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Kevin Vu
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Department of Electrical Engineering
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Abstract
The development of autonomous vehicles, also called self-driving cars, has the poten-
tial to revolutionize transportation. Advanced sensors and algorithms enable these
vehicles to navigate and operate autonomously. To achieve high levels of safety and
reliability, autonomous vehicles require massive amounts of well-labeled data. As
a result, data annotation is crucial. As part of data annotation, various elements,
such as objects, pedestrians, and road markings, are manually labeled and tagged.
Annotating data is time-consuming, costly, and prone to human error. Hence, it is
desirable to automate and improve the annotation processes.

This thesis proposes three main ideas: A pipeline for automatically annotating 3D
lanes using LIDAR scans and 2D lane labels, a model for lane detection, and lastly,
combining past and future inference to improve lane detection. The annotation
pipeline considers the utilization of LIDAR scans before and after the current frame
to strengthen the ground truth. Our model incorporated two machine learning
frameworks: SuperFusion, and M2-3DLaneNet to generate 3D lane predictions. To
represent the 3D lanes, a grid representation of four classes (dashed, solid, other, and
empty) was used. Combining the 3D predictions over time improved the performance
toward ground truth. The evaluations demonstrate that the model utilizing more
LIDAR scans for each image frame performs better, particularly for shorter distances
(0-30m). The classified lane’s root mean square error (RMSE) in the horizontal
direction of the heading is approximately 5.5cm. Future improvements include longer
training time and the use of a more complex grid representation to better capture
the 3D lanes.

Keywords: Sensor fusion, Deep learning, LIDAR, lane detection, lane marker
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1
Introduction

The development of autonomous vehicles has been started or is being started by
several automotive manufacturers. A fully automated vehicle will enable safer and
more environmentally friendly tra�c. Automating certain tasks of a vehicle can
reduce the chances of accidents caused by human error, which is one of the leading
causes of accidents [1]. Additionally, automated cars can react faster than humans,
which can help to avoid accidents or mitigate their severity. One of the main scopes
of autonomous vehicle development is to improve sensors (camera, radar, LIDAR,
etc.) and the algorithms associated with them. There are multiple sensors that
di�erent car manufacturers utilize in the development of autonomous vehicles. One
type of sensor that is becoming more popular is called LIDAR, standing for light
detection and ranging, with the capability to make an accurate 3D representation
of its surroundings within a limited distance [2]. The 3D representation that the
LIDAR provides has the potential to yield coordinates close to ground truth to sup-
port the detection of di�erent kinds. Therefore it's possible to use the LIDAR as
a reference sensor for automatically generating ground truth data for other sensors,
reducing the time and cost of producing labels for road data. To further enhance
the ability to capture the environment around the car, one can implement sensor
fusion between di�erent modalities like camera and LIDAR [3]. Sensor fusion is a
technique for combining various sensor modalities to complement features that a
particular modality is unable to capture. This can for example be colours, which a
camera is able to provide, unlike LIDAR and radar. In addition, it may help reduce
uncertainty for features that the fused modalities have in common. This means
that depending on the objective, certain combinations of sensor fusion can be more
appropriate than others.

The aim of this project is to develop and evaluate lane marker detection for a
reference system generating ground truth data o�ine. The generated ground truth
can be used to create a consistent 3D map to compare against a camera acting as
an objective sensor. The modalities chosen to be part of the reference system were
a LIDAR and a camera, as the LIDAR can retrieve 3D positions with high accuracy
while the camera enables the vision of the road. As ground truth, the equivalent
detections from the reference system will be used to evaluate the performance of the
camera's lane marker and lane marker type detection. Performance of the reference
system is dependent on the reference system's detections relative to the ground truth
of test data and relative to the camera detections. To be able to use a LIDAR and a
camera as reference sensors, the fused reference system detections need to be better
than the camera detections and close to ground truth. By utilizing detections from

1



1. Introduction

past and future frames, the ground truth generated by the reference system could
be enhanced.

2



2
Related work

2.1 LIDAR & camera fusion

Three methods of fusion between LIDAR & camera that are commonly used by con-
temporary authors are: Data-level, feature-level, and decision-level [4]. The fusion
methods mentioned are often carried out with the help of deep convolutional neural
networks due to them being able to process raw data to extract features and to
perform tasks such as object detection [5].

Data-level fusion is a method where data from multiple sensors are concatenated,
resulting in a larger quantity of information. One example of data-level fusion is
using the camera projection matrix to project LIDAR points to the image plane,
a sparse depth image [6] is obtained. The sparse depth image contains a depth
value for each pixel coordinate in the image, i.e. the distance from the point and
the camera (as the points are projected into the camera frame). Using the depth
information from the sparse depth image in combination with the camera image, it
is possible to improve the performance of object detection [7].

Feature-level fusion is where multiple features derived from the unique modalities
are fused to a higher-dimensional vector, creating a more rich semantic representa-
tion of the surroundings. There are di�erent ways to perform feature-level fusion,
more speci�cally, transformers (cross-attention) have proven themselves e�ective for
the state-of-the-art models in the case of 3D object detection [8][9][10]. Before the
transformer's cross-attention mechanism is leveraged, extraction of the LIDAR's
features is done. Afterward, a query is performed between the extracted LIDAR
features and image features using cross-attention to capture the correlating features
between the camera and LIDAR.

Decision-level fusion is carried out by combining the results of several local decision
processes or classi�ers such that a global decision is reached. Since the project aims
to generate ground-truth data for lane markers detection using LIDAR & camera,
a possible common plane to produce the global decision could be in bird's-eye view
(BEV). The procedure consists of extracting LIDAR features and image BEV fea-
tures which are concatenated, composing a BEV feature map that later on can be
decoded. The procedure to fuse LIDAR and camera features in the BEV space
is called BEV-level fusion. The current state-of-the-art models take advantage of
the BEV-level fusion to improve object detection of various classes including lanes
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[11][12][13].

Data-level, feature-level, and decision-level fusion bene�t object detection in their
own way. SuperFusion is one of the most recent models which incorporate the three
fusion methods for LIDAR and camera modalities, achieving performance that out-
performs the current state-of-the-art baseline methods [14]. The SuperFusion model
organizes the fusion techniques as follows: Data-level, feature-level and lastly BEV-
level, resulting in a post-processed BEV map that can be used for path-planning.
The post-processed map consists of lane markers, road edges, and pedestrian cross-
ing detections. As the post-processed map generated by SuperFusion's model is at
BEV-level it doesn't fully accomplish the desire to produce the map in 3D. How-
ever, the framework of SuperFusion can be re-purposed to �t into our aim. This is
explained in the next section.

2.2 Generating 3D lanes

Having an accurate representation of the road a vehicle travels is one of the key
ingredients for autonomous vehicles. In the previous section, we discussed the dif-
ferent sensor fusion techniques between LIDAR & camera for which they all showed
improvement for a more accurate representation of the world. The authors of Su-
perFusion demonstrated that combining all three fusion methods would improve
performance over models utilizing di�erent fusion strategies. However, the Super-
Fusion method produces a BEV-level map that might not accurately represent roads
with elevation. In addition, no investigation of the performance of SuperFusion on
roads with elevation was done. To ensure that a correct representation of the sur-
rounding road is formed, a 3D map would therefore be more bene�cial.

There have been a number of models using LIDAR & camera that's been presented
over the years which generate 3D road/lane detection [15][16][17]. The models men-
tioned were released between 2018 and 2021. However, none of these methods have
similar fusion strategies as SuperFusion, unlike a model calledM2-3DLaneNet which
was released at a similar time (late 2022) as SuperFusion [18]. Because of these fac-
tors, we believed that it would be more relevant to utilize the prediction head of
the M2-3DLaneNet model. The biggest di�erence between the SuperFusion andM2-
3DLaneNet model is that the latter has a 3D lane detection head. The idea is to
make use of the SuperFusion framework for its fusion strategies and employ the 3D
lane detection head from theM2-3DLaneNet model. The output from the proposed
framework would be the detections of our desired classes: lane markers represented
as dots in 3D coordinates. The intricate details of how this is done will be explained
in chapter 3.
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3.1 Background theory

This section aims to provide the underlying knowledge of used sensors and ma-
chine learning theory before exploring the SuperFusion andM2-3DLaneNet model
in depth. It may also serve as a reminder for the more experienced reader regarding
certain areas which the authors of the two models touch upon.

3.1.1 Sensors

The development of autonomous vehicles has required to implement di�erent sensors
over the years in order for the vehicle to gain certain knowledge of the surrounding
environment [19]. Sensors utilized by autonomous vehicles can be divided into two
categories: exteroceptive and proprioceptive. Exteroceptive sensors calculate the
distance from the vehicle to an object while proprioceptive sensors measure internal
values of the vehicle, such as velocity, battery charge, and joint angles.

3.1.1.1 LIDAR

LIDAR is an exteroceptive sensor that became popular within the autonomous ve-
hicle industry due to the LIDAR's accurate precision for measuring distances. The
way LIDAR works in principle is that it sends out a pulsed laser of light which is
then re�ected back. The time it takes for the laser light to be sent and re�ected
back is measured which enables the calculation of distanced, as can be observed in
Equation 3.1.

d =
t � c
2

; (3.1)

where t is the time for the LIDAR to receive the re�ected laser light andc is the
speed of light. The division of 2 is becauset accounts for the time the signal reaches
the object and is re�ected back. In addition to the LIDAR's precision, it also o�ers
a visibility of 360� and a measuring frequency greater than 150 kHz. A LIDAR
scan results in a point cloud, which is a set of data points that can represent the
surrounding environment in 3D.

3.1.1.2 Inertial measurement unit

An inertial measurement unit (IMU) lies under the proprioceptive category and is
an electronic device that measures a speci�c force, angular rate, and magnetic �eld.
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IMU uses a combination of accelerometers, gyroscopes, and magnetometers, where
one of each represent one of the orthogonal axis X, Y, and Z. Because IMUs are
capable of position and heading relative to global reference they are commonly used
to guide autonomous vehicles.

3.1.1.3 Global navigation satellite system

Global navigation satellite system (GNSS) is a proprioceptive system that utilizes
several satellites to provide the coordinates of the receiver [20]. There exist four
GNSS systems, with one of the most well-known being the global positioning sys-
tem (GPS). Each satellite in a GNSS system transmits a signal that can be picked
up by a receiver on the ground which measures the delay for the transmission and
reception. Through this, the distance from each satellite to the receiver can be
calculated, and by using several satellites one can determine the location (longi-
tude/latitude) and altitude/elevation of the receiver. Its application can be found
in various sectors, such as aircraft, agriculture, tectonic monitoring, etc. In the
autonomous vehicle industry, GNSS has been used to identify a vehicle's location
enabling tracking and navigation of the vehicle.

3.1.2 Machine learning & neural networks

Machine learning is a �eld within computer science where one builds algorithms that
enables machines to learn through experience [21]. There are di�erent types of ma-
chine learning models that a�ect the amount of human intervention required, these
are primarily: supervised learning, unsupervised learning, semi-supervised learn-
ing, and reinforcement learning. In supervised learning, the data used to teach the
model is labeled beforehand so that the algorithm can determine its accuracy. Un-
supervised learning is when the data is not labeled and instead lets the algorithm
attempt to �nd a pattern within the data. Semi-supervised learning is where the
data is divided into ordered and non-ordered data that is meant to steer the al-
gorithm to make its own conclusions, enabling the algorithm to learn to label the
data. Reinforcement learning is where the algorithm makes decisions and is reward-
ed/punished according to a system. The goal for the algorithm is to maximize the
potential reward it can gain and therefore learn to make more favorable choices.

Many machine learning algorithms have been developed over the years ranging from
regression, Gaussian processes, and decision trees to arti�cial neural networks. In
particular, arti�cial neural networks have gained immense popularity mostly due
to the availability of data and processing power. Inspired by biological neural net-
works, arti�cial neural networks (ANN) is a computing system built with the intent
to mimic the process of how biological neurons pass information to each other [22].
ANNs generally consist of three type of layers: input, hidden, and output. The
input layer is where information is passed for it to be processed by algorithms in
the hidden layer and �nally, be observed in the output layer. Each of these layers
contains a collection of neurons that are connected to each other through edges,
with every edge having an associated weight and threshold value. The cornerstone
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of ANN is that it learns by adjusting the connection strength between each neuron
pair, in other words, the weight and threshold value for each edge. ANN performs
most optimally when provided with enough time, "good" quality data, and also a
su�cient amount of data. ANN can become e�ective in solving tasks in numer-
ous �elds, such as computer vision, classi�cation, natural language processing, etc.
There exist multiple architectures of arti�cial neural networks, each designed to
solve certain problems. To remain within the scope of the thesis, only the necessary
architectures will be presented in detail. The �rst architecture that will be presented
is the feed-forward neural network, which is the �rst type of arti�cial neural network
devised, illustrated in Figure 3.1.

Figure 3.1: An illustration of a feed-forward neural network which is a type of ar-
ti�cial neural network [23]. It has three types of layers: input, hidden, and output.
Each layer has a set of arbitrary numbers of neurons, with each circle representing
a neuron. Each neuron has a connection (edge) to every neuron on their right side
represented with an arrow. Note that the arrow points one way, indicating that
information is sent in the same direction; hence the name feed-forward. The asso-
ciated weights and thresholds for the edges between the input and hidden neurons
are denotedwjk and � j . The edges between hidden and output neurons correspond
to Wij and � i . The variablesxk , Vj and Oi embody the input, hidden, and output
values with their de�nition expressed in Equation 3.2, Equation 3.3,Equation 3.4
respectively.

The input of the network is de�ned in Equation 3.2.

x (u) = [ x(u)
1 ; x(u)

2 ; :::; x(u)
N ]; u = 1; 2; 3; :::; p; (3.2)
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where u is the label for the di�erent input patterns. N is the number of input
terminals, which in the case of Figure 3.1 isN = 3. The hidden neurons are de�ned
in Equation 3.3

Vj = g(bj ); bj =
X

k

wjk xk � � j ; (3.3)

wherej = 1; 2; :::; H is the index for each hidden neuron,g is an activation function
and bj is called the local �eld, which is the sum of all weights associated with the
j :th hidden neuron minus its threshold. The output layer's neurons perform similar
computation as Equation 3.3, shown in Equation 3.4

Oi = g(B i ); B i =
X

j

Wij Vj � � i ; (3.4)

where i = 1; 2; :::; M is the index for each output neuron, each associated with
weights Wij along with their thresholds � i . As mentioned previously, arti�cial
neural networks learn by adjusting their weights and thresholds. Depending on
the task, certain machine learning models can be more desirable. For feed-forward
neural networks, the primary usage is for both regression and classi�cation with
supervised learning. Since the network learns by using supervised learning, it needs
to have a target, which is de�ned ast (u) = [ t (u)

1 ; t (u)
2 ; :::; t(u)

M ]. The goal here is to
choose the weights and threshold such that the network produces an output that is
identical to the targets, as shown in Equation 3.5

O(u)
i = t (u)

i for all i and u: (3.5)

Having the outputs match the targets can be achieved in two ways. The �rst method
involves applying small changes to the weights until the results match, in other words
satisfy Equation 3.5. The second method is de�ning a loss functionE with a global
minimum that satis�es Equation 3.5, compute its gradient, and use them to update
the weights with an optimization algorithm to minimize the loss function. The latter
is called backpropagation or error correction and is used more commonly, especially
for a network that contains multiple hidden layers due to more weights and threshold
being introduced that needs adjustment.

3.1.2.1 Loss function

When optimizing, a loss function is used for achieving the same output as a target,
corresponding to a loss function value equal to 0. For an arti�cial neural network
that utilizes backpropagation, the loss function serves as a performance metric for
the network which they will attempt to minimize using an optimizer (subsubsec-
tion 3.1.2.2) for adjusting its learnable parameters. There exists numerous loss
functions which can be applied to arti�cial neural networks depending on the task
at hand. As this thesis aims to classify and generate 3D points, the most appropriate
type of loss functions is classi�cation and localization.

For classi�cation, the main loss function implemented is cross entropy, which can
handle binary classi�cation (sigmoid cross entropy) and multi classi�cation (softmax
cross entropy) [24]. The cross entropy is a measure of the distance between the
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predicted output and the target, a zero cross entropy indicates that the output and
target are the same. Sigmoid and softmax are activation functions that are applied
to the output of the network. However, if the data provided has a class imbalance,
the network will inherit this bias if binary cross entropy is used. A potential solution
to this could be to use balanced cross entropy instead, but it cannot give proper
feedback for the samples in which the network repeatedly makes mistakes during
training, so-called hard examples. This is where focal loss comes in, which is based
on cross entropy with a modi�cation to enable the network to shift its focus more
on classes that the network performs worse on [25]. The mathematical expression
of focal loss is given in two forms: Equation 3.6 and Equation 3.7.

FL(pt ) = � (1 � pt )
 log(pt ) (3.6)

FL(pt ) = � � t (1 � pt )
 log(pt ) (3.7)


 is called the focusing parameter which was implemented to take care of hard exam-
ples. If 
 = 0 the �rst form would result in the original form of cross entropy, while
the second form would regain the form of balanced cross entropy. A value of
 > 0
reduces the relative loss for well-classi�ed samples, with
 > 0:5 resulting in more
focus on hard examples. As can be noted, the second form of focal loss contains a
factor � t called the weighting factor. It works similarly to balanced cross entropy
where a higher� t value makes the value of the loss function become higher if the
network classi�es the class wrong, which forces the network to pay more attention
to it.

In the case of localization loss, the most commonly used functions in regression tasks
are absolute loss and square loss functions. The absolute loss measures the absolute
error between the prediction and target values, expressed in Equation 3.8

E(y; f (x)) = jy � f (x)j; (3.8)

wherey denotes the target andf (x) the predicted value. The square loss function
is very similar to the absolute loss, with the di�erence being that the whole term on
the right-hand side is squared. This can be seen in Equation 3.9.

E(y; f (x)) = ( y � f (x))2 (3.9)

As can be noted, the square loss provides a higher loss value for errors of higher
magnitudes compared to the absolute loss. This means that the square loss empha-
sizes more on outliers, making absolute loss more robust if there exist outliers in the
data the network will train on.

3.1.2.2 Optimizer

The choice of an optimization algorithm to update the weights through backpropa-
gation a�ects the time it takes for the network to converge to the desired output of
Equation 3.5. The quality of the model is in addition in�uenced by the optimization
algorithm, such as its ability to generalize which is covered in subsubsection 3.1.2.5
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and subsubsection 3.1.2.6. The optimization algorithm's general work�ow is to min-
imize a loss functionE accounts for the predictionŶ generated by a functionF ,
along with a set of points of coordinatesY . Note that F represents the whole net-
work with all its parameters, i.e the weights and thresholds whilêY represent the
output of the network, i.e Equation 3.4. This means in order to minimizeE, changes
for the parameters ofF have to be made. This is where the gradient comes in, which
determines the change of the loss function at a certain point in all directions. Then
depending on the optimization algorithm chooses a path that leads to a decrease in
E that corresponds to certain weight adjustments. The magnitude of the direction
taken is determined through a parameter called learning rate, denoted� > 0. This
process is done iteratively untilE = 0 or when a satisfactory output ofF is given.

The optimization algorithm that makes the foundation of backpropagation is called
gradient descent. Gradient descent is an optimization algorithm that always chooses
the path of the gradient that is the steepest, meaning the path that decreases the
value ofE the most. Equation 3.10 expresses gradient descent applied for updating
all the learnable parametersK in the network simultaneously by using all training
samples, resulting in having trained the network for one epoch.

w = w � � r E ; r E =
� @E(O(u)

i ; t (u)
i )

@w1
; :::;

@E(O(u)
i ; t (u)

i )
@wK

�

; for all i and u (3.10)

An important thing to note is the learning rate � , as it determines the magnitude
of adjusting the weight. Finding the optimal learning rate can be challenging, and
having too low or high can create complications. A high learning rate could fasten
the time to reach the desired output but also risk missing it. A low learning rate suf-
fers from longer training time, and could potentially get stuck at a local minimum.
Figure 3.2 illustrates the trajectory of minimizing a bowl-shaped loss function using
three di�erent learning rates for gradient descent. One can observe in Figure 3.2
that for this type of loss function, using optimal and low learning rates converges
to the minimum, with the di�erence being that the latter requires more iterations.
The one with too high a learning rate misses the minimum and diverges from it.
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Figure 3.2: An illustration of three di�erent values of learning rates for gradient
descent, with the lowest on the left and ascending to the right. The blue arrows
represent each iteration of Equation 3.10, with a lower learning rate resulting in a
shorter arrow. For a low learning rate, the number of iterations will increase which
results in a longer time to reach convergence compared to the optimal one. The plot
on the far right has a learning rate that is too high which causes it to miss the point
of convergence and results in divergent behavior. The optimal learning rate's value
is high enough such that the time to converge is shorter than the lower learning
rate, and does not diverge from the point of convergence.

One can note that as long as the learning rate is not larger than the optimal value,
it will eventually converge to the minimum regardless of the starting position. How-
ever, this is only true when the loss function has no local minimum. If it does,
then too low of a learning rate could result in the optimizer getting stuck at a local
minimum depending on the starting point. Getting stuck in a local optimum due
to a low learning rate is illustrated in Figure 3.3.

Figure 3.3: Illustration of a loss function as a function of the weight value. The
image consists of two local minima and a global one, meant to show the vulnerability
of choosing a value for the learning rate� with respect to the starting point. If the
starting point is at the weight value a and� is small, the optimizer may get stuck
at the local minima closest to the starting point. At points b and c however, it will
converge to the global minima. This means that with a low learning rate coupled
with the potential of receiving an unfavorable starting point when initializing the
weights, the network's learning potential cannot be fully realized.

11



3. Theory

There exist various optimization algorithms for backpropagation, all of them based
on gradient descent with slight modi�cations to combat the issue of converging at
a local minimum. Stochastic gradient descent (SGD) is one of the most commonly
used optimization algorithms due to it being able to help escape local minima and
in some cases reduce the computation time [26]. SGD calculates the gradient for
a single random sample of the training data to update all the weights, contrary
to gradient descent which uses all training data. The weight update using SGD is
expressed in Algorithm 1. One epoch here corresponds to when all theu training

Algorithm 1 Weight update using stochastic gradient descent

for k = 1; 2; :::; u do
w = w � � r E k

end for

samples have been used to update the weights. SGD e�ectively approximates the
true gradient of E which results in a stochastic trajectory in the weight space,
making it less prone to get stuck in a local minima. However, it may also result in
too much noise due to it using one sample of the training data to approximateE . A
way to alleviate this is to use a mini-batch-sized approach of SGD, which essentially
means randomly choosing training samples of sizeb < u. This results in a trajectory
that is not as stochastic as when using one sample, and still has the potential to
escape a local minimum.

3.1.2.3 Deep learning

A question that may arise is why would one want to introduce more than one hid-
den layer. This is because a feed-forward network with multiple hidden layers can
be trained to recognize and classify images more reliably. The area which consid-
ers networks with many hidden layers is called deep learning. Deep learning is a
technique that is classi�ed as a machine learning technique which is essentially an
arti�cial neural network that utilizes more than two hidden layers. The idea behind
this is to enable a network to learn more features from the data. For example, when
distinguishing cats and dogs visually, humans can most of the time tell the di�erence
based on their appearance which is composed of their features, such as the shape
of their face, tail, paws, etc. Each hidden layer of the network may learn each of
the features which the cats and dogs possess such that it can eventually distinguish
between them. There are multiple deep learning architectures that were built to
solve di�erent tasks. Typically for vision tasks, one would most likely employ a con-
volutional neural network (subsection 3.1.3), while for natural language processing,
it would instead be a transformer.

In order for the gradient to propagate through a general feed-forward neural network,
i.e if it has multiple hidden layers, the chain rule has to evaluate for the loss function
with respect to the weights as seen in Equation 3.11

@E

@W(L )
ij

: (3.11)
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L = L � 1; L � 2; :::; 1 is the index for the hidden layer, note that its values are
descending. L is in descending order because backpropagation propagates from
the output neuron in the opposite direction of the network, therefore its name.
Equation 3.11 needs to be expanded for weights that have a lowerL index in order
to propagate the gradients further back, as they are dependent on the weights with
a higher L index.

3.1.2.4 Vanishing and exploding gradient

The application of the chain rule results in an expression that contains several mul-
tiplication factors that can give rise to two consequences that greatly a�ect the
network's capability to learn, these two are exploding gradient and vanishing gra-
dient. If the gradient is smaller than 1 for each layer, it will decrease exponentially
for every layer it is propagated back to the initial layers, giving rise to the vanish-
ing gradient problem. The exploding gradient problem occurs when the gradients
of each layer are greater than 1, resulting in exponential growth of the gradient
for each propagation. The reason why the vanishing gradient occurs is due to the
values of the derivative of the activation functiong(b) being in the range[0; 1). In
contrast, the exploding gradient occurs when the initial loss becomes large such that
a substantial change needs to be made for the weights, which is due to the values
the weights were initialized with.

To combat vanishing and exploding gradients, there are a couple of methods that
can be employed. Against vanishing gradient, a solution could be to employ a
di�erent activation function that doesn't cause small derivatives, such as ReLU and
leaky ReLU. For the exploding gradient, the initialization of weight values could be
small and with a low standard deviation. There exist certain weight initialization
methods depending on the task which the network is used for, such as Uniform,
Xavier, Kaiming, Normal, and One's initialization. An overall solution against both
issues could be to reduce the number of layers in a network to avoid a potentially
exponential increase or decrease in the gradients.

3.1.2.5 Over�tting

Another issue that may be encountered when adjusting the weights of the network
is the phenomenon called over�tting. When using supervised learning to train a
machine learning model, the goal is to ensure that the model is able to produce an
output that satis�es the speci�ed target. The way the model can tell how close it
is to the target is through the loss function, which it attempts to minimize. While
the model can become very good at producing results that satisfy the data it was
trained on, it may not perform well on "unseen data". Unseen data is referred to
data that is of similar content as the data the model was trained on, but its samples
are unique. This means that the model is unable to generalize, giving rise to the
over�tting phenomena. An illustration of this can be seen in Figure 3.4. Over�t-
ting is more prevalent for arti�cial neural network models with more neurons due to
them having more capacity to learn more speci�c features, resulting in them easier
becoming �xated on the data. There are generally two solutions that are applied
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to reduce the potential of over�tting in arti�cial neural networks, these are cross-
validation and regularization schemes.

3.1.2.6 Cross-validation

Cross-validation is a method where one splits the data which a model uses to learn
into two parts: training and validation. The objective is to use the training data
solely for the model to learn from while the validation is for the user to check
whether the model could be able to handle unseen data, but is not taken into account
when adjusting the weights. An illustration of cross-validation can be observed in
Figure 3.5. The idea of cross-validation is to use the validation part to give an
indication of when the model may require more or less training time.

Figure 3.4: An illustration of a concept within machine learning known as over-
�tting [27]. In this image, there exist two types of dots in the training data, red
and blue that are plotted in feature space. There are two types of curves, green
and black, representing two models trained on the training data with an attempt
to separate the blue and red dots. The model which generated the green curve
perfectly separates the blue and red dots while the black does not. However, the
trajectory of the green curve was formed to �t perfectly for this particular sample of
the data. There may exist outliers that the model with the green curve has picked
up. If a similar type of data were to be presented, the results may di�er. The model
represented by the black in contrast has a trajectory that is not too �xated on the
training data when separating the red and blue dots, which can serve as a better
model when applied to unseen data.

3.1.2.7 Regularization

The other solution that was mentioned in regard to over�tting was regularization
schemes. There are multiple regularization schemes that have proven to combat
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over�tting, especially for deeper networks, these are weight decay, drop out, expan-
sion of training set, and batch normalization.

Weight decay works by assigning a constraint when minimizing the loss functionE
during backpropagation. The idea is to balance between small values ofE while
maintaining small weight values that help against exploding gradient. This is done
by reducing the weights by a factor0 < " < 1 during the model's training for each
time backpropagation is performed or in regular intervals.

Drop out is a regularization scheme where a random sample of fractionq of the hid-
den neurons is ignored during training. For each backpropagation that is performed,
the random samples' weights and thresholds are set to 0 while the remaining are up-
dated and then restored to their state before being nulli�ed. Once the training has
been completed, all hidden neurons are activated but with their output multiplied
with a factor 1� q in order to ensure that the local �eldsbon average are independent
of q. The e�ect of this is that the values of the hidden neurons that are set to 0 during
the backpropagation are temporarily lost, meaning their contribution of them when
calculating the gradients is neglected. This prevents certain weights to specialize in
speci�c features, i.e. reducing the potential for over�tting. However, this results in a
longer training time as not all weights are considered for each backpropagation pass.

The expansion of the training set can help a model to become better at generalizing
unseen data as more examples are provided. One could expand the training set by
providing more data and also augment the data to produce more samples. The way
in which one can augment data that would result in a more accurate model di�ers
depending on the input one feeds into the network. As an example for image inputs,
changing the color, adding noise, scaling, rotating, cropping, etc.

The last regularization scheme mentioned is batch normalization, which can help
with reducing the training time for deep networks with backpropagation [28]. For
each mini-batch, it performs re-centering and re-scaling of the input data and contin-
ues to do so for each hidden layer as the data propagates forward. The normalization
of the data helps combat vanishing gradients as the values of the local �elds and
weights won't become larger than 1. The reason why batch normalization helps
decrease the training time for a neural network is still under discussion. The notion
that the author of the method had was that it reduces possible internal covariate
shifts, which they de�ned as: "the change in the distribution of network activations
due to the change in network parameters during training". However, some scholars
argue that batch normalization does not reduce the internal covariate shift, but that
it instead smooths the trajectory to reach convergence for the most optimal model
with respect to the loss functionE [29]. Regardless of the theories surrounding
the reason why batch normalization accelerates the training, it has been proven
empirically.
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Figure 3.5: In this �gure the concept of cross-validation is showcased through
the loss as a function of time for the two graphs denoted as training (black) and
validation (orange). Both graphs represent the same model at each time step, but
with the black one showing the loss for the training data which it repeatedly learns
from, and the orange one showing the loss when feeding the set of unseen data. As
can be observed in this case, the training loss and validation loss initially decrease
until a certain point (marked with a dashed line) when the model starts to become
�xated on its training data such that the validation loss instead increases, entering
the over�tting region. The usage of cross-validation can give an indication of when
a model may or may not require more training.

3.1.3 Convolutional neural networks

Convolutional neural networks (CNNs) utilize convolutions to perform forward prop-
agation, as opposed to feed-forward neural networks. Convolutions consist of a ker-
nel, which can be viewed as a �lter that is moved across the image. The kernel is
applied to all image patches while being moved around with a certain stride (the
number of "steps" between image patches). The padding parameter of convolutional
layers allows the image to be extended by pixels (usually zeros) to extract edge
information. In a convolutional layer, multiple kernels are used to extract di�erent
attributes. Figure 3.6 illustrates a kernel applied to an input image.

Figure 3.6: Illustration of how a kernel/�lter is applied to an image patch of the
input [30].

In addition to convolutional layers, max pool layers are another signi�cant layer
in CNNs. Max pool layers reduce the input to a lower dimension. The kernels of
a max pool layer select the maximum value in each image patch, resulting in an

16



3. Theory

approximation of the image.

The convolutional neural network essentially extracts features from its input with
it a feature map whose spatial resolution is smaller than the input. However, this
can result in sparse feature extraction, meaning the feature map cannot represent
the input's features well. A possible solution to this is atrous convolution, which
changes the way the kernel weights are applied for the input [31]. The area in which
the kernel is applied on the input is called a receptive �eld, which for standard
convolution is the size of the kernel. Atrous convolution on the other hand has the
capability to change the size of the receptive �eld through a parameter denoted as
r , where a largerr results in the expansion of the receptive �eld. Speci�cally,r is
an integer that adds space between each kernel weight in the horizontal and vertical
direction. An illustration of this can be observed in Figure 3.7. The introduction

Figure 3.7: Illustration of a 3x3 kernel application when using atrous convolution
for two di�erent spacing ratesr , with the blue boxes representing the kernel weights.
The receptive �eld is the same as the standard convolution when havingr = 1, i.e.
the spacing between each weight is 1. An increase ofr leads to a larger receptive
�eld despite having the same kernel size, as seen forr = 2 where the receptive �eld
is 5x5.

of r allows control of the output size of the convolutional layer without having to
change the kernel size, e�ectively reducing the number of parameters or the amount
of computation. In short, atrous convolution can be useful for extracting contextual
information.

3.1.4 Transformer

Transformer is a deep learning model that was developed for learning contextual
information, such that it can for example translate a sentence between two languages
with correct grammar [32]. Its application today can be seen in areas such as natural
language processing and computer vision, with ChatGPT being arguably the most
known product using the transformer model. What separates transformer from other
deep learning architectures is the mechanism known as attention, speci�cally scaled
dot-product attention. Its formal de�nition can be observed in Equation 3.12

Attention( Q; K; V ) = softmax(
QK T

p
dk

)V; (3.12)
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wheredk is the key dimension,Q, K and V are matrices containing queries, keys and
values respectively. The termQK T calculates all the attention weights, with the
division of

p
dk to prevent vanishing gradient, followed by the softmax to normalize

the weights, and lastly multiply with V to obtain the new embedding. The attention
weights can be trained during backpropagation such that it allows the network to
emphasize features of higher importance for certain tasks, signi�ed by a higher
weight value.

3.1.5 Depth completion

Depth completion is a technique that aims to provide an approximation of the three-
dimensional appearance and shape of objects in a scene. The problem formulation
of depth completion can be described as follows: �nd̂f that approximates f , where
f (I; D sparse) = Ddense with I and Dsparse being an image and a sparse depth image
respectively. A sparse depth image is the result of projecting LIDAR point clouds to
the image plane. The mathematical formulation of the depth completion problem
can be observed in Equation 3.13.

min jj f̂ (I; D sparse) � f (I; D sparse)jj 2
F = 0; (3.13)

whereI 2 RW x H , Dsparse 2 RW x H and Ddense having the same size asI and Dsparse.
Equation 3.13 is written in a general form that takes into account the di�erent
categories of depth completion. Depending on the category of the chosen depth
completion method, the equation can be independent of eitherI or Dsparse. Depth
completion methods can be divided into two categories: guided and non-guided [33].

Guided depth completion is a category for which the methods belonging to use color
images as input to obtain a dense depth image. These methods utilize various ap-
proaches ranging from classical image processing algorithms such as median �lters
to the most recent ones using deep learning. The current state-of-the-art models
in this category operate with deep learning models, which have proven to perform
better compared to non-guided depth completion models as can be observed in the
Kitti benchmark website [34].

Non-guided depth completion in contrast to the guided one uses a sparse depth
image instead of a colored image, meaning they are only dependent on the LIDAR
data. However, the sparse depth image may contain missing values (points) for
the majority of all pixels, hence its name. To tackle this issue, classical techniques
and deep learning models have been employed to interpolate the sparse depth image.

3.2 Evaluation metrics

As this thesis deals with classi�cation and regression tasks, the ideal evaluation met-
rics would be those that regard such tasks. The classi�cation metrics are those that
deal with four quantities: true positive, true negative, false positive, and false neg-
ative. These quantities stem from the combination between the predicted class and
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the ground truth class. An illustration of the combination can be seen in Figure 3.8.
The four quantities enable the use of multiple classi�cation scores where each report
how well a model performs in various aspects. It would therefore be of interest to
use numerous classi�cation metrics to better grasp a model's performance. Such
metrics would be recall, accuracy, precision, and F1 score, with each score de�ned
in Equation 3.14, Equation 3.15, Equation 3.16, and Equation 3.17 respectively.

The accuracy score considers all the predicted samples that match the ground truth.
The recall is a measure for the model based on its ability to �nd all positive examples.
The precision score on the other hand measures the model based on its ability not
to predict a sample as positive when the ground truth is negative. The F1 score is
the harmonic mean between recall and precision, meaning it weighs the recall and
precision scores evenly. All the mentioned classi�cation scores have a value that
resides in the range[0; 1], with 1 being the best possible value for the model.

Recall =
TP

TP + TN
(3.14)

Accuracy =
TP + TN

TP + TN + FP + FN
(3.15)

Precision =
TP

TP + FP
(3.16)

F1 = 2
Precision� Recall
Precision + Recall

(3.17)

Figure 3.8: An illustration of the combination between the predicted class and
ground truth (true) class. TP, FP, FN, and TN stand for true positive, false positive,
false negative, and true negative respectively.

In the case of the evaluation metrics regarding regression, one of the most common
methods is the root mean square error (RMSE) [35]. The mean squared error (MSE)
is calculated by squaring the errors between each prediction and the corresponding
ground truth. Afterward, each squared error is summed into one total value and
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then divided by the number of squared error samples. The RMSE is calculated by
taking the root of the MSE, resulting in the output being of the same unit as the
original data. The value can be interpreted as the average distance between the
predicted values and the ground truth. The de�nition of RMSE can be observed in
Equation 3.18

RMSE =
p

MSE; MSE =
1
N

NX

i =1

(y0
i � yi )2: (3.18)

Another noteworthy evaluation metric for regression is the mean absolute error
(MAE). As the name suggests, it takes the mean of the sum of all the absolute
errors. RMSE and MAE are similar in the aspect of calculating the variation in the
errors. If the individual errors vary greatly, then RMSE will be larger than MAE.
If the individual errors however have similar magnitude, then RMSE will be equal
to MAE. The expression of MAE can be observed in Equation 3.19

MAE =
1
N

NX

i

jy0
i � yi j: (3.19)

3.3 SuperFusion framework

As mentioned in chapter 2, SuperFusion is a model that executes sensor fusion
between LIDAR & camera at three levels, these are: Data, feature, and BEV. This
section will explain the intricate details for each level of fusion the SuperFusion
model performs in chronological order. Before delving into the details, the reader
is suggested to refer to Figure 3.9 when attempting to envision the whole process.
Note also that letters written in bold texts are referred to as tensors.

3.3.1 Data-level fusion

The �rst fusion is done at the data-level where a LIDAR point cloudP is projected
onto the image plane. This creates a sparse depth imageD sparse with the dimensions
RW x H , whereH and W correspond to height and width. The sparse depth image
contains LIDAR points in various height and width combinations on the image plane
with each point having a distance associated with them, the distance being from the
LIDAR to a point. This sparse depth image is concatenated with the corresponding
RGB image I , i.e. the image frame in which the LIDAR shares the same �eld of
view and roughly the same timestamp. The reason for mentioning the timestamp
is that depending on what LIDAR and camera one chooses to use, they may have a
di�erent frequency that a�ects the frame which the LIDAR and camera capture as
the vehicle is moving. The concatenation between the two images will result in an
RGB image containing LIDAR points and their depth information. We denote this
resulting image asI conc with the dimensionsRW x H x CS , whereCS = 4.

The last step in the data-level fusion involves interpolation through a process called
depth completion. As mentioned in subsection 3.1.5, the output of depth comple-
tion is called a dense depth imageD dense, an estimation of the three-dimensional
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Figure 3.9: An overview of the body of the SuperFusion framework [14]. The input
to the framework is a LIDAR point cloud and a front RGB image, the output is the
fused BEV feature.

appearance and shape of objects in a scene. The depth completion method which
the authors of SuperFusion utilized is called IP-basic and is classi�ed as a non-guided
depth completion method [36]. IP-basic uses classical image processing techniques
which obtain performance close to other methods of the same category with a speed
that rivals among the fastest depth completion methods. While IP-basic is not on
par with methods of the opposite category, it serves as a stepping stone for the next
fusion level, which is covered in the next subsection. Note that since IP-basic is a
non-guided method, it needs onlyD sparse as the input.

3.3.2 Feature-level fusion

In the second fusion level, feature-level fusion, we obtain three inputs from the data-
level fusion's output: Firstly the raw LIDAR points P, secondly, the sparse depth
images along with their corresponding RGB images concatenatedI conc, and lastly
the dense depth image produced from the non-guided depth completion method
IP-basic D dense. The feature-level fusion layout consists of two pipelines: the LI-
DAR which utilizes the LIDAR points P, and the camera that uses the remaining
inputs. Each of the pipeline's purpose is to extract their respective input's features
to form BEV features for the LIDAR and camera modalities. In addition to the
two pipelines, cross-attention and pillar pooling will be performed which will be
explained further in the subsection.

The camera pipeline is made up of the backbone which has two branches: feature
extractor and depth distribution. The choice of camera backbone for the Super-
Fusion model was ResNet-101, consisting of four convolution blocks with a total of
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101 layers [37]. Initially the backbone takes as inputI conc and is processed through
the �rst convolutional block resulting in a feature map denoted as~F. The feature
map is then inserted into the two branches with the goal to create frustum features
that enable 3D detection, a process similar to categorical depth distribution network
(CaDDN) [38].

The depth distribution branch works by inputting a feature map F where all its
features are used to estimate the depth distributionD 2 RWF x H F x D , where D is
the number of discretized depth bins. The depth discretization method of choice was
linear-increasing discretization, as it could provide depth estimation in a balanced
way compared to other methods [39]. To compute the categorical depth distribution
the authors of SuperFusion follow CaDDN by modifying the semantic segmentation
network DeepLabV3, enabling it to produce pixel-wise probability scores of belong-
ing depth bins [40]. Speci�cally, an atrous spatial pyramid pooling technique is
employed to capture multi-scale features, its output is then upsampled to the origi-
nal input size using bilinear interpolation with the application of a softmax function
to each pixel in order to normalize theD depth bins. To increase the accuracy of the
depth distribution, the dense depth imageD dense is utilized by converting its depth
bins for each pixel to a one-hot encoding vector to supervise the depth prediction
network.

In the feature extractor branch the feature map~F is processed through the re-
maining convolutional blocks of ResNet-101 with the resulting output dimensions
F̂ 2 RWF̂ x H F̂ x CI , where CI is the number of channels speci�ed by the last convo-
lutional layer. Afterward, an image channel reduction is performed to reduce the
memory load using 1x1 convolutional, followed by a BatchNorm and ReLU, reduc-
ing the number of channels fromCI to Cf inal . We denote the �nal output of the
branch asF f inal , which will be used in the LIDAR pipeline to perform the feature
level-fusion.

To complete the second last step for the camera pipeline, we denote(u; v; c) as the
coordinates of image featuresF, with the corresponding coordinates for categorical
depth distribution D as (u; v; di ), where di is the depth bin index. The frustum
feature grid M can be obtained by taking the outer product betweenD (u; v) and
F(u; v), as shown in Equation 3.20

M (u; v) = D (u; v) 
 F(u; v); (3.20)

whereM (u; v) 2 RWF x H F x D xCf inal . The frustum feature grid contains each pixel of
the image featuresF(u; v) and its weighted depth bin probabilitiesD (u; v).

The last step of the camera pipeline is where the frustum feature gridM is con-
verted into the camera BEV featuresC. This was done by assigning each voxel of
the frustum feature grid M to its nearest pillar to then apply a sum pooling using
the camera's intrinsics and extrinsic parameters, similar to the step called "Pillar
pooling" in LSS [41]. The resulting dimensions of the camera BEV featuresC is
RW x H x Cf inal .
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The LIDAR pipeline consists of two parts: the backbone and the BEV prediction
module. The LIDAR backbone's function is to generate BEV features from the raw
point cloud P, which then will serve as an input for the BEV prediction module.
The backbone of choice was a combination of dynamic voxelization and PointPillars
[42][43]. The initial process of the backbone involves dynamic voxelization, which
converts the raw point cloud into stacked vertical columns (pillar) tensors. Note that
PointPillars is able to perform the initial step, however, it uses hard voxelization
which has been proven by the authors of dynamic voxelization to be less e�cient.
Once the initial process has been performed, the stacked pillars will serve as a learn-
ing objective for the feature encoder which then creates a 2D pseudo image to be
processed by a 2D convolutional neural network. The 2D convolutional network
processes the pseudo image and produces LIDAR BEV featuresL 2 RW x H x CL .

The last step of the feature level fusion in the LIDAR pipeline is the LIDAR BEV
prediction, with the architecture presented in Figure 3.10. The reason for includ-
ing this module is to increase the range which the LIDAR can perceive by taking
advantage of the camera which has a longer range, speci�cally its image features.
Initially, the LIDAR BEV features L are sent into the BEV encoder, resulting in the
bottleneck featuresB 2 RW=8 x H=8 x CB , where CB is the channel number speci�ed
by the last convolutional layer. The compressed LIDAR BEV featuresB is then
applied to three fully-connected convolutional layers to queryQ with the corre-
sponding image featuresF to key K and valueV, producing the aggregated feature
A using the cross attention formula described in subsection 3.1.4. The procedure
enables us to capture the relationship between bottleneck featuresB and the image
featuresF. OnceA has been obtained, it proceeds through a convolutional layer to
reduce the channel number in order to concatenate with the bottleneck featuresB ,
further reducing its channel number by applying an additional convolutional layer
where we end up with the �nal bottleneck featuresB 0. The �nal step in the LIDAR
BEV prediction is whereB 0 is sent through the decoder resulting in the predicted
LIDAR BEV features L 0 2 RW x H x CD , whereCD is the channel speci�ed by the last
convolutional layer.

Figure 3.10: An illustration of the LIDAR BEV prediction module [14].

23



3. Theory

3.3.3 BEV-level fusion

In the third and last fusion level is where the camera BEV featuresC and the pre-
dicted LIDAR BEV features L 0 are, with its process illustrated in Figure 3.11. As
can be observed in the �gure, the BEV-level fusion does not simply concatenate
the BEV representations of the LIDAR and camera branches. There are two rea-
sons: The �rst is the possibility of depth estimation errors and inaccurate extrinsic
parameters of the camera branch, and the second is the risk of losing boundary in-
formation due to the downsampling operations in convolutional neural networks. To
mitigate these errors, a BEV alignment module was introduced by utilizing the �ow
�eld and warp/alignment function, following the works of AlignSeg and semantic
�ow [44][45].

Figure 3.11: An illustration of SuperFusion's BEV-level fusion [14].

The �ow �eld is a collection of o�sets which are the discrepancy needed to guide
the alignment of feature maps. The �ow �eld is obtained through prediction, using
the BEV alignment module. The process BEV of the alignment module starts with
the concatenation betweenC and L 0, which later is processed through four layers
in the following order: Convolutional, Batch normalization, ReLU, and lastly a
convolutional. This results in a �ow �eld � 2 RW x H x 2 that will be used to warp
the camera BEV features to align with the predicted LIDAR BEV features. The
last step needed to correct the possible errors inC is to apply the warp function,
which is de�ned as:

C0
hw =

HX

w0=1

WX

h0=1

Cw0h0 � max(0; 1� j h+� 1wh � h0) � max(0; 1� j w+� 2wh � w0); (3.21)

where (w + � 1+ wh ; h + � 2wh ) are positions for which a bilinear interpolation ker-
nel takes place when sampling features ofC. � 1wh ; � 2wh indicate the learned 2D
transformation o�sets (�ow �eld) for the position (w; h). Note that if � 1wh ; � 2wh

are both 0, thenC0 would be identical to C. OnceC0 has been obtained, it will be
concatenated with the predicted LIDAR BEV featuresL 0 that will form the fused
BEV features Z 2 RW x H x CZ , whereCZ is the sum ofCf inal and CD .
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3.4 M 2-3DLaneNet

The M2-3DLaneNet model uses all the fusion strategies as SuperFusion, with slight
di�erences in the way they fuse. An illustration of the model can be observed in
Figure 3.12, where the inputs consist of raw point cloud data and images with the
�nal output being 3D lane detection. The content of theM2-3DLaneNet model is
presented in three subsections: Data-level fusion, feature-level fusion in BEV lastly
3D lane prediction.

Figure 3.12: An overview of theM2-3DLaneNet framework [18]. The input to the
framework consists of a front RGB image coupled with a LIDAR point cloud, with
the output of the model being a 3D lane detection.

3.4.1 Data-level fusion

Similar to SuperFusion's data-level fusion, the raw LIDAR point cloudP is pro-
jected to the image plane to create a sparse depth imageD sparse 2 RW x H . Depth
completion is then performed usingD sparse using a method called SFD to produce
D dense [46]. In contrast to SuperFusion,M2-3DLaneNet does not concatenateD sparse

with the corresponding RGB imageI .

3.4.2 Feature-level fusion in BEV

The feature-level fusion is divided into two streams: camera and LIDAR which later
are fused in BEV space.

Starting o� with the camera stream, the input is an RGB image that is encoded
into multiple feature maps, each of di�erent resolutions. The encoding was done by
using E�cientNet-B5 as the backbone, resulting in four feature maps of sizes: (W x
H ), (W=2 x H=2), (W=4 x H=4) and (W=8 x H=8) [47]. The four feature maps are
then applied with a variant of the attention mechanism used in transformers, which
the author dubbed as line-restricted deform-attention (LRDA). The idea of LRDA
stemmed from deformable attention (DA), proposed in Deformable-DETR enabled
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the capture of objects on di�erent scales in any positions [48]. LRDA was proposed
to solely focus on capturing lanes on di�erent scales by limiting DA to the trajectory
that a lane can have. LRDA, similar to DA, was used to increase the performance
of object detection of smaller objects.

Once LRDA has been performed, the next step of the camera stream is to lift
the image features to create a pseudo point cloud. Given the input image with a
size (W; H ), utilize D dense to generate image coordinates(u; v; d) with u 2 [1; W],
v 2 [1; H ] and d 2 [1; D]. Afterwards, by using the camera intrinsic and extrinsic
matrices K 2 R4 x 4 and T 2 R4 x 4, the i :th image coordinate(ui ; vi ; di ) can be
transformed to 3D coordinates following Equation 3.22, yielding image features in
3D coordinates.

[x i ; yi ; zi ; 1]T = T � 1 � K � 1 � [ui � di � ; vi � di ; di ; 1]T (3.22)

Once a pseudo point cloud has been created from the image features, pillarization
is performed on it to obtain BEV features, which follows the steps of PointPillars's
architecture. The �nal step of the camera stream involves the use of nearest BEV
completion, where it attempts to tackle the issue of occlusion and a limited �eld of
view which results in blank areas in BEV space. The procedure is done by generating
an occupancy map that records whether a grid is occupied, which then interpolates
the grids that are empty using their nearest neighbor.

The LIDAR stream is very similar to SuperFusion's LIDAR pipeline. They use the
same backbone (PointPillar), with the exception thatM2-3DLaneNet does not per-
form dynamic voxelization. Once the LIDAR point cloud has been processed by the
backbone it results in LIDAR BEV features of four resolutions, with the sizes being
the same as the ones produced from the camera stream.

Once the camera and LIDAR stream have each produced four feature maps of dif-
ferent resolutions, they are concatenated. Then channel-wise attention is applied to
focus on channels that are of more importance, increasing the representational power
to improve classi�cation-related tasks, similar to Squeeze-and-Excitation block [49].
Lastly, the four fused BEV feature maps are fused into one single representation by
utilizing the feature fusion strategy of PersFormer [50].

3.4.3 3D lane prediction

The 3D lane prediction ofM2-3DLaneNet used the same prediction head presented
by the authors of PersFormer. The 3D detection is based on anchor design, where
an image is represented by a grid in BEV perspective. The anchors are de�ned
as equally spaced lines in the vertical direction in the x-positionf X i

bevg
N
i =1 with

an incline angle ' , along with a prede�ned y-position f ykgK
k=1 in the horizon-

tal direction. Each anchor X i
bev has 7 available values of the incline angle' 2

f �= 2; arctan(� 0:5); arctan(� 1); arctan(� 2)g, which was implemented to easier rep-
resent lanes with large curvatures or perpendicular lanes. A 3D lane can be repre-
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sented using an anchorf X i
bevg, expressed in Equation 3.23

(x i ; z i ; vis i
bev) = f (x(i )

k ; z(i )
k ; vis(i )

bevk
)gN

k=1 ; (3.23)

wherex i consists of the horizontal o�set to the closest vertical lineX i
bev. z i contains

the lane height in 3D,vis(i )
bevk

represents the visibility of each horizontal locationk
in anchor i , indicating the length of a lane with values of 0 and 1. Note that the
y-position is not included, as all the attributes are represented for each �xed y-value.
In addition to the 3D lane representation, 2D is included using a similar structure
presented in Equation 3.23. The di�erence between the two representations is that
the 2D case has the corresponding image in the image plane(u; v) with another
incline angle� , and with no height information. An illustration of the uni�cation of
the anchor design in 3D and 2D can be observed in Figure 3.13.

Figure 3.13: Reused �gure from the authors of PersFormer where they illustrated
their anchor design [50]. Both images in the �gure represent the same scene with
the left being in BEV and the right in the image plane. The dashed line in both
images represents the o�sets between the predicted (red) and ground truth (yellow),
denoted asx i

k and ui
k respectively. Note that the green line also represents the

ground truth lanes, but the o�sets are not displayed.

The last component that the 3D lane prediction made use of was a semantic seg-
mentation loss for the BEV feature produced at the end of the feature-level fusion
in BEV (subsection 3.4.2). This was supervised by the projection of 3D annotations
in order to support the network to learn the semantic information of the lanes. To
summarize, the loss function which the network optimizes can be seen in Equa-
tion 3.24

E = � 1E3d(Y3d; Y gt
3d ) + � 2E2d(Y2d; Y gt

2d ) + � 3Eseg(Ybev; Y gt
bev); (3.24)

whereY gt
(:) denotes the ground truth,Y(:) the prediction and� (:) the weighting factor

in case there is a need to emphasize more on a certain component.
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4.1 Model architecture

In our work, we use both SuperFusion andM2-3DLaneNet to construct our model.
A variant of M2-3DLaneNet's detection head and SuperFusion's body with three
levels of fusion (data-, feature-, BEV-level) were used. The detection head ofM2-
3DLaneNet's was split up into two segments, one for the regression and one for
the classi�cation of lanes. Figure 4.1 illustrates the regression head and Figure 4.2
illustrates the classi�cation head, with both heads having the fused BEV features
as input.

Figure 4.1: Regression head architecture. Taking the fused BEV features as input,
the regression head outputs a grid with regression values (2 dimensions) for each
grid point.
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Figure 4.2: Classi�cation head architecture. Taking the fused BEV features as
input, the classi�cation head outputs a grid with class probabilities for each grid
point.

4.2 Dataset

The dataset used for this project was The Zenseact Open Dataset [51], consisting
of 100k image frames with two seconds of sensor data (� 1 second around the image
frame). Images were taken with a 120� RGB camera with 3848x2168 resolution. The
sensors consist of, among others, a LIDAR and high-precision GNSS/IMU data.
The LIDAR is of type Velodyne VLS-128 and provides a point cloud with each
point represented with a timestamp, 3D coordinates (x, y, z), and intensity at a
speed of 9Hz. The GNSS/IMU data is logged at 100Hz with timestamp, latitude,
longitude, altitude, heading, pitch, roll, velocities, accelerations, angular rates, and
pose relative to the �rst pose for each frame. The lane annotations consist of lane
markings and road paintings. Lane markings can be further divided into solid,
dashed, botts dots (raised pavement markers) and shaded areas (areas where lane
markings split or merge). The road paintings are divided into arrows, pictograms,
text, tra�c signs, crosswalks, markers, and others. An example of an image frame
with its corresponding lane annotations can be seen in Figure 4.3.

4.3 Generating 3D annotations

The generation of 3D lane annotations can be divided into three steps: Projecting
lidar point clouds to image timestamp, projecting lidar to image, and �ltering lidar
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Figure 4.3: An image frame with lane marking (blue), shaded area (green) and
road paintings (red) annotations.

points to annotations. The 3D lane generation is created for multiple con�gurations.

4.3.1 Projecting lidar point clouds to image timestamp

By using the information from the GNSS/IMU sensors we transformed the LIDAR
points cloud coordinate systems w.r.t. time. As we have the relative pose (posi-
tion and orientation of the car) for each GNSS/IMU timestamp (at 200 Hz), all
lidar points clouds (� 1 second) around the image frame were transformed to the
image timestamp. This was done by �rst estimating (since the sensor readings are
not fully synchronized) the poses for the car when the image was taken and when
each lidar scan was done. The pose for a lidar/image scan (X ) is estimated us-
ing the closest available pose before (P� 1) and after the scan (P+1 ) with respective
timestamps Tx (when the lidar/image scan was done),Tx� 1 and Tx+1 (when poses
(GNSS/IMU reading) were recorded). The pose estimation is shown in Equation 4.1
and Equation 4.2, where� t is the fraction of time covered between the closest pose
readings.

X � P� 1 + � t (P+1 � P� 1) (4.1)

� t =
Tx � Tx� 1

Tx+1 � Tx� 1
(4.2)

To further illustrate Equation 4.1 and Equation 4.2, Figure 4.4 is available. In
Figure 4.4 we have the timestamps for poses (GNSS/IMU readings) denoted with
X1 to X9, the timestamps for each lidar scan (denoted withL � 3 to L3) and the
timestamp for the camera scan denoted with C. To get the pose forL � 3, we utilize
the closest GNSS/IMU readings before and after the scan (X1 and X2 respectively).
Following Figure 4.4, � t approximates to � 0.5 (TX 1 = 1, TX 2 = 2, TL � 3 � 1:5).
The pose forL � 3 can therefore be estimated with� X 1 + 0:5(X 2 � X 1).
Finally, when the pose was estimated for each lidar and image scan, all lidar scans
were transformed to the coordinate system where the camera scan was done using
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