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

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

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

v





Acknowledgements
First of all, we would like to express our sincere gratitude to Aptiv for giving us the
opportunity to conduct our master thesis, which has been an enriching experience
for our academic and professional growth.

We would like to extend a special thanks to Oscar Pantzare, Tommy Isebäck, and
Rikard Hodzic for their invaluable contributions to our research. Our meetings have
resulted in insightful inputs that have played a crucial role in shaping the outcomes
of our master thesis.

Lastly, we would also like to express our gratitude to our examiner, Lars Ham-
marstrand, for his valuable critique and feedback throughout the thesis.

Kevin Vu & Ismail Gülec
Gothenburg, June 2023

vii





List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

ANN Artificial neural network
BEV Bird’s-eye view
CNN Convolutional neural network
GNSS Global navigation satellite system
GPS Global positioning system
IMU Inertial measurement unit
LIDAR Light detection and ranging
MAE Mean absolute error
MSE Mean square error
RMSE Root mean square error
SGD Stochastic gradient descent

ix





Contents

List of Acronyms ix

List of Figures xv

List of Tables xix

1 Introduction 1

2 Related work 3
2.1 LIDAR & camera fusion . . . . . . . . . . . . . . . . . . . . . . . . . 3
2.2 Generating 3D lanes . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

3 Theory 5
3.1 Background theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

3.1.1 Sensors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
3.1.1.1 LIDAR . . . . . . . . . . . . . . . . . . . . . . . . . 5
3.1.1.2 Inertial measurement unit . . . . . . . . . . . . . . . 5
3.1.1.3 Global navigation satellite system . . . . . . . . . . . 6

3.1.2 Machine learning & neural networks . . . . . . . . . . . . . . 6
3.1.2.1 Loss function . . . . . . . . . . . . . . . . . . . . . . 8
3.1.2.2 Optimizer . . . . . . . . . . . . . . . . . . . . . . . . 9
3.1.2.3 Deep learning . . . . . . . . . . . . . . . . . . . . . . 12
3.1.2.4 Vanishing and exploding gradient . . . . . . . . . . . 13
3.1.2.5 Overfitting . . . . . . . . . . . . . . . . . . . . . . . 13
3.1.2.6 Cross-validation . . . . . . . . . . . . . . . . . . . . 14
3.1.2.7 Regularization . . . . . . . . . . . . . . . . . . . . . 14

3.1.3 Convolutional neural networks . . . . . . . . . . . . . . . . . . 16
3.1.4 Transformer . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
3.1.5 Depth completion . . . . . . . . . . . . . . . . . . . . . . . . . 18

3.2 Evaluation metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
3.3 SuperFusion framework . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.3.1 Data-level fusion . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.3.2 Feature-level fusion . . . . . . . . . . . . . . . . . . . . . . . . 21
3.3.3 BEV-level fusion . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.4 M2-3DLaneNet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
3.4.1 Data-level fusion . . . . . . . . . . . . . . . . . . . . . . . . . 25
3.4.2 Feature-level fusion in BEV . . . . . . . . . . . . . . . . . . . 25

xi



Contents

3.4.3 3D lane prediction . . . . . . . . . . . . . . . . . . . . . . . . 26

4 Methods 29
4.1 Model architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
4.2 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
4.3 Generating 3D annotations . . . . . . . . . . . . . . . . . . . . . . . . 30

4.3.1 Projecting lidar point clouds to image timestamp . . . . . . . 31
4.3.2 Projecting lidar point clouds to image frame . . . . . . . . . . 32
4.3.3 Generating dense depth image . . . . . . . . . . . . . . . . . . 33
4.3.4 Filtering lidar points to annotations . . . . . . . . . . . . . . . 34
4.3.5 3D lanes to grid . . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.3.6 Annotation configurations . . . . . . . . . . . . . . . . . . . . 34

4.4 Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
4.4.1 Loss . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.4.1.1 Regression loss . . . . . . . . . . . . . . . . . . . . . 36
4.4.1.2 Classification loss . . . . . . . . . . . . . . . . . . . . 36
4.4.1.3 Depth loss . . . . . . . . . . . . . . . . . . . . . . . . 36

4.5 Determining threshold . . . . . . . . . . . . . . . . . . . . . . . . . . 36
4.6 Evaluation metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
4.7 Past and future inference to improve lane detection . . . . . . . . . . 37
4.8 Post-processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

5 Results 41
5.1 Annotation configurations . . . . . . . . . . . . . . . . . . . . . . . . 41

5.1.1 Loss . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
5.1.2 Threshold . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
5.1.3 Evaluation metrics . . . . . . . . . . . . . . . . . . . . . . . . 43

5.2 Further training on configuration 4 (3 before / 3 after) . . . . . . . . 46
5.2.1 Loss . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
5.2.2 Threshold . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
5.2.3 Evaluation metrics . . . . . . . . . . . . . . . . . . . . . . . . 47

5.3 Past and future inference to improve lane detection . . . . . . . . . . 50
5.4 Post-processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

6 Discussion 57
6.1 Choice of configuration . . . . . . . . . . . . . . . . . . . . . . . . . . 57
6.2 Past and future inference to improve lane detection . . . . . . . . . . 59
6.3 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

7 Conclusion 63

Bibliography 65

A Appendix 1 I
A.1 Additional results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . I

A.1.1 Annotation configurations . . . . . . . . . . . . . . . . . . . . I
A.1.1.1 Loss . . . . . . . . . . . . . . . . . . . . . . . . . . . I

xii



Contents

A.1.1.2 Threshold . . . . . . . . . . . . . . . . . . . . . . . . III
A.1.1.3 Evaluation metrics . . . . . . . . . . . . . . . . . . . V

A.1.2 Further training on configuration 4 (3 before / 3 after) . . . . XI
A.1.2.1 Loss . . . . . . . . . . . . . . . . . . . . . . . . . . . XI
A.1.2.2 Threshold . . . . . . . . . . . . . . . . . . . . . . . . XIII

A.1.3 Past and future inference to improve lane detection . . . . . . XIII

xiii



Contents

xiv



List of Figures

3.1 Feed-forward network illustration . . . . . . . . . . . . . . . . . . . . 7
3.2 Effects of learning rate . . . . . . . . . . . . . . . . . . . . . . . . . . 11
3.3 Effect of local minima . . . . . . . . . . . . . . . . . . . . . . . . . . 11
3.4 Concept of overfitting . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
3.5 Concept of cross validation . . . . . . . . . . . . . . . . . . . . . . . . 16
3.6 Kernel/filter applied on image . . . . . . . . . . . . . . . . . . . . . . 16
3.7 Receptive field of atrous convolution . . . . . . . . . . . . . . . . . . 17
3.8 Confusion matrix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.9 SuperFusion overview . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
3.10 SuperFusion’s LIDAR BEV prediction module . . . . . . . . . . . . . 23
3.11 SuperFusion’s BEV-level fusion . . . . . . . . . . . . . . . . . . . . . 24
3.12 M2-3DLaneNet overview . . . . . . . . . . . . . . . . . . . . . . . . . 25
3.13 Persformer anchor design . . . . . . . . . . . . . . . . . . . . . . . . . 27

4.1 Regression head architecture. Taking the fused BEV features as in-
put, the regression head outputs a grid with regression values (2 di-
mensions) for each grid point. . . . . . . . . . . . . . . . . . . . . . . 29

4.2 Classification head architecture. Taking the fused BEV features as
input, the classification head outputs a grid with class probabilities
for each grid point. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.3 An image frame with lane marking (blue), shaded area (green) and
road paintings (red) annotations. . . . . . . . . . . . . . . . . . . . . 31

4.4 Time arrow with timestamps for pose (GNSS/IMU readings), lidar,
and camera scans. The poses are denoted with Xi (where i increases
with time), the camera scan is denoted with C and the lidar scans are
denoted with Lj (where j describes the index relative to the camera
timestamp). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

4.5 Sparse and depth image for the same frame. The depth image was
generated using the sparse depth image with the IP-basic method. . . 33

4.6 Lidar points that are kept for annotations on an image frame. The
depth is encoded with the gradient color and a unit of meters. . . . . 34

4.7 Visualization of the grid from a bird’s-eye view with the used coordi-
nate system. Each grid segment has a size of Lx x Ly. . . . . . . . . . 35

xv



List of Figures

4.8 Visualization of lane instance clustering. Grid points 1, 2, and 3
are counted as a lane instance & grid points 4 and 5 are counted
as another lane instance. Grid point 6 does not belong to the other
instances. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

5.1 Training loss for all annotation configurations trained for 3 epochs. . 41
5.2 Training against validation loss for all annotation configurations trained

3 epochs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
5.3 Absolute Y error distribution for annotation configuration 4 (3 before

/ 3 after). The absolute error has a unit of meters. . . . . . . . . . . 44
5.4 Absolute Z error distribution for annotation configuration 4 (3 before

/ 3 after). The absolute error has a unit of meters. . . . . . . . . . . 45
5.5 Training loss for annotation configuration 4 (3 before / 3 after) trained

for 14 epochs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
5.6 Training against validation loss for annotation configuration 4 (3 be-

fore / 3 after) trained for 14 epochs. . . . . . . . . . . . . . . . . . . . 47
5.7 Absolute Y error distribution for the model trained on annotation

configuration 4 (3 before / 3 after) for 14 epochs. The absolute error
has a unit of meters. . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

5.8 Absolute Z error distribution for the model trained on annotation
configuration 4 (3 before / 3 after) for 14 epochs. The absolute error
has a unit of meters. . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

5.9 Example scene and inference from BEV with/without past and future
inference. The shown configurations for the number of past/future
inferences are 0 past & 0 future, 1 past & 1 future, and 5 past & 5
future. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

5.10 Example scene and inference from BEV with/without past and future
inference. The shown configurations for the number of past/future
inferences are 0 past & 0 future, 1 past & 1 future, and 5 past & 5
future. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

5.11 Example scene and inference from BEV with/without past and future
inference. The shown configurations for the number of past/future
inferences are 0 past & 0 future, 1 past & 1 future, and 5 past & 5
future. The scene is the same as in Figure 5.9. . . . . . . . . . . . . . 55

5.12 Example scene and inference from BEV with/without past and future
inference. The shown configurations for the number of past/future
inferences are 0 past & 0 future, 1 past & 1 future, and 5 past & 5
future. The scene is the same as in Figure 5.10. . . . . . . . . . . . . 56

A.1 Training regression loss for all annotation configurations trained for
3 epochs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . I

A.2 Training classification loss for all annotation configurations trained
for 3 epochs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . II

A.3 Training depth loss for all annotation configurations trained for 3
epochs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . II

A.4 F1-mean as a function of threshold for empty class for annotation
configuration 1 (0 before / 0 after) . . . . . . . . . . . . . . . . . . . III

xvi



List of Figures

A.5 F1-mean as a function of threshold for empty class for annotation
configuration 2 (0 before / 3 after) . . . . . . . . . . . . . . . . . . . III

A.6 F1-mean as a function of threshold for empty class for annotation
configuration 3 (3 before / 0 after) . . . . . . . . . . . . . . . . . . . IV

A.7 F1-mean as a function of threshold for empty class for annotation
configuration 4 (3 before / 3 after) . . . . . . . . . . . . . . . . . . . IV

A.8 Absolute Y error distribution for annotation configuration 1 (0 before
/ 0 after). The absolute error has a unit of meters. . . . . . . . . . . VIII

A.9 Absolute Y error distribution for annotation configuration 2 (0 before
/ 3 after). The absolute error has a unit of meters. . . . . . . . . . . VIII

A.10 Absolute Y error distribution for annotation configuration 3 (3 before
/ 0 after). The absolute error has a unit of meters. . . . . . . . . . . IX

A.11 Absolute Z error distribution for annotation configuration 1 (0 before
/ 0 after). The absolute error has a unit of meters. . . . . . . . . . . IX

A.12 Absolute Z error distribution for annotation configuration 1 (0 before
/ 3 after). The absolute error has a unit of meters. . . . . . . . . . . X

A.13 Absolute Z error distribution for annotation configuration 1 (3 before
/ 0 after). The absolute error has a unit of meters. . . . . . . . . . . X

A.14 Training regression loss for annotation configuration 4 (3 before / 3
after) trained for 14 epochs. . . . . . . . . . . . . . . . . . . . . . . . XI

A.15 Training classification loss for annotation configuration 4 (3 before /
3 after) trained for 14 epochs. . . . . . . . . . . . . . . . . . . . . . . XII

A.16 Training depth loss for annotation configuration 4 (3 before / 3 after)
trained for 14 epochs. . . . . . . . . . . . . . . . . . . . . . . . . . . . XII

A.17 F1-mean as a function of threshold for empty class for annotation
configuration 4 (3 before / 3 after) (trained for 14 epochs). . . . . . . XIII

xvii



List of Figures

xviii



List of Tables

4.1 Annotation configurations . . . . . . . . . . . . . . . . . . . . . . . . 35
4.2 Combinations of future and past frames used . . . . . . . . . . . . . . 38

5.1 Threshold set for models for all annotation configurations & F1-mean
(for non-empty/all classes) difference of using a threshold for all an-
notation configurations. . . . . . . . . . . . . . . . . . . . . . . . . . 42

5.2 Regression error (RMSE & MAE) for the Y- and Z-direction on grid
points where lanes are present in the ground truth. . . . . . . . . . . 43

5.3 Regression error (RMSE & MAE) for the Y- and Z-direction on grid
points where lanes are detected by the model. . . . . . . . . . . . . . 43

5.4 Classification scores per class for ranges 0-90m, 0-30m, and 30-90m
and for annotation configuration 4 (3 before / 3 after). . . . . . . . . 44

5.5 F1-mean (for non-empty/all classes) difference of using a threshold
for configuration 4 (3 before / 3 after) trained for 14 epochs. . . . . . 47

5.6 Regression error (RMSE & MAE) for the Y- and Z-direction on grid
points where lanes are present in ground truth for the model trained
on annotation configuration 4 (3 before / 3 after) for 14 epochs. The
regression errors are shown for ranges 0-90m (whole grid), 0-30m, and
30-90m. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

5.7 Regression error (RMSE & MAE) for the Y- and Z-direction on grid
points where lanes are detected by the model trained on annotation
configuration 4 (3 before / 3 after) for 14 epochs. The regression
errors are shown for ranges 0-90m (whole grid), 0-30m, and 30-90m. . 48

5.8 Classification scores per class for ranges 0-90m, 0-30m, and 30-90m
and for the model trained on annotation configuration 4 (3 before /
3 after) for 14 epochs. . . . . . . . . . . . . . . . . . . . . . . . . . . 49

5.9 Classification and regression scores when combining inference from
the current frame with past and future frames. . . . . . . . . . . . . . 51

5.10 Classification and regression scores when combining inference from
the current frame with past frames. . . . . . . . . . . . . . . . . . . . 51

5.11 Classification and regression scores when combining inference from
the current frame with future frames. . . . . . . . . . . . . . . . . . . 51

5.12 MAE in Y- and Z-directions & Mean euclidean distance for interpo-
lated lanes using future frames. . . . . . . . . . . . . . . . . . . . . . 54

5.13 MAE in Y- and Z-directions & Mean euclidean distance for interpo-
lated lanes using past and future frames. . . . . . . . . . . . . . . . . 54

xix



List of Tables

5.14 MAE in Y- and Z-directions & Mean euclidean distance for interpo-
lated lanes using past frames. . . . . . . . . . . . . . . . . . . . . . . 54

A.1 Classification scores per class for ranges 0-90m, 0-30m and 60-90m
and for annotation configuration 1 (0 before / 0 after). . . . . . . . . V

A.2 Classification scores per class for ranges 0-90m, 0-30m and 60-90m
and for annotation configuration 2 (0 before / 3 after). . . . . . . . . VI

A.3 Classification scores per class for ranges 0-90m, 0-30m and 60-90m
and for annotation configuration 3 (3 before / 0 after). . . . . . . . . VII

A.4 Change in classification and regression scores when combining infer-
ence from current frame with past and future frames. . . . . . . . . . XIV

xx



1
Introduction

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

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

1



1. Introduction

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

2



2
Related work

2.1 LIDAR & camera fusion

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

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

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

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

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

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

There have been a number of models using LIDAR & camera that’s been presented
over the years which generate 3D road/lane detection [15][16][17]. The models men-
tioned were released between 2018 and 2021. However, none of these methods have
similar fusion strategies as SuperFusion, unlike a model called M2-3DLaneNet which
was released at a similar time (late 2022) as SuperFusion [18]. Because of these fac-
tors, we believed that it would be more relevant to utilize the prediction head of
the M2-3DLaneNet model. The biggest difference between the SuperFusion and M2-
3DLaneNet model is that the latter has a 3D lane detection head. The idea is to
make use of the SuperFusion framework for its fusion strategies and employ the 3D
lane detection head from the M2-3DLaneNet model. The output from the proposed
framework would be the detections of our desired classes: lane markers represented
as dots in 3D coordinates. The intricate details of how this is done will be explained
in chapter 3.
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3.1 Background theory
This section aims to provide the underlying knowledge of used sensors and ma-
chine learning theory before exploring the SuperFusion and M2-3DLaneNet model
in depth. It may also serve as a reminder for the more experienced reader regarding
certain areas which the authors of the two models touch upon.

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

3.1.1.1 LIDAR

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

d = t · c

2 , (3.1)

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

3.1.1.2 Inertial measurement unit

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

3.1.1.3 Global navigation satellite system

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

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

Many machine learning algorithms have been developed over the years ranging from
regression, Gaussian processes, and decision trees to artificial neural networks. In
particular, artificial neural networks have gained immense popularity mostly due
to the availability of data and processing power. Inspired by biological neural net-
works, artificial neural networks (ANN) is a computing system built with the intent
to mimic the process of how biological neurons pass information to each other [22].
ANNs generally consist of three type of layers: input, hidden, and output. The
input layer is where information is passed for it to be processed by algorithms in
the hidden layer and finally, be observed in the output layer. Each of these layers
contains a collection of neurons that are connected to each other through edges,
with every edge having an associated weight and threshold value. The cornerstone

6



3. Theory

of ANN is that it learns by adjusting the connection strength between each neuron
pair, in other words, the weight and threshold value for each edge. ANN performs
most optimally when provided with enough time, "good" quality data, and also a
sufficient amount of data. ANN can become effective in solving tasks in numer-
ous fields, such as computer vision, classification, natural language processing, etc.
There exist multiple architectures of artificial neural networks, each designed to
solve certain problems. To remain within the scope of the thesis, only the necessary
architectures will be presented in detail. The first architecture that will be presented
is the feed-forward neural network, which is the first type of artificial neural network
devised, illustrated in Figure 3.1.

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

The input of the network is defined in Equation 3.2.

x(u) = [x(u)
1 , x

(u)
2 , ..., x

(u)
N ], u = 1, 2, 3, ..., p, (3.2)
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where u is the label for the different input patterns. N is the number of input
terminals, which in the case of Figure 3.1 is N = 3. The hidden neurons are defined
in Equation 3.3

Vj = g(bj), bj =
∑

k

wjkxk − θj, (3.3)

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

Oi = g(Bi), Bi =
∑

j

WijVj − Θi, (3.4)

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

1 , t
(u)
2 , ..., t

(u)
M ]. The goal here is to

choose the weights and threshold such that the network produces an output that is
identical to the targets, as shown in Equation 3.5

O
(u)
i = t

(u)
i for all i and u. (3.5)

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

3.1.2.1 Loss function

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

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

FL(pt) = −(1 − pt)γ log(pt) (3.6)

FL(pt) = −αt(1 − pt)γ log(pt) (3.7)

γ is called the focusing parameter which was implemented to take care of hard exam-
ples. If γ = 0 the first form would result in the original form of cross entropy, while
the second form would regain the form of balanced cross entropy. A value of γ > 0
reduces the relative loss for well-classified samples, with γ > 0.5 resulting in more
focus on hard examples. As can be noted, the second form of focal loss contains a
factor αt called the weighting factor. It works similarly to balanced cross entropy
where a higher αt value makes the value of the loss function become higher if the
network classifies the class wrong, which forces the network to pay more attention
to it.

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

E(y, f(x)) = |y − f(x)|, (3.8)

where y denotes the target and f(x) the predicted value. The square loss function
is very similar to the absolute loss, with the difference being that the whole term on
the right-hand side is squared. This can be seen in Equation 3.9.

E(y, f(x)) = (y − f(x))2 (3.9)

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

3.1.2.2 Optimizer

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

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

w = w − η∇E, ∇E =
[
∂E(O(u)

i , t
(u)
i )

∂w1
, ...,

∂E(O(u)
i , t

(u)
i )

∂wK

]
, for all i and u (3.10)

An important thing to note is the learning rate η, as it determines the magnitude
of adjusting the weight. Finding the optimal learning rate can be challenging, and
having too low or high can create complications. A high learning rate could fasten
the time to reach the desired output but also risk missing it. A low learning rate suf-
fers from longer training time, and could potentially get stuck at a local minimum.
Figure 3.2 illustrates the trajectory of minimizing a bowl-shaped loss function using
three different learning rates for gradient descent. One can observe in Figure 3.2
that for this type of loss function, using optimal and low learning rates converges
to the minimum, with the difference being that the latter requires more iterations.
The one with too high a learning rate misses the minimum and diverges from it.

10



3. Theory

Figure 3.2: An illustration of three different values of learning rates for gradient
descent, with the lowest on the left and ascending to the right. The blue arrows
represent each iteration of Equation 3.10, with a lower learning rate resulting in a
shorter arrow. For a low learning rate, the number of iterations will increase which
results in a longer time to reach convergence compared to the optimal one. The plot
on the far right has a learning rate that is too high which causes it to miss the point
of convergence and results in divergent behavior. The optimal learning rate’s value
is high enough such that the time to converge is shorter than the lower learning
rate, and does not diverge from the point of convergence.

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

Figure 3.3: Illustration of a loss function as a function of the weight value. The
image consists of two local minima and a global one, meant to show the vulnerability
of choosing a value for the learning rate η with respect to the starting point. If the
starting point is at the weight value a and η is small, the optimizer may get stuck
at the local minima closest to the starting point. At points b and c however, it will
converge to the global minima. This means that with a low learning rate coupled
with the potential of receiving an unfavorable starting point when initializing the
weights, the network’s learning potential cannot be fully realized.
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There exist various optimization algorithms for backpropagation, all of them based
on gradient descent with slight modifications to combat the issue of converging at
a local minimum. Stochastic gradient descent (SGD) is one of the most commonly
used optimization algorithms due to it being able to help escape local minima and
in some cases reduce the computation time [26]. SGD calculates the gradient for
a single random sample of the training data to update all the weights, contrary
to gradient descent which uses all training data. The weight update using SGD is
expressed in Algorithm 1. One epoch here corresponds to when all the u training

Algorithm 1 Weight update using stochastic gradient descent
for k = 1, 2, ..., u do

w = w − η∇Ek

end for

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

3.1.2.3 Deep learning

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

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

∂E

∂W
(L)
ij

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

3.1.2.4 Vanishing and exploding gradient

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

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

3.1.2.5 Overfitting

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

3.1.2.6 Cross-validation

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

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

3.1.2.7 Regularization

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

Weight decay works by assigning a constraint when minimizing the loss function E
during backpropagation. The idea is to balance between small values of E while
maintaining small weight values that help against exploding gradient. This is done
by reducing the weights by a factor 0 < ε < 1 during the model’s training for each
time backpropagation is performed or in regular intervals.

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

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

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

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

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

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

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

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

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

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

Attention(Q, K, V ) = softmax(QKT

√
dk

)V, (3.12)
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where dk is the key dimension, Q, K and V are matrices containing queries, keys and
values respectively. The term QKT calculates all the attention weights, with the
division of

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

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

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

min||f̂(I, Dsparse) − f(I, Dsparse)||2F = 0, (3.13)

where I ∈ RW x H , Dsparse ∈ RW x H and Ddense having the same size as I and Dsparse.
Equation 3.13 is written in a general form that takes into account the different
categories of depth completion. Depending on the category of the chosen depth
completion method, the equation can be independent of either I or Dsparse. Depth
completion methods can be divided into two categories: guided and non-guided [33].

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

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

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

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

Recall = TP
TP + TN (3.14)

Accuracy = TP + TN
TP + TN + FP + FN (3.15)

Precision = TP
TP + FP (3.16)

F1 = 2 Precision · Recall
Precision + Recall (3.17)

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

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

RMSE =
√

MSE, MSE = 1
N

N∑
i=1

(y′
i − yi)2. (3.18)

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

MAE = 1
N

N∑
i

|y′
i − yi|. (3.19)

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

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

The last step in the data-level fusion involves interpolation through a process called
depth completion. As mentioned in subsection 3.1.5, the output of depth comple-
tion is called a dense depth image Ddense, an estimation of the three-dimensional
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Figure 2. Pipeline overview of SuperFusion. Our method fuses camera and LiDAR data in three levels: the data-level fusion fuses depth
information from LiDAR to improve the accuracy of image depth estimation, the feature-level fusion uses cross-attention for long-range
LiDAR BEV feature prediction with the guidance of image features, and the BEV-level fusion aligns two branches to generate high-quality
fused BEV features. Finally, the fused BEV features can support different heads, including semantic segmentation, instance embedding,
and direction prediction, and finally post-processed to generate the HD map prediction.

jection matrix. The projected sparse depth map can be fed to
the network with the image data [37, 38] or decorated with
image semantic features [24,50] to enhance the network in-
puts. Feature-level fusion methods [2, 51] incorporate dif-
ferent modalities in the feature space using transformers.
They first generate LiDAR feature maps, then query im-
age features on those LiDAR features using cross-attention,
and finally concatenate them together for downstream tasks.
BEV-level fusion methods [22, 26, 32] extract LiDAR and
image BEV features separately and then fuse the BEV fea-
tures by concatenation [22] or fusion modules [26, 32]. For
example, HDMapNet [22] uses MLPs to map PV features
to BEV features for the camera branch and uses PointPil-
lars [21] to encode BEV features in the LiDAR branch. Re-
cent BEVFusion works [26,32] use LSS [43] for view trans-
formation in the camera branch and VoxelNet [53] in the
LiDAR branch and finally fuse them via a BEV alignment
module. Unlike them, our method combines all three-level
LiDAR and camera fusion to fully exploit the complemen-
tary attributes of these two sensor modalities.

HD Map Generation. The traditional way of reconstruct-
ing HD semantic maps is to aggregate LiDAR point clouds
using SLAM algorithms [41] and then annotate manually,
which is laborious and difficult to update. HDMapNet [22]
is a pioneer work on local HD map construction without hu-
man annotations. It fuses LiDAR and six surrounding cam-

eras in BEV space for semantic HD map generation. Be-
sides that, VectorMapNet [30] represents map elements as
a set of polylines and models these polylines with a set pre-
diction framework, while Image2Map [47] utilizes a trans-
former to generate HD maps from images in an end-to-end
fashion. Several works [7, 13, 15] also detect specific map
elements such as lanes. However, previous works only seg-
ment maps in a short range, usually less than 30 m. Our
method is the first work focusing on long-range HD map
generation up to 90 m.

3. Methodology
This section presents the proposed SuperFusion for long-

range HD map generation and prediction. The raw Li-
DAR and camera data have different characteristics. The
LiDAR data provides accurate 3D structure information
but suffers from disorderliness and sparseness. The cam-
era data is compact, capturing more contextual informa-
tion about the environment but missing depth information.
As shown in Fig. 2, our method fuses camera and Li-
DAR data in three levels to compensate for the deficien-
cies and exploit advances of both modalities. In the data-
level fusion (Sec. 3.1), we project LiDAR point clouds on
image planes to get sparse depth images. We feed these
sparse depth images together with RGB images as the in-
put of the camera encoder and also use them to supervise

Figure 3.9: An overview of the body of the SuperFusion framework [14]. The input
to the framework is a LIDAR point cloud and a front RGB image, the output is the
fused BEV feature.

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

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

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

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

In the feature extractor branch the feature map F̃ is processed through the re-
maining convolutional blocks of ResNet-101 with the resulting output dimensions
F̂ ∈ RWF̂ x HF̂ x CI , where CI is the number of channels specified by the last convo-
lutional layer. Afterward, an image channel reduction is performed to reduce the
memory load using 1x1 convolutional, followed by a BatchNorm and ReLU, reduc-
ing the number of channels from CI to Cfinal. We denote the final output of the
branch as Ffinal, which will be used in the LIDAR pipeline to perform the feature
level-fusion.

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

M(u, v) = D(u, v) ⊗ F(u, v), (3.20)

where M(u, v) ∈ RWF x HF x D xCfinal . The frustum feature grid contains each pixel of
the image features F(u, v) and its weighted depth bin probabilities D(u, v).

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

The last step of the feature level fusion in the LIDAR pipeline is the LIDAR BEV
prediction, with the architecture presented in Figure 3.10. The reason for includ-
ing this module is to increase the range which the LIDAR can perceive by taking
advantage of the camera which has a longer range, specifically its image features.
Initially, the LIDAR BEV features L are sent into the BEV encoder, resulting in the
bottleneck features B ∈ RW/8 x H/8 x CB , where CB is the channel number specified
by the last convolutional layer. The compressed LIDAR BEV features B is then
applied to three fully-connected convolutional layers to query Q with the corre-
sponding image features F to key K and value V , producing the aggregated feature
A using the cross attention formula described in subsection 3.1.4. The procedure
enables us to capture the relationship between bottleneck features B and the image
features F. Once A has been obtained, it proceeds through a convolutional layer to
reduce the channel number in order to concatenate with the bottleneck features B,
further reducing its channel number by applying an additional convolutional layer
where we end up with the final bottleneck features B′. The final step in the LIDAR
BEV prediction is where B′ is sent through the decoder resulting in the predicted
LIDAR BEV features L′ ∈ RW x H x CD , where CD is the channel specified by the last
convolutional layer.

the camera-to-BEV transformation module during training.
In the feature-level fusion (Sec. 3.2), we leverage front-
view camera features to guide the LiDAR BEV features on
long-range predictions using a cross-attention interaction to
achieve accurate long-range HD map prediction. In the fi-
nal BEV-level fusion (Sec. 3.3), we design a BEV alignment
module to align and fuse the camera and LiDAR BEV fea-
tures. The fused BEV features can support different heads,
including semantic segmentation, instance embedding, and
direction prediction, and finally post-processed to generate
the HD map prediction (Sec. 3.4).

3.1. Depth-Aware Camera-to-BEV Transformation

We first fuse the LiDAR and camera at the raw data
level and leverage the depth information from LiDAR to
help the camera lift features to BEV space. To this end,
we propose a depth-aware camera-to-BEV transformation
module, as shown in Fig. 2. It takes an RGB image I with
the corresponding sparse depth image Dsparse as input.
Such sparse depth image Dsparse is obtained by project-
ing the 3D LiDAR point cloud P to the image plane using
the camera projection matrix. The camera backbone has
two branches. The first branch extracts 2D image features
F ∈ RWF×HF×CF , where WF , HF and CF are the width,
height and channel numbers. The second branch connects
a depth prediction network, which estimates a categorical
depth distribution D ∈ RWF×HF×D for each element in
the 2D feature F, where D is the number of discretized
depth bins. To better estimate the depth, we use a comple-
tion method [20] on Dsparse to generate a dense depth im-
age Ddense and discretize the depth value of each pixel into
depth bins, which is finally converted to a one-hot encoding
vector to supervise the depth prediction network. The final
frustum feature grid M is generated by the outer product of
D and F as

M(u, v) = D(u, v)⊗ F(u, v), (1)

where M ∈ RWF×HF×D×CF . Finally, each voxel in the
frustum is assigned to the nearest pillar and a sum pooling is
performed as in LSS [43] to create the camera BEV feature
C ∈ RW×H×CF .

Our proposed depth-aware camera-to-BEV module dif-
fers from the existing depth prediction methods [43, 44].
The depth prediction in LSS [43] is only implicitly su-
pervised by the semantic segmentation loss, which is not
enough to generate accurate depth estimation. Different
from that, we utilize the depth information from LiDAR as
supervision. CaDDN [44] also uses LiDAR depth for super-
vision but without LiDAR as input, thus unable to generate
a robust and reliable depth estimation. Our method uses
both the completed dense LiDAR depth image for supervi-
sion and also the sparse depth image as an additional chan-
nel to the RGB image. In this way, our network exploits

(a) The LiDAR usually has a short valid range for the ground plane, while
the camera can see a much longer distance.

(b) LiDAR BEV prediction with cross-attention.

Figure 3. Image-guided LiDAR BEV Prediction.

both a depth prior and an accurate depth supervision, thus
generalizing well to different challenging environments.

3.2. Image-Guided LiDAR BEV Prediction

In the LiDAR branch, we use PointPillars [21] plus dy-
namic voxelization [56] as the point cloud encoder to gen-
erate LiDAR BEV features L ∈ RW×H×CL for each point
cloud P. As shown in Fig. 3a, the LiDAR data only con-
tains a short valid measurement of the ground plane (typ-
ically around 30 m for a rotating 32-beam LiDAR), lead-
ing many parts of the LiDAR BEV features encoding empty
space. Compared to LiDAR, the visible ground area in cam-
era data is usually further. Therefore, we propose a BEV
prediction module to predict the unseen areas of the ground
for the LiDAR branch with the guidance of image features,
as shown in Fig. 3b. The BEV prediction module is an
encoder-decoder network. The encoder consists of several
convolutional layers to compress the original BEV feature
L to a bottleneck feature B ∈ RW/8×H/8×CB . We then
apply a cross-attention mechanism to dynamically capture
the correlations between B and FV image feature F. Three
fully-connected layers are used to transform bottleneck fea-
ture B to query Q and FV image feature F to key K and
value V . The attention affinity matrix is calculated by the
inner product between Q and K, which indicates the cor-
relations between each voxel in LiDAR BEV and its corre-
sponding camera features. The matrix is then normalized by
a softmax operator and used to weigh and aggregate value V
to get the aggregated feature A. This cross-attention mech-
anism can be formulated as

A = Attention(Q,K, V ) = softmax
(QKT

√
dk

)
V , (2)

where dk is the channel dimension used for scaling. We
then apply a convolutional layer on the aggregated feature
A to reduce channel, concatenate it with the original bottle-
neck feature B and in the end apply another convolutional

Figure 3.10: An illustration of the LIDAR BEV prediction module [14].
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3.3.3 BEV-level fusion

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

Figure 4. BEV Alignment and Fusion Module.

layer to get the final bottleneck feature B′. Now B′ has the
visual guidance from image feature and is fed to the decoder
to generate the completed and predicted LiDAR BEV fea-
ture L′. By this, we fuse the two modalities at the feature
level to better predict the long-range LiDAR BEV features.

3.3. BEV Alignment and Fusion

So far, we get both the camera and LiDAR BEV features
from different branches, which usually have misalignment
due to the depth estimation error and inaccurate extrinsic
parameters. Therefore, direct concatenating these two BEV
features will result in inferior performance. To better align
BEV features, we fuse them at the BEV level and design an
alignment and fusion module, as shown in Fig. 4. It takes
the camera and LiDAR BEV features as input and outputs a
flow field ∆ ∈ RW×H×2 for the camera BEV features. The
flow field is used to warp the original camera BEV features
C to the aligned BEV features C′ with LiDAR features L′.
Following [19, 23], we define the warp function as

C′wh =
W∑

w′=1

H∑

h′=1

Cw′h′ ·max(0, 1− |w + ∆1wh − w′|)

·max(0, 1− |h+ ∆2wh − h′|), (3)

where a bilinear interpolation kernel is used to sample fea-
ture on position (w+ ∆1wh, h+ ∆2wh) of C. ∆1wh,∆2wh

indicate the learned 2D flow field for position (w, h).
Finally, C′ and L′ are concatenated to generate the fused

BEV features, which are the input of the HD map decoder.

3.4. HD Map Decoder and Training Losses

Following HDMapNet [22], we define the HD map de-
coder as a fully convolutional network [33] that inputs the
fused BEV features and outputs three predictions, includ-
ing semantic segmentation, instance embedding, and lane
direction, which are then used in the post-processing step to
vectorize the map.

For training three different heads for three outputs, we
use different training losses. We use the cross-entropy loss
Lseg to supervise the semantic segmentation. For the in-
stance embedding prediction, we define the loss Lins as a
variance and a distance loss [9] as

Lvar =
1

C

C∑

c=1

1

Nc

Nc∑

j=1

[‖µc − f instancej ‖ − δv]2+, (4)

Ldist =
1

C(C − 1)

∑

cA 6=cB∈C
[2δd − ‖µcA − µcB‖]2+, (5)

Lins = αLvar + βLdist, (6)

where C is the number of clusters, Nc and µc are the num-
ber of elements in cluster c and mean embedding of c.
f instancej is the embedding of the j th element in c. ‖ · ‖
is the L2 norm, [x]+ = max(0, x), δv and δd are margins
for the variance and distance loss.

For direction prediction, we discretize the direction into
36 classes uniformly on a circle and define the loss Ldir

as the cross-entropy loss. We only do backpropagation for
those pixels lying on the lanes that have valid directions.
During inference, DBSCAN [10] is used to cluster instance
embeddings, followed by non-maximum suppression [22]
to reduce redundancy. We then use the predicted directions
to connect the pixels greedily to get the final vector repre-
sentations of HD map elements.

We use focal loss [27] with γ = 2.0 for depth prediction
as Ldep. The final loss is the combination of the depth es-
timation, semantic segmentation, instance embedding and
lane direction prediction, which is defined as

L = λdepLdep + λsegLseg + λinsLins + λdirLdir, (7)

where λdep, λseg , λins, and λdir are weighting factors.

4. Experiments

We evaluate SuperFusion for the long-range HD map
generation task on nuScenes [4] and a self-collected dataset.

4.1. Implementation Details

Model. We use ResNet-101 [17] as our camera branch
backbone and PointPillars [21] as our LiDAR branch back-
bone. For depth estimation, we modify DeepLabV3 [6]
to generate pixel-wise probability distribution of depth
bins. The camera backbone is initialized using the
DeepLabV3 [6] semantic segmentation model pre-trained
on the MS-COCO dataset [28]. All other components are
randomly initialized. We set the image size to 256 × 704
and voxelize the LiDAR point cloud with 0.15 m resolution.
We use [0, 90] m× [−15, 15] m as the range of the BEV HD
maps, which results in a size of 600 × 200. We set the dis-
cretized depth bins to 2.0 – 90.0 m spaced by 1.0 m.
Training Details. We train the model for 30 epochs using
stochastic gradient descent with a learning rate of 0.1. For
the instance embedding, we set α = β = 1, δd = 3.0, and
δv = 0.5. We set λdep = 1.0, λseg = 1.0, λins = 1.0, and
λdir = 0.2 for different weighting factors.

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

The flow field is a collection of offsets which are the discrepancy needed to guide
the alignment of feature maps. The flow field is obtained through prediction, using
the BEV alignment module. The process BEV of the alignment module starts with
the concatenation between C and L′, which later is processed through four layers
in the following order: Convolutional, Batch normalization, ReLU, and lastly a
convolutional. This results in a flow field ∆ ∈ RW x H x 2 that will be used to warp
the camera BEV features to align with the predicted LIDAR BEV features. The
last step needed to correct the possible errors in C is to apply the warp function,
which is defined as:

C′
hw =

H∑
w′=1

W∑
h′=1

Cw′h′ ·max(0, 1−|h+∆1wh −h′) ·max(0, 1−|w+∆2wh −w′), (3.21)

where (w + ∆1+wh, h + ∆2wh) are positions for which a bilinear interpolation ker-
nel takes place when sampling features of C. ∆1wh, ∆2wh indicate the learned 2D
transformation offsets (flow field) for the position (w, h). Note that if ∆1wh, ∆2wh

are both 0, then C′ would be identical to C. Once C′ has been obtained, it will be
concatenated with the predicted LIDAR BEV features L′ that will form the fused
BEV features Z ∈ RW x H x CZ , where CZ is the sum of Cfinal and CD.
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3.4 M2-3DLaneNet

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

M2-3DLaneNet: Multi-Modal 3D Lane Detection

Yueru Luo1, Xu Yan1, Chaoda Zheng1,
Chao Zheng2, Shuqi Mei2, Tang Kun2, Shuguang Cui1, Zhen Li1*

1 The Chinese University of Hong Kong (Shenzhen), The Future Network of Intelligence Institute,
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Abstract

Estimating accurate lane lines in 3D space remains chal-
lenging due to their sparse and slim nature. In this work,
we propose the M2-3DLaneNet, a Multi-Modal framework
for effective 3D lane detection. Aiming at integrating com-
plementary information from multi-sensors, M2-3DLaneNet
first extracts multi-modal features with modal-specific back-
bones, then fuses them in a unified Bird’s-Eye View (BEV)
space. Specifically, our method consists of two core compo-
nents. 1) To achieve accurate 2D-3D mapping, we propose
the top-down BEV generation. Within it, a Line-Restricted
Deform-Attention (LRDA) module is utilized to effectively
enhance image features in a top-down manner, fully captur-
ing the slenderness features of lanes. After that, it casts the
2D pyramidal features into 3D space using depth-aware lift-
ing and generates BEV features through pillarization. 2) We
further propose the bottom-up BEV fusion, which aggre-
gates multi-modal features through multi-scale cascaded at-
tention, integrating complementary information from camera
and LiDAR sensors. Sufficient experiments demonstrate the
effectiveness of M2-3DLaneNet, which outperforms previous
state-of-the-art methods by a large margin, i.e., 12.1% F1-
score improvement on OpenLane dataset. Our code will be
released at https://github.com/JMoonr/mmlane.

1 Introduction
Accurate and robust lane detection is the foundation for
safety in autonomous driving. Over the past few years,
camera-based 2D lane detection has been extensively stud-
ied and achieved impressive results (Gopalan et al. 2012;
Li et al. 2016; Lee et al. 2017; Neven et al. 2018; Zhang
et al. 2018; Hou et al. 2019; Liu et al. 2021a; Tabelini et al.
2021a; Han et al. 2022; Zheng et al. 2022). However, detect-
ing lanes on monocular 2D images cannot provide accurate
localization in 3D space due to the depth ambiguity.

Fortunately, large-scale datasets with 3D lane annota-
tions (Garnett et al. 2019; Guo et al. 2020; Yan et al. 2022)
have been proposed, triggering a surge of interest in develop-
ing 3D lane detection algorithms (Garnett et al. 2019; Efrat
et al. 2020; Guo et al. 2020; Liu et al. 2022; Chen et al.
2022a; Yan et al. 2022). These methods detect 3D lanes in a
vision-centric manner, which takes camera images as inputs
and predicts 3D lanes in the bird’s eye view (BEV) space.
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(a) Monocular 3D Lane Detection

(b) M²-3DLaneNet

3D Lane Detection

2D Encoder

Image Features
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Optional 

BEV Features
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3D Lane DetectionBEV Features

lifting

Figure 1: (a) Previous methods (Garnett et al. 2019; Chen
et al. 2022a) mainly utilize inverse perspective mapping
(IPM) to transform front-view image features to BEV fea-
tures, through either ground truth or learned camera poses.
(b) M2-3DLaneNet first lifts image features to 3D space
with the help of LiDAR point cloud, and then fuse multi-
modality features in the BEV for the 3D lane detection.

Due to the lack of depth information, these approaches map
the 2D features into BEV via an inverse perspective mapping
(Figure 1 (a)) based on the flat road assumption, which does
not hold for most real-world scenarios (e.g., in the sloping
terrain). Besides, they become unreliable in low-light condi-
tions because cameras are sensitive to illumination change.
Recently, LiDARs are becoming increasingly popular in au-
tonomous driving systems. Since LiDARs provide accurate
and wide-ranging depth information regardless of lighting
variations, an intuitive way to address the above issues is to
detect 3D lanes using LiDAR point clouds. Thanks to rich
3D geometric information, detecting flat grounds from other
objects (e.g., cars, pedestrians) also becomes much easier
in point clouds, which is preferable for lane detection (lanes
are always on the grounds). Nevertheless, detecting 3D lanes
using only textureless LiDAR data is also difficult because
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Figure 3.12: An overview of the M2-3DLaneNet framework [18]. The input to the
framework consists of a front RGB image coupled with a LIDAR point cloud, with
the output of the model being a 3D lane detection.

3.4.1 Data-level fusion
Similar to SuperFusion’s data-level fusion, the raw LIDAR point cloud P is pro-
jected to the image plane to create a sparse depth image Dsparse ∈ RW x H . Depth
completion is then performed using Dsparse using a method called SFD to produce
Ddense [46]. In contrast to SuperFusion, M2-3DLaneNet does not concatenate Dsparse
with the corresponding RGB image I.

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

Starting off with the camera stream, the input is an RGB image that is encoded
into multiple feature maps, each of different resolutions. The encoding was done by
using EfficientNet-B5 as the backbone, resulting in four feature maps of sizes: (W x
H), (W/2 x H/2), (W/4 x H/4) and (W/8 x H/8) [47]. The four feature maps are
then applied with a variant of the attention mechanism used in transformers, which
the author dubbed as line-restricted deform-attention (LRDA). The idea of LRDA
stemmed from deformable attention (DA), proposed in Deformable-DETR enabled
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3. Theory

the capture of objects on different scales in any positions [48]. LRDA was proposed
to solely focus on capturing lanes on different scales by limiting DA to the trajectory
that a lane can have. LRDA, similar to DA, was used to increase the performance
of object detection of smaller objects.

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

[xi, yi, zi, 1]T = T −1 · K−1 · [ui × di×, vi × di, di, 1]T (3.22)

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

The LIDAR stream is very similar to SuperFusion’s LIDAR pipeline. They use the
same backbone (PointPillar), with the exception that M2-3DLaneNet does not per-
form dynamic voxelization. Once the LIDAR point cloud has been processed by the
backbone it results in LIDAR BEV features of four resolutions, with the sizes being
the same as the ones produced from the camera stream.

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

3.4.3 3D lane prediction

The 3D lane prediction of M2-3DLaneNet used the same prediction head presented
by the authors of PersFormer. The 3D detection is based on anchor design, where
an image is represented by a grid in BEV perspective. The anchors are defined
as equally spaced lines in the vertical direction in the x-position {X i

bev}N
i=1 with

an incline angle φ, along with a predefined y-position {yk}K
k=1 in the horizon-

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

{π/2, arctan(±0.5), arctan(±1), arctan(±2)}, which was implemented to easier rep-
resent lanes with large curvatures or perpendicular lanes. A 3D lane can be repre-
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sented using an anchor {X i
bev}, expressed in Equation 3.23

(xi, zi, visi
bev) = {(x(i)

k , z
(i)
k , vis(i)

bevk
)}N

k=1, (3.23)

where xi consists of the horizontal offset to the closest vertical line X i
bev. zi contains

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

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

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

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

ground truth lanes, but the offsets are not displayed.

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

E = λ1E3d(Y3d, Y gt
3d ) + λ2E2d(Y2d, Y gt

2d ) + λ3Eseg(Ybev, Y gt
bev), (3.24)

where Y gt
(.) denotes the ground truth, Y(.) the prediction and λ(.) the weighting factor

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

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

Convolution, 3x3 kernel, 64 channels, stride 1, padding (1,0)

Fused BEV features
Size: 384x200x600

Convolution, 3x3 kernel, 64 channels, stride 1, padding (1,0)

BatchNorm + ReLU

Convolution, 3x3 kernel, 64 channels, stride 1, padding (1,0)

BatchNorm + ReLU

Convolution, 5x5 kernel, 32 channels, stride 1, padding (1,0)

BatchNorm + ReLU

Convolution, 5x5 kernel, 32 channels, stride 1, padding (1,0)

BatchNorm + ReLU

Convolution, 5x5 kernel, 32 channels, stride 1, padding (1,0)

BatchNorm + ReLU

Convolution, 5x5 kernel, 32 channels, stride 1, padding (1,0)

BatchNorm + ReLU

Size: 32x200x578

Size: 18496x200x1

Reshape

Convolution, 5x1 kernel, 128 channels, stride 1, padding (2,0)

Convolution, 5x1 kernel, 20 channels, stride 1, padding (2,0)

BatchNorm + ReLU

Size: 20x200x1

BatchNorm + ReLU

Reshape

Regression grid
Size: 200x10x2

Figure 4.1: Regression head architecture. Taking the fused BEV features as input,
the regression head outputs a grid with regression values (2 dimensions) for each
grid point.
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Convolution, 3x3 kernel, 64 channels, stride 1, padding (1,0)
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Figure 4.2: Classification head architecture. Taking the fused BEV features as
input, the classification head outputs a grid with class probabilities for each grid
point.

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

4.3 Generating 3D annotations
The generation of 3D lane annotations can be divided into three steps: Projecting
lidar point clouds to image timestamp, projecting lidar to image, and filtering lidar
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Lane marking
Shaded area
Road painting

Figure 4.3: An image frame with lane marking (blue), shaded area (green) and
road paintings (red) annotations.

points to annotations. The 3D lane generation is created for multiple configurations.

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

X ≈ P−1 + ∆t(P+1 − P−1) (4.1)

∆t = Tx − Tx−1

Tx+1 − Tx−1
(4.2)

To further illustrate Equation 4.1 and Equation 4.2, Figure 4.4 is available. In
Figure 4.4 we have the timestamps for poses (GNSS/IMU readings) denoted with
X1 to X9, the timestamps for each lidar scan (denoted with L−3 to L3) and the
timestamp for the camera scan denoted with C. To get the pose for L−3, we utilize
the closest GNSS/IMU readings before and after the scan (X1 and X2 respectively).
Following Figure 4.4, ∆t approximates to ≈ 0.5 (TX1 = 1, TX2 = 2, TL−3 ≈ 1.5).
The pose for L−3 can therefore be estimated with ≈ X1 + 0.5(X2 − X1).
Finally, when the pose was estimated for each lidar and image scan, all lidar scans
were transformed to the coordinate system where the camera scan was done using
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Figure 4.4: Time arrow with timestamps for pose (GNSS/IMU readings), lidar,
and camera scans. The poses are denoted with Xi (where i increases with time),
the camera scan is denoted with C and the lidar scans are denoted with Lj (where
j describes the index relative to the camera timestamp).

the estimated pose with linear transformations. First, we compute the relative
transformation for the car between the lidar scan to the camera scan, ∆pose =
PC

−1PL where PL is the estimated pose for the car when the lidar scan was done
and PC is the estimated pose for the car when the camera scan was taken. The
transformation process is as follows: Transform the lidar scan to the car frame using
the extrinsic lidar calibration matrix, further transform the scan to the car frame
for when the image was taken using ∆pose and then transform the lidar scan back
to the lidar frame using the inverse of the extrinsic lidar calibration matrix. The
transformation results in (denoting the lidar extrinsic matrix with E) E−1∆poseE =
E−1PC

−1PLE applied on the lidar scans.

4.3.2 Projecting lidar point clouds to image frame

When the lidar point clouds scanned before and after the image frame has been
transformed to the car pose in which the image frame was taken in, we further project
the lidar point clouds to the image frame. The projection is done using the extrinsic
calibration matrices of both the lidar and the camera. First, we transform the lidar
point cloud to the ego frame using the inverse of the lidar extrinsic calibration matrix
and then we transform the point cloud from the ego frame to the camera frame using
the camera extrinsic calibration. Denoting the lidar extrinsic calibration matrix with
L and the camera extrinsic calibration matrix with C, the following transformation
is applied on the point clouds: L−1C. The last dimension represents the distance
from the camera to the lidar point (depth). Using the intrinsic of the camera and
the Kannala-Brandt model we can further transform the points in the camera frame
to the image frame. Each lidar point thus has a pixel coordinate with a depth (i,j,d)
with a corresponding lidar coordinate (x,y,z).
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RGB image

Sparse depth image

Dense depth image

Figure 4.5: Sparse and depth image for the same frame. The depth image was
generated using the sparse depth image with the IP-basic method.

4.3.3 Generating dense depth image

Using the lidar points in the image with their corresponding depth (i, j, d), the sparse
depth image, and following subsection 3.1.5 we generated dense depth images. In
Figure 4.5 we can see an image frame with corresponding sparse and dense depth
images.
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4.3.4 Filtering lidar points to annotations

20

40

60

80

Figure 4.6: Lidar points that are kept for annotations on an image frame. The
depth is encoded with the gradient color and a unit of meters.

Knowing the location of the lidar points on the image, we filtered out lidar points
that were outside the already provided 2D lane annotations on the image. Keeping
all lidar points that lie inside the annotations, we have a set of 3D lidar points for
each annotated lane on the image. Figure 4.6 illustrates the lidar points that are
kept for the lane annotations on an image frame.

4.3.5 3D lanes to grid
Using the 3D lidar points assigned to each annotation, a grid with the lane informa-
tion was created for each frame (as the network will output a fixed size array). Each
grid point contains the lane position in the Y-dimension ("left and right" from head-
ing) and Z-dimension ("up and down" from heading) and a class. The classes are
solid lane marker, dashed lane marker, botts dot lane marker, shaded lane marker,
road painting, and empty. An illustration of the grid from BEV can be seen in
Figure 4.7. The grid sizes in the Y-dimension are set to Ly = 0.15m and range
from −15m to 15m, thus we have 200 grid points in the Y-dimension. The grid
sizes in the X-dimension (Lx) are not fix and ranges from/to [0m, 5m], [5m, 10m],
[10m, 15m], [15m, 20m], [20m, 30m], [30m, 40m], [40m, 50m], [50m, 60m], [60m, 70m],
[70m, 90m], resulting in 10 grid points in the X-dimension. In total, the grid consists
of 200 · 10 = 2000 grid points.

4.3.6 Annotation configurations
The annotation was created for 4 different annotation configurations (shown in Ta-
ble 4.1), based on the number of lidar scans used before and after the closest lidar
scan to the camera frame in time. Referring to Table 4.1, the first annotation con-
figuration (Configuration 1) only uses the closest lidar scan to the image frame and
the second configuration (Configuration 2) uses the closest lidar scan to the image
frame, and the next 3 lidar scans as well.
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Figure 4.7: Visualization of the grid from a bird’s-eye view with the used coordi-
nate system. Each grid segment has a size of Lx x Ly.

Table 4.1: Annotation configurations

Lidar scans before Lidar scans after
Configuration 1 0 0
Configuration 2 0 3
Configuration 3 3 0
Configuration 4 3 3

4.4 Training
For a start, the network was trained on each annotation configuration for 3 epochs
resulting in 4 different networks. All 3 epochs for each annotation configuration were
trained with the same training setup. The optimizer used was Stochastic Gradient
Descent with momentum = 0.9 and a learning rate with a step scheduler. The initial
learning rate was set to 1 × 10−2 and was stepped down by a factor of 10 for each
epoch (thus the learning rate was 1 × 10−3 and 1 × 10−4 for the second and third
epoch respectively). Configuration 4 (3 before / 3 after) was further trained with
11 epochs, resulting in 14 total epochs. The first 9 epochs were trained with the
mentioned step learning rate (1 × 10−2, 1 × 10−3, 1 × 10−4), resetting for each 3
epochs. The last 5 epochs were trained with a constant learning rate of 1x10.

4.4.1 Loss
The loss used was a combination of three different losses resulting from our network:
regression loss Lr, classification loss Lc and depth loss Ld. Using fixed parameters
(λr, λc, λd) to balance out each individual loss, we can define the total loss as seen
in Equation 4.3.
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L = λrLr + λcLc + λdLd (4.3)
The loss weighing factors were set to λr = 12, λc = 40 and λd = 1.

4.4.1.1 Regression loss

For non-empty grids, we define the lane regression loss Lr as the average L1-norm of
the difference between the predicted lane position X̂reg and the ground-truth lane
position Xreg for all grids.

Lr = 1
N

N∑
i=1

∥X̂ i
reg − X i

reg∥1 = 1
N

N∑
i=1

∣∣∣Ŷi − Yi

∣∣∣ +
∣∣∣Ẑi − Zi

∣∣∣ (4.4)

The expression for the lane regression loss for a grid with N non-empty points can be
seen in Equation 4.4, where Yi and Ŷi / Zi and Ẑi is the predicted and ground-truth
lane position in the Y / Z dimension. In the case of no lanes in the frame (N = 0),
the lane regression loss is set to zero Lr = 0.

4.4.1.2 Classification loss

The lane classification loss Lc is defined as the average focal loss (FL)(γ = 2) between
all classes for the predicted and ground-truth grid. Denoting the predicted grid point
classes with Ĝ and ground-truth grid point classes with G, the lane classification
loss is described with Equation 4.5 for a grid with Nx/Ny grid points in the X/Y
dimension.

Lc = 1
Nx · Ny

Nx∑
i=1

Ny∑
j=1

FL(G(i, j), Ĝ(i, j)) (4.5)

4.4.1.3 Depth loss

Using the focal loss again, the depth loss is defined as the average focal loss (γ = 2)
for each predicted depth bin. With a predicted depth distribution D̂ and ground-
truth depth distribution D with width Wd and height Hd, we express the depth loss
as in Equation 4.6.

Ld = 1
Wd · Hd

Wd∑
i=1

Hd∑
j=1

FL(D(i, j), D̂(i, j)) (4.6)

4.5 Determining threshold
Using a subset of the test set, a classification threshold for empty grids was deter-
mined. If a grid point classifies an empty lane (highest softmax probability for the
empty class) then the softmax probability needs to be higher than the threshold,
otherwise, the class with the second highest softmax probability is the classified
lane-type for the particular grid point. By changing the threshold from 0.2 to 0.8,
with steps of 0.03, the F1-mean across all classes was recorded for the subset of the
test set. The threshold that maximized the F1-mean across the classes was set as
the threshold. A threshold was set for all 5 models trained.
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4.6 Evaluation metrics
To evaluate the models trained, classification and regression metrics were calculated.
The classification metrics used were accuracy, precision, recall, and F1 per class. To
further analyze the classification results, the metrics were also evaluated based on
the distance from the heading of the car for the range 0-90m (the whole grid), 0-30m,
and 60-90m. The regression metrics included were RMSE and MAE for the Y and
Z-directions on two sets of grid points, the ground truth, and the prediction mask.
The ground truth mask defines all grid points where there exists a lane (non-empty
class) as per ground truth while the prediction mask defines all grid points where
there is a predicted lane (non-empty class) from the network output.

4.7 Past and future inference to improve lane de-
tection

For this part of the method, sequences from the dataset were used. The sequences
include 20 second sensor data with one annotated frame in the middle. By using
the inference from past and future frames, the combined grid was evaluated with
classification and regression scores for 120 different sequences. The classification
scores used were F1-mean and the regression scores were RSME and MAE in the Y-
and Z-directions. The contribution of the grids from the past and future frames was
added to the current frame by first transforming the grid points to 3D coordinates.
The transformation from grid points to 3D points was done by assuming that each
3D point lies in the middle of the grid in the X-direction (heading direction of the
car). The 3D coordinates from the future/past coordinate frame were transformed
to the current coordinate frame and then the 3D coordinates were transformed back
to a grid representation. For each grid point, an average of the predicted Y, Z, and
class probabilities were taken. The combinations of the number of future and past
frames used to improve the lane detection for a given frame can be seen in Table 4.2.

4.8 Post-processing
To create contiguous lanes out of the detected grids, each detected grid was grouped
into an instance. An instance represents one contiguous lane that contains unique
grids, meaning one particular grid cannot exist in two instances. The grids were
grouped into different instances based on two criteria: Firstly, the grids in the same
instance need to be of the same class, and secondly, the horizontal distance (Y)
from the neighboring grids needs to be within 1 m in order to avoid combining two
separate lanes. By neighboring grids, it means the closest grids that the model
predicts to be a lane in the vertical direction. This is illustrated in Figure 4.8. In
Figure 4.8 detected grid points 1, 2, and 3 were clustered into one instance as they
are neighbors in the vertical direction, have the same class, and fall into the range
of 1m in the horizontal direction. Furthermore, the detected grid points 4 and 5 in
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Table 4.2: Combinations of future and past frames used

Past frames Future frames
5 5
4 4
3 3
2 2
1 1
5 0
4 0
3 0
2 0
1 0
0 5
0 4
0 3
0 2
0 1
0 0

Figure 4.8 are clustered together without detected grid point 6 as it is outside the
range of 1m in the horizontal direction.

Once each grid had been uniquely associated with an instance, linear interpolation
was applied for each instance. Specifically, 100 horizontal (Y) and height (Z) values
were generated through linear interpolation with a sample rate of 0.1, with their
endpoints being the minimum and maximum of the respective detected directions.
Using the respective points in the ground truth, a corresponding interpolation was
made. The interpolated lanes were then compared to their corresponding inter-
polated ground truth lane to calculate the MAE in the Y and Z dimensions for
each interpolation point. Additionally, the average euclidean distance between each
interpolation point was calculated.
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Figure 4.8: Visualization of lane instance clustering. Grid points 1, 2, and 3
are counted as a lane instance & grid points 4 and 5 are counted as another lane
instance. Grid point 6 does not belong to the other instances.
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5
Results

5.1 Annotation configurations

5.1.1 Loss

The resulting loss from training using the annotation configurations on 3 epochs
can be seen in Figure 5.1. The regression, classification, and depth loss can be
seen separately under Appendix A. The loss figures show the loss as a function of
the training iterations, where one iteration corresponds to training a batch. The
training loss versus the validation loss for the training can be seen in Figure 5.2.

Figure 5.1: Training loss for all annotation configurations trained for 3 epochs.

41



5. Results

Figure 5.2: Training against validation loss for all annotation configurations
trained 3 epochs.

5.1.2 Threshold
The thresholds for the annotation configurations can be seen in Table 5.1, where
using each threshold maximizes the F1-mean for a subset of the test set. The
gain of using a threshold can also be seen in Table 5.1. Table 5.1 displays the
F1-mean for the non-empty classes and all classes when using a threshold and not
using a threshold for all annotation configurations. Visualizations of the relationship
between the F1-mean and threshold for all annotation configurations can be found
under subsubsection A.1.1.2 in the Appendix.

Table 5.1: Threshold set for models for all annotation configurations & F1-mean
(for non-empty/all classes) difference of using a threshold for all annotation config-
urations.

Without threshold With threshold
Threshold F1-mean F1-mean

Configuration 1 0.625 0.408 0.540
Configuration 2 0.581 0.424 0.512
Configuration 3 0.610 0.397 0.515
Configuration 4 0.559 0.474 0.534
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Table 5.2: Regression error (RMSE & MAE) for the Y- and Z-direction on grid
points where lanes are present in the ground truth.

Mask: ground truth
RMSE in Y RMSE in Z MAE in Y MAE in Z

Configuration 1 0.031 0.399 0.023 0.188
Configuration 2 0.141 0.463 0.033 0.199
Configuration 3 0.031 0.382 0.023 0.182
Configuration 4 0.031 0.353 0.023 0.147

Table 5.3: Regression error (RMSE & MAE) for the Y- and Z-direction on grid
points where lanes are detected by the model.

Mask: prediction
RMSE in Y RMSE in Z MAE in Y MAE in Z

Configuration 1 0.057 1.452 0.049 1.073
Configuration 2 0.186 1.527 0.063 1.180
Configuration 3 0.061 1.552 0.053 1.220
Configuration 4 0.059 1.483 0.051 1.130

5.1.3 Evaluation metrics

The regression error for the annotation configurations evaluated on the same ground
truth is displayed in Table 5.2 and Table 5.3. Both figures show the RMSE and MAE
error in both the Y- and Z-direction for each annotation configuration. In Table 5.3,
all ground-truth grid points with a non-empty class are considered. In Table 5.3, all
grid points with a detected lane (a non-empty class) are considered.

Table 5.4 displays classification scores (accuracy, precision, recall and F1) per class
and ranges 0-90m, 0-30m and 60-90m. The distribution of the absolute errors in the
Y- and Z-direction for the ground-truth and prediction mask can be seen in Fig-
ure 5.3 and Figure 5.4. The classification scores seen in Table 5.4 and the distribu-
tions in Figure 5.3 and Figure 5.4 are evaluated on the model trained on annotation
configuration 4 (3 before / 3 after).
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Table 5.4: Classification scores per class for ranges 0-90m, 0-30m, and 30-90m and
for annotation configuration 4 (3 before / 3 after).

0-90m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.955 0.972 0.975 0.918 0.955
Precision 0.368 0.365 0.319 0.966 0.505

Recall 0.471 0.386 0.513 0.945 0.579
F1 0.413 0.376 0.393 0.955 0.534

0-30m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.948 0.968 0.971 0.909 0.949
Precision 0.400 0.394 0.367 0.970 0.533

Recall 0.579 0.512 0.609 0.929 0.657
F1 0.473 0.446 0.458 0.949 0.582

30-90m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.961 0.976 0.978 0.927 0.961
Precision 0.303 0.294 0.234 0.963 0.449

Recall 0.316 0.213 0.359 0.960 0.462
F1 0.309 0.247 0.284 0.961 0.450
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Figure 5.3: Absolute Y error distribution for annotation configuration 4 (3 before
/ 3 after). The absolute error has a unit of meters.
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Figure 5.4: Absolute Z error distribution for annotation configuration 4 (3 before
/ 3 after). The absolute error has a unit of meters.

45



5. Results

5.2 Further training on configuration 4 (3 before
/ 3 after)

The training loss for annotation configuration 4 (with 3 LIDAR scans before and
after) can be seen in Figure 5.5, trained for a total of 14 epochs. The regression,
classification and depth loss can be seen separately under subsubsection A.1.2.1 in
the Appendix. The training loss versus the validation loss for the training can be
seen in Figure 5.6.

5.2.1 Loss
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Figure 5.5: Training loss for annotation configuration 4 (3 before / 3 after) trained
for 14 epochs.

5.2.2 Threshold
The threshold for the model further trained with annotation configuration 4 for a
total of 14 epochs is determined to be 0.562. The gain of using the threshold can
be seen in Table 5.5. Table 5.5 displays the F1-mean for the non-empty classes and
all classes when using the threshold and not using the threshold. The relationship
between the F1-mean and threshold for the model trained on configuration 4 (3
before / 3 after) for 14 epochs can be seen under subsubsection A.1.2.2 in the
Appendix.
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Figure 5.6: Training against validation loss for annotation configuration 4 (3 before
/ 3 after) trained for 14 epochs.

Table 5.5: F1-mean (for non-empty/all classes) difference of using a threshold for
configuration 4 (3 before / 3 after) trained for 14 epochs.

No threshold With threshold
F1-mean (non-empty) F1-mean F1-mean (non-empty) F1-mean

0.441 0.573 0.480 0.601

5.2.3 Evaluation metrics

The regression error for the model trained on annotation configuration 4 (3 before/3
after) for 14 epochs is displayed in Table 5.6 and Table 5.7. Both figures show the
RMSE and MAE error in both the Y- and Z-direction for the ranges 0-90m (whole
grid), 0-30m, and 30-90m. In Table 5.6, all ground-truth grid points with a non-
empty class are considered. In Table 5.7, all grid points with a detected lane (a
non-empty class) are considered.
Table 5.8 displays classification scores (accuracy, precision, recall, and F1) per class
and ranges from 0-90m, 0-30m, and 60-90m. The distribution of the absolute errors
in the Y- and Z-direction for the ground truth and prediction mask can be seen
in Figure 5.7 and Figure 5.8. The classification scores seen in Table 5.8 and the
distributions in Figure 5.7 and Figure 5.8 is evaluated on the model trained on
annotation configuration 4 (3 before / 3 after) for 14 epochs. The same statistics
for the other annotation configurations are available under subsubsection A.1.1.3 in
the Appendix.
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Table 5.6: Regression error (RMSE & MAE) for the Y- and Z-direction on grid
points where lanes are present in ground truth for the model trained on annotation
configuration 4 (3 before / 3 after) for 14 epochs. The regression errors are shown
for ranges 0-90m (whole grid), 0-30m, and 30-90m.

Mask: ground truth
Range RMSE in Y RMSE in Z MAE in Y MAE in Z
0-90m 0.030 0.278 0.023 0.113
0-30m 0.030 0.206 0.023 0.102
30-90m 0.030 0.359 0.023 0.130

Table 5.7: Regression error (RMSE & MAE) for the Y- and Z-direction on grid
points where lanes are detected by the model trained on annotation configuration 4
(3 before / 3 after) for 14 epochs. The regression errors are shown for ranges 0-90m
(whole grid), 0-30m, and 30-90m.

Mask: prediction
Range RMSE in Y RMSE in Z MAE in Y MAE in Z
0-90m 0.056 1.369 0.047 0.959
0-30m 0.054 1.274 0.044 0.852
30-90m 0.059 1.518 0.051 1.142
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Figure 5.7: Absolute Y error distribution for the model trained on annotation
configuration 4 (3 before / 3 after) for 14 epochs. The absolute error has a unit of
meters.
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Table 5.8: Classification scores per class for ranges 0-90m, 0-30m, and 30-90m
and for the model trained on annotation configuration 4 (3 before / 3 after) for 14
epochs.

0-90m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.963 0.976 0.979 0.933 0.963
Precision 0.452 0.455 0.413 0.971 0.573

Recall 0.549 0.477 0.571 0.956 0.638
F1 0.496 0.466 0.479 0.964 0.601

0-30m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.961 0.975 0.978 0.932 0.962
Precision 0.502 0.504 0.479 0.975 0.615

Recall 0.651 0.592 0.654 0.950 0.712
F1 0.567 0.545 0.553 0.962 0.657

30-90m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.965 0.977 0.981 0.934 0.964
Precision 0.367 0.362 0.309 0.968 0.502

Recall 0.402 0.314 0.438 0.962 0.529
F1 0.384 0.337 0.362 0.965 0.512
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Figure 5.8: Absolute Z error distribution for the model trained on annotation
configuration 4 (3 before / 3 after) for 14 epochs. The absolute error has a unit of
meters.

5.3 Past and future inference to improve lane de-
tection

The effect of using past and future grids can be seen in Table 5.9, Table 5.10 and
Table 5.11 where the F1-mean for all classes and non-empty classes, as well as the
RSME and MAE in the Y and Z-directions, is displayed. Table 5.9, Table 5.10
and Table 5.11 displays the effect of using both future & past, only past and only
future frames respectively. In Table 5.9, Table 5.10 and Table 5.11 the regression
scores are calculated over all grid points with a detected lane (prediction mask),
the same statistics for the ground truth mask in available under subsection A.1.3
in the Appendix. Examples of a scene and corresponding detections viewed from
BEV with and without using past/future inference are visualized in Figure 5.9 and
Figure 5.10.
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Table 5.9: Classification and regression scores when combining inference from the
current frame with past and future frames.

Mask: prediction
Number of

past/future frames F1-mean F1-mean
(non-empty) RSME in Y RSME in Z MAE in Y MAE in Z

5 past / 5 future 0.507 0.359 0.057 1.450 0.048 1.067
4 past / 4 future 0.508 0.360 0.058 1.457 0.049 1.077
3 past / 3 future 0.510 0.364 0.058 1.466 0.049 1.088
2 past / 2 future 0.508 0.362 0.059 1.477 0.050 1.103
1 past / 1 future 0.509 0.363 0.060 1.501 0.051 1.130
0 past / 0 future 0.500 0.352 0.059 1.524 0.051 1.160

Table 5.10: Classification and regression scores when combining inference from the
current frame with past frames.

Mask: prediction
Number of

past/future frames F1-mean F1-mean
(non-empty) RSME in Y RSME in Z MAE in Y MAE in Z

5 past / 0 future 0.495 0.345 0.062 1.545 0.053 1.189
4 past / 0 future 0.500 0.351 0.062 1.533 0.053 1.174
3 past / 0 future 0.501 0.353 0.063 1.520 0.053 1.158
2 past / 0 future 0.504 0.356 0.063 1.504 0.054 1.141
1 past / 0 future 0.505 0.358 0.065 1.510 0.056 1.145
0 past / 0 future 0.500 0.352 0.059 1.524 0.051 1.160

Table 5.11: Classification and regression scores when combining inference from the
current frame with future frames.

Mask: prediction
Number of

past/future frames F1-mean F1-mean
(non-empty) RSME in Y RSME in Z MAE in Y MAE in Z

0 past / 5 future 0.504 0.355 0.057 1.428 0.048 1.044
0 past / 4 future 0.503 0.355 0.058 1.439 0.049 1.060
0 past / 3 future 0.504 0.356 0.058 1.457 0.049 1.079
0 past / 2 future 0.504 0.357 0.058 1.481 0.050 1.106
0 past / 1 future 0.506 0.360 0.059 1.512 0.051 1.140
0 past / 0 future 0.500 0.352 0.059 1.524 0.051 1.160
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Figure 5.9: Example scene and inference from BEV with/without past and future
inference. The shown configurations for the number of past/future inferences are 0
past & 0 future, 1 past & 1 future, and 5 past & 5 future.
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Figure 5.10: Example scene and inference from BEV with/without past and future
inference. The shown configurations for the number of past/future inferences are 0
past & 0 future, 1 past & 1 future, and 5 past & 5 future.

5.4 Post-processing

The MAE in the Y- & Z-direction and the euclidean distance between the interpo-
lated lanes compared to ground truth for different number of past/future frames can
be seen in Table 5.13, Table 5.14 and Table 5.12. Table 5.13, Table 5.14 and Ta-
ble 5.12 displays the errors for the interpolated lanes using both future & past, only
past and only future frames respectively. Examples of interpolated lanes from BEV
for two lane scenarios with and without using past/future inference are visualized
in Figure 5.11 and Figure 5.12. The scenes used in Figure 5.11 and Figure 5.12 are
the same as in Figure 5.9 and Figure 5.10 respectively.
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Table 5.12: MAE in Y- and Z-directions & Mean euclidean distance for interpo-
lated lanes using future frames.

Number of
past/future frames MAE in Y MAE in Z Mean

euclidean distance
0 past / 5 future 0.212 0.151 0.295
0 past / 4 future 0.224 0.150 0.304
0 past / 3 future 0.221 0.147 0.302
0 past / 2 future 0.220 0.151 0.302
0 past / 1 future 0.213 0.149 0.295
0 past / 0 future 0.210 0.158 0.301

Table 5.13: MAE in Y- and Z-directions & Mean euclidean distance for interpo-
lated lanes using past and future frames.

Number of
past/future frames MAE in Y MAE in Z Mean

euclidean distance
5 past / 5 future 0.185 0.141 0.268
4 past / 4 future 0.194 0.145 0.280
3 past / 3 future 0.201 0.149 0.287
2 past / 2 future 0.212 0.155 0.300
1 past / 1 future 0.210 0.153 0.295
0 past / 0 future 0.210 0.158 0.301

Table 5.14: MAE in Y- and Z-directions & Mean euclidean distance for interpo-
lated lanes using past frames.

Number of
past/future frames MAE in Y MAE in Z Mean

euclidean distance
5 past / 0 future 0.204 0.159 0.297
4 past / 0 future 0.216 0.167 0.314
3 past / 0 future 0.221 0.162 0.313
2 past / 0 future 0.214 0.157 0.302
1 past / 0 future 0.226 0.161 0.313
0 past / 0 future 0.210 0.158 0.301

54



5. Results

10 0 10
0

10

20

30

40

50

60

70

80

90
0 past / 0 future

Prediction
Ground truth

10 0 10
0

10

20

30

40

50

60

70

80

90
1 past / 1 future

Prediction
Ground truth

10 0 10
0

10

20

30

40

50

60

70

80

90
5 past / 5 future

Prediction
Ground truth

Postprocessed lanes from BEV

Figure 5.11: Example scene and inference from BEV with/without past and future
inference. The shown configurations for the number of past/future inferences are 0
past & 0 future, 1 past & 1 future, and 5 past & 5 future. The scene is the same as
in Figure 5.9.
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Figure 5.12: Example scene and inference from BEV with/without past and future
inference. The shown configurations for the number of past/future inferences are 0
past & 0 future, 1 past & 1 future, and 5 past & 5 future. The scene is the same as
in Figure 5.10.
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6.1 Choice of configuration

The combined loss for the models of different annotation configurations can be ob-
served in Figure 5.1, with the model using only the closest LIDAR scan for its
camera frame having the largest loss decrease over time. A possible reason for this
is that the ground truth for the models using before/after LIDAR scans is more
strict, due to more 3D annotations for each frame. Each configuration had the po-
tential to be further improved, indicated by the validation loss that can be observed
in Figure 5.2. The time it took to train 3 whole epochs for each model was roughly
21 hours, meaning to train the models using all the unique samples once took 7 hours.

We evaluated the models using classification and regression scores. The classification
scores were done using a subset of the test data for two cases: with threshold and no
threshold (subsection 5.1.2). The reason for introducing the threshold here was due
to the class imbalance we had when constructing our grid design (subsection 4.3.5).
Each grid must be assigned a class in order for the network to learn to separate from
background and foreground classes, with the "empty" class denoting the background.
This resulted in the majority of the grids being "empty" which skewed the class dis-
tribution heavily, which was why focal loss (subsubsection 3.1.2.1) was used. The
definition of threshold stemmed from the softmax probability the models produced
for the "empty" class for a grid, where the idea was to determine a threshold that
the model had to exceed in order to associate the grid as "empty". The threshold
was determined by the F1 mean score for all the classes, including "empty", with
their values displayed in Table 5.1. Regardless of the configurations, the thresholds
were over 1

2 , indicating that all the models were biased. It can also be observed
in the same table that using a threshold helped increase the F1-mean score for all
configurations by at least 0.06. When not utilizing the threshold, configuration 4
had the highest F1-mean score, which was expected as it was trained with the most
3D annotations. The application of the threshold resulted in configuration 1 having
the highest F1-mean score, slightly surpassing configuration 4 with the second high-
est score of F1-mean by 0.006. However, this may haven been contributed by the
lack of training time for the configurations with stronger annotations, i.e. 2, 3, and 4.

Once the thresholds had been determined for each configuration, another subset of
the test data was used to obtain regression scores with the thresholds applied on the
models for two cases: ground truth mask and prediction mask (subsection 5.1.3).
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The first case considers the grids where the ground truth class has a lane (non-
"empty"), while the second considers grids that the model has classified as a lane.
The regression scores for the two cases can be observed in Table 5.2 and Table 5.3
respectively. The predicted mask is of interest as that’s where the model predicts
a lane and performs regression, regardless if there truly is a lane or not. This in
turn will give an offset/error with respect to its grid’s ground truth, if there is a
lane the error will be the absolute difference between the predicted value and its
ground truth. If there exists no lane yet the model predicts a lane the error will be
its absolute predicted value itself. This is visible in the absolute error distribution
for Y and Z direction in Figure 5.3 and Figure 5.4 respectively. One can notice that
the absolute errors for the predicted mask in both Y and Z directions have peaks at
roughly 0.075 and 2. These are values for which the model most likely has classified
the grids as lanes without them being actual lanes, pushing the errors to the far
right of the distribution.

Another thing that can be noted is the model’s ability to classify with respect to
distance. Table 5.4 showcases the classification performance for the model of the 4th
configuration for three intervals: 0-90, 0-30, and 30-90 meters in front of the vehi-
cle. The model’s performance to classify grids decreases for longer distances, which
may not be of surprise as the camera have fewer pixels to represent objects farther
away and the LIDAR obtains more points at a "close" range. This was also true for
the remaining models that used different configurations, which can be observed in
subsubsection A.1.1.3.

As the time required to train the models for one epoch was long, we had to choose
one of the models to be trained even further upon to see if any improvements could
be made. We intuitively thought that the model of configuration 4 had the most
potential as it was trained with the most 3D annotations. We, therefore, chose
to research if further improvements to the model could be made (section 5.2). In
Figure 5.5 the training loss for the model of the 4th configuration can be observed,
where the model has been trained for a total of 14 epochs. One can see that the
model’s training loss has a downward trend, even at the last number of iterations.
This can also be seen in the validation loss in Figure 5.6, indicating that the model
could be further improved with a longer training time. The peaks at roughly 25-35
thousand (4th epoch) and 50-60 thousand (7th epoch) iterations, were attributed
due to the learning scheduler (section 4.4). At the mentioned intervals the learning
rate was at its highest, i.e. 1 × 10−2, which indicates that the learning rate at that
certain stage of the model was too high. In summary, the model can be further im-
proved with longer a training time (more epochs) followed by a learning rate smaller
than 1 × 10−2 after it has been trained for 3 epochs.

While the training loss and validation loss have been shown to decrease for a total of
14 epochs, has the model of the 4th configuration improved? Let’s first compare the
classification scores shown in Table 5.4 and Table 5.8. For every distance and class
combination, the model that has been trained for the longest time has improved.
The improvement of the model’s classification ability is reflected in the absolute
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error distribution for Y (Figure 5.7 ) and Z (Figure 5.8) directions. The peaks have
a lower representation of the two distributions when compared to the model’s less
trained version (Figure 5.3 and Figure 5.4). The last comparison of the two models
is their regression scores for the ground truth mask and prediction mask. The two
models can be compared using their respective regression score tables, i.e. Table 5.2
and Table 5.3 against Table 5.6 and Table 5.7. Note that comparing the two latter
tables should be done in the 0-90m range. The model trained for a longer time has a
lower value or the same value for each regression metric and direction combination,
meaning it has improved from its earlier iteration.

6.2 Past and future inference to improve lane de-
tection

The result presented in section 5.3 showcases the impact of combining the current
frame with different combinations of past and future predicted frames, according to
section 4.7. Table 5.10 considers past,Table 5.11 future, and Table 5.9 both past
and future. It can be observed in both F1-mean scores when using solely future
frames, the classification performance improves for all cases. Using only past frames
improved classification performance for 3/5 cases, with the exception being 4 and 5
past frames. This seems reasonable if one recalls from Table 5.8 that the classifica-
tion performance becomes worse at a longer range. As the past frames’ predictions
with respect to the current frame’s predictions are farther away, meaning detections
at a farther range from the previous frames are the ones that fall within the current
frame’s field of view. When instead combining both past and future, the F1-mean
scores improve for all cases. The magnitude of the F1-mean scores was at their
highest when utilizing both past and future frames. In summary, combining infer-
ence from the current frame with past and future frames strengthens the model’s
classification performance.

In the regression performance, the RMSE and MAE in both Y and Z directions can
be observed for the grids which the model predicted as lanes. There is a similar
trend in regression as in classification, i.e. using solely past frames yields a regres-
sion performance that is worse than when utilizing past and/or future frames. The
reason here is the same as that explained in the classification case; recall Table 5.7).
When comparing the best RMSE values using past and future frames against only
future frames, the latter performs better in the Z direction, but equally well in the
Y direction. This seems reasonable as the model’s overall performance decreases for
longer distances, notably in the Z direction (recall Table 5.7). The future frames
can with their more accurate prediction at closer range support the current frame’s
prediction at a longer range. In summary, using future frames helps to improve the
model’s regression performance the most.

The effect of combining previous and future frames can be observed in Figure 5.9 and
Figure 5.10, where a unique scene is presented along with our model’s lane marking
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predictions represented by black dots in BEV space. One thing that can be noted is
that using fewer past and future frames yield fewer predictions in the long-range, and
also fewer predictions overall. This was most likely due to the effect of our inference
procedure, where each grid point’s class probability was averaged over all merged
grids (section 4.7). As mentioned, using only 4 or 5 past frames for inference did
not improve the classification performance, because their predictions at the longer
range are the ones that are included in the current frame. Thereby when averaging
the class probabilities with many past frames included, could potentially lead to in-
creasing the probability of the "empty" class and passing beyond the threshold value.

The last result is presented in section 5.4 where the grids that our model have
predicted as a lane have been processed into a coherent lane according to the methods
described in section 4.8. The same combinations of past & future frames were
utilized as in section 5.3 to observe the effects of the mean error in different directions
between the interpolated prediction and ground truth lanes. Table 5.12 showcases
the use of future, Table 5.14 past, and Table 5.13 past & future predictions. A similar
trend as section 5.3 can be observed; when only incorporating future predictions the
error in all directions reduces in general, with the opposite being true when only
using past predictions. A combination of both past & future predictions had the
most beneficial impact, with the best mean error being 18.5 cm in horizontal, 14.1
cm in height, and 26.8 cm in the euclidean distance for the interpolated lanes. One
thing that can be noted is that for longer vertical distances, the distance between
each detection become larger (larger grid size in vertical distance) resulting in a
longer interpolation. This means in order to minimize the error, the predicted grids
must be close to ground truth for larger distances.

6.3 Future work
For the 3D lane generation pipeline, improvements may be done in the choice of
grid size and the number of LIDAR scans used before/after. The grid size used in
this paper was static but could be changed to see how it affects the quality of the
annotation and the following detections as well. Studying the result of varying both
the longitudinal/latitudinal width of the whole grid and the longitudinal/latitudi-
nal width of each grid point could be of interest. The dataset we used in this study
included up to 10 LIDAR scans before and after each camera frame, but only 3
LIDAR scans before/after were used due to computational limitations (each LIDAR
scan includes millions of points). Thus, more than 3 LIDAR scans before/after the
annotation pipeline could be used.

We only trained the model for a maximum of 14 epochs due to a shortage of time,
with no sight of a plateau in the training. Therefore, training the model for longer is
recommended. To further improve the training of the model, more data could also
be relevant. The choice of weighting factors for the loss could also be optimized, as
they were set arbitrarily in this study.

When using past and future inference to improve the current grid, all past and future
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frames are equally weighed. In other words, each grid from past inference, future
inference, and current inference contributes equally to the current detected grid. To
optimize the use of past and future inference to improve the current grid, weighing
the past and future inference would be beneficial. Most naturally, a weighing factor
would be correlated with the inverse of the time from the current timestamp (the
more time from the current frame, the lower the contribution).

The post-processing technique employed in this paper is quite simplistic, lacking the
ability to adapt effectively to various scenarios. As a result, we suggest that future
work should consider incorporating an extra head (similar to the regression head
and classification head employed in this study) specifically for instance embedding
of each lane. By introducing a dedicated head for lane instance embedding, the
post-processing step would be trivial and yield a more robust lane representation.
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7
Conclusion

The growing need for precisely annotated data in the automotive sector has brought
attention to the automation of the annotation process. To automate lane label-
ing, this thesis presents three main concepts: a lane detection model, a pipeline
for automatically annotating 3D lanes with LIDAR scans and 2D lane labels, and
integrating past and future inference to improve lane detection.

Our model, based on SuperFusion and M2-3DLaneNet model, trained for 14 epochs
is not sufficient for generating ground-truth data for lane detection. The RSME in
the horizontal direction is 5.6 cm. The RSME in height is 1.369 m. The F1-mean
across all classes is 0.601. The regression score in the horizontal direction might be
adequate for ground-truthing camera systems, but the regression score in the height
and the classification score is not sufficient.

We have constructed a 3D lane label pipeline, that has 2D image lane labels and
LIDAR point clouds as input. For the pipeline, we recommend using as many LI-
DAR scans from before and after the frame as possible.

There is a gain in using past and future inference to improve the current frame
inference. Though, inference from past frames negatively impacts the regression
and classification ability. Some frames from the past, but a larger number of frames
from the future, is the most beneficial when using past/future inference to improve
the current frame inference.

Lastly, we recommend future research to train our model for more epochs and on
more data. Investigating the impact of the grid size and the number of LIDAR
scans used in the 3D lane label pipeline, changing the loss weighing factors, and
adjusting the weighting of past and future inference could also be of interest. A
head specifically for instance embedding of the lanes is also of recommendation.
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A
Appendix 1

A.1 Additional results

A.1.1 Annotation configurations

A.1.1.1 Loss

The resulting regression, classification and depth losses from training using the an-
notation configurations on 3 epochs can be seen in Figure A.1, Figure A.2 and
Figure A.3 respectively.
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Figure A.1: Training regression loss for all annotation configurations trained for 3
epochs.
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Figure A.2: Training classification loss for all annotation configurations trained
for 3 epochs.
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Figure A.3: Training depth loss for all annotation configurations trained for 3
epochs.
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A.1.1.2 Threshold

The relationship between the F1-mean and threshold for configuration 1, configura-
tion 2, configuration 3 and configuration 4 is visualized in Figure A.4, Figure A.5,
Figure A.6 and Figure A.7 respectively, where the F1-mean is displayed for threshold
values from 0.2 to 0.8.
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Figure A.4: F1-mean as a function of threshold for empty class for annotation
configuration 1 (0 before / 0 after)
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Figure A.5: F1-mean as a function of threshold for empty class for annotation
configuration 2 (0 before / 3 after)
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Figure A.6: F1-mean as a function of threshold for empty class for annotation
configuration 3 (3 before / 0 after)
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Figure A.7: F1-mean as a function of threshold for empty class for annotation
configuration 4 (3 before / 3 after)
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A.1.1.3 Evaluation metrics

Table A.1, Table A.2 and Table A.3 displays classification scores (accuracy, precision,
recall and F1) per class and ranges 0-90m, 0-30m and 60-90m for models trained
on annotation configuration 1, 2 and 3. The distribution of the absolute errors
in the Y- and Z-direction for the ground-truth and prediction mask can be seen in
Figure A.8 & Figure A.11, Figure A.9 & Figure A.12 and Figure A.10 & Figure A.13
for annotation configurations 1, 2 and 3.

Table A.1: Classification scores per class for ranges 0-90m, 0-30m and 60-90m and
for annotation configuration 1 (0 before / 0 after).

0-90m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.961 0.976 0.976 0.927 0.960
Precision 0.408 0.434 0.340 0.962 0.536

Recall 0.399 0.366 0.478 0.959 0.551
F1 0.404 0.397 0.397 0.961 0.540

0-30m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.957 0.973 0.974 0.921 0.956
Precision 0.453 0.470 0.399 0.962 0.571

Recall 0.474 0.479 0.550 0.951 0.614
F1 0.463 0.475 0.462 0.957 0.589

60-90m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.965 0.979 0.979 0.933 0.964
Precision 0.330 0.348 0.244 0.962 0.471

Recall 0.289 0.208 0.355 0.967 0.455
F1 0.308 0.260 0.289 0.965 0.456
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Table A.2: Classification scores per class for ranges 0-90m, 0-30m and 60-90m and
for annotation configuration 2 (0 before / 3 after).

0-90m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.954 0.971 0.971 0.915 0.953
Precision 0.358 0.352 0.264 0.965 0.485

Recall 0.448 0.373 0.456 0.943 0.555
F1 0.398 0.362 0.334 0.954 0.512

0-30m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.950 0.966 0.965 0.907 0.947
Precision 0.404 0.372 0.301 0.968 0.511

Recall 0.526 0.505 0.543 0.929 0.623
F1 0.457 0.428 0.387 0.948 0.555

60-90m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.958 0.977 0.976 0.924 0.958
Precision 0.284 0.294 0.197 0.962 0.434

Recall 0.336 0.193 0.314 0.956 0.450
F1 0.308 0.233 0.242 0.959 0.436
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Table A.3: Classification scores per class for ranges 0-90m, 0-30m and 60-90m and
for annotation configuration 3 (3 before / 0 after).

0-90m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.953 0.970 0.969 0.911 0.951
Precision 0.337 0.345 0.273 0.966 0.480

Recall 0.423 0.414 0.520 0.937 0.574
F1 0.375 0.377 0.358 0.951 0.515

0-30m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.948 0.964 0.966 0.902 0.945
Precision 0.381 0.369 0.320 0.968 0.510

Recall 0.496 0.547 0.589 0.924 0.639
F1 0.431 0.440 0.414 0.945 0.558

60-90m
SOLID DASHED OTHER EMPTY Mean

Accuracy 0.958 0.976 0.973 0.920 0.957
Precision 0.267 0.284 0.203 0.965 0.430

Recall 0.316 0.226 0.407 0.950 0.475
F1 0.290 0.252 0.271 0.957 0.443
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Figure A.8: Absolute Y error distribution for annotation configuration 1 (0 before
/ 0 after). The absolute error has a unit of meters.
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Figure A.9: Absolute Y error distribution for annotation configuration 2 (0 before
/ 3 after). The absolute error has a unit of meters.
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Figure A.10: Absolute Y error distribution for annotation configuration 3 (3 before
/ 0 after). The absolute error has a unit of meters.
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Figure A.11: Absolute Z error distribution for annotation configuration 1 (0 before
/ 0 after). The absolute error has a unit of meters.
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Figure A.12: Absolute Z error distribution for annotation configuration 1 (0 before
/ 3 after). The absolute error has a unit of meters.
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Figure A.13: Absolute Z error distribution for annotation configuration 1 (3 before
/ 0 after). The absolute error has a unit of meters.
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A.1.2 Further training on configuration 4 (3 before / 3 af-
ter)

A.1.2.1 Loss

The resulting regression, classification and depth losses from training the model
on annotation configuration 4 (3 before / 3 after) for 14 epochs can be seen in
Figure A.14, Figure A.15 and Figure A.16 respectively.
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Figure A.14: Training regression loss for annotation configuration 4 (3 before / 3
after) trained for 14 epochs.
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Figure A.15: Training classification loss for annotation configuration 4 (3 before
/ 3 after) trained for 14 epochs.
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Figure A.16: Training depth loss for annotation configuration 4 (3 before / 3 after)
trained for 14 epochs.
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A.1.2.2 Threshold

The relationship between the F1-mean and threshold for configuration 4 trained for
14 epochs is visualized in Figure A.17, where the F1-mean is displayed for threshold
values from 0.2 to 0.8.
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Figure A.17: F1-mean as a function of threshold for empty class for annotation
configuration 4 (3 before / 3 after) (trained for 14 epochs).

A.1.3 Past and future inference to improve lane detection

The effect of using past and future grids can be seen in Table A.4, where the RSME
and MAE in the Y and Z-directions is displayed. In Table A.4 the regression scores
are calculated over all grid points with a lane according to ground truth (ground
truth mask).
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Table A.4: Change in classification and regression scores when combining inference
from current frame with past and future frames.

Mask: ground truth
Number of

past/future frames RSME in Y RSME in Z MAE in Y MAE in Z

5 past / 5 future 0.031 0.337 0.023 0.213
4 past / 4 future 0.031 0.342 0.024 0.215
3 past / 3 future 0.031 0.345 0.024 0.215
2 past / 2 future 0.031 0.347 0.024 0.215
1 past / 1 future 0.032 0.350 0.024 0.217
5 past / 0 future 0.033 0.364 0.025 0.234
4 past / 0 future 0.032 0.360 0.025 0.230
3 past / 0 future 0.034 0.357 0.027 0.226
2 past / 0 future 0.034 0.354 0.026 0.221
1 past / 0 future 0.036 0.350 0.029 0.219
0 past / 5 future 0.032 0.339 0.025 0.208
0 past / 4 future 0.032 0.346 0.025 0.211
0 past / 3 future 0.033 0.350 0.026 0.213
0 past / 2 future 0.034 0.350 0.027 0.214
0 past / 1 future 0.036 0.354 0.029 0.216
0 past / 0 future 0.029 0.355 0.021 0.219
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