
Adaptive Driver Modelling for
Forward Collision Warning Systems
An investigation of the correlation between behaviour at
routine and near-collision driving situations

Master’s thesis in Complex Adaptive Systems

OSCAR FORSMAN
JOHANNA WARNQVIST

DEPARTMENT OF MATHEMATICAL SCIENCES

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2021
www.chalmers.se

www.chalmers.se




Master’s thesis 2021

Adaptive Driver Modelling for
Forward Collision Warning Systems

An investigation of the correlation between behaviour at routine and
near-collision driving situations

OSCAR FORSMAN
JOHANNA WARNQVIST

Department of Mathematical Sciences
Division of Applied Mathematics and Mathematical Statistics

Chalmers University of Technology
Gothenburg, Sweden 2021



Adaptive Driver Modelling for Forward Collision Warning Systems
An investigation of the correlation between behaviour at routine and near-collision
driving situations
Oscar Forsman & Johanna Warnqvist

© OSCAR FORSMAN & JOHANNA WARNQVIST, 2021.

Supervisor: Andreas Runhäll & Daniel Irekvist, Volvo Cars
Examiner: Torbjörn Lundh, Mathematical Sciences

Master’s Thesis 2021
Department of Mathematical Sciences
Division of Applied Mathematics and Mathematical Sciences
Chalmers University of Technology
SE-412 96 Gothenburg
Telephone +46 31 772 1000

Cover: Visualisation of the City Safety system. Source: Volvo Cars, internal re-
sources.

Typeset in LATEX
Printed by Chalmers Reproservice
Gothenburg, Sweden 2021

iv



Adaptive Driver Modelling for Forward Collision Warning Systems
An investigation of the correlation between behaviour at routine and near-collision
driving situations
Oscar Forsman & Johanna Warnqvist
Department of Mathematical Sciences
Chalmers University of Technology

Abstract
In this work, driving behaviour is analysed with the purpose of finding connections
between a drivers routine driving and their behaviour in collision and near-collision
situations. The ambition is to improve the Forward Collision Warning (FCW) sys-
tem on Volvo cars by taking information from previous driving situations of the
current driver into account when determining the best timing for issuing a collision
warning. The analysis is performed by means of feature extraction on multivariate
time series data, containing measurements from various sensors. Using principal
component analysis (PCA) and clustering methods such as k-means and DBSCAN,
no connections relevant to the formulated aim could be found in the investigation.
The conclusion drawn is that a more thorough evaluation of the available data is
required. Removing parts of drive sequences that are not of interest or categorise
the sequences into different scenarios can make the information more comparable
and hence yield a better result. A more careful data cleaning of the available time
series could also lead to an improvement.

Keywords: Forward Collision Warning, FCW, data analysis, clustering, tsfresh,
PCA.
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1
Introduction

Road traffic injuries are the leading cause of death for people aged 5-29 years and the
eighth most common cause of death for all age groups worldwide [1]. Although the
problem is multifaceted, increasing the overall safety of our vehicles is an important
step in reducing the number of fatal accidents in traffic.

Several vehicles are equipped with passive safety features protecting the driver dur-
ing an impact, such as crumple zones, airbags, and seat belts. Though, in recent
years the field of active safety has gained an increasingly prominent role in further
developing the safety of vehicles. Active safety functions aim to avoid critical situa-
tions before they happen, or in the case where a collision is unavoidable, reduce their
severity. An example of active safety is advanced driver assistance systems such as
Automatic Emergency Braking (AEB) and Forward Collision Warning (FCW) sys-
tems, both of which uses information of the traffic scenario to aid the person driving
the vehicle.

Since active safety functions must operate proactively, there is a requirement to
make predictions of the future based on the current available information. For the
predictions to be as accurate as possible, extensive amounts of data describing the
traffic situation is needed. Furthermore, due to the multitude of different scenarios
a vehicle might encounter in traffic, finding appropriate models performing well in
all of them is a complex task that requires careful judgement.

In this thesis, data describing routine driving behaviour is investigated for the pur-
pose of improving an FCW system. The aim is to find possible improvements of the
adaptability of the FCW system to take different drivers and their specific behaviour
into greater consideration.

1.1 Background
Volvo Cars is an automotive company based in Gothenburg, Sweden, that manufac-
tures premium cars marketed worldwide. With the aim of reaching zero collisions
in traffic, Volvo Cars has developed several advanced active safety systems which
are continuously improved to make their vehicles safer [2]. The FCW system on
Volvo cars is part of a larger collection of subsystems dealing with accident preven-
tion called City Safety. Together with other safety functions, these systems serve to
protect the passengers of the vehicle as well as other road users.
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1. Introduction

The role of an FCW system is to aid the driver by issuing warnings when potentially
hazardous situations are encountered. Through the use of camera and radar sensors
the system can detect objects in front of the vehicle and assess the risk of a collision
with any of the detected objects. The goal is to give an inattentive driver sufficient
time to act, primarily by braking, and mitigate the damage of a collision or to avoid
it completely. It is also important for the system to not alert the driver excessively
in situations which they would not themselves deem to be dangerous, as this would
be considered annoying, reduce driver acceptance, and potentially cause the driver
to ignore the alerts entirely [3], [4]. Therefore, the timings of these warnings are
crucial to their effectiveness.

On Volvo cars equipped with an FCW system, the warning consists of a sound
and light signal as well as a short brake impulse to catch the driver’s attention [5].
Though the time at which the warning is issued is adapted to what is currently
ahead of the vehicle, there is also a need for adaptation in regard to different drivers
and their specific driving style and preference. To reduce the risk of the warnings
being regarded as irritating with the consequence of lessening the potential benefit of
the FCW system, there is an available option for the driver to choose between three
different settings to regulate the sensitivity of the system. By choosing Early the
warnings are issued further in advance compared to Normal, while the Late option
results in the warning being provided at an even later stage compared to the other
two options.

The availability of just three options might be regarded as a limitation in some
situations. It is reasonable to assume that a finer adjustment would be needed for
every driver to perceive every FCW timing as perfect. Individual preferences might
dictate that a certain option would be regarded as too early in one situation whereas
in other situations the same setting might be perceived as too late. Another problem
is that a new driver must actively choose to change the setting if the previous driver
had another preference. These circumstances together raise the question if the
adaptation could be done automatically without the need for the driver to choose
an option themselves. The potential benefit of this would be that the system could
be finer tuned to each specific driver while also improving the user-friendliness by
not requiring the driver to choose a setting themselves.

1.2 Scope
The aim of this thesis is to investigate possible improvements of the adaptability
for an FCW system based on information of previous routine driving behaviour.
The goal is to find a connection between how a driver behaves in everyday driving
situations and how that same driver might react in a more critical situation such
as shortly before a collision or near-collision. These short events before a possible
collision, where a forward collision warning would be suitable, are in this thesis re-
ferred to as FCW events. The choice of basing the prediction on routine driving
has the potential benefit of finding a good adaptation prior to when a critical situa-
tion occurs. This thesis does not investigate connections between consecutive FCW
events for the same driver, or how a driver would change their driving behaviour
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1. Introduction

after collision warnings have been issued.

Driving behaviour is in this study represented by several measurements of signals
collected from test vehicles and stored as a multivariate time series in a dataset.
Among the available signals are measurements such as pedal position, vehicle speed,
acceleration, and steering angle, as well as information related to obstacles in front
of the vehicle that might be subject to triggering the FCW. All signals used are
collected by sensors that are also available on production cars. The reason behind
this is to not use more detailed information than what would be available to the
City Safety system in a real scenario. Notably, no video recordings of the driver
were collected, meaning that information such as gaze direction and other visual
information about the driver’s behaviour is unknown. The only information available
about the driver’s behaviour are through the inputs given to the vehicle through
mechanical inputs.

In order to find patterns related to driving behaviour in the data, an extensive
exploration of the data is made using different data analysis tools. The focus is
on finding characteristics of each time series, and search for patterns among these
characteristics. A search for natural groupings among different drivers is performed
using clustering methods. Furthermore, correlations to specific attributes such as
location, length of drive and other situational dependencies are also investigated.
This thesis covers an investigation of whether routine driving can give information
about how the same driver would act in a critical situation. It does not cover the
actual model that would use this potential information to adapt the car.

1.3 Related work
There are multiple studies related to the functionality of FCW systems and their
effect on driving behaviour. The field of driver modelling in general dates back to
at least 1938 with Gibson and Crooks [6] theorizing each driver to have a specific
field of safe travel, which road boundaries, obstacles and other drivers impose limits
to. Since then, there have been multiple attempts of modelling the behavoiur of
humans in various driving situations [7], [8]. As stated by Plöchl and Edelmann in
2007 [7], “... driving is a complex physical and mental individual process ...”, and it
is concluded that there is still no universal model useful for all applications. They
maintain that there is not even a consensus on which model works best for one
specific situation, although it is argued that some have been shown to work better
than others in certain applications, which is to be expected.

A useful tool to use when discussing driver models is to make a distinction between
the different time frames in which various phenomena occur. Michon [9] has pro-
posed to assess driving behaviour on a strategic, maneuvering, and operational level,
each associated to a different time span. The strategic level is related to high-level
considerations such as route choice and mode of transport. For example, whether
the driver decides to take a break along the way or perhaps take a detour. On the
maneuvering level, one places behaviours such as overtaking, lane choice, and obsta-
cle avoidance. Lastly, behaviours on an operational level are tied to a shorter time
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1. Introduction

span which includes actions such as steering, braking, and other basic inputs given
by the driver. While behaviour on each of these three levels might differ individually
between drivers, they are also coupled such that behaviour on one level might influ-
ence the other two. For example, a driver’s willingness to overtake another vehicle
or not, might be decided by their actions on the operational level and tied to how
much the driver is willing to steer, brake and accelerate. Similarly, there might be a
connection between the driver’s route choice and their likeliness to encounter certain
situations.

Another important distinction relevant to this thesis, is the difference between cat-
egories of models that focus on routine driving versus others that focus on more
critical scenarios. A main difference is that for near-collision models which describe
some evasive maneuver, the reaction time of the driver is often assumed to be in the
range of 1-2 seconds, whereas for many models describing routine driving, actions
taken by the driver are assumed to be performed continuously in response to the
current driving scenario, often with a very short delay [10]. The discrepancy be-
tween these two approaches and their modeled behaviour is further investigated by
Markkula et al. [11] where a number of driver models were fitted to describe human
truck driving in a simulated near-crash scenario. The conclusion drawn is similar to
that of Plöchl and Edelmann, namely that choosing which model is best suited for
a specific situation might not have a clear answer.

Moreover, braking behaviour was analysed in naturalistic rear-end crashes and near-
crashes by Markkula et al. [12]. In this study, it was found that braking behaviour
is strongly correlated with the urgency of the situation. More specifically, the brake
reaction time for the driver depends on the visual looming, a measure of how the
lead vehicle expands on the drivers retina. The suggestion made, is that the braking
performed by the driver is not a response to some single onset, for example a brake
light. The idea is that the brake response could rather be seen as a form of evidence
accumulation, where the driver starts to brake when a certain threshold of looming
is reached.

Concurrent to mathematical modelling of driving behaviour, there have also been
several experimental studies on the topic of FCW. A large contribution to the field
is the study from 1999 by Kiefer et al. [3] under the Crash Avoidance Metrics
Partnership (CAMP) established by Ford and General Motors. FCW being an
emerging technology at this time, key objectives for such a system were investigated
and defined to better understand functional requirements. Possible test procedures
to evaluate performance of FCW systems were also investigated in this project.

Since then, additional research has been done, as the technology has matured. The
question of evaluating performance of FCW systems is especially important in order
to compare different solutions and to verify their effectiveness. Studies have been
made where drivers were subjected critical driving scenarios in simulation environ-
ments. A main objective has been to evaluate the difference in behaviour with, and
without, an FCW system in place. An example is the investigation by Jamson et al.
[4] where they also investigated the effects of adapting the FCW timing according
to the individual driver’s reaction time. The findings from this was that an adaptive
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system has the potential of being less irritating and stress-inducing.

In contrast, one should be careful when judging the results from studies based on
repeated exposure of critical events as in the above. This was clearly shown by
Ljung Aust et al. [13] where repeated event exposure to critical lead vehicle brak-
ing was investigated. The results from this study highlighted that analysis done
by averaging over repeated events may have limited generalisability to real-world
driving situations. The reason for this was argued to be that repetition of events
increases drivers’ expectancy and might lead to them adjusting their behaviour. In
more naturalistic driving situations however, critical events usually appear more
unexpectedly from a driver’s perspective. This might affect their behaviour which
is not captured in a simulation where events are repeated.
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2
Theory

In this chapter some important concepts and methods of data analysis are described.
A thorough understanding of these concepts is fundamental for evaluating the meth-
ods and to later interpret the results. In the first subsection is a description of
principal component analysis which is a tool to lower the dimension of the data.
Clustering and three specific clustering methods are described next, and finally
three different clustering scores are described. Clustering was used in the search of
natural groupings in the data set, and the scores was used to evaluate these clusters.

2.1 Principal component analysis
Principal Component Analysis (PCA) [14] transforms the current data set into a
new one by creating a new coordinate system. All component vectors are mutually
orthogonal and all components are uncorrelated. Further, each component vector is
a linear combination of the original features.

The principal component vectors are defined as the normalized eigenvectors of the
covariance matrix S, where S is defined as

S = 1
N − 1

BBT . (2.1)

Here B is the standardized data set where each column is one sample, and N is
the number of samples. The eigenvectors are sorted by eigenvalues such that the
eigenvector with the highest eigenvalue becomes the first principal component vector,
and the eigenvector with lowest eigenvalue becomes the last principal component
vector. The elements of the principal component vectors acts as coefficients for the
linear transform from the original features to the new basis, such that

Y = P T B (2.2)

where P is the matrix with the principal component vectors as columns. Y is the
coordinates of all data points in the new coordinate system.

PCA can be used to find information about which original features contributes most
when dividing the data. The elements in B are standardized and therefore the coef-
ficients in P decides which features will be more prominent for certain components.
A larger absolute value in a principal component vector indicates that the corre-
sponding feature contributes more to the variance of that component than a feature
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2. Theory

with a lower coefficient. Analysing the coefficients in the top components will hence
give information on which features are contributing more when dividing the data.

Another important tool included in PCA is dimension reduction. To obtain di-
mension reduction, it is possible to keep only the top components with highest
eigenvalues in further analysis by either choosing a number of components, or by
choosing to use the number of components required to cover a certain percentage
of the total described variance. The described variance ratio of each component is
equal to the eigenvalue of that component divided by the sum of eigenvalues of all
components, since the sum of all eigenvalues also are the total variance of the data
set.

2.2 Clustering
Clustering is a way to find natural groups in a data set and label them even when
the data set does not have any ground truth labels. Points that are close or similar
to each other in some sense gets grouped together with the assumptions that those
points have more in common than points further from each other. This is a way to
find natural patterns and groups in the data that can later be analysed to understand
what the groups represent. There are many different clustering algorithms that uses
different measures to decide which points are similar and how they are best divided
based on this. In this section three different clustering methods are described: k-
means, DBSCAN and agglomerative clustering. Not all clusters can be well found by
all methods due to the differences in preferences for the different methods. Therefore
it is beneficial to try different methods that might capture different cluster scenarios
when working with a complex data set. k-means is a simple method that gives a
good baseline for what to expect from other methods. DBSCAN has the advantage
that the number of clusters are decided based on the density, and not based on a
set parameter. It also has the advantage that it can label data points as outliers
instead of giving all points a cluster label. Finally, agglomerative clustering has the
advantage that it can use many different distance measures and techniques to decide
which clusters or points that are close to each other.

2.2.1 k-means
k-means [15] is a simple and very common clustering algorithm. The algorithm takes
the number of clusters k as input and tries to find the optimal k points in the same
room as the data set such that each point is the mean of all points in one cluster,
also called the centroid of that cluster. This is done by first initializing k centroids
in some way, either by choosing k of the data points or totally at random from the
same room. Each centroid gets a label associated with it. Thereafter three steps
are repeated until a break condition is fulfilled.

1. All data points are assigned labels based on which centroid is closest to them.

2. The centroids are updated to be the mean of all points belonging to their
cluster.

8



2. Theory

3. The distance between the new and old centroids are compared with a given
threshold.

When the distance is smaller than the threshold, the algorithm has converged and
will finish. Otherwise, the three steps are repeated, starting with assigning new
labels to all data points based on the new centroid positions.

k-means minimizes the within-cluster sum-of-squares criterion, which is defined as
n∑

i=0
min
µj∈C

(
∥xi − µj∥2

2

)
(2.3)

where n is the number of samples, C is the set of centroids, xi is the ith data point
and ∥ · ∥2 is the Euclidean distance. Another word for within-cluster sum-of-squares
is inertia. To minimize this equation, the centroids will be chosen such that all data
points are as close as possible to some centroid and each data point will belong to
the cluster of the nearest centroid.

The k-means algorithm will always converge but might get stuck in local minima.
The result depends only on the initialization, and therefore it is common to do several
runs with different initializations and take the result that minimizes Equation 2.3.

2.2.2 Agglomerative clustering
In Hierarchical clustering [15], a tree structure is used where each node represents
a combination of samples that creates a cluster. The leaves of the tree are all
clusters containing only one sample. The root of the tree is on the other hand the
cluster containing all samples. All other nodes are different combinations of samples,
containing the union of all samples that are included in the children of the node,
and a subset of the samples contained in the parent node.

In agglomerative clustering, a bottom-top approach is used when constructing the
tree for a given data set. All samples start in different clusters as root nodes of their
own subtree. At each step two root nodes representing different clusters are joined
together with a parent node representing the union of the two clusters. The new
node becomes the root node of this new subtree containing the union of the two
joined subtrees. Which subtrees are joined together are the ones minimizing some
linkage criteria or cost function. The joining continues until all subtrees have been
joined together as one tree.

The choice of linkage criteria for agglomerative clustering varies. One possibility is
to use the Ward linkage, where the sum of squared differences within all clusters
are minimized. This way, each cluster will have minimal variance. The three other
common approaches instead looks at which pair of clusters minimizes a criteria
and should therefore be the two clusters that are merged. This allows the two
clusters that on average are closest to each other to merge, but what is seen as
closest is different. The Average linkage chooses the two clusters for which the
average distances between all samples in the two different clusters are minimized.
The Complete linkage minimizes the maximum distance between two samples in
different clusters, ignoring all other samples in the clusters. The Single linkage is
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2. Theory

somewhat the opposite. It chooses the two clusters for which the minimal distance
between two samples in the different clusters are minimized. The Ward linkage
requires Euclidean distance to be used, while the other three are open for other
distance measures as well.

To decide which clusters to use in the end, there are two ways. Either a number
of clusters are chosen and the algorithm is stopped when there are this many sub-
trees. The root nodes of these subtrees will describe the different clusters. Another
approach is to choose a threshold for the linkage criteria and stop merging when no
clusters has a distance below this threshold.

2.2.3 DBSCAN

DBSCAN [15] stands for Density-Based Spatial Clustering of Applications with
Noise. It is a method that finds clusters of similar density with the ability to set
points in non-dense areas as outliers. The number of clusters are not a set parameter,
instead the algorithm will decide the number of clusters on its own based on the given
parameters. DBSCAN has only two parameters: the minimal number of samples k
and the maximal distance ϵ. Each point is considered a core point if it has at least
k samples, including itself, within a range of ϵ. Any distance measure can be used
to determine the distances between points.

When deciding labels for all data points, the algorithm goes through all unlabeled
points in order. When it finds a point p that has at least k points within ϵ distance,
this point p is a core point and becomes the first point in a new cluster. All points
within ϵ distance from point p are also added to the cluster. If they are core points
as well, their close neighbours will also be added to the cluster and this continues
iteratively until no more points can be added. The algorithm continues to search
for core points among the unlabeled data and may find several clusters where each
will consist of at least k points. When all data points are checked, the data points
without label will be set as outliers.

2.3 Clustering scores

With a labeled data set it is possible to compare the cluster labels with the ground
truth labels. This is not the case with unlabeled data. Instead other measures
must be considered when deciding whether a specific clustering is good or not. The
clustering methods have different ways to decide what is the best clustering given
the parameters and method used, but to compare different parameters and even
different clustering methods, more general clustering scores are needed. In this
section three different clustering scores for unlabeled data are described. In general,
they check if the points in the same cluster are close to each other, and that the
points in different clusters are far from each other, but this is done in different ways.
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2. Theory

2.3.1 Silhouette score
The silhouette coefficient for each sample i is calculated from the mean intra-cluster
distance (ai), which is the mean distance to other samples in the same cluster as
sample i, and the mean nearest-cluster distance (bi), which is the mean distance
from sample i to all samples in the nearest other cluster [15]. Any distance measure
can be used to calculate these distances. Using the calculated values of ai and bi,
the silhouette coefficient si for sample i is obtained from

si = bi − ai

max(ai, bi)
. (2.4)

The coefficient can take values between −1 and 1 where close to 1 is a good clustering
with dense clusters and far between different clusters, while a value below 0 indicates
that sample i might belong to the wrong cluster. To get a silhouette score for the
whole set, it is common to use the mean of all silhouette coefficients for different
data points.

2.3.2 Calinski-Harabasz score
Calinski-Harabasz score is also called Variance Ratio Criterion, due to it being
defined as the ratio of the between-clusters dispersion mean and the within-cluster
dispersion [15].

Let E be the set of data points with nE points and k be the number of clusters
the points are clustered into. If Cq is the set of points in cluster q, cq and cE the
center of cluster q and the data set E respectively, and nq the number of points in
the cluster q. Then the between-clusters dispersion matrix, Bk, is defined as

Bk =
k∑

q=1
nq(cq − cE)(cq − cE)T (2.5)

while the within-cluster dispersion matrix, Wk, is defined as

Wk =
k∑

q=1

∑
x∈Cq

(x − cq)(x − cq)T . (2.6)

Using these matrices the Calinski-Harabasz score s is defined as

s = tr(Bk)
tr(Wk)

· nE − k

k − 1
. (2.7)

Higher between-clusters dispersion and lower within-cluster dispersion indicates that
the data set is well clustered, and will give a high value of s. No maximum value
exists for this value. All values in Wk and Bk are positive due to the square in their
definitions, see equation 2.5 and 2.6. The number of clusters must be positive and
never higher than the number of data points to be feasible. This means that the
value of s never goes below 0.
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2. Theory

2.3.3 Davies-Bouldin score
The Davies-Bouldin score [15] measures the average similarity between clusters. In
practise, this is a comparison between the distance between clusters and the size of
the clusters. It compares each cluster i with the most similar other cluster, j. For
each cluster the cluster diameter si is calculated with Euclidean distance,

si = 1
ni

∑
x∈Vi

∥x − ci∥2 (2.8)

where Vi is the set of all points in cluster i, ci is the center point of cluster i and
ni is the number of points in the cluster. Additionally, for each pair of clusters, the
distance between the cluster centroids is calculated such that

dij = ∥ci − cj∥2.

Together this gives a similarity for each pair of clusters,

Rij = si + sj

dij

and the Davies-Bouldin score, s, is finally defined as

s = 1
k

k∑
i=1

max
i ̸=j

Rij

where k is the number of clusters. The perfect score is 0 and lower scores in general
indicates a better clustering than higher scores.
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3
Methods

In this chapter the method is described of how to investigate how the behavior in
routine driving scenarios is mirrored in the behaviour of the driver in a near-collision
event. The data set is processed and analysed in different ways to extract as much
information as possible about the correlation between the behaviour at routine and
critical driving situations. The chapter is divided in three different sections. The
first section decribes the data set, the second section describes the preprocessing
steps and the last section describes the different data analysis methods that was
applied to the processed data set.

3.1 Description of data
The data set used in this thesis consists of data collected during development of the
Advanced Driver Assistance Systems (ADAS). The data consists of many different
signals combined into multivariate time series. Collection of data is done using many
different subsystems, and different subsystems have different standards of how often
the value for the signal is collected. Therefore there are different frequencies of time
stamps for different signals.

The signals are measurable things from the car, such as velocity, pedal movements,
steering angles and wiper status. In addition there exists detailed information about
the vehicle in front, the object data, which describes if any vehicle is detected in front
of the own car and many details about this potential target. The information in the
signals are represented in three different ways. Some are discrete where each number
represents a different state such as if the brake pedal is pressed or not, or how often
the wipers are set to move. Some signals are fully continuous. Velocity belongs to
this category. The third category is signals that are sometimes continuous, but also
has a default value if no real value exists for the moment. The object data is included
here. If no target exists the default value will be used, but while a target does exist
some values such as the velocity of or distance to the object will be continuous.

The object data is the main reason to use this data set when looking at forward
collision related topics, but the extent of other signals that could be of interest when
analysing a drive live is also a contributing factor. By working with the signals that
are always available in the cars, the utility of the findings of this thesis increases
since they can more easily be implemented in real cars. Another perk of this data

13



3. Methods

set is that it contains very many hours of driving, and all is done in real traffic
scenarios rather than on a test track.

For this specific research question, a downside of the data set is that it is collected by
only a few drivers and a few cars, which decreases the generalisability of the results
when the driver behaviour is in focus. It is also not labeled with which driver drove
which drive, only the car used. On the other hand, the data is collected in different
parts of the world, which increases the generalisability.

3.2 Preprocessing
Preprocessing, including data cleaning and feature engineering, is necessary to be
able to handle the large amount of information contained in each time series. A
motivation for why feature engineering is necessary instead of analysing the time
series as they are is given in the first subsection. Thereafter comes a description
of the different steps from having the full time series to having a manageable data
set that can be used for further analysis. Before this is done, the data is split in
two sets, one with all drives without any FCW event called the no-FCW set, and
one with all drives that has at least one FCW event called the FCW set. Fitting
parameters for different preprocessing steps will be done using the set without FCW
events, and the same parameters will be used when processing the other set.

Only a handful of the signals available in the data set will be used. The data
set consists of very many signals where some are very correlated and many are
unrelevant for this investigation of behaviour. A set of 33 signals was chosen for
this investigation. These signals are believed to cover enough information about the
actions of the driver, the car and the object in front that would be relevant in a
comparison of routine driving and near-collision events.

Before any other step can be made, the signals of each time series are interpolated to
have the same time stamps for all signals. A time step of 0.025 seconds was chosen
and at each time step each signal was assigned its latest registered value. For this
to work, the time series was set to start where all signals had registered at least
one value. Extrapolation is much more unreliable than interpolation. Therefore no
extrapolation was used, and the time series was ended where the first signal had its
last value.

3.2.1 Why feature engineering is necessary
When analysing data it is often necessary to have a measure of how similar two
different samples are. This is usually done by using a distance measure and say
that samples that have a small distance between each other are more similar than
samples with large distance between them. Distance between time series can be
calculated in different ways. The two most common methods are Dynamical Time
Warping (DTW) and Euclidean distance [16].

Euclidean distance is a continuation of the Euclidean distance for two vectors, but
here the values at each time step in one time series are compared with the values
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at the same time step in another time series. The total Euclidean distance between
two time series will be the sum of the Euclidean distances for each time step. This
requires the time series to be of the same length, which makes it impossible to
compare two drives of different length. This could be worked around by using
windows of a set length, but another problem remains. Comparing two identical
events that starts at different time steps in the two time series can give a very large
distance although they would be identical if aligned. Working with driving data it
would be preferable if these events where found to be equal.

Dynamic Time Warping [17], [18] does not require the time series to be of the same
length. The method can also handle events that are slightly shifted, due to the
methods ability to shift and squeeze sequences so that two time series could fit
better if only the speed and start of the events differ. However, one final problem is
present in both methods. DTW may be able to shift and squeeze, but it is not able
to change the order of events in a time series.

In the driving data used for this thesis, each drive consists of many different, natural
driving scenarios in different settings. If two different time series contain data from
the same driver, but the first series contains event A and B, and the second series
contains the same events but in opposite order, it would be preferable if the time
series are seen as quite similar. This is not the case for any of the common distance
measures for time series.

Instead of comparing the time series in their original form, it is possible to extract
information from a time series and save this as a single data point, caring less about
the order and more about characteristics. This allows simpler analysing tools to be
used when analysing the data since the data no longer consist of time series but of
ordinary multidimensional data points. How this is done in a representable way is
described in the following subsections.

3.2.2 Tsfresh – from time series to data points
Tsfresh [19] is a Python package that transforms a single or multivariate time series
of any length into a single data point by extracting features from the time series.
Tsfresh uses hundreds of different functions and apply these to each signal that
the time series is built from. Sometimes a function requires some parameter to
be set, and in this case the function will be applied to each signal several times,
one time for each parameter value. It is the combination of signal, function and
parameters that is seen as one feature. For example, the functions can be the mean
of all values in the time series, the number of times the value goes over a certain
threshold or the number of peaks. Combined with certain signals such as velocity
or amount of braking, a feature can be the mean velocity or the amount of time
the brake pedal is pressed more than 50 percent. Another feature would describe
the amount of time the brake pedal is pressed more than 20 percent, where it is
the same signal and function as before, but another parameter value. All values
obtained from all different combinations of functions, signals and parameters will be
combined as the coordinates for the new data point that is constructed to represent
the full time series. The tsfresh package has been well tested and thanks to its
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many different functions it represents time series well. The data points can later be
used together with ordinary data analysis tools intended for such data instead of
considering special methods created for time series.

For this thesis, the time series are of very different lengths due to the drives being
of different length. To make the data more comparable, a window of five minutes
is applied to all data such that the time series are cut in five minute pieces. The
input to tsfresh becomes these shorter time series windows, and the output is one
data point for each window.

3.2.3 Data cleaning
Some features might result in NaN-values, if the function is not well defined for the
time series data. After running tsfresh, all features which has a NaN value for any
data point are therefore removed to maintain the same dimension space for all data
points. All features that are constant for all files are also removed, since they do
not contribute with any new information. If kept they could cause problems if they
would contain floating errors that blow up when applying standardization later on.
A few other features was removed due to not being well suited for this kind of data,
and contributing too much to the high number of dimensions. These steps helps to
reduce the dimension of the data points to something more manageable.

Furthermore, some data points were also excluded. The data points corresponding
to the last window of each drive are removed since these windows have different
lengths than all other windows. All data points corresponding to windows where
no primary target was detected during the full window is also excluded. Finally all
data points from a drive containing a specific outlier is removed, since this outlier
indicates that something might be wrong with the data collection from this drive.

3.2.4 Principal component analysis
The functions used by tsfresh give very different range of values for different func-
tions. Therefore it is important to standardize the data to make all features more
comparable. This is done by subtracting the mean from each feature and divide by
its variance. This way all features will have mean 0 and variance 1.

Due to the curse of dimensionality, it is beneficial to reduce the number of dimensions
before applying any analysis methods on the data. A very common way to do this
is by using principal component analysis. To minimize the number of components
and still use a representable part of the total explained variance, the number of
components kept for later analysis is chosen based on the variance plot, shown in
Section 4.1.

3.2.5 Apply processing on the FCW set
When the preprocessing of the no-FCW set is finished, the same preprocessing is
applied to the FCW set, using the same mean, variation, feature choice and principal
components as was decided for the no-FCW set. If any NaN value remains in
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the data after all preprocessing is done, these data points are removed with the
motivation that they must be outliers or faulted in some way when they give error
where no sample in the no-FCW set gave error.

3.3 Data analysis
When the data transformation is done, the data can be analysed using different
data analysis tools. First the components are analysed to understand their meaning
and decide how much the dimension can be reduced before continuing with other
analysis. Thereafter, clustering is applied in different forms and fitted to the data
set to search for natural groups in the data and correlations in behaviour at routine
and critical driving situations. Lastly the correlation of data points corresponding
to windows in the same drive or of the same order is investigated.

3.3.1 Analysing components
The variance of different components are investigated to understand which compo-
nents contribute most to the distribution of data points. Lists of the top features for
the top components are analysed, and plots that show the distribution of points for
two components at a time are inspected to find how the components work together.

To understand what the different principal components stand for it is possible to
look at the coefficients for each feature in each component. A larger absolute value
of a coefficients means a bigger impact from that feature on that component. By
investigating which features have the highest coefficients for each component, it is
possible to translate what each component says about the data and get a better
understanding of what the shape of the data set tells.

3.3.2 Fitting the clustering methods
Three different clustering methods were applied to the data using the Python pack-
age sklearn [20]. The motivation to use clustering methods was to investigate if
any natural groups are represented in the data. These natural groups could be of
any form, and by using three different clustering methods, the chance of finding the
natural grouping increases. Here the focus lay on how the clustering methods were
fitted to the data set and which parameters were investigated. A detailed descrip-
tion of the clustering methods and what these parameters affect are presented in
Section 2.2.

3.3.2.1 k-means

k-means finds clusters of similar variance, given a few parameters. A description
of the method are presented in Section 2.2.1. The method was implemented using
the sklearn implementation of k-means. See the documentation [21] for information
about the implementation and the different parameters. A grid search was used to
decide which parameter values were best suited for the data set, using the values in
Table 3.1. The three clustering scores Silhouette score, Calinski-Harabasz score and
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Davies-Bouldin score was used to determine which parameters were best suited for
this data set. These three scores were optimized separately, which means that for
example the parameters for optimal Silhouette score might not be the same as the
parameters for optimal Calinski-Harabasz.

Table 3.1: Parameters tested for k-means. max_iter is the maximal number of
iterations for each initialization and n_init is the number of initializations. More
details about the different parameters can be found in the documentation [21].

max_iter 500, 1000, 2000
n_init 20, 40, 60
algorithm Full
n_clusters 2, 3, 4, 5, 6, 7, 8, 9, 10

3.3.2.2 Agglomerative clustering

Agglomerative clustering requires either a threshold or a number of clusters to be
chosen to decide when to stop the algorithm. Since a higher value of clusters are
not of interest, a parameter grid search was made to see which parameters are best
suitable for the data set used, including testing different numbers of clusters. To
determine which parameters are best suited for this data set, the three different
clustering scores Silhouette, Calinski-Harabasz and Davies-Bouldin was used. As
for k-means, these scores were optimized separately and could give different sets of
optimal parameters. For further information about the implementation and possible
parameters, see the documentation from sklearn [22]. Table 3.2 shows the parame-
ters included in the parameter grid search when applying agglomerative clustering
on the data points without any FCW events.

Table 3.2: Parameters tested for Agglomerative Clustering

Linkage Ward, Average, Single, Complete
Affinity Euclidean, Manhattan
n_clusters 2, 3, 4, 5, 6, 7, 8, 9, 10

3.3.2.3 DBSCAN

Due to DBSCAN’s ability to find only one cluster, no parameter grid search was
used for this method. The clustering scores used for k-means and agglomerative
clustering are not well suited for a clustering where some data points are labeled as
outliers. They also do not work for only one cluster, hence ignoring the outliers is
not enough. Comparing different parameters for DBSCAN would require some kind
of score of which is best, but since this is not available the parameters was chosen
in a different way.

With a set value for the minimal number of samples k, it is possible to find a suitable
value for the radius ϵ. The value of k was set to be two times the dimension of the
samples. Using this value the following steps were needed to set the value for ϵ.
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First, for each point, the distance to the kth nearest neighbour was calculated, with
the point itself counting as the first nearest neighbour. These distances were sorted
in ascending order and plotted. From this plot the value of ϵ can be chosen by the
elbow method. This means that ϵ is the value where the derivative of the ascending
distances abruptly changes. The idea is that data points with further distance to
their kth nearest neighbour should not be seen as core points but rather be in the
fringe of a cluster or be marked as outliers since they are in areas of distinctly
different density.

3.3.3 Classification and validation on the FCW set
After clustering on the data points from the no-FCW data set, the data points
from the FCW data set was classified by using k-Nearest Neighbours (kNN) with
k = 1. This means that for each data point p in the FCW set, the closest neighbour
from the no-FCW set was found, and the label of this neighbour became the label
of data point p as well. For a higher value of k, the label will be chosen as the
most common label among the k nearest neighbours. k = 1 was chosen with the
motivation that the data set is very large. The clustering scores for the labeled
FCW set are calculated to compare with the scores from the no-FCW set. If both
scores are similar and good this means that the clusters exists in both sets and the
result is generalisable. If the result is much worse for the FCW set, this means that
the clustering is overfitted on the no-FCW set and not generalisable to other drives.

3.3.4 Comparing clustering of data points and time series
Since an FCW event only make up a very small part of the full window the data
point represent, a further investigation of clustering and the correlation of routine
and critical driving behaviour was made. Time series containing 5 seconds before
and after the first FCW event in each time series was extracted.

First the event time series was given the label of the data point corresponding to
the window where the event occured, after these data points had been classified
using kNN as described in the previous subsection. Silhouette score using DTW as
distance measure was used to find how well clustered the events were using these
cluster labels.

Clustering was also applied directly on the event time series. k-means could not be
used since it is not suitable for time series and uses Euclidean distance by definition.
Agglomerative clustering was used following the same procedure as explained in Sec-
tion 3.3.2.2, but with DTW as affinity, and Ward linkage which requires Euclidean
distance was excluded. DBSCAN was also used with DTW as distance measure.
Only Silhouette score allows other distance measures than Euclidean, and hence
this was the only score used for the time series.

After clustering the event time series, the FCW set was classified. All windows from
the same drive was given the same label, decided by the label of the first event in
that drive. Thereafter kNN with k = 1 was used to classify the data points in the
no-FCW set.
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3.3.5 Correlation of windows
The correlations of different windows, either with same order or from the same file,
was investigated. Plots showing where the first and last window for each file are
located compared to other windows show if starting and stopping give any unwanted
or unexpected results. The correlation regarding in which part of the world the data
was collected was also explored.
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Results

The results are presented in this chapter, divided in different sections based on
topic. First the variance of different components are presented and a choice is made
of how many components will be used for the other analysis steps. The information
contained in the top components are investigated in the next section. Thereafter the
clustering results are presented, first the results from clustering on the data points
in the no-FCW set, and after that the results from when clustering on the event
time series. The last section shows results regarding sensitivity to situations.

4.1 Eigenvalues for principal components
In order to reduce the dimension the variance of different components are investi-
gated. In Figure 4.1 two different plots are shown. The left plot shows the variance
of the different principal component vectors sorted in descending order. The vari-
ance for the first component is large, but the variance decreases quickly for the
first components and stabilizes at a quite low value where it is almost constant in
comparison.

In the right plot however, the cumulative explained variance ratio is plotted. This
shows that the first ten components make up a third of the total explained variance.
The cumulative sum is flattened for higher number of components and becomes al-
most linear, which indicates even further that the variance become close to constant
for later components.

These plots together indicate that the remaining components consist of noise with
low variance, but due to the high dimension they still make up a large part of the
total variance. For continued analysis 60% of the total explained variance ratio, and
hence the first 53 components, was decided upon to use as a golden road between
keeping enough information and trying to exclude as much noise as possible.

4.2 Interpretation of components
In Figure 4.2 the data points are plotted for four different component planes. These
plots show the data points divided in three different categories. The two sets with
and without FCW events in the drives are shown, but the FCW set is divided in two
parts. One for all data points corresponding to windows without any actual FCW
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Figure 4.1: Variance of different principal components. The variance rapidly de-
creases for the first components and stabilizes at a low variance. The same behaviour
is visible in the cumulative explained variance ratio, where the first 10 components
make up a third of the total variance, while 53 components make up 60%.

event, and one for those with at least one event in their window. The plots show
that the distribution for these three sets are very similar. The difference in variance
is only a consequence of the difference in size of the sets. It also noticable that no
distinct clusters can be seen in the first components, except for component 5 and 6
where a few data points builds a cluster seperate from all other points.

The coefficients for each of the top eight components were analysed to see which
features contribute the most to each component. An interpretation was made based
on these top features for each component, to see what each component might explain.
The result is showed in compact form in Table 4.1 and further elaborated here.

In component 0 a high value indicates a high complexity of the features describing
the presence of a primary target and also a high variance in the velocity of the own
car. This means in practise that if the scenario switches often between having a
primary target and not having a primary target in the time window the data point
represents, than component 0 will have a high value. If only a few changes between
these two states occur, the value will be low.

Component 1 has high value if the values related to the primary target is different
in the start and end of the time window and is therefore not of much interest for this
type of data where the window of each data point often contains several different
scenarios in different orders.

The next three components are easier to interpret. A high value in component
2 indicates that steering is a prominent part of the window, and a high value of
component 3 means high velocity while a low value indicates that the driver hits the
brake. The next component describes the weather. A high value for this component
indicates that it is raining or snowing.

Component 5 and 6 are related to the country in which the data is collected, because
different countries uses different units of speed. This is visible in Figure 4.3 where
the distribution of data collected in the US has a tail of higher values for both
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Figure 4.2: Distribution of data for different component pairs. The blue points are
data points from the set of drives without any FCW events. The yellow and green
points are both data points from the set with drives that has at least one FCW
event. Yellow are the data points in this set that corresponds to windows where no
event occured. Green are the data points corresponding to windows with an actual
event. Note that none of the plots show any clear separation between different types
of windows. This was true for all investigated components.

components, while the data collected in EU is more concentrated. This has to
do with the representation of the information. The signal that is used here gives
information of the unit of the speed limit. It has a default value which is km/h, but
when it sees a speed limit sign, it detects which unit should be used for this sign.
This means that in EU this value never changes since the real value is the same as
the default value. In US however, the default and non-default value is different and
the signal will switch between these values when it sees a sign or goes back to the
default value. Therefore the variance for the drives in US is higher than the variance
for drives in EU. The components are also correlated with usage of the Active Cruise
Control function which explains why there is still some variance for the drives in
EU. The difference between the components are hard to distinguish when looking
at the coefficients.

Finally, the last component analysed further is component 7. Similar to component
0 this component seems to have higher values when the situation varies between
having and not having a primary target. However, difference in acceleration does
not seem to have a big impact here, instead a decrease in velocity contributes. This
can be interpreted as component 7 has high values when the car is driving on a
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Figure 4.3: Distribution of data collected in US and EU respectively shown for
component 5 and 6. Note that for both components the data collected in US has
a tail of higher values while the data collected in EU is more concentrated. This
is clearly visable in the two histograms describing the distribution of points. The
reason for this difference, is tied to how the information about the country in this
specific signal is stored.

country road and follows another car, while component 0 has high values for cars
that are driving in cities with cars in front that often slows down for different reasons
as happens in city traffic.

4.3 Clustering windows of routine driving and
validating on event data

The results from applying different clustering methods to the data points is presented
in this section. The optimal parameters and corresponding scores are presented for
the different clustering methods k-means, agglomerative clustering and DBSCAN.
The scores for the different methods are compared, and the result is validated on
the drives containing FCW events and also on short time series around the specific
events.
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Table 4.1: Interpretation of the top eigth components based on their coefficients.
Data points corresponding to windows fitting the description will have a high value
for that component. The last column gives some examples of important features for
each component. These features will have high valued coefficients.

Nr Description Feautures with high coefficients
0 Switching between having and

not having a vehicle in front.
High variance in velocity and ac-
celeration.

Standard deviation of time to col-
lision. Longitudinal position of
primary target. Ratio of required
negative acceleration, and ratio of
acceleration, above six times the
standard deviation.

1 Having an object in front either in
start or end of window, not both.

Linear trend of object data

2 High amount of steering. Mean absolute change of Pinion
Steer Angle. Standard Deviation
of Yaw Rate.

3 High velocity and small amount
of braking.

Mean, median and sum of values
for velocity. Negative mean, neg-
ative median and negative sum of
values for when the brake pedal is
pressed.

4 It is raining or snowing. Maximum speed of wipers. Mean
of wiper speed.

5 Car is driving in US and partly
uses Active Cruise Control.

Features relating to activation of
Active Cruise Control and having
miles per hour as speed unit.

6 Car is not driving in US and
partly uses Active Cruise Control.

Features relating to activation of
Active Cruise Control and not
having miles per hour as speed
unit.

7 Switching between having and
not having a vehicle in front. De-
creasing velocity.

Negative autocorrelation of differ-
ent signals connected to the pri-
mary target. Kurtosis of velocity.

4.3.1 Parameters and results for k-means

The parameter search for k-means gave the results in Table 4.2. The Silhouette
score and Calinski-Harabasz score were both highest for 2 clusters using 20 different
initializations to average over. They differ though in number of iterations each
run wanted to use. While Calinski-Harabasz preferred 500 iterations, Silhouette
preferred 2000 iterations. The Davies-Bouldin score also chose 2000 iterations, but
the number of initializations was set to 40 and the number of clusters to 3 for the
highest score.
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Table 4.2: Parameters for k-means when optimized for the three different scores
separately.

max_iter n_init n_clusters Score
Silhouette 2000 20 2 0.183030
Calinski-Harabasz 500 20 2 297.278
Davies-Bouldin 2000 40 3 2.43942

4.3.2 Parameters and results for agglomerative clustering
For agglomerative clustering, all scores agree that Euclidean is the best affinity
measure and that two clusters is the best choice, as seen in Table 4.3. The linkage
however differs. While both Silhouette and Davies-Bouldin give highest values when
the Average linkage is used, Calinski-Harabasz gives higher value when using the
Ward linkage.

Table 4.3: Parameters for agglomerative clustering that gives the best score for
each clustering score.

linkage affinity n_clusters
Silhouette Average Euclidean 2
Calinski-Harabasz Ward Euclidean 2
Davies-Bouldin Average Euclidean 2

The Average linkage gives a cluster containing only one datapoint while all other
samples are one big cluster. For the Ward linkage, the smaller cluster has a few
more points and consist of the small group of outliers in component 5 excluding the
point with very different value in component 4, see Figure 4.4.

4.3.3 Parameters and results for DBSCAN
For DBSCAN the minimal number of samples k was chosen to be two times the
dimension, which gives k = 2 · 53 = 106. The range ϵ was obtained by the elbow
method as described in Section 3.3.2.3 and is chosen to ϵ = 12. See Figure 4.5
where the distance to the kth nearest neighbour for each data point is plotted in
ascending order. The value of ϵ was chosen as the point where the curve changes
most drastically and has the best chance of avoiding setting outliers as core points.
Running DBSCAN with these parameters generates only one cluster with some
outliers.

4.3.4 Comparison of results for different clustering methods
The best scores achieved from k-means and agglomerative clustering are shown in
Table 4.4. Since DBSCAN only finds one cluster, the different clustering scores are
not applicable.
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Figure 4.4: The clusters from agglomerative clustering with Ward linkage, Eu-
clidean affinity and 2 clusters, in the plane of component 4 and 5.

The results obtained from clustering the data points in the no-FCW set with only
routine driving indicates that no natural groups can be found in the data set. A
good result would be a Silhouette score close to 1, a Davies-Bouldin score close to 0
and a Calinski-Harabasz score close to infinity. The scores obtained from k-means
are far from optimal. For agglomerative clustering the Silhouette score and Davies-
Bouldin score are much better than for k-means when optimising the parameters
for these scores, but these parameters give two clusters where one of them contains
only one data point. This further indicates that the algorithm would choose to have
only one cluster if it was allowed to, and only finds clusters because it is forced to,
not because these are natural groups of interest in the data. That DBSCAN only
finds one cluster strengthens this statement.

Table 4.4: Best clustering scores when optimizing for each method and each clus-
tering score separately. DBSCAN gives one cluster and the scores are hence not
applicable.

k-means Agglomerative DBSCAN
Silhouette 0.183030 0.915645 -
Calinski-Harabasz 297.278 287.999 -
Davies-Bouldin 2.43942 0.058359 -

4.3.5 Classification of and validation on the FCW set
The FCW set was used to validate the results of the clustering of the no-FCW set
with routine driving. The classification method kNN with k = 1 was used to decide
which cluster each new data point in the FCW set should belong to, based on the
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Figure 4.5: Distance to the kth nearest neighbour of each datapoint, sorted in
ascending order. k = 106 which is two times the dimension. Epsilon is chosen by
the elbow method, which gives ϵ = 12.

clustering labels for the data points in the no-FCW set. These labels were different
depending on which clustering method was used and which score was optimized
when deciding the parameters. For k-means and agglomerative clustering this gives
three different scenarios each, one for each clustering score. After classifying the
FCW set, the same score was calculated for the labeled FCW set as was optimized
for the corresponding no-FCW clustering. The results are presented in Table 4.5.
Note that the scores without value in Table 4.5 is based on the clustering where
one cluster only contained one data point and the rest of the points belonged to the
other cluster. No data point in the FCW set was closer to this outlier than to any
other data point and hence all from this set was labeled as the same cluster.

Comparing the scores for the FCW set with the scores for the no-FCW set, it is
clear that the results are worse for this set than for the routine driving. Most
noticable is that the Calinski-Harabasz score is much lower for this set for both
clustering methods. This indicates that the clusters found in the no-FCW set do
not generalise well to other drives.

Table 4.5: Scores for the FCW set, when classifying the data based on clustering
on no-FCW set optimized for the corresponding score. No value means that all data
points in the set belongs to the same cluster.

k-means Agglomerative
Silhouette 0.112472 -
Calinski-Harabasz 21.1538 57.9246
Davies-Bouldin 3.06631 -
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4.3.6 Classification of FCW event time series
A final validation of the clustering on the routine driving data was done on the
time series around the events, as described in Section 3.3.4. Table 4.6 shows the
Silhouette score when using DTW distance for these event time series. The label of
each event is assumed to be the label that was set for the data point corresponding
to the window in which the event is contained. Note that the Silhouette score is
close to zero for all combinations where more than one cluster is represented. Hence
there is no pattern in the event time series that corresponds to the given clustering
labels.

Table 4.6: Silhouette score for event time series, based on clustering indices de-
cided by clustering the no-FCW set, classifying the FCW set and classifying the
events based on which window they are contained in. The columns represent which
clustering method was used, and each row represent which score was optimised when
choosing parameters for the clustering method. All scores presented are Silhouette
scores since Calinski-Harabasz and Davies-Boulding not are applicable on time se-
ries.

Agglomerative k-means
Silhouette optimized - −0.00168688
Calinski-Harabasz optimized 0.01159931 0.00766757
Davies-Bouldin optimized - 0.00149114

4.4 Clustering event time series and validating on
data points

The results from the opposite direction of clustering is presented in this section. Only
Silhouette score is applicable for time series since it is the only score allowing DTW
as distance measure. Since k-means requires Euclidean distance, only agglomerative
clustering and DBSCAN are used.

4.4.1 Parameters and results for agglomerative clustering
and DBSCAN

For agglomerative clustering, the parameters giving highest Silhouette score was to
use Average linkage and two clusters. This gave a score of 0.415672. The clusters
consist of 74 and 92 events respectively which is much more evenly distributed than
the clusters obtained when clustering on the data points.

For DBSCAN, when setting k = 66 since that is two times the dimension, the elbow
method gives ϵ = 2550 as seen in Figure 4.6. These parameters give only one cluster
with 93 events and 75 outliers.
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Figure 4.6: DTW distance to the kth nearest neighbour of each datapoint, sorted
in ascending order. k = 33 and 66 respectively which is one and two times the
dimension. Epsilon is chosen by the elbow method, which gives ϵ = 12.

Figure 4.7: Distribution of the two clusters obtained when classifying drives with
FCW events based on the agglomerative clustering of the event time series.
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Figure 4.8: Distribution of the two clusters obtained when classifying drives with-
out FCW events based on the agglomerative clustering of the event time series.

4.4.2 Classification of drives including FCW events

In the FCW set, all data points from the same drive was given the same label,
decided by the label of the first event in that drive. Euclidean distance was used to
determine the distance between the data points. With this procedure, the Silhouette
score for the FCW set became 0.00415998. A Silhouette score close to zero indicates
that the clusters are indistinct, and this is also visible for all the top components.
In Figure 4.7 the first two components are shown as example. Note that both the
yellow and the blue cluster has approximately the same distribution. This is true
for all the explored components.

4.4.3 Classification of drives with no event

The data points in the no-FCW set were labeled using kNN with k = 1. For each
point, the closest neighbour from the labeled FCW set was found, and the label
copied. Euclidean distance was used to determine distances between data points
and the Silhouette score obtained for the no-FCW set was 0.008056. The score is
slightly higher than the score for the drives with an FCW event, but it is still close
to zero. This indicates that the clusters are indistinct for this set as well, which
is also visible for all the top components. In Figure 4.8 the first two components
are shown as example. The distribution of the two clusters are approximately the
same and hence the clusters not well seperated. This is true for all the explored
components.
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4.5 Sensitivity of situations
Shown in Figure 4.9 is the distribution of datapoints with and without events when
not doing any cleaning of data except deleting features that are constant or contain
NaNs. Note that the data is seperated in two clusters, where the left cluster is much
more dense. All three kinds of windows are represented in both clusters, but only a
few of the windows containing an event is in the left cluster.

Figure 4.9: Distribution of data for component 0 and 1 when the only cleaning
made is to remove NaNs and constant features. The data is colour coded with data
points from the no-FCW set in blue and the data points from the FCW set in either
yellow or green. The green data points correspond to the windows that contains an
event, while the yellow points correspond to windows with no event although some
event happens during the same drive.

The same distribution is shown in Figure 4.10, but here the importance of having a
primary target becomes clear. Component 0 describes this feature very well, since
all windows in the left cluster are either last in their drive and/or has no primary
target. It is possible but not certain that the windows marked as outliers or last
windows in the left cluster also has no target. Only a few windows in the right
cluster are without target.

Figure 4.11 shows the importance of calculating all windows from time series of
the same length. In this plot the same cleaning as for the previous plot was used,
which does not include deleting the last window of each drive before applying PCA.
Therefore, the variance caused by different length of windows resulted in a com-
ponent solely describing the length of the windows. When all last windows was
removed before applying PCA, none of the top components showed any distinct
differences between last windows and other windows.
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Figure 4.10: The figures show the difference between the windows used for the
two different cleaning strategies, shown using the first two components from the
version with less cleaning. All windows from drives with and without events are
included and no distinction between them are made. The left cluster in the left plot
completely disappear when deleting all windows that has no target and/or are last
in their drive. The right plot shows which windows are kept with the other strategy.
A file with an outlier with strange behaviour in many components are also excluded
since it might be faulted.

In Figure 4.12 it is shown how the first window of each drive has a different distri-
bution than the windows of other order. In the first plot the simple cleaning was
applied before doing PCA, and component 1 clearly contains some property that
varies less for the first windows. The second plot shows results from when the full
cleaning described in Section 3.2.3 was applied before doing PCA. Here the main
cluster of first windows instead has higher variance than other windows.
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Figure 4.11: Distribution of data for component 1 and 2 before deleting the win-
dows with no primary target. Only data from drives without events are used and
the windows that are last in each drive is marked.
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Figure 4.12: The left plot shows the distribution of data for component 0 and 1
with small amount of cleaning. Only data from drives without events are used and
the windows that are last in each drive is marked. The right plot shows the same
thing but for component 5 and 6 when all cleaning is applied.
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This chapter aims to discuss and interpret the results presented in Chapter 4. In
the first section the choice of using only 60% of the total explained variance when
analysing the data is discussed. Thereafter the clustering results are explored and
a discussion of what could have influenced the cluster results follows. The conse-
quences of how information is represented in the signals are covered in next section.
Finally, some examples of possible future work is presented.

5.1 Information acquired from PCA
Before any conclusion can be drawn from the different principal components and
the clustering analysis done in Chapter 4, one first must assess the reasoning for
discarding a majority of generated components as done in this thesis. Looking at
Figure 4.1 one can see that the variance in each component drops significantly for
the first few components though as much as 53 components are needed to account
for just 60% of the overall variance in the data. 60% might be regarded as a quite
low threshold since it means that the remaining 40% of the variance is disregarded
completely. Though, it is important to consider the high dimensionality of the data,
combined with the fact that some features produced by tsfresh are not expected to
be of interest. These “low-priority” features are thus mostly thought to be noise
which, given the large amount of features, will have a significant contribution to the
overall variance. Therefore, the somewhat restrictive threshold is motivated.

5.2 Takeaways from the cluster analysis
The results obtained from clustering the data points in the set with only routine
driving, presented in Section 4.3, indicate that no natural groups can be found in
the data set. The scores obtained for the set of drives including at least one FCW
event further proves this, and applying the labels to the time series around each
event gave even worse results. This indicates that the characteristics that allowed
some forced clustering by k-means and agglomerative clustering in the routine data
did not have anything to do with the behaviour around near-collision events.

The attempt to cluster the time series around the event gave better results with more
even sizes of the two clusters and a higher Silhouette score, presented in Section 4.4.1.
However, translating the clusters to the data point representation once again showed
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no pattern between the behaviour around critical events and the behaviour in other
situations as shown in Figure 4.7 and 4.8. The clusters have approximately the same
distribution in all of the top components which indicates that the location of the
data points from a single drive can not tell which cluster the driver should belong to
when a near-collision event occurs, since both clusters are as likely for all component
values.

One explanation for this result, could be that no correlation actually exists between
the behaviour at routine driving and near-collision events. This would mean that
it is not possible to train a model that uses routine driving to predict behaviour at
critical events such as near-collisions and collisions, since any person could behave
in any way in a critical situation no matter how they behave in routine situations.
Training on only critical data from collisions and near-collision events could give a
better prediction of future critical events. That would however not be optimal, since
critical data only makes up a very small amount of the total driving time. Due to
this it would take a lot more time before the system would be able to adapt to a new
driver. It would also be beneficial if the model could adapt before the first critical
event occurs, but this is impossible if the model needs critical data to adapt.

5.3 Factors influencing the cluster analysis
Naturally, the lack of conclusive results regarding the connection between routine
driving and FCW events in this investigation raises several questions regarding the
methodology. For instance, one might argue that some other time window than 5
minutes should give a better result, or that a certain feature calculation should be
excluded based on some assumption of it being irrelevant. Furthermore, the dataset
itself includes several more signals not used in this project. An argument can be
made that some of these signals might have been of interest to this investigation.

A motivation behind the quite liberal inclusion of features in this investigation is to
be impartial to what combination of signal characteristics would be the most impor-
tant. It is still quite unclear how behavior during routine driving is coupled to the
behaviour in the small time frame just before a critical event or near-collision. Thus,
avoiding to introduce any bias regarding this would be beneficial. The downside to
including this many features is that too many features, with too little information
of interest, makes the data analysis more difficult. There is a higher risk of several
features being unimportant or linearly dependent of each other which is undesired.
In essence, the selected features are not expected to yield a good model as is, but
rather to help find out which of those features that might.

As for the choice of the time window of 5 minutes, it is hard to say if some other time
window would yield a significantly different result. An inherent aspect of analyzing
time series by the means of using aggregated values in this way is that for many
features, the sense of order between signal values is lost. For a simple feature such as
the mean of a time series for example, the concept of time is completely disregarded.
This is not true for every feature calculated over the signals, but it is a further source
of the problem discussed above, about the relevance of some features being difficult
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to assess. There is also a significant disconnection between two consecutive time
windows, which in some cases might pose a problem. While being neutral to in
which order certain events occur can benefit the comparison, there might also be a
loss of information between windows that could have been useful. One must in this
case consider the characteristic time for the phenomena of interest. As described in
Section 1.3, driving behaviour can be categorized into different levels. By choosing a
time window of 5 minutes, there is risk of losing information about phenomena that
span over longer times. The events with a shorter characteristic time on the other
hand, will become harder to detect in a longer window. This would be a further
source of noise which hinders the data analysis.

Another factor that was found which hindered the analysis, was tied to the choice
of using all time series data from start to finish, without first identifying the various
traffic situations encountered. After investigating the first few principal components
described in Table 4.1, it became clear that for these components, small variations
in behaviour were seemingly overshadowed by the variability of different traffic sit-
uations. Thus it became unfeasible to compare different drivers in this regard as
they might, and most likely will, encounter completely different traffic scenarios. It
cannot be ruled out that the variation seen in the transformed data is the result
of the variability in traffic situation, and how any reasonable driver would react in
such scenario. Thus, difference in behavior is very likely to have trivial explanations
such as that one driver encountered more traffic than some other, or that there was
a difference in speed limit. The possible actions to prevent these issues are discussed
further in Future work, Section 5.5.

Another possible explanation for the result could be the non-linearity of the data.
As PCA finds linearly correlated features, it does not help very well in trying to find
more complicated non-linear correlations. As discussed in Section 1.3, the timing of
brake reactions is not just dependent on some inherent reaction time of the driver.
The timing is also heavily dependent on other factors, some of which might be
non-linear combinations of the investigated features, but perhaps also features not
included in this study. Thus, these circumstances may hinder the clustering on the
data acquired from the PCA.

5.4 Representation of information
In signals that are continuous but have a default value as well, the default value is
often very different than the normal values. This is to avoid confusion, which is a
good thing in general, but it becomes a problem for the method in this investigation.
In the signals this means that the value changes drastically when switching between
default and not default, and the difference for different non-default values becomes
very tiny in comparison. When handling these signals in the same way as fully
continuous signals, this makes it easy to notice in the data when a target appears
and disappears, but very hard to notice the fine difference between close and way
too close.

Cleaning the data before applying tsfresh by making the signals more similar and
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comparable, and different states in each signal fairer in how they are represented,
could change the focus from the presentation to the actual information. This could
change which features becomes most important for the top components when we
run PCA on the cleaned signals. It is possible that this would help with dividing
the data more and reduce the amount of noise that is now included even among the
top components.

5.5 Future work
For future work, there are several options that can be investigated further and in
this section some alternatives are suggested which might be suitable.

A considerable problem discussed above is that the current data representation, and
the way the data is transformed, limits the ability to account for different traffic
situations. A way to circumvent this, could be to first try classifying predefined
traffic situations during routine driving, which could then be used to compare drivers
encountering the same scenario. This is reminiscent of trying to keep everything
constant except the variable under investigation; the variable being the driver in the
car and the traffic situation the thing to be constant. The question that remains
is how to classify these simpler situations and to know which situations carry the
most information about a driver’s behaviour during FCW events. A reasonable
hypothesis could be that the situations that most closely resembles those of FCW
events while still being regarded as routine driving could be useful.

Another option for future work, would be to use some other method of analysis and
not rely on feature extraction using tsfresh. This approach, however, is accompanied
with several new problems that must be solved. A suggestion could be to use
something like a Long-Short Term Memory (LSTM) network or some other recurrent
neural network for classification or regression of time series. LSTM networks have
been used in the past to classify driving data [23]–[25], though in this case it is
somewhat unclear what is desired in terms of which variable or quantity to classify
or fit. Looking at the problem from a machine learning perspective, the end-goal
for an FCW system is to classify whether a warning should be sent or not. The
predicament lies in that ground-truth data is difficult to acquire. This data is
needed for training such a system and it is difficult to determine a driver’s attitude
towards an issued warning without surveying. If one could better determine the
rate of collision warnings regarded as false positives or false negatives, that is, being
regarded as too early or too late, one could perhaps use this information when
training and verifying a proposed adaptive model in the future.

A third option could be to only use FCW events when evaluating the adaptation.
This is somewhat similar to the approach of finding a better tool for determining
true and false positives, as we are only looking at the short timeframe in the vicinity
of the FCW warning. Though, not making use of the routine driving behaviour
is accompanied with the issue discussed previously, about not being able to adapt
before an actual event has happened. It is also unclear how many FCW events
would have to be encountered before an adaptation can be made. This poses another
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problem, as FCW events occur rather infrequent. However, their value in terms of
useful information is very high in contrast to routine driving. Therefore, a suggestion
would be to use a combination of routine driving data while also giving previous
FCW events considerable attention when adapting FCW timings in the future.
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Conclusion

Given the signals and methods used in this investigation, no correlation could be
found between routine and critical driving behaviour. None of the clustering meth-
ods used found any clusters of relevance and the comparison of clustering scores for
the windows and the event time series showed that the forced patterns found in one
of the datasets did not translate well to the other.

The aim was to investigate if a correlation exists between routine and critical driving
behaviour, such that an adaptive model can be created that uses routine driving to
predict how the driver would react in a critical situation. With no such correlation
between driving states, it is not possible to create such an adaptive model. A further
investigation is needed to determine if changing the methodology or including more
or other information in the data set could give better results.

The investigation showed that the data set is very dependent on the situation, and
sensible to the different representations of information that different signals use.
A further knowledge of the traffic situation the car is currently in could help in
making the comparison more fair, and might make the behaviour of the driver more
prominent. Furthermore, cleaning the time series data more before using tsfresh
could be beneficial in preventing the signal representation from taking focus from
the actual information.
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