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Abstract

The field of autonomous driving is a rapidly developing field which presents new chal-
lenges to vehicle control and its interaction with the current environment. Machine
learning is an integral aspect of this field of research. In order to semi-automatically
annotate data for machine learning, accurate localization is required. In urban envi-
ronments a standard GPS system su [erk a loss of accuracy due to signal propagation
and rerouting of its communication signals to and from the GPS satellites. Improved
localization can be obtained using on-board equipment such as LiDAR scanners and
cameras to improve GPS measurements.

The main aim of this thesis is to accurately and robustly localize a vehicle in a
dense 3D point cloud, by fusing on-board GPS data with LIDAR and camera data.
The thesis attempts this by splitting this task into two mains sections, namely the
preprocessing of the local LIDAR clouds from the test vehicle and then the alignment
of these local clouds to a dense reference cloud.

The processing of point clouds is done by EGO-motion rectification, removal of ghost
objects based on object detection in images and the merging of several local point
clouds to create a denser representation of the current environment. These point
clouds are then localized within a dense reference point cloud map, ranging between
Chalmers Johanneberg and Lindholmen campuses. The localization is performed
by the Generalized Iterative Closest Point (GICP) algorithm, with initial location
estimates based on the GPS measurements. These results from the GICP alignment
are classified according to their alignment rating and modelled as independent local-
ization measurements. The GPS measurements are updated by smoothing the bias
between the GPS measurements and the GICP outputs. Bad GICP alignments are
then recomputed using a new initial location, based on the updated GPS trajectory.
A final trajectory is then obtained by smoothing the bias between the combination of
the two GICP passes and the GPS trajectory. This final trajectory is then evaluated
against a ground truth estimate, constructed of manually verified alignments.

This method provides localization results which behave robustly in the presence of
ghost objects and altered structural surroundings. In conditions similar to when the
dense reference cloud was created, the algorithm is able to localize 74% of the final
trajectory within 10cm in longitude, latitude and altitude at less than 1° angular
deviation (Good). Additionally, 23% of instances fall within 50cm in position at less
than 3° in angular deviation (Ok), leaving around 3% localized with an accuracy
exceeding these boundaries (Bad). For a second test run at night in light rain, Good
accuracy decreased approximately 7% for the first category whilst Bad localization
increased by 3.5% with the remaining instances classified as Ok.

Keywords: Localization, Computer Vision, Machine Learning, Filtering, Thesis.
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1

Introduction

This chapter introduces the topic and the background of this thesis and includes
the research questions. The chapter also gives an overview of the thesis scope and
limitations and brie y discusses previous work.

1.1 Vehicle localization

Autonomous driving is currently a fast-growing eld of innovation with various com-
panies and academics in contest towards a vision of fully autonomous travel. The
concept of fully autonomous vehicles consists of a network of interconnected vehicles,
which navigate themselves without active human input or control. The advantages
expected to be obtained include the number of road tra ¢ accidents decreasing by
eliminating the chance for human error, a lowering of vehicle emissions/energy usage
due to the interaction between vehicles by optimizing vehicle routes and velocities,
as well as freeing up time which an occupant would have to spend actively driving
a vehicle.

Handing over the control of a complex system such as the tra c network to an
arti cial intelligence system requires a fault-free, accurate and robust system since
human lives can be at stake. For autonomous driving, it is therefore crucial to
be able to localize a self-navigating vehicle accurately and robustly in its current
environment at all times. This precise knowledge of an autonomous vehicle's position
is required for the system to interact correctly and safely with its surroundings, which
involves constant decision making such as path planning, vehicle control, as well as
anticipation and response to actions from other vehicles or pedestrians.

A vehicle's standard Global Navigation Satellite System (GNSS) measurements
alone generally do not have su cient accuracy and are susceptible to errors in ur-
ban environments due to satellite signal obstruction and multipath propagation. In
order to obtain a more robust and accurate localization of a provided test vehicle, it
is possible to use miscellaneous information sources such as a Real-time Kinematic
(RTK) Global Positioning System (GPS) and camera images, LIDAR and GNSS
coordinates from the vehicle itself. This information can be merged together using
sensor fusion techniques and used in combination with a dense point cloud reference
map to attempt to obtain an accurate and robust localization.

However, sensors only read information of the current state of their surroundings
and are not, by themselves, able to distinguish varying/inconstant objects from
stationary and more permanent objects. Di culty therefore arises due to the fact
that the perceived urban environment is constantly changing. This is due to moving
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1. Introduction

vehicles, people and animals present at a speci c time instance. This can create
ghost objectsin the data, which are unreliable to be used for localization due to
their non-stationary positioning.

In addition to this, seasonal changes have a substantial impact on the perceived
surroundings. Not only is the light intensity a constantly varying factor, but also
the shape and colour of trees or buildings due to time of year, temperature, or snow-
fall. All these factors increase the di culty of localization based on the perceived
environment.

This project will include the use of the aforementioned sensors, such as cameras
and a GNSS unit along with an on-board LIDAR mounted on a test vehicle, to
attempt to localize the vehicle. The goal is to achieve a more robust and consistently
accurate localization within this constantly varying environment, given a previously
obtained dense point cloud. Data will be collected with the vehicle under di erent
conditions and processed in a way that should minimize the e ects of ghost objects
and environmental conditions.

1.2 Aim

The purpose of this project is to accurately and robustly localize a vehicle within
a dense point cloud. An algorithm should be developed that receives various input
data from LIiDAR, a GNSS system and a camera and combines this data to output
a more accurate position estimate of the vehicle. The computed best estimate of
the algorithm will be aligned within the dense point cloud, and accuracy of the
estimated position should be computed by a chosen metric to assess the alignment.

Research questions the thesis aims to answer:
Is it possible to improve previous work done on the system so that the local-
ization performs well for all parts of a specied route? This can be further
split up into the following sub-topics:
Can the previous algorithm in [1] be improved by attempting di erent
methods of EGO-motion recti cation and alignment of multiple LIDAR
point clouds?
Is it possible to detect and remove ghost objects in the data, for exam-
ple using neural networks or geometry-based methods, allowing for more
accurate localization?
The scenery of the route is dependent on the season and the weather. Under
di erent weather conditions the sensors capture di erent data from the same
location, so matching features between the two point clouds becomes harder.
How well can the devised algorithm localize the test vehicle under di erent
conditions?

N

1.3 Scope and boundaries
Within the scope of the thesis is the following:

2



1. Introduction

Design and implement an algorithm that localizes the test vehicle within the
reference point cloud.

Usage of data collected from all sensors mounted on the test vehicle (camera,
LiDAR, Inertial measurement unit (IMU), GPS).

Driving the test vehicle and collecting data.

Parts that are outside of the scope:

Any hardware design or sensor setup will be omitted from the thesis

The algorithm will be run oine and therefore any evaluation of the algo-
rithm's runtime is left out of this thesis.

N

1.4 Previous work on the system

Trying to localize the test vehicle in the reference point cloud was done in a previous
Master's thesis by Mans Ostman and Gunnar Blomwall [1]. Their study found that
they were able to achieve fair accuracy, although such a system is very susceptible
to noise which can be produced by moving objects etc.

Ostman and Blomwall's algorithm tries to align a local LIDAR scan to the reference
cloud, using an algorithm called the Generalized Iterative Closest Point (GICP).
Their work and ndings can be used as a basis for this thesis since they got a working
algorithm which can be modi ed and extended in order to obtain better localization.
Adding information from images captured by the test vehicle's camera, re ning the
LiDAR point clouds by means of pre-processing and exploring modi cations of the
GICP are some possible ways of improvement.

1.5 Structure of the thesis

The thesis is structured into nine main chapters. Following théntroduction chapter
the second chapter isSystem Description which explains the system setup and
equipment used for data collection in the thesis. The next chapter iBheory which
explains the underlying theoretical aspects of the di erent parts of the work. The
fourth chapter, Algorithm overview and preparation presents the structure of the
implemented algorithm and how the algorithm is divided into two main parts. It
further explains the implementation of external data sources, which are not part of
the main algorithm but are used as inputs to the algorithm. Chapters ve and six
are then Point Cloud Processingand Localization, which explain in detail how the
two major parts of the algorithm work. The methodology chapters are followed by
Validation of point cloud processingwhere independent solutions in the thesis are
veri ed. The last two chapters areResultsand Analysis and Conclusionwhere the
outcome of the localization is presented and evaluated.
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System Description

This chapter describes the test vehicle used for data collection and the reference
point cloud to localize within.

2.1 The test vehicle

This section brie y describes the sensor setup of the test vehicle and information
about the sensors themselves.

Figure 2.1: REVERE test vehicle, Volvo XC90 2.0 T6 (Snowfox).

2.1.1 The test vehicle and sensor layout

Chalmers University of Technology has access to a vehicle which is used for research
on autonomous driving. The vehicle to be localized in the thesis is of the type Volvo
XC90 and can be seen in Figure 2.1.

Besides the vehicle's inbuilt sensor system, the test vehicle is equipped with a GPS/
IMU unit from Applanix, a Velodyne Light Detection And Ranging (LIDAR) as

well as a set of cameras. The GPS/ IMU unit is an Applanix LV-220 and fuses
GPS measurements with measurements from an inertial measurement unit (IMU),
resulting in a more accurate estimate of the position. The LiDAR produces point
clouds of the proximity of the test vehicle, where a single point cloud is much less
dense than the dense reference map.

The data collection vehicle is also coupled to a real-time kinematic (RTK) position-
ing system which re nes and updates the GPS measurements based on knowledge
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2. System Description

of how the current atmospheric conditions a ect the GPS signal. The test vehicle
is further equipped with one Basler camera facing the driving direction.

Figure 2.2: The test vehicle sensor layout is shown above. Two GPS antennas
allow for accurate localization of position and orientation. The camera and LiDAR
are placed towards the front of the vehicle to allow for data capture largely in the
driving direction. The vehicle coordinate frame is also depicted in the gure.

2.1.2 Applanix LV-220 with RTK

The Applanix LV-220 is a navigation system integrating inertial measurements and
values from two GPS sensors to obtain high accuracy positioning. The GNSS unit
receives GPS updates at a frequency of 10 Hz and is updated in intervals of 100
Hz with IMU measurements. GPS1 is used for positioning of the system and the
combination of GPS1 and GPS2 are used for azimuth ambiguity resolution. This
results in positional accuracy of less thadOcm and a pose estimation accuracy of
less than0:2 . In addition to the base system, a Real Time Kinematic (RTK) system
Is used to obtain higher localization accuracy. An RTK system connects to a base
station which corrects the GPS signals received by the Applanix unit, according to
current factors such as the current atmospheric conditions. Both antennas for the
system are mounted on top of the test vehicle, as shown in Figure 2.2.

2.1.3 Velodyne HDL-32E

The test vehicle is equipped with a Velodyne Light detection and ranging scanner
(LIDAR) scanner, positioned towards the front of the vehicle, as shown in Figure
2.2. A LIDAR emits laser beams into its surroundings and measures information
about the returning re ected beam. This allows a LIDAR to measure the location
of an object with respect to itself. The Velodyne HDL-32E emits 32 layers of laser
beams as it scans its environment over 860 sweep to complete one scan. The
LiDAR has a range of 70m and collects consecutive point clouds at a frequency of
10Hz. The density of layers and860 range allows the LiDAR to record up to 72
000 points in one scan. Due to the LIDAR's mounting position on the test vehicle,
a 270 forward facing Field of View can be obtained, due to some obstruction of the
vehicle itself towards the rear.
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