature vec-
tors. These vectors were then used in the SVM algorithm to obtain the driver’s clas-
sification. The results achieved show that features associated with acceleration events
were not the best at differentiating drivers. On the other hand, features related with
braking and turning events showed great potential to differentiate drivers. This study
also applied k-means clustering to the same dataset, but the results were somewhat
inferior to SVM in terms of accuracy.

2.4 Machine Learning Techniques

This section seeks to briefly introduce the most commonly used algorithms for driver
profile classification and also the ones that we used for this thesis. Here we described,
some advantages and disadvantages of the algorithms and how they work. We also
describe some of the evaluation metrics used.
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2.4.1 Unsupervised Algorithms

2.4.1.1 K-Means

The k-means algorithm [27] aims to group data in such a way that data belonging to the
same group (cluster) is more similar to each other (in some way) than to data belonging
to other groups. It is an unsupervised learning algorithm because it is in the category
of clustering methods. This means that this algorithm does not assume the existence
of labeled data. The motivations for using this method are the following:

• It is one of the main ways of exploring and representing structures found in data.

• Clusters contain meaningful information.

• It is simple to implement and to understand how it works.

• It is easy to scale by implementing parallel k-means.

• Efficient (and higher-level) description of the data.

• It provides easy detection of outliers.

In terms of functionality, the general algorithm takes into account the following steps:

1. Firstly, it is necessary to define the value of "k", that is, the number of clusters.

2. Randomly define a centroid for each cluster.

3. For each data point, calculate the centroid of the shortest distance. Each point
will belong to the nearest centroid.

4. Relocate the centroid. The new centroid position should be the average of the
position of all the points in the cluster.

5. The last two steps are repeated, iteratively, until we get the optimal position (until
the position does not change) of the centroids.

Figure 2.1 illustrates how the algorithm works. Even though the algorithm can be par-
allelized, it is possible to increase its performance (reduce the number of iterations) by
improving the initialization process. It is also important to note that different initial-
izations yield different results. On the other hand, defining a "k" value is also a delicate
task. The "k" value is a hyperparameter for the algorithm, which is required to tell the
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(a) Points and Centroids (b) Centroids Assignment

(c) Centroids Update (d) Convergence

Figure 2.1: K-means Algorithm with two centroids [36]

system how many clusters will be created. There are, however, some methods to find
the best or optimal "k" value.

Although these techniques improve the algorithm’s performance, its solutions tend
to be locally optimal, which may be far from the global optimum.

2.4.1.2 DBSCAN

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) [24] is an un-
supervised algorithm that is able to find arbitrary shaped clusters and clusters with
noise. The idea behind DBSCAN is that a point belongs to a cluster if it is close to
many points from that cluster. The two main parameters used for this algorithm are:
eps and minPts. The eps parameter indicates the distance that specifies the neighbor-
hoods. Two points are neighbors if the distance between them is less than or equal to
the eps value. The minPts parameter specifies the minimum number of data points to
define a cluster. Thus, data points can be classified as:
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• Core Point - If there are at least minPts number of points (including the point
itself) in its surrounding area with radius eps.

• Border Point - If it is reachable from a core point and there are less than minPts
number of points within its surrounding area.

• Outliers - If it is not a core point and not reachable from any core points.

A cluster is composed by core points neighbors and all the border points of these
core points.

The main pros of using DBSCAN are:

• Does not need to specify the number of clusters.

• Performs well with arbitrary shapes of data points distribution.

• Is able to detect outliers.

The cons are that sometimes is very difficult to determine the best value for the eps
parameter.

2.4.1.3 Gaussian Mixtures

Gaussian Mixture Models (GMM) [57] assume that there are a certain number of Gaus-
sian distributions, and each of these distributions represents a cluster. Contrary to K-
Means, GMM perform soft classification, meaning that they provide the probabilities
that a given data point belongs to each of the possible clusters. They work on an algo-
rithm called Expectation-Maximization (EM) [45], that tries to estimate the parameters
of the Gaussian distributions in two steps:

1. E-step - Data points are assigned to a Gaussian cluster based on probabilities that
they belong to that cluster.

2. M-step - The mean, covariance, and density are calculated for clusters based on
the data points in the E-step.

After these steps, the algorithm repeats the process until convergence is reached.

Some pros of using GMM are that they can handle a greater variety of shapes when
compared to K-Means that is only good at spherical shapes. Another positive aspect is
the use of soft classification. On the other hand, a con is that they might take longer to
run because they have slower convergence.
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2.4.1.4 Evidence Accumulation Clustering with K-Means

K-Means is one of the most used algorithms for clustering, because it is simple to use
and understand. With an ensemble approach, it tries to find better and more robust
clustering solutions. The objective of Evidence Accumulation Clustering (EAC) [47] is
to combine the different results of the ensemble into a single data partition, by viewing
each clustering result as an independent evidence of data organization. A K-Means
clustering algorithm, l, by organizing the n patterns into clusters according to the par-
tition Pl, expresses relationships between objects in the same cluster; these are mapped
into a binary n ˆ n co-association matrix, Clpi, jq, where non-zero pairwise relations,
Clpi, jq “ 1, express co-existence of patterns i and j in the same cluster of Pl [47]. In
order to identify natural clusters (retrieve the combined data partition), hierarchical
agglomerative algorithms are used.

2.4.2 Supervised Algorithms

2.4.2.1 Support Vector Machines

Support Vector Machines (SVM) [2, 62] are supervised machine learning algorithms
applicable to classification and regression problems. They were initially developed for
binary classification problems. These algorithms build a set of support vectors that
separate classes with hyperplanes, which can take linear (two features) and planar
(three features) forms. It becomes difficult to imagine when the number of features
exceeds three.

One of the main goals of this algorithm is to maximize the margin of separation be-
tween existing classes, i.e., to find the hyperplane that maximizes the distance between
two points of distinct classes. The points closest to the separation margin correspond
to the support vectors, which influence the position and orientation of the hyperplane.
In other words, the support vectors define the margin of separation of the classes and
are the most difficult examples to classify.

Figure 2.2 shows an example of how the optimal hyperplane is found.

2.4.2.2 Decision Trees

Decision Trees (DT) [2, 62] are a supervised machine learning algorithm used for clas-
sification and regression problems. They have a hierarchical tree structure, which con-
sists of a root node, branches, internal nodes and leaf nodes. The most relevant at-
tribute is placed at the top of the tree (root node). Then through a decision rule over
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(a) Possible Hyperplanes (b) Optimal Hyperplane

Figure 2.2: SVM Example [70]

that attribute the root node is splited in two more nodes that can be an internal node
or leaf node (end node with the predicted class value). These steps are repeated until
there are leaf nodes in all the branches of the tree.

The main advantages of DT are:

• Simple to understand and to interpret.

• Does not require data normalization.

• Can handle both numeric and categorical variables.

• Handles multi-class classification problems.

• Useful to attribute meaning to clusters.

Some of the disadvantages are:

• If the tree is too complex, the learned model is not well generalized, leading to
overfitting problems.

• Trees can be unstable due to small variations in the data, resulting in different
trees.

• Decision tree learners create biased trees if some classes dominate.
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2.4.2.3 Random Forest

Random Forest (RF) [2, 62] is a supervised learning algorithm used for classification
and is an upgrade over DT. It consists of a large number of individual DT that work as
an ensemble. Each tree in the ensemble predicts a class, and the class with the majority
of the votes becomes the model’s final prediction. When splitting each node during the
construction of a tree, the best split is found either from all input features or a random
subset. The purpose of this randomness is to decrease the variance of the estimator
and to prevent overfitting problems that are related to single DT.

2.4.2.4 XGBoost

XGBoost [2, 62] stands for eXtreme Gradient Boosting and is a supervised learning
algorithm for classification and regression problems. It is based on decision tree Clas-
sification and Regression Trees (CART) algorithms. As opposed to RF, it uses a type
of ensemble learning called boosting, which uses the previous model’s result as an in-
put to the next model. Instead of training models separately, boosting trains models
sequentially, with each new model being trained to correct the errors of the previous
ones. At last, the term gradient boosting refers to a boosting method where the error
is minimized using a gradient descent algorithm. In other words, gradient descent
is an iterative optimization algorithm to minimize a loss function, typically the Mean
Squared Error (MSE).

2.4.3 Evaluation Metrics

This section describes evaluation metrics used for unsupervised and supervised learn-
ing.

2.4.3.1 Unsupervised Metrics

Firstly, we have the Silhouette Coefficient [65]. This metric uses the model itself to
obtain the score, and the higher the score, the better the clusters are defined. The
score is bounded between -1 for incorrect clustering and +1 for highly dense clustering.
Scores around zero indicate overlapping clusters. The Silhouette Coefficient ssc for a
single sample is given as:

ssc “
b ´ a

maxpa, bq
, (2.2)
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where a is the mean distance between a sample and all other points in the same cluster
and b the mean distance between a sample and all other points in the next nearest
cluster.

Another unsupervised metric is the Calinski-Harabasz (CH) [10] Index also known
as the Variance Ratio Criterion. The score is higher when clusters are dense and well
separated, which relates to a standard concept of a cluster. The score is the ratio of the
sum of between-clusters dispersion and of within-cluster dispersion for all clusters,
where dispersion is defined as the sum of distances squared. For a set of data E of size
nE which has been clustered into k clusters, the CH score sCH is defined as:

sCH “
trpBkq

trpWkq
ˆ

nE ´ k
k ´ 1

, (2.3)

where trpBkq is the trace of the between group dispersion matrix and trpWkq is the trace
of the within-cluster dispersion matrix defined by:

Bk “

k
ÿ

q“1

nqpcq ´ cEqpcq ´ cEq
T (2.4)

Wk “

k
ÿ

q“1

ÿ

xPCq

px ´ cqqpx ´ cqq
T , (2.5)

where Cq is the set of points in cluster q, cq the center of cluster q, cE the center of E,
and nq the number of points in cluster q.

Another evaluation metric used for unsupervised learning, is the Davies-Bouldin
(DB) index [18], where a lower value relates to a model with better separation between
the clusters, being zero the lowest possible score. The score is defined as the aver-
age similarity between each cluster Ci for i “ 1, ..., k and its most similar one C j. The
similarity is defined as a measure Ri j:

Ri j “
si ` s j

di j
, (2.6)

where si is the average distance between each point of the cluster and the centroid
of that cluster – also known as cluster diameter, and di j the distance between cluster
centroids i and j. The final DB index, DB, is defined as:

DB “
1
k

k
ÿ

i“1

max
i‰ j

Ri j¨ (2.7)
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2.4.3.2 Supervised Metrics

A confusion matrix [62], manages to outline for each class the model’s performance.
Figure 2.3 shows a confusion matrix for a binary problem (two classes). For simplicity
of explanation we assume two driver profiles: Non-Agressive (negative) and Agressive
(positive).

Figure 2.3: Confusion Matrix example

From the confusion matrix it is possible to compute the model’s accuracy, which
corresponds to the ratio of correctly classified points (prediction) to the total number
of predictions, given by

Accuracy “
T N ` T P

T N ` T P ` FN ` FP
¨ (2.8)

On the other hand, the model’s error is the ratio of incorrectly classified points
(prediction) to the total number of predictions,

ErrorRate “ 1 ´ accuracy¨ (2.9)

The False Positive Rate (FPR) corresponds to the portion of actual negative in-
stances which are incorrectly identified as positive,

FPR “
FP

FP ` T N
¨ (2.10)
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The False Negative Rate (FNR) corresponds to the portion of actual positive in-
stances which are incorrectly identified as negative,

FNR “
FN

FN ` T P
¨ (2.11)

The precision metric corresponds to the portion of points classified as positive well
classified or vice versa,

PrecisionNon´Agressive “
T N

T N ` FN
, (2.12)

PrecisionAgressive “
T P

T P ` FP
¨ (2.13)

The recall metric corresponds to the portion of positives well classified or vice
versa,

RecallNon´Agressive “
T N

T N ` FP
, (2.14)

RecallAgressive “
T P

T P ` FN
¨ (2.15)

Only valid classifiers achieve high performance in both metrics. To take this into
account both precision and recall are combined in a single metric that corresponds to
their harmonic mean, called F-Score or F1 score.

F1Non´Agressive “ 2 ˆ
PrecisionNon´Agressive ˆ RecallNon´Agressive

PrecisionNon´Agressive ` RecallNon´Agressive
, (2.16)

F1Agressive “ 2 ˆ
PrecisionAgressive ˆ RecallAgressive

PrecisionAgressive ` RecallAgressive
¨ (2.17)

To conclude, we also took in consideration Receiver Operating Characteristics (ROC)
curves, computing the Area Under the Curve (AUC), and Precision vs Recall curves,
which are graphs that are meant to illustrate and compare the performance of one or
more classifiers.
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Table 2.2: Connection between different driving styles and driving parameters

Global driving style Specific driving style Driving parameters Reference

Aggressive Over-speeding Speed [79]
Rapid acceleration Longitudinal
& decelaration acceleration
Sharp turning Lateral acceleration
Jerky driving Jerks [37]
Tailgating Time headway
Over-speeding Speed [60]
Sudden braking & Longitudinal
acceleration acceleration
Sudden lane change Lateral acceleration
Sudden turn
Harsh acceleration Acceleration [40]
Hash braking Deceleration
Smoothness Acceleration and speed

distribution characteristics
Jerky driving Jerks [19]
Sharp acceleration Longitudinal acceleration
Sharp decelaration
Hard acceleration Longitudinal [7]
& braking acceleration
Aggressive steering Speed

Time headway
Weaving
Drifting
Over-speeding
Short car following

Distracted Mobile phone usage % of mobile phone [40]
usage while driving

Risky Speeding Speed [21, 40]
Harsh braking Longitudinal
Harsh acceleration acceleration

Conservative/Calm Driving Slower Speed [79]
Maintaining Headway
greater Headway Lateral acceleration
Avoid sharp turning

Safe Driving below Speed [40]
speed limit % of mobile phone
Less usage of usage
mobile phone

Safer (based on Less jerky driving Speed [42]
fuel Driving below Jerks
consumption) speed limit Throttle position

Pressing and RPM
releasing accelerator
pedal gently
Ideal gear shifting
based on engine RPM





3
Events and Data

This chapter aims to give an in-depth analysis and explanation of the acquired data.
We also describe the transformations required to create the set of features and construct
the dataset.

Section 3.1 deals with the whole process of analysis of the raw data obtained through
the i-DREAMS API. In Section 3.2, we transform the data to generate a set of features
representing the dataset organized by trips.

3.1 Raw Data Analysis

As mentioned in section 1.1, the i-DREAMS project consists of several systems. Each of
these systems gathers different types of data that will be used to classify a trip profile.
The gateway is the central component of this project that collects the data from different
devices and algorithms (STZ) and makes them available through an API. Table 3.1
describes the types of data that these systems can provide when interacting with the
i-DREAMS API.

The data initially obtained does not necessarily come in the optimal format for
solving machine learning problems and, in this case determining the driver profile.
That’s why this section describes the data obtained when interacting with the i-Dreams
API and then construct the dataset organized by trips.

While driving a vehicle, several events that retain information about the trip in an
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Table 3.1: Systems, devices, and data description

System/Device Data Identifier Description

Gateway Ignition Ignition on/off events
CardioWheel LOD_Event Hands on wheel detection

events
Drowsiness Detector Drowsiness Drowsiness detection event

(KSS level)
Gateway Motion Sensor DrivingEvents Harsh driving detection

events
Mobileye ME_AWS Decoded Mobileye AWS

message
Mobileye ME_TSR Decoded Mobileye TSR

message
Mobileye ME_Car Decoded Mobileye Car

message
GNSS GPS GPS location message
Driver App Distraction Use of mobile phone events
STZ iDreams_Fatigue Driver fatigue intervention

warning
STZ iDreams_Headway Headway monitoring

intervention warning
STZ iDreams_Overtaking Illegal overtaking

intervention warning
STZ iDreams_Speeding Speeding intervention

warning

instant of time and a location obtained through satellite-based geolocation data can be
generated. The set of possible events for each system in Table 3.1, is described in the
following sections.

3.1.1 Hands-On Detection Events

The CardioWheel system produces Hands-On Detection (LOD_Event) events that in-
dicate the detection of the driver’s hands on the steering wheel. Each event consists of
a timestamp and the Hands-On state. This state has four possible values:

• 0 - No hands on the steering wheel.

• 1 - Left hand on the steering wheel.

• 2 - Right hand on the steering wheel.

• 3 - Both hands on the steering wheel.
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3.1.2 Drowsiness Events

The Drowsiness Detector system is able to detect events of the driver drowsiness level
based on the Karolinska Sleepiness Scale (KSS) in a certain timestamp. According to
KSS, there are 10 levels of drowsiness:

1. Extreme alert.

2. Very alert.

3. Alert.

4. Rather alert.

5. Neither alert nor sleepy.

6. Some signs of sleepiness.

7. Sleepy, but no effort to keep awake.

8. Sleepy, but some effort to keep awake.

9. Very sleepy, great effort to keep awake, fighting sleep.

10. Extremely sleepy, can´t keep awake.

The level of drowsiness is a useful indicator to determine the responsibility and state
of the driver.

3.1.3 Driving Behavior Events

The Gateway Motion Sensor system generates driving behavior (DrivingEvents) data,
which indicates the occurrence of harsh acceleration, harsh braking, and harsh corner-
ing behaviors. Each event stores the timestamp and the type of event (harsh accelera-
tion, braking, and cornering). At the same time, the maximum acceleration (in g-force)
during an event is registered with the total duration of the event in seconds, and the
event severity level is measured with one of 3 values:

• L - Low.

• M - Medium.

• H - High.
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This indicator is useful to calculate the number of each type of event that occurred
during a trip. As stated in Section 2.2, these types of events are widely used in the
literature for driver profile classification applications and are mostly related with ag-
gressive driving.

3.1.4 Mobileye Advanced Warning System

The Mobileye Advanced Warning System (ME_AWS) gives information about the safety
and warning state of the Mobileye system in a certain timestamp. A large part of the in-
formation provided refers to the system usage status. For this reason, only the relevant
parameters are exposed below:

• fcw - If True, forward collision warning is active.

• hw_level - Headway monitoring level (0 – no car detected, 1 – green car, 2 – red
car, warning).

• ldw - If True, lane departure warning is active (left or right).

• ldw_left - If True, left lane departure warning is active.

• ldw_right - If True, right lane departure warning is active.

• pcw - If True, pedestrian collision warning is active.

• pedestrian_dz - If True, pedestrian detected in danger zone.

• time_indicator - Indicates lighting conditions: day, dusk, or night.

• tsr_level - Traffic sign recognition level. Level of warning according to units over
speed limit in (kph or mph).

• zero_speed - If True, vehicle is stopped.

The fcw parameter corresponds to Forward Collision Warning (FCW) that activates
when the system detects an imminent collision danger with cars ahead and will trig-
ger visible and audible warnings. The hw related parameters correspond to Headway
Monitoring & Warning (HMW) that activates when the vehicle is too close to the ve-
hicle ahead and will trigger visible and audible warnings. The ldw related parameters
correspond to Lane Departure Warning (LDW) that activates when the vehicle departs
from the current lane without turning signals and will trigger visible and audible warn-
ings.
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3.1.5 Mobileye Car Information

The Mobileye system also provides information about the car parameters (ME_Car).
Each data sample provides the current speed of the vehicle (kilometers per hour) and
a set of parameters described below:

• High_beam - If the high beam is on or off.

• Low_beam - If the low beam is on or off.

• Wipers - If wipers are on or off.

• Signal_right - If right turn signal is on or off.

• Signal_left - If left turn signal is on or off.

• Brakes - If brakes are on or off.

3.1.6 Global Navigation Satellite System

The Global Navigation Satellite System (GNSS) provides satellite-based geolocation
data, with a rate of about one sample per second.

3.1.7 Ignition

The Gateway system is able to provide events that tell if the ignition is on or off.

3.1.8 Distraction Events

The i-DREAMS driver app provides real-time mobile phone use events, which are an
indicator of distraction. Each sample is mapped by the type of event, mobile usage
start, or mobile usage end. These events are used to map any distractions while driv-
ing.

3.1.9 Fatigue Intervention

The STZ system gives real-time fatigue intervention (iDreams_Fatigue) events with
different levels. The levels are defined as follows:
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• Level 0 - No warning (normal driving).

• Level 1 - Visual warning (dangerous driving).

• Level 2 - Visual and auditory warning (dangerous driving).

• Level 3 - Frequent warnings (avoidable accident).

3.1.10 Headway Intervention

The STZ system generates real-time headway intervention (iDreams_Headway) events
with different levels. The levels are defined as follows:

• Level -1 - No vehicle detected (normal driving).

• Level 0 - Vehicle detected, but headway >= 2.5 (normal driving).

• Level 1 - Vehicle detected, headway < 2.5, but above warning threshold (normal
driving).

• Level 2 - First warning stage (dangerous driving).

• Level 3 - Second warning stage (avoidable accident).

3.1.11 Overtaking Intervention

The STZ system produces real-time overtaking intervention (iDreams_Overtaking) events
with different levels. The levels are defined as follows:

• Level 0 - No warning (normal driving).

• Level 1 - Visual warning (normal driving).

• Level 2 - Visual and auditory warning (dangerous driving).

• Level 3 - Frequent warnings (avoidable accident).
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3.1.12 Speeding Intervention

The STZ system produces real-time speeding intervention (iDreams_Speeding) events
with different levels. The levels are defined as follows:

• Level 0 - No warning (normal driving).

• Level 1 - Visual indication (normal driving).

• Level 2 - Visual speeding warning (dangerous driving).

• Level 3 - Visual and auditory warning (avoidable accident).

3.2 Dataset Construction

After the complete analysis of the events provided, the next step was to build a dataset
through these events. To do this, for each possible event we designed several features,
which based on Table 2.2, are the most appropriate to determine the style of driving
on a given trip. One important aspect to take into consideration is that the events pro-
vided vary from trip to trip. This is because we are dealing with a naturalistic driving
environment, which means that cars are equipped with devices that, over a longer pe-
riod, continuously monitor various aspects of their driving behavior, the vehicle, and
the surroundings in an unobtrusive way and without the presence of a test supervi-
sor [75]. This includes aspects of vehicle movement, driver behavior, and the direct
environment.

As a result, there may be sensor failures on a given trip, resulting in some features,
such as the number of harsh accelerations, not being detected, or having wrong values.
Therefore, the built dataset may contain missing values such that are processed in a
second phase.

Although some events may not have assigned values, all trips are represented by
a mandatory set of features as follows:

• Trip_start - Date and time trip started. This feature is only relevant to input miss-
ing values for other features such as the trip lighting condition.

• Trip_end - Date and time trip ended. This feature is only relevant to input missing
values for other features such as the trip lighting condition.

• Distance - Trip distance in kilometers.

35



3. EVENTS AND DATA 3.2. Dataset Construction

• Duration - Trip duration in seconds.

The start and end features are not used in the supervised and unsupervised learn-
ing phases. The distance and duration features are only applied in the normalization
tasks.

As a first step, all the available data was collected, and the features were created.
After a deeper analysis of the data, only the most significant features were selected
according to the literature reviewed and the results obtained in the following feature
extraction phase. Through interaction with the i-DREAMS API, it was possible to ob-
tain trips from April 1, 2021, to July 20, 2022, which were 17138 trips in total.

The resulting features are organized according to the type of system that origi-
nated them. According to the four mandatory features and the tables presented in
Appendix A, for each of the 17138 trips, 75 features should be generated. However, for
this collection of trips, the Hands-On and Drowsiness Systems were not available, so
only 67 features were produced. At the end of this phase the dataset was composed of
n “ 17138 trips and d “ 67 features.
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Driver Profile Implementation

This chapter aims to describe all the steps involved in profiling a driver with the pre-
viously constructed dataset.

Section 4.1 describes the approach to filter noisy data and how to deal with missing
values. Section 4.2 details how we normalized the data. In Section 4.3, we present all
the techniques used to reduce the dataset dimensionality. Both Section 4.4 and 4.5
aim to describe all the steps involved in the modeling phase where a semi-supervised
approach is applied. In the first, we discuss the approach taken on clustering with
all the unsupervised techniques presented in Section 2.4. The second involves all the
processes of applying the supervised algorithms and metrics discussed in Section 2.4
to the clusters found in the unsupervised stage. In Section 4.6, we define a way to
establish a driver profile from the classified trips. Section 4.7 presents the structure of
the developed API. Finally, Section 4.8 provides the thesis repositories with the code.

4.1 Data Pre-processing and Missing Values

The data pre-processing phase was crucial because it involved removing certain trips
that acted as noise and did not provide sufficient information for the data. Most of the
time these kinds of trips, were a result of a malfunction of the i-DREAMS devices or
trips that were very short in distance or duration. Therefore, we applied the following
steps to remove these trips:
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1. Remove trips with all values missing.

2. Remove trips with all values missing, except the four mandatory features.

3. Remove trips with less than one minute.

4. Remove trips with less than 1.5 km traveled.

After this, the number of trips was reduced from 17138 to 15002, and the imputation of
missing values was performed.

As mentioned in Section 3.2 the dataset may include missing values. Therefore, it
was necessary to find a way to deal with them because some algorithms cannot work
with missing data, and filling them in will impact the quality of the data.

Initially, we needed to check the number of missing values for each feature except
the four mandatory ones. In Appendix A, Table A.13 provides the number of missing
values for each feature and their percentage. We can see that only the distraction_time
and n_distractions features have a large percentage of missing values. After this anal-
ysis, it was necessary to find a strategy to fill in the missing values. In this regard, we
decided to fill the values with the mean, median, or mode if the percentage of missing
values was less or equal to 10%. If the percentage is greater or equal to 50%, the feature
is removed. With this strategy only the distraction_time and n_distractions features
were removed, since they have too many missing values, leaving the dataset with 65
features.

The next step was to decide which imputation technique to use to assign the most
accurate value for the missing values. The goal was to find out which one of the tech-
niques is a better measure of the central tendency of data and use that value for replac-
ing missing values appropriately. If the data is skewed, there are several or large num-
bers of data points that act as outliers, and because of that, the mean is not appropriate.
On the other hand, when the data is skewed, it is adequate to consider the median or
mode value to replace the missing values. The figures provided in Appendix B show
that for the majority of the features, there are outliers and for that reason, the median
was used to replace missing values.

Although the median strategy was useful for most features, for the light_mode we
created an algorithm to impute the missing values using the trip start date (trip_start),
end date (trip_end), and the geolocation coordinates features. The algorithm we de-
veloped calculates whether the trip took place, predominantly during the day, dusk or
night.
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4.2 Feature Normalization

Feature normalization is a very important task often applied as part of data prepara-
tion for machine learning. The idea of normalization is to change the values of numeric
columns in the dataset to use a common scale, without distorting differences in the
ranges of values or losing information. Normalization is also essential for many ma-
chine learning algorithms, especially distance-based ones like clustering algorithms.
We should also normalize features if you need to apply any dimensionality reduction
techniques such as Principal Component Analysis (PCA) [34] because it seeks to max-
imize the variance for each component.

The other aspect that emphasizes the importance of normalization is that we can
compare trips by their feature values. For example, if we normalize each trip by its
total distance, we can now compare each trip by the number of harsh braking events
per km traveled.

The majority of the reviewed literature takes into account two approaches to solve
the normalization problem. Studies such as [7, 40, 60] normalize the parameters/at-
tributes of their dataset by the total distance traveled. On the other hand, studies such
as [73] normalize by the trip’s duration.

The trip’s distance is used more often as a normalization metric, since the duration
might not be the best choice to normalize. During a trip, the vehicle can stop multiple
times, which is not taken into account in the final duration value. Although everything
suggests that distance is the best metric out of the two, we opted to evaluate both
metrics in the modeling phase and choose the one that gives the best results.

4.3 Dimensionality Reduction

One of the purposes of using dimensionality reduction is to reduce the number of fea-
tures that the computer must process to perform its function (fewer features lead to
less computation time) while trying to preserve most of the relevant information in the
data, and avoid the curse of dimensionality [8]. Another reason why dimensionality
reduction is useful is that it helps to visualize the data when reduced to very low di-
mensions such as 2D or 3D. Dimensionality reduction also helps to avoid the curse of
dimensionality by removing irrelevant and redundant features from the data.

The are two approaches for dimensionality reduction:

• Feature Selection (FS) - Select/choose adequate subsets of the existing features.
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• Feature Reduction (FR) - Select/generate/extract a new smaller subset of fea-
tures, computed from the original features.

We decided to choose FR over FS techniques because most of the features are nu-
meric and also because FR techniques are better for visualization and validation of the
clustering algorithms used. Another reason is that FR is more adequate than FS, when
all the features seem to exhibit the same predictive power. Since the dataset does not
have pre-labeled data we had to choose only unsupervised FR techniques, such as PCA
and Singular Value Decomposition (SVD) [69].

Although the FR process seemed to be sufficient, we decided to apply FS before
the normalization and FR to remove some features that don’t relate to the objective
of this thesis (find driver behavior to determine a driver profile). For that reason, the
features light_mode, zero_speed_time, n_zero_speed, n_ignition_on, n_ignition_off,
n_high_beam, n_low_beam, n_wipers, n_signal_right, n_signal_left were removed since
they don’t provide any meaningful information for driver behavior, leaving the dataset
with 53 features. This decision, was based on the analysis of previous clustering re-
sults, where features such as the light_mode revealed to be the most important and
kept most of the data variance. The correlation matrix before and after reduction is
presented in Section 5.2, to prove that the dimensionality reduction phase produces
better results.

4.4 Clustering Analysis

The unsupervised phase combined all the algorithms previously described and tested
them with different normalization and dimensionality reduction techniques. Initially,
we apply a first stage clustering and then a second stage from the results of the first
stage.

4.4.1 First Stage Clustering

Each clustering algorithm has a set of mandatory parameters that were computed be-
forehand to maximize the final scores. In the case of K-Means, the silhouette [65] and
elbow methods were performed to find the best k value. The elbow method computes
the sum of squared distances from each point to its assigned center and plots it in a
graph. The "elbow" corresponds to the k value where the average distance falls sud-
denly. Although it is a good indicator, sometimes it is unable to define the value of k
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based on its graph [20]. For that reason, the silhouette method shows to give a better
estimation of the k value.

As for the DBSCAN algorithm, the minPts parameter was set accordingly to [63],
which suggests setting it to twice the dataset dimensionality (2 ˆ d) for more than
two-dimensional data. The same study, states that we find a suitable value for eps by
calculating the distance to the nearest p2 ˆ dq ´ 1 points for each point, sorting and
plotting the results. The optimal value for eps is at the point of maximum curvature.

The number of components for the GMM algorithm was obtained via Bayesian In-
formation Criterion (BIC). This criterion gives us an estimation of how good the GMM
is in terms of predicting the data we have. The lower the BIC, the better the model to
predict the data we have.

Finally, for EAC with K-Means, the study [47] suggests using a value for k that
"should be greater than the "true" (unknown) number of clusters, leading in general to highly
fragmented data partitions, but preventing the formation of artificial clusters gathering samples
belonging to distinct "natural groupings" of the data.". We choose 10 as the min k value and
30 the max. For the number of ensembles, the same study recommends a high value,
we opted for 250.

The results in Section 5.3.1 show the best parameter values for all algorithms with
all combinations of dimensionality reduction and normalization techniques as described
in Algorithm 1. After determining the best set of parameters, we applied the algorithm

Algorithm 1 Best parametrs

1: for normalization “ distance, duration do
2: for reduction “ pca, svd, no reduction do
3: for algorithm “ kmeans, dbscan, gaussian mixture do
4: Compute best parameters
5: end for
6: end for
7: end for

2 that performs the clustering itself for each algorithm. We provide the final results in
Section 5.3.2, where we found two clusters, one representing aggressive trips and the
other holds non-aggressive trips.

4.4.2 Second Stage Clustering

After clustering trips into aggressive and non-aggressive, we decided to apply a second-
stage clustering. The purpose of this, was to find if there were more groups inside the
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Algorithm 2 First Stage Clustering

1: for normalization “ distance, duration do
2: for reduction “ pca, svd, no reduction do
3: for algorithm “ kmeans, dbscan, gaussian mixture, EAC kmeans do
4: Apply clustering
5: Compute Calinski-Harabasz, Davies-Bouldin and Silhouette scores
6: Compute the number of instances assigned to each cluster
7: end for
8: end for
9: end for

two initial clusters. We applied the procedure described in Algorithm 3. It was only
possible to cluster the aggressive trips because the Silhouette score was too low for
the non-aggressive trips. The final clustering organized the aggressive trips into ag-
gressive and risky trips. More detailed results are provided in Section 5.3.1 and 5.3.2.

Algorithm 3 Second Stage Clustering

1: Organize dataset in Aggressive and Non-Aggressive trips
2: for trips “ aggressive, non ´ aggressive do
3: Normalize by distance
4: Apply PCA
5: Find best k value
6: Apply K-Means clustering
7: end for

4.4.3 Clusters Meaning

After clustering the data, it was imperative to interpret the clusters in both stages.
Understanding the meaning of clusters can be more important than making clusters for
this kind of problem. We took three different approaches to interpreting the meaning
of the clusters:

• PCA analysis.

• Machine learning analysis with DT.

• Statistical analysis.

The objective of the PCA analysis was to find the most important features for the
first component, which preserves the largest variance/information. After that, we used

42



4. DRIVER PROFILE IMPLEMENTATION 4.5. Classification

the DT and RF algorithms to convert the problem of determining the meaning of a
cluster into a classification problem. In other words, we attempted to find the relation
between input (features) and output (cluster). Due to the structure of the DT, it was
possible to obtain the most important features, which are the ones at the top of the
tree. At last, we used statistical analysis to observe the different feature values between
clusters, using the minimum, maximum, mean, and Standard Deviation (STD) values.
Section 5.3.2 provides the results.

4.5 Classification

After clustering the trips, we took a supervised approach. The main purpose of this
phase is to automatically classify a trip given the labels produced in the clustering
phase. Here we applied the supervised algorithms and evaluation metrics detailed
in Section 2.4.2 and Subsection 2.4.3.2. We decided to develop a machine learning
pipeline to simplify the process of determining the trip profile. Instead of applying
all the necessary phases (e.g. data normalization and reduction) one by one, we place
them on a pipeline and then save the whole process. The devised pipeline is presented
in Figure 4.1. For the normalization and dimensionality reduction phases, we used

Figure 4.1: Machine Learning Pipeline

the same approach applied in the clustering analysis. All the trips were normalized
by distance, and we applied PCA to reduce the dataset dimensionality. Section 4.5.1
details the approach used for the resample phase. Finally, Section 4.5.2 provides the
methodology followed for model selection, including cross-validation and parameter
tuning.

4.5.1 Imbalanced Learning

The generated clusters in the clustering phase are very imbalanced. This means that
it was a must to perform resampling to create a more balanced distribution. In the
literature, there are two approaches for resampling a dataset:
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• Undersampling - Removes examples from the majority class to balance the pro-
portion of the two classes.

• Oversampling - Replicates examples in the minority class to balance the propor-
tion of the two classes.

We opted to use an oversampling approach because reducing the number of majority
class examples removes potentially helpful information to train the models. A hand-
ful of oversampling techniques were taken into consideration: Random oversample;
Synthetic Minority Oversampling Technique (SMOTE) [67]; Borderline SMOTE [9] and
Adaptive Synthetic Sampling (ADASYN) [1]. To choose the best technique, we applied
stratified k-fold cross-validation with ten folds and also took into consideration the re-
viewed literature. The article [29] used ADASYN to balance data for the i-DREAMS
project because it gave the best results and also because it is an improved version
of SMOTE and is considered the most suitable for handling imbalanced datasets and
avoiding overfitting. We evaluated the model with the accuracy, weighted precision,
weighted recall, weighted F1 score, and the area under the ROC curve (AUC) with a
one versus one approach. Algorithm 4 shows the steps performed, and the results that
confirm that ADASYN was the best technique are provided in Section 5.4.1.

Algorithm 4 Oversampling

1: for alg “ decision tree, random f orest, xgboost, svm do
2: for resample “ random oversample, smote, borderline smote, adasyn do
3: Create pipeline
4: Apply stratified 10-fold cross-validation
5: Save mean test scores
6: end for
7: end for

4.5.2 Model Selection

This section describes the methodology used for model selection, which involves cross-
validation techniques and parameter tuning.

In typical cross-validation, the data is split into train and test subsets. Then, the
training set is split into k smaller sets. For each k fold, the model is trained using k ´ 1
of the folds as training data and tested in the remaining fold. The performance measure
reported by k-fold cross-validation is the average of the values computed in the loop.
With this method, initially, the data is organized into training and test subsets, but we
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only use cross-validation on the training set, and for that reason, the results on the test
set may be unstable. We applied nested cross-validation as a direct consequence.

Nested cross-validation can evaluate the model’s performance on the entire dataset.
This approach, is composed of two loops, the inner loop and the outer. The inner loop
is responsible for selecting the best model (including parameters). The outer loop, is
used for estimating the quality of the models trained on the inner loop. With nested
cross-validation, we are not assessing just the quality of the model but the quality of the
procedure for model selection. In other words, for each iteration of the outer loop, we
select one (and only one) inner model (the best one), and this model will be evaluated
on the test set for this outer fold. After we vary the outer test set, we will have k esti-
mates, and we can average them to better assess the model’s quality. For the inner and
the outer loop, we applied a stratified cross-validation strategy, which returns stratified
folds: each set contains approximately the same percentage of samples of each target
class as the complete set. The reason we picked this strategy was that it deals well with
unbalanced data, which is our case. For the inner loop, we used ten folds, and for the
outer loop, we used only two because of hardware and time constraints. Algorithms
such as SVM with a one versus one approach, increase in time and complexity when
the number of classes increases. This is the reason why we could not increase the num-
ber of folds in the outer loop. The results that evaluate the model’s performance are
reported in Section 5.4.2.

At the end of nested cross-validation, we do not obtain the final best estimator
because it is not the purpose. To obtain it, we split the dataset in a stratified fashion
into train and test subsets, giving 80% of the data to the training set. Before the split,
we shuffled the data. After, we performed parameter tuning (with cross-validation)
again but only on the training set. In this case, we used ten stratified folds. In both
nested-cross-validation and parameter tuning we used the grids shown in Appendix
C, for the whole pipeline (includes classifier and ADASYN parameters).

Afterwards, we apply the pipeline on the test data. The results are provided in
Section 5.4.2.

4.6 Driver Profile

The central purpose of this thesis is to establish a driver profile from trip data. After
supervised learning, we classified trips into three categories: Non-Aggressive, Aggres-
sive, and Risky. The final step was to devise a driver profile from the driver’s trips. The
approach we took was to find the most common category from the trips. In case there
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is more than one common category, we prefer the category that appears more times
consecutively. If no category appears more times consecutively, we choose the most
recent category. This approach is somewhat naive and fails if the driver’s behavior is
inconsistent over time because it is impossible to assign a specific driving profile. To
overcome this problem, we decided to use a similar method as in [40]. We applied a
function that computes the gain/loss ratio per trip because it is crucial to observe how
the driver shifts between the identified categories and whether one shows stability in
his driving behavior. The function corresponds to the gain or loss respectively, a driver
receives according to the way one shifts between successive trips, and is defined as
follows:

rt,i “ ln
ˆ

S t,i

S t´1,i

˙

, (4.1)

where S t,i corresponds to the codified category predicted in the supervised phase, on
the trip number t and driver i. S t´1,i corresponds to the codified category of the pre-
vious trip. This indicator has a positive value when the driver improves his behavior
over the previous trip, whereas negative values indicate that the driver has moved to-
ward less safe behavior. If the value is zero, the driver maintained his behavior. To
detect the stability of the way the driver shifts between the different driving categories
we measured the driver’s behavior volatility, which consists of the gain/loss ratio stan-
dard deviation:

Driver1s behavior volatility “

d

řt
t“1prt,i ´ r̄iq

2

t ´ 1
, (4.2)

where rt,i corresponds to the gain/loss per trip of driver i, r̄i is the average of gain/loss
ratio and t the number of trips.

Based on this mechanism, we tested if the i-DREAMS drivers had consistent driver
behavior or not. The results are provided in Section 5.5.

4.7 Driver Profile API

The final main objective of this thesis was to develop a REST API with the purpose of
integration with an external application. The purpose of this API is for others to use
and serves as an example of an approach to classify drivers and fleets. Because Car-
dioID provided the data for this thesis, this API is better suited for incorporation into
CardioID-related products. The API, however, was developed so that anyone who re-
quired a similar system may use it in addition to CardioID. We took into consideration
the following REST principles when developing the API:
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• Uniform interface - All API requests for the same resource should look the same,
no matter where the request comes from. The developed API uses JSON as a
data format in all requests. It also prioritizes nouns over verbs in Uniform Re-
source Identifier (URI) and uses the HTTP methods to differentiate different re-
quest types to the same resource.

• Client-Server decoupling - To make sure the API can be used by an external client
application, the client and server applications are independent of each other. The
only thing the client application knows is the URI of the requested resource.

• Statelessness - Each request needs to include all the information necessary for
processing it. Some requests do not use JSON data because it is not necessary.

• Layered system architecture - The API is structured in a three-layered system
where each layer/subsystem has a distinct task to perform. The first layer is the
presentation subsystem and is responsible for accepting requests from the user
and displaying data in a user-friendly format (JSON in this case). The second
layer is the domain subsystem and is responsible for the business logic. The last
layer is the data access subsystem, responsible to interact with persistent data
stored in the database, or external services.

The overall architecture solution is presented in Figure 4.2, using a subsystem dia-
gram. We made sure that each layer only interacts with the subsequent layer to reduce
coupling between layers. This means that the presentation layer only interacts with
the domain layer and the domain with the data access layer. The models package
inside the data access subsystem is responsible to create the data models. The main
requirement for this system is to have drivers that can perform trips and be associated
with a client (company). The clients may have fleets that can be part of the trip. Fi-
nally, a trip must always be performed by a driver and, in the end, the trip profile is
established. Given these requirements, Figure 4.3 shows the conceptual model (entity
relationship model). In other words, it describes the relationships between entities and
their attributes.

Considering the entity relationship model it was possible to compose the logical
model in a relational model described below.

Client(id, uuid, name, created)
Candidate Keys = {id}

Driver(id, uuid, name, created, client_id)
Candidate Keys = {id}
Foreign Keys = {client_id}
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Fleet(id, uuid, name, created, client_id)
Candidate Keys = {id, client_id}
Foreign Keys = {client_id}

Trip(id, uuid, created, distance, duration, start, end, profile, driver_id, fleet_id)
Candidate Keys = {id, driver_id}
Foreign Keys = {driver_id, fleet_id}

Figure 4.2: Overall Architecture Solution

Figure 4.3: Entity Relationship Model
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To convert the logical model into a physical model, we used Object-Relational
Mapping (ORM), where objects are used to connect the programming language to the
database systems, with the facility to work with Structured Query Language (SQL)
and object-oriented programming concepts. We opted to use SQLAlchemy [68] Python
package because it is the most used Python SQL toolkit and Object Relational Mapper.
Additionally, we used the MariaDB Database Management System (DBMS) [41] to cre-
ate the data models.

In terms of endpoints, we have developed the following:

• Create driver - /drivers [POST]

• Create client - /clients [POST]

• Create trip - /trips [POST]

• Get clients - /clients [GET]

• Get drivers - /drivers [GET]

• Get driver trips - /drivers/<uuid>/trips [GET]

• Get fleet trips - /clients/<uuid>/fleets/<uuid>/trips [GET]

• Get driver profile - /drivers/<uuid>/profile [GET]

• Get fleet profile - /clients/<uuid>/fleets/<uuid>/profile [GET]

• Add client drivers - /clients/<uuid>/drivers [PATCH]

• Add client fleets - /clients/<uuid>/fleets [PATCH]

A detailed documentation of each endpoint is presented in the API repository.

4.8 Thesis Repositories

The source code of this thesis is available in two different repositories. The first repos-
itory [55] has the code implemented for the machine learning phase. This repository
also stores all the resulting images of the modeling and pre-processing steps. The code
was developed in Python [53] using the Scikit-learn [64] library for machine learning
tasks and the Pandas [48] library to handle data analysis and manipulation. Additional
libraries used are provided in the repository.
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The second repository [56] provides the source code of the implemented REST API.
It also includes unit tests of the endpoints and documentation. We used Python as a
programming language with the Flask [25] package as a framework for API develop-
ment.
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5
Experimental Evaluation

This chapter presents and evaluates the experimental results obtained from the data
pre-processing phase to the driver profile estimation phase.

Section 5.1 provides the testing execution environment details. Section 5.2 de-
scribes the results obtained from the feature reduction phase via correlation matrix
and the number of features/components. Section 5.3 reports the experimental results
of the unsupervised learning phase. After this, Section 5.4 shows the results obtained
in the supervised learning phase. Finally, Section 5.5 concludes this chapter with the
results obtained from the i-DREAMS driver’s profile test.

5.1 Testing Environment

This section aims to define the hardware, software, Central Processing Unit (CPU), and
Random Access Memory (RAM) that compose the test execution environment for the
machine learning and API development. The testing environment was the following:

• Machine - Lenovo Legion Y520-15IKBM

• Processor - Intel(R) Core(TM) i7-7700HQ, CPU 2.80GHz with 4 cores and 8 logical
processors

• Installed RAM - 16,0 GB (15,9 GB usable)

51



5. EXPERIMENTAL EVALUATION 5.2. Feature Reduction

• System type - 64-bit operating system, x64-based processor

• Operating system - Windows 10 Home

• Operating system version - 21H1

For supervised learning, we used all the 8 processors to perform nested cross valida-
tion and parameter tuning.

5.2 Feature Reduction

In this section, we present and evaluate the results obtained from the feature reduction
task before unsupervised learning.

Table 5.1 displays the number of components obtained via PCA and SVD not only
for the distance and duration normalization but also without applying any normaliza-
tion. Analyzing the results, it is clear to see that, without normalization, the feature
reduction was excessively high. The dataset went from 53 dimensions to only 1. For
that reason, we opted to only consider PCA and SVD techniques with normalized data.

Table 5.1: Feature Reduction Components preserving 99% of variance

Distance Duration No Norm

PCA SVD PCA SVD PCA SVD

17 17 17 18 1 1

Given the results from Table 5.1, the correlation matrices from the distance and
duration normalization techniques are presented in Figure 5.1 and 5.2, respectively.

(a) PCA reduction (b) SVD Reduction

Figure 5.1: Distance normalization correlation matrices
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(a) PCA reduction (b) SVD Reduction

Figure 5.2: Duration normalization correlation matrices

5.3 Unsupervised Learning

5.3.1 Best Parameters

For each algorithm, we determined the best set of parameters. Firstly, K-Means was
the only algorithm applied in both first and second-stage clustering. For the first stage,
Table 5.2 shows that k “ 2 is the best value for all combinations of normalization and
reduction techniques. Additionally, we provide Figure 5.3 for the distance normaliza-
tion and PCA reduction (because they gave the best clustering results) that confirm the
results shown in the table. For the second stage clustering, we determined the best

Table 5.2: K-Means best k value

Distance Duration

PCA SVD No reduction PCA SVD No reduction

2 2 2 2 2 2

k value for the aggressive and non-aggressive trips as shown in Table 5.3. The results
obtained for the aggressive trips reveal that k “ 2 is the best value with great scores.
For the non-aggressive trips, the Silhouette score is very low and close to zero, which
corresponds to overlapping clusters with samples very close to the decision boundary
of the neighboring clusters. For that reason, we decided to only cluster the aggressive
trips.
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(a) Calinski Harabasz score (b) Sum of Squared Distances score

(c) Silhouette score

Figure 5.3: K-Means best k value for distance normalization and PCA

Table 5.3: Second Stage Clustering best k value. Elbow method with Calinski Harabasz
(CH), Sum of Squared Distances (SSD) and Silhouette scores

Aggressive Non-Aggressive

CH Ò SSD Ó Silhouette Ò CH Ò SSD Ó Silhouette Ò

Score 1144.656 273108.864 0.735 3486.637 231625.608 0.267

k 2 4 2 3 3 3

For the DBSCAN algorithm, as mentioned in Section 5.3.2, we calculated the aver-
age distance between each point and its p2 ˆ dq ´ 1 nearest neighbors to determine the
best eps value. Table 5.4 provides the optimal eps value (point of maximum curvature).

Table 5.4: DBSCAN best eps value

Distance Duration

PCA SVD No reduction PCA SVD No reduction

7 7 7 0.065 0.065 0.065
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Finally, for GMM we used the BIC criterion. For an optimal value, we should
choose the number of components where the BIC score is the lowest or where it starts
to level off. When compared to the K-Means, the results obtained revealed that there
was not an ideal value for the number of components, because the BIC score never
really starts to level off, or when it does, the number of components is high resulting in
poor clustering. Figure 5.4 highlights this point of view for the distance normalization.

(a) PCA (b) SVD

(c) Without Reduction

Figure 5.4: Gaussian Mixture best number of components for distance metric

5.3.2 Clustering

In this section, we address the clustering results. Initially, we provide the best results
for each algorithm according to the scores and the number of instances assigned to each
cluster, like in Algorithm 2. Afterward, we combine the best results of each algorithm
and choose the one with the best scores.
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Tables 5.5, 5.6, 5.7, and 5.8 provide the best results for each algorithm highlighted
in bold.

In K-Means results, we can see that, for all cases, the cluster distribution is fairly the
same. However, with distance metric and PCA reduction, we obtain the best results
for the Davies-Bouldin and Silhouette scores. We used different distance metrics, but
the euclidean and euclidean square provided the best results.

DBSCAN results were not as easy to compare. The majority of data was labeled as -
1 for "noise", which indicates that the eps parameter was probably too small. However,
when we increased this value the entire dataset was assigned to a single cluster. To
conclude, it was very difficult to find the best configuration for this algorithm due to
the eps value. However, we choose the combination of distance and SVD because it
has a better score overall and better cluster balance.

As for Gaussian Mixture, the results indicate that the combination of distance and
PCA resulted in the best scores. As a reminder, it was not possible to find the best
number of components. For that reason, we used two components as in K-Means.

Finally, for EAC with K-Means, the results were inconsistent due to the natural
diversity of the algorithm. The number of instances assigned to each cluster changes
a lot when running the algorithm multiple times, nonetheless, the results shown were
the most consistent. For the duration normalization, the Silhouette score gave the best
results. However, this is because with imbalanced clusters (6 instances in cluster 0
and 14996 in cluster 1) the Silhouette score increases. On the other hand, the distance
normalization was able to place more instances in cluster 0, which better defines the
data. We opted to choose the combination of distance and PCA because it provides
more balanced clusters.

Table 5.5: K-Means results

Scores
Distance Duration

PCA SVD No reduction PCA SVD No reduction

Calinski-Harabasz Ò 7258.919 7259.569 7162.864 4503.604 4614.778 4563.278
Davies-Bouldin Ó 1.164 1.167 1.177 1.165 1.314 1.303
Silhouette Ò 0.488 0.485 0.483 0.443 0.438 0.435

Instances cluster 0 11916 11852 11852 12367 12358 12416
Instances cluster 1 3086 3150 3150 2635 2644 2586

For the final evaluation, we combined the best results to choose the best algorithm.
Table 5.9 presents the best scores for each algorithm. The EAC K-Means obtained better
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Table 5.6: DBSCAN results

Scores
Distance Duration

PCA SVD No reduction PCA SVD No reduction

Calinski-Harabasz Ò 2365.483 2365.621 2913.508 1844.437 1918.241 2149.874
Davies-Bouldin Ó 1.372 1.372 1.407 1.488 1.486 1.583
Silhouette Ò 0.650 0.650 0.621 0.715 0.712 0.669

Instances cluster -1 452 452 680 277 293 469
Instances cluster 0 14550 14550 14322 14725 14709 14533

Table 5.7: Gaussian Mixture results

Scores
Distance Duration

PCA SVD No reduction PCA SVD No reduction

Calinski-Harabasz Ò 5602.887 5596.921 5465.703 3585.217 3575.389 3517.701
Davies-Bouldin Ó 1.377 1.377 1.391 1.698 1.701 1.715
Silhouette Ò 0.382 0.381 0.373 0.366 0.365 0.355

Instances cluster 0 5287 5301 5414 10594 10581 10419
Instances cluster 1 9715 9701 9588 4408 4421 4583

Davies-Bouldin and Silhouette scores due to high imbalanced clusters. The disadvan-
tage of this algorithm was that the results were inconsistent. Sometimes the distribu-
tion of instances in each cluster was higher, other times lower. When the distribution
was approximately the same as the other algorithms, K-Means ended up with better
scores. On the other hand, the K-Means algorithm produced a better cluster balance
with decent results. The K-Means outperforms the other algorithms in the Calinski-
Harabasz score and comes in second (after EAC K-Means) with the lowest Davies-
Bouldin score. Consequently, we decided to use the K-Means algorithm with distance
normalization and PCA reduction.

To attribute meaning to the clusters obtained with K-Means, we verified which
features were the most important for the first PCA component. The most important
features in order were: speed, n_tsr_level, n_brakes, n_hc, and n_ha. Figure 5.5 compares
the speed with n_tsr_level and n_brakes features, and reveal that both features are able
to distinguish the clusters. From this figure, we can say that cluster 0 represents trips
with low-speed values per km and low speeding events per km. Cluster 1 represents
trips with low to medium speed/km and low to medium speeding events per km. In
terms of the number of braking events per km, cluster 1 has more events.

After that, we applied DT and RF algorithms to determine the top three features:
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Table 5.8: EAC with K-Means results

Scores
Distance Duration

PCA SVD No reduction PCA SVD No reduction

Calinski-Harabasz Ò 1965.691 1261.184 1248.881 1263.116 1260.945 1250.079
Davies-Bouldin Ó 0.482 0.274 0.275 0.305 0.305 0.306
Silhouette Ò 0.807 0.867 0.866 0.919 0.919 0.919

Instances cluster 0 54 16 16 6 6 6
Instances cluster 1 14948 14986 14986 14996 14996 14996

Table 5.9: Best Algorithm

Scores K-Means DBSCAN Gaussian Mixture EAC K-Means

Calinski-Harabasz Ò 7258.919 2365.621 5602.887 1965.691
Davies-Bouldin Ó 1.164 1.372 1.377 0.482
Silhouette Ò 0.488 0.650 0.382 0.807

Instances cluster 0 11916 14550 5287 54
Instances cluster 1 3086 - 9715 14948
Instances cluster -1 - 452 - -

• Decision Tree - speed, n_brakes, n_tsr_level

• Random Forest - speed, n_ f atigue_0, n_overtaking_0

As expected, the most important features from the DT are the same as in the PCA
first component but in a different order. For the RF algorithm only the speed feature
remains the most important. The tree resulting from the DT classifier is shown partly
in Figure 5.6.

Finally, we compared the min, max, mean, and standard deviation values of each fea-
ture in the different clusters. Table 5.10 presents these values for the most important
features. When summarizing all the analysis results, we can say that for almost all the

Table 5.10: Cluster Statistical Analysis

Features Cluster 0 Cluster 1

MIN MAX MEAN STD MIN MAX MEAN STD

speed 0.0 13.31 4.50 2.66 5.12 69.00 16.78 5.90
n_tsr_level 0.0 36.19 2.82 2.75 0.0 110.60 4.32 7.65
n_brakes 0.0 23.30 2.38 1.92 0.0 50.85 5.72 4.21

features cluster 1 has more events/km traveled. Cluster 1 corresponds to more aggres-
sive trips when compared to cluster 0. However, there is no way to say that you must
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(a) speed versus n_tsr_level

(b) speed versus n_brakes

Figure 5.5: First Stage Clustering Analysis

have, for example, a certain number of speeding events to consider the trip aggressive
or non-aggressive. For instance, the trips belonging to cluster 0 may be considered
aggressive for other datasets depending on the problem context. Therefore, we made
this selection according to the characteristics of the dataset at hand. In conclusion, we
considered cluster 1 trips as aggressive when compared to cluster 0 trips, which were
described as non-aggressive.

A second stage clustering was applied for the aggressive trips with K-means using
k “ 2. Table 5.11 shows the K-Means scores when combined with distance normaliza-
tion and PCA reduction.

Table 5.11: Second stage K-Means results

Calinski-Harabasz Ò Davies-Bouldin Ó Silhouette Ò Instances cluster 0 Instances cluster 1

1144.656 0.548 0.735 3034 53

The scores obtained seem to cluster the aggressive trips very well. An interesting
result was that the number of instances that were assigned to cluster 1 is almost the
same as in the EAC with K-Means used in the first stage of clustering. Here we get 53
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Figure 5.6: Decision Tree

trips for cluster 1, and in the EAC case, we get 54. The main point to take from this is
that the EAC with K-Means seems to cluster all the data in the same cluster except for
outliers.

After this, we took the same approach applied in the first stage of clustering to
attribute meaning to the clusters. The most important features for the first PCA com-
ponent were the same: speed, n_tsr_level, n_brakes, n_hc and n_ha. For the DT analysis
the most important features were: n_tsr_level_2, n_tsr_level_5, and n_speeding_3. For
the RF: n_tsr_level_2, n_tsr_level_1, and n_tsr_level. With these results, we can say that
the number of events exceeding the speed limit was the most important feature at dif-
ferentiating both clusters. Figure 5.7 compares the speed feature with the n_tsr_level

and the n_tsr_level with the n_tsr_level_2.

We can see that the n_tsr_level feature produces more events/km in cluster 1. The
n_tsr_level_2 feature also has a lot more events in cluster 1. That means that cluster 1
has more speeding events where the driver was 5-10 units over the speed limit than
cluster 0. To better characterize cluster 1, we observed that the study [40] classified
aggressive trips into aggressive, distracted, and risky. The risky trips involved more
speeding events than the aggressive trips. Consequently, we decided to assign cluster
1 instances as risky trips when compared to cluster 0. The cluster 0 trips remained as
aggressive trips.

To conclude the clustering phase, the final clusters and labels are presented in Table
5.12 and Figure 5.8. The dataset was labeled accordingly, and before proceeding to
supervised learning the dataset was composed by n “ 15002 trips, d “ 43 features, and
c “ 3 classes.
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(a) speed vs n_tsr_level

(b) n_tsr_level vs n_tsr_level_2

Figure 5.7: Second Stage Clustering Analysis

Figure 5.8: Clustering Output
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Table 5.12: Final Clustering Results

Label Description Number of instances

0 Non-Aggressive trips 11915
1 Aggressive trips 3034
2 Risky trips 53

5.4 Supervised Learning

5.4.1 Oversampling Results

In this section we provide the experimental results obtained for all the oversampling
techniques and algorithms used. Table 5.13 confirms that the ADASYN was the resam-
pling technique that obtained the best score among all the algorithms except for the
DT classifier. For this reason, in the resample phase of the proposed pipeline we opted
to use ADASYN.

Table 5.13: Oversampling Mean Test Results with Accuracy (ACC), Precision (PREC),
Recall (REC), and AUC scores

Algorithm Random Oversampling SMOTE

ACC PREC REC F1 AUC ACC PREC REC F1 AUC

Decision Tree 0.9936 0.9936 0.9936 0.9936 0.9853 0.9936 0.9936 0.9936 0.9936 0.9819
Random Forest 0.9939 0.9939 0.9939 0.9939 0.9998 0.9945 0.9946 0.9945 0.9945 0.9999
XGBoost 0.9961 0.9962 0.9961 0.9961 0.9999 0.9964 0.9965 0.9964 0.9964 0.9999
SVM 0.9967 0.9968 0.9967 0.9967 0.9999 0.9963 0.9964 0.9963 0.9962 0.9999

Table 5.13: Oversampling Mean Test Results (Continuation)

Algorithm Borderline SMOTE ADASYN

ACC PREC REC F1 AUC ACC PREC REC F1 AUC

Decision Tree 0.9913 0.9915 0.9913 0.9914 0.9845 0.9881 0.9882 0.9881 0.9881 0.9654
Random Forest 0.9948 0.9949 0.9948 0.9948 0.9999 0.9953 0.9954 0.9953 0.9954 0.9956
XGBoost 0.9938 0.9939 0.9938 0.9938 0.9997 0.9971 0.9971 0.9971 0.9971 0.9999
SVM 0.9970 0.9971 0.9970 0.9970 0.9999 0.9971 0.9972 0.9971 0.9971 0.9999

5.4.2 Classification Results

This Section presents the classification results of the test data for all the supervised al-
gorithms used and also the overall model’s performance with nested cross-validation.
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Starting with nested cross validation results, Table 5.14 presents the mean values for
each score.

Table 5.14: Nested Cross-Validation Results

Algorithm Accuracy Precision Recall F1 AUC

Decision Tree 0.9568 0.9639 0.9568 0.9583 0.9866
Random Forest 0.9783 0.9801 0.9783 0.9787 0.9989
XGBoost 0.9940 0.9941 0.9940 0.9939 0.9989
SVM 0.9986 0.9986 0.9986 0.9986 0.9999

Figure 5.9 illustrates the confusion matrices obtained for each algorithm. From
the confusion matrices it was possible to retrieve the information shown in Table 5.15
and 5.16. We also plotted for each algorithm the Precision-Recall and the ROC curves,
shown in Figures 5.10, 5.11, 5.12 and 5.13.

Table 5.15: Classification Test Report (Decision Tree and Random Forest)

Class
Decision Tree Random Forest

Precision Recall F1 Support Precision Recall F1 Support

0 0.998 0.961 0.979 2383 0.999 0.964 0.981 2383
1 0.870 0.992 0.927 607 0.879 0.995 0.934 607
2 0.786 1.000 0.880 11 0.786 1.000 0.880 11

accuracy 0.967 3001 0.970 3001
macro avg 0.884 0.984 0.929 3001 0.888 0.986 0.932 3001
weighted avg 0.971 0.967 0.968 3001 0.974 0.970 0.971 3001

Table 5.16: Classification Test Report (XGBoost and SVM)

Class
XGBoost SVM

Precision Recall F1 Support Precision Recall F1 Support

0 0.999 0.994 0.996 2383 0.999 0.999 0.999 2383

1 0.977 0.995 0.986 607 0.997 0.997 0.997 607

2 0.917 1.000 0.957 11 1.000 1.000 1.000 11

accuracy 0.994 3001 0.999 3001

macro avg 0.964 0.996 0.980 3001 0.999 0.999 0.999 3001

weighted avg 0.994 0.994 0.994 3001 0.999 0.999 0.999 3001
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(a) Decision Tree and Random Forest

(b) XGBoost and SVM

Figure 5.9: Confusion Matrices

Figure 5.10: Decision Tree ROC and Precision-Recall curves
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Figure 5.11: Random Forest ROC and Precision-Recall curves

Figure 5.12: XGBoost ROC and Precision-Recall curves

Figure 5.13: SVM ROC and Precision-Recall curves

The results state that the SVM algorithm was the best at predicting trips profile
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with excellent scores. Each classifier failed at predicting examples of classes 0 and 1,
but most frequently on class 0, except the SVM classifier that exhibits the same error
(recall) in both classes. For the DT classifier, the error on class 0 was about 3.9% and
on class 1 around 0.82%. For the RF classifier, the error on class 0 was about 3.6%,
and on class 1 around 0.49%. For the XGBoost classifier, the error on class 0 was about
0.63%, and on class 1 around 0.49%. Finally, for the SVM classifier, the error on class
0 was about 0.08%, and on class 1 around 0.33%. Each classifier except SVM obtained
the worst results on the precision metric for classes 1 and 2 mostly because they have
fewer examples than class 0. The F-Score results confirm that the precision and recall
metrics are well balanced. To conclude, the precision scores were worst for classes 1
and 2, and the recall scores were worst for classes 0 and 1.

5.5 i-DREAMS Drivers Profile

This section details the experimental results for i-DREAMS drivers. We tested twenty
different drivers with more than twenty trips to verify if their driver behavior was con-
sistent over time. Table 5.17 shows the results, and Figure 5.14 provides the volatility
histogram for a better understanding of the results.

The results reveal that the i-DREAMS drivers have a Non-Aggressive profile most
of the time. From this sample, we can observe that most i-DREAMS drivers do not
perform risky trips. Risky trips occur only in specific drivers that are an exception
to the rest, like driver 18. To have a better understanding of the range values of the
volatility referenced in 4.2, we calculated the maximum volatility value and found that
it tends to stabilize around 1.09 regardless of the number of trips. Most of the volatility
numbers lay between 0 and 0.2, and those values suggest that the driver’s behavior is
consistent over time. When the volatility value starts to increase beyond 0.2, we begin
to identify inconsistent drivers. Drivers with a volatility value close to the maximum
are considered very inconsistent. Drivers with volatility close to the 0.2 threshold are
the most difficult to predict consistency. One may say, for example, that drivers 5 and
17 are consistent, and others say inconsistent. For these drivers, the number of trips
is too short to be able to make assumptions. For this reason, we decided to use the
following thresholds to tell if the driver has consistent or inconsistent behavior:

• If volatility <= 0.2, the driver is consistent

• If 0.2 < volatility <= 0.4, the driver is inconsistent

• If volatility > 0.4, the driver is very inconsistent
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Table 5.17: i-DREAMS Drivers Profile, Volatility, number of Non-aggressive (NA), Ag-
gressive (A), and Risky (R) trips

Driver Profile Volatility NA A R

Test i-DREAMS driver 1 Non-Aggressive 0.209 78 28 0
Test i-DREAMS driver 2 Non-Aggressive 0.000 32 0 0
Test i-DREAMS driver 3 Non-Aggressive 0.142 82 9 0
Test i-DREAMS driver 4 Non-Aggressive 0.151 27 3 0
Test i-DREAMS driver 5 Non-Aggressive 0.224 28 9 0
Test i-DREAMS driver 6 Non-Aggressive 0.241 46 23 0
Test i-DREAMS driver 7 Non-Aggressive 0.211 51 13 0
Test i-DREAMS driver 8 Non-Aggressive 0.154 115 10 0
Test i-DREAMS driver 9 Non-Aggressive 0.225 21 6 0
Test i-DREAMS driver 10 Non-Aggressive 0.166 22 3 0
Test i-DREAMS driver 11 Non-Aggressive 0.116 94 4 0
Test i-DREAMS driver 12 Non-Aggressive 0.062 85 1 0
Test i-DREAMS driver 13 Non-Aggressive 0.098 34 1 0
Test i-DREAMS driver 14 Non-Aggressive 0.181 27 4 0
Test i-DREAMS driver 15 Non-Aggressive 0.148 105 9 0
Test i-DREAMS driver 16 Non-Aggressive 0.287 18 11 0
Test i-DREAMS driver 17 Non-Aggressive 0.208 33 6 0
Test i-DREAMS driver 18 Non-Aggressive 0.494 65 16 12
Test i-DREAMS driver 19 Non-Aggressive 0.065 77 1 0
Test i-DREAMS driver 20 Non-Aggressive 0.236 68 33 0

The thresholds when applied to this sample, cause eleven drivers to be consistent and
the other nine inconsistent. To conclude, for the i-DREAMS drivers, the consistency
calculation is mandatory because almost 50% of drivers (in this sample) have inconsis-
tent behavior, making the final driver profile value not trustworthy in those cases.
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Figure 5.14: Volatility Histogram



6
Conclusions

This Chapter concludes this thesis. In Section 6.1, we detail the summary of the work
accomplished, the difficulties, and final conclusions. Section 6.2 addresses the future
work based on the conclusions.

6.1 Summary

This thesis aimed to provide an effective approach to driver profiling based on their
behavior while driving and develop an API capable of establishing a driving profile
for different drivers and fleets based on the i-DREAMS project data.

By analyzing different studies about driver profiling, we proposed an approach
combining unsupervised learning and supervised learning techniques. The approach
follows a typical machine learning problem, where initially we acquire data, then apply
it to pre-process methods, and after, perform feature extraction. After these three steps,
we apply unsupervised and supervised learning, finishing with evaluation.

The dataset construction, cleaning, and normalization phases were the ones that
most influenced the clustering results. One of the problems that occurred the most
while developing the thesis was that the normalization technique or feature set used re-
vealed poor clustering, so we had to revise those phases several times. By normalizing
the trips by distance and applying PCA we achieved the best results for unsupervised
learning. We applied a two-stage clustering strategy, in which the K-Means algorithm
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revealed to be the one with the best and most consistent results. The most challenging
part of the clustering phase was to attribute meaning to the clusters, but the techniques
used revealed to be sufficient. For supervised learning, we created a machine learning
pipeline that performed normalization, oversampling, dimensionality reduction, and
classification tasks. In the classification part, we applied different algorithms, and the
SVM with linear kernel obtained the best scores (with a short difference) for all the
distinct evaluation metrics.

Since the classification task only classified trips, we had to find a method to profile
drivers based on the trip’s profile. The method proposed for the i-DREAMS drivers
fails to establish an accurate driver profile when the driver’s behavior is inconsistent
and succeeds when it is consistent.

Finally, we merged all the previous work in an API that is well structured and
provides the most crucial functionalities for a driver and fleet profile system.

6.2 Future Work

To better understand the implications of these results, future work could address dif-
ferent clustering algorithms and take a deeper understanding and analysis of EAC
with more data. With the use of more data, the models built in the supervised learning
phase can be further tested to get a more robust evaluation. We should also take into
consideration exploring different methods to determine the driver profile based on the
trips profile. Additionally, it will be interesting to compare the experimental results of
feature selection with those of feature reduction. The use of feature selection methods
would provide the advantage to identify the most relevant original features. As for the
API, new endpoints can be devised as needed.
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A
Dataset Description

This Appendix describes and analyzes the features generated for the dataset.

Tables A.1, A.2, A.3, A.4, A.5, A.6, A.7, A.8, A.9, A.10, A.11, and A.12 indicate for
each type of system built in the i-DREAMS project the features that were possible to
generate.

Table A.13 provides the number of missing values and also the percentage of miss-
ing values for each feature.

Table A.1: Hands-On related features

Feature Type Description

n_lod_0 int Number of events with no hands on the steering wheel

n_lod_1 int Number of events with only the left hand on the steering wheel

n_lod_2 int Number of events with only the right hand on the steering wheel

n_lod_3 int Number of events with both hands on the steering wheel
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Table A.2: Drowsiness related features

Feature Type Description

n_drowsiness_0 int Number of drowsiness events level 0

n_drowsiness_1 int Number of drowsiness events level 1

n_drowsiness_2 int Number of drowsiness events level 2

n_drowsiness_3 int Number of drowsiness events level 3

Table A.3: Driving Behavior related features

Feature Type Description

n_ha int Number of harsh acceleration events

n_ha_l int Number of harsh acceleration events with low severity

n_ha_m int Number of harsh acceleration events with medium severity

n_ha_h int Number of harsh acceleration events with high severity

n_hb int Number of harsh braking events

n_hb_l int Number of harsh braking events with low severity

n_hb_m int Number of harsh braking events with medium severity

n_hb_h int Number of harsh braking events high severity

n_hc int Number of harsh cornering events

n_hc_l int Number of harsh cornering events with low severity

n_hc_m int Number of harsh cornering events with medium severity

n_hc_h int Number of harsh cornering events with high severity

Table A.4: Distraction related features

Feature Type Description

distraction_time float Time spent distracted (seconds)

n_distractions int Number of distraction events

Table A.5: Ignition related features

Feature Type Description

n_ignition_on int Number of events where ignition was turned on

n_ignition_off int Number of events where ignition was turned off



Table A.6: Mobileye Advanced Warning System related features

Feature Type Description

fcw_time float Amount of time forward collision warning was active (seconds)

hmw_time float Amount of time headway monitoring was active (seconds)

ldw_time float Amount of time lane departure warning was active (seconds)

pcw_time float Amount of time pedestrian collision warning was active (seconds)

n_pedestrian_dz int Number times a pedestrian was detected in danger zone

light_mode categorical Trip Lighting condition (most frequent)

n_tsr_level int Number of times the speed limit was exceeded

n_tsr_level_0 int Number of times the speed limit was not exceeded

n_tsr_level_1 int Number of times 0-5 units over speed limit

n_tsr_level_2 int Number of times 5-10 units over speed limit

n_tsr_level_3 int Number of times 10-15 units over speed limit

n_tsr_level_4 int Number of times 15-20 units over speed limit

n_tsr_level_5 int Number of times 20-25 units over speed limit

n_tsr_level_6 int Number of times 25-30 units over speed limit

n_tsr_level_7 int Number of times 30+ units over speed limit

zero_speed_time float Amount of time the vehicle was stopped (seconds)

n_zero_speed int Number of times the vehicle stopped

Table A.7: Mobileye Car related features

Feature Type Description

n_high_beam int Number of times high beam is ON

n_low_beam int Number of times low beam is ON

n_wipers int Number of times wipers are ON

n_signal_right int Number of times right turn signal is ON

n_signal_left int Number of times left turn signal is ON

n_brakes int Number of times breaks are ON

speed float Mean Speed (km/h)



Table A.8: FCW, HMW, LDW, and PCW related features

Feature Type Description

n_fcw int Number of FCW events

n_hmw int Number of HMW events

n_ldw int Number of LDW events

n_ldw_left int Number of times right turn signal is ON

n_ldw_right int Number of times left turn signal is ON

n_pcw int Number of times breaks are ON

Table A.9: Fatigue related features

Feature Type Description

n_fatigue_0 int Number of fatigue level 0 events, no warning

n_fatigue_1 int Number of fatigue level 1 events, visual warning

n_fatigue_2 int Number of fatigue level 2 events, visual and auditory warning

n_fatigue_3 int Number of fatigue level 3 events, visual and auditory warning

Table A.10: Headway related features

Feature Type Description

n_headway__1 int Number of headway level -1 events, no vehicle detected

n_headway_0 int Number of headway level 0 events, vehicle detected

n_headway_1 int Number of headway level 1 events, vehicle detected

n_headway_2 int Number of headway level 2 events, first warning stage

n_headway_3 int Number of headway level 3 events, second warning stage

Table A.11: Overtaking related features

Feature Type Description

n_overtaking_0 int Number of overtaking level 0 events, no warning

n_overtaking_1 int Number of overtaking level 1 events, visual warning

n_overtaking_2 int Number of overtaking level 2 events, visual and auditory warning

n_overtaking_3 int Number of overtaking level 3 events, frequent warning



Table A.12: Speeding related features

Feature Type Description

n_speeding_0 int Number of overtaking level 0 events, no warning

n_speeding_1 int Number of overtaking level 1 events, visual warning

n_speeding_2 int Number of overtaking level 2 events, visual and auditory warning

n_speeding_3 int Number of overtaking level 3 events, frequent warning



Table A.13: Missing Values

Feature Number Percentage

n_ha 1301 7.59%

n_ha_l 1301 7.59%

n_ha_m 1301 7.59%

n_ha_h 1301 7.59%

n_hb 1301 7.59%

n_hb_l 1301 7.59%

n_hb_m 1301 7.59%

n_hb_h 1301 7.59%

n_hc 1301 7.59%

n_hc_l 1301 7.59%

n_hc_m 1301 7.59%

n_hc_h 1301 7.59%

n_ignition_on 485 2.83%

n_ignition_off 485 2.83%

fcw_time 635 3.71%

hmw_time 635 3.71%

ldw_time 635 3.71%

pcw_time 635 3.71%

n_pedestrian_dz 635 3.71%

light_mode 635 3.71%

n_tsr_level 635 3.71%

n_tsr_level_0 635 3.71%

n_tsr_level_1 635 3.71%

n_tsr_level_2 635 3.71%

n_tsr_level_3 635 3.71%

n_tsr_level_4 635 3.71%

n_tsr_level_5 635 3.71%

n_tsr_level_6 635 3.71%

n_tsr_level_7 635 3.71%

zero_speed_time 635 3.71%

n_zero_speed 635 3.71%

Feature Number Percentage

n_high_beam 635 3.71%

n_low_beam 635 3.71%

n_wipers 635 3.71%

n_signal_right 635 3.71%

n_signal_left 635 3.71%

n_brakes 635 3.71%

speed 635 3.71%

n_fcw 1057 6.20%

n_hmw 1057 6.20%

n_ldw 1057 6.20%

n_ldw_left 1057 6.20%

n_ldw_right 1057 6.20%

n_pcw 1057 6.20%

n_fatigue_0 654 3.82%

n_fatigue_1 654 3.82%

n_fatigue_2 654 3.82%

n_fatigue_3 654 3.82%

n_headway__1 639 3.73%

n_headway_0 639 3.73%

n_headway_1 639 3.73%

n_headway_2 639 3.73%

n_headway_3 639 3.73%

n_overtaking_0 639 3.73%

n_overtaking_1 639 3.73%

n_overtaking_2 639 3.73%

n_overtaking_3 639 3.73%

n_speeding_0 645 3.76%

n_speeding_1 645 3.76%

n_speeding_2 645 3.76%

n_speeding_3 645 3.76%

distraction_time 16966 98.99%

n_distractions 16966 98.99%



B
Feature Distribution

This Appendix provides figures that prove that the features data is skewed. We use box
plots and distribution plots to analyze the data because they give a good indication of
how the values in the data are spread out, and help find outliers. Figures B.1, B.2, B.3,
B.4, B.5, and B.6 show that there are several or large numbers of data points that act
as outliers, and also indicate that the data is right-skewed for most features except the
speed where the data has almost a symmetric distribution. Outlier’s data points will
have a significant impact on the mean, and hence, in such cases, it is not recommended
to use the mean for replacing the missing values, that is why we used the median.

Additional images for other features are provided in the driver profile classification
repository [55].
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Figure B.1: Number of harsh accelerations distribution

Figure B.2: Number of harsh breaking distribution



Figure B.3: Number of harsh cornering distribution

Figure B.4: Number of speeding events distribution



Figure B.5: Speed mean distribution

Figure B.6: Number of times a pedestrian was detected in danger zone distribution



C
Parameter Tunning Grids

This Appendix provides the grids used for parameter tuning over the pipeline. The
"clf" prefix is used for classifier parameters whereas the "over" prefix is used for the
ADASYN parameters. The XGBoost and SVM don’t use ADASYN n_neighbors pa-
rameter because it takes too long to obtain results and, they have already good perfor-
mance without it.

• Decision Tree

– ’clf__criterion’: [’gini’, ’entropy’]

– ’clf__max_depth’: [6, 8, 10, 12]

– ’clf__min_samples_split’: [0.05, 0.1, 0.15, 0.2]

– ’clf__min_samples_leaf’: [0.05, 0.1, 0.15, 0.2]

– ’over__n_neighbors’: [4, 5, 6, 8]

• Random Forest

– ’clf__n_estimators’: [100, 150, 200, 250]

– ’clf__criterion’: [’gini’, ’entropy’]

– ’clf__min_samples_split’: [0.02, 0.05, 0.1, 0.15, 0.2]

– ’over__n_neighbors’: [4, 5, 6, 8]

• XGBoost
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C. PARAMETER TUNNING GRIDS

– ’clf__n_estimators’: [150, 200, 250]

– ’clf__max_depth’: [6, 8]

– ’clf__learning_rate’: [0.01, 0.05, 0.1]

– ’clf__colsample_bytree’: [0.3, 0.5, 0.7]

• SVM with linear kernel

– ’clf__C’: [0.001, 0.01, 0.1, 1, 10, 100]
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