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Abstract

The task of lane detection has lately been dominated by deep learning approaches
for monocular vision which aim to predict the lanes in the image plane. These
have recently been extended to deep learning models that instead predict 3D lanes
directly, and are trained end-to-end for this task. These models overcome some of the
shortcomings of previous methods, including the di Cculties involved in lane model
fitting and image-to-world correspondence. However, the 3D lane detection models
need to be trained on 3D lanes data, which is di Cculit and costly to create. In this
thesis project, we adopted a semi-automatic approach for creating a labeled 3D lanes
dataset by combining manually annotated images with depth maps from aggregated
LiDAR point clouds. Though semi-automatic, this method still entails manual labor
of annotating the lanes in the images. In order to mitigate the need for annotating
large datasets, our work investigates the possibility of training a 3D lane detection
model on unlabeled data. We propose a novel spatio-temporal consistency loss
together with a semi-supervised training scheme that allows for training the model
both on available labeled and unlabeled data. In the conducted experiments, the size
of the labeled dataset was varied between 512 and 3194 images while the unlabeled
dataset always consisted of 5050 images. Our results show that the proposed method
for leveraging unlabeled data increases the performance of the model when the
available labeled dataset is small, and thus proves the feasibility of the approach. In
particular, when training semi-supervised on 512 labeled and 5050 unlabeled images
instead of training only on the 512 labeled images in a fully supervised manner, the
average lateral error of the predictions in the far range (40-100 meters) decreases
from 50.9 to 39.7 cm and the F-Score and Average Precision increase from 0.864
to 0.881 and from 0.924 to 0.950 respectively. However, little or no improvements
are observed when the size of the labeled dataset is increased and therefore further
research is needed if this method should replace substantial amounts of labeled data.
We also generated synthetic data with the open-source simulator CARLA and used
1609 of these images to pre-train the model in an attempt to increase performance
on real-world data. However, no significant improvements were observed, which was
probably a result of both poor generalizability from synthetic to real world images
as well as di Cculities involved in creating such a dataset with CARLA since the
simulator does not have support for lane instance annotations.

Keywords: 3D Lane Detection, Semi-automatic 3D Lane Annotations, Machine
Learning, Deep Learning, Semi-supervised Learning, Spatio-temporal Consistency,
Autonomous Vehicles.
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1

Introduction

This chapter includes the background and aim of this thesis project as well as the
relevant delimitations.

1.1 Background

In recent years, the dream of manufacturing fully autonomous vehicles has become
less of a ction and instead something many believe to be achievable. Much of
the progress made within the eld of autonomous driving can be attributed to the
advances made in the regime ahachine learning which have resulted in e cient
solutions to many fundamental image processing tasks. This has in turn lead to
the development of increasingly complex perception systems which is viewed as a
necessity for enabling autonomous vehicles to safely navigate the roads, including
following tra ¢ rules and showing consideration for other road users.

The development of autonomous vehicles is motivated by the fact that the critical
reason for tra c accidents is assigned to the driver in94( 2:2)% of all cases [1].
Tra c accidents cause many deaths and injuries every year and are the leading cause
of death for people aged between 5 and 29 years. The number of fatal accidents sums
up to over 1.3 million and an additional 20-50 million people su er non-fatal injuries,
often resulting in long-term disabilities [2].

One of the most fundamental tasks for autonomous vehicles is to detect the lanes
of the road. As described by [3], lane detection is involved in features such as Lane
Departure Warning (LDW), Adaptive Cruise Control (ACC), Lane Change Assist
(LCA) and is also a necessity for fully autonomous vehicles. Each of these features
has di erent demands on the performance and reliability of the lane detection algo-
rithm. For instance, in a LDW system, where a warning should be issued whenever
the vehicle is close to exiting the ego-vehicle lane, it is only necessary to detect the
ego-vehicle lane for a short distance ahead and neighboring lanes can be ignored
completely. On the other hand, both ego-vehicle and neighboring lanes need to be
handled in a LCA system and the detection range needs to be much larger. For a
fully autonomous car it is also essential that the system can manage non-linear lane
topologies such as merges and splits.
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There exist two main approaches to lane detection. Firstly, the vehicle's position
relative to the lanes can be computed by using maps created o ine and monitoring
the vehicle's position within the map. Secondly, the use of an on-board perception
system can allow for detection of lanes during run time without relying on any such
map. The oine approach to lane detection can be accomplished for example by
combining GPS data, Inertial Measurement Unit (IMU) and high-resolution aerial
images. This option has been explored extensively in the DARPA Grand Challenge
[4] and Urban Challenge [5], where several vehicles successfully navigated the roads
using only rudimentary on-board perception systems. However, the reliability and
accuracy of this approach is not satisfactory according to [3]. It is also di cult and
expensive to create the maps and keep them up to date. Furthermore, a perception
system is in any case needed for fully autonomous vehicles, which among other
things also need to take other road users into consideration. Most research towards
lane detection has therefore aimed at utilizing the on-vehicle perception systems.

There also exists a number of perception modalities that have been extensively used
for perception systems in vehicles. As described by [3], some of the most common
ones are monocular vision (i.e. a single camera), LiDAR (Light Detection And Rang-
ing), stereo vision (two cameras enabling perception of depth), radar, Geographic
information systems (GIS), GPS, and inertial measurement unit (IMU). Each of
these sensors has their pros and cons, both regarding price, reliability and the abil-
ity of detecting di erent objects and perceiving the road surface. Mainly due to the
accessibility and low price of cameras, as well as the success of deep convolutional
neural networks on tasks such as image classi cation, segmentation and object de-
tection following their introduction by [6], the methods based on monocular cameras
have achieved most attention in recent years. Methods based on monocular cameras
have also had great success in the task of lane detection and is the most common
perception-based solution according to [7].

Current lane detection methods relying on images from a monocular camera usually
treat the problem as a 2D detection problem where the lanes are detected in the
images. The lane features are usually extracted with deep convolutional neural
networks. One popular approach is using a semantic segmentation network to nd
the pixels that correspond to a lane and then using some method of lane model tting
to create lane instances from the detected pixels [8], [9]. When lane detections have
been made in the image, the lanes can be projected to 3D coordinates under the
assumption of a at ground. This method has the obvious drawback that it gives
inaccurate estimates of the 3D position of the lanes when the road is hilly, even if
lanes were correctly detected in the image.

Therefore, data driven methods that predict 3D lanes from images without using any
at ground assumption or constraints on the lane geometry have been investigated
by for example [7], [10], [11]. Garnetet al. [7] published their model 3D-LaneNet

in 2019 and [10], [11] are essentially follow-up papers on 3D-LaneNet, which marked
the rst step towards data driven 3D lane detection. These methods are all based on
deep convolutional neural networks that are used to extract the lane features of the
image and make predictions of the 3D lane geometry in a uni ed model. However,
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since these models aim to predict 3D lanes directly, rather than 2D lanes, the data
needed to train these models consists of 3D lane ground truths.

Such data is expensive to create as it entails using complex multi-sensor setups such
as IMU, LIiDAR and camera, which is used by [7], and possibly also highly accurate
maps which is used by [12]. Therefore, there is an interest in requiring as little
labeled data as possible. In fact, both the models 3D-LaneNet [7] and Gen-LaneNet
[10] were developed using only synthetic data. Although [7] also generated their own
real-world dataset, they only used this for validating their approach, and preferred
using the synthetic data for development since the ground truths of the real-world
dataset were awed in some aspects. Furthermore, they did not investigate whether
the synthetic data could be used to increase the performance of the model on real-
world data. However, [13] do investigate the possibility of leveraging synthetic data
for the task of 2D lanes detection, and show that training on synthetic data indeed
resulted in increased performance on their real-world dataset. Since synthetic data
is much easier to collect than real-world data, they also request further research on
this topic for 3D lanes detection. This was investigated by [11] and they found that
training on synthetic data could increase the performance also of 3D lane detectors
on real-world data. However, they still use a large labeled real-world dataset of
around 300 000 images and do not establish how much labeled real-world data
can be replaced by synthetic data (while maintaining good performance). Large
labeled real-world datasets are therefore probably still required for any real-world
application, although the improvements made from using synthetic data indicates
that synthetic data may be used to replace some of the expensive real-world data.

Another way of replacing expensive labeled data is of course leveraging unsupervised
learning. Works like [14] [19] show the feasibility of unsupervised or semi-supervised
learning for tasks such as image classi cation, object detection and semantic seg-
mentation, which traditionally require vast amounts of labeled data. To the best of
our knowledge, no approaches for unsupervised learning of 3D lane detection models
have yet been proposed. Since 3D lanes are arguably even more expensive/di cult
to annotate than for example the data used for image classi cation and 2D object
detection, methods for unsupervised learning for 3D lanes would be of great value.

Although some methods for creating 3D lanes datasets exist, including the one
used by [7] and the automatic approach introduces by [12], it is di cult to get the
desired precision in the ground truths as well as acquiring a dataset that is diverse
enough. Even with the automatic approach it is expensive and di cult to create a
dataset that covers all possible scenarios of driving, e.g. di erent road topologies,
weather conditions, lighting and so on. Since a large and diverse dataset is essential
for reaching high performance with any deep learning model the value of using
unsupervised learning may not only be to decrease the need for labeled data, but
rather also improve the performance of the model. Any e orts in improving the
lane detection models are well worth while since this enables more safe and reliable
advanced driver-assistance systems as well as autonomous driving capabilities of
future vehicles.
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1.2 Aim

The recent papers [7], [10], [11] have shown the feasibility of data-driven end-to-end
models for 3D lane detection. However, the di culty of creating real-world 3D lanes
datasets impairs both research and possible real-world application of these models.
In an attempt of mitigating the need for large labeled 3D lanes dataset and possibly
also improving the performance of the models, the aim of this thesis is to develop a
method for unsupervised learning, as well as generating a synthetic dataset, suitable
for training a 3D lane detector when the amount of labeled real-world data is limited.

Open source implementations are available for both 3D-LaneNet [7] and Gen-LaneNet
[10], which make them suitable for further investigation. However, Gen-LaneNet uti-
lizes a two-stage architecture where the rst part of the network constitutes semantic
segmentation of the image and the second part takes the semantic image as input
and predicts 3D lanes only based on this. This makes Gen-LaneNet less suitable for
a real-world application, since the information given by a semantic image is obvi-
ously quite limited. Because of this, it seems likely that 3D-LaneNet, which is truly
trained end-to-end on the input images, is the best candidate for scalable 3D lane
detection. Motivated by this, the following research question is formulated:

Can training on unlabeled data improve the performance of the 3D lane detection
model 3D-LaneNet?

Since the benet of training on unlabeled data can be assumed to decrease with
increasing amounts of available labeled data a second research question is formulated
as follows:

How does the (potential) performance gain from training on unlabeled data depend
on the size of the labeled dataset?

Furthermore, to investigate whether synthetic data also can be used to improve the
performance of 3D-LaneNet on real-world data, and thereby mitigate the need for
large labeled real-world datasets further, the nal research question is formulated
as:

Can labeled synthetic data be used to improve the performance of 3D-LaneNet on
real-world data?

1.3 Delimitations

One delimitation we make is to only use a single image from a monocular camera
to predict the 3D lanes during inference. Using multiple cameras in a stereo vision
setup or combining the image data with a LIDAR could be a way to increase the
performance of the model, but any such approaches will not be considered in this
thesis. Furthermore, tracking the lanes over several video frames and applying a
method of temporal aggregation could also lead to increased performance, but since
we only consider one image at a time this will not be investigated either.

4
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A critical requirement of a fully autonomous car is the ability to handle all possible
tra c situations, e.g. highways, multiple lanes, splits, merges, crossings and round-
abouts. Moreover, di erent types of road conditions such as weather and di erent
times of the day must also be managed. In this project however, the used datasets
can not be expected to contain all possible scenarios and the performance of the
implemented lane detection model is therefore not expected to meet the require-
ments of real-world applications. Furthermore, since the main goal of this thesis is
to develop a method for unsupervised learning of 3D lanes, rather than optimizing
the model's performance for a real-world application, we will not focus on collecting
a dataset that is as diverse as possible, but rather a dataset that can be used to
prove the feasibility of the proposed semi-supervised approach. Much work will be
left before the implemented model can be put to the test in an autonomous vehicle.

The computational e ciency is also of great importance for any algorithms related

to the perception system of autonomous vehicles. Since the vehicles need to perceive
their surroundings in real time the algorithm for lane detection needs to be fast. This
aspect is not investigated in this thesis and the main goal is to improve detection
accuracy without any concern for the computational e ciency. In any case, the
work done in this thesis only modi es the training process and therefore does not
a ect the run time during inference of the chosen model 3D-LaneNet.
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2

Theory

This chapter includes the relevant theoretical framework used in the thesis. Since
we aim to train the deep learning model 3D-LaneNet, which casts the lane detection
problem as an object detection one, on unlabeled data, this chapter is divided into
four main sections: deep learning, object detection with deep learning, unsupervised
learning, and related work.

2.1 Deep Learning

This section aims to give the reader an introduction to deep learning and describe
the fundamental building blocks and training procedure of arti cial neural networks.

2.1.1 Introduction to Deep Learning

Arti cial neural networks (ANNSs) are computing systems with one or several layers
of arti cial neurons. Networks equipped with multiple layers between the input and
output layers are calleddeep neural networksThe layers are usually ordered sending
information from the rst layer |; to the next layerl, and so on until reaching the last
layer |,,, also know as theoutput layer. These forward passing networks are known as
feedforward neural networksBetween each layer there exist a number of connections
linking the neurons from layerl; to layer |;;; . These connections are associated with
a weight and bias that scales and shifts the output of the previous neuron. Each
neuron is equipped with what is called an activation function. The collection of these
neurons and the weighted connections between them create trainable systems that
have shown great potential for tasks such as image classi cation, image segmentation
and object detection. The end goal when training a neural network is to make the
model correctly map an inputX to the corresponding outputy. For example models
trained to classify handwritten digits, e.g. correctly assigning the label 7 to a given
input image of a handwritten 7. The design of the network architecture will depend
on input and output as well as the desired properties of the model. For instance
optimizing the balance between precision and recall. The topology of models can
vary by e.g. changing the number of layers, changing the number of neurons in the
layers and/or using di erent activation functions in di erent layers.

An arti cial neuron receives the output from all n connected neurons in the previous

7
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layer as input. The inputsx = fx;gL, are rst scaled by the weightsw = fw;g,
associated with the corresponding connections, then summed up and added to the
next neurons biasb. Finally, the neuronsactivation function, denoted as' in this
thesis, is applied and the resulting value is the output of the neuron. This process
is visualized in Figure 2.1.

Figure 2.1: lllustration of an arti cial neuron. Here fx;gj, are the inputs to the
neuron, fw;g’, are the weights associated with each corresponding input atds
the neurons bias. The neuron's input is weighted and summed up, added to the
neurons bias and passed through the activation function. The resulting value is
the output of the neuron.

If the network is to solve nontrivial problems, the model must contain nonlinear ac-
tivation functions. Two commonly used activation functions are thdReLU (Recti ed
Linear Unit) and the Sigmoid function [20]. The ReLU function is a piecewise lin-
ear function and is de ned asmax(0; ), where is the input, meaning that the
function will output  if > 0 and zero otherwise. This makes the activation func-
tion computationally cheap. It also help to prevent issues such akhe vanishing
gradient problem making the function well suited for hidden layers in larger neural
networks. The Sigmoid function involves exponentials for both the the function and
it's derivative, making it less computationally e cient. However, a common appli-
cation is to use it in the nal layer to force the output of the network to lie between
0 and 1. The output of a network can hence be interpreted as a probability and is
used for tasks such as image classi cation and segmentation. The shape of these
two functions can be seen in Figure 2.2 together with their derivatives, which are
used when training the network.
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(a) ReLU (b) Sigmoid

Figure 2.2: A schematic illustration of two activation functions' ( ) shown as
solid cyan lines and their derivative { ) shown as dashed purple lines. Figure 2.2a
illustrates the RelLU function and Figure 2.2b illustrates the sigmoid function.

2.1.2 Training Neural Networks

The training of a neural network revolves around updating the weights and biases of
the model. The most common form of training is referred to asupervised learning
where the model receives a training set containing input data together with their
corresponding labels. During training, the model is fed the input data and tries to
classify the data according to the corresponding label. The model is penalized based
on the di erence between the prediction and the true label (also known as the ground
truth) of each training example. The magnitude of the penalty is determined by the
loss function Hence the training of the network entails minimizing the total error
in the loss function. Even though the individual parts of a neural network often are
convex, the composition of them is often non-convex. Optimization of a non-convex
problem is known to be hard NP-hard) to solve [21]. The optimal weights for a
neural network is therefore approximated, often by the use @tochastic gradient
descen{SGD) and Backpropagation[21].

2.1.2.1 Loss Functions

One of the most important parts of the training of neural networks is choice of the
loss function, since it determines the magnitude of inaccuracy of the predictions
when compared to the ground truths. There exist many di erent categories of loss
functions, designed for di erent prediction task. A few examples are:

Regression.
" Binary classi cation.
Multi-class classi cation.

For this thesis there are two main loss functions utilized; a binary classi cation loss
called cross entropyand a regression loss calldd-norm loss.

Cross entropy  The cross entropy is a measurement used when comparing two
probability distributions. When used in machine learning, cross entropy can be used
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as a signal when comparing the true probability distribution with the predicted one
made by the model. For a set of predictionsﬁygj'\':1 and the corresponding true
Iabelsfyng:l, a cross entropy loss function can be formulated as:

X
Lossce = [ilogly:) + (1 $i)log(l  wi)l: (2.1)

i=1

|1 The I*-norm is the sum of the absolute distance in each dimension between two
points. Therefore it can be used to penalize networks predictions of objects in 3D-
space by comparing the predicted location to the true position. Formulated as a
loss function the penalty becomes:

X
Loss: = jyi ¥ (2.2)

i=1

where N is the dimension in which the object lies and; () is the coordinates of
the predictions (ground truths).

2.1.2.2 Optimization

When training neural networks, the aim is to nd the optimal values , of the
networks weights, such that given an input training seX to the model, the loss func-
tion is minimized. Gradient descentis a rst-order iterative optimization algorithm
used for nding local minimum for a di erentiable function such as neural networks
equipped with a loss function. For each iteration of the algorithm the weights of the
network are updated by following the opposite direction of the gradient, since this
is the direction of the steepest descent [22].

The update of the networks weights are done by calculating gradient of the loss
function L with respect to the networks weights . The magnitude of this update
Is scaled by what is known as théearning rate . In each iteration of the gradient
descent method is updated according to:

(2.3)

e

The calculation of the gradient of feed forward neural networks is done vBack-
propagation The algorithm is based on the chain rule and calculates the gradient
of one layer at a time propagating backwards through the network [23].

There exist many di erent types of variations of the gradient descent algorithm, but
a commonly used update rule i®dam (Adaptive Moment Estimation) [24].
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2.1.2.3 Train/Validation/Test split and Over tting

The training of neural networks is usually done by repeatedly presenting the training
data to the model, decreasing the error in the loss function every iteration. Doing
this will make the model increasingly adept at predicting the correct outputs for the
given dataset. However, if this process is repeated too many times a problem known
as Over tting can occur. A model is considered over tted if the model performs
well on examples within the training dataset but performs considerably worse on
examples outside the training set. This means that the model has only learned what
to predict for the training set but is not able to generalize to new data. To remedy
this problem the labeled data can be divided into a Train/Validation/Test split.
The model is then presented with data from the training set and for each iteration
trained to minimize the loss function with respect to this data. This is what is
referred to as the training of a neural network. For each iteration, the performance
is also measured on the validation set. Although the validation set is repeatedly
presented to the model during training, the model's weights are not updated as to
minimize the loss function for the validation set. Instead, this is only done for the
training set. Therefore, the model is not trained explicitly to perform well on the
validation set, but if it generalizes well to new data it should of course exhibit good
performance also on this dataset if it performs well on the training set. To make sure
that the model is able to generalize to new data, a model is considered optimized
when the performance on the validation set is the highest. High performance on
the validation set is a good indicator that the model is able to generalize to new
data, and thus is not over tted to the training set. However, since the optimal
model is chosen such that the performance on the validation set is maximized, the
performance on the validation set is inherently in ated and a test set is used as an
unbiased nal measure of the model's performance on unseen data.

2.1.3 Layers

Depending on the purpose of a neural network, the layout of the model can be
altered by introducing di erent types of layers.

In this section we will describe the basic types of layers of the 3D-LaneNet [7] used in
this thesis, together with a short description of their functionality. We will describe
another type, the Projective Transformation Layer separately, see Section 3.2.

2.1.3.1 Fully-connected

One of the most common layers within neural networks is the fully-connected layer,
also known as the dense layer. A fully-connected layer is de ned such that all its
associated neurons are connected to every neuron in the following layer [25]. This
Is visualized in Figure 2.3 with a small deep neural network with two dense layers.
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Figure 2.3: A schematic illustration of a small deep neural network with an input
layer consisting of three input neurons, two fully connected layers each consisting of
four neurons and an output layer consisting of one output neuron.

2.1.3.2 Convolutional and Pooling

Convolutional layers are commonly applied in neural networks to analyze images.
By utilizing shared-weight architecture of the convolutional kernels, also known
as lters, they become space invariant [26]. In a standar€onvolutional Neural
Network (CNN), the input is a tensor of shape:

(# inputs )  (input height ) (input width ) (# input channels ):

The input is passed through convolutional layers which contains one or several I-
ters that transform the information from the image into so calledeature maps A
standard convolutional Iteris a n m matrix, where each cell is associated with
a trainable weight. Since features in images can occur at di erent locations the
weights and thresholds of a lter is held constant regardless of where the lter is
applied. The current part of the image the lIter is applied on is referred to as the
receptive eld of the Iter [27] (Section 8.1). A convolutional lter takes in the cur-
rent receptive eld and scale each element by the corresponding weight. This is then
added to the lters threshold and passed through the Iters activation function. The
resulting value is the output of the Iter at that speci c location. By applying the
Iter to several positions of the input a new output feature map is created for each
Iter in the layer. The number of feature maps created by a convolutional layer is
hence equal the number of Iters. If the lter is a MaxPooling Iter the output of
each receptive eld is the maximum value of all cells. To illustrate the di erence
between a standard convolutional Iter and a MaxPooling lter, the resulting output
of both lters applied on the same receptive eld is shown in Figure 2.4.
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Figure 2.4: Two example of space invariant Iters without activation functions.
(left) A convolutional Iter. The output becomes (1 2)+(0 3)+(0 5)+(1 7)=09.
(right) A MaxPooling lter. The output becomes max(all cells) = 7.

The convolutional layers are also equipped with hyperparameters such padding
and stride. Padding changes the output dimension of the output feature map by
adding a row (or rows) of zeros along the width and/or height of the input. The
dimension of the output feature maps can also be changed by using di erent strides.
A (sx;sy)-stride shifts the receptive eld by s, cells horizontally ands, cells verti-
cally. In Figure 2.5 a single2 2 Iter with no padding and a stride of (2;2) acts
on a input of shape4 4, producing an output with shape2 2. The lter is
applied on each of the 4 colored areas of the input resulting in a single value in the
corresponding colored area in the output. In general the lter is swept over a much
larger input, such as the width and height of a Full-HD image with1920 1080-
pixels.

Figure 2.5: Demonstration of convolutional Iters witha 2 2-Iterwitha 2 2-
stride. The lter is applied on each of the2 2 colored squares in the input layer,
producing a single value to the corresponding colored output position.
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2.1.3.3 Batch Normalization

Batch normalization is used to standardize the inputs to a layer by re-centering and

re-scaling [28]. This method may in some cases, particularly for large networks,
reduce the amount of training epochs required for training and stabilize the learning

process, see Section 7.7.5 in [27].

2.1.3.4 Dropout

Dropout layers are used in neural networks to avoid over tting. One type of dropout
is to randomly set input units to O with a given frequencyf [29]. To keep the sum
over all inputs unchanged the units not set to O are scaled up byl—f Randomly
dropping out some nodes of a model is an e ective regularization method commonly
employed for larger and more complex networks, see Section 7.7.3 in [27].

2.2 Object Detection with Deep Learning

One of the most fundamental computer vision tasks is object detection, which entails
nding the objects in an image and both specifying their position and class. Object
detection does not only form the basis of other computer vision tasks such as object
tracking and image captioning, but is also involved in many real world application
including autonomous driving and video surveillance [30].

The eld of object detection has been dominated by deep learning approaches since
2014, when R. Girshiclet al. [31] introduced their method R-CNN for object detec-
tion. [31] and similar approaches such as [32] [34] essentially treated the task in two
steps, by rst making region proposals in the image and then classifying the proposed
regions as one of the object classes. The two-stage detection approach is perhaps
the most straight-forward way of extending the simpler task of image classi cation

to object detection, and these models have had great success and out-performed the
previous (traditional) approaches for object detection by large margins. The main
problem with the two-stage detection methods is that they are slow. Therefore,
these models have largely been replaced by one-stage detectors, such as [35] [37]
in recent years. The one-stage detectors essentially skip the region proposal part
and instead make predictions of the objects position and class directly, in a single
forward pass through the network. These models have proven to be much faster
than the two-stage detectors and still maintain relatively high performance. In the
remainder of this section, the one-state detectors will be presented in more detail as
well as the evaluation metrics commonly used for the object detection task.

2.2.1 One-stage Detectors

What allows the one-stage detectors to skip the region proposal step is essentially
the use of prede ned regions, also known as anchors or anchor boxes (bounding
boxes). Instead of making explicit region proposals, the networks simply predicts
0 sets to these anchors to localize the objects in the image. All three papers [35]
[37] use a large set of prede ned anchors with di erent sizes and aspect ratios that
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densely covers the input image. For each anchor box, the models predict how likely
it is that an object in the image is covered by the box, what the object's o set
to the prede ned box is and what class the covered object belongs to. The o sets
to the anchors are usually de ned by lateral and vertical o setsx and y as well
as width and height o setsw and h. Together with the corresponding anchor box
they determine the position, size and aspect ratio of the nal prediction. This is
illustrated in Figure 2.6, where a set of anchor boxes are shown and the prediction
in terms of o sets to one of the boxes is also illustrated (this is just an illustrative
example and in reality the number of anchor boxes is much larger). The networks
can of course output many object predictions for each image and the number of
classes can be close to 100, which is the case of the famous COCO dataset [38].

Figure 2.6: A depiction of how a predicted bounding box (orange) is derived from
the predicted o sets (x, y, w and h) to a corresponding anchor box (blue). The black
boxes represents all anchor boxes that densely cover the image (in reality there are
many more anchor boxes than shown here).

During training, the objects in the image are assigned to one (or several) of the
anchor boxes and the model is trained to predict which anchors have been assigned
an object and what the corresponding ground truth o sets and classes are. At test
time, the model's predictions of which anchors have been assigned a box is exposed
to a threshold, and only those predictions that are con dent enough are kept. The
predicted o sets are then applied to the selected anchor boxes to arrive at the nal
object detections.

2.2.2 Evaluation Metrics

F.-Score

A common metric used for measuring the performance of object detection models is
F.-score This classi cation metric is based on two measures that can be calculated
from the confusion matrix, namely the precision and recall. An overview of the
confusion matrix is illustrated in Figure 2.7. Here the true labels are compared with
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the predicted labels. ATrue Positive (TP ) is de ned such that both the ground
truth and predictions are positive. BesideslTP , there are False Positives(FP),

True Negatives(TN ) and False NegativegFN ) as de ned in the confusion matrix.
This de nition can be extended to a multi-class classi cation problem, but this is
not applicable for our purpose.

Figure 2.7: Confusion matrix for binary classi cation.

The precision of a test is the measure of how many percent of the positive predictions
were accurate and is calculate as:

TP

Precision = ———:
TP + FP

(2.4)

Whereas the recall of the test is the measure of how many percent of the true positive
labels were predicted correctly and is calculated as:

TP
Recall = P+ EN (2.5)

The F;-score is de ned as the harmonic mean of recall and precision, which is cal-
culated as:

Precision Recall
Precision + Recall

FL=2 (2.6)

The de nition of precision and recall requires that one can establish under which
category in the confusion matrix the predictions fall into. In object detection, a
common metric used for this purpose is théoU (intersection over union) which
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takes into account the shape, size and location of the predicted bounding box. By
the use of loU, the quality of the predictions can be classi ed binary. The IloU is
de ned as the fraction between the intersection and the union of two bounding boxes
as illustrated in Figure 2.8.

Figure 2.8: Visualization of the loU-metric, de ned as the fraction between the
intersection and the union of the predicted (orange) and the ground truth (blue)
bounding box.

Using the loU, the predictions can be classi ed as accurate (TP) or inaccurate (FP).
A (positive) predictions is considered a TP if the IoU is higher than a set threshold
(between 0 and 1) and a FP otherwise. It also provides the false negatives (FN) as
objects that the model was unable to identify or if the loU score was too low.

Average Precision and maximum F.-score

Another metric used for evaluating the performance of an object detection model
Is the average precision (AP). This metric is calculated by recording the precision
as a function of recallp(r)) as the con dence threshold is varied and creating a
precision-recall curve from this. The average precision computes the average value
of p(r) over the interval r 2 [0; 1], which in practice is replaced with a nite sum
over every recorded positions of precision and recall [39]:

z, 10
AP = p(r)dr " — P, (r(K)); (2.7)
0 N =1

wherek is the recorded positionsn is the number of recorded positionst (k) the
recall at position k, P, (r(k)) the precision at recallr (k).

The highestF;-score calculated at each of the recorded positions is what we call the
Maximum F-score
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2.3 Unsupervised Learning

As discussed in the previous sections, supervised learning usually entails making
some prediction (e.g. classication or regression) based on an observation. Dur-
ing training, the model should essentially learn the conditional probability density
Pr(YjX) and thereby manage to predict the correct labg} given a new inputx at
test time. On the other hand, the labels are unknown in the setting of unsupervised
learning. Therefore, the desired output of the model may not be speci ed and the
goal of unsupervised learning is usually to infer the properties of the probability
density Pr(X), rather than making any speci c predictions [40].

This can be viewed as a type of data exploration and many methods have been
adopted for this task. For example, clustering is used for creating groups of data
based on the underlying probability density. The goal is usually to group the data
such that samples within the same group are more similar than samples from dif-
ferent groups. Dierent measures of similarity can be used depending on the task
and there is usually no correct way of grouping the data, but rather there may
exist several distinct groupings of the data that are all meaningful. Sometimes the
goal is also to impose some hierarchical ordering of the constructed clusters, or to in-
vestigate whether there exist di erent clusters at all or if the acquired data is in fact
drawn from a common distribution. Among other clustering algorithms, K-means,
Hierarchical clustering and DBSCAN have been used extensively. Another eld
of unsupervised learning that has been intensely studied is dimensionality reduc-
tion. In this case, the goal is to nd a small set of important variables/dimensions
that describe the original high-dimensional data as well as possible. Methods such
as Principal Component Analysis, Non-negative Matrix Factorization and Kernel
Principal Components have been used for this purpose [40].

Although the goal and purpose of unsupervised learning traditionally have been
described as above, learning from unlabeled data has also proven useful for several
tasks that are usually considered supervised learning tasks. This includes for exam-
ple image classi cation, object detection, semantic segmentation and even monocu-
lar depth estimation [14] [19]. Thanks to the extensive research on this topic, there
exist many di erent methods for leveraging unlabeled data in the training process.

In some cases it is possible to train a network fully unsupervised even for complicated
prediction tasks such as mono depth prediction. Although the task here is of the
supervised nature (predict labely given input x) [19] solve it without any labeled
data. However, what is perhaps more common is to use the unlabeled data in
conjunction with a (small) labeled dataset, which is referred to as semi-supervised
learning. One common approach to semi-supervised learning is self-training, which
revolves around training the model on labeled data and then predicted pseudo-
labels for the unlabeled data that can then be added to the training. Usually only
the unlabeled data for which the model makes con dent predictions are added to the
training set, in an attempt to ensure good quality of the generated pseudo labels.

The purpose of semi-supervised learning is to increase the model's performance and
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decrease the amount of labeled data required to excel at a certain task. Since
unlabeled data is more accessible than labeled data, it is also a good means for
collecting large and diversi ed datasets that is a necessity for generalizable and
accurate deep learning models. The common belief is that semi-supervised learning
is well suited for cases where little labeled data exist. Obviously, there is no need for
training on unlabeled data in the (unrealistic) case of accessing unlimited amounts
of labeled data. Therefore, one can expect that training on unlabeled data may not
signi cantly increase the performance when the available labeled dataset is large.

2.4 Related Work

As described by [3], the typical lane detection pipeline consists of four steps:
1. Local lane feature extraction.
2. Lane model tting.
3. Image-to-world correspondence.
4. Temporal aggregation.

The literature on lane detection is vast and a myriad of methods for lane feature
extraction and lane model tting have been proposed. However, the third and
fourth steps of the pipeline have not been investigated as extensively, mainly due to
the fact that most research towards lane detection has been dedicated to 2D lane
detection. In this case, the lanes are only predicted in the image plane and therefore
one does not care for the image-to-world correspondence that is necessary for 3D
lane detection. The reason for little research towards 3D lane detection is probably
the di culty in creating a large-scale labeled real world 3D lanes dataset, and the
rst such dataset that was made publicly available was published by [12] as late as
20109.

Furthermore, although temporal aggregation can be assumed to make the predic-
tions more accurate and robust, it is often left as future research in the literature.
The general idea is that accurate lane predictions can be achieved by rst making
as accurate predictions as possible for any individual timestamp and then using
temporal aggregation as a post-processing step to make the predictions more stable.
Therefore, much of the research has focused on making accurate predictions from a
single input frame and don't use temporal aggregation at all, which is also the case
for 3D-LaneNet [7].

Up until recently, the feature extraction step has been done by using di erent heuris-
tic methods. Various feature extraction methods based on gradients is utilized by
[41] [44] among others. [45] uses the well-known Canny edge detector (combined
with a multi-resolutional Hough transform), and [46] instead extracts features in
the frequency domain by utilizing the discrete cosine transformation. Furthermore,
there exists a variety of lters that are handcrafted to be sensitive to edges, for exam-
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ple used by [47] [50]. These traditional methods work quite well in simpler settings
of lane detection, for example in a lane departure warning application where only
the ego-lane needs to be detected for a relatively short distance ahead. However,
the generalizability of these models is usually limited and they often struggle in
di erent kind of lighting and weather conditions, especially in the far range where
lane information is scarce in the image. Like in many other image processing tasks,
neural networks have proven to be very e cient in extracting lane features. In
2015, [51] showed the feasibility of using deep learning methods for lane detection
and thereafter these heuristic methods have largely been replaced by convolutional
neural networks. One common deep learning approach is to treat the lane feature
extraction step as a semantic segmentation task. This is done by [8], [9] among
others. In these cases, the lane feature extraction step usually consists of binary
segmentation (classifying each pixel as belonging to a lane or not) followed by a
clustering step where lane instances are identi ed from the binary mask.

After extracting the relevant visual features of an image one needs to t alane model,
which is often done using parametric or semi-parametric models [3]. For example,
[45], [50] use the Hough transform (although slightly modi ed versions) to t straight
lines to the extracted features. Low order polynomials are also common parametric
models used by [8], [9] among others. One downside of parametric models is that
they assume global geometries of the lanes. Semi-parametric models such as splines
or polylines are more adaptive and is used for example by [44], [52]. In general,
lanes are only well approximated by straight lines close to the vehicle and a low
order polynomial may not have the required complexity to correctly model the lane
over far distances either. However, since the extracted visual features usually are
noisy, any complex models will be prone to over- tting. To alleviate this, RANSAC
has been commonly used when tting any type of lane models [3].

Furthermore, transforming the image to a virtual top-view (sometimes called bird's-
eye view) generally decreases the complexity of the lanes in the image and has
therefore widely been used as a pre-processing step to the lane model tting. The
top-view image is essentially created by warping the image such that it looks like it is
viewed from above, which will be explained in more detail in Section 3.2. Extracting
local lane features and tting a lane model to these concludes the task of 2D lane
detection.

Very few papers directly address the task of 3D lane detection and most that do
use a at earth assumption to project the 2D lane detections into the 3D world [3].
Under the at earth assumption, the image-to-world correspondence is established
by simply estimating the camera's position and orientation with respect to the local
road surface. However, inaccuracy in both elevation and curvature of the 3D lanes
is expected when the at earth assumption is violated. [47] assumes a constant
relation between camera coordinates and road coordinates and thus simply does a
calibration before the start of a run. However, they found that this was problematic
when the slope of the ground changes drastically. Others therefore predict the
camera position and orientation to improve the image-to-world correspondence, but
nevertheless still relying on a at earth assumption. [53], [54] use a stereo setup
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to infer depth information and can therefore drop the at earth assumption. [55]
makes 3D lane predictions with a single camera setup using an extended Kalman
Iter and modeling the road curvature with third order polynomials. Although more
exible than using a at earth, this parametric model of the road still imposes some
constraints on the possible lane shapes.

Recently, a new type of model for 3D lane detection was proposed by [7] and further
investigated by [10] that does not make any at earth assumption nor any explicit
modeling of the road surface. They are able to predict lanes accurately as far
as 100 meters in front of the vehicle and can also handle complex lane topologies
such as merges and splits, making them suitable for many real-world applications
of lane detection. These data-driven models treat the 3D lane detection task in
an end-to-end fashion and predict 3D lanes from a single input image. They are
both based on convolutional neural networks that implicitly handle local lane feature
extraction, lane model tting and image-to-world correspondence in a single forward
pass through the proposed networks.

Both networks in 3D-LaneNet [7] and Gen-LaneNet [10] make predictions in terms
of con dences and geometric o sets to a set of prede ned anchors. These models
essentially work in the same way as one-stage object detectors such as SSD [35]
and YOLO [36] and thus cast the lane detection task as an object detection one.
3D-LaneNet utilizes a dual pathway architecture were features are extracted both
from the original image and from the virtual top-view of the image. The features
from both pathways are then used to make predictions of the 3D lanes. Since 3D-
LaneNet assumes zero yaw and roll of the camera the warping/transformation from
image-view to top-view is uniquely de ned by the camera pitch and height with
respect to the local road surface, which are predicted by the network. While 3D-
LaneNet train their feature extractor directly for the task of 3D lane prediction (as
well as camera height and pitch prediction), Gen-LaneNet instead predicts a binary
segmentation of the input image (classifying each pixel as belonging to a lane or not)
as a rst step in their feature extraction. They then use this predicted binary mask as
input to the second part of the network that extracts further features by subsequent
convolutional layers and then predicts 3D lanes solely based on this, without using
any other information from the original input image than the extracted binary mask.
The reason for their adoption of a two stage framework is that it lets them utilize
large 2D lane detection datasets to make a good feature extractor (the part of
the network that predicts the binary mask), while 3D-LaneNet is constrained to
training their whole architecture only on annotated 3D lanes data. While this is an
obvious advantage of Gen-LaneNet, it is also an apparent drawback since valuable
information may be lost when converting the original image to a binary mask.

In summary, these data-driven 3D lane detection models have the possibility of
overcoming many of the shortcomings of previous methods, including poor gen-
eralizability of heuristic methods for feature extraction, complex and error-prone
clustering of the extracted features to create lane instances, as well as commonly
used assumptions on road and lane geometry. However, as explained in Section 1.1
these models rely on expensive training data in the form of 3D lanes annotations.
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While both 3D-LaneNet [7] and Gen-LaneNet [10] use synthetic data to develop
their models, they don't investigate if the synthetic data can mitigate the need for
labeled real-world data. As described in Section 1.1, Garnett al. [13] show that
training on synthetic data can increase the performance on real-world data for the
task of 2D lane detection. The problem with training on synthetic data is that the

di erence in appearance between synthetic and real-world images makes it di cult
for the model to generalize to real-world data. [13] therefore investigates several do-
main adaption techniques, including a novel autoencoder-based approach, that aim
to adapt models trained on the unrealistic synthetic images to real-world images.
Although their proposed domain adaption techniques indeed make the network gen-
eralize better to real-world data, they also show that training on the synthetic data

in a naive way, using the regular supervised loss function, also improves the perfor-
mance of the model, regardless of the domain di erences. This basic approach of
leveraging synthetic data is also used by [11] for 3D lane detection and they show
that training on synthetic data increases the performance of their 3D lane detector.
However, [11] have a large labeled real-world dataset of around 300 000 images and
it is yet unclear how much of this data can e ectively be replaced by the synthetic
data.

To the best of our knowledge, improving the performance of 3D lane detection mod-
els by training on unlabeled data has not been investigated either. However, there
has been extensive research towards leveraging unlabeled data to train deep learning
models for other (supervised) tasks. For example, [19] leverage right-left consistency
of two monocular cameras mounted at the front of a vehicle to learn monocular depth
estimations from unlabeled data. Pasa@t al. [56] also utilize a notion of consis-
tency of objects between di erent frames, but instead of using two di erent cameras
they take these frames from a video sequence captured by a single camera. The
videos are taken from static indoor scenes with a moving camera that captures the
scene from di erent viewpoints and they leverage these unlabeled video sequences to
improve the performance of a semantic segmentation model. Their idea is to utilize
spatio-temporal consistency of the objects seen in the video sequence and train the
network to make consistent predictions over consecutive frames. For this purpose
they formulate a measure of consistency between the predicted semantic mask of any
two consecutive framed-; and F.;. By predicted the camera's movement between
the two frames they can compute the transformatiod that transforms the pixels of
frameF; into frame F.; . Using this transformation, they computeT (P;) that is the
predicted maskP; of frameF; transformed into frameF;.; . Since the video is taken
from static scenes one can expedt(P;) and P+, to be similar if both predictions

are correct, and therefore the network is penalized by any di erence betwe@&iiP;)

and Py, .

This loss function formulation for unlabeled data is only dependent on the predic-
tions of the network and therefore no ground truth labels are needed. [56] rst train
their model on a small labeled dataset until convergence and then add the unla-
beled data and use the consistency loss as an additional supervision signal to train
the model further. This is done at di erent levels of supervision (using di erent
amounts of labeled data), while always using the full unlabeled dataset. The key
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result of their work is that a model trained with the consistency loss on unlabeled
data in conjunction with supervised training on a small labeled dataset achieved
comparable performance with a model trained on a labeled dataset of four times the
size. This means that the semi-supervised approach e ectively reduced the amount
of required labeled data by a factor of four. However, an increase in performance
when adding the unlabeled data was only observed when the size of the labeled
dataset was relatively small. Meaning that no gain in performance was observed
when the model had access to a much larger labeled dataset.

Although [56] consider the problem of semantic segmentation, the main ideas of
their approach may be applicable also to other tasks. In particular, they leverage the
spatio-temporal consistency of static objects Imed by a moving camera. Since lane
markings on the roads are also static objects and the movement of a vehicle-mounted
camera can be computed easily by using for example an Inertial Measurement Unit
(IMU), it is not too far-stretched to believe that the same concept could be applied
also to 3D lane detection. Using a measure of consistency of 3D lanes through video
sequences could allow for training 3D lane detection models on unlabeled data in
a similar fashion as [56] did for semantic segmentation, and thus mitigate the need
for large labeled real world 3D lanes datasets.
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Methods

Motivated by the recent success of 3D lane detection models, as well as semi-
supervised learning methods, we introduce and investigate a novel spatio-temporal
consistency loss for 3D lane detection that we use to train 3D-LaneNet [7] on unla-
beled data in a semi-supervised fashion. While the consistency loss and method for
semi-supervised training is new, we do not make any additions to the architecture of
3D-LaneNet. Instead, we use the uno cial Pytorch implementation of 3D-LaneNet,
made by [10], as reference and reimplement 3D-LaneNet in Tensor ow without any
major changes.

The layout of this chapter is as follows: Sections 3.1, 3.2 and 3.3 describe the relevant
coordinate systems as well as the top-view projection and lane anchors used by the
model. The architecture and implementation details of the model are then described

in Section 3.4, followed by a description of the used evaluation metrics in Section

3.5. Thereafter, the semi-supervised approach is explained in Section 3.6 and nally

the datasets and conducted experiments are described in Sections 3.7 and 3.8.

3.1 Coordinate Systems

There are two coordinate systems used in this project which are call€,,, and
Croad- The coordinate systenmC.,, is simply de ned as the system with the camera
in the origin and orientated with the forward direction pointing in the direction of
the camera. The coordinate systent,,,q lies straight beneathC.,,, but is oriented
such that the forward direction is aligned with the road surface. This means that the
transformation between these coordinates systems is uniquely de ned by the camera
pitch (with respect to the local road surface) and the height of the camera above the
ground. Estimating the transformation by predicting the camera pitch and height
allows for warping the image to a virtual top-view, which is a key component in the
network architecture. Furthermore, C,ooq iS also used when representing both the
ground truth and predicted lanes. InC,y,q, the x-axis points to the right (lateral
direction), the y-axis points forward (longitudinal direction) and the z-axis points
up (vertical direction), as shown in Figure 3.1.
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Figure 3.1: An illustration of the coordinate systemsCgam and Cioag-

3.2 Top-view Projection

A core piece of the model is the representation and extraction of feature maps in both
the image plane and the virtual top-view. This is done by transforming the image-
view feature maps (feature maps extracted from the input image) to top-view feature
maps by using the predicted camera pitch and height. To get a good understanding
of what the top-view is, an example where the input image is transformed to top-view
is shown in Figure 3.2. As will become clear after reading Section 3.4.1, it is only the
extracted feature maps from convolutional layers that are transformed to top-view
and not the input image itself, which is important to keep in mind when reading this
section. However, since feature maps essentially can be viewed as images with some
height, width and number of channels, the method for top-view transformation can
be used analogously for both images and image-view feature maps. The top-view
projection is done in theProjective transformation layers which can be seen in the
model architecture in Figure 3.4.

To transform the image to top-view a uniform, rectangular grid consisting off
points is de ned in the coordinate systemC,,q. The width and height/length of
the grid is 20 and 96 meters respectively and the points in the grid are evenly spaced
betweenx = 10and x = 10 meters andy =5 and y = 101 meters in C;paq, While
the z-coordinate is zero for all points (meaning that the grid lies at on the ground).

In other words, the grid consists of regularly spaced rows with a distance 20=#
meters between each row in the lateral direction an@6=h meters in the longitudi-
nal direction, with corners inf(x;y)gt, = f( 10;5);(10;5);( 10,101) (10;101).
After the grid has been de ned, it is transformed into the coordinate systen@.,m

by using the predicted height and pitch of the camera. It is thereafter projected
into image by using the intrinsic calibration matrix of the camera, which depends
on certain properties of the used camera such as the focal length of the lens. The
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intrinsic calibration is held constant for the experiments with data collected from
the same dataset (taken with the same type of camera). As seen in Figure 3.2, the
grid does not look regular when viewed in the image, which is of course due to the
perspective transformation that makes distant objects appear smaller in the image
than objects close to the camera.

When projected into the image, the grid simply de nes which points to sample
from the original image to create the top-view image. That is, each point in the
grid determines the value of one pixel in the top-view image, which is computed by
sampling the original image at the positions speci ed by the grid. Since the position
of each grid point in the image is not necessarily integer valued, while the image
is discretized in pixels, bilinear interpolation is used to compute the value of the
image pixels at the speci ed positions. This is done for each channel separately, thus
preserving the number of channels of the input. Since each grid point determines
the value of one pixel in the top-view image, the width and height of the top-view
is equal to the width and height of the grid.

Figure 3.2: lllustration of how an image is transformed to top-view by sampling
the image at the positions speci ed by the sampling grid. This transformation is
then applied on each color channel.

3.3 Anchors

Since 3D-LaneNet essentially casts the lane detection task as an object detection one
and works in a similar fashion as one-stage object detectors, it too uses the concept
of anchors to make predictions. In this case, the set of anchdra'gl, consists of
equally spaced longitudinal lines with zero height and constant lateral o set. Each
anchor is represented by the set df points in the coordinate systemC ,5q given
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by f(X4a;Y;;0)g,, wherey = fy;g; is common for all anchors and speci es the
predetermined values in the longitudinal direction andX, is the constant lateral
o set of anchor A'. With respect to each of theN anchors, the output of the network
consists of a con dence predictiorp' that describes whether anchor is associated
with a lane or not, as well as predictiongx';z') = f(x{;z')g", that correspond to
lateral and vertical o sets with respect to thek points of anchori. In summary, the
prediction (x]; z/) corresponds to the point in 3D space given b{X , + xi;y;;Z) in
the coordinate systemC q,oq. The anchor representation is illustrated in Figure 3.3.

Figure 3.3: lllustration of the lane anchors and the predicted o sets at the prede-
ned y-values to a given anchor.

For the purpose of training, the ground truth lanes are assigned to the closest anchor
at Ve = 20m. If more than one lane is closest to the same anchor the longest
lane will be assigned to this anchor, while the other lane(s) are disregarded during
training. Following the method of 3D-LaneNet, any lanes that do not Crosges
inside the top view region (described in Section 3.2) are disregarded during both
training and validation.

In our experiments, the number of anchorél was set to 16 and the anchors were
chosen to be represented by ten pointk (= 10). The prede ned y-values of the
anchors were set td 6:5; 10; 15, 20; 30; 40, 50, 60; 80; 100y meters and the constant
lateral o sets X}, were equally spaced between -10 and 10 meters, meaning that the
distance between the anchors is 1:33 meters. This is the same setup that [10]
used in their uno cial implementation of 3D-LaneNet, with the exception that we
have changed the rst y-position from 5 to 6.5. This was done because the hood of
the vehicle usually covered the road ay =5 meters and therefore we did not have
many ground truth lanes starting this early.
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3.4 Model

The model used in this study is a reimplementation of the 3D-LaneNet [7] in Keras,
based on the code used in the article Gen-LaneNet [10].

3.4.1 Architecture

A schematic overview of the network is illustrated in Figure 3.4 and the specic
details are listed in Table 3.1. The layers are clustered into what we call layers
Information passed to the network is split up and processed in two parallel pathways
via the so called dual-pathway backbone [7]. The model can be divided into four
guadrants, which in the 3D-LaneNet article are called: thémage-view pathwaythe
Road plane prediction branchthe Top-view pathwayand the Lane prediction head

Figure 3.4: The 3D-LaneNet [7] architecture used in this thesis. The model consists
of a dual pathway that includes convolutional, max pooling and dense layers together
with a projective transformation layer that transforms the feature maps from image-
view to top-view. The image is inspired by [7].
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L layer | Width Height | #Filters
1 w h N=A
2 w h 64
3 W= h=2 128
4 w=4 h=4 256
5 w=8 h=8 512
6 w=16 h=16 512
7 w=32 h=32 256
8 w=64 h=64 128
9 w=128 | h=128 64
10 dm=1 1 64
11 dm=1 1 1
12 w=128| =208 | N=A
13 W=2 f=2 128
14 W=4 fi=a 256
15 w=8 |[f=8=26| 256
16 Ww=8 24 64
17 W=8 22 64
18 Ww=8 20 64
19 Ww=8 16 64
20 W=8 12 64
21 W=8 8 64
22 W=8 4 64
23 dm=1 w=8 256
24 dm=1 wW=8 64
25 dm=1 w8 3(2k+1)

Table 3.1: Table containing information about the dimensionality of theL layers
Herew and h are the width and height of the input image while® and fi are the
width and height of the rst top-view feature map.

Image-view pathway

The rst part of the network is the Image-view pathway This part of the net-
work takes in the RGB-channels of the input image and propagates the information
through several convolutional and maxpooling layers, following the structure of the
rst part of the standard VGG16 [57] network. Here spatial features in the original
image-plane are preserved. The nal output of thémage-view pathways sent to the
road plane prediction branch Furthermore, the output from L3, L4, L5 and L6 is
sent to the Top-view pathwayvia a Projective transformation layer which transforms
these image-view feature maps to top-view as described in Section 3.2.

Road plane prediction branch

From the Image-view pathwaythe output features ofL6 is sent to the Road plane
prediction branchwhich goes through a similar process as thmage-view pathwayf
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convolving and maxpooling. The information is then sent td. 10 and L 11 which are
two fully connected layers resulting in two values: the predicted height and pitch of
the camera ( { in Figure 3.4). The predicted pitch and height is then sent together
with the outputs from L3, L4, L5 and L6 to a Projective transformation layer, see
Section3.2.

Top-view pathway

The second part of the parallel pathway is thélop-view pathwaywhere all features
are represented in the top-view plane. Following a similar procedure as in the
image-view pathway, the signals are convolved and maxpooled with the addition of
concatenation of the projected outputs of the feature maps from the3, L4, L5
and L6. This means that we are combining the spatial features gathered in both
the image-view plane and the top-view plane. The signal is then sent to to Lane
prediction head where the nal predictions of the 3D-Lanes are made.

Lane prediction head

The nal part of the network is the Lane prediction branch which takes in the
output features of L15 and further convolves the information. The nal output of

L 25 are the predicted 3D lanes which are represented by the lane anchors de ned
in Section 3.3. The output contains the predicted lateral and height o sets to each

of the anchors as well as con dence scores of the existence of a lane at each anchor.

The nal output dimension of the network becomesdim = N  (2k +1) = 336,
whereN = 16 is the number of anchors ank = 10 is the number of points that
each anchor consists of.

3.4.2 Supervised Loss Function

The supervised training of the model is done using a loss function consisting of three
parts:

")(\I #

L= (p'log(P)+(1 pP)logl p))

=1

+>Npi kx' R'ky+ kz' 2"k G-

+j +ijh A

In Equation 3.1, the variables with hat denotes the ground truth labels while the
ones without are the predictions. Here is the probability that there is a lane at
the given anchor (the ground truth is simply an indicator taking the value O or
1), fxig, and fz'gY, are the o sets with respect to the lane anchori for all N
anchors, is the camera pitch andh is the camera height.
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The rst sum is a cross entropy loss over the con dence scores of the lane anchors.

The second sum is &*-norm penalty for the vertical and lateral o sets. Each term
in the sum is multiplied with the ground truth lane anchor probability, which is
either 1 or 0. Since we only have information about the lanes that exist and do
not know anything about the other anchors, we cannot penalize the models outputs
where lanes do not exist. Finally a penalty for the predicted height and pitch is
added to the loss function.

3.4.3 Implementation Details

The model was implemented in Keras, Tensor ow, where the VGG16 architecture is
easily accessible. We do not use any pre-trained weights for the VGG16 [57] back-
bone, or any other parts of the model, but instead use random initialization for all
the weights in the network. We use the standardslorot normal initializer avail-
able in Keras, which is also known as th&avier normal initializer. Following the
uno cial implementation of 3D-LaneNet by [10], we include batch normalization
layers after every convolutional and dense layer (except for those layers that out-
put the predictions of the network) and include a dropout layer before the camera
height and pitch prediction (L11). However, since it is not clear if 3D-LaneNet [7]
actually used batch normalization and dropout in their original implementation, we
introduce the hyperparametersatch normand dropout to allow for training models
also without these optional layers. The batch normalization and dropout layers are
included if the hyperparametersbatch norm or dropout is True respectively, and
excluded otherwise.

For supervised training, the learning rate is scheduled such that it is divided by
a constant LRy (learning rate decay) everyLR; (learning rate interval) epochs.
Therefore, the learning rate schedule entails three hyperparameters given by the
initial learning rate and the constantsLR4 and LR;. During all experiments, the
Adam optimizer was used to train the network.

Regularization was also investigated as a way of facilitating the training process.
The kernel och biasl!-regularization available in Keras was applied on every con-
volutional and dense layer except for those responsible for the predictions of the
network. To be able to adjust the amount of regularization we de ned the input
to the Keras regularizer, which determines the magnitude of the regularization, as
a hyperparameter that we callregularization. No regularization is applied ifregu-
larization is zero and the magnitude of the applied regularization is scaled linearly
with regularization if it is greater than zero.

Since we use a very small dataset compared with [7] (3194 labeled images in the
training set instead of roughly 100,000 images) we also tried using a constant camera
height and pitch instead of predicting these values. In this case, the mean height
and pitch of the training set was used to transform image view feature maps to
top-view in the projective transformation layers, rather than using the predicted
height and pitch. The hypothesis was that using a constant height and pitch may
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be advantageous in the case of little available data since poor height and pitch
predictions may result in skewed/erroneous top-view projections, which make it
di cult for the model to accurately predict the 3D lane geometry. For this purpose,

a hyperparameter denoted asonstant camwas introduced, which takes the value
True if a constant height and pitch is used and False otherwise.

3.5 Evaluation

To evaluate the predictions of the network on the validation and test datasets,
the network's output was rst transformed into 3D lanes. This is accomplished
by rst applying a probability threshold py, on the predicted con dence scores of
the network's sixteen anchors. Each anchor with predicted con dence less thaR
were discarded and the predictions with higher con dence thapy, are considered
as positive predictions. For each positive prediction, the 3D lane geometry is then
computed by using that the predictionsx' and z' of anchori correspond to the
points in 3D space given byf (X, + X;V;j;Z)d¢; , as explained in Section 3.3. This
essentially transforms the predicted con dences and o sets of the sixteen anchors
into a (small) set of predicted 3D lanes.

In order to evaluate how well the set of predicted 3D lanes approximates the set
of ground truth lanes, the global optimal matching between the two sets is sought.
Following the method of [10], this is accomplished by formulating the matching
problem as bipartite matching problem and seeking the solution with the min-cost-
ow solver from the ORTOOLS package in Python. For this purpose, the lanes are
rst resampled into a denser representation such that each lane is represented by a
set of K points fx};y;;Z'gf,, wherefy; g, = £7,8,9;10,:::;100g is common for
all lanes andf x; ng:l and fz ng=1 depends on the corresponding prediction. The
sampling is done via piece wise linear interpolation iR and z, meaning that these
variables are viewed as functions of the position in the forward directiop. For
example, to compute thex-value at a pointy = b that lies in betweeny = a and

y = ¢, for which the predictions arex, and x, respectively, the following equation
is used:

Xa_ 4 (b a)—C_:

Xb:(c b)C a cC a

(3.2)

This holds for any pointa <= b <= cwherea and cis in the set of originaly-values
(f6:5;10; 15, 20; 30, 40, 50; 60; 80, 10Qy) and b is one of the new y-valuesz-values at
the interpolated points are computed analogously. After resampling the lanes into
denser representations, the cost of matching lame with lane n is de ned as

COStyy = dam:

whered™ is given by the following equation:
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8 ¢
g = <log( (X" xM2+(z" 2z'")2+1); if both lanes exist at j

) " i otherwise.

(3.3)

This de nition of the cost of matching two lanes is used by the min-cost- ow solver
and the global optimal matching is de ned as the one that matches the set of
ground truth and predicted lanes with the lowest total cost. By adding a penalty of
di, for each point that is not covered by both lanes, it is possible to match partly
overlapping lanes with this method. This is important since the ground truth lanes
of our datasets don't always stretch over the full prediction range of 6.5-100 meters.

This formulation of the distance metricd™ is slightly di erent from the one used
by [10]. They use the Euclidean distance if both lanes exist for a point, instead of
the natural logarithm of the Euclidean distance (plus one) as we do. The reason for
adding the logarithm is that it makes the matching more stable.

Consider for example the ctional case shown in Figure 3.5, where the positions
of a lane for simplicity is represented by a single point on a one dimensional line.
In this case, the ground truth lanesA and B have the following distances to the
predicted lanesC and D: kKA Ck=1;kA Dk=2;kB Ck=0;kB Dk=1.
The cost of the matchingA C andB D is therefore equal, which is also the
cost of matchingA D and B C whend™ is de ned without the logarithm.
However, when de ningd™ with the logarithm the cost of matchingA  C and

B D becomedog(l1+1)+log(l+1) 1:39 while the cost of matchingA D
andB Cisonlylog(2+1)+log(0+1) 1:10. In this case, it seems likely that
prediction C is trying to predict the ground truth lane B, while prediction D is a
faulty detection. Therefore, the latter method for matching the lanes is preferred
(the fact that A is matched with D in this case is not an issue and will be handled
later as an invalid match).

Figure 3.5: Simpli ed one dimensional representation of ground truth lanes (blue)
and predicted lanes (orange).

This theoretical motivation also translates to practical scenarios such as the one
shown in Figure 3.6, where ground truth and predicted lanes are shown in blue
and orange respectively. In this example, the min-cost- ow solver not using the
logarithm nds the matching between ground truths and predictions as'l 1, 2
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and 3 3 (see the numbering of the lanes in Figure 3.6). This is obviously not
desired and is a consequence of the linear scaling of the Euclidean distance. When
incorporating the logarithm, the matching instead becomes!12, 2 3 and 3
between ground truths and predictions.

Figure 3.6: The gure shows three predicted lanes (orange) and three ground truth
lanes (blue).

After the global optimal matching has been found, it is known what predictions
correspond to what ground truths. It is then possible to de ne metrics such as
precision and recall as well as measuring the average distance between the matched
lane pairs. Ground truth lanes are considered detected successfully if at least 75 %
of its points (may be fewer points tharK since not all ground truth lanes stretch the

full range from 7 to 100 meters) have a distance less thak, to the matched lane.
That is if d™ is less thandy, for at least 75 % of its points. Similarly, a prediction

Is considered correct if at least 75 % of its (alwayiK ) points have a distance less
than dy, to the matched ground truth. The precision and recall is computed as

.- Predcorreot
Precision= ————— 3.4
I:)redtotal ( )
and GT
Recall= —_detected. 3.5
GTtotal ( )
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In the above equationsPred.orect and Predy, are the number of correct predic-
tions and the total number of predictions respectively, Whil&STgetected @aNA GTigta

is the number of successfully detected ground truth lanes and the total number of
ground truth lanes respectively. Note that the numerator is not necessarily the same
in these de nitions and therefore di ers from the standard de nitions of precision
and recall in this sense. The numerators may di er if for instance a short ground
truth lane is matched with a long predicted lane. In this case, the ground truth lane
may be considered detected successfully since all of its points may be covered by the
predicted lane, while the predicted lane is considered incorrect since less than 75 %
of its points may be covered by the short ground truth lane.

The precision-recall curve is then computed by varying the probability threshold
from 0.05 to 0.95 with step length 0.05 and computing precision and recall for each
value. The F-score is also computed for each value of the probability threshold and
the maximum F-score is reported as one of the key metrics. Precision and recall
was set to 0 and 1 forpy, = 0 and set to 1 and O forpy, = 1 respectively for the
purpose of computing the average precision (AP). The found values of recall and
precision constitute a set of irregularly spaced points that are then interpolated at
even intervals with piece wise linear interpolation. The mean of these interpolated
points constitute the average precision of the model. Figure 3.7 illustrates the
experimentally found points in blue (with the exception of the rst and last points
that are added manually), from which the red points are interpolated and used to
compute AP. This method of computing AP is not exactly in line with what was
found in the theory section and may give rise to some error since the end points
of the graphs are not correctly accounted for. However, this is the method that
Gen-LaneNet [10] used to compute AP and since this is one of the few sources for
comparison available, we chose to do the same.

Figure 3.7: lllustration of an experimentally found precision-recall curve (blue)
and the regularly spaced interpolated points of this curve (red).
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Furthermore, for each matched lane pair with average point wise distance less than
di, (denoted as a valid match) the average absolute lateral and vertical error is
computed. This is done in the close range (0-40 meters) and far range (40-100
meters) separately for each such lane pair. The close and far range errors are then
averaged over all such lane pairs to get the close and far range error metrics for the
whole dataset. The probability thresholdpy, is set to the same value that gave rise
to the maximum F-score described earlier, such that both the lane geometry errors
and the reported (max) F-score are based on the same set of predictions (using the
same probability threshold).

In our experiments,dy, is set tolog(L:5 + 1) such that

q q
log( (X" x[)2+(z" Zz")?+1) <dn (x™ xM)2+(z" Z')2< 15
(3.6)

Meaning that dy, = log(1:5 + 1) does not allow for an Euclidean distance between
points larger than 1.5 meters when for example computing precision and recall,
which e ectively is the same threshold as [10] used. In summary, the metrics used
to evaluate the model's performance is (max) F-score, AP and x-error and z-error
in the close and far range.

3.6 Semi-supervised Training

The developed method for unsupervised training is based on the assumption of con-
sistency of 3D lanes in video sequences. In general, it is likely that some parts of the
lanes observed in one frame of a video sequence are also observed in the next frame,
given that the time interval between the two frames is not too large. Therefore, the
predicted 3D lanes of two such frames should partly overlap/be close together in 3D
space, if the predictions are close to correct. The proposed method leverages this
fact and constitutes a framework for training 3D-LaneNet to make consistent predic-
tions on unlabeled video data. The remainder of this section describes our method
in detail as well as the assumptions and observations that lead up to the proposed
method. Section 3.6.1 describes the consistency loss function that is used as an unsu-
pervised training objective and Section 3.6.2 describes the semi-supervised training
scheme used for training the model on labeled and unlabeled data simultaneously.

3.6.1 Consistency Loss

Given two images from a video sequence, one can impose some notion of consistency
on the predicted 3D lanes as these should partly overlap for correct predictions.
However, it is not certain that consistent predictions are correct. For example, if
both images from the video sequences are taken from the same position (i.e. the
vehicle is standing still) the predicted 3D lanes will be consistent as long as the
predictions are the same in both frames. That is, the network can predict any kind

of lanes in both frames and be consistent, but certainly not correct. On the other
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hand, if the vehicle has signi cant movement in between the two frames it is likely
that the vehicle's relative position to the lanes as well as the lane curvature (as
viewed from the vehicle) changes between the two frames. In this case, making
correct predictions of lanes seems like one of the only possibilities for the network
to be consistent. This observation poses a constraint on the unlabeled dataset used
for consistency loss: the vehicle should have signi cant movement between the video
frames in order to avoid any trivial consistent predictions.

Another concern about the consistency of lanes is that lanes visible in one frame are
not always visible in the next. Particularly in urban environments, where lane
topologies are complex and can change quickly over short distances, it is quite
common that the lanes seen in one frame are not the same as those seen in the next
frame, especially when it is desired that the vehicle has some movement between
the frames as described previously. Due to the regularity of the lanes on highways,
this road type seems particularly well suited for imposing consistency. The fact that
the lane topologies are usually constant over far distances on highways makes it
possible to impose consistency between lanes even though the vehicle has signi cant
movement between the frames. Due to this reason, and to keep the unlabeled
dataset and consistency between 3D lanes as simple as possible, the dataset used
for unsupervised training only includes images from highways. Furthermore, the
method that will be presented here only considers consistency between image pairs,
although it could be possible to impose consistency over several frames.

It is now time to formalize the notion of consistency between two sets of lanes.
Intuitively, if one knows that a predicted lane of framet corresponds to the same
ground truth lane as a predicted lane of framé+1, it makes sense to enforce spatial
consistency on these predictions such that they align well in 3D space. However,
since the ground truth lanes are unknown for unlabeled data we are forced to guess
which predictions correspond to the same ground truth. This guessing game becomes
quite di cult since the vehicle's movement relative to the lanes between the two
frames makes it so that the responsibilities of the 16 anchors of the network may
change between the frames. For example, it may be the case that the seventh anchor
in frame t predicts the same lane as the tenth anchor in framet 1. Since there is

no easy way of knowing which lane each anchor will predict in the two frames, we
resort to investigating this explicitly by matching the predicted 3D lanes of the two
frames. This is done by rst transforming the predicted 3D lanes of frame+ 1 into
framet using the 3D coordinate transformation between these two frames given by
processed accurate GPS data. The global optimal matching between the two sets
of lanes is then sought in analogy with the matching process used during evaluation
as described in Section 3.5. When matches between the predicted lanes have been
found, it is possible to enforce spatial consistency between the matched lanes as well
as penalizing the network's con dence predictions. The method for computing the
consistency loss is schematically illustrated in Figure 3.8.
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Figure 3.8: Schematic illustration of how the consistency loss is computed between
two sets of predicted lanes.

What follows is the mathematical de nition of the consistency loss that is used
to penalize both lane geometry and con dence predictions. Given the predictions
fpol, andf(x';z")g\, of framet andfpgl, andf (R';2")g\, of framet+1, all the
predictions with con dence less thampy, is disregarded. The remaining predictions
are then transformed into 3D space by using the fact that the predictiorﬁx} ;zji)
corresponds to the point in 3D space given b{X, + Xj;V;;z) in the coordinate
systemC qoq, as described in Section 3.3. The predictions of frantet 1 are then
transformed to C ,y54 Of framet and the lanes are resampled at common longitudinal
positions by piece wise linear interpolation. The resampled lane that originated from
predictionsp' and (x';z') is now de ned by a new set of points in 3D space given by
(x iext " Yext zgxt ), where each of these vectors are of some lengtandy,; is a vector
of predetermined sampling positions. Similarly, the resampled lane that originated
from the predictionsp and (%';2') of framet + 1 is denoted by(R%, ;Vex 2L, )-

Note that the longitudinal positions given byye, Iis the same for the predictions
of both framet and t + 1. Furthermore, ye, only corresponds to points that lie
within the common region of the lanes from framéandt+1 as shown in Figure 3.8
(e.g. 50-100 meters i ;aq), Which depends on the distance traveled by the vehicle
between the two frames. In our worky ey is by default set to10; 15; 20; :::; 100 and
then the points that don't lie within the common region are removed, such that
both predictions of framet andt + 1 exist for all the remaining points iny ey .

After resampling the lanes at the positions de ned by , the lanes are matched
using the min-cost- ow algorithm with the same cost function as described in Section
3.5. Again, the matched lane pairs that have a smaller average distance thdg
(again compared with the logarithm of the Euclidean distance as in Equation 3.6)

39



3. Methods

are considered valid matches. The consistency loss then consists of two components,
one for valid matches and one for invalid matches. If the predicted lane given pYy

and (x™;z™) of framet forms a valid match with the prediction p and (%';2') of
framet + 1, the consistency loss between this lane pair is computed as

L\r/na;:id = L?;' + Lo (3.7)

where
L' = kxgq  Rpcki+ KzZy 2.k (3.8)
LE"' = log(p™) log(p): (3.9)

The total consistency loss of all valid matches is then given by

X .
Lvaia = Lo (3.10)
(m;l)2V

whereV is the set of all valid matches. Finally, a penalty for not nding a valid
match is applied as

0 1
X X .
Livaia = @ log(1 p)+ = log(l pPHA; (3.11)

iZU]_ i2UZ
whereU; and U, are the set of all anchors of framéandt + 1 respectively that did
not nd a valid match.

The total consistency loss is the sum of the penalty applied on the valid and invalid
matches, such that
Lc = Lvaia + Linvaiia (3.12)

In summary, the anchors that correspond to valid lane matches are penalized as to
predict 1.0 con dence and all other anchors are penalized to predict 0.0 con dence
using the cross entropy loss. The underlying assumption of penalizing the con dence
predictions in this way is that lanes that found a valid match over the two frames are
likely to be correct, while the lanes that do not are likely to be incorrect predictions.
Furthermore, the predictions of the lane geometry of valid matches are penalized
with 11-norm to be consistent.

Note that the geometric part of the consistency loss penalizes the predictions of

the network implicitly by computing the loss based on, for examplex[), and k'ext

rather than the predictionsx™ and 2'. However, each of the points ix™  depends

ext
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linearly on some two points ofx', so it's straight forward to compute the gradients
from this formulation.

The described consistency loss entails two hyperparameters, namely the distance
threshold dy, that de nes which matches are valid and the probability threshold
pw that de nes which predictions are considered positive predictions. The distance
threshold should be set low enough such that the predictions of two adjacent lanes
can never be considered valid, meaning thak, should be smaller thanlog(x + 1)
(again using Equation 3.6) wher« is the typical lane width (in Sweden the minimum
width of a standard lane is 3.25m [58]). Of coursel;, should not be too close to
zero either, because then essentially no lanes will constitute valid matches. However,
there is a quite large span of values between 0 and the typical lane width that could
work well, and it is di cult to argue which value of dy, is most suitable without doing
any experiments. On the other hand, it is certainly easier to argue which value of the
probability threshold should work best. Since the consistency loss is based on the
assumption that the predicted (and matched) lanes describe the underlying ground
truth lanes as well as possible, the obvious choice mf is to set it to the value that
resulted in the maximum F-score on the validation set. This is straight-forward
to compute since, in the semi-supervised approach (explained in the next section),
predictions on unlabeled data are always preceded by supervised training. In a sense,
this value of the probability threshold results in the most accurate predictions of the
network (best trade-o between precision and recall). Using this value g&, and
some appropriate value ofly, together with the loss function explained above will
later be referred to as thestandard consistency loss

Although this choice of the hyperparametepy, should be suitable for the consistency
loss, it could also be interesting to investigate the e ects of settingy = 0. In this
case, all the 16 predicted lanes of the network are considered positive predictions.
This implies that the 16 lanes from framd will be matched with the 16 lanes from
framet + 1, which makes it likely that the number of found valid matches greatly
exceeds the number of ground truth lanes. Therefore, the underlying assumption
that valid matches over the two frames are likely correct will not hold in this case,
and the proposed way of penalizing the con dence predictions is not appropriate.
In order not to make any such assumption in the case pf, = 0, Equation 3.9 can
be replaced byL g“' = jlog(p™) log(p)j such that valid matches are penalized to
predict the same con dence, rather than predicting 1 in con dence. However, any
invalid matches can still be penalized to predict zero con dence. Using, = 0
and this alternative con dence penalization was investigated as an option to the
standard consistency losand will later be referred to as thealternative consistency
loss

This concludes the de nition of the consistency loss function that is used to supervise
the network on unlabeled data. What remains is to formulate a semi-supervised
training scheme that allows for utilizing both labeled and unlabeled data during
training, which is done in the next section.
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3.6.2 Semi-supervised Training Scheme

As described in the previous section, the formulated consistency loss requires a
matching between the predicted lanes of frame and those of framet + 1. The
matching is essential in the consistency loss formulation as it de nes how the network
will be penalized during training (one type of penalization is applied to anchors
that found a valid match and another to those that didn't). Since the matching is
done between the predicted 3D lanes, it is evident that the computed matching is
dependent on the predictions of the network. To ensure that the matching between
the anchors in any given unlabeled image pair doesn't change sporadically during the
course of training, we propose computing the matching only once and thus keeping
the matching (and the consistency loss function) constant during the entirety of the
training. If the matching is recomputed at every epoch, the way that the consistency
loss penalizes the network may change from one epoch to another, which makes it
di cult for the network to converge.

Therefore, we propose the following method for training the model semi-supervised,
which we call theBasic scheme

Basic scheme:
1. Train the network on the labeled dataset until convergence.

2. Make predictions on the unlabeled dataset and compute the global optimal
matching for each unlabeled image pair given the current predictions.

3. Add the unlabeled data for which the consistency loss can be used (the network
found at least one valid match) to the training set.

4. Train further on both labeled and unlabeled data using the regular loss and
the consistency loss respectively (since the matching is kept constant for each
unlabeled image pair it never has to be recomputed during training).

One drawback of computing the matching only once is that a poor matching will
e ect the network negatively during the whole training. For instance, if there exist
three ground truth lanes in a given image pair but the network only found two valid
matches, the network will be trained to only detect these two lanes and disregard
the third one. Therefore, it is essential that the matches are of good quality for
the consistency loss to work well. To ensure this, one could instead only add the
unlabeled data for which all of the network’s predicted lanes constitute valid matches
to the training set. The assumption that motivates this approach is that it is less
likely that the network missed any ground truth lanes, or predicted too many lanes,
if every predicted lane of the two frames constitute a valid match.

However, using this constraint on the unlabeled data used for training makes it likely
that only a small subset of the unlabeled dataset will be added when semi-supervised
training is started. It is therefore motivated to attempt adding more unlabeled data
at some later stage during semi-supervised training. This approach has similarities
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with commonly used self-training methods as mentioned in Section 2.3, where only
the con dent predictions are used as pseudo-labels and more and more unlabeled
data is added iteratively as the network's performance increases. To investigate
whether this attempt of ensuring good quality of the added unlabeled data (and
the found matches) is bene cial for semi-supervised training, we also propose the
iterative training scheme de ned as follows.

Iterative scheme:
1. Train the network on the labeled dataset until convergence.

2. Make predictions on the (remaining) unlabeled data and compute the global
optimal matching for each unlabeled image pair given the current predictions.

3. Add the unlabeled data for whichall of the network's predictions constitute
valid matches to the training set.

4. Train further on both labeled and unlabeled data for a given number of epochs.

5. Iterate over step 2-5 until the unlabeled dataset is exhausted or no further
improvements are made.

The iterative training scheme is also illustrated in Figure 3.9.

Figure 3.9: Overview of the semi-supervised training scheme.

When training on the labeled data and unlabeled data simultaneously, it is necessary
to decide how the supervised loss (from Section 3.4.2) and the consistency loss should
be weighted compared to each other. For the possibility of varying the relative
importance of the supervised and consistency loss during training, we introduced
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the hyperparameter and computed the total loss during training according to

Liotar = (1 )Lsup + L

whereL,, is the supervised loss andl . is the consistency loss.

3.7 Datasets

This section describes the collection/creation of the datasets used in this thesis.
The training, validation and test sets consists of 3194, 510 and 510 labeled real-
world images respectively. The unlabeled dataset used for semi-supervised training
consists of 2525 sequences containing two images each and the synthetic dataset
consists of 1609 labeled images.

3.7.1 Real-World Labeled Dataset

The real-world 3D lanes dataset was created by combining depth maps from ag-
gregated LIiDAR point clouds (the depth maps constitute ground truth depths of
the pixels in the images) with 2D lane instance annotations and then applying some
post-processing to re ne the extracted lanes. A schematic illustration of the method
is shown in Figure 3.10. Transforming the pixels that are annotated as lanes to 3D
coordinates with the help of the camera intrinsic matrix and pixels depths results
in 3D point clouds that correspond to the 3D ground truth lanes. Since the used
2D annotations were so called instance annotation, which constitute separate labels
for each lane instance, the output is a separate point cloud for each annotated lane.
Some post processing was then applied to these point clouds in order to remove
noise from the data as well as creating a continuous representation of the lanes.
A continuous representation is needed to be able to uniquely determine the lane's
lateral and vertical o sets to the assigned anchor at every prede ned position in the
forward direction during training.
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Figure 3.10: Overview of how 3D lanes are extracted from 2D lane annotations
and depth maps from aggregated LiDAR point clouds.

In order to create continuous lanes each point cloud was divided into bins that
each occupy 20 cm in the forward direction. The median of the points in each bin
was computed and saved as the lane's position for this bin. Continuous lane lines
was then created by simply connecting the computed median points of each bin
with straight lines. The error introduced by approximating the lane's position with
straight lines in between the median points of the bins is usually small since the
point clouds are dense. However, it is not always the case that all the bins are
occupied, especially when dealing with dashed lane markings, occlusions or lanes in
the far range where information in the image is more scarce. In these cases, there
may be gaps of several meters between the closest occupied bins. There is therefore
a risk of introducing a non-negligible error when approximating the lane's position
with a straight line between such distant bin points. However, since the lane's
position needs to be de ned at the prespeci eg-values for training it is necessary

to interpolate the lanes position at least a couple of meters (for example to overcome
the gaps in dashed lane markings). To cover as many of the prede ned y-values as
possible, a quite generous threshold were used that allowed for connecting any bins
that were less than 20 meters apart.

Since the depth maps from the accumulated LiDAR point clouds were not completely
noise free there was also a need for Itering the point clouds for outliers. For this
purpose, the density based clustering algorithm DBSCAN was applied. Due to the
regularity of the typical lane geometry it is sensible to assume that the lane's lateral
and vertical position changes slowly over distances in the forward direction. To
leverage this assumption, the lateral and vertical axes were scaled up such that
DBSCAN became more sensitive to changes in these dimensions. Therefore, if some
points of the lane have di erent vertical or lateral position from most nearby points

(in the forward direction) these will be classi ed as outliers. DBSCAN is e ective in
Itering outliers when the density of the outliers is much smaller than the density of
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the inliers (hence the name). However, the density of the inliers can be very low in
the case of 3D lanes, especially in the far range, but this can also happen in the case
of partial occlusions and dashed lane markings. To deal with sparse inliers in the
far range, DBSCAN was applied in two di erent ranges separately, once in the close
range and once in the far range, using di erent hyperparameters for the algorithm
to match the general density of the lanes in both regions. Thereafter, RANSAC was
also applied to Iter any outliers that DBSCAN missed. This helps in cases where
large parts of the data are faulty and therefore classi ed as inliers by DBSCAN
due to high density. RANSAC instead leverages the fact that lanes locally are well
estimated by lines and removes any points that deviate too much from the best line
t to the data. Therefore RANSAC can also remove dense clusters of faulty points.
RANSAC was applied at three separate intervals (0-33, 33-67 and >67 meters in
the forward direction) to make sure that not many points were removed simply due
to lane curvature or other violations of the straight line assumption.

Finally, the ground truth pitch and height of the camera with respect to the local
road plane was determined. In our case, a static pitch and height calibration was
used for each separate drive of the vehicle. Any changes in pitch and height due to
vehicle dynamics (e.g. large acceleration) was therefore not taken into consideration.
Furthermore, the images were cropped and rescaled (we removed the top and bottom
parts of the image that correspond to sky and vehicle hood) to reduce the number
of computations during training. The nal size of the images that are fed to the
network is 962 (3848/4) times 274 (1094/4) pixels.

The real-world dataset was divided into a training set of 3194 images and a validation
and test set of 510 images each. Since 3D-LaneNet had only been tested on highway
roads before [7], it was decided to include only such images in the validation and
test set (images taken on roads with speed limit at least 100 km/h in our case).
However, the images in the training set come from both urban and highway scenes.
Another reason for including only highway roads in the a validation and test set
was that it makes sense to evaluate the model on long lanes that stretch over the
full prediction range ( 6-100 meters) to estimate the close and far range predictions
errors as well as possible.

3.7.2 Real-World Unlabeled Dataset

The collected unlabeled real-world dataset consists of 2525 sequences containing two
images each. All image pairs were taken from highways (roads with speed limit of
at least 100 km/h) and the time interval between any two pairs is between 0.5 and
2.5 seconds. The ground truth labels of this dataset consists of the camera pitch
and height as well as the transformation between the vehicles position in the image
pairs. The transformation was computed using processed GPS data that accurately
measures the vehicle's movement between the two frames. The transformation allows
for transforming the predicted 3D lanes of two consecutive images into a common
coordinate system where they can then be compared.
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