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Abstract

In the eld of autonomous driving, LIDAR plays an increasingly important role because of
its ability to preserve rich scene information (such as 3D coordinates, re ectivity, and depth
information). In order to obtain an accurate perception of the scene, the extrinsic calibration
of LIDAR and camera is particularly important. As part of the AUTOTech.agiproject, the main
purpose of this work is to perform the calibration of LIDAR sensors and cameras. In this the-
sis, we divide the task into two parts. One is the calibration of the LIDAR and the HD map (in
OpenDRIVE format). Once the position of the LIDAR in the HD map is obtained, the rough
extrinsic of the LIDAR and the camera can be simply obtained using the known coordinates
of the camera in the HD map. This will assist in the initial extrinsic settings for the automatic
calibration between the LiDAR and the camera. In the second part, the contribution is mainly
to improve the existing voxel-based automatic LiDAR-camera calibration method, since the
original method is mainly used for the calibration of indoor scenes. Therefore, the original
method has a series of problems when used in the outdoor scene of th&@UTOTech.agiproject.
In order to analyze the source of the problem and improve it, the parameters of the model
were optimized. In order to solve the interference of the camera's distant background on the
calibration, monocular depth estimation was applied to automatically Iter the background
of the camera image. In addition, adaptive voxelization is introduced and multi-scene opti-
mization is used to improve the generalization ability. Finally, the generalization ability and
progress of the new model is tested and analyzed in a variety of different scenarios and sen-
sor pairs, and the results are presented both quantitatively and qualitatively.

Keywords: Automatic calibration, LIiDAR, camera, target-less calibration, HD map, adaptive
voxelization, monocular depth estimation



Zusammenfassung

Im Bereich des autonomen Fahrens spielt LIDAR aufgrund seiner Fahigkeit, reichhaltige
Szeneninformationen (wie 3D-Koordinaten, Re exionsvermdgen und Tiefeninformationen)
zu bewahren, eine immer wichtigere Rolle. Um eine genaue Wahrnehmung der Szene zu
erhalten, ist die extrinsische Kalibrierung von LIiDAR und Kamera besonders wichtig. Im
Rahmen des AUTOTech.agil Projekts besteht der Kern dieser Arbeit darin, die Kalibrierung
zwischen LIiDAR und Kamerasensoren durchzufthren. In dieser Arbeit wird die Aufgabe in
zwei Teile aufgeteilt. Ein Teil davon ist die Kalibrierung des LiDARs mit der HD-Karte (im
OpenDRIVE Format). Sobald die Position des LIDARSs in der HD-Karte bestimmt wurde, kann
die grobe Extrinsik des LiDARs und der Kamera unter Verwendung der bekannten Koordi-
naten der Kamera in der HD-Karte berechnet werden. Dies hilft bei den initialen extrinsis-
chen Einstellungen fur die automatische Kalibrierung zwischen dem LiDAR und der Kamera.
Im zweiten Teil besteht mein Beitrag hauptsachlich darin, das vorhandene voxelbasierte au-
tomatische LiDAR-Kamerakalibrierungsverfahren zu verbessern, da die urspriingliche Meth-
ode hauptsachlich fur die Kalibrierung von Sensoren in Innenrdumen verwendet wird. Da-
her hat die urspriingliche Methode eine Reihe von Problemen, wenn sie auf dem Testfeld
des AUTOTech.agil Projekts im Freien zum Einsatz kommt. Um die Ursache des Problems
zu analysieren und zu verbessern, wurden die Parameter des Modells optimiert. Um die
Storung des entfernten Hintergrunds der Kamera bei der Kalibrierung herauszu Itern, wurde
eine monokulare Tiefenschatzung umgesetzt, um den Hintergrund des Bildes automatisch zu
entfernen. Zusétzlich wird eine adaptive Voxelisierung eingefuihrt und eine Mehrszenenopti-
mierung verwendet, um die Generalisierungsfahigkeit der Kalibrierung zu verbessern. Ab-
schlieRend werden Generalisierungsfahigkeit und Fortschritt des neuen Modells in einer
Vielzahl unterschiedlicher Szenarien und Sensorpaare evaluiert, analysiert und die Ergeb-
nisse sowohl quantitativ als auch qualitativ dargestellt.

Schlusselworter: automatische Kalibrierung (ohne die Verwendung von Schachbrettmustern),
LiDAR, Kamera, HD-Karte, adaptive Voxelisierung, monokulare Tiefenschatzung






Abbreviations

TOF Time of Flight

LiDAR Light Detection and Ranging
PC Point Cloud

RGBD Red Green Blue Depth

IMU Inertial Measurement Unit

FoV Field-of-View

HD map High De nition map

SVD Singular Value Decomposition
PnP Pespective-n-Point

ICP Iterative Closest Point

ROSRobot Operating System
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CRFConditional Random Field
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MLE Maximal Likelyhood Estimation
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Chapter 1

Introduction

Thanks to the development of arti cial intelligence and sensor technology, autonomous driv-
ing technology is becoming a reality and showing strong competitiveness. The application of
autonomous driving technology makes road traf c more comfortable, ef cient and safe, and
these advantages make autonomous driving technology one of the most important counter-
points for the upgrading of the automotive industry.

In this chapter, the motivation for automatic calibration will be presented within the AU-
TOTech.agil project in Section 1.1 In 1.2 the role of this work will be stated. In Section 1.3
the main challenges that were encountered will be listed. In Section 1.4 our main contribu-
tions will be stated. Finally, the structure of this thesis will be described brie y in Section
1.5.

1.1 Motivation

At present, autonomous driving technology is mainly used in highway scenarios. On the one
hand, the application scenarios of highways have a greater demand for autonomous driving:
long-distance driving is boring and tiring. The introduction of autonomous driving can sig-
ni cantly improve the comfort of long-distance road trips and signi cantly reduce accidents
caused by drowsy driving. On the other hand, the existing autonomous driving technology
is not enough to deal with the complex and changing urban environments. The highway has
the advantages of wide eld of vision, fewer types of obstacles that are easy to identify, fewer
emergencies and a stable environment. This makes autonomous driving on the highway eas-
ier to achieve.

One of the key problems of autonomous driving is the perception of the environment, which
relies on the application and fusion of many different sensors. Although current self-driving
vehicles are equipped with various sensors including LIDAR, RGB camera, RGBD camera,
radar, IMU, etc.. However, they are limited by the occlusion of the eld of view (only the FoV
from the ego vehicle) and the incomplete environment information they obtain. Complex
traf ¢ scenarios, such as intersections, roundabouts or exits on motorways are the biggest
challenges for autonomous driving. The restricted eld of vision of the vehicle is not suf -
cient to valuate these situations. Therefore, within the context of AUTOTech.agjl Therefore,
within the context of AUTOTech.agjlit is also necessary to equip the surrounding infrastruc-
ture with sensors.

With the project AUTOTech.agjlthe Technical University of Munich has set the objective for
the further development of autonomous driving in mixed traf ¢ conditions. Autonomous
driving can optimize the ow of traf ¢ and reduce the number of accidents. In addition,
the data collected by the technology of autonomous driving, offer a lot of opportunities for
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commercial and scienti ¢ use.

In the project AUTOTech.agjlsensors installed on gantry bridges can provide additional in-
formation about the current traf ¢ situation, which contains the status of all traf ¢ partici-
pants with their position, velocity, type, size, etc.. Those data will be transported to vehicles
through a 5G network. Due to the higher mounting position of sensors on the gantry bridge
(about 7 m above the ground), it can greatly improve the environmental perception range of
vehicles.

As Figure 1.1 shows, gantries with different sensors collect the real-time data of the traf c on
the highway.
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Figure 1.1: Gantry with sensors,the gantry contains multiple cameras ,LiDARs and Radars

The predecessor projectProvidentia++ was subdivided in two phases:

In the rst phase of the project (Providentia 1), high-resolution cameras and radar systems
were mounted on two overhead gantry bridges on a test section of the A9 highway (no. 2
and 3 in Figure 1.2). The sensor data was transmitted wirelessly via 5G, 2D object detection
was used to identify vehicle classes, and the radar and camera data was then fused — in other
words, a digital twin was created. An autonomous vehicle (Fortuna) was used for example
to incorporate the information from the digital twin to independently change lanes on the
highway or to slow down to avoid traf c jams or accidents.

By the end of 2019, the infrastructure on the A9 highway had been set up and the dig-
ital twin of the highway traf ¢ had been developed. In the second phase (Providentia++ )
the technology was ne-tuned, the infrastructure was expanded into urban space, and value-
added services were developed. New transmitter and sensor towers were erected on the edge
of a feeder road into a residential area. Intersections, roundabouts, bus stops, train stations,
and park-and-ride parking lots can be surveyed anonymously by the sensor technology.
LiDAR systems, which generally cover a larger angle than radars, were used in the project for
the rsttime. In addition, value-added services were created for drivers, highway operators,
vehicle manufacturers, and academia. The follow-up projectProvidentia++ was launched in
early 2020 and lasted two and a half years. TheProvidentia++ project was funded with 9.16
million euros from the Federal Ministry of Transport and Digital Infrastructure (BMVI) and in-
dustry partners. The industry partners are the Technical University of Munich as consortium
leader, Cognition Factory, Elektrobit Automotive, Valeo, fortiss, and Intel Deutschland. Addi-
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Figure 1.2: Overview of the whole project,it contains multiple sections in the A9 highway,here are 6 different
sensor station in the A9 highway.

tional associated partners are Huawei Technologies Deutschland, IBM Deutschland, brighter
Al, and 3D Mapping Solutions [81].

The AUTOTech.agitesearchers also have new services, application scenarios, and business
models in mind. Drivers, highway operators, scientists, and car manufacturers all stand to
bene t equally from these services in the future.For example:

» Warning of risk of collision and looking ahead: = AUTOTech.agiextends the capability
of in-vehicle sensors through external information from sensor stations equipped with
cameras, radars, and, in the future, LiDARs [66]. This will enable drivers to react to
traf ¢ situations earlier than before.

* Improving trafc ow:  Connected vehicles are able to “understand” the current traf-
¢ situation and anticipate how traf ¢ will develop.This connectivity can lead to au-
tonomous vehicles on the highway changing lanes earlier when there are indications
of slower traf ¢, and beginning to slow down even before the traf ¢ volume increases
[66].The autonomous vehicles will therefore contribute to better traf ¢ ow.

» Controlling traf ¢ with autonomous vehicles:  The observation of traf c on the A9
generates a great deal of current movement and position data, which can be analyzed
to nd out how vehicles should be controlled in so called mixed traf c [66].

« Exchanging real time data between vehicle and infrastructure:  Vehicles, cameras,
and radar systems all collect data on the highway,Car manufacturers and suppliers can
use the data from the digital twin in their vehicles to conduct so called real-world tests
[66].

» Analyzing traf ¢ with autonomous vehicles:  Because autonomous vehicles have an
overview of the entire traf ¢ situation and can react proactively. This leads other drivers
to avoid frequent lane changes [66].
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1.2 Problem Statement

As the most fundamental part of the new AUTOTech.agilproject, the aim of this thesis is
to calibrate LIDAR sensors to camera sensors with an automatic, targetless method. More
speci cally, the LIDAR point cloud data with depth infomation and 2D image data needs to
be used to calculate the extrinsic between them. Since the model should be generalized and
tested in real-world data, there will be no external target, e.g. checkerboard or AprilTags
The process will be fully targetless — only the natural edge features in the input data will be
detected and processed automatically. The calibration task will be subdivided into two parts:
On the one hand, a HD map will be used to assist the calibration of camera and LiDAR. A
HD map is a high solution map with rich and accurate infomation of the roads. It contains
the location, size and other infomation of the roadmarks and the objects (e.g. gantry bridge)
on the roads. Matching objects detected by LIiDAR with HD map objects can get the extrinsic
of LiDAR in the HD map frame. After calibrating the LiDAR to the HD map, using the result
of camera-HD map calibration one can easily get the extrinsic of the LIiDAR to the camera,
which can serve as the initial extrinsic of LIDAR-camera automatic calibration. But due to
the OpenDRIVHormat and the variety of different objects, this calibration can only be done
manual.

On the other hand, we will perform automatic LIiDAR-Camera Calibration inspired by the
voxel-based automatic LIDAR to camera calibration method [50] from Liu et al.. The original
method which was developed by Hong Kong University is mainly used for the calibration of
indoor scenes. Therefore, the original method has a series of problems when used in the out-
door scene of the AUTOTech.agiproject. In order to analyze the source of the problem and
improve it, the parameters of the model were optimized. In order to solve the interference of
the camera's distant background on the calibration, monocular depth estimation was applied
to automatically Iter the background of the camera image. In addition, adaptive voxeliza-
tion is introduced and multi-scene optimization is used to improve the generalization ability.
Finally, the generalization ability and progress of the new model are tested and analyzed in
a variety of different scenarios and sensor pairs, and the results are presented both quantita-
tively and qualitatively.

Our automatic calibration algorithm is based on the targetless calibration method pub-
lished by Hong Kong University [91] by Liu et al.. In order to improve the robustness of
the method under different external conditions, such as different scene complexities (traf ¢
conditions, obstacles, background buildings), lighting conditions (weather, shadows), sensor
conditions (density of point clouds in LIDAR, LIDAR range, the re ectivity of the point cloud,
the range of the camera, the brightness of the camera image), the model needs to be im-
proved. Therefore, we use various automatic preprocessing methods and modify the original
model to make it adaptive.

1.3 Challenges

To summarize, the following two main challenges will be addressed in this thesis:

1. How to calibrate LIiDAR sensors to a HD map with a diverse format of object data in the
HD map?

2. How to improve the robustness of the automatic calibration of LIDAR and camera in the
real-world complex environment under different light and weather conditions so that it can
work automatically?
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In order to solve the calibration problem between the LIiDAR and the HD map under the
OpenDRIVEstandards 1.4 and 1.6, a manual calibration method based on SVD was adopted.
The reason is that the objects in the HD map are marked with a limited number of key points
and the data format is complex and changeable, thus the automatic calibration method can-
not be adopted.

Our automatic calibration algorithm is based on the targetless calibration method published
by Hong Kong University [91] by Liu et al.. In order to improve the robustness of the method
under different external conditions, such as different scene complexities (traf ¢ conditions,
obstacles, background buildings), lighting conditions (weather, shadows), sensor conditions
(density of point clouds in LIiDAR, LiDAR range, the re ectivity of the point cloud, the range
of the camera, the brightness of the camera image), the model needs to be improved. There-
fore, we use various automatic preprocessing methods and modify the original model to make
it adaptive.

1.4 Contribution

The thesis provides a complete analysis of automatic calibration methods between the Li-
DAR and the camera in targetless environments and solutions to improve the robustness and
adaptability of the model proposed by Liu et al. from Hong Kong University [91]. In addition,
we also provide solutions for HD map and LIiDAR calibration. The main contributions in the
thesis can be summarized as follows:

1. We provide a manual HD map to LIDAR calibration solution based on SVD, and calibrate
two LiDARs to the HD map in the A9 dataset and visualize the results.

2. We have made a lot of improvements to the targetless calibration method introduced in
[91] to enhance its robustness and adaptability under different conditions, and make it able
to accept sensor data for calibration in real-time using the publish and subscribe mechanism
of ROS(robot operating system [69]). The improvements we have made include:

» Conducting a hyperparameter search to nd parameters suitable for outdoor scenes,
introducing adaptive—voxelization [50] so that the model can automatically adapt to
different scenarios.

Introducing monocular depth estimation [68] to automatically Iter the background to
create a background template.

« Using template cropping of the original image to remove background objects outside
the LiDAR range.

» Preprocessing the original image to remove the in uence of shadows.

» Registering and preprocessing the point cloud from multiple sensors (data extraction,
Itering, scattering and upsampling) makes it easy to be calibrated, and calibrates mul-
tiple frames of data at the same time to get more robust results.

3. We manually calibrate the LIDARs and cameras in the S110 intersection of the A9
dataset and use it as the ground truth to test our automatic calibration model. We test the
model in different scenes and prove its effectiveness and robustness.
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1.5 Thesis Outline

The thesis is structured as follows: Chapter 1 includes the background of theProvidentia 1,
Providentia++ and AUTOTech.agiproject, the problems that need to be addressed, and the
main contribution of the thesis. Chapter 2 introduces some theoretical concepts involved in
the thesis: the properties of point clouds, point cloud registration, LIDAR to camera calibra-
tion, data structure (k-d tree and Octree) and the evaluation metrics of calibration. Chapter
3 brie y introduces some well-known existing manual and automatic LIDAR to camera cali-
bration methods. Chapter 4 introduces the solution we used for HD map to LiDAR calibration
and some calibration results. Some results from manual calibration will also be presented.
Chapter 5 introduces the solution we used for the automatic calibration [91] and lists contri-
butions we have made to the method. Chapter 6 presents both quantitative and qualitative
experiment results. Chapter 7 contains the evaluation of the performance of our model under
different situation. We also provide a brief discussion about the experimental results in this
chapter. In Chapter 8 we make a short conclusion and in Chapter 9 we give some suggestions
for future work.



Chapter 2

Theoretical Background

This chapter presents the relevant theoretical knowledge that is a prerequisite to understand
the contribution of this thesis. Section 2.1 introduces some typical LiDAR sensors and the
main properties of point clouds. Section 2.2 gives a brief introduction of point cloud reg-
istration tasks. Section 2.3 gives a brief introduction of LIDAR to camera calibration task
and basic knowledge about intrinsic and extrinsic parameters. Section 2.4 gives some basic
knowledge of search methods (e.g. KNN) and storage methods of neighbouring data. Sec-
tion 2.5 introduces the evaluation metrics used in LIDAR to HD Map calibration and LiDAR
to camera calibration.

2.1 LiDAR Sensor and Point Cloud

In autonomous driving, the ability to quickly obtain accurate 3D road information is critical
for autonomous vehicles. LIiDAR is an acronym for Light Detection and Ranging. LIiDAR emits
a laser beam from a light source (transmitter) and then acquires re ections from objects. The
re ected light is received and processed by the receiver, and the time-of- ight (TOF) is used
to map the distance [36]. Compared with 2D cameras, LIDARs completely retain accurate
3D information in the depth map, and have an irreplaceable role for autonomous driving.
Therefore, it is necessary to introduce the basic principles and the basic characteristics of
LiDARs and point cloud data.

2.1.1 Introduction of LIDAR Sensor

LiDAR, also known as optical LIDAR (LIght Detection And Ranging), is the abbreviation of
laser detection and ranging system. The measurement accuracy of LiDAR is higher than that
of traditional equipment. Different wavelengths from infrared (10 micrometers) to ultraviolet
(250 nanometers) are used for the measurements [33]. Several different types of scattering
are used for different applications, such as Raman scattering [33].

Accurate timing electronics Inertial Measurement Unit and GPS LIiDARs mainly include
laser emitter, receiver(scanner), timer, GPS(global positioning system) or IMU(Inertial Mea-
surement Unit), and a signal processing circuit [36] [62]. There are two main types of laser
emitting parts, one is laser diodes, which usually have two substrate materials, silicon and
gallium arsenide [20], and the other is the very hot vertical cavity surface emission laser (VC-
SEL) such as the LIDAR on the iPhone. The advantages are design exibility in addressable
arrays, low temperature dependence, high reliability, Wafer-Level Manufacturing Process [3]
[70].
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LiDAR has two main scanning strategies. One is to acquire the entire FoV ( eld of view)
at one time, which is the so-called ash system. Due to its short time consumption and large
range, it is mainly used in short-distance scenes less than 100m and has advantages in ob-
serving dynamic scenes [2]. The other is to scan only a subset of FoV at a time, and obtain
the complete scene through multiple scans, which is the so-called scanning(Figure 2.1), and
its advantage is that it has a longer perception distance [2].

Figure 2.1: Complete scenes are built by combining subsets of FoV. This method can obtain point clouds with
more details, but it also takes more time. Usually scanning is realized by a mechanical drive unit, but more and
more people in the industry have questioned the robustness of mechanical components, and solid-state LiDAR is
the future development direction [2].

The technical parameters of the two LiDARs we used in our experiments are shown in
the table2.1. For convenience, we use the company name as the abbreviation of the names
of these two LiDARSs. In our calibration task, there are three LIDARS available, two of them
(S110 north and S110 south) are Ouster LiDARSs, and the other (S110 north west) is a Valeo
LiDAR.

Number of Channels is the most important attribute for the calibration task, LIDAR with more
channels will generate a more dense point cloud in one scan. Quster has 64 channels but Va-
leo only contains 16. Because Ouster has more laser beams, it reaches a higher accuracy
(1.5-10 cm) than Valeo (10 cm).

Another important attribute is the Range of LIDAR, both of them has enough range for our
calibration task.

The quality of point clouds also depends on the rotation rate, the faster, the better.

The bandwidth is also important for the multi sensor calibration and data fusion, because we
need synchronized sensor data, higher bandwidth means lower latency.



2.1 LiDAR Sensor and Point Cloud 9

Company Ouster Valeo
1A plnjl, R
Picture
Type/Model 0S1-64 multi-beam ash LIDAR Gen 2 SCALA 2 (Gen. 2)
Num. Channels 64 16
Range 120 m 150 m
Angular resolution Horiz. 0.18 (512, 1024, 2048) deg 0.25 deg
Angular resolution Ver. 0.5 (0.35 - 2.8) deg 0.6 deg
Precision/Accuracy 1.5-10 cm 10 cm
FOV Horiz. 360 133
FOV Ver. 33.1 (-16 to + 16) 10
Rotation rate (frame rate FPS) 10 or 20 Hz 23 FPS
bandwidth 130 Mbps 9 Mbps
Price $12, 000 EUR 3, 990

Table 2.1: Two types of LIDARs used in our experiment. Attributes of LIDARs are listed on the left. Ver. means
vertical and horiz. means horizontal. It should be pointed out that the performance of Ouster is signi cantly better
than that of Valeo. The data is provided by Walter Zimmer in the AUTOTech.agil project [100].

2.1.2 Properties of Point Cloud Data

A point cloud is a set of points in a certain coordinate system. A point contains a wealth of
information, including three-dimensional coordinate [, y, z], color, re ectivity value, inten-
sity value, time of ight, and more.Figure 2.2 shows an example point cloud.

Typically, point clouds are stored in PCD le format (.pcd). The PCD format has a le
header that describes the overall information of the point cloud: a readable header that de-
nes the number, size, dimension and data type of the point cloud; a data segment that can
be ASCII or binary [47]. The data body part is composed of Cartesian coordinates of points,
and spaces are used as separators in ASCII mode [47]. Figure 2.3 shows an example gfcd
le.

The .pcd storage format is the of cial format speci ed by the PCL library, a typical format
tailored for point clouds. The advantage is that it supports the n-dimensional point type ex-
tension mechanism, which can better utilize the point cloud processing performance of the
PCL library. There are two content formats, ASCII and binary.

Raw point clouds generated by sensors usually have the following disadvantages:

1. High dimensionality: Generally, the point cloud generated by the sensor contains very rich
attributes in addition to Cartesian coordinates, such as re ectivity, intensity, time, etc. Many
dimensions are unnecessary for our task, but they will signi cantly increase the size of the
PCD le and occupy memory, which will slow down the processing time and increase the
computational burden.
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Figure 2.2: Point cloud of S110 intersection on the A9 highway. This point cloud is registered from all 3 LiDARS in
S110 intersection, cropped, 100 times scattered, ltered and only reserve 4 dimension (X, Y, z, intensity), here the

intensity is visualized.

# .PCD v.7 - Point Cloud Data file format
VERSION .7

FIELDS xy zrgb

SIZE4444

TYPE F FFF

COUNT1111

WIDTH 213

HEIGHT 1
VIEWPOINT0001000
POINTS 213

DATA ascii

0.93773 0.33763 0 4.2108e+06
0.90805 0.35641 0 4.2108e+06

Figure 2.3: An example PCD le.Actually .pcd is a .txt le, including header and data body.This PCD le is stored
in ASCII format and only contains four dimensions.
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2. Ineffectiveness: Usually the original point cloud will contain many useless coordinate
points. Some are caused by stains on the LIDAR, while others are points outside the task's
area of interest.

3. Sparsity: Since the density of the laser beam is limited, the point cloud obtained by a
single scan is usually too sparse to fully capture the features of the target. Such a point cloud
cannot be used directly for calibration.

Due to the characteristics of the point cloud listed above, the point cloud acquired from the
sensor needs to be preprocessed before it can be used for calibration.

2.2 Point Cloud Registration

Point cloud stitching and registration refer to the same concept, which is to transform point
clouds at different positions to the same position through the information of overlapping
parts [38]. Below we use the term registration to describe this process. Registration is gener-
ally divided into three categories: coarse registration, ne registration and global registration.

Coarse registration: It is generally used to register two point clouds with very different
positions, such as two frames of point clouds in the camera coordinate system. Coarse reg-
istration methods are roughly divided into two categories: coarse registration with markers
and coarse registration without markers [11].

Fine registration: This generally refers to the ICP registration method. Besl and McKay pub-
lished this methods in 1992 [8]. Nowadays it has become the most fundamental method for
registration. It is mainly used for the point cloud that has been roughly registered and needs
to improve the registration accuracy.

Global registration: The point cloud data registered frame by frame often has cumulative
errors. Global registration can spread the accumulated error to each frame, thereby reducing
the overall registration error [58].

Since the point cloud information obtained from a single perspective can only re ect a part of
the object, there will be dead spots when performing LiDAR to camera calibration. Through
point cloud calibration, point clouds from different perspectives can be fused into one coor-
dinate system to obtain more complete scene information, which can effectively avoid the
mismatch between LiDAR and camera data.

Figure 2.4 shows an example of registered point cloud.
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Figure 2.4: registered point cloud.The point cloud in the gure is obtained by registering point clouds from three
different LiDARs into the coordinate system of S110 south2. This can be seen from the ring scan traces on the
ground. By registering, we can not only obtain the information of the whole scene in a LiDAR coordinate system,
but also take advantage of the details of the overlapping parts of the LIDAR view - which will help the calibration

task.
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2.3 LiDAR-Camera Calibration

Generally, there are two types of methods for calibrating the external parameters between
the LIDAR and the camera: one is to use the 3D-3D constraint, that is, the three-dimensional
laser point (3D) measured by the laser and the three-dimensional coordinates (3D) of the cal-
ibration plate measured by the camera [21]. Both 3D points are used to construct constraints.
The other one is to use 3D-2D constraints, that is, to use laser-measured three-dimensional
laser points (3D) and image two-dimensional features (2D point features, line features) to
build constraints [45].

This thesis mainly explains the method of using 3D-2D constraints to calibrate external pa-
rameters. This method is essentially similar to the PnP [28] and PnL [52] problems.

Perspective-n-Point(PnP) [28] is to estimate the pose of a camera given a set of 3D points in
the world coordinate and their 2D projections in the image frame. It has many variants:

« P3P only use 3 point only use 3 point pairs. It is the oldest version of PnP. It can be
even dated back to 1841 [67].

* EPnP (ef cient PnP) solves the general problem of PnP for n% 4. It was published by
Lepetit, et al.in 2008 [44].

e SQPNP is a non-minimal, non-polynomial solver. It transforms PnP as a non-linear
guadratic program. SQPnP was introduced by Terzakis and Lourakis in 2022 [79].

The Perspective-n-Line (PnL) problem is to estimate the pose of a camera from N 2D/3D line
correspondences [96]:

» P3L use 3 lines to estimate the pose. Many P3P method has been published: Dhome et
al., for example, published their P3P method in 1989 [23], Chen in 1990 [15], and Xu
et al. in 2017 [87].

« The DLT method only need 6 pairs of 3D points and 2D points [1], is the most popular
PnL nowadays.

2 3 2 X 3L
u
16y 7
4 v5=KRtd 5 (2.1)
1 1

As shown in equation 2.1, the aim of calibration is to calculate extrinsic parameters of

a rigid-body transformation based on the matched point pair between LIiDAR and camera.

Where K contains the intrinsic parameters of the camera ,[Rjt]g is the six-degree-of-freedom

(6-DOF) rigid-body transformation, t = (ty,ty,t,) is the translation vector, and R = f (X,

y, 2) is the rotation matrix. Besides that, since the camera and LIiDAR are xed in the

infrastructure of the intersection, we have the initial extrinsic R, and t, , so there is no need
to consider the coarse calibration.

After that we use the initial extrinsic R, and t, and equation 2.1 to project the LiDAR points
onto the camera image. Then we will calculate the reprojection error (i represent i-th. point):

2 3,
Xj

= 1 KIRt]k4 vy S (2.2)
Zi
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We use bundle adjustment(BA) [80] to nd the optimal extrinsic. Bundle adjustment
amounts to jointly re ning a set of initial camera and structure parameter estimates for nd-
ing the set of parameters that most accurately predict the locations of the observed points in
the set of available images. More formally, assume that n 3D points are seen in m views and
let x;; be the projection of the ith point on image j. Let v;; denote the binary variables that
equal 1 if point i is visible in image j and 0 otherwise. Assume also that each camera j is pa-
rameterized by a vectora; and each 3D point i by a vector b;. Bundle adjustment minimizes
the total reprojection error with respect to all 3D point and camera parameters, we have

. X X 2
g i j(Vijd(Q(ajvbi)-Xij)-

where Q(a;, b;) is the predicted projection of point i on image j and d(x, y) denotes the Eu-
clidean distance between the image points represented by vectors x and y .

Optimizing the reprojection error, BA will get a optimal extrinsic.After obtaining the optimal
extrinsic, we project the PC onto a 2D image to gain an intuitive view of the calibration re-
sults. A calibration result of early work is shown in g 2.5.

Figure 2.5: Calibration result from our early work, the lane marks on the ground is not converged and we will
improve the algorithm to get better calibration result in chapter 6.

2.4 Search algorithm

The LiDAR-camera automatic calibration method used in this work rst needs to project the
3D point cloud into the 2D image through the initial extrinsic parameter, and then establish
the LiDAR-camera point pair (edge) through the nearest neighbor search. After that, itera-
tively reduce the distance of all point pairs. Therefore, it is necessary to introduce the nearest
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neighbor search method and the storage method of the data.

2.4.1 KNN

The KNN (K-Nearest Neighbor) algorithm is one of the most basic and simplest algorithms
in machine learning algorithms. It can be used for both classi cation and regression. KNN
performs classi cation by measuring the distance between different feature values. The idea
of the KNN algorithm is very simple: for any n-dimensional input vector, each corresponds
to a point in the feature space, and the output is the category label or predicted value cor-
responding to the feature vector.We search the k nearest neighbours of input points in the
feature space, and classify the input point as the the same category of the neighbours with
largest number [30]. For example, an input vector x that needs to be predicted, we only need
to nd a set of k vectors closest to the vectorx in the training data set, and then predict the
category of x ask. Figure 2.6 shows how a input point is classi ed by KNN.

Q €I o «CI»

A N

Category B Category B

New data point New data point

K-NN assigned to
Category 1
Category A . Category A

L
(] o

Figure 2.6: The input point is assigned to category 1 since it has more points in the neighbourhood of input point.
[41]

2.4.2 KDTree

Usually, when the pixel and point cloud density is small, the nearest neighbor can be found by
directly calculating the distance from the projected point to each pixel one by one. However,
point cloud data usually contains tens of thousands to millions of points, and the number of
pixels of the camera image are usually large, so the cost of calculating the Euclidean distance
one by one is unacceptable.

In order to quickly nd k neighbors, we can consider using a special data structure to store
training data to reduce the number of searches. Among them,KDTreeis the most famous
one.

A KDTree(K-dimension Tree)( gure 2.7) is a binary tree data structure that stores instance
points in k-dimensional space for fast retrieval. This algorithm is equivalent to continuously
dividing the k-dimensional space by using a hyperplane perpendicular to the coordinate axis
to form a series of k-dimensional super-rectangular regions [7]. Each node of aKDTreecor-
responds to a k-dimensional hyper rectangular region. The use of a the tree can avoid most
of the data point search, thereby reducing the amount of calculation of the search.

We use a recursive method to construct &KDTree (1) Construct the root node so that the root
node corresponds to the super-rectangular area of all points contained in the k-dimensional
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Figure 2.7: KDTree example: The 2D space is subdivided by hyper plane, the subdivision is performed recursively
(left) and the corresponding binary tree structure of the subdivided data (right). [78]

space; (2) continuously segment the k-dimensional space to generate child nodes.

Usually, we select the coordinate axis cyclically to divide the space. When a dimension coor-
dinate is selected, we select the median of all training instances on the coordinate axis as the
segmentation point. At this point, the constructed tree is a balanced binary tree, like Fig. 2.7
shows.

Using a KDTree we can quickly nd the nearest neighbor pixels of a large number of pro-
jected points.

2.4.3 Octree

KDTree is usually used for the division and storage of two-dimensional data, but our calibra-
tion also needs to voxelize [32] the 3D point cloud to extract the edges, which requires a
storage method in three-dimensional space. Usually Octree are used for space division.
An octree( gure 2.8) is a tree data structure that subdivided in 8 nodes. Each internal node
has exactly eight children node. Octreesare usually used to partition a three-dimensional
space by recursively subdividing it into eight octants [57].

In our task, Octree will be adopted to store the voxels of point cloud in 3D spaces.

006060 Level 0

OoUbdpOleneRegeEE  Level 1

Level 2

Figure 2.8: Topology of octree. The space is subdivided into 8 sub spaces (left), each node also has 8 children
(right).The partition will be conducted recursively [43].
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2.5 Evaluation Metrics

For LiDAR to HD map calibration, we choose the RMSE loss as the metric.

RMSE (Root Mean Square Error) is the square root of the ratio of the square of the deviation
between the predicted value and the true value to the number of observations n [14].

\Vi -
t € >
RMSE=

n, ——t (2.3)

S|k

For automatic LIDAR to camera calibration, we use the normalized optimization cost
NmimhrT (3, ) 1r [50] to represent the convergence of the extrinsic parameter.lt was de-
rived from the MLE loss in the paper published by Liu et al.. The underlying principle is
introduced in 5.1.

We also adopt benchmark to evaluate the performance of calibration in Chapter 7.We directly
use difference of the PRY (pitch, roll, yaw) in degree and XYZ difference (in meter) between
calibraion result and the benchmark (manual calibration result) as the metrics.

Losss EXtrinsiCesyt EXtrinsiCyenchmark (2.4)






Chapter 3

Related Work

This chapter gives an overview of the related work in the automatic sensor calibration do-
main. Section 3.1 introduces some well-known datasets in the eld of LiDAR to camera
calibration. Section 3.2 describes several state-of-the-art target based LIDAR to camera cali-
bration methods and targetless methods. In Section 3.3 we will introduce some upsampling
methods.

3.1 LiDAR-Camera Calibration Datasets

This section mainly introduces the commonly used datasets for LIDAR-camera calibration
tasks. Typically, LiDAR-based 3D object detection datasets and autonomous driving datasets
are adopted for calibration tasks. So the dataset presented here is actually mainly used for
3D object detection. This section contains new datasets, from the highly cited KITTI dataset
to the current research frontier of multi-modality, time-series fusion, etc.. According to the
scene, the datasets can be divided into indoor and outdoor datasets. We will also highlight
the outdoor dataset for infrastructure, which will be directly related to our experiments—the
A9 dataset.

3.1.1 Indoor Datasets

The indoor 3D object detection is a relatively a new research eld. It mainly include Scan-
NetV2 and SUN RGB-D.

ScanNetV2 is an indoor dataset proposed by Stanford University, Princeton University and
Technical University of Munich in CVPR18SH (Fig. 3.1). ScanNet is an RGB-D video dataset,
which can be used for semantic segmentation and target detection tasks. It contains a total of
1513 collected scenes'. ScanNet contains a total of 21 categories of objects, of which 1201
scenes are used for training and 312 scenes are used for testing [75]. The dataset contains
2D and 3D data. The 2D data includes N frames in each scene; in order to avoid overlapping
information between frames, every 50th frame is taken [18]. 2D labels and instance data are
provided as .png image les. Color images are provided in 8-bit RGB.jpg les and depth
images as 16-bit.png les [18]. The information contained in each frame is color, depth,

1The number of point clouds in each scene is different[75]. If you want to use end-to-end, you may need to
sample (using e.g. FPS sampling), so that the points of each scene are the same.
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instance-label, label, and corresponding pose. The 3D data is a series oply les.

allenge
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Figure 3.1: ScanNetV2, contain a total of 1513 collected scenes. The gure is captured from the of cial website
of ScanNet Benchmark [74].

SUN RGB-Dis an indoor dataset proposed by Princeton University for segmentation and de-
tection tasks(Fig 3.2). This dataset contains 10335 RGB-D images and is similar in scale to
Pascal VOC [82]. The entire dataset is densely annotated, including 146,617 2D polygon
annotations and 64,595 3D bounding boxes with precise object orientations, as well as 3D
room layouts and scene categories for each image [73]. The data set is the union of the three
datasets:NYU depth v2, Berkeley B3DO, and SUN3D [73].

Scene Classification ~ Semantic Segmentation

e — ’ T8

N

Detection and Pose Total Scene Understanding

Room Layout

Figure 3.2: SUN RGB-D.The guere is accessed from the of cial website of SUN RGB-D [82].

3.1.2 Outdoor Datasets

The KITTI dataset is jointly established by the Karlsruhe Institute of Technology in Germany
and the Toyota American Institute of Technology (Fig. 3.3). It is currently the largest com-
puter vision algorithm evaluation dataset in the eld of autonomous driving scenario over
the world [46]. This data set is used to evaluate the performance of computer vision tech-
nologies such as stereo, optical ow, visual odometry, 3D object detection and 3D tracking in
the vehicle environment. KITTI contains real image data collected from scenes such as urban
areas, rural areas, and highways [59][77]. There are up to 15 vehicles and 30 pedestrians in
each image, as well as various degrees of occlusion and truncation [77]. The entire dataset
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consists of 389 pairs of stereo images and optical ow maps, a 39.2 km visual odometry se-
guence, and images of more than 200k 3D labeled objects, sampled and synchronized at a
frequency of 10 Hz [31]. Overall, the original dataset is categorized as 'Road', 'City', 'Resi-
dential', 'Campus' and 'Person' [31]. For 3D object detection, the label is subdivided into car,
van, truck, pedestrian, pedestrian (sitting), cyclist, tram and misc [76].

Figure 3.3: KITTI, gure was accessed from the of cial website of KITTI[76]

The nuScence dataset (Fig 3.4) consists of 1,000 scenes, each scene is 20 seconds long, and
contains a variety of scenarios; in each scene, there are 40 key frames, in another word,
there are 2 key frames per second [12]. The key frames are manually marked, and there
are several annotations in each frame, the form of the mark is a bounding box. Not only
the size, range, but also category, visibility, etc. are marked. This dataset released a teaser
version (containing 100 scenes) in 2018, and the of cial version (1,000 scenes) was released
in 2019 [12].

Figure 3.4: Nuscence dataset.The picture was accessed from the of cial website [39]

The Oxford Robotcar (Fig 3.5) was proposed by the Robotics Laboratory at the University
of Oxford. Its radar is a Navtech CTS350-X frequency-modulated continuous wave (FMCW)
scanning radar. It provides a range resolution of 4.38 cm, a rotational resolution of 0.9 de-

grees, and a maximum range of 163 m[55].

Figure 3.5: Oxford Robotcar,the picture was accessed from the of cial website [40]
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PandaSet(Fig 3.6) was collected in San Francisco. It contains a total of 48,000 camera im-
ages, 16,000 LiDAR scans, 100+ scenes, each scene is 8 seconds long and contains a total
of 28 annotation classes and 37 semantic segmentation labels[71]. It is an object detection
dataset for autonomous driving scenes that integrates industry and academia.

Scene #5 :

Figure 3.6: PandaSet,the picture was accessed from the of cial website of PandaSet [71]

Waymo, the self-driving company owned by Google's parent company Alphabet, announced
the Waymo Open Dataset project on its blog on August 21, 2019[86]. As far as data is con-
cerned, Waymo contains 3,000 driving records, with a total duration of 16.7 hours and an
average length of about 20 seconds; 600,000 frames, a total of about 25 million 3D bounding
boxes, 22 million 2D bounding boxes, and a variety of autonomous driving scenes[53].

3.1.3 Outdoor infrastructure Dataset

The infrastructure dataset is a subset of the outdoor dataset. Since our calibration task is
based on the infrastructure sensor in the S110 intersection, we will introduce the dataset
directly related to our calibration task—the A9 dataset.

The importance of autonomous driving technology based on data-intensive machine learning
has become increasingly prominent, and high-quality real-world data is an important pre-
requisite for this technology[16]. In order to collect and study the detailed traf ¢ data for
developing further value added services , project Providentia++ came into being; and has
been changed the name to Providentia++ with the Chair of Robotics, Arti cial Intelligence
and Real-time Systems at the Technical University of Munich's Department of Informatics
serving as consortium leader[81].
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A9-Dataset was released by project Providentia++ based on roadside sensor infrastruc-
ture from the 3 km long Providentia++ test eld near Munich in Germany. "The dataset
includes anonymized and precision-timestamped multi-modal sensor and object data in high
resolution, covering a variety of traf ¢ situations; the rst set includes in total more than
1000 sensor frames and 14000 traf ¢ objects [16]." It contains LiDAR frames from two gantry
bridges on the A9 highway in munich with the corresponding objects labeled with 3D bound-
ing boxes [81]. Fig 3.7 shows an example of labeled data in A9 dataset.

Figure 3.7: "Labeled frames from LIiDAR and cameras on two measurement stations on the freeway [16]"
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3.2 LiDAR-Camera Calibration Methods

Extrinsic calibration is a well-studied eld in robotics and is mainly divided into two cate-
gories: target-based and targetless. The primary distinction between them is how they de ne
and extract features from the sensors.

Geometric solids, AprilTag(Fig. 3.8) and chesshoards have been widely used in object-based
methods. It is mainly due to their explicit constraints on plane normals and the simplicity

of problem formulation. With these easily identi able objects, the correspondence between
point clouds and images can be easily established and high accuracy can be achieved. How-
ever, due to the need to place targets in scenes, this method cannot be used in real-world
autonomous driving scenarios at all.

Figure 3.8: An example of target for calibration, here the AprilTag was used in earlier manual calibration task of
Providentia++ project [99].

Targetless methods do not detect explicit geometric shapes from known targets. Instead, they
use the plane and edge features that exist in nature.

3.2.1 Target-based Methods

This section will introduce some target-based calibration methods.

The Camera Laser Calibration Tool is a ROS-based automatic calibration toolbox for single-
line laser and camera extrinsic calibration[93]. The calibration principle is shown in Fig. 3.9.
The camera estimates the plane of the board in the camera coordinate system through the
AprilTag. Since the point cloud falling on the TAG has easily identi able geometric features,
these features (such as straight lines) can be used to establish the correspondence between
point cloud and pixel.Once the correspondences is built,the algorithm calculates the distance
from the point to the plane as the error, and solves it using the nonlinear least squares
method.

In the paper "LiDAR-Camera Calibration using 3D-3D Point correspondences " intro-
duced by India IlIT Robotics Research Lab, they implemented two methods. The rst method
is based on 2D-3D correspondences, using a hollow rectangular cardboard as the target,
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Figure 3.9: Camera Laser Calibration Tool,using AprilTag on the plane as the target for detec-
tion.Correspondences will be established between AprilTag in the image and the LIiDAR point clouds on the plane
(the line in the gure) [93].

manually marking 2D corner pixels on the image; manually selecting line intersection in the
point cloud to solve 3D corner points, and then using PnP and RANSAC to get the extrinsics
[22].The second method is based on 3D-3D correspondences, the main difference from the
rst method is the extraction of features in the image. By using the two-dimensional ArUco
markers, the 3D coordinates of the corner points in the camera coordinate system can be
directly calculated, and then the extrinsic parameters can be solved by ICP [22].

The ILCC method from Nagoya University, Japan, is a unique 3D corner extraction method.
Based on the correlation between the point cloud re ection intensity and the color mode, a
chessboard is used to estimate the corners in the point cloud. The principle shows in Fig.
3.10.

The overview of the proposed method is illustrated in the Fig. 3.11). First, the point cloud
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Figure 3.10: (a) chessboard; (b) point cloud of the chessboard. Colors indicate the intensity (blue for low and red
for high re ectance intensity); (c) Find a matrix that translates the most 3D points on the corresponding patterns
on the board and estimate corners(Green points); (d) Consider the corners of the chessboard as the that of point
cloud [85].

obtained from the LIDAR is segmented into multiple parts. The corners of the chessboard
in the point cloud are estimated by minimizing a de ned cost function. On the other hand,
corners of the chessboard in the image are detected. A correspondence of the corners is built
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based on the prede ned counting order. The corresponding pairs are then used to estimate
an initial value of the transformation matrix by solving an absolute pose problem. Finally,
the value is re ned by optimizing a nonlinear cost function.

Point Cloud Segmentation ngst:ggg;d E(s;;?r;g?{on
Build Initial value Refinement by
Correspondence by Non-linear
absolute pose optimization
Panoramic Corner
Image Detection

Figure 3.11: Overview of the ILCC pipeline. Detecting corners in 3-D point cloud and camera image, then use
use chessboard to build the correspondence and use it for calibration [85].

Fang,C. et al. proposed an extrinsic calibration method using multiple cameras and 3D
LiDARs. It is asingle-shot solution for calibrating extrinsic transformations among mul-
tiple cameras and 3D LiDARs . They establish a panoramic infrastructure, in which a camera
or LIDAR can be robustly localized using data from a single frame [27]. Experiments are
conducted on three devices with different Camera-LiDAR con gurations, showing that their
approach achieved good calibration accuracy.The result shows in table 3.1

Reprojection Standard
Method Frames Baseline (cm) proJ Deviation
Error (px)
(cm)
Kalibr 150 12.09 0.18 0.01
AprilTags 1 12.01 0.62 0.13
CCTags 1 12.11 0.31 0.04

Table 3.1: Comparison results of the stereo camera, the reprojection error is within 1 pixel for all 3 cases [27]

3.2.2 Targetless Methods

This section will introduce targetlesss methods. Compared with target-based methods, tar-
getless methods don't require a pre-deployed target in the scene and are capable to extract
features (points, edges, lines and planes etc.) from raw data. So they have better prospects
in the eld of autonomous driving and our automatic calibration method is also based on
targetless methods.

CRLF[54] extract line features and use P3L to calculate the extrinsic. For line feature extrac-
tion in LIDARS, they separate the point cloud into ground and background(objects). They use
the intensity of the re ection to extract the lane on the ground; furthermore, a grid is used
to separate the background point cloud. And they select the points with suf cient height in
the background, then using RANSAC to t the line in point cloud. For the camera image they
useBiSeNET-V289] to make semantic segmentation, and useDense CRE35] for re nement.
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Fig.3.12 shows how line features are extracted.

Figure 3.12: CRLF extracts straight line features from both the image (white region) and point cloud (pink points),
and estimates the coarse calibration by solving the P3L problem under line feature constraints [54].

For the calibration they do coarse calibration rst (P3L problem). Then they minimize the
cost function of the correlation. The experiment is based onKITTI [77] dataset.

The next method (Online Camera-LiDAR Calibration with Sensor Semantic Informa-
tion ) introduced an online calibration method that can automatically computes the optimal
rigid motion transformation between the aforementioned two sensors. And maximizes their
mutual information of perceived data, without the need of tuning environment settings [97].

By formulating the calibration as an optimization problem with a novel calibration quality
metric based on semantic features, they successfully and robustly align pairs of temporally
synchronized camera and LiDAR frames [97].

As the Fig.3.13 shows, they extract semantic objects in the images instead of edge features
like most line-based targetless calibration methods. The main disadvantage of the Canny edge
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detector is the robustness in complex environments, when there is shadow on the ground or
the surface texture of the objects are too complex, Canny edge detector[13] will extract many
useless edges, which will build wrong correpondences between LIiDAR edges and image edges
and in uence the quality of the calibration.

Figure 3.13: Semantic segmentation(bottom) instead of Canny edge detection(middle) is used to extract features
from images.The Canny's edge detector extract too much "fake" edges(for example:shadow), but semantic based
avoid this problem [97].

In order to optimize the extrinsic, a cost function is established to encourage proper pro-
jection of the LiDAR points onto the semantic objects. As Fig. 3.14 shows, the cost function
will give the highest score of the projection on the left, which indicates the optimal extrinsic.

‘.
*

*ereee e e,
42000000,
*ereee e,
P00 0000,
222 2 2R 2 X

*

(2222 22 L 2
22 ET TR TN
bhbbbdb b,
(22T ETE T
resrese e,
22T TR T 8
(22222 T T
At
T Y Y

LA R R R R E R

2 X2 X X R XX
A A A AL 2 L PN
9990090
‘A2 X2 & K X X

v\ A A E R K R

Figure 3.14: Projection of point cloud on the zone of interest. Good projection(left), bad projection(others). The
projection on the left will get the highest score [97].

In [94], the authors proposed a line-based automatic extrinsic calibration method be-
tween the LIiDAR and camera, which can be applied in real-world scenes. Initially, the line
features are extracted and ltered from point clouds and images. Afterwards, an adaptive
optimization is utilized to provide accurate extrinsic parameters. Fig.3.15 shows the calibra-
tion pipeline.
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Figure 3.15: Pipeline for the line-based automatic extrinsic calibration. Preprocessing of the input data(left).
Feature extraction(middle). Build correspondence and optimize the extrinsic(right two images) [94].

Another targetless LIDAR to camera calibration method was proposed in [60]. This
method consists of a novel co-registration approach: using local edge features in arbitrary
environments to get 3D-to-2D errors between the data of camera and LiDAR [60]. Based on
the 3D-to-2D errors, the relative transformation (i.e. extrinsic parameters) can be estimated.
In order to nd the best transform solution, they use the perspective-three-point (P3P[67])
algorithm (Fig. 3.16).

To re ne the nal calibration, they use a Kalman Filter [42], which gives the system high
stability against noise disturbances(Fig. 3.17). The presented method does not require any
target, or a structured environment. Therefore, it is a target-less calibration approach and
robust to changing environments.

uk* PREPROCESS e
Camera
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P— Point Cloud i - Cloud projected (D) Matches A[R|t]obs
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Figure 3.16: Calibration pipeline. Preprocessing and the projection of the LiDAR points in the image plane(left).
co-register the feature points in LIDAR with points in the image, obtaining the 3D-to-2D matched pair and
its errors(middle). Estimating extrinsic parameters using the P3P algorithm and perform inlier detection using
RANSAC(right) [29] [60].

In SOIC [84](Semantic Online Initialization and Calibration) the authors introduce a se-
mantic based method. They get rid of the dependence on the initial value of the targetless
calibration method. As Figure 3.18 shows, SOICremoves this limitation by introducing Se-
mantic Centroids(SC) to transform the initialization problem into a perspective-n-point (PnP)
problem.
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Figure 3.17: Whole pipeline including Kalman Iter. The blue block stands for the calibration methods in Fig.3.16.
Output of this block is taken as observation in a dynamic system and ltered with a Kalman lIter (orange block).

The yellow block represents the observation's noise model. The initial guess is the calibration with which the whole
process starts [60].
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Figure 3.18: SOIC estimates the extrinsic between LIDAR and camera based on the semantic matching of point
cloud and image(left). Correspondence of semantic centroids with initial parameters(right). Green numbers in-
dicate semantic centroids from images and blue numbers are from semantic centroids of projected point clouds.
Red line shows the correspondences [84].
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3.3 Point Cloud Upsampling

In real-world LIiDAR scanning, the state of the point cloud is not always ideal due to the
performance limitations of the hardware, the in uence of the environment, and the occlusion
of the viewing angle. The sparsity of the point cloud and the occlusion of the objects in
the scene will lead to the lack of texture, which may cause the mismatch between LIiDAR
and camera data. Scattering can increase the density of the point cloud to a certain extent
to improve the sparsity of the point cloud, but it cannot generate the point cloud of the
occluded part. Therefore, we adopt the technique of point cloud upsampling. Fig 3.19 shows
the classi cation of upsampling techniques.

Pointcloud
Upsampling

Optimization Deep learning
based methods based methods|

Direct Supervised

Triangulation Sl

Locally implicit Unsupervised
methods

Sampling

Global implicit
methods

Figure 3.19: Upsampling technique. Upsampling can be divided into optimization based methods and deep learn-
ing based methods. Optimization based methods can be subdivided into 3 main categories, and deep learning
base method can be distinguished by whether it is supervised(left). Figure on the right shows the point cloud
before(top) and after(bottom) upsampling. We can see the texture is re ned by upsampling.

3.3.1 Optimization based method

Optimization based methods are early approaches for point cloud upsampling. They are
mainly used for 3D texture reconstruction. Most classic 3D reconstruction methods are based
on direct triangulation. Robert Sitnik et al. [72] introduced a Mesh3Dalgorithm used for
triangulation of point clouds obtained from real 3D objects via optical scanning systems.
The algorithm is characterized by a high level of automation. The implementation of this
kind of a complex assessment system enables us to improve the smoothness and continuity
of the mesh, which allows us to obtain more realistic and visually better reconstructions of
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objects[72].

Visual sample of Direct triangulation

e Encodes the building blocks for faces/edges of possible reconstruction;
e Not guaranteed to generate a manifold surface
e Assumes the sampling is uniform

Figure 3.20: Take any three points on the plane and draws the Voronoi diagram. After obtaining the Voronoi
diagram, select the center of the largest circle and project it onto the mean least square surface to obtain an
additional point. Repeate the process until the radius of the largest circle is less than the speci ed threshold(This
picture is a screencut from a youtube video) [4].

The rst algorithm for point cloud upsampling was proposed in 2003 [5]. They de ned a
smooth manifold surface from a set of points close to the surface, upsampling the point set
by interpolating the points as vertices of a Voronoi diagram [64] (see Fig. 1.20) on a moving
least squares (MLS) surface [5]. Constructing the Voronoi diagramm recursively until the
threshold is reached.

Subsequently, Lipman et al. introduced the locally optimal projection operator (LOP) for sur-
face approximation from point set data [48]. The operator is parametric free in that it does
not rely on estimating local parameters, tting local planes, or using any other local para-
metric representation [48]. Therefore, it can handle noisy data that confuses the orientation
of points. LOP is proved to be robust to noise and outliers. There are also modi cations
of LOP. Huang et al. [37] published a weighted locally optimal projection (WLOP), which
adds local adaptive density weights to LOP.With the purpose to make the original point cloud
distribution more even. Preiner et al. [65] established a WLOP operator based on a Gaussian
mixture which describes the input point density, called Continuous LOP (CLOP). Compared
with WLOP, CLOP adopts more patrticles instead of input points, generating better upsam-
pling results [65].

Different from LOP, Dinesh et al. [24] proposed a 3D point cloud super-resolution local al-
gorithm based on the so-called GTV (graph total variation). First, they initialize new points
at centroids of local triangles formed using the low-resolution point cloud, and connect all
points using a k-nearest-neighbor graph; then the bipartite graph approximation is conducted
to divide all nodes into two detached subsets [24]. They will be optimized until convergence
to build correspondences. This algorithm is veri ed by Stanford 3D scanning repository data.
In general, although the optimization-based method can achieve the purpose of upsampling
the point cloud to a certain extent, the convergence speed is also relatively fast. But they rely
on prior data and thus have signi cant limitations.
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3.3.2 Deep Learning-Based Methods

The application of deep learning to point cloud upsampling has gradually become a popular
research topic with various achievements in the past decade. Deep learning based point cloud
upsampling can be divided into supervised point cloud upsampling and unsupervised point
cloud upsampling.

Supervised Point Cloud Upsampling

Supervised point cloud upsampling is trained with both low-resolution point clouds (as train-
ing set) and corresponding high-resolution point clouds (as label). They are mainly composed
of following components, namely feature extraction, upsampling, point set generation and a
loss function [95]. A schematic diagram of the network model is shown in Fig. 3.21:

. Loss
" Function
. . Point set
Feature Extraction » Upsampling Generation
N x 3 NxC N x rC L

Figure 3.21: General work ow for unsupervised upsampling. Firstly extract feature from input point sets, then do
upsampling and generate the new points, nally use the generate point set and the initial input points to get a loss
function, continuing optimize the function and upsample the point set until convergence [95].

Yu et al. [90] published the rst deep learning model for point cloud upsampling, PU-Net
They adopted two feature learning strategies: hierarchical feature learning and multi-level
feature aggregation [90].

Zeng et al. [92] proposed a spatial feature extractor block to extract local features. Wang
et al.[88] proposed a multi-step point cloud upsampling network (MPU). Point features are
extracted from local neighborhoods through a KNN algorithm based on feature similarity
[88].

Unsupervised Point Cloud Upsampling

Training upsampling networks using supervised learning methods has been widely adopted,

but there is a fatal absence in practical applications. Generally speaking, few people in the

business use both low-resolution LIDAR and high-resolution LiDAR to collect the same point

cloud. Because such behavior is uneconomical. This makes it impossible to obtain downsam-
pled data when using live data for training. This makes unsupervised upsampling methods

gradually receive attention.

Liu et al. [61] proposed a new autoencoder, local to global autoencoder (L2G-AB. It can be
applied to the application of unsupervised point cloud upsampling [61]. But the performance

is still not satisfying , because this unsupervised method do not have ground truth label for
training.

Even unsupervised methods have a better prospect, but its' performance is still limited.






Chapter 4

Manual Calibration

In this chapter, we will introduce the solution and experimental details for manual calibra-

tion (including manual calibration of LIiDAR to HD map and manual calibration of LiDAR to

camera), and show some guantitative results (extrinsic) and qualitative results (visualized
results). In Section 4.1 we will introduce the calibration of LIDAR to HD map. In Section 4.2
we will introduce how we manually calibrate a LIDAR to a camera.

4.1 LiDAR-HD Map Manual Calibration

In this section we will introduce the calibration of LIiDAR to HD map. Section 4.1.1 will
brie y introduce the concept of a HD map. Section 4.1.2 will introduce the OpenDRIVE25]
(1.4 and 1.6) standard we will adopt for the calibration. Section 4.1.3 will introduce our HD
map calibration solution in detail. Section 4.1.4 will show some of our calibration results. In
Section 4.1.5 we will discuss the process and results of HD map calibration.

4.1.1 HD Map Structure

The current high-de nition map usually refers to the map used for automatic driving assis-
tance, and needs to be compared with traditional navigation maps.

A high-de nition map can reach centimeter level accuracy (Atlatec team achieved less
than 3 cm deviation in their test) [17], provide more detailed elements, richer attributes,
higher dimensions, and a fast update frequency with high precision [83]. This makes it an
electronic map that can assist in achieving more reliable fusion of high-precision positioning
functions, providing beyond-the-horizon environment perception capabilities, and providing
optimal path planning at the lane level.

Comparison With Navigation Maps

The main differences between HD maps and traditional navigation maps are the following:

» Usage: Navigation maps are usually used for human drivers, whereas high-de nition
maps are used for machines.
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« Accuracy: The accuracy of the navigation map has an error above the meter level (5-10
meters) [17], whereas the accuracy of high-de nition maps is at the centimeter level.

* Map elements: In high-de nition map, road elements and traf c-related dynamic el-
ements are more abundant: such as detailed lane lines, road signs, traf ¢ signs, traf-
c lights, lane curvature, slope and lane-level real-time traf ¢ dynamic information.It
mainly serving the automatic driving environment judgment, decision-making, control,
etc.. While navigation map only reach the road level [49] [56].

The difference of normal navigation maps and HD map is shown in Figure 4.1.

Figure 4.1: Example of normal navigation map: Here the S110 intersection of the test stretch is shown in google
maps. There is only route information in the map [34](left gure). As a comparison, the same area is presented in
the HD map with much more detailed features, including buildings, traf ¢ signs, lane marks etc. (right gure).

Usage of HD Maps

HD maps can provide a full range of assistance for autonomous driving applications:

Positioning: Combined with high-precision map and point cloud maps, the vehicle can
achieve visual positioning and point cloud positioning [83].

Perception: By providing road information and other prior knowledge to assist vehicle
sensors to narrow the recognition range, improve recognition ef ciency, reduce error
rates. And at the same time make up for other sensor perception defects in certain
environments (such as other sensor failures in rain, snow, and darkness) [17].

Planning and prediction: High-precision maps can combine navigation planning, real-
time road conditions, automatic driving function levels, and suitable automatic driving

routes to help vehicles perform lane-level path planning, and predict road conditions
and obstacles ahead based on prior knowledge and real-time road conditions [56].

Safety: Based on the known road information on the map, such as known obstacles,
road signs and other characteristic information; it can detect and match with sensors
in real-time, improve redundancy and reduce misjudgment [49].

HD Map Categories

At present, there is no uni ed opinion on the de nition, content and layering of HD maps. A
classi cation method for HD map is: vector map, feature map and point cloud map:

* Vector Map: Contains lane model, road components (objects) and road attributes.
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« Feature Map: Is a feature vector layer that can support vehicle visual positioning ex-
traction.

* Point Cloud Map: Is built up of several scanning LiDAR point cloud layers.

Figure 4.2: Vector map Figure 4.3: Feature map[26]

Figure 4.4: Point cloud map[83]

Figure 4.5: A vector map only contains the lane model, road components (objects) and other geometric features
on the road. Feature Map represent those objects with more detailed textures and can be used for image recog-
nition. A LiDAR point cloud map is made of 3D points perceived by LiDAR sensors.

Our HD map calibration will only use a vector map.

4.1.2 OpenDRIVE

OpenDRIVEHs an international common standard formulated by ASAM, a German organisa-
tion. The OpenDRIVHormat is based on the Extensible Markup LanguagéXML), and the le
suf xisin .xodr format, which is a general standard for describing roads and road networks.
The data stored in OpenDRIVEles describes the geometry of the road and the features along
it and de nes the traf ¢ signs that can affect the traf ¢ logic as well as road infrastructure
such as lanes and signal lights[25].

The road information is described in the .xodr le, which is built based on experience, and

can also be generated based on real road data. The main purpose dpenDRIVES to provide

a road network description that can be used for simulation, and to enable these roads and
road network descriptions to be customized or changed in the simulation platform or simu-

lation software[25].

OpenDRIVHescribes various information in the road with nodes and elements according to
the XML format. Such a common format facilitates a high degree of specialization for virtual
simulation testing and maintains the interoperability required for data exchange between
different countries.
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OpenDRIVE Structure

Figure 4.6: Example of .xodr le under standard of OpenDRIVE 1.4. As highlighted in the gure,the object "gantry"
is stored as an "object" type and represent by a set of features in oating point number.

AS gure 4.6 shows,OpenDRIVHlata is stored in XML les with the .xodr extension. The
OpenDRIVEIle structure complies with XML rules. Elements are arranged by rank in the
XML format, and elements with a rank greater than zero (0) are child elements. Elements
with level (1) are called master elements. Each element can be extended with user-de ned

data. EachOpenDRIVEle will have a main element <OpenDRIVE=and all feature classes
describing roads are its child elements.

All oating point numbers used in OpenDRIVEare IEEE 754 double precision oating point

numbers; in order to ensure the accurate representation of oating-point numbers in XML,

oating-point numbers in XML should use a known correct precision[63]. Generally, 17 sig-

ni cant gures are reserved to describe numbers[63]. All attributes available in OpenDRIVE
les are fully annotated in the UML model:

< Unit: Unit of e.g. road length or speed.

« Type: Describes the data type of an attribute, which can be a primitive data type, such
as string, double, oat, or a complex data type referring to an object.

» Values: Values determine the range of values for a given property, for example:

<geometry

$="4.9957524872074799e+02"
Xx="4.9469346060416666e+02"
y="5.3447643627860181e+01"
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hdg="5.8804473418180125e-02"
length="6.2079164697363019e+01">
<line/>

</geometry>

Among them, geometry represents the road unit to be described by the current element,
and the attributes of geometry include s, x, y, hdg and length, and their values follow.

OpenDRIVE Coordinate Systems

OpenDRIVHRises three types of coordinate systems, as presented in Figure 4.7:

» The inertial [x,y,z] coordinate system, also called Cartesian system (global)
» The reference line [s,t,h] coordinate system

* The local [u,v,z] coordinate system

Figure 4.7: Inertial system (left), reference line system, which is based on a start point and a line (middle), local
Cartesian system (right).

The reference line coordinate system applies to reference lines along corridors. Figure 4.8
shows how a reference line system is built. The relationship among coordinate systems is
described in Figure 4.9.
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Figure 4.8: Reference line coordinate system is a right-handed coordinate system. The s direction is along the
tangent of the reference line and t direction is orthogonal to the s direction. Then h is de ned as the up direction
orthogonal to the X- and y-axes.[63]

Figure 4.9: Relationship of coordinate systems: The origin of a local system is recorded in the reference line
system. And the reference line system is built based on an reference line in the global inertial system [63].
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OpenDRIVE Objects

In OpenDRIVEobjects are represented by the<objects> element within the <object> el-
ement. Objects are de ned per <road> element. Each object establishes a local coordinate
system based on the starting point of its road as the origin, and is represented by a reference
line coordinate system,as presented in gure 4.10 below.

Therefore, to calibrate the LIiDAR point cloud to a HD map, itis rst necessary to convert the

Figure 4.10: Gantry in S110 intersection on the A9 highway.The gantry is stored as object and described by a
set of key points. Here ve key points are used for the description, each point is represented with a reference line
system in the format of [s, t, dz(h)]

objects represented by thest local coordinate system to the global x yz coordinate system of
the HD map. This step will make use of the work of our colleague Marcel Bruckner[10].

4.1.3 Solution

In this section we will introduce the HD map manual calibration pipeline in detail.

HD Map Manual Calibration Pipeline

Figure 4.11: Pipeline for HD map calibration. First specify the points used for calibration, and extract them from
the .odr le [10] and also pick the corresponding LiDAR points in point clouds. Then perform SVD [6] based
calibration to get the extrinsic. For visualization, project onto the image using the extrinsic and intrinsic parameter
of camera-HD map calibration from early work of our team.

As shown in Fig. 4.11, LIDAR HD map manual calibration consists of three main steps.
First obtain the coordinates of the corresponding points in the corresponding LiDAR and HD
map in their respective coordinate systems, and then obtain extrinsic results throughSVD
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(singular value decomposition) calibration method, and nally use the obtained coordinates
of the camera in the HD Map and the intrinsic[98] to project point cloud to the 2D image.

Point Extraction

The calibration of LIDAR to HD map is essentially a 3D-3D calibration, and all manual meth-
ods for 3D point cloud registration apply here. For the automatic calibration method, due to
the structure of the OpenDRIVEle, it is not applicable.

As shown in Fig. 4.12, the gantry with rich features in reality is only represented by a rect-
angle in the HD map. To make matters worse the bottom of the rectangle is not the bottom
of the gantry board, but the bottom of the stand. This representation brings up two problems:

1. Inthe .xodr le of the HD map, different objects are represented in various ways. For
example, the tree has only two points (bottom, top) and the height is different from the
actual situation. However the gantry shown in the gure below is represented by ve
key points. Lane marks are even not classi ed as objects. The variety of formats makes
it impossible to use automatic methods to extract.xodr les, because each object needs
to be manually screened and corrected.

2. The sparsity of object representations in HD maps does not match the dense point
clouds in LIDAR, which makes automatic calibration algorithms unsuitable for this cal-
ibration. Therefore, the 3D keypoints (corners) in the point cloud must be selected
manually.

Figure 4.12: Gantry in real world (up left), gantry in point cloud (up right), gantry in OpenDRIVE viewer is repre-
sented only as a square (bottom left), gantry in OpenDRIVE le (bottom right).

For point clouds, we manually pick keypoints using pcl viewer For the HD map, we use the
xodr viewerto get the object ID we need. Using the work from Bruckner[10], the objects in
the .xodr le are transformed into the global coordinate system. Finally, the corresponding
object is found through the ID, and its Cartesian coordinates relative to the HD map oringin
are obtained.
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Since the lanemark does not belong to the object, in order to calibrate the ground features,
we use a little trick. We change the lanemark type within the .xodr le to object and give
it a special label as gure 4.13 shows.

Finally we get the points as the gure 4.14 represented.

Figure 4.13: Lane marks transformed to objects, and each key point on lane marks is given a special index for
parsing.

Figure 4.14: Points extracted from the HD map and visualized by pyplot (represented in HD map coordinates).

Calibration

After the corresponding points are obtained manually, the point pairs can be calibrated to get
the extrinsic parameter. We adopted the SVDmethod to calibrate the acquired point pairs.
The reason is that the origin of the HD map is very far away from the LiDAR, and there is a
problem with the accuracy of the initial extrinsic [98]:the initial extrinsic are calculated based

on a false data about coordinate of s110 base station,it was about 2 meters and 10 degrees
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deviated from the ground truth. On the basis of manually establishing the corresponding
relationship, SVDcan quickly obtain accurate and reliable calibration results without initial
values. Our method for SVDcalibration refers to [6].

Projection

After obtaining the extrinsic information from LIiDAR to HD map, we can use the already
available extrinsic from camera to HD map to calculate the extrinsic from LiDAR to camera.
This result can be used to project the point cloud to the image to obtain intuitive qualitative

results, and can also be used as an initial extrinsic for automatic calibration.The projection
result are shown in section 4.1.4

4.1.4 Results

In this section we will present some qualitative and quantitative results.

Problem statement

We will calibrate the two LIDARs (S110 north and S110 south) located at the S110 intersec-
tion of the Test Stretch to the HD map coordinate system. And use the available intrinsic of
the S110 south2 camera and its extrinsic to get the projection result.Figure 4.15 shows the
origin of HD map in A9 dataset.

Figure 4.15: Overview of the origin of the HD map of the A9 dataset. A red square represents the origin of the
HD map, a green square represent the origin of S110 sensor base station.

Results - S110 North LiDAR to HD Map Calibration
The calibration result of S110 north to HD map is visualized in Fig. 4.17.
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Figure 4.16: LiDAR S110 north before calibration. A cross represent points in the HD map, a circle represents
LiDAR points which are transformed into the HD Map coordinate system. A green line represent the residual error.
The extrinsic used the false initial extrinsic in [98].

Figure 4.17: LIDAR S110 north after calibration. A cross represent points in the HD map, a circle represents
LiDAR points which are transformed into the HD Map coordinate system. A green line represent the residual error.
After our calibration the points are converged and errors (green line) are reduced.
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The extrinsic of S110 north LIDAR into HD map is listed in Eqg. 4.1.

0.99748532 0.06865866 0.01757912  434.74851344 3

(4.1)

2
0.06910888  0.99725893 0.02643077 172.41941861
0.01571624 0.02757918  0.99949607 15.60420132

0 0 1

The RMSEloss is 0.418. The projection result is visualized in Fig. 4.18.

Figure 4.18: Projection of S110 north LIDAR point cloud into south2 camera. Most objects on the ground (lane
markings) are converged, except for the gantry. This is because the intrinsic and extrinsic (from camera to HD
map origin) [98] used for projection is optimized together. Hence, there is a mismatch between the intrinsic and
our calibration result of LIDAR to HD map which leads to the distortion of the gantry bridge.

Results - S110 South LIDAR to HD Map Calibration

The calibration result of S110 south to HD map is visualized in Fig. 4.20. The extrinsic of
S110 south LIiDAR into HD map is listed in Eq. 4.2.
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Figure 4.19: LIiDAR S110 south before calibration. A cross represent points in the HD map, a circle represents
LiDAR points which are transformed into the HD Map coordinate system. A green line represent the residual error.
The extrinsic used the false initial extrinsic in[98].

Figure 4.20: LiDAR S110 south after calibration. A cross represent points in the HD map, a circle represents
LiDAR points which are transformed into the HD Map coordinate system. A green line represents the residual
error. After our calibration the points are converged and errors (green line) are reduced.
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9.77802371e 01  2.09527130e 01 9.50926026e 04 436.150462013

2
2.09480651e 01 9.77467546e 01 2.59817903e 02  186.04099271
4.51439064e 03 2.56042568e 02 9.99661964e 01  14.50492285

0 0 1

(4.2)

The RMSEloss is 0.309. The projection result is visualized in Fig. 4.21:

Figure 4.21: Projection of S110 south LIDAR to south2 camera. Most objects are converged except for the left
gantry. This is because the intrinsic and extrinsic (from camera to HD map origin) [98] used for projection is
optimized together. Hence, there is a mismatch between the intrinsic and our calibration result of LiDAR to HD
map which leads to the distortion of the gantry bridge.

4.1.5 Short discussion

After completing HD map calibration, we can draw two important conclusions: 1. The rep-
resentation of objects in OpenDRIVEcaused a lot of trouble for calibration. Because the
reference line coordinate system and keypoint are used to represent obstacles, it is impos-
sible to use an automated method to extract the coordinates matched with the point cloud.
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A possible solution is to use high-de nition maps containing LiDAR point clouds instead of
vector maps.

2. Comparing the HD map calibration results and projection results, it can be found that the
performance of projection to 2D image is not satisfactory. The main reasons are that the cal-
ibration data from camera to HD map (especially the intrinsic) has been specially optimized,
so that this intrinsic is not equivalent to the real intrinsic, causing distortion in the projection
result.

4.2 LiIDAR-Camera Manual Calibration

In this section we will show how we manually calibrate LiDAR to camera. In Section 4.2.1 we
will brie y introduce the methods used in calibration and the calibration pipeline. In Section
4.2.2 we will show some calibration results. Finally, we discuss the results in Section 4.2.3.

4.2.1 Manual Calibration Pipeline

Figure 4.22: Manual Calibration Pipeline. We rst start with manual point picking. We use PCL viewer to pick
points in the point cloud. In the mean while, we undistort the image using the intrinsic and pick corresponding 2D
points in the image. After we got the 2D-3D point pairs, we can perform PnP based manual calibration. Finally, we
visualize the results through projection and point cloud coloring.

As shown in Fig. 4.22 above, manual LiDAR to camera calibration consists of multiple
steps. First, we perform intrinsic calibration on the camera to obtain its intrinsic parameters.
Then we use the obtained intrinsic to undistort the original image. Then comes the most
important step, which is to establish the correspondences by manually picking key points in
the camera image and the point cloud. Afterwards, PnP-based extrinsic calibration [9] was
performed to obtain the extrinsic parameters. After that, synchronous optimization of intrin-
sic and extrinsic is performed to obtain the optimal solution. Finally, the obtained parameters
are used for projection and point cloud coloring to obtain qualitative results.

4.2.2 Results

In this section we will present some qualitative and quantitative results.
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Results - S110 North LIDAR to S110 southl Camera Calibration
In this scene we extract 44 point pairs:

The extrinsic of S110 north LIDAR into southl camera is listed in Eq. 4.3.

Figure 4.23: Here we extract 44 points in the camera image (S110_camera_basler_southl 8mmpand the
LiDAR (s110_lidar_ouster_north ). We mainly focus on the corners of objects that are easy to be identi ed
in the point cloud, including traf ¢ signs, lane markings, gantry bridge etc..

0.374855 0.926815 0.0222604  0.284537 3

0.374855 0.926815 0.0222604  0.284537

@)
I
hooooooo N

0.8017 0.336123  0.494264  0.837352 L @3
0 0 0 1
The intrinsic of S110 southl camera is listed in Eq. 4.4.
2 1253.45 0 957.907 3
K= E 1264.81 628.129 z (4.4)

0
0 0 1

The projection result and colored point cloud is visualized in Fig. 4.24 and Fig.4.25.
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Figure 4.24: Projection result of S110 north LiDAR into southl camera. All infrastructure and lane markings are
tted well.

Figure 4.25: Colored point cloud from s110 lidar_ouster_south and
s110 camera_basler_southl 8mm Wwe attach 2D pixels from the projected 3D points in the image
to the 3D coordinates and color the point loud inside the neighbourhood (voxel) of the transformed pixel with its

color.
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S110 north LiDAR to S110 south2 camera
68 point pairs were extracted and visualized in Fig. 4.26. The extrinsic of S110 north LiDAR

Figure 4.26: Here we extract 68 points in the camera image (S110_camera_basler_southl 8mmpand the
point cloud (s110_lidar_ouster_north ). We mainly focus on the corners of objects that are easy to be
identi ed in the point cloud, including traf ¢ signs, lane markings, gantry brdige etc..

to south2 camera is listed in Eq. 4.5.
2 3
0.37383 0.927155 0.0251845 14.2181
0.302544  0.147564  0.941643 3.50648
C= (4.5)
0.876766  0.344395 0.335669  7.26891 L
0 0 0 1

The intrinsic matrix K of the S110 south2 camera is listed in Eq. 4.6.
2 1282.35 0 957.578 3
K= § 0 1334.48 563.157 Z (4.6)
0 0 1

The projection result and colored point cloud is visualized in Fig. 4.27 and Fig. 4.28.



4.2 LiDAR-Camera Manual Calibration 53

Figure 4.27: Projection result of S110 north LiDAR into south2 camera.All infrastructure and lane marks are tted
well.

Figure 4.28: Colored point cloud of s110 north LIDAR and south2 camera. We attach 2D pixels from the projected
3D points in the image to the 3D coordinates and color the point loud inside the neighbourhood (voxel) of the
transformed pixel with its color.
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4.2.3 Short discussion

From the projection above we can see, manual calibration can obtains excellent results. Be-
cause 2D and 3D key points are directly selected and matched manually to build the cor-
respondences. On the other hand, manual calibration requires very complex processing
steps, each of which has to be done manually on the static data. And those process are
very time consuming. The shortcoming makes manual calibration impossible for real-world
autonomous driving systems. In the next chapter we will describe automatic calibration in
detail, which will be capable for the real-world calibration.



Chapter 5

Automatic Calibration

In this chapter, we will introduce the solution and experimental details for automatic cali-
bration. In Section 5.1 we will introduce the method of automatic LiDAR camera calibration
from HongKong university, our calibration model is based on their early works. From Section
5.2 to 5.7 we will make a full description about the contribution we made to the model. In
Section 5.2 we will make a brief description about our calibration pipeline(both single frame
and multiple frame calibration). In Section 5.3 we will make a brief statement about our work
of hyper parameter searching and the in uence of those parameter. In Section 5.4 we will
introduce our image preprocessing module for background Itering in detail. In Section 5.5
we will introduce our image preprocessing module for shadow ltering in detail. In Section
5.6 we will make a complete description about our LiDAR point cloud preprocessing module
(including format transformation, registration, scattering, outlier removal and upsampling).
In Section 5.7 we will introduce a new method of voxel building , which can make our model
adaptive to different scenes.

5.1 Voxel-Based Automatic LiDAR-to-Camera Calibration

In any calibration task between LIDAR and camera, the most dif cult and interesting part
is to establish the corresponding relationship between 3D point cloud and 2D image, which
involves complex algorithms such as image processing, image feature recognition, and point
cloud feature extraction. Once the correspondence (3D-2D) between point clouds and image
is established, the calibration task will be transformed into a pure mathematical problem,
which can be easily solved by simple algorithms such as SVD [6] or BA [80].

Classical automatic calibration methods rely on speci ¢ objects placed in the scene, such as a
chessboard, AprilTag, etc. Since these specialized targets contain obvious features (textures,
patterns), they are very easy to be identi ed. This kind of methods are easy to implement, the
algorithm is simple, and robust to the disturbance of the environment. But the dependence
on arti cial targets makes them very limited in real-world application.

Therefore, the targetless calibration method has become a new direction of automatic cali-
bration. Our work is mainly based on the paper "Pixel-level Extrinsic Self Calibration of High
Resolution LIDAR and Camera in Targetless Environments"” [91] by Hong Kong University. In
this paper, they introduced a targetless calibration method based on RANSAC plane tting
and Voxel cutting. This method can automatically cut the point cloud into voxels of xed

size, then use RANSAC plane tting[29] to obtain the plane in the voxel, and then use the
normal vector of the plane to nd the edge of the plane. By matching between the LiDAR
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edges and the Canny edges in image [13] to build the error, and nally using the PnL[52]
algorithm to optimize the reprojection error for calibration.

5.1.1 Voxel-based Edge Extraction

Figure 5.1: "Depth-continuous edge extraction. In each voxel grid, different colors represent different voxels.
Within the voxel, different colors represent different planes, and the white lines represent the intersections between
planes” [91].

Firstly divide the point cloud into small voxels of given sizes(e.g., 0.05 meter). For each
voxel, we repeatedly use RANSAC[29] to extract planes in the voxel. Then, nd plane pairs
that are connected and whose normal form an angle within a certain range (e.g., [20 , 160 ])
and calculate the intersection lines (so-called depth-continuous edge) [91]. As shown in Fig.
5.1, after plane tting we can extract edges to solve for the intersection lines between plane
pairs form the angle within a speci ¢ range.

5.1.2 LiDAR-Camera Edge Pair Matching

After the edge extraction process described above, we obtain the LIDAR edges in the point
cloud, which are composed of a series of individual 3D LiDAR points. Then we project these
edges to the image plane through initial extrinsic and intrinsic to obtain 2D LiDAR edges. By
pre-setting the search radius, we can establish a correspondence between LiDAR edges and
Canny edges within the radius.
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To be more specic, we search the nearest neighbor of p; in the k-D tree built from the
image edge pixels [91]. DenotesQ; = fqi‘;j =1, , gthe nearest neighbours and we
have:
1 X X .
== a; S= (@ a)a a)". (5.1)
j=1 j=1

Fig. 5.2 shows an example of the edge pairs we extracted from A9 dataset.

Figure 5.2: LiDAR edges (red lines), image edge pixels (blue lines) and their correspondences (green lines).

5.1.3 Calibration Formulation and Optimization

As equation 5.2 shows,P; represent a 3D edge point extracted from the LiDAR point cloud
and the corresponding 2D edge in the image is represented by its normal vecton; 2 St and
a point g; 2 R? lying on the edge; then we project it to the image plane using the optimal
extrinsic and compensating the noise in“P;. The projection should lie on the edge (n;, q;)
extracted from the image [91].

0= n-T f CL:T LPi+LWi Qi"'IWi (52)

where "w; 2 N(0,t ;) and 'w; 2 N(0,' ;) are noise.

Then we can establish a maximum likelihood estimation (MLE) of extrinsic and construct a
least square cost function (5.3).
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%VT(JW ) ty

meTlong p(v; T)= m:%lxlog g

(2 )Ndet J, Jj (5.3)
= min(r+ 3 DT 3, 3 Yr+dr T)
The optimal solution is:
€T T 1 S 1 T T 1
T= 333 3 "3y Fy I r (5.4)

In each iteration, this solution will be updated to the transformation matrix and used for next
iteration.

For evaluation, we can also normalize this cost with the number of matched edge pairs:

rT Gy Ju) ir (5.5)

5.2 Automatic Calibration Pipeline

In this section we will brie y introduce our calibration pipeline. From here on, the rest of
this chapter will be about our contribution to the project.

5.2.1 Single Frame Calibration

Figure 5.2 shows the pipeline for our Automatic LiDAR-Camera Calibration process using live
sensor data. We can specify a time period (e.g. every 5 minutes), in that the system will
automatically subscribe to the sensor information (LiDAR point cloud and camera image) via
ROS (robot operating system) and go through the whole pipeline automatically. All we need

to do is to activate the program with one command.

For image processing, the program will automatically subscribe to the image and do the
undistortion to get an undistorted image input. Afterwards, it will perform background I-
tering to crop the background which is out of range of the LIDAR's FoV. If there is a shadow
on the ground, we can activate the shadow Itering component to remove the shadow in the
image, which will improve the performance of the Canny edge detector. Finally, we use the
Canny edge detection algorithm to get the edge map.

For LIiDAR preprocessing, we will rst register three LIiDARs with different FoV at the S110
intersection to the one we want to calibrate. The reason is that one single LiDAR can not
perceive some parts of the objects in camera image. Afterwards, we pick the rst four dimen-
sions (x,y,z location and intensity) and crop the region outside the camera FoV. After that we
scatter the point cloud to increase the density. Then we do outlier removal where we remove
the noisy points with a radius outlier removal method implemented in the PCLlibrary. Finally,
we perform point cloud upsampling to increase the number of 3D points.

After preprocessing, we use the method stated in Section 5.1 to extract LiDAR edges. Then
we project those edges onto the image with initial extrinsic and intrinsic. Using the KNN
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Figure 5.3: Automatic Calibration Pipeline. We add many camera images and LiDAR point cloud preprocessing
modules in order to make it capable for real-world calibration. The algorithm will take the input data by subscribing
to ROS topics on the live system and output both calibration results and qualitative projection of point clouds on
the images.

method we build correspondences between edges. After the correspondences are built, the
ceres solver will be used for maximum likelihood optimization.

5.2.2 Multiple Frame Calibration

For better robustness against the changing scenes, we also develop an optimization process to
use multiple frames as input. In the live data, the scenes in the highway intersection always
change. For example, the pedestrians and vehicles position within the FoV changes by the
time, and thus the edges extracted will be different. In order to solve this problem, we use
multiple frames in one time step, and optimize them simultaneously. Finally, we compute a
mean of those results.

5.2.3 Ofine Calibration

We use of ine calibration for local tests and debugging. This module can operate without
any live sensor input and instead loads a camera image and LiDAR point cloud from the hard
drive. Like the live version, it is also capable to use multiple frames for calibration if multiple
inputs are given.
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5.3 Hyperparameter

In this section we will introduce some important hyperparameters, which will in uence the
results of calibration highly.

5.3.1 Key Principle of Calibration

Since our calibration is a voxel-based edge extraction method, maximum likelihood opti-
mization is performed based on the established edge pairs. Therefore, the key is to establish
correct and suf cient edge pairs and try to distribute them evenly throughout the FoV. Once
a wrong correspondence is established or the distribution is uneven, even if a lower cost is
obtained, the projection results will still be unsatisfactory. Fig. 5.4 shows a comparison be-
tween good and bad edges.

Hence, all of the work below is about building the correct edge pairs.

Figure 5.4: The gure in the top left corner shows an example of bad edge pairs. The corresponding calibration
result can be seen in the bottom left corner. The gure in the top right corner shows an example of good edge
pairs. The corresponding calibration result is visible in the bottom right corner. We can see that even distributed
edge pairs are crucial for the calibration. Due to the sparsity of point cloud in the left, we can extract few edges(top
left), and lead to a bad calibration result.

5.3.2 Canny Edge Extraction

Canny edge detector is used to extract edges in 2D images, and all correspondences are es-
tablished based on these edges. The performance of the Canny edge detector is determined
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by the following parameters:

e canny_image_edge_gray_threshold_low: Speci es the lowest threshold for the grey
value of image. Adjust it for different environments.

e canny_image_edge_gray_threshold_high : Speci es the highest threshold for the
grey value of image. Adjust it for different environments.

e canny_image_edge_min_length_threshold : Performs edge picking based on the

Canny's result. Only pick edges with a suf cient length. Reducing its value will pick
more edges.

Fig. 5.5 shows an example:

Figure 5.5: Example of bad Canny results that generate too much edges from noise and thus build many wrong
correspondences(left).A nice canny result will always and only contains the necessary edges.

5.3.3 Voxel Cutting

The following parameters determine the voxel size and downsampling scale:

» Voxel.size: Speci es the size of the voxel. Reducing its value will be possible to extract
more planes but will be time consuming and increase the computation resources.

« Voxel.down_sample_size : Speci es the downsample size of voxels.
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5.3.4 Plane Fitting

There are many parameters that determine the plane tting, but most of them are being used
to adjust to different PCD input sizes. Only two parameters are very important for the result,
they are used to justify whether two planes are considered intersect.

« Plane.normal_theta_min : Speci es the minimal value between the normal vector of
the two planes. If the angle is larger than this threshold, the two planes will be con-
sidered as different surfaces, and the intersection line between the two planes will be
added to edges.In another word, all points on this intersection line will contribute for
the calibration.

» Plane.normal_theta_max : Speci es the maximal value between the normal vector of
the two planes. If the angle is smaller than this threshold, the two planes will be
considered as different surfaces, and the intersection line between the two planes will
be added to edges.

Figure 5.6: LiDAR edges extracted with plane threshold Figure 5.7: LIDAR edges extracted with plane thresh-
in (70,110) range. Only pairs of planes that are nearly old in (15,165) range. Now all plane pairs which are
orthogonal to each other can be considered intersect- not nearly parallel will be considered as different sur-
ing, so only few edges can be extracted.The results also faces.We can see much more edges(up).The calibration
shows a under tting of lane marks and vehicles. results also getting better(bottom).

As Figures 5.6 and 5.7 show, if we expand the range of angles, we can extract more edges
from the plane. For lane markings in particular, they usually have very small angles to the
ground, so a wider range is required to capture these edges.
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5.3.5 Edge Cutting

In this subsection we will introduce some parameters for edge cutting:

« Edge.min_dis_threshold: Speci es the minimum distance between edges. Increasing
this value can avoid over tting.

» Edge.max_dis_threshold: Speci es the maximum distance between edges. Any edge
pair with distance larger than this will not be selected. Increasing this value can nd

correspondences in larger distance, but will also make it possible to build wrong edge
pairs.

The use of these two parameters is quite tricky. Here are some representative cases:

Unequally Distributed Features

Because the texture of the gantry bridge is much more complicated than of the ground (see
Fig. 5.8), and the re ectivity of both LIDAR and camera is higher in this area, more edges
are captured on the gantry. This leads to an over tting problem: The ceres optimizer will
over t the gantry and ignore the landmarkings, which lead to a bad optimization result.
Increasing the minimal threshold of the edge distance will mitigate this problem. As the
iterations continue, the tted edge pairs get closer to each other. Edge lengths larger than
the threshold are Itered. They will not contributing to the cost function anymore.

Figure 5.8: Edges are unequally distributed. Obviously the edges on the gantry are much more abundant than on
the ground.

Wrong Correspondences

As Figure 5.9 shows, wrong correspondences are built between the gantry point cloud and
Canny edges from vehicles. Reducing the maximal edge distance will mitigate this problem.
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Figure 5.9: There are many vehicles behind the gantry. The wrong edge pairs are built between the gantry point
cloud and the vehicle Canny edges.

Importance of Initial Extrinsic

As Fig.5.10 shows, if the initial extrinsic is seriously deviated, which lead to the rst pro-
jection of point cloud far away from Canny edges, the algorighm can hardly build a correct
correspondences.

Figure 5.10: In this case, the initial extrinsic is quite inaccurate and thus the rst projection is quite far away (left
gure) which leads to wrong correspondences (right gure).

5.4 Background Filtering and Cropping

In this section we will introduce an automatic background detection and cropping method,
and also a template based background cropping method. In 5.4.1 we will make a brief prob-
lem statement. In 5.4.2 we will introduce the automatic background detection method. In
5.4.3 we will introduce our template base method. In 5.4.4 we will present some results of
background ltering, and see how it in uences the edge pairs.
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5.4.1 Problem Statement

In the real world, the data mismatch always exists. This is because of the limitation of the
hardware itself. LIDARs have a limited range. The intensity of a laser beam reduces with
the distance because the various particles are in the air will hinder the transmission of light.
Hence, many buildings captured by cameras are not visible in LIDAR. During the calibration,
this data mismatch will build wrong correspondences between point cloud and 2D camera
edges.

As the Figure 5.11 shows, the buildings are outside of the range of LIDAR, but the camera still
can capture them. As a result, if the initial extrinsic is deviated in Z axis, our algorithm will
build wrong correspondences. In order to solve this problem, background ltering is applied.

Figure 5.11: Raw input image with buildings (top left), edge map with buildings (top right), edge pairs with buildings
(bottom left) and projection results (bottom right). We can see from top right, the canny edge detector extract edges
from buildings.And correspondences are built between building edges and LiDAR point clouds(bottom left),and
thus lead to a bad calibration result.

5.4.2 Automatic Background Removal

Monocular Depth Estimation

In order to automatically remove the background buildings in our experiment data, we make
use of an excellent pretrained monocular depth estimation network proposed in [68]. With
this network, we can get an inverse depth map from the original input. It is worth mentioning
that this approach is semantically based and does not require a video to capture dynamic
objects. This makes it very practical for our calibration.

Based on the work from the MiDaS group, we developed our own background removal
procedure. It can use the depth threshold to create a mask map. This mask map will represent
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all pixels below the threshold as background.By pixel-wise checking the mask map, we crop
the original input image and remove the background. This process is fully automatic and can
handle multiple inputs simultaneously. Some results are shown in Figure 5.12 and 5.13:

Figure 5.12: S110 south2 Figure 5.13: S110 southl

Figure 5.14: From top to bottom: original input, the inverse depth map, the colored depth and the cropped output.
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5.4.3 Template based Background Cropping

We also develop another method based on a previously cropped background template. In
this template image, the background that we want to remove is already covered by the mask.
This template will be loaded at the beginning of calibration. During the calibration the back-
ground in the input images will be automatically removed.Fig. 5.15 shows an example of
hand cropped template.

The template cropping is loaded as a matrix in the program. Once the input image is parsed

Figure 5.15: An example input template. The background is lled with white color and white vehicles are boxed
with black color to get better correspondences.

from the ROS information ow, the algorithm will check this matrix and pixel wise crop the
input images.

5.4.4 Template based Background Cropping Results

As Figure 5.16 shows, our background cropping successfully solve the problem and improve
the performance of the Canny edge detector.
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Figure 5.16: From top to bottom: Raw camera input, edge map, edge pairs with residual (green lines), calibration
results. We can see that without background Itering the edges of buildings are also connected to the LiDAR
edges and lead to a poor result (see bottom left gure). After Itering the bad correspondences the problem is

solved (see bottom right gure).
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5.5 Dealing with Shadows

5.5.1 Effect of Shadows

At certain times of the day, sunlight casts shadows into the calibration area. Unfortunately,
our canny edge detector is not very good at distinguishing between shadows and lane mark-
ings on the ground. As a result, many false edges are generated on the ground, which
confuses our algorithm and establishes many false correspondences.

In order to mitigate this problem, we apply a trick to modify the shadow in the raw image.

Figure 5.17: Shadow on the raw input. Some shadows mix with lane markings and vehicles in the zone of interest.

Figure 5.18: Shadows within the yellow circle show their in uence on our model. The algorithm takes the edge
from the shadow as the lane markings and builds wrong correspondences.
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5.5.2 Shadow ltering

An intuitive way to solve this problem is to modify the parameter of Canny's edge detector, but
actually it fails. If we look into the gures in the last subsection, we can nd the brightness
of shadows is very close to the back side of the gantry, if we simply adjust the parameter, the
gantry will also be Itered out. This is what we would not expect to happen.

In order to reduce the effect of shadows as much as possible while preserving other features,
we came up with an interesting idea. We pick a pixel on the ground which is exposed to
sunlight, and specify a square zone. All pixels inside the Itering zone will be checked on
their grey scale value. If the gray scale value is smaller than the benchmark pixel, the grey
scale of this pixel will be increased with a speci c level (speci ed by a special parameter in
the yaml le). Fig.5.19 and Fig.5.20 represent an example for edge lItering.

Figure 5.19: The shadow within the window will be ltered, but the gantry which is outside of the window will not
be affected.

Figure 5.20: The shadow is Itered and will not generate any confusing edges.
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5.6 LIiDAR preprocessing

In this section we will make a detailed description of our LIDAR preprocessing process. The
rst step is registration. The method from our colleague Walter Zimmer will be adopted
[101]. With this method we can directly register three LIiDAR sensors to the one we want
to calibrate. Subsection 5.6.1 will be about dimension reduction and point cloud cropping.
Subsection 5.6.2 will be about scattering of the point cloud. Subsection 5.6.3 will introduce
the noise ltering (outlier removal). Subsection 5.6.4 will represent a method of point cloud
upsampling.

5.6.1 Dimension Reduction and Cropping

LiDAR point clouds are stored in the PCD format and published through ROS throughPointCloud?2
messages. Usually the PCD le is large and with abundant information, each point is repre-
sented as a high-dimensional vector. In order to reduce the computation costs, we only pick 4
dimensions: the[X, Y, Z] Cartesian coordinates and the intensity. Fig. 5.21 shows an original
multi-dimensional PCD le, Fig. 5.22 shows a PCD after dimensionality reduction.

Furthermore, the raw point cloud contains regions outside of the camera’'s FoV, which we do

Figure 5.21: Original PCD le. Figure 5.22: PCD le with four dimensions.

not need. They not only increase the computational load, but also create false edge pairs.
Therefore, we implemented a module to crop out uninteresting regions. Fig. 5.23 shows an
original point cloud at the S110 intersection, Fig. 5.24 shows a cropped point cloud.

5.6.2 Scattering

The point cloud contained in a single-frame PCD is too sparse, making it dif cult for plane
tting and edge extraction. As a result, edge pairs established will not be suf cient for the
calibration. One solution is to extract multi-frames of point clouds for synthesis. But due to
the dynamic environments in real-live data, objects in the scene are moving. the point cloud
synthesized from multiple frame will not nd a matching picture. So we found out a solution
called scattering. We only extract one frame of point cloud, and then set a range (usually 10
cm) around this point cloud. Then randomly generate points within the neighbouring range
of original point. Fig. 5.25 shows the result of scattering.



72 5 Automatic Calibration

Figure 5.23: Full range PCD, including the whole s110 Figure 5.24: Cropped PCD, which only contains the
intersection and also the buildings. zone of interest we need.

Figure 5.25: Point cloud from a single frame (left), point cloud with scattering applied 50 times (right). The density
of point cloud is signi cantly increased.

We can also see the difference of edge pairs built in Fig. 5.26:

As we can see from the gure, after scattering much more edges can be extracted.

Figure 5.26: Edges from a single frame (left), edges with applying scattering 150 times (right). Using scattering
we can extract much more edges in the point clouds.

5.6.3 Outlier Removal

In real-life scanning, the point cloud scanned by a LiDAR usually contains lots of noise (out-
liers). Some of them are caused by dirt on the surface of the LiDAR instrument, and some
are caused by environmental interference. Due to these outliers, some false correspondences
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may be established.As a consequence, the calibration results will be changed by those wrong
correspondences. In our calibration, this problem is especially serious on the ground. A large
number of useless points on the ground greatly interfere with our calibration of lane marks.
Hence outlier removal of the ground is necessary.

In our calibration case, a challenge lies in the different sparsity of the point cloud of objects
and of the ground. As shown in Figure 5.27, some areas on the gantry bridge and traf c signs
only re ect very sparse point clouds. If global Itering is used, we will lose quite a few object
point clouds before the noise on the ground is Itered.

Therefore, we propose to Iter the ground and background separately. As shown in Figure

Figure 5.27: An example of rough outlier removal. We directly apply outlier removal to the original point cloud
(left). Then we Iter more points on the gantry than on the ground (right).

5.28, we divide the complete point cloud into two parts, the ground and the objects, and
perform more strict radius outlier removal on the ground.

Figure 5.28: We separate the input point cloud into ground and objects (left), then Iter them with different level of
outlier removal (right).

Then, we combine them together to get the whole ltered point cloud, as the Figure 5.29
shows. This method works well with ground outlier removal while preserving the objects.

5.6.4 Point Upsampling

As the last step, in order to improve the performance of the calibration, we applied an opti-
mization based upsampling method to our point cloud [19]. We use the Moving Least Squares
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Figure 5.29: Before removal (left), after removal (right). The noise on the ground is Itered apparently.

(MLS) method of PCLto upsample the point cloud which works well on our S110 LIiDAR
scans. The method will generate points near the original points with the same intensity
values (see Fig. 5.30).1t will signi cantly re ne the surface texture, as Figure 5.31 shows.

Figure 5.30: Before upsampling (left) and after upsampling (right).

Figure 5.31: Left: before upsampling with 49,835 points. Right: after upsampling with 493,949 points. About ten
times more points were generated.

5.7 Adaptive Voxelization

In this section we will make a short introduction about adaptive voxelization. In 5.7.1 we
will provide a description about the algorithm. In 5.7.2 we will represent some results of
edge pair building.
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5.7.1 Adaptive Voxelization

We have already mentioned voxelization in Section 5.3. We determine the size of the voxel
through pre-set parameters, and then divide the entire point cloud into voxels of equal size.
In outdoor scenes, this approach may have some drawbacks. Take our S110 intersection as
an example: objects such as gantry bridges and signal lights, have complex textures. There
may be multiple planes in a small range. Thus relatively small voxels should be applied for
those objects. On the other hand, the ground can almost be regarded as a plane, and its
texture changes very little, so if small voxels are used, it will lead to a waste of calculation,
because in the end these small planes will be merged into a large plane.

In order to save the calculation resources and shorten the convergence time while ensuring
that the features of the complex surface are not lost, we introduce adaptive voxelization [51].

In the adaptive voxelization, the entire map is rst cut into voxels with a preset size (usually
large, e.g., 4 m). Then, for each voxel, if the contained points from all LIDAR scans roughly
form a plane (by checking the eigenvalues), it is treated as a planar voxel. Otherwise, they
will be divided into eight octants, where each will be examined again until the contained
points roughly form a plane or the voxel size reaches the preset minimum lower bound.
Moreover, the adaptive voxelization is performed directly on the raw point clouds, so no
prior feature points extraction is needed [51]. Fig. 5.32 shows how adaptive voxelization
works.

Figure 5.32: "(a) LIDAR point cloud segmented with the adaptive voxelization. Points within the same voxel are
colored identically. The detailed adaptive voxelization of points in the dashed white rectangle could be viewed in
(b) colored points and (c) original points. The default size for the initial voxelization is 4 m, and the minimum voxel
size is 0.25 m." [51]

5.7.2 Result of Adaptive Voxeliaztion

Figure 5.34 shows the comparison between xed size voxelization and adaptive one.
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Figure 5.33: Edges from Normal voxelization(this result was obtained with the ne tuned parameter),which costed
16.0128 seconds.

Figure 5.34: Edges from adpative voxelization, costed 5.2306 seconds.This results is obtained from live data of
LiDAR S110 south.With adaptive voxelization we can save much time but also lose some edges.



Chapter 6

Results

This chapter represents both qualitative and quantitative calibration results at the S110 in-
tersection between different LIDARs and cameras. Section 6.1 will represent the calibration
result between the south Ouster LIDAR €110 _lidar_south_south ) of the S110 intersec-
tion and the south Basler camera €110 _camera_basler_south2_8mm Calibration results
in different weathers conditions, daytime or traf ¢ situations will be presented. Section
6.2 presents results between the north Ouster LIDAR $110_lidar_ouster_north ) and the
north Basler camera (5110 _camera_basler_southl 8min

6.1 Result South LIiDAR-South2 Camera

In this Section, we will represent both qualitative and quantitative calibration results between
S110 south LIDAR and basler south2 camera in 3 different situations. The calibration will be
based on the manual calibration result and use it as initial extrinsic.

The results are based on intrinsic and the initial extrinsic (shown in Equation 6.1 and 6.2).

Figure 6.1: The S110 south LiDAR is shown in the left red square. The S110 Basler south2 camera is shown in
the right red square.
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Intrinsic of Basler south2 camera:

1320.7 0 975.038 3

2
K= § 0.0 1378.94 586.556 z (6.1)

0.0 0.0 1.0

Initial extrinsic between S110 south LIDAR and basler south2 camera from manual cali-
bration:

2 0.641509 0.766975 0.0146997 1.99131 3

0.258939  0.234538 0.936986 1.31464
C= (6.2)
0722002 0597278  0.349058 150021 /

0 0 0 1

The corresponding Euler angles in pitch (X axis), yaw (Y axis), and roll (Z axis) format:

r= 110.4319868 0.8422576 50.0903922 (6.3)

6.1.1 Scenel

In this scene, there are only two LiDARSs available (S110 Valeo north west LiDAR and S110
Ouster south LIiDAR). In order to improve the texture of point clouds in the S110 Ouster south
LiDAR, we register the S110 Valeo north west LIiDAR to the S110 Ouster south LiDAR. It is
worth mentioning that the ground point cloud is very sparse in this scenario, so we enabled
upsampling in the calibration.

Qualitative Results

Figures 6.2 to 6.7 show the qualitative results of the automatic calibration and also the in-
termediate results: The raw image input from the camera, extracted canny edges and the
residual map of the edge pairs.
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Figure 6.2: Image input. Figure 6.3: Extracted edge map.

Figure 6.4: Projection of the point cloud using the initial Figure 6.5: Projection of the point cloud after rough cal-
extrinsic. ibration.

Figure 6.6: residuals from edge pairs. Figure 6.7: Final calibration result.

Figure 6.8: Comparing the initial extrinsic in Fig. 6.4 and the calibration result in Fig.6.7, it is obvious that after
optimization the gantry on the left and the traf ¢ signs are converged. The optimizer also narrows the gap between
Canny edges and LiDAR edges of lane markings.
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Quantitative Results

The extrinsic between the S110 south LIDAR and Basler south2 camera after automatic cali-
bration is shown below:

2 0.6377 0.770201 0.0113613 1.83058 3

0.237882  0.210944  0.948111 0.515441
K = (6.4)
0.732633  0.601908 0.317736  1.80184 L

0 0 0 1

The corresponding Euler angles in pitch (X axis), yaw (Y axis), and roll (Z axis) format:

r= 108.5272968 0.6509706 50.3764282 (6.5)

6.1.2 Scene?2

In this scene, there are three LiDARSs avaible (S110 Valeo north west, S110 Ouster north and
S110 Ouster south LiDAR). In order to improve the texture of point clouds in the S110 Ouster
south LIDAR, we register the two other LIDARs to S110 Ouster south. As Figure 6.9 shows, in
this scene there are a lot of shadows on the ground, and some of them are very close to the
lane markings, which will lead to wrong correspondences between LIiDAR edges and Canny
edges. Hence, we enable shadow ltering here. We also enabled upsampling here.

Figure 6.9: The input image in test scene 2. There is heavy traf c in the scene, multiple vehicles are passing
through the intersection. There are also shadows of the gantry bridge falling on the ground, which are near to the
lane markings.

Qualitative Results

Figure 6.10 to 6.15 show the qualitative result of the automatic calibration. After optimiza-
tion the gantry on the left and the traf ¢ signs are converged (see Figure 6.15). Comparing
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Figure 6.10: Image input. Figure 6.11: Extracted edge map.

Figure 6.12: Projection of the point cloud using the ini- Figure 6.13: Projection of point clouds after the rough
tial extrinsic. calibration.

Figure 6.14: Visualization of residuals from edge pairs. Figure 6.15: Final calibration results.

Figure 6.16: Calibration result. From 6.11 we cam see the shadows of two gantry bridges on the ground are
Itered and not extracted by the Canny edge detector. But the vehicle in dark color (in the bottom right of the
image) is also in uenced by the Iter. Part of the car (the lower half of the hull) is gone.
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the initial result in Figure 6.12 and our calibration result in Figure 6.15, the optimizer also
narrows the gap between Canny edges and LiDAR edges of lane markings on the left. How-
ever, part of the lane markings on the right side are not converged.

Quantitative Results

The extrinsic between S110 south LIDAR and Basler south?2 camera after automatic calibra-
tion is shown below:

0.617616 0.786437 0.00824804 2.68856 3

0.253955 , 0.209343 0.944289 0.830296
(6.6)

@)
I
roOOOOOD N

0.74435 0.581113 0.329013 1.98766 L

0 0 0 1

The corresponding Euler angles in pitch (X axis), yaw (Y axis), and roll (Z axis) format
are given below:

r= 109.21 0.472583 51.8562 (6.7)

6.1.3 Scene 3

In this scene, there are three LiDARs available (S110 Valeo north west, S110 Ouster north
and S110 Ouster south LIDAR). We register the two other LIDARs to S110 Ouster south. As
Figure 6.17 shows, this scene was captured in the afternoon. Hence the sunlight is slanting
towards the camera and leaving shadows of traf ¢ signs on the ground. In addition, due to
the backlight, the brightness of the back of the gantry board is similar to the ground. So we
reselected the area for shadow Itering and adjusted the brightness threshold. It is also worth
mentioning that in this scene, the LIiDAR captured the point cloud of many vehicles, which
will help the calibration of the ground. We also upsampled the point cloud in this scene.

Figure 6.17: The input image in test scene 3. The sunlight is slanting towards the camera and leaving shadows
of traf ¢ signs on the ground.
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Qualitative Results

Figure 6.18: Image input. Figure 6.19: Extracted edge map.

Figure 6.20: Projection of the point cloud using the ini- Figure 6.21: Projection of the point cloud after rough
tial extrinsic. calibration.

Figure 6.22: residuals from edge pairs. Figure 6.23: Final calibration result.

Figure6.18 to 6.23 show the qualitative result of calibration. From the edge result in
Figure 6.19 we can see that the Iter works well and ltered the shadow inside the zone
we selected. In the residual map (Figure 6.22) the correspondences are built correctly. The
algorithm also built correspondences of vehicles. After optimization (Figure 6.23) the gantry,
traf ¢ signs and lane markings are converged. The algorithm also tries to converge the resid-
ual of vehicles. However, it stuck in the local minimum and didn't t the vehicle on the left
perfectly.

Quantitative Results

The extrinsic between the S110 south LIDAR and Basler south2 camera after automatic cali-
bration is shown below:
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0.619813 0.784603 0.0151551 2.70408 3

(6.8)

2

E 0.242379  0.209769  0.947233 0.569591
C=

8 0.746381  0.583434 0.320189 1.48734 L

0 0 0 1

The corresponding Euler angles in pitch (X axis), yaw (Y axis), and roll (Z axis) format
are shown below:

r= 108.677 0.868357 51.6923 (6.9)

6.2 Result North LIDAR-Southl Camera

In this section, we will present both qualitative and quantitative calibration results of the
S110 north LIDAR to basler southl camera. The calibration will be based on the manual
calibration result and use it as initial extrinsic.

Figure 6.24: The Basler southl camera is marked in the left red square. The S110 north LiDAR is marked in the
right red square.

The results are based on the intrinsic and the initial extrinsic values:

Intrinsic of Basler southl camera:
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2 1312.68 0 930.852 3
K= § 0.0 1325.01 613.035 z (6.10)
0.0 0.0 1.0

The initial extrinsic between the S110 north LIiDAR and Basler southl camera from man-
ual calibration:

2 0.35982 0.932866 0.0170408 0.212078 3

0.446603 0.156168  0.880998  0.400684
Cc= (6.11)
0.819192  0.324611 0.472813  0.0976544

0 0 0 1
The corresponding Euler angles in pitch (X axis), yaw (Y axis), roll (Z axis) format are

shown below:

r= 118.2215211 0.9764078 111.0923517 (6.12)

6.2.1 Scenel

In this scene, we only use the point cloud from S110 Ouster north. We enabled upsampling
in this calibration. As Figure 6.25 shows, there are no shadows on the ground, and the back-
ground is also within the range of the LIiDAR (Figure 6.27). Hence, we didn't enable shadow
Itering and background cropping.

Quantitative Results

The extrinsic between the S110 south LIDAR and Basler south2 camera after automatic cali-
bration is shown below:

2 0.380191  0.924759 0.0165841 0.213112 3

0.415685 0.154826  0.896234  0.232763
o (6.13)
0.826233 0.347633 0.443272 0.37722

0 0 0 1

The corresponding Euler angles in pitch (X axis), yaw (Y axis), and roll (Z axis) format
are shown below:

r= 116317 0.950244 112.349 (6.14)
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Qualitative Results

Figure6.25 to 6.30 show the qualitative results of the automatic calibration and also the
intermediate result.

Figure 6.25: Image input. Figure 6.26: The extracted edge map.

Figure 6.27: Projection of the point cloud using the ini- Figure 6.28: Projection of the point cloud after rough
tial extrinsic. calibration.

Figure 6.29: Visualization of residuals from edge pairs. Figure 6.30: Final calibration results.

Figure 6.31: Comparing the initial extrinsic in Fig. 6.27 and the calibration result in Fig.6.30, the calibration only
improves the convergence of the gantry on the left, since the manual calibration result is already good enough
(see Figure 6.30).

6.2.2 Scene 2: Initial Extrinsic with Offset and Heavy Traf c

The manual calibration result is already good enough and the optimization of automatic cal-
ibration doesn't improve a lot. In order to test the performance of automatic calibration in
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s110 north LIiDAR and south2 camera, we manually add a random offset to the initial extrin-
sic, namely:

« rotation_euler_yaw_pitch_roll_offset : +-(0.5,1) degree
 translation_offset x y z  : +-(0.5,1) meters

We also select the scene with more vehicles in this FoV, for example, a truck in the middle
of the image, as Figure 6.32 shows.

Figure 6.32: We select a time slot in that a truck and a SUV drives through the scene to test the automatic
calibration under heavy traf ¢ conditions.

Quantitative Results

The extrinsic between the S110 north LiDAR and Basler southl camera after automatic cali-
bration:

2 0.365152  0.930737 0.0198163 0.3955923

0.444471 0.155595  0.882177 0.292076
C= (6.15)
0817991 0330936  0.470501 0934264 /
0 0 0 1

The corresponding Euler angles in pitch (X axis), yaw (Y axis), and roll (Z axis) format
are shown below:

r= 118.073 1.13547 111.421 (6.16)
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Qualitative Result

Figure 6.33 to 6.38 show the qualitative result of automatic calibration. As we can see from
Figure 6.37, the algorithm successfully builds the edge correspondences between the point
clouds and the canny edges of the truck , and xes the error we manually added to the
initial extrinsic. The gantry and truck are converged and the rotation matrix is optimized
(see Figure 6.38).

Figure 6.33: Image input. Figure 6.34: Extracted edge map.

Figure 6.35: Projection of the point cloud using the ini- Figure 6.36: Projection of the point cloud after rough
tial extrinsic. calibration.

Figure 6.37: Visualization of residuals from edge pairs. Figure 6.38: Final calibration result.

Figure 6.39: In this case , the trucks in the FoV re ect lots of point clouds, which is also calibrated as 6.38 shows.
The trees in the background are also converged after calibtration.
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Evaluation and Discussion

In this chapter, our automatic calibration model will be evaluated with a variety of real world
data. In total, 3 LiDARSs (s110 Ouster north, s110 Ouster south and S110 Valeo north west)
and 2 cameras (s110 Basler southl and south2) will be used to test our model. The algorithm
will be tested under different conditions (scenery, traf ¢ situation, shadows, quality of point
cloud etc.). In Section 7.1 and Section 7.2 different levels of offset are applied to the initial
extrinsic (manual calibration results are taken as initial) and the convergence will be tested.
In Section 7.1 the calibration between s110 Ouster south LIDAR and s110 Basler south2 cam-
era is tested. In Section 7.2 the s110 Ouster north LIDAR and the s110 Basler southl camera
are used for the limit test.

7.1 Limit Test - South LIDAR and South2 Camera

In this section, the calibration between s110 Ouster south LIiDAR and s110 Basler south2 cam-
era is tested. Rotation and translation offsets are added to the initial extrinsic. The model
will be evaluated with maximal 40 iterations. In Section 7.1.1 rotation Euler angel shifts are
applied to the initial extrinsic. In Section 7.1.2 translation offsets are added to the initial
extrinsic. In Section 7.1.3 we make a brief summary of our limit test for this scene.

Both quantitative and qualitative results are presented below. The convergence of calibration
parameters are visualized with PYR-XYZ loss (L1 loss), which is obtained through directly
calculating the difference between automatic and manual calibration results of the six extrin-
sic parameters (pitch, yaw, roll Euler angles in degree and x,y,z translation offsets in meters).
Besides that, the convergence of normalized optimization cost (which is given below in Eq.
7.1 [50]) during the calibration is also represented:

1
J= rT (3w Ju) it (7.1)
Nmatch

Qualitative calibration results and PYR-XYZ loss of each test are analyzed together. It is
worth noting that since our calibration is performed on the real-live data, there is no such a
real "ground truth" value available for the evaluation. Instead, the manual calibration results
are taken as the benchmark for the calculation of loss function. Therefore, although many
auto-calibration results do not converge to manual results(the benchmark), it may indicates
a better calibration result than manual one is obtained.

In this scene, the lighting conditions are good. As Fig. 7.1 shows, although there is a shadow
of the gantry on the ground, it does not fall into the area of interest. So we didn't enable
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shadow Itering here. On the other hand, the input point cloud is relatively sparse(Fig. 7.1
right), and there is little noise on the ground. Under these conditions the road markings on
the ground are easy to recognize. Due to the sparsity of ground point clouds, we employed
upsampling and scattering to increase the density of point clouds.

Figure 7.1: Input image and point cloud. Left: the ground is well lit, shadows have less effect on the calibration,
and there are few vehicles in the FoV. Right: the point cloud is relatively sparse, but on the other hand it contains
less ground noise, which is a favorable condition for our calibration.

7.1.1 Rotation Limit Test

Limit test with shifts in three Euler angles is shown in this section. We rotate the initial
Euler angle in the same direction within the range of [ 2,2] degrees. Fig. 7.2 shows the
normalized optimization cost and Fig. 7.3 represents the PYR-XYZ loss.

Figure 7.2: Convergence of normalized optimization cost. The x axis represents the number of iterations and
y the normalized cost. We tested the optimization performance in the range of [-2,-1,-0.5,0,0.5,1,2] with rotation
shift. The gure shows that our model can converge within 40 iterations within the rotation shift in most cases. It
is worth noting that when the rotation reaches -2 , because the shift is too large, the cost starts to diverge again
in the later optimization. Most of them converge after about 25 iterations.
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Figure 7.3: Convergence of the PYR-XYZ Loss during the optimization. The Y axis represents the corresponding
difference to the manual calibration result (Euler angle in degree and translation distance in meter). We tested the
optimization performance in range of [-2,-1,-0.5,0,0.5,1,2] with rotation shift on all three Euler angles. In the Pitch
direction, all cases except -2 converged to similar results. In the Yaw direction, except for +1 , all cases basically
converge to the manual results. In the Roll direction, most of them going towards the manual result. It is worth
noting that roll with an offset of +1 converges to a different result, and -2 converges to a result close to manual
even though the initial shift is large. In most cases in the X direction, it converges to a result of -0.5 m. In the Y
direction, the case of -2 converges to 1.5 m, and +-0.5 converges to a result close to the manual one. All other
cases converge to -0.5 m. There are four cases in the Z direction that are different to the manual results. Overall,
the convergence of the model under different initial conditions shows consistency.
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Qualitative Result and Analysis

Next, there are some representative examples of qualitative results. Including good results as
well as the case in which our model perform not so well. All those cases are analyzed with
the loss function.

Case 1: 0 initial rotation shift:

Fig. 7.4 shows the PYR-XYZ Loss and Fig. 7.5 shows the qualitative results.

Figure 7.4: The PYR-XYZ Loss of initial rotation shifts with 0 . The X axis represents the number of iterations.
The Y axis represents the corresponding difference to the manual calibration result. Although the manual result
is used as the initial extrinsic, the nal optimization result does not converge to the manual result, but a different
local minimum.

Figure 7.5: Qualitative results of initial rotation shifts with 0 . On the left the projection is displayed using the
initial extrinsic . The right gure shows the optimization result . We can see from the gures that although the
result of convergence is different from the manual result, the result of automatic calibration is actually better. The
automatic calibration is better in tting the left gantry, triangle traf ¢ sign and the lane markings on the left.
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Case 2: -0.5 initial rotation shift:
Fig. 7.6 shows the PYR-XYZ Loss and Fig. 7.7 shows the qualitative results.

Figure 7.6: PYR-XYZ Loss of initial rotation shifts with -0.5 . The X axis represents the number of iterations. The
Y axis represents the corresponding difference to the manual calibration result. The optimizer starts from a high
error to the manual benchmark and converges with a lower error.

Figure 7.7: Qualitative results of initial rotation shifts with -0.5 . Left: projection result using the initial extrinsic
Right: optimization result . The initial extrinsic (shifted) gives a bad projection. From the left image we can see
that the lane markings under the left gantry are shifted and the traf c signs are not tted. But after automatic
calibration it improves the projection, most of objects are tted after calibration.
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Case 3: 2 initial rotation shift:
Fig. 7.8 shows the PYR-XYZ Loss and Fig. 7.9 shows the qualitative results.

Figure 7.8: PYR-XYZ Loss of initial rotation shifts with 2 . The X axis represents the number of iterations. The
Y axis represents the corresponding difference to the manual calibration result. The nal optimization result does
not converge to the manual one, but a different value. Most of the parameters converge after about 20 iterations
and remain at this value until the end.

Figure 7.9: Qualitative result of initial rotation shifts with 2 . Left: initial extrinsic . Right: optimization result
The automatic calibration has a very good performance under this bad initial extrinsic. The rotation shift of the
initial extrinsic leads to a projection with a large shift of the lane markings and rotation of the right gantry (in the
left gure). After the optimization the rotation matrix is xed and the lane markings are converged.
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Case 4: -2 initial rotation shift:
Fig. 7.10 shows the PYR-XYZ Loss and Fig. 7.11 shows the qualitative results.

Figure 7.10: PYR-XYZ Loss of initial rotation shifts in -2 . X axis represent number of iteration. Y axis represent
corresponding difference to the manual calibration result. The optimization start from a very bad initial extrinsic. In
Roll and X direction the error increased dramatically , and turning back at about 10 iterations.Finally they converge
to near the manual results. However, the Pitch and Z direction converges to a different value to the benchmark.
We also try with 80 iterations, but the performance didn't show much difference than this. Hence the -2 is beyond

the limit of the algorithm.

Figure 7.11: Qualitative results of initial rotation shifts with -2 . The initial extrinsic is strongly shifted and has a
very bad projection result (ILeft gure). As a consequence, from the rst projection our model can extract much
less edge pairs than other cases. But it still improves the rotation and tted the gantry on the right as well as the
traf c signs in the middle. Part of the lane markings are also tted (right gure). We also tried with more iterations,
but due to the wrong correspondences from the initial projection, the algorithm oscillates around the local minimum

shown in the right gure.
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7.1.2 Translation Limit Test

In the following we show limit tests with offsets in 3 directions of translation. We add trans-
lation offsets to the initial translation vector within the range of [-0.3,0.3] meters. Fig. 7.12
shows the optimization cost and Fig. 7.13 represents the PYR-XYZ loss.

Figure 7.12: Convergence of normalized optimization cost. The X axis represents the number of iterations.
The Y axis represents the normalized cost. We tested the optimization performance under level of [-0.3,-0.2,-
0.1,0,0.1,0.2,0.3] meters of translation offsets, the offsets are applied to all 3 directions. It can be seen from the
gure that our model can converge within 40 iterations within the translation offsets in range of [-0.3, 0.3] meters.
Notice that the cost of -0.2 meter converges at a higher value than others, we will study this case in the upcoming
parts.
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Figure 7.13: Convergence of the PYR-XYZ loss during the optimization. The X axis represents the number
of iterations. The Y axis represents the corresponding difference to the manual calibration result. The results
are presented in six dimensions separately: Pitch, Roll, Yaw, X, Y, and Z. It is worth noting that our model rarely
converges to a manual calibration result. Besides that, because different offsets are added to the initial value of the
translation vector, the rotation parameters in each case converge to different values. Even though the calibration
results are different to the manual ones, the most of the qualitative results(projection) with [-0.3,0.3] meters of initial
offsets are better than manual calibration.In another word, they achieve a better extrinsic than manual result. On
the other hand, We also try with offsets beyond this range(e.g., +-0.5m, +-2m) , but didn't achieve good qualitative
results. So in this scene the limit of our model is [-0.3,0.3] m.
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Qualitative Results and Analysis

In the following we show some qualitative results including examples with a good perfor-
mance as well as the case in which our model performs not so well. The initial translation of
0 m (same to 0 ) has been discussed in the previous section, it will not be presented here.

Case 1: -0.2 meters initial rotation shift:
Fig. 7.14 shows the PYR-XYZ loss and Fig. 7.15 shows the qualitative results.

Figure 7.14: The PYR-XYZ loss of translation offsets with -0.2 meters . The X axis represents the number of iter-
ations. The Y axis represents the corresponding difference to the manual calibration result. The nal optimization
result does not converge to the manual result. Especially in Roll and X direction.

Figure 7.15: Qualitative results of initial translation offsets in -0.2 meters . Left: initial extrinsic . Right: optimiza-
tion result . It is not dif cult to see that although the result of convergence is different from the manual result, the
automatic calibration actually converged to a better extrinsic. The gantry is completely tted and the lane markings
converge better than the initial projection (left gure).
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Case 2: 0.1 meters initial rotation shift:
Fig. 7.16 shows the PYR-XYZ loss and Fig. 7.17 shows the qualitative results.

Figure 7.16: The PYR-XYZ loss of translation offsets with 0.1 meters. The X axis represents the number of
iterations. The Y axis represents the corresponding difference to the manual calibration result. From the gure we
can see that the Roll loss increases dramatically in the negative direction to the benchmark, but turned back after
20 iterations. Finally, it converges to -0.5 . In total, the nal optimization result does not converge to the manual
result.

Figure 7.17: Qualitative results of initial translation offsets with 0.1 meters . With 0.1 m offset to the initial transla-
tion, the point clouds are projected in front of the gantry in the image. Besides that, the lane markings are projected
above the ground (left gure). After calibration the lane markings are tted and the gantry bridge is converged.
However, the lane markings on the right side didn't converge well. This is because the ground contains much
fewer LIDAR points than the gantry. As a consequence, it will build less edge pairs of lane markings compared
to the gantry. When the point cloud of the gantry is far from the Canny edges, the optimizer will give priority to
optimize the gantry, because they contribute more to the cost function (right gure).
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7.1.3 Short Summary

In general, in this limit test, the model has shown suf cient robustness with the shifts in the
initial extrinsic within the range of [-2,2] and [-0.3,0.3] meters. In most cases the algorithm
converged to an excellent result.

But in the case of -2, the model did not converge to the ideal result, mainly because the ex-
cessive displacement of the left gantry made the algorithm unable to establish enough edge
pairs. This result shows that the voxel based calibration method has a requirement for the
initial extrinsic. If the distance between the point cloud and the target is too far, it will not be
capable to establish correct and suf cient edge pairs. It also shows that in outdoor calibra-
tion, it is very important to make sure that the edge pairs are evenly distributed throughout
the camera image.

7.2 Limit Test - North LIDAR and Southl Camera

In this section, the calibration between the s110 Ouster north LIiDAR and s110 southl camera
is tested. The model will be tested with maximal 40 iterations. In Section 7.2.1 rotation Euler
angel shifts are applied to the initial extrinsic. In Section 7.2.2 different levels of translation
offsets are applied. In Section 7.2.3 we draw a brief conclusion.

In this scene, there is no shadow on the ground. So we didn't enable shadow lItering.
There is heavy traf ¢ in this scene, lots of vehicles are waiting for the traf c light. Sometimes
there are even some trucks driving through the intersection. Hence we can test the perfor-
mance of our model in the complex environment. The input point clouds are more dense than
in the last experiment. They also contain a lot of noise on the ground. As a consequence, the
lane markings on the ground are dif cult to be distinguished from the noise. We use a strong

Iter parameter for noise ltering here. In order to get more features from the gantry bridge,
we still upsample and scatter the point cloud.

Figure 7.18: Input images and point clouds. The ground is well lit and without shadows. The traf c situation is
complex and sometimes there are trucks in the scene (left gure). There is lots of noise on the ground and the lane
markings are dif cult to be identi ed. As a consequence, vehicles contribute much more features to the calibration
instead of lane markings.
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7.2.1 Rotation Limit Test

In the following we show the results of our rotation limit test. We rotate the initial Euler
angles in the same direction within the range of [-1.2,0.6] . In this scene, we didn't use
background Itering. For the point cloud, there is only one LIiDAR available. We adopted pre-
processing including cropping, scattering, outlier removal (noise ltering) and upsampling.
Fig. 7.19 shows the normalized optimization cost and Fig. 7.20 represents the PYR-XYZ loss.

Figure 7.19: Convergence of normalized optimization costs. The X axis represents the number of iterations. The
Y axis represents the normalized cost. We tested the optimization performance under levels of [-1.2,-0.9,-0.6,-
0.3,0,0.3,0.6] of rotation shift. It can be seen from the gure that our model can converge within 40 iterations with
the rotation shift in [-1.2, 0.6] .
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Figure 7.20: Convergence of the PYR-XYZ loss during the optimization. The X axis represents the number of
iterations. The Y axis represents the corresponding difference to the manual calibration result. We tested the
optimization performance in the range of [-1.2,-0.9,-0.6,-0.3,0,0.3,0.6] with rotation shift. The rotation shifts are
applied to all three Euler angles. The results are presented in six dimensions separately: Pitch, Roll, Yaw, X, Y,
and Z. Like the test in the last section, the automatic calibration results converged to different values compared
with manual results. It is worth noting that the converged result with an initial shift of -1.2 is signi cantly different
from others in Pitch, X and Z dimensions. And its projection results also show this difference. We will analyze this
situation below.
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Qualitative Results and Analysis

Most of our automatic calibration results did not converge to the results from manual cali-
bration, but came close. Here we analyze two special cases in the test. One is the situation
where there is a special reference object coming into the FoV. In this case a truck comes into
the view and re ects a lot of points. Our automatic calibration module achieved good results
in this case. Another case is the performance of the algorithm under the shift of -1.2, which
happens to be the lower boundary of our test. In this test our model achieves different results
than in other cases.

Case 1: -0.6 initial rotation shift:

In this case there is a truck on the left and the model has build correspondences with truck
edges. Our model works well in this situation.

Figure 7.21: PYR-XYZ loss of initial rotation shifts with -0.6 . The X axis represents the number of iterations.
The Y axis represent the corresponding difference to the manual calibration result (Euler angle in degree and
translation distance in meter). The nal optimization result does not converge to the manual result.

Figure 7.22: Qualitative results of initial rotation shifts with -0.6 . Left: initial extrinsic . Right: optimization
result . In this scenario, our calibration model works well despite a truck coming into the view. Compared with
the initial projection with -0.6 shift added (left gure), our model is not affected by the truck, and still successfully
converged the trees in the background and the gantry to their corresponding point cloud edges (right gure).
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Case 2: -1.2 initial rotation shift:
In this case the model has achieved a different result compared to other test cases.

Figure 7.23: PYR-XYZ loss of initial rotation shifts with -1.2 . The X axis represents the number of iterations. The
Y axis represents the corresponding difference to the manual calibration result. From the gure we can see that
the convergence of the Pitch angle andZ axis are far from the manual result.

Figure 7.24: Qualitative results of initial rotation shifts with -1.2 . We can see that our model rotates the point
clouds on the ground too much. In the image on the right, we can see that the point cloud on the ground has been
deformed, and the part that was originally connected to the left bracket of the gantry has been separated. This is
also consistent to the results that the PYR-XYZ loss is different to other cases.
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7.2.2 Translation Limit Test

In the following we show our limit tests with translation offsets. We add offsets to the initial
translation vector in three directions within the range of [-0.3,0.3] meters. Fig. 7.25 shows
the normalized optimization cost and Fig. 7.26 represents the PYR-XYZ loss.

Figure 7.25: Convergence of normalized optimization cost. The X axis represents the number of iterations.
The Y axis represents the normalized cost. We tested the optimization performance under level of [-0.3,-0.2,-
0.1,0,0.1,0.2,0.3] meters of translation offsets. It can be seen from the gure that our model can converge within
40 iterations. It is worth noting that in the case of -0.2 m, the value of the cost function has two obvious oscillations
during the optimization process.
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Figure 7.26: Convergence of PYR-XYZ loss during the optimization. The X axis represents the number of
iterations. The Y axis represents the corresponding difference to the manual calibration result. The results are
presented in six dimensions separately: Pitch, Roll, Yaw, X, Y, and Z. Again, our model rarely converges to
the manual calibration result. The strong oscillations in the case of -0.2 m are also observed here, which is
consistent with the situation in the cost function. To be more speci ¢, the oscillation in Roll and X directions is
most conspicuous.
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Qualitative Result and Analysis

Here we present the calibration results and their projections for an initial offset of -0.2 m.
Moreover, we analyze the cause for the oscillations in the calibration process.
Case 1: -0.2 meter initial rotation shift:

Figure 7.27: PYR-XYZ loss of initial rotation shifts with -0.2 meter. The X axis represents the number of iterations.
The Y axis represents the corresponding difference to the manual calibration result. Vigorous oscillations can be
observed in any direction except the Y axis. There is almost no difference between the initial result and the
calibration result. In another word, the extrinsic didn't changed much after calibration.

Figure 7.28: Qualitative results of initial rotation shifts with -0.2 meter. Left: initial extrinsic . Right: optimization
result . Comparing the projections before and after calibration, it can be seen that there is almost no difference.
This is consistent with the results of PYR-XYZ loss. It can be seen from the gure that the cause of this result is
the truck in the lower right. The large number of 3D points on the trailer of the truck should be the cause.
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In order to further nd out the impact of the truck on the calibration, we checked the
edge pairs generated during calibration. Figure 7.29 is the corresponding residual map.

Figure 7.29: Residual map of the calibration in the case of -0.2 meter initial offset. The trailer has a huge re ective
area and its 3D point are projected almost exactly into the corresponding area in the image, which creates a
large number of edge pairs. It can be seen from the cost value in 7.27 that there are two huge uctuations in
the optimization process, indicating that although the optimization algorithm successfully jumped out of this local
minimal, it was pulled back again to the initial value because of the large number of edge pairs established by the
truck.
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7.2.3 Short Summary

In general, in this limit test the model is working well with the initial offsets within the range

of [-1.2,0.6] and [-0.3,0.3] meters.

The effect of the truck on the calibration emphasized the importance of the distribution of
edge pairs for the calibration. High-density point clouds are always prone to generate more
edge pairs, and therefore have greater weight for the optimizer. This also indicates that it
is necessary to do enough preprocessing on the point cloud. Hence we employed automatic
point cloud preprocessing modules like scattering, upsampling, Itering to enable our model
to calibrate with live data.

7.3 Runtime Measurements

A runtime test is also conducted to our automatic calibration model. The test scenery is the
calibration between S110 Ouster south LIDAR and S110 Basler south2 camera. We enable all
the modules and test them within 40 iterations.

The calibration model was implemented on a Razer Blade 14 2021 gaming Laptop, equipped

Figure 7.30: Scenario for runtime tests. In this scene, there are a lot of shadows on the ground that fall in the area
that will affect the calibration results. There are houses in the distance (the background), which will also affect the
calibration results. Therefore, this scenario is very suitable for testing the time consumption of all modules.

with a AMD Ryzen 9 5900HX with Radeon Graphics 3.30 GHz central processing unit (CPU),
16 GB of RAM, and an Ubuntu 20.04 operating system.

The results of the runtime test show that our automatic calibration model is capable of
calibrating infrastructure sensors in about 148 seconds. In complex scenarios, the total cal-
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Module Runtime [in ms]
Background cropping 71.134
Shadow Filtering 19.660
Canny Edge Detection 84.740
Point Cloud cropping 1.496
Point Cloud Scattering 3,782.460
Point Cloud Outlier Removal 1,361.700
Point Cloud Upsampling 7,399.190
Point Cloud Voxeliaztion 16,012.800
Rough Calibration 20,901.200
Optimization 97,983.700
Total 147,618.000

Table 7.1: Runtime test result. Here the calibration process
from s110 Ouster north LiDAR to s110 Basler south2 camera
was tested. We applied scattering 100 times, a search radius of
0.01 m for upsampling, and used a nearest neighbour threshold
of 50 for outlier removal.

ibration time with all modules enabled and 40 iterations should not exceed 3 minutes. Our
model scattered the point cloud by a factor of 100 in 3,782.46 ms (i.e. 3.7 sec.). What is
not mentioned in the table is that the upsampling module generated 3,655,880 new points
(initially 736,999 points were in the cloud), which is an upsampling factor of about six. The
upsampling module only took 7.39 seconds.
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Conclusion

There is no doubt that autonomous driving will become one of the main development di-
rections of the automotive industry in the future, and it will profoundly change our way of
travel and even our work and life. AUTOTech.agi goal is to research the ow of information
between vehicles and infrastructure along the A9 highway, to create a digital twin of the
traf c situation, and to develop value-added services, which will promote the development
of autonomous driving.

The calibration between LIDARs and cameras is the most fundamental part of the whole
project. Our thesis mainly focused on two calibration tasks:

« Calibration between HD map and infrastructure LiDARS
* Automatic Calibration between infrastructure LiDARs and cameras

One part of our work contains the calibration of LIDARs on the s110 sensor station to the HD
map. Since the data in the HD map is saved in the form of keypoints, this calibration process
cannot be automated. Calibration targets in the scene must be manually selected to nd their
keypoint recorded in the HD map le. Furthermore, the corresponding keypoints in the point
cloud are obtained manually. We establish the correspondences, using the PnP [28] and the
SVD [6] algorithm to calculate the extrinsic parameters. The experimental results prove that
the manual calibration method has high accuracy for HD map and LiDAR calibration, but the
process is cumbersome.

In the second part of our work we performed automatic calibration of LIDAR and camera
sensors. This is the most important part of our thesis. We take the voxel-based automatic
calibration method published by Liu et al. [91] from Hong Kong University as a basis and
improve it for real-time calibration in outdoor scenes. To enable this model to be used for
real-time calibration in outdoor traf ¢ scenarios, we add three main modules to this model.

The rstis a module that runs in a loop and acquires point clouds as well as images in real-
time. The original model can only be used for the calibration of pre-processed point clouds
and images locally, while our model can obtain and parse raw data by subscribing to ROS
topics that are published by the sensors in real-time. Additionally, our models run the whole

day (24/7) and perform calibration regularly (e.g., every 30 minutes).

The second module is the image pre-processing module. In outdoor calibration, the ranges
of the cameras and LIiDARs are not the same. In many cases, LIDAR cannot capture the
point cloud in the distant view, which is caused by the limitation of hardware. However, in
the 3D-2D calibration, the edges of the background in the camera image will still establish
correspondences with the LIDAR edges. We therefore employ a template-based background
calibration method, which can remove the background extremely fast and ef ciently. Another
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problem in image processing is the effect of shadows. In reality, the Canny edge detector will
also extract the edges of shadows on the ground, and these edges will sometimes establish
wrong correspondences with the point cloud. We lter the shadows by adjusting the gray
scale value of pixels whose value is lower than a reference pixel on the ground.

The last and most important module is the point cloud preprocessing module. The raw point
cloud published by the sensor cannot be directly used for calibration because it is obtained
by a single scan of a 64 lanes LIDAR which is very sparse and it is not able to generate
enough voxels. We employ a series of methods such as registration, scattering, upsampling
to increase the density and textures of the point cloud. On the other hand, raw point clouds
contain a lot of noise and outliers, which also needs to be ltered.

Our model is suf ciently robust in the limit test and is able to converge to excellent calibra-
tion results in most of the time. What's more, based on the basis of manual calibration, our
automatic calibration model can further optimize the extrinsic. However, we also found aws
in the model during testing. The calibration quality of voxel-based methods highly depends
on the established edge pairs. The quality of the point cloud, the complexity of the image,
and the initial extrinsic will obviously affect the calibration results. Overall, our model is
capable of real-time calibration of infrastructure LIDARs and cameras and there is room for
further improvement which will be mentioned in the next chapter.
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Future Work

As the most fundamental part in the AUTOTech.agiproject, there are still insuf ciencies in
our work. Possible improvement in the future is listed below:

» Our automatic calibration model can only be used to calibrate extrinsic parameters.
But in real-world applications, intrinsic parameters also need to be calibrated. If the
intrinsic parameter is poor, our extrinsic calibration results will also be adversely af-
fected. Therefore, it is necessary to automatically optimize both intrinsic and extrinsic
parameters at the same time.

« During our experiments, we found that the quality of the calibration is directly related
to the distribution of edge pairs. In order to obtain a suf cient number of evenly dis-
tributed edge pairs, we often need to debug the parameters. A possible improvement is
to add an automatic detection mechanism to perform parameter tuning and regenerate
edges when the edge pairs are not well distributed.

* We employed the adaptive voxelization method [51] in our model to reduce the work-
load of parameter searching and speed up the establishment of voxels. However, the
adaptive voxelization did not perform well in the limit test, so we did not enable this
module in the limit test in Chapter 7. In the future, we can further optimize this method
so that it can be used for calibration of real-time data.

« In order to make the automatic calibration model applicable to complex outdoor scenes,
we added many modules. These modules introduce many hyperparameters, which
greatly increase the workload of debugging. These modules can be optimized in the
future to reduce the number of hyperparameters.

* Our model performs global optimization. The disadvantage of global optimization is
that it will be biased towards the area with more denser point clouds. In these dense
areas more edges can be extracted. In sparse areas the optimization thus contributes to
a larger error value in the cost function. A possible improvement is to add weights to
punish areas with too many edge pairs.
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