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Data Driven Lane Marker Filtering
A research on the capabilities of machine learning to replace hand-crafted heuristics
Johan Karlsson, Carl Lindström
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Many functions within the field of autonomous driving and advanced driver-assistance
systems require a solid estimation of the road ahead to operate properly, commonly
provided via a Kalman filter. The filter utilizes information from different sources in-
cluding perceived lane markers, under the assumption that these follow the traversed
lane, with minor Gaussian distributed deviations. Thus, any non-Gaussian devia-
tions or disturbances in the lane marker measurements must be rejected prior to the
filtering. A feasible but tedious method is to continuously check for noise corrupted
segments via hand-crafted heuristics, then truncate the lane markers such that these
parts are not passed to the filter. This thesis proposes a machine learning solution
for truncating the lane markers in the event of non-Gaussian disturbances, as a pos-
sible replacement to the hand-crafted heuristics. The thesis aims to investigate how
well the machine learning solution performs compared to the heuristic system, in
terms of resulting road geometry estimation, as well as finding the key characteris-
tics for a suitable algorithm in this application. Models based on Support Vector
Regression, Random Forest, Multilayer Perceptron and Long Short-Term Memory,
are trained and evaluated, based partly on their ability to return predictions close
to the corresponding annotations, but also on their resulting capability to aid the
Kalman filter. The training data consist of 220 real-life driving hours, automatically
annotated with adequate truncation spots, via a proposed method based on compar-
isons of lane markers and ground truth assessment. The Long Short-Term Memory
excels in both performance measures, closely followed by the Multilayer Perceptron.
The two types perform likewise, but the sequential understanding of the Long Short-
Term Memory eventually lets it surpass the others. All algorithms, except Support
Vector Regression, outperform the heuristic system, in terms of estimation quality
on the used test set. The thesis eventually contributes with a method for replacing
the hand-crafted heuristics with a machine learning model, with the potential to
enhance the road geometry estimation, as well as increased generalization capability
to new scenarios and other application areas.

Keywords: Machine Learning, Road Geometry Estimation, Autonomous Driving,
Advance Driver-Assistance Systems, Neural Networks, Lane Marker Filtering, Auto-
Annotation
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1
Introduction

This chapter will give an introduction to the fields of Autonomous Driving (AD)
and Advanced Driver-Assistance System (ADAS), as well as Road Geometry Fusion
(RGF). It also defines the purpose of the thesis, presents its contributions and the
related work studied. The chapter is eventually closed with an analysis of the
concerned ethical aspects and an outline for the remaining content of the report.

1.1 Background
The fields of AD and ADAS grew rapidly during the last decade and is continuing to
do so. The incentives to the development of these systems are many, but potential
safety improvements, enhanced driver convenience and increased sustainability are
perhaps the most significant [4]. According to the National Highway Traffic Safety
Administration, there were 37 461 fatal motor accidents on American roads in 2016.
Around 94% of these were caused by human errors or mistakes, such as the driver
being intoxicated, drowsy, distracted or inattentive [5]. With autonomous vehicles,
these types of accidents can potentially be avoided, meaning that 35 213 lives could
be saved every year in the U.S, based on the data from 2016.
ADAS can be seen as a subfield to AD, aiming not to replace the human driver,

but providing warnings and assistance based on the current traffic situation. Exam-
ples of such systems are Lane-Keeping Assistance (LKA), Adaptive Cruise Control
(ACC) and Forward Collision Avoidance (FCA) [6]. To ensure precision in both
AD and ADAS, it is crucial that these systems are informed of the host vehicle’s
surroundings, as for instance the shape of the road ahead. Information about the
road geometry can be obtained from several different sources, such as lane markers
and the movement of preceding vehicles, which are in turn perceived by the different
on-board sensors. Hence, an established method within the industry is to fuse the
information from these sources using a Kalman filter, as described in [7]. Such a
system, implemented in the context of road geometry estimation, will in this thesis
be referred to as a RGF system. The Kalman filter creates an estimation of the
road by fusing the sensor information with a model generated prediction, under the
assumption that the measurement disturbances are Gaussian distributed [8]. In this
application, this implies that the perceived lane markers and preceding vehicles are
assumed to follow the lane geometry, with Gaussian distributed deviations. For
the lane markers, this assumption holds for deviations caused by inaccuracies in
their placement and the measurement noise in the perceptive sensors. Still, the lane
markers may also deviate from the lane of interest when there is a highway exit in

1



1. Introduction

front, as shown in figure 1.1. Such deviations and other misleading markers can not
be considered Gaussian disturbances, which is why the Kalman filter fails to reject
them.

Figure 1.1: Highway exit in Florida, where the right lane marker, if continuing
straight ahead, is not following the lane of interest. Photo: [1], CC BY-SA 4.0

A feasible solution is to reject the non-Gaussian disturbances via handcrafted
heuristics, prior to the measurement update in the Kalman filter. The heuristics
contain logical gates, extracting information about the incoming lane markers by
checking them against various conditions. Based on which logical conditions that
are fulfilled and which gates that are passed, non-Gaussian disturbances can be
detected and eliminated, before entering the Kalman filter. Although this approach
works fairly well, the problem is that it requires a lot of engineering hours and the
hand-coded gates must be continuously redirected for newly discovered disturbances
and sensor updates.
However, the recent years’ evolution of computing power and data accessibility

allows for new types of solutions. Nowadays, data can be handled in greater volumes
and at higher speeds, which has lead to the development of new tools, especially
within the field of machine learning. As there typically exists a lot of valuable
data in the domain of ADAS, in form of driver logs with estimated ground truth
available, a possible replacement to the hand-coded gates could be a data-driven
machine learning algorithm. Given a sufficient amount of data with descriptive
features, the algorithm could potentially discover all relevant types of disturbances
itself and learn how to reject them. Not only would this save engineering hours,
but also cover up for disturbances not yet found or comprehended by the engineers.
In the event of sensor updates, no time-consuming system recalibration would be
required, but instead the machine learning algorithm would be retrained, which is
an automatic process.

2



1. Introduction

1.2 Purpose
This thesis aims to implement a machine learning algorithm, replacing the hand-
crafted heuristics rejecting non-Gaussian disturbances in the Road Geometry Fusion
filter, within an existing reference system. Even though this type of disturbances
occurs in the measurements of preceding vehicle movements as well, this thesis will
solely focus on the filtering of lane marker measurements. The functional domain of
the system is intended to be worldwide including both left- and right-hand traffic,
on roads with visible lane markers, and during weather conditions where that visi-
bility remains. Weather with acceptable visibility includes clear, cloudy and rainy
conditions, for both daily and nightly driving.
The thesis ought to answer how well, in terms of the resulting road geometry

estimation, a machine learning algorithm compared to handcrafted heuristics can
be used to reject non-Gaussian disturbances in lane marker measurements. It further
seeks to investigate what the key characteristics are for selecting a suitable machine
learning algorithm in this application.

1.3 Related work
Machine learning algorithms have successfully replaced handcrafted heuristics be-
fore, for instance in [9], where a neural network was able to outperform heuristic
algorithms with the objective of playing different board games. Although the appli-
cation is different from the setting of this thesis, it shows that a machine learning
algorithm has the potential to learn a specific task and eventually outperform hand-
crafted heuristics.
Previous work has also been done with machine learning algorithms in combination

with Kalman filtering. Attempts to improve the performance of a Kalman filter with
machine learning has for instance been completed successfully in [10]. In this project,
the filter is made adaptive to noise level changes, by continuous adjustments of the
filter parameters with a machine learning algorithm. The aim of this thesis is not to
control the filter itself, but adjusting the measurements prior to their entry in the
filter. Nevertheless, controlling the filter in this way could be an alternative solution
and is proof of the potential in this type of system chain.
As mentioned in section 1.1, the fields of AD and ADAS have grown a lot lately

and consequently a vast amount of research projects have been carried out within
detection and classification of lane markers. A review of different techniques for
road and lane marker detection is given in [11], which also suggests further use
of machine learning algorithms. It adds to the collection of works indicating that
machine learning has the potential to improve several AD and ADAS functions. An
example of a fruitful lane detection system that employs machine learning techniques
is [12]. In this project, a Convolutional Neural Network (CNN) is used together with
a Long Short-Term Memory (LSTM) to estimate the road geometry from camera
images. The LSTM algorithm is used in several similar applications, such as systems
for predicting the movement of other vehicles [13][14]. Although the aims of these
applications are different from this particular project, the environment of usage and

3



1. Introduction

data at hand are similar.
An extensive performance comparison of different machine learning algorithms in

different tasks has been done in [15]. The study shows that for regression tasks, Sup-
port Vector Machines, Neural Networks and Random Forest, are the most prominent
of the tested algorithms.
Recently, there have also been advancements in the field of neural filtering. Neural

filters are machine learning algorithms that are trained to interpret noisy measure-
ments and serve as an alternative to more conventional filter methods. There are
several examples of successful implementations of neural filters, for instance [16],
where it has been applied to reject noise in electroencephalogram signals. The de-
veloped neural filter manages to reduce both additive and multiplicative noise, with
good preservation of the signal characteristics. This project is an indication that a
neural filter could be a profitable replacement to the current heuristics. It is also
an inspiration for the methodology of developing a machine learning algorithm for
noise rejection.
In contrast to previously mentioned projects, [17] presents a method for robust

Kalman filtering, without involving machine learning. The proposed solution is
based on weighting each measurement, such that detected outliers are assigned a
lower weight and thereby less influence on the resulting estimation. The weights
are modeled as gamma-distributed variables and estimated via an Expectation-
maximization framework. As already discussed, this thesis aims to exploit a machine
learning solution, but the idea with weighted measurements could very well be in-
cluded in that. Another interesting project free of machine learning is [18], which
presents an alternative way of robust Kalman filtering, based on avoiding the as-
sumption of Gaussian noise only. The suggested solution is substantially different
from the intended approach of this thesis, but it is a good example showing that
machine learning and heuristics are not the only ways of improving the Kalman
filter.

1.4 Contribution
Instead of rejecting the non-Gaussian disturbances in the lane marker measurements
via hand-crafted heuristics, this thesis proposes a machine learning method, which is
less tedious and can enhance the filter performance even further. The method adds
to the list of possible combinations of machine learning and conventional filters,
which can be well transferred to other fields and applications.
As an alternative to the existing end-to-end machine learning systems for road

geometry estimation, this thesis suggests a modular solution. In contrast to the end-
to-end systems, the modular solution does not require that the user has access to the
complete product chain, from perceptive sensors to the road geometry estimation.
Lastly, the thesis contributes with a method that, based on collected ground truth

geometry, can auto annotate the disturbance-free sections of the perceived lane
markers. This allows for a supervised machine learning model to be trained on
the resulting data, which in turn, if trained successfully, can be used to perform
the task of rejecting disturbances. It is important to note that the quality of the
proposed annotation method has a considerable impact on the machine learning
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models’ filtering performance.

1.5 Ethical Aspects
The development and implementation of the machine learning algorithm has no
direct effect in terms of ethical or sustainable aspects. However, the algorithm is a
contribution to the advancement of autonomous vehicles and active safety systems,
which have or will have, a big impact on society.
As mentioned in section 1.1, 94% of the fatal motor accidents in the U.S during

2016, were caused by human errors. Since AD and ADAS systems can reduce or
potentially eliminate these errors, they can increase traffic safety and furthermore
supply the fulfillment of the third UN sustainability goal, regarding good health
and well-being [19]. Of course, this demands rigorous testing, which is yet another
technological area, subject to several ethical concerns.
Furthermore, while benefiting health through increased safety, autonomous vehi-

cles could also improve the overall convenience of transportation. Not only would
there be fewer cars on the roads, but they could also communicate and cooperate,
achieving smooth traffic flow and reduced traffic congestion. As a result, trans-
portation would be quicker and more convenient, allowing people to put time and
focus into other matters and potentially relieving stress. In the long run, improved
transportation capabilities could facilitate the control of urbanization, preventing
decay of smaller settlements and rural areas.
In terms of sustainability, autonomous vehicles allow for a considerable change to

transportation and infrastructure. Self-driving cars could facilitate shared owner-
ships and carpools, serving as a type of public transportation, in favor of increased
efficiency and utilization of each vehicle [4]. Hence, autonomous vehicles can be con-
sidered a valuable contribution to the ninth UN sustainability goal, about building
resilient infrastructure [19].
Unfortunately, not all consequences of bringing AD and ADAS to public vehicles

are positive. ADAS systems partially operate via warnings, but may also involve
interventions and control of the car, in order to avoid critical situations and acci-
dents. The access to the car controls is a prerequisite for these systems to work,
but can also be perceived as an inflict on human autonomy and freedom of choice.
Who to declare responsible in case of an accident involving a car with this type of
system is a question that remains to be answered. Similarly, there are no established
strategies or priorities, for facing multiple threat situations. The trolley problem is
often used as an example of such an ethical dilemma and is highly applicable to the
development of critical decision making in autonomous vehicles.
Another important aspect is the general impact of increased automation in society.

More and more daily tasks, such as driving to work, are being automated. This
diminishes the significance of the human individual and potentially leads to increased
unemployment, which can be psychologically harmful to society in several ways.
Furthermore, people may doubt the functioning of automation, consequently making
them feel unsafe in the presence of for instance autonomous vehicles. This matter
is aggravated for machine learning systems, as the functionality of these is typically
hard to validate.
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1.6 Thesis Outline
The work carried out in this thesis is presented according to the following structure.
Chapter 2 presents the background and theoretical concepts necessary for this the-
sis. Here concepts about classical machine learning and Artificial Neural Networks
(ANN) are presented, along with an introduction to Kalman filtering and the no-
tion of Road Geometry Fusion (RGF). Chapter 3 describes the methodology used
in the thesis. The chapter starts with an introduction to the proposed conceptual
system used for evaluation, and is followed by explanations of the methods applied
for processing and automatic annotation of the dataset. The chapter closes with a
brief description of the algorithms used in the thesis, along with the tools used for
evaluating them. In chapter 4, the results from evaluating the chosen methods are
presented. The chapter begins with results from evaluations on the annotated data
and is followed by simulations in the proposed conceptual system. The chapter ends
with results from evaluating the function used for annotating the dataset, as well as
a brief presentation of the time analysis performed on the algorithms. The results
are then analyzed and discussed in Chapter 5, together with a discussion of the
chosen methods and suggested topics for future work. Finally, Chapter 6 concludes
the findings in the thesis.
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2
Theory

This chapter intends to give a brief but sufficient presentation of the fundamental
theory that the method and discussion in this thesis are based on. The first section
gives an introduction to machine learning and covers different common practices
within the field. Following this, there are four sections that elaborate on the details
of four different algorithms. The chapter is then closed with two sections describing
general Kalman filtering and the Road Geometry Fusion (RGF) filter.

2.1 Introduction to Machine Learning Regression
Classic machine learning is usually divided into two subcategories, namely super-
vised and unsupervised learning. In supervised learning, a set of input vectors Xi

and their corresponding outputs Yi are provided by the user, and the algorithm
models the mapping function Y = f(X) which it can then use to predict the output
from unseen inputs. For unsupervised learning, no output examples are provided
and instead the algorithms are focused on information extraction from the available
data [20]. The supervised learning category is further divided into classification and
regression algorithms. Classification is for outputting distinct classes like “cat” or
“dog”, while regression is for outputting continuous values, like house prices [21][22].
This section is initiated with a brief description of a common problem within su-
pervised learning and then proceeds to describe how the performance of a machine
learning algorithm can be evaluated.

2.1.1 Overfitting and Underfitting
A common problem within machine learning is that the algorithms may adapt too
well to the training data, thus losing their ability to generalize and make correct
predictions from unseen data. It can be a consequence of having too much flexibility
in the model or having unbalanced training data, meaning that the training only
includes a subset of the cases or combinations of inputs that the algorithm will
face. In this particular case, this could for instance happen if the algorithm would
be trained solely on single-lane driving scenarios, making it deficient on highway
driving where there are multiple lanes.
The problem of fitting the prediction model too well to the training data is called

“overfitting”, which different algorithms suffer from to different extents. Hence,
the algorithms also have different ways of regularizing their prediction model and
dealing with this problem. However, a general way to prevent overfitting is to extend
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the training data set, such that its variance increases and forces the algorithm to
generalize. Still, the amount of data at hand is often limited and this solution only
works if the added data points are different from the existing ones, as only then
would the algorithm have to generalize further [23].
The opposite problem of overfitting is called “underfitting”, which occurs when

the model has insufficient capacity to fit to the training data. Finding the right
balance between overfitting and underfitting, which means matching the complexity
of the model to that of the task, is one of the main challenges in machine learning.
Of course, the model can also seem to fit the data poorly when there are not enough
data points available. To conclude, more data is always beneficial, but does not
guarantee an improvement if the model capacity is incorrect. The latter is a matter
of tuning, which is done differently for different algorithms [24].

2.1.2 Handling the Available Data
The purpose of supervised machine learning is to eventually have a model that can
output a prediction or an estimate, based on previously unseen data points. Thus,
when evaluating its performance to do so, it is important not to test it on the same
data it was given during the training process. This means that, before training,
the available data must be divided into separate sets for training and testing. For
successful training as well as a complete and fair test, it is important that both of
the individual sets are representative of the full dataset. Since the training process
benefits from increased amounts of data, it is desirable to maximize the size of the
training set, without disregarding the sets’ levels of representation. It is common to
assign about 75% of the data for training and 25% for testing, but the more data
that is available, the larger the proportion of the training set can be.
Developing a machine learning model usually consists of many iterations of train-

ing and testing, to find suitable parameters for the application. To make sure that
the development is not biased towards the test set, it is common practice to further
divide the training data into a training set and a validation set. The latter is used
instead of the test set during development, such that when the model is properly
tuned, it can be evaluated on the test set [20].
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2.1.3 Evaluation Metrics
The choice of metrics used to evaluate different machine learning algorithms is of
great importance as it influences how different characteristics in the model are val-
ued, and ultimately lies as a foundation for the choice of algorithm. For classification
problems, the most common evaluation metric is accuracy, i.e the ratio of correct
predictions out of total predictions made. However, for regression problems, this is
not a possible metric as there are no distinct classes. Instead, regression metrics are
constructed to tell how much the prediction deviates from the true value. Commonly
used regression metrics are Root Mean Squared Error (RMSE) and R2 score.

2.1.3.1 R2 Score

The R2 score, also known as coefficient of determination, is a regression metric
used to evaluate the performance of a model compared to a constant baseline. It
is defined as the proportion of variance in the dependent variable explained from
the independent variables, making it a suitable measure of successful predictions for
regression models [25]. The R2 score is given by,

R2 = 1−

∑
i

(yi − fi)2

∑
i

(yi − ȳ)2 (2.1)

where yi is the actual value, commonly known as target, and fi is the predicted
value. ȳ is the mean of the targets, and is given by,

ȳ = 1
n

n∑
i=1

yi. (2.2)

The score ranges from −∞ to 1, where 1 is the best possible score.

2.1.3.2 Root Mean Squared Error

The Root Mean Squared Error (RMSE) is a widely used evaluation metric for regres-
sion models which measures, as the name suggests, the square root of the averaged
squared prediction error. The RMSE is given by,

RMSE(f ,y) =

√√√√√ n∑
i=1

(fi − yi)2

n
, (2.3)

where yi is the actual value, also known as target, and fi is the predicted value. Since
the errors are squared before taking the average, the RMSE gives a high penalty on
large errors, making it useful for evaluating regression models were large errors are
undesirable.
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2.2 Random Forests

Decision Trees is a simple and intuitive, yet powerful machine learning algorithm,
which can be used for both regression and classification. Figure 2.1 shows a simple
decision tree, made to estimate the width of a lane, based on a few simple features.
Every node has a related condition and if the condition is fulfilled, the algorithm
continues along its right branch to the next node and condition, from the top and
down. The splitting condition at each node is automatically chosen such that the
variance of the resulting data subsets is minimized [22].

Figure 2.1: A simple decision tree estimating the width of the traversed lane. If
the condition at a node is fulfilled, the algorithm continues along its right branch.

As previously mentioned, overfitting is a common problem within machine learning
and decision trees are particularly sensitive to this. In a worst-case scenario, the
tree can develop one ending node (leaf node), for every training example. This
sensitivity has led to the development of Random Forest (RF), which is an extension
to Decision Trees with the aim to prevent overfitting. It is an ensemble, or a ”forest”,
containing several different decision trees. Every tree is based on a random subset of
the input features and sometimes, it is solely fitted to a random subset of the training
samples as well. This makes the trees different from one another and reduces their
mutual risk of overfitting. The output of the forest is computed as an aggregate of
every individual tree in the forest, which also limits the influence of any potentially
overfitted trees [26].
Preventing overfit of a RF algorithm is mainly about controlling the growth of

branches. The number of branches can either be restricted from the start (known
as pre-pruning) or reduced after training (known as post-pruning). There are a few
hyperparameters to control the pruning and the main two are the number of trees
to use, along with their maximum depth. It is also possible to control the number of
leaves and the minimum amount of training examples that must fall under each of
them. Another effective way of limiting the growth of the trees is to set a minimum
decrease in variance that a node must yield in order to grow [20].
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2.3 Support Vector Regression
Support Vector Regression (SVR) is a machine learning algorithm that is based on
fitting a hyperplane H to the data points xi. The hyperplane can then be used to
predict values from other sets of inputs. Finding the best weights w and bias b for
H(x) = wx+ b is a matter of solving the optimization problem

min
w

1
2 ||w||

2 + C
m∑
i=1

(ξi + ξ∗i )

subject to
yi − w · xi − b ≤ ε+ ξi

w · xi + b− yi ≤ ε+ ξ∗i
ξi, ξ

∗
i ≥ 0

(2.4)

where yi is the corresponding label to the sample xi, C and ε are tuning parameters
and ξ is an optional variable for softening the constraints. The problem of overfitting
is partially prevented by only adjusting the prediction model to errors above the
threshold ε, which is user-controlled. To regularize the algorithm even harder, it is
also possible to introduce soft constraints and tolerate deviations larger than ε to
an extent controlled via the hyperparameter C > 0. This parameter is inversely
proportional to the regularization strength, meaning that a small C allows for more
violations of ε [27].
Even though the hyperplane is a linear function, the algorithm can model complex

non-linear relations between input and output, thanks to the use of kernels. As
shown in [27], the problem in (2.4) can be reformulated as a dual problem, via
the so-called “Support Vector Expansion”. In this formulation, the weights in w
are described as dot products between the training samples xi. What the kernel
K(xi, xj) does, is that it computes the dot products in an alternative vector space,
to which the mapping can be non-linear. The idea is that, in contrast to the original
feature space, it is possible to fit a hyperplane to the points in the alternative space.
Different kernels compute the dot product in different ways and which kernel to
choose depends on the application. However, some of the most commonly used are

• Linear kernel
K(xi, xj) = xTi · xj (2.5)

• Polynomial kernel of degree d

K(xi, xj) = (αxTi xj + c)d (2.6)

• Sigmoid kernel
K(xi, xj) = tanh(βxTi xj + c) (2.7)

• Gaussian Radial Basis Function (RBF)

K(xi, xj) = exp−||xi − xj||
2

α2 (2.8)

where xi, xj are two different samples in X and α, β, c are tuning parameters of
the kernels. The first one is simple and fast but limited to simpler problems. The
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second is more advanced and for instance widely used within image processing.
Lastly, the third and fourth are general-purpose kernels, which are useful when the
data knowledge is limited [28][29].
Except for the choice of kernel and its settings, ε and C are the only hyperpa-

rameters that require tuning in SVR, which makes it relatively fast to get started
with.

2.4 Artificial Neural Networks
Artificial Neural Networkss (ANNs) are biologically inspired computational systems
that can learn to perform complex tasks by adapting several simpler computational
nodes, often referred to as neurons, to observed data. ANNs make up the foundation
of deep learning, and as been a heavily researched field in recent years, resulting in
several advances in the fields of image processing and speech recognition. For a
more comprehensive read about deep learning and the fundamentals in ANNs, the
reader is referred to the book “Deep Learning” by Ian Goodfellow, Yoshua Bengio
and Aaron Courville [24]. This chapter will introduce the ANN-related topics and
concepts used in this thesis.

2.4.1 Multilayer Perceptron
The Multilayer Perceptron (MLP) belongs to the class of feedforward Artificial Neu-
ral Networkss (ANNs) and consists of three or more layers of fully connected neu-
rons [30]. The connection between neurons in adjacent layers is defined by a set of
weights, a bias and an activation function. For a hidden layer in the network, the
output from the hidden neurons is computed as

h = g(WTx + c) (2.9)

where W is a matrix with the weights for the neurons in the layer, x is the output
from the previous layer, c is the vector of biases and g is the activation function
for this layer. The output from the hidden layer is then fed as input to the next
layer, creating a feedforward chain all the way to the output layer. The weights and
biases are then adjusted based on the output error, with the use of an optimization
algorithm. The number of layers in the network is usually referred to as the depth of
the model, which defines the length of the chain from input to output [24]. A deeper
network usually increases the flexibility of the model, allowing it to approximate
more complex functions, but with the cost of more parameters to train and thus an
increased computational time, as well as a higher risk for overfitting.

2.4.2 Activation functions
Activation functions are used in artificial neural networks to define the output of
a node, given some input. They act as a final gate in the neuron and are usually
designed to introduce non-linear transformations between the layers, to allow the
network to learn more complex patterns from the training data.
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2.4.2.1 Rectified Linear Activation Function

The Rectified Linear (ReL) activation function is one of the most commonly used
activation function in neural networks, and has been proven to accelerate training
time and improve the performance in several different applications [31][32][33][34].
It is mathematically given by,

h(i) = max(w(i)Tx, 0) =
{
w(i)Tx w(i)Tx > 0

0 else , (2.10)

where wi is the weights of layer i and x is the input from the previous layer. It is
activated for all output above 0, and otherwise saturate the output to exactly 0 [33].
The ReL function solves the problem of vanishing gradients in the activated paths of
the deep network, as the partial derivative of an activated ReL unit is 1. A potential
disadvantage of ReL units comes from the fact that the gradient is 0 for in-active
units during optimization. The weights of some units might thus never be adjusted
by the gradient-based optimization algorithm, as units that never activates initially
will not get their weights updated. Further, this could lead to slower training. To
solve this problem, a version called Leaky Rectified Linear (LReL) units can be used.
The leaky rectifier is instead given by,

h(i) = max(w(i)Tx, 0.01w(i)Tx) =
{

w(i)Tx w(i)Tx > 0
0.01w(i)Tx else . (2.11)

The LReL function is very similar to the original ReL function but allows a small,
positive gradient for in-active units.

2.4.2.2 Sigmoid Function

Another common activation function in artificial neural networks is the sigmoid
function, given mathematically by

σ(z) = 1
1 + e−z

, (2.12)

where z is the result of propagating the input through the layer. The result of
the sigmoid is then fed as input to the next layer, or as the network output when
used in the final output layer. It is specifically popular in classification problems as
it restricts the output to exist between 0 and 1, making it suitable for predicting
probabilities. Further, it is nonlinear, monotonic and continuously differentiable,
which are desirable properties for an activation function.

2.4.2.3 Hyperbolic Tangent Function

The hyperbolic tangent function, also known as tanh, is like the sigmoid function a
S-shaped function. It is defined as

tanh z = sinh z

cosh z
= ez − e−z

ez + e−z
, (2.13)

where in neural networks z is the output from the layer propagation. The result of
tanh(z) is mapped between -1 and 1 and is fed as input to the next layer, or used
as final output of the network.
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2.4.3 Loss function
When training a neural network, the weights and biases, also known as learnable
parameters, are updated based on some defined loss function that measures the
difference between the predicted values and the targets. In regression problems, the
loss is commonly defined as the Mean Squared Error (MSE), which is given by

MSE(f ,y) =

n∑
i=1

(fi − yi)2

n
(2.14)

where yi is the target and fi is the predicted value. The MSE is a widely used
loss function due to being simple, continuous and differentiable. It also has the key
characteristic of being especially sensitive to large errors, making a model trained
with MSE as loss function biased to reduce larger errors at the cost of many smaller
ones. This makes it a suitable loss function for this thesis, as automotive systems
are heavily safety-critical where large errors could risk the harm of human-beings.

2.4.4 Back-Propagation
During the training of a feedforward neural network, different input samples are
individually propagated through the network, which is a process called ”forward
propagation”. The output is then compared to the corresponding ground truth of
the training sample, which via the chosen loss function forms a scalar cost J(θ) as
a function of the trainable parameters θ. With ”back-propagation”, this cost or loss
is then processed backward through the network to compute the gradient ∇J(θ)
with respect to θ [35]. Knowing the gradient of J(θ), it can be optimized using for
instance gradient descent. Briefly explained, gradient descent stepwise adjusts θ in
the negative direction of the gradient, until ∇J(θ) ≈ 0 and an optimum has been
reached [24]. The next section will elaborate on the optimization of the loss function
and different methods for doing so.

2.4.5 Optimization
The goal during neural network training is to update the learnable parameters, θ,
of the network, such that the cost, J(θ), is significantly reduced. The algorithms
used for this differ from traditional optimization algorithms in many ways, partly
due to the fact that neural networks, and machine learning models in general, act
indirectly. In most settings, the goal is some performance measure P , from which
a different cost function J(θ) is reduced, with the assumption that minimizing J(θ)
will improve the performance P . Preferably, the goal of the machine learning model
should be to minimize the expected loss over the whole data distribution pdata,
contrary to just the training set. This measure is known as the risk, and is thus
given as

J∗(θ) = Ex,y∼pdata
L(f(x; θ), y). (2.15)

However, the whole distribution is not known in machine learning problems, as that
would be a pure optimization problem. The true distribution is instead replaced
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by the empirical distribution from the training samples, p̂(x, y). This is known as
minimizing the empirical risk and is given as

Ex,y∼p̂(x,y)[L(f(x; θ), y)] = 1
m

m∑
i=1
L(f(x(i); θ), y(i)), (2.16)

where m is the number of samples in the training set. The risk is then optimized
indirectly, by optimizing the empirical risk and hoping that the true risk decrease
as a result. As can be seen from this, it is of great importance that the training set
p̂(x, y) is an accurate distribution of the whole data-generating distribution pdata.
Further, it is also important to have a sufficiently large training set, in relation
to the complexity of the model to train. Models with higher capacity, such as
deep networks, are prone to overfitting, especially for smaller sets of training data.
The model can simply memorize the training samples and thus reduce the cost in
equation (2.16) significantly, but will generalize poorly to new unseen data. One
way of preventing this is to increase the training set, forcing the model to generalize
to more data and variance. In practice, the model is usually validated on subsets of
the dataset that are not available during the training of the algorithm, to identify
trends of overfitting.
One of the more recent and popular optimization algorithms used in deep learning

is the Adam optimization algorithm, proposed by Diederik Kingma and Jimmy Ba in
2015 [36]. It is an extension to the classical stochastic gradient descent and utilizes
separately adapting learning rates for each network weight. It has shown to work
very well in practice, and outperform other well-known adaptive learning methods
[36][37]. It is a common choice for deep learning and is the optimization method
used for training of all neural networks in this thesis as well.

2.4.6 Mini-Batch Gradient Descent
Gradient descent based optimization algorithms are commonly used for updating the
weights when training a neural network, and are often integrated and ready-to-use
in most popular machine learning libraries such as Scikit-learn and Keras. However,
when using these optimizers there is the choice of batch size. The batch size refers
to the number of training examples used in one iteration and can be altered to
change the learning behavior of the algorithm. Using a batch size of one, i.e one
training sample per iteration, is often referred to as stochastic gradient descent. This
variant is perhaps the easiest to understand and implement and can, depending on
the problem at hand, result in faster learning due to the high frequency of model
updates. There is also an added upside of getting an immediate response to the
model performance and its improvement rate. The noisy update process can help
in avoiding premature convergence, i.e getting stuck in local minima, but can also
make it hard for the algorithm to find a stable minimum to settle on. The high
update frequency is also computationally expensive on larger datasets as it requires
m model updates per complete cycle through the training data, where m is the
number of samples in the dataset. On the other side of the spectrum, there is the
method of using all available training samples for each model update, referred to as
batch gradient descent. It is more computationally efficient due to fewer updates and
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often results in a steadier convergence, due to a more stable gradient of the error.
However, this method has a risk of premature convergence, due to the more stable
error gradient. There is also an added complexity of accumulating the prediction
errors over the whole batch of samples, and is commonly implemented such that the
whole dataset is needed to fit in memory. This, together with large model updates,
makes it hard to use batch gradient descent for large datasets. The middle ground
between these two methods is to split the dataset into smaller batches to update
the model on, and is called mini-batch gradient descent. It is a trade-off between
the more robust stochastic gradient descent and the more efficient batch gradient
descent, that has proven to work well even for large datasets in the field of deep
learning. The method has the benefit of utilizing a more efficient update process
than the stochastic version, but has a higher update frequency and thus a more
robust convergence than the batch gradient descent. It also avoids the problem of
having to fit the entire training set in memory. However, the mini-batch gradient
descent adds the extra work of having to find a suitable mini-batch size. This can
be seen as an additional hyperparameter to the algorithm and can require a lot of
tuning before finding a suitable size. The parameter works as a slider between the
stochastic version and the full batch version where, in general, a smaller value will
result in a faster converging learning process with more noise, while a larger value
will have a slower convergence but with a more accurate and stable error gradient.
A good starting value is usually considered to be a mini-batch size of 32, which is
also the default value in the popular machine learning library Keras.
The batch size is typically chosen as a power of two, for instance, 32, 64, or 128.

This is done since both CPU and GPU computations can benefit from this in terms
of runtime, due to the functioning of their storage capacities [24]. As seen in several
well-known architectures, for instance VGG-16 and DenseNet-121, it is also common
to choose the number of neurons in a MLP this way.
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2.4.7 Long Short-Term Memory
It is not unusual to have problems where the data is in the form of time series,
meaning that the order of the data holds a lot of information. This is the case
when the state at a given time step is dependent on previous states. For example,
when predicting price changes of a stock, it is useful to know its price history, since it
usually follows a trend. Similarly, to determine whether the curvature of a perceived
lane marker at a given time step is reasonable or not, it may be convenient to know
the curvature from previous time steps.
Fortunately, there are special types of ANNs created to profit from sequential

information, namely Recurrent Neural Networks (RNNs). The simplest form of a
RNN is a network where parts of the output are continuously cycled back to its
input. This functionality is achieved through the architecture seen in figure 2.2,
which showcases two different illustrations of the same network. In the leftmost
illustration, the network is fed a sequence of inputs, but since the time steps are
actually processed one by one, the RNN can be unfolded into a sequential view,
shown to the right. The cycling or storage of information is done using a hidden
state ht, which is a function of the previous hidden state ht−1 and the input at time
step t, xt. The hidden state is computed as

ht = gh(Uxt + V ht−1 + bh) (2.17)

where U, V are weights, bh is a bias and gh is an activation function. Similarly, the
output ot is computed as

ot = go(Wht + bo) (2.18)

where go,W, bo are specific for the output layer. Depending on the application, the
user can choose to extract either one or multiple time steps of the output sequence
o.

Figure 2.2: The unfolding of a RNN, with weights U, V,W and hidden state h.
Furthermore, x is a sequence of inputs and o is the corresponding output sequence.
Figure: [2] CC BY-SA 4.0

In contrast to regular feedforward networks, the output of a RNN is dependent
on multiple inputs and thus multiple propagations through the network. Hence,
the corresponding prediction error of the output is an accumulation of several input
propagations. Furthermore, these propagations are mutually dependent, since the
input at a given time step contains the output from the former step. This is why
RNNs are trained using a special version of backpropagation, called Backpropagation
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Through Time (BPTT), which can be studied in detail in [38]. Just like regular
backpropagation, the idea in BPTT is to calculate the error gradient. For one
sequence, the gradient is equal to the sum of the gradients corresponding to each
time step, i.e

∂E

∂W
=
∑
t

∂Et
∂W

(2.19)

Due to the dependency between input and output, each of these individual gradients
has to be computed with respect to the error of previous time steps. For longer
sequences, this yields lengthy chain gradients that can lead to a problem known as
“vanishing or exploding gradients”, which in turn prevents the RNN of learning long
time dependencies [39].
However, Long Short-Term Memory (LSTM) is a more complex version of the

recurrent unit, which is able to deal with this problem [40]. The idea is based on the
addition of the cell state ct, which is somewhat similar to the hidden state ht. The
difference is that the cell state is not continuously updated in the same way. Instead,
the cell state content is handled by three different gates, usually called “forget gate”,
“input gate” and “output gate”. The gates are based on sigmoid activation functions,
which outputs corresponding vectors Ft, It, Ot, containing values between one and
zero that determines how much of each component to let through the gate. Figure
2.3 shows an overview of the LSTM architecture, with the gates marked as σ.

Figure 2.3: Unfolded view of the LSTM unit architecture. Figure: [3] CC BY-SA
4.0

The vectors Ft, It, Ot are computed as

Ft = σ(Wf · [ht−1 xt] + bf )
It = σ(Wi · [ht−1 xt] + bi)
Ot = σ(Wo · [ht−1 xt] + bo)

(2.20)

where Wf ,Wi,Wo are the weights and bf , bi, bo are the biases corresponding to the
different gates. Ft is responsible for what parts of the cell state to keep and what
parts to forget. It controls which parts of the new information that should be added
to the cell state. Together, Ft and It control the cell state content as

Ct = Ft · Ct−1 + It · tanh (Wc · [ht−1 xt] + bc) (2.21)
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where Wc and bc are the weights and bias corresponding to the cell state. Lastly, Ot

controls what to include in the hidden state ht as

ht = Ot · tanh (Ct) (2.22)

which is also the output of the LSTM unit. The LSTM is trained using BPTT just
like the RNN, but thanks to the gated memory (cell state), vanishing or exploding
gradients are avoided [41].
The complexity of the LSTM unit leads to a large number of parameters for bigger

and deeper architectures. The number of parameters p in the LSTM-layer grows with
the cell state size γ according to

p = 4(n · γ + γ2 + γ) (2.23)

where n is the number of input features. Hence, to add depth and increased capacity
to a LSTM based model, it is common to combine it with regular MLP layers as
done in [42] and [13]. The LSTM is then used as a tool to transform the temporal
information into features that can be interpreted and used by the MLP, in order
to perform the regression or classification task at hand [43]. To conclude, tuning a
LSTM model is mainly about choosing the appropriate size of the cell state ct and
how much of the sequential data history to include in the input. In case the LSTM
is combined with a MLP, the performance is of course heavily dependent on the
MLP tuning as well.
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2.5 Kalman Filtering
With the machine learning theory reviewed, this section focuses on the fundamen-
tals of the Kalman filter. As briefly described in section 1.1, the Kalman filter is a
Bayesian fusion algorithm, that fuses a model generated prediction with observed
measurements, to form an estimate Ŝt of the actual system state vector St. De-
pending on the quality of the predictive system model and the noise level in the
measurements, it is possible to tune the filter such that one of these two sources is
more influential on the resulting estimation than the other. This is done via the
process- and measurement noise, Q and R, where the most influence is given to the
source with the lowest noise level. The key assumption in Kalman filtering is that
both of these noises are Gaussian, which is why its ability to reject non-Gaussian
disturbances is limited.
The prediction generation and the fuse with observed measurements are performed

in two different steps, commonly called the prediction step and the update step. In
the prediction step, Ŝt|t−1 is computed based on the previous estimate Ŝt−1|t−1, via
the dynamical model

Ŝt|t−1 = D(St−1|t−1, ut−1) = AŜt−1|t−1 +But−1 (2.24)

where A,B are parameters of the model and ut−1 is the system input at time t −
1. The corresponding error covariance, i.e. the uncertainty of the prediction, is
estimated as

Pt|t−1 = APt−1|t−1A
T +Q (2.25)

where Pt−1|t−1 is the estimated error covariance of St−1|t−1.
In the update step, the prediction Ŝt|t−1 is updated or corrected, based on the

observed measurements at time t. This process is based on the measurement model
M(St), which maps the state vector St to corresponding measurements zt, as

zt = M(St) = HSt +R (2.26)

where H is a parameter of the measurement model. The update step is initiated by
computing the Kalman gain Kt as

Kt = Pt|t−1H
T (HPt|t−1H

t +R)−1, (2.27)

which determines to what degree the prediction shall be corrected based on the
observed measurement at time t. The estimation, or the update of the prediction,
is then computed as

Ŝt|t = Ŝt|t−1 +Kt(zt −HŜt|t−1). (2.28)
The error covariance of the estimation is also updated as

Pt|t = Pt|t−1 −KtHPt|t−1 (2.29)

before the entire process is repeated, starting with the prediction step. How to
initiate the algorithm with a starting estimation and error covariance, depends on
whether the initial system state is known or not. More about this matter and how
to deal with non-linear models is described in [8].
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2.6 Road Geometry Fusion
The idea of road geometry estimation is to estimate the shape of the road, using
observations from different sensors together with a mathematical model of the road.
The sensors used for observations usually include cameras, radars and lidars and the
observations are commonly processed through a perception algorithm to deliver more
useful information such as the location of lane markers and surrounding objects.
The concept of fusing such observations with a mathematical model of the road is
presented in [44], where a Bayesian fusion framework is used, and in [45] where an
extended Kalman filter is used. The notion of Road Geometry Fusion (RGF) will in
this thesis refer to the conceptual system shown in figure 2.4, where observations are
fused together with a mathematical road model in a Kalman filter. The reference
system used in this thesis is based on a RGF system of this type, where the decision
logic can be implemented using either hand-crafted heuristics or a machine learning
algorithm.

Figure 2.4: Conceptual overview of the RGF system used in this thesis. The
decision logic box is the hand-crafted heuristics rejecting non-Gaussian disturbances.
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This chapter begins with an overview of the concept and how the machine learning
algorithms will be used in the RGF reference system. Followed by this are de-
scriptions of the different methods used to train and develop the machine learning
models, as well as evaluating their performance. This includes information about
the dataset used in the thesis and the proposed method for annotating the data.

3.1 Concept Overview
As explained in section 1.1, there is a need to reject non-Gaussian disturbances in
the Road Geometry Fusion (RGF) system, since the Kalman filter is incapable of
this. One way to do this is to use hand-crafted heuristics, implemented as “decision
logic” in the RGF reference system, presented in section 2.6. The heuristics analyze
the incoming lane marker measurements and the findings are then used to process
the perceived lane markers, before passing them to the measurement update of the
Kalman filter. A simplified piece of such logic for detecting and handling the exit
in figure 1.1, could be
Algorithm 1: Example of simplified heuristics
Result: Boolean indicating if an exit is upcoming on the right side
deltaHeading = leftMarkerHeading - rightMarkerHeading;
if laneWidth60mAhead > laneWidth50mAhead AND deltaHeading < 0 then

upcomingExitOnRightSide = true;
followLeftMarkerOnly = true;

else
upcomingExitOnRightSide = false;
followLeftMarkerOnly = false;

end

This code utilizes information about the width of the lane and the heading of the
lane markers. If the width increases and the right lane marker deviates from the left
one, towards the right side, it is likely that there is an exit coming up. This is the
underlying logic in this simplified example, but of course, it is not robust enough to
work in a real-world application. The logic used in real-world applications are far
more advanced and intelligent, and can handle far more complicated scenarios with
high precision. However, such systems have the drawback of requiring a lot of work,
both to develop in the first place but also to maintain and continuously improve.
The idea of the new conceptual RGF system is to truncate the lane markers in
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the case of larger non-Gaussian disturbances. The distances at which to truncate
are referred to as the “reliable distances” of the left and right marker, which are
estimated using a machine learning algorithm that replaces the heuristics. After
truncation, the remaining parts are to be free of major non-Gaussian disturbances,
such that they can be passed to the Kalman filter, without violating its Gaussian
assumption. Any remaining deviations should be small enough to be adequately
approximated as Gaussian. An overview of the conceptual system, with the machine
learning subsystem marked in red, is shown in figure 3.1.

Figure 3.1: An overview of the conceptual RGF system, with the machine learning
subsystem marked in red.

The first step in developing and implementing this system was to extract a dataset
from provided driver logs. Furthermore, corresponding labels had to be created to
enable supervised learning for the machine learning algorithms. Different algorithms
were then trained and tested, of which the best was implemented and improved for
a final concept. The final conceptual system was then evaluated against a reference
system with hand-coded heuristics for the lane marker logic. The reference system
used with an existing heuristic non-Gaussian disturbance rejection is robust enough
to handle complex driving scenarios with high precision, making it a good measure
to evaluate the conceptual system against. All of these steps will now be covered in
detail throughout the rest of this chapter.

3.2 Dataset
The dataset used in this thesis consists of real-life data from 220 driving hours, gath-
ered from multiple different vehicles in different operational domains, with ground
truth of the coordinates for the ego vehicle’s lane boundaries. The data contains
features that are common in most widely used datasets in the autonomous driv-
ing domain, such as object detections, lane markers and road segmentation [46][47].
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The dataset also includes signals describing the host vehicle’s pose, velocity and
acceleration, and was filtered to only contain drives with a mean velocity above 16
meters per second in order to remove scenarios from low-speed areas, such as sub-
urbs or city driving, where these functions are not intended to be used. To fit the
scope of the thesis, as stated in section 1.2, some drives were also removed based
on weather or road types. For instance, scenarios with snow or sleet on the road
were removed as they were considered to be outside of the operational domain of
the proposed concept in this thesis. Scenarios classified as residential areas, living
streets or roundabouts were also removed, with the same motivation. The dataset
includes scenarios with clear, cloudy and rainy weather as well as both nightly and
daily drives. The dataset was also sampled based on weather and time to obtain a
more balanced representation of the different conditions.

3.2.1 Downsampling
The data collected from real-life driving contains multiple samples per second, which
results in a lot of similar samples, as the state of the car and the road does not
change that frequently. Training machine learning models on a lot of similar samples
is unlikely to improve the performance of the model very much, but still has the
associated cost of extra training time for those samples. If similar samples are
removed, that reduces the number of samples needed to train on, thus increasing the
computational efficiency. The dataset was therefore downsampled to 4 Hz, resulting
in one sample every 0.25 seconds. The benefit in computational efficiency from
this allowed data from more driving segments to be added, increasing the variance
covered by the dataset. The machine learning models can then be trained on a more
diverse dataset, in the same amount of training time as the original sampling, which
will most likely lead to models that can generalize better to new unseen data.

3.2.2 Training and test split
The dataset was split into two parts, a training set and a validation set. The training
set consists of 80% of the data and was used for fitting the models. The validation
set consists of the remaining 20% and was used to evaluate the models on unseen
data during the training phase. In addition to this, a test set consisting of 9.5
driving hours was used for the final evaluation of the models. This set was never
used during the iterative phase of trying different models. Both splits were made on
sequence level, such that frames of the same sequence did not appear in more than
one of the sets.

3.2.3 Standardization
Standardization of datasets is common practice in machine learning, as many models
may perform considerably worse if the data has individual features that are far from
Gaussian distributed. Some learning algorithms even assumes that all features in
the dataset have zero mean and same order of variance, such as the RBF kernel of
Support Vector Machines. The features in the training set were thus scaled to have
zero mean and unit variance. The exact same transformation was then performed
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on the features in the test set, such that they were preprocessed without any prior
knowledge of the feature distribution.

3.3 Features
The features used in this project come from information provided by the onboard
sensors of the host vehicle. This section presents how the features were further engi-
neered and selected for optimizing the capability of the machine learning algorithms.

3.3.1 Feature Engineering
One of the most important fields of information that the sensors provide is the
lane marker information of the ”ego lane”, which is the lane that the host vehicle is
currently following. The lane marker information contains the mathematical models

yleft = fleft(x) and yright = fright(x), (3.1)

which describe the left and right marker, in the local Cartesian coordinate system of
the host vehicle. The coordinate system is defined in figure 3.2, which also illustrates
the mathematical representations of the perceived lane markers.

Figure 3.2: Definition of the host vehicle coordinate system, along with an illus-
tration of the mathematical lane marker representations.

To make the lane marker information disposable to the machine learning algo-
rithms, yleft = fleft(x) and yright = fright(x) were sampled for 17 different values of
x, which are specified in table 3.1. The sample points were chosen to achieve a good
resolution close to the vehicle, while still including distances up to 150 meters. A
lower resolution was chosen for the distances further away to reduce the total num-
ber of sample points, and thus the resulting number of features. For clarification,
this yielded two features for each value of x, one for the left side and one for the
right.
From the sampled lane markers, the lane width Lw corresponding to the values of

x was calculated as
Lw(x) = fleft(x)− fright(x). (3.2)
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Table 3.1: The distances (values of x) in front of the host vehicle, at which the
mathematical representations of the lane markers are sampled.

Sample Index 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
Distance[m] 5 10 15 20 25 30 35 40 45 50 60 70 80 90 100 125 150

Lastly, the heading φ between each sample of each lane marker, was calculated as

φleft,i = arctan
(
yleft,i − yleft,i+1

xi+1 − xi

)
for i = 1, 2, .., 16

φright,i = arctan
(
yright,i − yright,i+1

xi+1 − xi

)
for i = 1, 2, .., 16.

(3.3)

These were then used to calculate the difference in heading between the left and
right lane marker ∆φ,i, as

∆φ,i = φleft,i − φright,i. (3.4)
These additional extractions of the lane markers were included with the other

pieces of information available in a set of feature candidates. How the final content
of the dataset was chosen is accounted for in the next subsection.

3.3.2 Feature Selection
As mentioned, one source of information was the lane marker data of the ego lane,
along with the additional extractions discussed in the previous subsection. Similar
information fields were also available for road edges and adjacent lanes. Beyond these
three fields of information, the ego vehicle states, such as velocity and acceleration,
were also available for usage.
To evaluate which parts of information the algorithms could benefit from, a RF

regressor was trained and tested with different subsets of the available features. It
is important to make clear that a different model might give a different result, as
the algorithms respond differently to changes in the feature space. However, the
process of evaluating different features on all the algorithms would be far too time-
consuming. Anyhow, the RF regressor was chosen as it is a relatively fast algorithm
to train, thus allowing for an effective iteration of different features. The regressor
consisted of 100 estimators or trees, where the minimum number of samples required
for each split and leaf was set to 10. To obtain a baseline for comparison, a simple set
was first created, only including the ego vehicle states and the most basic ego lane
information. Relative to the results from this set, the yielded decrease in RMSE was
computed for the different feature sets. The resulting RMSE decrease is presented
together with a short description of the corresponding feature set in table 3.2.
These results indicate that the information from road edges and adjacent lanes

is hardly usable since the resulting decrease in RMSE is significantly smaller than
for the features related to the ego lane. Thus, these sources of information are
not included in the feature space used in this thesis. Instead, the final feature
space consists of ego vehicle states and ego lane information, including sampled
lane markers, lane width and heading difference. In total, these add up to n = 85
features.
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Table 3.2: The mean improvement in RMSE of the left and right side, for different
additional features, compared to the basic set 1.

Set Description RMSE decrease[%]
1 Ego vehicle states and basic ego lane information 0 (reference)
2 Set 1 + basic info from road edges and adjacent lanes 0.56
3 Set 1 + sampled ego lane 8.43
4 Set 1 + sampled lane width 8.58
5 Set 1 + sampled ego lane and lane width 10.37
6 Set 1 + additional ego lane information 3.06
7 Set 1 + sampled road edge 0.97
8 Set 1 + sampled heading difference 8.84
9 Set 1 + Adjacent lanes sampled 0.46

3.4 Automatic Annotation
As elaborated on in section 2.1, the supervised regression algorithms require mapping
examples from input to output. That means that the training data inputs must be
labeled with the correct or desired output. In this particular case, it means that each
set of input information must have two corresponding labels, one for the reliable
length of the left lane marker and another one for the right. With m training
examples containing n features, the resulting data set obtains the form shown in
figure 3.3. Note that this is just a clarifying illustration and does not represent the
actual distribution of features within different fields of information.

Figure 3.3: The form of the training data set. Note that this illustrative descrip-
tion does not represent the actual distribution of features within different fields of
information in the dataset.

As previously mentioned, the annotations should mark the reliable distance of the
incoming lane markers from the camera, i.e. how far along the host axis x that they
are free from any larger non-Gaussian disturbances and are following the lane of
interest. However, these did not exist in the dataset at hand and nor are there any
established methods for creating such labels. Hence, a method for determining the
reliable distances of the lane markers is proposed in the upcoming subsection.
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3.4.1 Determining the reliable distance of lane markers
From logged drivings, the reliable lane marker distance can be determined for each
time step by comparing the lane markers reported by the sensors, to the collected
Ground Truth Assessment (GTA). The GTA contains the true coordinates for the
lane markers, which can be used to calculate the Euclidean error e of the perceived
markers. The distance where e exceeds a certain threshold T (x), is then the distance
up to which the lane marker is free from major disturbances and can be trusted.
Since the immediate control of the host is mainly dependent on its proximity, the
demand on precisely perceived lane markers is increased closer to the vehicle. Hence,
it is suitable to let the threshold T (x) increase linearly with x, as

T (x) = ax+ b. (3.5)

What values of a, b that are appropriate depends on the desired precision of the
perceived lane markers, which in turn is dependent on the application. For some
ADAS applications it is necessary to assign preceding vehicles to the correct lane,
which requires that the estimation error of the lane never exceeds half the lane
width Lw. Since the lane geometry is estimated up to 200m ahead, it is therefore
suitable to enforce T (200) < Lw

2 [44]. Furthermore, a fitting value for the minimum
threshold T (0), is 0.3m according to [48]. From [49] it is reasonable to assume that
Lw > 2.6m, meaning that both conditions can be fulfilled by letting a = 0.005 and
b = 0.3. The comparison between perceived lane markers and GTA is shown in
figure 3.4 together with their assessed errors, but note that this is only a clarifying
illustration that does not represent the true precision of the perceived lane markers
in any way.

Figure 3.4: Illustration of how the perceived lane markers are compared to the
GTA in order to find their reliable distance, based on the Euclidean error e. Note
that this illustration does not represent the true precision of the perceived lane
markers in any way.
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3.5 Algorithms
To find the most suitable algorithm for replacing the heuristic subsystem, as ex-
plained in section 3.1, different candidates have been evaluated and compared. The
algorithms that have been tested are Support Vector Regression (SVR), Random
Forest (RF), Multilayer Perceptron (MLP) and Long Short-Term Memory (LSTM).
These were chosen based on the thorough comparison in [15], as well as what has
been used in similar work and research fields.
LSTM has for instance proven itself successful in [13] and [14], which are ADAS

related regression tasks. With the sequential nature of the data, it was also appro-
priate to include a recurrent algorithm. The comparison in [15] does not include
LSTM, but instead it highlights the high performance of SVR, RF and MLP, specif-
ically on regression tasks. SVR is a powerful algorithm and has been fruitful in
time series analysis before, for instance in [50]. It is also quickly applicable which
made it a good algorithm to start with. Regarding RF, it has been successfully
used in [51] and [52]. Although these implementations concern decision making and
not regression, they are examples of RF performing well within the field of ADAS,
which made it an interesting candidate for this implementation. The last algorithm
included in the comparison was MLP, which is a general and flexible algorithm that
is used in the core of many deep learning architectures [24]. In recent years, it has
been implemented in many different applications with good results, including neural
filtering [16]. Even though MLP and LSTM can be considered similar in some as-
pects, these four algorithms are otherwise different in terms of both architecture and
functionality. The broad spectrum of algorithms increases the overall coverage of
this thesis, which is another motivation to the choice of these particular candidates.
All algorithmic models have been created and trained in Python, mainly because

of the available open-source libraries for machine learning and artificial intelligence.
The LSTM models were implemented using Tensorflow and Keras, which are popu-
lar deep learning tools [53]. The rest of the models were implemented using the API
from Scikit-learn, which is a commonly used Python library for scientific machine
learning [54]. All four algorithms were explored for different sets of hyperparameters,
feature spaces and sizes of the training set, before being compared and evaluated in
the system explained in section 3.1. For clarification, the LSTM implementations
process time-series sequences, where each time step contains all model inputs. Fur-
thermore, this means that the complete lane marker measurements, from the host
car to the last sample, are included in each step.
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3.6 Learning Curves
Although a large dataset is beneficial for the final training of the algorithms, it
is not feasible to use for exploring different parameters and architectures due to
the increase in training time that comes from having more data. Instead, only a
subset of the whole dataset was used to be able to efficiently iterate the development
process. To find a good trade-off between the size of the training set and the training
time, learning curves were used. Learning curves are a great tool for analyzing how
algorithms respond to increased amounts of data, as well as show the trade-off
between bias and variance. The learning curves were generated by training each
algorithm for different training set sizes, with three split cross-validation for each
size. The scores and training times were then computed as the mean from the splits
at each training size, with RMSE used as score function. The learning curves are
presented as semi-log plots in figures 3.5-3.7, where the x-axis is logarithmic and the
y-axis is linear.
The learning curves for SVR were generated with C = 1 and ε = 0.1, for training

sizes of 1, 10, 102, 103, 104 and 105 samples, and can be seen plotted in figure 3.5.
From the plots, it can be observed that the validation and training curves start to
converge already for 103 samples, and continues to decrease when adding more data.
However, as can be seen from the increase in training time, the SVR does not scale
very well for training sets larger than a couple of 104 samples.
For the RF algorithm, learning curves were generated with 100 trees and only√
n features available for each tree, where n is the total amount of features. The

learning curves were generated for 1, 10, 102, 103, 104, 105 and 106 samples, and can
be seen plotted in figure 3.6. The validation and training errors decrease steadily
for increased training data, although with a large gap between the curves. The algo-
rithm suffers from high variance and low bias, which is likely caused by overfitting
the training data. This is in turn a result of the trees’ abilities to split branches
and create leaves for each training sample. There are several parameters that can
be tuned in RF to reduce the variance. For instance, the size of the random subset
of features available for each tree can be lowered, with the trade-off of higher bias.
Adding more data would most likely also help the model generalize better, although
with the cost of increased training time.
The learning curves for the MLP were generated with three hidden layers of sizes

(16, 16, 8), with ReLU activation between every layer. The model was trained for
200 epochs, with a batch size of 32, using Adam as solver with an initial learning
rate of 0.001. The learning curves were generated for 1, 10, 102, 103, 104, 105 and
106 samples and can be seen in figure 3.7. The training and validation errors start
to converge for larger training sets and results in a model with very low variance.
This specific model would most likely not benefit from more training instances, but
could instead be improved by increasing the complexity, via an introduction of more
layers or more neurons in the existing layers. As for the RF model, the training
time increases a lot going from 105 to 106 training samples.
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Figure 3.5: Learning curves for a SVR algorithm trained using C = 1 and ε = 0.1,
for training sizes of 1, 10, 102, 103, 104, and 105 samples. The left plot shows the
training and validation RMSE versus the training size while the right plot shows
the corresponding training time.

Figure 3.6: Learning curves for a RF algorithm trained using 100 trees and
√
n

features available for each tree, where n is the total number of features. The eval-
uated training set sizes are 1, 10, 102, 103, 104, 105, and 106 samples. The left plot
shows the training and validation RMSE versus the training size, while the right
plot shows the corresponding training time.
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Figure 3.7: Learning curves for a MLP algorithm trained for 200 epochs using
three hidden layers with 16, 16 and 8 neurons respectively, activated using ReLU.
The model was trained with Adam as optimizer, for training sizes of 1, 10, 102, 103,
104, 105, and 106 samples. The left plot shows the training and validation RMSE
versus the training size while the right plot shows the corresponding training time.

Comparing the learning curves from the three different algorithms it is obvious
that the SVR is not very suitable for this application. Although it converges fast
for a small set of data, it does not fit to the larger datasets as well as the other algo-
rithms and scales badly in terms of training time. Many of the kernel methods used
for Support Vector Machines are composed as quadratic programming problems,
having a time complexity of O(m3) where m is the number of training samples, and
are thus infeasible for larger datasets. There exist a couple of techniques for kernel
approximations such as the Nyström method proposed in [55] or greedy approxima-
tions [56], but they have other drawbacks and may still be infeasible for the large
amount of data available in this thesis. The SVR was therefore deemed to not be
suitable for this application. No learning curves are included for LSTM since it is
used in combination with several fully connected layers and thus inherit the response
to increased data amounts from the MLP.

3.7 Parameter Search
The result of the learning processes for the different machine learning algorithms
is highly dependent on the chosen hyperparameters. Choosing these parameters is
a crucial step in training an algorithm, but can often be a very tedious and time-
consuming task. Several methods have been developed for this purpose, such as grid
search over a set of parameters or Bayesian optimization algorithms that builds a
probabilistic model over the mapping from hyperparameters to the objective value.
However, constructing such methods for multiple types of algorithms, using different
libraries for implementation, is nonetheless very time consuming and is no guarantee
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for optimal parameters in the end. Instead, some simpler parameter searches were
first performed to identify suitable ranges for the parameters and better understand
their effect on the model.

3.8 Evaluating the Models
To find the most suitable combination of algorithm and setup, several versions of
each model were trained and evaluated, with different architectures and sets of
parameters. New versions were created iteratively, based on the performance of
previous ones and parameter search results. Since the models were trained on an
annotated dataset, the fairest performance measure is how close their regressions are
to these annotations on unseen data. Even though they are intended to enhance the
Road Geometry Fusion (RGF), this is not the task that they have been optimized
to solve. Thus, the different versions of each model were first compared in terms of
RMSE of their regressions on the validation set.
Based on the validation set results, one version of each algorithm was chosen for

implementation and testing in the RGF reference system, as explained in section
3.1. The RGF returns an estimation of the road ahead of the host vehicle, of which
the quality is in retrospect determined by two different main aspects. Those are
the lateral error of the estimation and its availability, which is the length of the
estimation. For optimal performance of the functions that utilize the road geometry
estimation, it should have high availability while maintaining a low lateral error,
but this is a trade-off. Keeping a low lateral error is easily done by only giving short
and conservative estimations, but consequently, the availability is then decreased
and vice versa.
The RGF testing was done by simulating usage of the reference system with the

implemented machine learning algorithms, on the test set of driving logs described
in subsection 3.2.2. To achieve a baseline for comparison, the reference system was
also simulated with heuristics for the rejection of non-Gaussian disturbances. The
availability was measured at each time step and then summarized as the mean value.
Similarly, the lateral error was measured continuously at the distances presented
in table 3.3, but then summarized as the standard deviation of the error at each
distance. For the measurement distances longer than the road geometry estimation
at a given time step, the errors were set to zero. Lastly, for samples with missing or
invalid ground truth assessment, the calculations of the lateral error and availability
were simply skipped.

Table 3.3: The distances (values of x) in front of the host vehicle, at which the
lateral error is measured during evaluation of the RGF performance.

Measure index 1 2 3 4 5 6 7 8 9
Measure distance [m] 0 10 20 30 40 50 100 150 The estimation length

34



4
Results

This chapter presents the results of the parameter searches, as well as performance
evaluations of the machine learning models and the proposed function for automatic
annotation. As mentioned in section 3.6, the SVR training complexity was found
to scale badly to increased training set size, which made it unsuitable to use in this
thesis. Hence, there are no presented results for SVR.

4.1 Evaluation of the Parameter Search
Several parameter searches were performed on the algorithms to find suitable ranges
and get a better understanding of the effect of tuning different settings. Each search
only contains changes in one parameter, to isolate the effect from the changes ap-
plied. All searches were performed on a small subset of the data, around 105 samples,
with three split cross-validation, and were evaluated both on the training and the
validation data with RMSE as the scoring function. Recorded scores and fit times
were then averaged over the cross-validation splits.

4.1.1 Random Forest
The RF algorithm was evaluated for different ranges of maximum depth, maximum
number of features available for each tree, minimum number of samples per leaf,
minimum samples needed for split, and number of trees in the ensemble. The result
of each search is presented as plots in figures 4.1-4.5.
The parameter search over the maximum depth allowed was done for parameter

values of 1, 10, 102, 103 and 104. As seen in figure 4.1, the results from the search
shows that a RF with deeper trees in the ensemble, manages to fit much better to
the data, resulting in a lower RMSE. As observed, the fit time increases with the
depth in the trees. At a maximum depth of 100, the trees seem to be able to expand
such that all leaves are pure, indicated by the plateau in training score and fit time.
However, more data will likely require a larger maximum depth to reach the same
point.
The search over the maximum number of features allowed was done for parameter

values of 0.1, 0.4, 0.7, and 1.0, where the value represents the portion of the total
number of features available. The results are illustrated in figure 4.2, and show
that the RMSE decreases for an increasing parameter value up until 0.4. A higher
portion of features allowed seem to increase the variance in the algorithm, resulting
in a higher RMSE on the validation set. The fit time increases linearly with the
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percentage of features allowed.
The parameter search over the minimum number of samples per leaf was performed

with values of 1, 10, 102 and 103. The results can be seen in figure 4.3, which
indicates that a higher parameter value decreases the variance in the algorithm, but
with the cost of greatly increased bias. The search over the minimum number of
samples needed to split a branch was done with parameter values of 2, 2 ·101, 2 ·102,
and 2 · 103. As observed in figure 4.4, the results from this search shows the same
behavior as the parameter for the minimum number of samples per leaf, where the
parameter value seems to be a trade-off between bias and variance. The fit time
decreases with an increase in the parameter value for both parameters.
Lastly, the search over the number of trees used in the ensemble was performed

using 1, 10, 102 and 103 trees. The results are presented in figure 4.5, and show
that increasing the number of trees in the ensemble greatly enhances the algorithm’s
ability to fit the data, resulting in a lower RMSE both for the training and validation
set, up until around 100 trees. A larger ensemble does not seem to give any further
improvements to the score but increases the training time.

Figure 4.1: Plot of a RF algorithm trained using different values for the maximum
depth allowed, with a training size of 105 samples. The left plot shows the training
and validation RMSE versus the parameter value, while the right plot shows the
corresponding training time.
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Figure 4.2: Plot of a RF algorithm trained using different values for the maximum
number of features allowed for each tree, with a training size of 105 samples. The
left plot show the training and validation RMSE versus the parameter value while
the right plot shows the corresponding training time.

Figure 4.3: Plot of a RF algorithm trained using different values for the minimum
number of samples per leaf, with a training size of 105 samples. The left plot shows
the training and validation RMSE versus the parameter value while, the right plot
shows the corresponding training time.
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Figure 4.4: Plot of a RF algorithm trained using different values for the minimum
number of samples needed to split a branch, with a training size of 105 samples.
The left plot shows the training and validation RMSE versus the parameter value,
while the right plot shows the corresponding training time.

Figure 4.5: Plot of a RF algorithm trained using different values for the number
of trees in the ensemble, with a training size of 105 samples. The left plot shows
the training and validation RMSE versus the parameter value, while the right plot
shows the corresponding training time.
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4.1.2 Multilayer Perceptron
The MLP model was evaluated for a different number of neurons, as well as several
different batch sizes. The parameter searches were made with Adam as the opti-
mizer, with an initial learning rate of 0.001, and ReLU as activation between the
hidden layers. The different models were all trained for 10 epochs.
The result of the evaluations for the different number of neurons can be seen in

4.6, where a model with three hidden layers between the input and output layer
was trained with 10, 40, 70 and 100 neurons, in each of the hidden layers. The
results show that an increased depth in the network, i.e more neurons, increases
the model’s ability to fit the data, thus resulting in a lower RMSE for both the
training and validation set. However, the increased complexity also seems to increase
the variance in the model, resulting in an increased gap between the training and
validation curves for a higher number of neurons. As observed, the training time
increases with the added depth in the network.
The MLP model was also trained and evaluated for batch sizes of 1, 10, 102, 103

and 104. The results from the search over batch sizes can be seen in figure 4.7, and
show that a larger batch size can decrease the computation time per iteration a lot.
However, as stated in section 2.4.6, a higher batch size can also lead to a slower
learning process which is exactly what can be observed here as well. For larger
batch sizes than 10, the RMSE starts to increase again, indicating that the model
has not converged as fast as for the versions with smaller batch sizes.

Figure 4.6: Plot of a MLP model trained using different values for the number of
neurons in three hidden layers, with a training size of 105 samples. The left plot
shows the training and validation RMSE versus the parameter value while, the right
plot shows the corresponding training time.
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Figure 4.7: Plot of a MLP model trained using different values for the batch size,
with a training size of 105 samples. The left plot shows the training and validation
RMSE versus the parameter value, while the right plot shows the corresponding
training time.

4.1.3 Long-Short Term Memory
The LSTM model was trained with a range of different numbers of LSTM-neurons,
or cell state sizes. It was also trained using different batch sizes, but always using
the same 105 sequences, of 5 time steps each. All the model versions were trained
for 10 epochs and the LSTM-layer was always combined with three fully connected
layers, consisting of 100, 50, and 10 neurons, before the final output layer. The fully
connected layers all had ReLU activation functions, while the LSTM neurons were
activated using tanh . The model was trained with Adam as the optimizer and MSE
as the loss function.
The results from the search over different number of LSTM-neurons are presented

in figure 4.8. The model was trained with 1, 25, 50, and n number of LSTM-neurons,
where n is the total number of features in the dataset. A higher number of neurons
seems to increase the model’s ability to fit the data, resulting in a lower RMSE
on the training set. However, the increased complexity seems to also increase the
model variance, resulting in a larger gap between the RMSE-curves of the training
and validation set. Further, it can also be concluded that the fit time increases with
the depth in the LSTM-layer.
The LSTM model was, as the MLP, also trained for batch sizes of 1, 10, 102, 103,

and 104. The results can be seen in figure 4.9, and follows the same general shape
as the results from the MLP. Increasing the batch size from 1 to 10 seems to greatly
reduce the training time without suffering from the downsides of a slower learning
process. Further increasing the batch size to 100 samples per batch seems to have
the benefit of additional reduction of the training time, with a slightly negative trend
on the training error. An increasing batch size after that point does not reduce the
training time much further, but harms the learning process, resulting in a higher
RMSE for both the training and validation sets.
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Figure 4.8: Plot of a LSTM model trained using different values for the number of
LSTM-neurons, or length of the cell state. The model consisted of a single LSTM-
layer connected to a MLP, and was trained using 105 sequences of 5 time steps each.
The left plot shows the training and validation RMSE versus the parameter value,
while the right plot shows the corresponding training time.

Figure 4.9: Plot of a LSTM model trained using different values for the batch size,
with a training size of 105 samples. The left plot shows the training and validation
RMSE versus the parameter value, while the right plot shows the corresponding
training time.
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4.2 Regression Results on Labels
An iterative process of training and validating models was performed for RF, MLP
and LSTM, to compare the algorithms against one another, as well as to find the
best candidate of every algorithm for further experiments. A variety of models
were trained and evaluated against the annotations, using RMSE as the evaluation
metric.

4.2.1 Implementation details
The full dataset was used, consisting of approximately 2.4 million data points, where
80 percent was used for fitting the models and the remaining 20 percent for valida-
tion. The RF models were all trained without any limit on the maximum depth
allowed, and with 100 trees in the ensemble. Both the MLP models and the LSTM
models were trained with ReLU as the activation function for all hidden layers, and
a final output layer of 2 neurons without any activation. Adam was used as the
optimizer for both algorithms, with an initial learning rate of 0.001. The activation
in the LSTM-layers was set to tanh , and the LSTM models were trained with a 5
state memory. The default number of epochs in the training was set to 25 for the
MLP and LSTM models. All models were trained with two outputs, corresponding
to the reliable distance of the left respectively right lane marker.

4.2.2 Evaluation results
The models were evaluated on their ability to predict the reliable distance for both
the left and right lane markers, using RMSE as the evaluation metric. The results
are presented in table 4.1, where each model is presented together with its algorithm
type, configuration and RMSE. The difference in RMSE between different models
is quite small, where the best model overall has an average score of 7.53, and the
worst model has an average of 7.89. The RF algorithm seems to have the smallest
spread between different versions but is also the worst-performing algorithm of the
three in terms of average RMSE. The best RF model is the third version, which has
an average RMSE of 7.82. The MLP algorithm performed slightly better, where the
worst performing version matches the best RF version in terms of average RMSE.
The learning process for most of the MLP models stagnated around 20 to 25 epochs
and would not benefit from further training. A few models, however, like the one
shown in figure 4.10, showed a trend of continued learning and was therefore trained
for more epochs. The best MLP version resulted in an average RMSE of 7.68.
The LSTM models have the biggest spread between versions, where the best LSTM
version also is the best model overall with an average RMSE of 7.53. The LSTM
models showed no indications of increased learning after 25 epochs.
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Table 4.1: Results from the evaluation of different model versions on the annotated
data. The models are evaluated using RMSE as scoring function, where a smaller
score is better. The best version of each algorithm is marked in bold.

RMSEModel Configuration Left Right Avg.

1 Max. features = 0.2, Min. samples for split = 5,
Min. samples per leaf = 5 7.88 7.90 7.89

2 Max. features = 0.4, Min. samples for split = 2,
Min. samples per leaf = 1 7.83 7.84 7.84

RF 3 Max. features = 0.4, Min. samples for split = 5,
Min. samples per leaf = 5 7.81 7.82 7.82

4 Max. features = 0.4, Min. samples for split = 10,
Min. samples per leaf = 10 7.85 7.86 7.86

5 Max. features = 0.6, Min. samples for split = 5,
Min. samples per leaf = 5 7.86 7.85 7.86

1 Hidden layers = (64, 64, 64, 32, 16, 8), Batch size = 32 7.77 7.73 7.75
2 Hidden layers = (64, 64, 64, 32, 16, 8), Batch size = 64 7.75 7.65 7.70
3 Hidden layers = (64, 64, 64, 32, 16, 8), Batch size = 64, Epochs = 35 7.67 7.70 7.68
4 Hidden layers = (64, 64, 64, 32, 16, 8), Batch size = 64, Epochs = 50 7.90 7.74 7.82

MLP 5 Hidden layers = (64, 64, 64, 32, 16, 8), Batch size = 256, Epochs = 50 7.82 7.67 7.75
6 Hidden layers = (64, 64, 64, 32, 16, 8), Batch size = 128 7.84 7.70 7.77
7 Hidden layers = (128, 128, 128, 64, 32, 16, 8), Batch size = 128 7.79 7.80 7.80
8 Hidden layers = (256, 256, 128, 128, 64, 32, 16, 8), Batch size = 64 7.85 7.76 7.81
9 Hidden layers = (512, 256, 128, 64, 32, 16, 8), Batch size = 32 7.73 7.73 7.73

1 LSTM layers = (32), FC layers = (64, 64, 32, 16, 8),
Batch size = 64 7.50 7.55 7.53

2 LSTM layers = (64), FC layers = (64, 64, 32, 16, 8),
Batch size = 64 7.68 7.63 7.66

3 LSTM layers = (64), FC layers = (64, 64, 32, 16, 8),
Batch size = 64, 10 state memory 7.85 7.61 7.73

4 LSTM layers = (85), FC layers = (64, 64, 64, 32, 16, 8),
Batch size = 64 7.81 7.75 7.78

5 LSTM layers = (85), FC layers = (256, 128, 64, 32),
Batch size = 32 7.71 7.74 7.73

LSTM 6 LSTM layers = (128), FC layers = (256, 128, 64, 32),
Batch size = 32 8.05 7.71 7.88

7 LSTM layers = (85), FC layers = (128, 256, 128, 64, 32),
Batch size = 32 7.77 7.76 7.77

8 LSTM layers = (85, 128), FC layers = (128, 256, 128, 64, 32),
Batch size = 32 8.02 7.73 7.88

9 LSTM layers = (85), FC layers = (512, 256, 128, 64, 32, 16, 8),
Batch size = 32 7.87 7.85 7.86

10 LSTM layers = (85), FC layers = (256, 128, 64, 32),
Batch size = 32, 10 state memory 7.83 7.55 7.69

11 LSTM layers = (85), FC layers = (256, 128, 64, 32),
Batch size = 64 7.74 7.79 7.77

In addition to the evaluation results in table 4.1, the distribution of deviations from
the annotations was also plotted for the best versions of each algorithm. Estimation
errors were computed as

Estimation error = Prediction− Annotation, (4.1)

such that a negative error means that the model predicted too short and a posi-
tive error indicates that the prediction was too long. The error distributions are
presented as histograms in figures 4.11-4.13, where outliers larger than 40 meters or
smaller than −40 meters are not shown. Still, the errors shown in the histograms
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make up for more than 99% of the data. The histograms have been normalized such
that the integral sums to 1. The distributions for the best RF model are shown in
figure 4.11. The errors are distributed around zero, with a bias towards negative
errors. The histograms for the MLP and LSTM models are shown in figure 4.12
and 4.13 respectively. As for the RF model, the errors are distributed around zero
for both models. The MLP shows a small shift towards negative values, while the
LSTM model is more evenly distributed.

Figure 4.10: A representative example of a typical learning progression, showing
the R2 score during training of MLP version 2. Considering the small gap between
the training and validation score, there is barely any presence of overfitting. In
this case, the curves indicated that the model could benefit from a longer learning
duration, which is why this model was retrained with higher number of epochs.

Figure 4.11: Distribution of the estimation errors for the best RF version, where
outliers outside [−40, 40] are not shown. The outliers not shown in the histograms
make up for less than 1% of the errors.
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Figure 4.12: Distribution of the estimation errors for the best MLP version, where
outliers outside [−40, 40] are not shown. The outliers not shown in the histograms
make up for less than 1% of the errors.

Figure 4.13: Distribution of the estimation errors for the best LSTM version, where
outliers outside [−40, 40] are not shown. The outliers not shown in the histograms
make up for less than 1% of the errors.
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4.3 RGF Results
The best performing model of each type, in terms of accuracy on the annotated
data, was implemented in the RGF reference system, described in section 2.6, and
simulated on the test set described in subsection 3.2.2. The highest performing
LSTM model is version 1, which has a LSTM-layer with cell state length 32, followed
by 5 fully connected layers with 64, 64, 32, 16 and 8 neurons respectively. It has a
state memory of 5 time steps, meaning that it processes sequences of 5 steps, which
corresponds to 1.5s of data with a sampling frequency of 4Hz. Furthermore, it was
trained for 25 epochs using a batch size of 64 samples. The best MLP model is
rather similar to the LSTM and has 6 fully connected layers, with 64, 64, 64, 32, 16
and 8 neurons respectively. Its training was done with 35 epochs and a batch size
of 64 samples. Lastly, the best version of RF consists of 100 trees, where each tree
has access to 40% of the available features. The minimum amount of samples under
each branch split and leaf was set to 5 during its training.
As elaborated on in section 3.8, these models were implemented in the RGF ref-

erence system, which was then used in driving simulations, consisting of 9.5 hours
of driving. The RGF performance was measured in the form of the lateral error
and availability of the resulting road geometry estimation. The standard deviations
of the lateral error at the different measurement distances are presented in table
4.2, as percentages of the corresponding results of the reference system with heuris-
tics implemented. This gives a relative comparison between the machine learning
models and the heuristic rejection method, implemented in the same RGF reference
system. A percentage lower than 100 indicates a lower lateral error compared to the
heuristic-based system, and vice versa. A percentage of 100 means that the model
achieves the same lateral error. The resulting availability is presented in the same
manner in table 4.3, where a higher percentage indicates a higher availability. From
studying the two tables, it is possible to see that the LSTM excels in terms of lateral
error on most distances, but has slightly lower availability than the heuristic-based
system. The MLP maintains a low lateral error up to 100m but has the lowest
availability. The RF model yields the largest lateral errors but is still performing
better than the heuristic-based system on many distances. Regarding availability,
the RF model achieves the best result, being the only machine learning model that
on average generates better availability than the heuristic baseline.
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Table 4.2: The lateral error standard deviations of the resulting road geometry
estimation, with each algorithm type implemented in the RGF system. The Stan-
dard Deviation (STD) of the lateral error at each measuring distance, is presented
as a percentage of the corresponding results using the heuristic-based system. The
lowest percentage, which corresponds to the lowest lateral error, is written in bold
for each distance.

STD at distance[m] RF[%] MLP[%] LSTM[%]
0 96.1 95.4 94.2
10 96.1 95.7 94.8
20 96.2 96.4 95.2
30 97.5 96.1 96.5
40 97.3 95.5 96.7
50 100.2 96.0 95.9
100 97.9 100.9 88.9
150 106.2 107.3 114.3

Reliable dist. 96.4 96.0 94.5

Table 4.3: The availability of the resulting road geometry estimation, with each
algorithm type implemented in the RGF system. The availability is presented as
percentages of the corresponding results using the heuristic-based system. The high-
est percentage, which corresponds to the highest availability, is written in bold for
each distance.

Availability RF[%] MLP[%] LSTM[%]
Average 100.5 96.6 98.0
Minimum 102.3 101.9 99.4
Maximum 99.9 96.0 99.5

The performance of the models implemented in the RGF system was further eval-
uated for a few selected examples of real-life driving scenarios, compared to the
heuristic-based system. One of these examples is shown in figure 4.14, where the
host vehicle is approaching a road fork. The host vehicle is represented as a blue
box, and objects are illustrated as red boxes. The dashed blue lines represent the
perceived lane markings and the purple squares represent the lane measurements fed
to the Kalman filter. The dashed green lines are the GTA, showing the true ego lane
to follow. The green and red areas constitute the resulting RGF estimation, with
green representing an area of higher certainty. As seen in the left plot of the figure,
the heuristic-based system has started to track the departing lane and chooses to
discard the lane measurements at this point, resulting in a shorter certainty area of
the lane estimation and a small lateral error from the GTA. The MLP, shown in
the right plot of figure 4.14, manages to track the ego lane with a longer certainty
area and a smaller lateral error in this particular situation. Another example of
a fork scenario is shown in figure 4.15 and figure 4.16, where two succeeding time
steps are shown. The ego vehicle in this example is again approaching a road fork,
where the two preceding vehicles are following the departing lane. The first time
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step is shown in figure 4.15, where the heuristic-based system chooses to sample the
perceived lane markers from the right side and discards the measurements on the
left, resulting in an estimation that follows the departing lane. The MLP, shown in
the right plot of figure 4.15, keeps the measurements on the left and makes a more
conservative decision on the lane markings for the right side. As a result of this, the
MLP ends up with an estimation closer to the GTA in the next time step, as shown
in figure 4.16.

(a) (b)

Figure 4.14: Example of the RGF system for a driving situation with a road fork,
shown for a single time step. Plot (a) shows the heuristic-based system and plot (b)
shows the MLP-based system. The host vehicle is represented as a blue box and
objects in front of the vehicle are shown as red boxes. The dashed blue lines are the
perceived lane markings and the purple squares represent the measurements passed
to the Kalman filter. The dashed green lines are the GTA, showing the true ego
lane to follow. The red and green areas constitute the resulting RGF estimation,
representing areas of different certainty.
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(a) (b)

Figure 4.15: Example of the RGF system for a driving situation with a road fork,
shown for a single time step. Plot (a) shows the heuristic-based system and plot (b)
shows the MLP-based system. The host vehicle is represented as a blue box and
objects in front of the vehicle are shown as red boxes. The dashed blue lines are the
perceived lane markings and the purple squares represent the measurements passed
to the Kalman filter. The dashed green lines are the GTA, showing the true ego
lane to follow. The red and green areas constitute the resulting RGF estimation,
representing areas of different certainty.
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(a) (b)

Figure 4.16: Example of the RGF system for a driving situation with a road fork,
shown for a single time step. Plot (a) shows the heuristic-based system and plot (b)
shows the MLP-based system. The host vehicle is represented as a blue box and
objects in front of the vehicle are shown as red boxes. The dashed blue lines are the
perceived lane markings and the purple squares represent the measurements passed
to the Kalman filter. The dashed green lines are the GTA, showing the true ego
lane to follow. The red and green areas constitute the resulting RGF estimation,
representing areas of different certainty.
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4.4 Evaluation of Auto Annotation Function
To verify the quality of the auto annotation function and its resulting output labels,
it was implemented and tested in the RGF reference system, in the same way as the
algorithms. However, due to issues with gaps in the GTA of some of the test files,
the auto annotation function could only be evaluated on a subset of the RGF test
set. In contrast to the annotation function, the algorithms do not require complete
ground truth to function, since it is solely used to compute their lateral estimation
errors in retrospect.
The remaining files with complete GTA constitutes about 5% of the entire RGF

test set. The auto annotation algorithm was tested on these, with two different sets
of parameters for the threshold function T (x), to show its affect on the resulting
output. The first set of parameters tested are the ones motivated in subsection
3.4.1, namely T (x) = 0.3 + 0.005x. The second setting was T (x) = 0.4 + 0.0045x, to
showcase the affect of a less conservative threshold, allowing larger deviations closer
to the host vehicle. The results are presented similar to the model evaluations in
section 4.3, where the results are shown as percentages of the heuristic-based system
results. The Standard Deviation (STD) of the lateral errors of the RGF for both
settings of T (x) are presented in table 4.4, and the resulting availability is presented
in table 4.5.

Table 4.4: The auto annotation function implemented in the RGF, tested on the
5% of the data with complete GTA, for two different sets of parameters for the
threshold T (x). The best result on each distance is marked in bold.

STD at distance[m] T(x) = 0.3 + 0.005x [%] T(x) = 0.4 + 0.0045x [%]
0 70,7 72,8
10 80,3 79,4
20 70,0 85,4
30 75,0 91,9
40 79,2 96,0
50 85,5 101,0
100 87,5 90,5
150 131,2 115,0

Reliable dist. 48,3 52,1

Table 4.5: The resulting availability for the RGF, with the auto annotation func-
tion implemented, for two different settings for T (x). The results are given as
percentages of the corresponding results for the heuristic-based system, with the
best results marked in bold.

Availability T(x) = 0.3 + 0.005x [%] T(x) = 0.4 + 0.0045x [%]
Average 63,5 69,9
Minimum 56,3 61,0
Maximum 68,5 73,8
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As seen from these two tables, the more conservative setting of T (x) yields a lower
estimation error at most distances but also decreases the availability.

4.5 Model Prediction Time
The prediction time of each algorithm was evaluated for the best performing mod-
els from table 4.1. The evaluation was done by recording the time of each model
performing 1000 predictions of individual samples and then dividing by the to-
tal number of samples. See section 4.2.1 for the model implementation details.
The results from the prediction time evaluation are presented in table 4.6, and
show that the MLP model was by far the most efficient with a prediction time of
0.26 milliseconds. The LSTM model was more than three times slower with a pre-
diction time of 0.88 milliseconds. The RF model was the slowest of the models with
a prediction time of 103.50 milliseconds, close to 400 times slower than the MLP
model.

Table 4.6: Table showing the results from the prediction time evaluation. The
time is averaged over 1000 predictions.

Algorithm Configuration Prediction Time [ms]

RF Max. features = 0.4, Min. samples for split = 5,
Min. samples per leaf = 5 103.50

MLP Hidden layers = (64, 64, 64, 32, 16, 8),
Batch size = 64, Epochs = 35 0.26

LSTM LSTM layers = (64), FC layers = (64, 64, 32, 16, 8),
Batch size = 64 0.88
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Discussion

In this chapter, an analysis of the obtained results is given along with a discussion of
the underlying methods. The chapter is closed with a section of recommendations
and suggestions for any future work within the area.

5.1 Results Analysis
The analysis in this section is mainly based on the obtained regression accuracies
and the results of the RGF implementations. The results will be compared between
themselves, but also connected to the findings of the parameter searches.

5.1.1 Accuracy on Annotations
From table 4.1 it can be concluded that the most prominent algorithm, in terms of
regression accuracy on the annotated data, is the Long Short-Term Memory. Nev-
ertheless, the LSTM is closely followed by the Multilayer Perceptron and Random
Forest. The MLP yields an RMSE about 2% higher than that of the LSTM. Fur-
thermore, RF generates an RMSE about 2% higher than that of the MLP. The
relatively consistent performance between the algorithms indicates that the current
accuracy is close to what is obtainable with the available data and extracted fea-
tures. Tuning of parameters and architectures may increase the performance a little
bit further, but larger enhancements are more likely achieved via improvements of
the feature space, not the algorithms themselves.
Despite small differences, the results and parameter searches show that different

choices of parameters and architectures affect the performance in different ways.
Starting with Random Forest, it seems that it is adequate to give each tree access
to at most 40% of the total feature space. This can be seen from the leftmost plot
in figure 4.2 as well as the results in table 4.1, where the best versions of RF utilizes
a feature space limit of 40%. Regarding the minimum amount of samples for each
split and leaf in the trees, the plots in figures 4.4 and 4.3 displays an expected
trend for increased sample limit, namely that the overfitting decreases. This is seen
from the fact that the training and validation error approach one another as the
minimum number of samples under each split and leaf is increased. Unfortunately,
the validation error increases even though the effect of overfitting is decreased. This
is reflected in the regression results, where the best performance was achieved for
low limits on the required number of training samples under each split and leaf. All
of the RF models consisted of 100 trees, which is motivated by the plots in figure
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4.5, where it is evident that a higher number of trees yields a very low improvement
relative the increased computation time.
From figure 4.6 it can be observed that, for the MLP, the performance improve-

ment slows down for layers with more than 40 neurons. This trend is confirmed by
the results in table 4.1, where the best performing models are the ones with a max-
imum amount of 64 neurons per hidden layer. Nevertheless, version 9 of the MLP
performs rather well with 512 neurons in its biggest layer, but it is unnecessarily big
since smaller models are at least as good. The computational complexity is likely to
be more fruitful if spent on increased depth instead of large layers. Training wise, 64
appears to be a good batch size, which can be seen by comparing otherwise similar
versions of the MLP in table 4.1. Still, the left plot in figure 4.7 suggests that a
batch size closer to 10 would be better. However, the parameter search was only
carried out on a smaller subset of the data, which is why its findings may deviate
from those of the regression results. What both sources of results agree on, is that
a batch size larger than 100 worsens the performance. This is probably caused by
premature convergence, which occurs when the batch size is too big, as described in
subsection 2.4.6. It can also be a consequence of the decreased learning rate that an
increased batch size contributes to, such that the training requires more epochs, but
the training process becomes too slow for more epochs than 50. Regarding the num-
ber of epochs, an interesting observation can be made from table 4.1 and the results
of MLP versions 2, 3, and 4. These are essentially the same model, as they have the
same configuration, but have been trained for a different number of epochs. The
number of epochs was increased for version 2, as its learning progression, presented
in figure 4.10, showed potential to advance even further for an increased training
duration. From table 4.1, it is apparent that 35 epochs were an appropriate training
duration, while 50 epochs were too much, since the model started overfitting at that
point. An increased number of epochs were not tried for models that did not exhibit
any signs of potential improvement from more training.
A lot of the reasoning around the MLP can be carried over to the discussion of the

LSTM results, since the LSTM models used in this thesis are hybrids, containing
several fully connected layers. A proof of their correlation is the fact that the best
performing LSTM and MLP share all layers except one, which is the first, where
the hidden layer of the MLP was replaced with a LSTM-layer. With the idea being
that the LSTM-layer could extract sequential information for all features and pass
it to the MLP part, it appeared intuitive not to change the dimension of the input
space before the fully connected layers, which was achieved by letting the LSTM
cell state have the same size as the feature space. To clarify, the cell state was given
length n such that the LSTM-layer output also had size n, which means that the
input size was preserved. However, as revealed by the plot in figure 4.8, the rate
of improvement is quite low for an increased number of LSTM-neurons or cell state
size. This is probably why the models with cell state lengths 64 and 32 managed
to outperform those with length n. The gained capacity of a larger cell state was
simply too low, compared to the fact that it required over 50% more parameters to
be trained, as can be shown using (2.23).
The reasoning around the batch size for the MLP applies to the LSTM as well,

but a new aspect that comes with the LSTM is the length of the input sequences. In
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this case, the models seem to have a hard time to exploit the sequential information,
since increasing the sequence length does not yield any particular improvements, as
seen in table 4.1. This can be a consequence of the data being too noisy or simply not
including enough sequential information. It can also be that the difference between
a memory or sequence of 5 or 10 time steps is too small to show any advancements.
Perhaps the model could benefit from longer sequences, but that would increase the
training time, since every estimation would require more computations, making it
infeasible to try in this thesis.
Looking at the histograms in figures 4.11-4.13, it can be observed that all of the

distributions are slightly skewed to the left, resulting in more negative than positive
errors. This shows that the models are conservative, as they tend to make shorter
rather than longer predictions of the reliable distance, compared to the correspond-
ing label. This is a desirable behavior since the lateral error of the prediction grows
with the prediction length and a conservative model will thereby result in smaller
lateral errors. The data represented in the histograms also has a few larger out-
liers, although less than 1%. The effect of the negative outliers is that the model
will simply output a very short reliable distance, which in the worst case will result
in shorter lane estimation. The effect of positive outliers could have greater con-
sequences, since the lateral error at the reliable distance might be larger than the
accepted threshold, resulting in an inaccurate lane estimation. However, some of the
outliers might be a result of the auto annotation function truncating the lane mark-
ers at a very short distance due to a temporary deviation close to the car, when in
reality the lane markers are within the threshold for a much greater distance ahead.

5.1.2 RGF Performance
The RGF results, presented in section 4.3, reflect the regression accuracies displayed
in subsection 4.2.2. The LSTM excels in terms of regression accuracy and conse-
quently also yields the best RGF performance, while maintaining good availability.
Since the models are trained on data annotated by the created annotation func-

tion, they perform likewise when implemented in the RGF reference system. Con-
sequently, a model with higher regression accuracy will perform more similar to the
auto annotation function. This explains why all three models yield poor lateral er-
rors at 150m, with the LSTM being the worst. Nevertheless, all three models seem
to maintain better availability than the auto annotation function. This can appear
contradicting to the plots in figures 4.11 - 4.13, which depict that the algorithms
on average truncate the lane markers earlier than the corresponding annotations
suggest. However, the road geometry estimation is not solely dependent on the
perceived lane markers, meaning that neither is its availability. Depending on the
situation, the lane marker truncation affects the resulting estimation and availabil-
ity differently. Furthermore, the comparison between the results of the annotation
function and the models is not adequate, since the annotation function was only
tested on 5% of the actual test data.
Regarding the MLP, its RGF performance level lies somewhere in between the

LSTM and RF model. It manages to decrease the lateral error up to 100m in front
of the host vehicle, being the best at 30 to 40m but has worse availability than the
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other two algorithms. The RF achieves the best availability but decreases the lateral
errors the least. It has the best result on 150m, which is likely because it has the
lowest regression accuracy and deviates more from the annotation function.
The MLP and LSTM showcase rather similar performance, which can be expected

since they share a majority of their structures with one another. What separates
the LSTM from the MLP, is the ability to process time series and extract sequential
information. This advantage is likely what increases the capacity of the LSTM
beyond that of the MLP.
Both the RF, MLP and LSTMmanage to outperform the heuristic-based system in

terms of lateral errors. A part of the lateral improvement can be explained from the
slight decrease in average availability for the MLP and LSTM, since measurements
close to the vehicles typically deviate less from the ground truth. Yet, this does
not explain the entire improvement which can be seen in the RF results, where the
lateral error is improved with maintained availability. A lot of the improvements
are probably due to the increased capacity in the machine learning models. In
contrast to the hand-crafted heuristics, the machine learning models do not require
the problems to first be interpreted by humans, which can be a limiting factor
in complex scenarios. Furthermore, the models have been generalized over a vast
amount of data, which would be infeasible to manually analyze and derive heuristics
from. However, the hand-crafted heuristic approach allows for backtracking of any
errors made by the algorithm, while the machine learning models acts more like a
“black box” which is harder to troubleshoot. In addition, the hand-crafted heuristics
are easier to adapt to handling specific scenarios that rarely occur in the dataset.
Thus, in the event of using a machine learning model, some level of heuristics may
be required to ensure robustness for such scenarios.

5.1.3 Prediction Times
The applicability of an algorithm in the actual RGF system is not solely determined
by the resulting precision and availability, but also at what frequency it can function,
which makes the prediction times in table 4.6 an interesting study. Although the
current implementation had no focus on being as efficient as possible, the results still
show some important characteristics in the algorithms. The MLP and LSTM models
were both sufficiently fast, being able to predict over a thousand samples per second
in the current implementation, despite having deep and complex networks enough
to fit very well to the data. Thus, the trade-off in complexity versus prediction time
does not seem to be a concern for these models in the current setting. The RF
however, was more than 100 times slower than the other two algorithms, and is not
considered efficient enough in the current implementation. Another implementation,
and perhaps a harder limit on the depth of the trees, would be necessary to consider
using it in the RGF system.
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5.2 Discussion of Chosen Methods
Some of the problems and tasks encountered in this thesis could have been ap-
proached in several ways. This section aims at discussing the methodical choices
made for four significant parts of the method. Those parts are the conceptual sys-
tem, the auto-annotation function, the dataset along with the selection of features,
and the used evaluation metrics.

5.2.1 The Conceptual System
Although the conceptual system presented in section 3.1 has been proven functional
through the results, there could potentially be other system solutions working as
well or even better. For instance there are machine learning end-to-end solutions for
lane marker tracking, as briefly discussed in section 1.4. Unfortunately, it has been
hard to find comparable results for other solutions, but given the results in related
work, it is fair to assume that an end-to-end solution has the potential to achieve
good results in this application as well. An end-to-end solution could be a more
effective way to go, as other parts like the Kalman filter could be dispensed, without
adding any extra steps in the development of the machine learning model. However,
for an end-to-end solution to be applicable, a larger part of the system chain must be
accessible, like cameras and other sensors. Furthermore, a larger machine learning
system complicates troubleshooting and the task complexity, which in turn requires
a model with more capacity and longer training processes.
The machine learning subsystem in this thesis utilizes a multivariate model, which

means that a single model is used to estimate multiple variables, which in this case
are the reliable distances of the left and right lane marker. This could instead have
been done using multiple models, one for the left lane marker and another one for
the right. On one hand, the left and right lane marker may be subject to different
types of disturbances, allowing two separate models to yield better results, as no
weights and parameters would have to be shared. On the other hand, it could
increase the risk of overfitting and making it hard to use the same system for both
left- and right-hand side driving. Anyhow, provided that the desired model capacity
would be the same, having two separate models would double the required time for
training. The time aspect together with the desire to have a system that can take
on both left- and right-hand side driving, are the reasons why the proposed solution
was limited to a multivariate model.
Despite the machine learning models’ success in enhancing the RGF system, that

is not the task they have been optimized for. Instead, they have been trained to
create regressions as similar as possible to the reliable distances produced by the
auto-annotation function, to minimize the RMSE between the two. This indirect
way of training the models to improve the RGF system was chosen to make the
solution as independent and modular as possible. With this approach, the Kalman
filter can be altered and tuned, without requiring retraining of the machine learning
subsystem.
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5.2.2 Auto-Annotation Function
As described in section 3.4, there were no established methods available for annotat-
ing the perceived lane marker data with their reliable distances. This demanded the
development of such a method, which became a part of the work in this thesis. Using
collected ground truth assessment to compute the lateral error of the perceived lane
markers appeared to be a good starting point, but how to compare them was not as
obvious. However, as explained in subsection 3.4.1, the RGF applications allow for
bigger deviations for estimations further ahead of the host vehicle. This means that
the error threshold T , which is ultimately used to annotate where each lane marker
must be truncated, should increase with the estimation distance x. Without any
knowledge about what type of function that would be appropriate, T (x) was made
linear to keep it as simple as possible.
From the results presented in table 4.4, it can be concluded that the annotation

function works rather well since the RGF improves on all distances except one when
utilizing the produced annotations. Nevertheless, the RGF error at 150m is in-
creased, which means that the annotations produced at that distance are imperfect.
Furthermore, T (x) must be somewhat inadequate at that distance. This, together
with the fact that a lot of availability is lost, as seen in table 4.5, makes it reason-
able to believe that there are other sets of parameters or function types that could
have worked better. Anyhow, as depicted in section 4.3, the models trained on the
dataset annotated with this function showed promising results when implemented
in the RGF system. Of course, the RGF results have the potential to improve even
further, with proper tuning of the threshold T (x).
Another benefit with the possibility to adjust T (x), is that it is easy to change

the balance of the trade-off between precision and availability in the road geometry
estimation. This is showcased in section 4.4, where a less conservative version of
T (x) is introduced, in favor of better availability.
To conclude, the suggested method for auto-annotation fulfills its purpose in the

current state, but there is room for improvement of T (x), which can further enhance
the functioning of the machine learning models in the RGF system.

5.2.3 Dataset and Feature Selection
As discussed in section 5.1.1, the results from the evaluation on annotated data
indicate that further tuning of parameters and architectures is not likely going to
increase the accuracy of the models that much. Any substantial improvements to
the model accuracy are instead more likely to come from improving the feature space
that the models operate on. The features used in this thesis were selected based on
the method described in subsection 3.3.2, where different sets of features were tested
using a Random Forest algorithm. Although this simple approach works fairly well
to efficiently distinguish the more significant features in the full feature space, it has
a few drawbacks. The most prominent issue with this method is that a different
algorithm might give a different result, as they react differently to changes in the
feature space. Hence, it is possible to make the argument that the feature selection
in this thesis is made with a slight bias towards the Random Forest algorithm, as
that was the only algorithm taken into consideration in this process. Ideally, all
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of the algorithms would weigh in on the feature selection to make for an as fair
comparison as possible. However, this would be a far too time-consuming activity
for the scope of this thesis. Another drawback of this method is that it relies on a
simplified assumption of the causality of different features when in reality relevant
features in one set might be redundant in another and vice versa. Other wrapper
approaches for selecting features could be to do a more exhaustive search of the
feature space or to use a search algorithm such as particle swarm optimization.
In addition to the feature selection, improvements could also be found in new

representations of the features. The most significant feature for this task is, without
doubt, the information regarding the “ego lane”. This information was sampled at
17 different distances, as described in section 3.3.1, but could benefit from another
resolution or even another representation. Another type of representation could be
to provide the actual coefficients of the polynomials, fleft(x) and fright(x), that are
used to describe the lane markers.
Finally, increasing the size of the dataset is also most likely going to increase the

model accuracy, as more data would allow the models to learn from more scenarios
and consequently generalize better to new unseen data.

5.2.4 Evaluation Metrics
Due to the layout of the host vehicle coordinate system, the sign of the resulting
estimation error differs between left and right turns. Thus, the mean of the lateral
error is heavily affected by the number of different turns in the test set. This is
why the STD of the lateral error has been used as its evaluation metric, rather than
the RMSE. In contrast to the RMSE, the STD displays the variation of the lateral
error but not the bias, which leaves it unaffected by the distribution of left and
right turns. Consequently, the STD is also unaffected by any other bias present in
the lateral error. This means that constant errors, caused by inaccuracies of the
RGF system, could exist in the resulting estimation without being conveyed by the
STD results. With this said, it is unlikely that such a bias would be caused by the
developed machine learning system, as the models have shown level performance for
the estimation of the left and right reliable distances. Still, further investigation of
the lateral error and an eventual bias is needed in order to validate the final RGF
system.

5.3 Future Work
The previous section described different alternatives to parts of the used method-
ology, of which some have the potential to improve the resulting machine learning
system even further. One of the more significant parts was the feature selection,
which can be done more comprehensively in the future, using other tools and meth-
ods. This thesis could then serve as a basis for choosing a single algorithm to
proceed with, which would simplify the feature selection process, as it is somewhat
dependent on the model type. Another important matter regarding the features is
the feature engineering, which is how the information from lane markers and other
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sources is conveyed to the machine learning models. Some features could likely be
disposed and combined differently, to be more beneficial for the algorithms.
Another possible performance improvement is to include the Kalman filter in the

training loop. Then, instead of minimizing the difference between the regressions
and created annotations, the error between the resulting estimation and GTA could
be minimized directly. The feature space could be the same and so could the way of
truncating the lane markers before they are passed to the filter. The difference would
be that the models are directly trained on the task that they are eventually intended
to solve. One way of doing this could be via reinforcement learning, although it
would be challenging, considering the size and complexity of the RGF system.
As stated in section 1.2, the non-Gaussian disturbances occur in the movement

measurements of preceding vehicles as well, for instance in the form of lane changes.
The trajectory of a preceding vehicle at a lane change deviates from the ego lane,
similar to the lane markers at a road fork. Preceding vehicles at a road fork poses the
same problem, assuming that they follow a different lane to that of the host vehicle.
An interesting study for the future would be to apply a similar machine learning
system to the measurements of preceding vehicles. Perhaps, it is also possible to
combine the filtering of both measurement types in one machine learning system,
such that the model can base its output on information from both sources.
The possibility of having separate models for the left and right lane marker has

already been discussed, but an extension of this idea is to also develop separate
models for different driving scenarios. It could be as simple as having two different
models for left and right-hand side driving, or more complex, such that there are
several models for different road types. Although this solution might be less flexible,
the task complexity could be significantly reduced for each model. The models could
then generalize less and specialize more, improving the performance within their
respective areas of usage.
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This thesis investigates how well a machine learning algorithm, compared to hand-
crafted heuristics, can discover and reject non-Gaussian disturbances in perceived
lane markers. Four different algorithms are included in the study, chosen based
on comparative studies and methodology in related work. Several models of each
algorithm type are trained on a dataset, based on information about the traversed
lane and internal vehicle states, collected from 220 hours of driving. Furthermore,
the thesis proposes a method for using ground truth assessment, to annotate the
data with the reliable distance of the perceived lane markers at each time step. From
training, the models learn to output estimations of these distances, which are then
used to truncate the lane markers before they are passed to the Kalman filter.
One of the candidate algorithms is SVR, but it is quickly discarded from the study,

as it scales badly to the vast amount of data used to train the models. The remaining
algorithms, RF, MLP and LSTM, are evaluated based on their ability to enhance
the RGF reference system and return estimations similar to the corresponding an-
notations.
The resulting road geometry estimation from utilizing each algorithm is compared

to that of the heuristic-based system, which utilizes hand-crafted heuristics to trun-
cate the lane markers. All three algorithms, RF, MLP, and LSTM, manage to fit the
training data and improve the road geometry estimation on the test set, beyond the
performance of the heuristic-based system, by successfully rejecting non-Gaussian
disturbances in the lane marker measurements. The characteristics of a successful
machine learning algorithm in this setting include a large enough complexity and
capacity to be able to generalize to the wide range of possible driving scenarios, an
attribute that the SVR fails to fulfill. Further, the ability to remember sequential
data is proven to a be desirable characteristic in this environment.
Random Forest proves to be simple and quickly applicable, yielding high estima-

tion availability, but not quite reaching the same precision as the MLP and LSTM.
Furthermore, it has an unacceptably high prediction time in its current implemen-
tation, making it inappropriate to use in a real-time system. In comparison, the
MLP increases the estimation precision even further while losing a bit of availabil-
ity. It has the lowest prediction time of all models, making it a better choice for
actual implementation. However, the LSTM manages to advance from the MLP
in terms of both precision and availability of the resulting estimation, while main-
taining an acceptable prediction time. Nevertheless, the MLP and LSTM performs
likewise, which is to expect since they have similar architecture. What separates
the LSTM from the MLP, is the ability to process time series and extract sequential
information, which in the end is an advantage that lets it outperform the MLP.
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Based on its performance, in terms of both regression accuracy and RGF improve-
ment, the LSTM is the suggested choice for replacing the hand-crafted heuristic
disturbance rejection. Further advancements could be obtained by tuning the archi-
tecture and parameters but are more likely to be achieved through improvements of
the feature space and extension of the dataset. It is also possible to deploy multiple
models, for different areas of usage, such that the task complexity is reduced for
each model.
This thesis eventually contributes with a conceptual machine learning system, that

can improve the road geometry estimation, while also decreasing the number of hours
spent on maintenance and development work. It also contributes with a method,
featuring an adjustable balance of the trade-off between precision and availability,
for automatically annotating perceived lane markers with their reliable distances.
The method is validated through the success of the well-performing algorithms but
can be further improved by finding a better function for the error threshold.
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