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Abstract

According to the World Health Organization, road safety is a global problem. In 2015, there were
1.25 millions of traffic related deaths and, with these accidents, billions of associated costs on each
country. One of the main reasons are the behaviours of drivers, which impact, not only the vehicle
integrity, but also the fuel consumption and CO2 emissions. Therefore, a driver characterization
solution could bring significant value to insurance companies as well as car sharing services like the one
proposed by CEiiA, included in the MOBI.ME platform, to reduce emissions. An embedded system
was developed to collect data from the behaviour of drivers. The PCB, designed with AutodeskR©

EagleTM, was projected to contain a microcontroller, programmed to save the vehicle acceleration,
from an accelerometer at 40Hz and data from a GPS module at 1Hz, to a µSD card. Using Python, the
acceleration was filtered by a low-pass Butterworth Filter, and the data from four drivers were labelled
into seven different maneuvers. Four maneuver classification models were built using a Linear SVM and
three non-linear machine learning algorithms, K-NN, Random Forest and SVM with RBF kernel. The
SVM, with RBF kernel, obtained the best performance with 89% accuracy and an F1-score of 75%.
The solution for driver characterization was finally presented in the form of a website, developed with
Django, with a Google Maps API. It is possible to observe, not only the number of times each maneuver
was detected but, as well, which levels of acceleration, were more common. Based on this metrics it
is possible to observe different behaviours that, with more data, will give a clearer characterization of
each unique driver.
Keywords:Driving Behavior; Embedded System; Printed Circuit Board; Data Handling; Machine
Learning.

1. Introduction

According to the World Health Organization
(WHO), driving and road safety is a global prob-
lem. In their Global Status Report of 2015[1] is
stated that, just in 2013, there were 1.25 millions of
traffic-related fatalities. Also, it is the main cause
of death in people aged between 15-29 years old,
Fig.1. Even when fatalities are not observed, sub-
stantial accident-related costs exist. Just in the US,
299.5 billion dollars were estimated as costs in 2011.
Independent of the country, such costs can highly
affect the economic growth.

The reasons for traffic accidents can either be
external to the driver, for example, the pavement
roughness or dependent on the human behaviour.
The behaviour and judgment of a driver influence
his overall safety, can deteriorate the vehicle condi-
tion, raise the fuel consumption and CO2 emissions.
Becomes then important to study the different driv-
ing patterns for a wide range of applications like car
sharing and eco-driving.

Car sharing can be described as a group of indi-
viduals who have access to a car fleet for which they
periodically pay for. Existing car sharing companies
demand a rigorous new member check of driving
history and monitoring data for each driver. CEiiA
is also developing a car sharing service, included
on the MOBI.ME platform, with a great focus on
eco-driving. Eco-driving consists in maintaining a
smother driving. This profile, can contribute up
to 10% reduction in fuel consumption and thereby
lower CO2 emissions.

1.1. Related Work

In order to detect driving behaviours, Bergasa et
al.[2] created an app called DriveSafe. It detects
inattentive driving, such as drowsiness and distrac-
tions, giving feedback under real-world conditions.
It uses computer vision and pattern recognition
techniques to analyze the data from the smartphone
sensors. For a more overall understanding of each
driver tendencies, Castignani et al. [3] suggested
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Figure 1: Top ten causes of death among people
aged 1529 years, 2012[1](adapted).

the use of Fuzzy-Logic. An accelerometer and GPS
were the chosen sensors to acquire data. After be-
ing filtered, it was used to detect Overspeed time
and the number of aggressive acceleration and steer-
ing rate events, based on inference rules. Each set
of events helped score the behaviour of the drivers
in four categories, Calm. Average, Moderate and
Aggressive.

It is believed that a better understanding of the
driver can be achieved through maneuver detection.
As described by Mitrović [4], through the learn-
ing from previous driver’s experiences, it is pos-
sible to differentiate unique maneuvers as well as
find models with similar output for different geo-
graphic locations and environments. These simi-
larities cannot be identified without making use of
learning techniques, such as Hidden Markov Mod-
els (HMM) and Support Vector Machines (SVM).
Yu et al.[5] used SVM for real-time identification
of driving behaviours. Different maneuvers, con-
sidered dangerous, were identified making use of
accelerometer and gyroscope data. From the low-
pass filtered data of unique drivers, 16 features, in-
cluding standard deviation, mean, maximum and
minimum value, were extracted. The classifier ob-
tained showed promising results and it had an ac-
curacy very similar to the neural networks study in
the same paper. However, actual machine learning
algorithms are dependent on the features selected
by the data scientist, which are hard to select and
most of the times do not scale very well. For this
and other reasons, Deep Learning has become up-
and-coming in the last years. Dong et al.[6] used
information from a large number of different trips
from unique drivers to train 5 types of neural net-
works. He then compared the performance of each

one, as well as the stability of the algorithms when
the experiment was made with 50 to 1000 drivers.
The results confirmed that deep learning methods
have a better scaling, however, they are computa-
tionally more expensive. The setback with deep
learning is that it shines with large datasets, which
are not always available.

1.2. Objectives

It is proposed the design and development of a com-
plete embedded system, that collects the necessary
data in order to build a model that extracts rele-
vant information to characterize the behaviours of
unique drivers. The model will be build to classify
maneuvers with the use of machine learning algo-
rithms such as Support Vector Machines. Even con-
sidering the seen works do not correspond to the to-
tality of developed work in this area, this work pur-
poses to innovate by trying to prove that a whole
workflow, from data collection to results visualiza-
tion, can be created to extract information from
drivers in computationally and cost flexible way.

2. Embedded System Main Components

Embedded System is an electronic system inte-
grated into an electrical or mechanical device, ded-
icated to performing a specific amount of tasks.
Taking into account the related work, the main
components of the system are going to be an Ac-
celerometer, to measure acceleration, a GPS mod-
ule, to gather position and speed of the vehicle, an
µSD socket and card, to save the data and a mi-
crocontroller, to collect data from the sensors and
save it on the card, following a specific algorithm.
The Figure 2 illustrates the system and the proto-
cols needed for the implementation of a simplified
scheme.

Figure 2: Simplified scheme of the desired embed-
ded system components and which protocols are
needed for the implementation.

2.1. Microcontroller

The microcontroller selected was the Atmega328P.
It has an 8-bit AVR CPU that can run up to 16MHz
with an external crystal, 32Kbytes of flash memory,
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2kbytes of RAM and supports all the communica-
tion protocols needed for this application.

2.2. Accelerometer

The accelerometer selected was the 3-axis
MMA8451Q. The output data rates go from
1.56Hz to 800Hz, with a 4096 counts/g sensitivity
for a dynamic range of ±2g (1g = 9.8m/s2)
which is enough for non-accident situations. For
communication with the microcontroller, it uses
the I2C protocol.

2.3. Global Positioning System (GPS) module

The module selected for the embedded system was
the GTPA013. This GPS module has a built-in an-
tenna and an update rate up to 10Hz. The module
can be used to obtain not only position, time and
date but also the speed of a vehicle. This module
follows the NMEA 0183 Standard, which defines the
electrical signal requirements and the sentence for-
mats for the UART communication.

2.4. µSD Socket and Card

To collect data was necessary to select a socket
where a card could be inserted. This connector uses
SPI protocol to communicate with the microcon-
troller. During the work, a Transcend R© µSD card
with 2GB of memory was used.

3. Printed Circuit Board Design

In an Embedded System, the various electronic
components are held and connected by the Printed
Circuit Board (PCB). A PCB consists of a sequence
of layers, where pads and lines are printed to elec-
trically connect the different components together.
It assures that the power and signals are correctly
sent to the devices soldered to the board. In this
work, a double-sided configuration like the one in
the Figure 3 was chosen.

Figure 3: Layout of a Printed Circuit Board with 2
copper layers.

The four most important layers are Substrate,
Copper, Soldermask and Silkscreen. The substrate
is usually made of fiber glass, such as FR4. It
electrically isolates the two copper layers and gives
rigidity and thickness to the board. The copper,
usually with 35µm of thickness, is the conductor
layer and where routes are drawn. The solder mask
is applied over the copper layers. It helps to avoid
corrosion and increases the isolation of the board.

The silkscreen highlights where components should
be placed and identify the serial number and version
of the board.

The software used for the design of the PCB was
the Autodesk R© EAGLETM8.0.2, that has two main
processes, the schematic and board design.

3.1. Schematic
The Schematic is a model of the circuit. On it, all
components are represented by symbols, connected
to each other, the same way they would be in the
embedded system. This representation enables the
designer to build and troubleshoot the whole system
in a more intuitive way.

Starting on the microcontroller, it was decided
using a female micro B connector to power the
board, since it would easily serve any driver. A
voltage regulator was added since the sensors and
the µSD are powered with 3.3V. For the microcon-
troller to securely communicate with the peripher-
als through each protocol presented in section2, it
was necessary to implement a different Level Shift-
ing method, depending on the protocol used.

MMA8451Q Atmega328P
VOH(min) 2.97 V 4.10 V
VOL(max) 0.99 V 1.00 V
VIH(min) 2.48 V 3.00 V
VIL(max) 0.99 V 1.50 V

Table 1: Comparison between the output and in-
put signal voltages of two components powered at
different TTL voltages.

On the datasheets are specified the high-level and
low-level input and output voltages. Looking at the
Table 1 can be observed that the minimum HIGH
value for output (VOH(min)) in the accelerometer
is lower than the minimum HIGH value for in-
put (VIH(min)) in the microcontroller. This means
there would be an ambiguity on the signal that
could be either interpreted as HIGH or LOW .
On the other hand, a 5V output signal from the
microcontroller could permanently damage the ac-
celerometer.

3.2. Board
The top layer of the board of the embedded sys-
tem with all connections and components placement
is presented in the Fig.4. The bottom layers have
some routes but not any component. The main di-
mensions are 2700x2100mil (6.858x5.334cm), same
height as a credit card with slightly smaller width.

3.3. Manufacturing
In order to ask a manufacturer to print the pro-
jected circuit board, it is important to convert the
Eagle board’s file to Gerber files, developed by
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Ucamco. This image description format is the most
widely used in the industry and it makes the com-
munication between the CAD and CAM profession-
als in a more secure and accurate way. For the
drilling, another format is usually used, called Ex-
cellon. It contains information about the metric
system, tool number, drill sizes and coordinates of
each drill.

Figure 4: Embedded System Board Top Layer.

After generating these files the board design can
be safely sent to a manufacturer for a quotation.
For the quotation should be provided with the Ger-
ber Files and additional information such as the
thickness of the board, quantity and delivery days.
It is given particular interest in ordering specifica-
tions inside the manufacturer standard of fabrica-
tion since it lowers the price.

Figure 5: Final appearance of the projected embed-
ded system.

All components chosen for this system are cur-
rently active(as an opposite of obsolete), Lead-Free
and RoHS Compliant, being the last two due to
environmental concerns.

The final appearance of the embedded system
used for data collection is presented in Figure 5.

4. System Set-Up
4.1. Software/Firmware
In order for the system’s software to work properly,
it’s crucial to first change the value of the Low-
Fuse in the microcontroller. Since it is responsible
for setting clock source, that, by default, it is the
internal 8MHz oscillator. The clock start up time
was maintained at +65ms but the clock source was
set to the external crystal (Low-Fuse = 0xF7).

The software was built following the diagram of
Figure 6.

Figure 6: Diagram of the flow of the soft-
ware/firmware implemented in the Atmega328P.
Setup and Loop are the same functions present in
every Arduino Program. The .csv files are all stored
in the µSD card.

During the Setup, the communications with the
GPS module and the accelerometer are initialized
and it is checked if there is a µSD card on the board.
The Loop sequence will not start unless a card is
inserted. Every Loop sequence, the microcontroller
will check if there are available bytes to be read
in each sensor. If there are, the data values are
updated, so that next time they are saved in the
card, they correspond to the most recent values de-
tected. The chosen data rates for the 2 sensors were
40Hz for the accelerometer and 1Hz for the GPS.
This means that considering a vehicle moving at
50km/h to 120km/h, the GPS would log data every
14 to 33 meters and the accelerometer every 0.35
to 0.83 covered meters. For each Loop sequence, if
the difference between the last time data was saved
in the card, LastLogAcc or LastLogGPS and the
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momentary time, TimeNow, is equal or bigger than
the wanted rate, values are saved on the file.

The labels in each GPS are: Latitude, Longitude,
Date, Time and Speed. And the labels for the ac-
celerometer file are: X axis, Y axis, Z axis, Date
and Time. The speed is saved in m/s and the ac-
celerations in 3 axis are in g’s (1g = 9.8m/s2). The
maximum g value set in the sensor is 2g, sufficient
for non-accident conditions.

4.2. Installation of the Device
The installation of the device in the vehicle is a crit-
ical part of the performance of the embedded sys-
tem. The position of the board establishes the di-
rection and orientation of the accelerometer’s axis.
Also, it should be allocated in such a way that un-
necessary vibrations and movements, such as slid-
ing, are avoided.

Figure 7: Demonstration of the allocation sollution
of the device in a car’s dash panel using velcro.

The solution proposed was the use of Velcro to
fix the board to the car’s dash panel, as in Figure
7. This solution proved simple to implement and
overcame previous allocation problems. It was then
provided Velcro to the different drivers, every time
they would take the device for data collection.

5. Acceleration Smoothing
The data collected in both files were corrected and
completed, to account for missing GPS entries,
however, the accelerometer data was still noisy.
Some of the main factors are the vibrations cre-
ated by the car’s motor and pavement irregularities.
In order to mitigate the noise, different smooth-
ing/filtering techniques were compared. The ob-
jective of smoothing is to achieve a signal as free of
noise as possible while preserving and making pat-
terns stand-out. In other words, reduce the Signal-
to-Noise Ratio (SNR) eq.1 without distortions on
the signal.

SNR =
Psignal
Pnoise

(1)

5.1. Low-Pass Butterworth filter
One widely used low-pass digital filter is the But-
terworth filter[7]. The most important parameter
of the low-pass filter is the cutoff frequency. This
frequency should be as low as possible in order to
filter most of the noise. However, it should be high
enough, so that it preserves all the variations in the
signal without distortion. From all the events ex-

Figure 8: Frequency Domain of the X-axis acceler-
ation data.

amined in the collected data, sudden brakes present
a higher frequency. For this reason, this event was
examined on a frequency domain, as presented in
figure 8. The event has a duration of approximately
1s and taking a look at the zoomed frequency spec-
trum most of the high amplitude frequencies are
under 1Hz, suggesting that a cutoff frequency of
1Hz would be an acceptable value.

Figure 9: Comparison between raw accelerometer
data and data filtered by a 9th order Butterworth
filter with cuttoff frequency of 1Hz.

Since it is a digital filter and there is no consid-
erable computational cost between different filter
orders a 9th order Butterworth filter with a cutoff
frequency fcutoff = 1Hz was applied to the data,
fig. 9.

5.2. Comparison with Savitzky-Golay
Another smoothing technique tested was developed
by Savitzky and Golay[8], and proposes the smooth-
ing through the convolution of polynomials that
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Figure 10: Comparison between data filtered by a
9th order Butterworth filter with cutoff frequency
at 1 Hz and Savitzky-Golay algorithm 47/2.

fit successive data windows. For this algorithm,
it was used a window size 47 and a polynomial
degree = 2, based on the acceleration frequency
and some experimentation. The Figure 10 shows
that the Savitzky-Golay algorithm has slightly more
noise when compared to the Butterworth filter.

The total energy of the signal can be obtained
from the Parseval’s Theorem by the Equation 2.

Esignal =
1

π

∫ 40π

0

|F (ω)|2dw (2)

Where |F (ω)|2, the energy spectral density, shows
the energy distribution in the frequency domain,
and ω = 40π = 20Hz ∗ 2π is half the sample fre-
quency. If from the calculated signal energy is sub-
tracted the energy passed by the filter until the cut-
off frequency (fcutoff = 1Hz = 2π), described by
Equation 3, it is obtained the noise energy in the
signal,ep.4

Elow pass =
1

π

∫ 2π

0

|F (ω)|2dw (3)

Nsignal = Esignal − Elow pass (4)

For both filters, the results are presented in the
Table 5.2. Referring to the signal-noise ratio equa-
tion 1, and knowing that energy is directly pro-
portional to power, it is possible to infer that the
Low-Pass Butterworth filter generates a signal with
better SNR when compared to the Savitzky-Golay,
becoming the filter used for the rest of this the-
sis, 9th order Low-Pass Butterworth filter with
fcutoff = 1Hz.

Algorithm/Filter Savitzky-Golay Butterworth
Noise Energy 9.52 J 1.93 J

Table 2: Noise energy comparison in both low-pass
techniques with the same data sample.

Figure 11: Number of drivers that lost their lives in
2016 by complementary information[9](adapted).

6. Dataset Characteristics and Labeling
The dataset contains data from drivers in real-world
driving conditions. It was considered that data
from 4 drivers, about 7 hours or 250km total, would
bring enough variety to build a first flexible model.

6.1. Acceleration as a metric
Observing the information on Figure 11 is possible
to conclude that ”Excessive Velocity for the exist-
ing conditions” is the most common cause of driver
death. The view presented in this thesis suggests
that excessive velocity for existing conditions in a
maneuver can be detected through high accelera-
tion values. Acceleration of the vehicle represents
the force on its mass, as well as the derivative of the
velocity in function of time, as described in Equa-
tion 5. For longitudinal accelerations, sudden brak-
ing and accelerations will reflect themselves as high
absolute longitudinal acceleration values, since the
velocity changes significantly in a slow amount of
time.

In curves it is possible to infer that the lateral
acceleration depends on the velocity of the vehicle,
being directly proportional to it considering con-
stant radius, as seen in Equation 6. It can be said
that a high absolute lateral acceleration either in
small or large radius maneuver will flag if the speed
excessive for the maneuver.

~a =
~F

m
=
dv

dt
(5)

ay = ω2r =
v2

r
(6)

6.2. Maneuvers for Labeling
In the Annual Report of 2016[9], the most fatal ma-
neuvers are highlighted in Figure 12. By far, most
fatalities are during normal driving, which can in-
clude curves, followed by left maneuvers such as
turn and overtake.

For the identification and manual labelling of the
maneuvers and events were mainly used the X and
Y axis data from the accelerometer, with help of
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Figure 12: Number of drivers that lost their lives in
2016 compared by type of maneuver[9](adapted).

the position and speed given by the GPS data. The
accelerometer, as shown in papers such as Yu et al.
[5], usually gives enough information to identify an
occurrence, however with uncertain decisions, such
as between Left Turn and Left Curve, it can only be
clearly determined with the vehicle position. The
selected maneuvers for labelling were: Left Curve,
Right Curve, Left Turn, Right Turn, Acceleration,
Brake and Roundabout. Brake and Acceleration
are detected when the maximum value of the event
is equal or over 0.1g ' 1m/s2, the value is cho-
sen based on the data collected. Anything under is
considered ”Normal”, meaning there is no relevant
maneuver detected.

6.3. Data Transformation

Data transformation is the of the process of stati-
cally describing the data in order to accentuate its
characteristics. One way of achieving this is by tak-
ing a window of raw data and describing it as a
single data entry through features. The selected
ad hoc features were the Mean, Maximum, Mini-
mum and Standard Deviation.

7. Support Vector Machines

Based on the algorithms used in the state of art, in
this thesis will be given focus to the Support Vector
Machines algorithm, when building the maneuver
classifier, since it is one of the most widely used al-
gorithms currently, and deep learning would need
a larger dataset. The SVM with RBF kernel per-
formance will be compared with Linear SVM and
two other non-linear machine learning algorithms,
K-NN and Random Forest will be tested.

It is an influential and intuitive algorithm for
classification that focuses on maximizing the mar-
gin when selecting which line separates better the
classes[10]. This approach enables a lower general-
ization error, as small margins tend to overfit. Since
the data contains misclassifications, the slack vari-
able, ξ, introduced by Vapnik, will be introduced.
This variable allows for a soft margin, that will al-
low optimization in the presence of misclassifica-
tions. The parameter C controls the allowable pe-
nalization so that the larger it is the more misclas-
sifications are allowed in the model.

Another advantage in the use of SVM in non-
linear problems is the ability to transform the data
in a higher dimensional. This transformation is
computationally simplified by the kernel function
that avoids the expensive dot products. The most
widely used kernel is the RBF kernel, Eq.7, where

the parameter γ =
1

2σ2
and σ is a free parameter

for tuning. A more intuitive way of understanding
the kernel is as a similarity function, where, if the
compared samples are identical the value will be 1
and if completely different, will be close to 0. This
means that a higher γ force dissimilar samples to a
0, resulting in a tighter decision boundary.

k(x, x(i)) = exp(−γ‖x− x(i)‖2) (7)

7.1. Model Parameters Tuning
The first parameter to be observed the accuracy
influence was the C, as presented in Figure 14. Ob-
serving the curves, it can be noticed that the vali-
dation accuracy tends to around 0.90, after which
it starts decreasing. However being close to such
accuracy values comes with the cost of a high vari-
ance. There is a high chance of misclassifications in
the dataset so the parameter C should have a rea-
sonably large value, to allow misclassification on the
classes, while avoiding a high variance. For the val-
idation curve of the γ parameter was used a C=4,
as shown in Figure 14. It can be clearly be ob-
served that for high γ values the boundary get’s
tighter, resulting on an exponentially higher overfit
and that a value around γ=0.05 seems to guarantee
a good bias-variance trade-off. A finer tune of both
parameters proceeded with grid search and multi-
ple validation curves. It was considered values with
a good bias-variance trade-off, C=4 and γ=0.04, as
seen on the learning curve of Figure 15.

Figure 13: Validation Curve showing the SVM
model accuracy in function C. Kernel = ’rbf’,
gamma = 1/21 (’default’ value), decision function
shape=”one vs one”.
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Figure 14: Validation Curve showing the SVM
model accuracy in function γ. Kernel = ’rbf’, C
= 4 (’default’ value), decision function shape=”one
vs rest”.

Figure 15: Learning Curve showing the SVM model
performance improvement as the size training sam-
ples grows. Kernel = ’rbf’,C = 4, γ = 0.04, decision
function shape=”one vs one”.

7.2. Comparison
The accuracy values obtained from the test set show
that the 4 models have a similar performance, how-
ever, when compared the Precision and Recall the
SVM with ’RBF’ kernel shows a clear superiority,
with almost 10% more in the F1-Score than the oth-
ers.

Model Algorithm Accuracy Precision Recall F1-Score
K-NN 87.994 83.779 59.844 67.901
Random Forest 87.665 78.142 61.829 68.390
SVM (Linear) 86.072 77.721 59.479 66.675
SVM (RBF) 89.348 83.754 69.053 75.166

Table 3: Comparison of the 4 models, through
Accuracy, Precision, Recall and F1-Score obtained
with the test set.

7.3. Visualization of the Classification
As a sanity check that the classifier is working cor-
rectly, it is going to be used data from an unseen
driver to put the model to the test. On the Fig-
ure 16, a strip of the route taken by the driver is
presented with the different maneuvers identified by
colours. It is possible to evaluate that the identifica-
tion is mostly accurate, as expected by the accuracy

values.

Figure 16: Strip from classified route taken by a
unseen driver. Developed with Google Maps API.

8. Characterization of Drivers
To better understand each driver the maneuvers are
going to be divided into three categories, chosen
taking into account the accelerations seen during
the labelling process: Low-Acceleration (accmax <
0.2g), Mid-Acceleration (0.2 < accmax < 0.50g)
and High-Acceleration (accmax > 0.50g). These
categories were also inspired by the values in the
work of Bergassa et al.[2], as well as the tests
described at [11], where vehicles are evaluated
through(between others) a 0.7g constant radius
turn and 0.8g brake analyzes since such accelera-
tions are some of the most severe driving conditions.

On an attempt to better translate the informa-
tion of each driver a score for each maneuver was
created. Let’s call it ”Maneuver Index” and it is de-
fined by the Equation 8. The Maneuver Index for
each maneuver m, MIm, is calculated through a
weighted mean of the number of occurrences of the
maneuver in each of the three categories described,
lowm, mediumm,highm, divided by total number
of kilometers made by the driver, Total KM . The
weights w are w = [0.1, 0.3, 0.6], making high accel-
eration instances more penalizing than low acceler-
ation.

MIm =
lowm. × w0 +midm × w1 + highm × w2

Total KM
(8)

To obtain an overall Score of the driver a mean can
be done:

Scoreoverall =

∑N
i MIi
N

,N = 7 (9)

8.1. The BeDrive Platform
BeDrive is a platform that attempts to characterize
the driver, highlighting their differences. One of the
most powerful tools is the Radar Graphs, where the
Maneuver Indexes of each driver are displayed.

On the Graph 8.1 the blue driver, most proba-
bly, encountered more traffic, forcing him to have
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Figure 17: Comparison of two unique drivers with
about 20km of data and a Scoreoverall ≈ 0.3.

more sudden accelerations and brake events than
the red driver. On the Graph 8.1, it is showed that,
as the data increases, there is a tendency for the
Scoreoverall to lower. However, it is still possible
to visualize that the Green driver has a higher ac-
celeration and lower Roundabout and Left Curve
maneuver index than the Yellow Driver. This can
be interpreted as a preference of the Yellow driver to
not reduce the speed before such maneuvers, as the
other one prefers to accelerate after the maneuvers,
braking ”softly” before.

Figure 18: Comparison of two unique drivers with
more than 80km of data and a Scoreoverall ≈ 0.1.

9. Web-Based Presentation
All the data collected and analyzed with the cho-
sen classifier is displayed on a webpage devel-
oped with Django, that is a high-level Python
web framework and deployed in Heroku, a plat-
form that allows to build and run apps on a cloud.
The webpage is called BeDriver and its link is:
https://bedriver.herokuapp.com/. The idea behind
the website is the creation of a more interactive
presentation of the results obtained by each driver.
To achieve this there are two main divisions, the
”Drivers” and the ”Map”.

9.1. BeDriver: Drivers
On the Drivers division is presented a list of all the
drivers whose data was collected during the thesis,
the identities are fake however all the rest of the
data is real. By clicking on the ”Details” button is
possible to closely investigate each driver, through
the information presented, shown in Figures 19 and
20. All the data were obtained with the model built
on this thesis and the Maneuver Indexes are calcu-
lated on the webpage. On the profile page of each
driver is possible to change or update the maneuver
classification results and all the graphs will actual-
ize automatically according to the changes.

Figure 19: Driver Profile for th Yellow Driver. Un-
der the name a quick description of the driver is
presented. The table shows for each maneuver the
number of occurences in each categorie and the
maneuver index.

Figure 20: Doughnut Graph on the left illustrates
and compares the number of occurrences of each
maneuver. The radar graph displays the maneuver
index for each maneuver.

9.2. BeDriver: Map
On the Map, division is possible to upload a file
generated by the classifier. The Google Maps API
will read the file and output the route colour coded,
according to each maneuver, as shown in Figure 16.

10. Conclusions
The work developed arises in the context of road
safety. According to the WHO a global problem
where driving behaviours makes up for most acci-
dents. Since CEiiA is developing a car sharing ser-
vice, connected to the MOBI.ME, a driver charac-
terization solution was suggested as an optimization
its current platform, as a metric for CO2 emissions
or for the application of different driver fares.

For the collection of data from unique drivers,
the whole process of design and production of an
embedded system was made. A complete PCB was
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designed with EAGLETM. It was selected an ac-
celerometer, to obtain longitudinal and lateral ac-
celeration at 40Hz, and a GPS module, to obtain
velocity and position at 1Hz. A microcontroller was
used to receive the data from the sensors and save
them, following a specific algorithm, to the µSD
card on the board. It was collected data from 4
unique drivers, and the acceleration smoothed us-
ing a 9th order low-pass Butterworth filter with
fcutoff = 1Hz. Seven maneuvers were manually
labelled, taking into account the acceleration and
position of the vehicle.

The performance of models built with the Linear
SVM and non-linear machine learning algorithms
such as K-NN, SVM with RBF kernel and Random
Forest was compared in the context of maneuver de-
tection. The three models parameters were tuned
with the aid of validation curves, taking special at-
tention to the bias-variance trade-off. The model
created with SVM, RBF kernel, had the highest ac-
curacy, 89% and, clearly the best F1-score from the
three models, 75%. These results obtained have a
lower performance when compared to some of the
states of the art applications that use learning al-
gorithms, however, is one of the only ones to be
tested in real life conditions. In a platform, built
with Django the classified events are sorted into
three acceleration categories, low, mid and high,
corresponding to the maximum acceleration value
detected during the maneuver. The scores obtained
by each driver can then give a clear idea of the accel-
erations that the vehicle is exposed and tendencies
of each driver.

This thesis successfully shows the complete work-
flow necessary to the characterization of different
drivers. This data is critical to the understanding
of the wear of the vehicle and relatable to the emis-
sions of each car. In case of an accident, previous
data from the driver can be also analyzed and be
used as an indicator of aggressive driving. This in-
formation could then justify the application of dif-
ferent fares to each driver. These cases show how
versatile the information obtained in this thesis can
be.

10.1. Future Work

For future work, this workflow could be incorpo-
rated on the webpage so that anyone could submit
their driving data directly.
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