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Abstract

In the past decades, the robotic system autonomy has became essential in many research and
industrial fields. Studies have been focused on the simultaneous mapping and localisation
(SLAM) of robotic systems in unknown environments. The application of LiDAR-based SLAM
approaches has been challenged by the flexible motions of robotic systems, the specifications of
LiDARs and the dynamic changes of the environments. To meet this demand, further investigation
of LiDAR-based SLAM accuracy, with a focus on the system robustness, is required.

This work has studied two aspects of the LIDAR SLLAM systems: the mapping and loc-
alisation error accumulation in SLAM processes; and pose estimation through feature points
extraction. Emphases are placed on the study of system failure recovery and odometry stabilisa-
tion in 2D and 3D LiDAR-based SLAM systems.

State-of-the-art 2D and 3D LiDAR-based SLAM approaches are investigated, with a focus on
their error accumulations in mapping and localisation. Conventional SLAM approaches generate
low-quality pose estimation during temporary system degradation. Errors in the system pose
are accumulated and eventually cause mapping failure. In this work, studies were conducted to
evaluate the system degradation scenarios and the reasons for pose estimation errors. Modelling
of the mapping error was studied, as well as a method to recover system states which utilises
a supplementary trajectory. The iterative trajectory matching (ITM) approach is presented,
which applies iterative-closest-points (ICP) algorithm to trajectories to model their geometrical
relationship, and thus identify the accumulated drift of a SLAM system. Experiments were
conducted using 2D SLAM algorithms to evaluate the efficiency of the ITM algorithm. Then the
study was extended using a 3D LiDAR-based SLAM algorithm to validate its effectiveness.

Through the combination of the 2D and 3D LiDAR-based SLAM algorithms, a dual-LiDAR
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2D-3D mixed SLAM approach was developed in this study to improve the efficiency of a
Solid-State-LiDAR (SSL). Conventional SSL SLAM approaches are limited by the narrow Field-
Of-View (FOV) of the SSL. In this work, the described dual-LiDAR SLLAM design is investigated
to enhance the feature points extraction of a SLAM system. Significant robustness and stability
were demonstrated through the experiments using the developed algorithm in various scenarios.

Using the developed methodologies, novel LIDAR SLAM systems were designed, developed
and characterised, including two 2D handheld LiDAR SLAM devices and a 3D SLAM unmanned
ground vehicle (UGV) that facilitate the 2D-3D mixed LiDAR mapping unit. System evaluations
were performed through mapping tasks in small to medium size indoor and outdoor scenarios
which demonstrated enhanced robustness, and hence increased accuracy of LiDAR-based SLAM
algorithms. Through the development of these LiDAR-based SLAM systems, the works con-
tained in this thesis have expanded the ability of users to reliably and precisely perform SLAM

tasks.
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Chapter 1

Introduction

Simultaneous localisation and mapping (SLAM) is a computation problem that has been studied
for more than thirty years. Recently, the technology has been applied to many rapid growing
industries, such as autonomous systems and augmented reality (AR) devices. As the term stated,
the problem a SLAM system is trying to address can be divided into two parts. The first part being
accurately mapping the environment surrounding the robotic system during its movement. The
second part is correctly locating the robotic system while it is travelling through the environment.
In other words, a SLAM system is a system which uses previous recorded map and system state
to estimate the current surrounding map and system state.

Traditionally, the mapping and localisation of a robotic system have relied on the pre-
knowledge about the environment. For example, the Global Positioning System (GPS) requires
existing modelling about the earth coordinate system. Similarly, the inertial measurement unit
(IMU) have relied on knowledge about the earth magnetic field. With the location information
about the antenna tower, some approaches use the Doppler effect to estimate the distance between
the sensor and the signal source. In summary, all these traditional approaches have a common
requirement for existing knowledge about the environment, which significantly restricts the
application of the robotic system.

Evolving from the traditional mapping and localisation methods, the recent development of

SLAM approaches emphasises the ability of mapping and localising in an unknown environ-



Introduction

Table 1.1 Different kinds of imaging sensors with their features listed

Sensor/Impact Lighting | Colour | Depth | Range | Accuracy Cost
Spinning-LiDAR Low Low Yes High High High
Solid-State-LiDAR Low Low Yes High High Low
Camera High High No | Medium Low Low
Depth-Camera High Low Yes Low Medium | Medium
mmWave Low No Yes High Medium | Medium
Sonar Low No Yes | Medium Low Low

ment with no existing knowledge. To achieve this, modern SLAM approaches use a so called

scan-matching process which scan the environment and match the current measurement with

previous measurements, thus estimate the transformation from its previous system state to the

current system state. The scan-matching process of a SLAM method is generally based on the

measurements from the primary imaging module. The choice of imaging sensors defines the

application of the SLAM approach. The most common imaging sensors used in SLAM methods

are listed in Table 1.1, with their advantages and disadvantages provided.

However, only a imaging sensor alone is not enough to provide accurate mapping results.

The performance of a SLAM method depends on four fundamental components:

* The chassis of the moving platform, including its performance, driving mode and control

algorithm. As the requirements of a SLAM approach varies, the implementation can be

air-based, ground-based or underwater-based. Different chassis design defines the method

of sensor installation and the platform moving pattern.

* The sensors equipped, such as IMU and GPS. A SLAM approach does not necessarily

depend on one sensor. Instead, sensor fusion is a common approach for high-performance

SLAM systems. The performance of a SLAM implementation is related to the cooperation

of all sensors installed in the system.

* The software system, for example, an embedded system. Internal communication and

computation of a SLAM device with multiple components is critical to its mapping per-

formance. A high-performance SLAM device requires the ability of real-time processing

and high-speed data transmission.



* The mapping algorithm, which defines the scan-matching process of the SLAM method.
With all the sensors and computers installed, the core of a SLAM method is the mapping

algorithm that takes the sensor measurements and calculates system state estimations.

Developed according to the above four major aspects, the performance of a SLAM system is
related to a range of components. Studies addressing SLAM performance under different scen-
arios have been extensively discussed in recent years. The design, modelling and development
of advanced three to six degree of freedom (DOF) SLAM algorithms have formed the basis of
the recent investigations in SLAM methodologies.

While a SLAM device can use cameras, LIDARs and other sensors as its primary sensing
module, LiDAR offers an outstanding balance between accuracy, scan rate, robustness and cost
among all other vision sensors. The systems adopted LiDAR SLAM algorithms can generate
accurate 2D and 3D maps and localise the robots in millimetre-level accuracy. LiDAR sensors
use laser beams as the measurement technique, which is naturally robust to the environmental
light. Additionally, LiDARs directly provides distance information in the measurements, thus
have lower computational cost than some other vision sensors.

Unfortunately, the studies of LiDAR-based SLAM algorithms do not readily extend to
dynamic scenarios that are more related to real-world applications. The foundation of the
state-of-the-art LIDAR SLAM approach is based on the assumption of a smooth and continuous
system motion in a feature-rich environment. Rapid movement or motions on unsupported DOF
can cause significant errors in the system state estimation process. To ensure the accuracy of the
mapping process, many approaches are running in a controlled environment with strictly limited
applications.

As the mapping environment required by SLAM applications expanded from room-size
indoor spaces to city-scale indoor-outdoor 3D maps, the ability to handle the mixed environment
in SLAM approaches and correct accumulated mapping errors will become the next milestone
in the study of the SLAM techniques. Thus, the methods enhancing the robustness of SLAM
approaches are required. The scan-matching algorithms for single LiDAR-based SLAM ap-

proaches and multi-sensors based SLAM approaches should be investigated to systematically
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improve the performance of a SLAM method under challenging environments.

1.1 Research aims

The objective of this research is to investigate and identify the requirements for high-robustness
LiDAR-based SLAM, and thus design and develop methodologies to enhance the stability of the
mapping and localisation process the LiIDAR-based mapping devices in complex scenarios. The

specific research aims of this study included:

* To investigate the instability of 2D and 3D LiDAR-based SLAM approaches during their
initialisation stages, with a focus on the pose estimation errors due to the incomplete map
recorded by the algorithm, thus establishing methodologies which identify, estimate and
correct localisation errors accumulated in the starting stage of a LiIDAR-based SLAM

approach.

* To identify the sources of mapping error accumulation in mainstream LiDAR SLAM
algorithms, including errors caused by kidnapping (unexpected movements), rollover,
sharp turns and environment change, and thus establish methodologies and algorithms to

enable mapping and localisation error correction for LIDAR SLAM methods.

* To examine and characterise the scan-matching process of 3D LiDAR SLAM algorithms,
with the consideration of different laser scan patterns and field-of-view (FOV) from
various LiDAR models, including feature selection method, motion blur correction, pose

estimation and map updating.

* To formulate strategies to systematically enhance 3D LiDAR SLAM systems, including
possible improvements in sensor layout and mapping algorithms, and thus establish
mapping methodologies and develop a 3D LiDAR-based SLAM system that demonstrates

robustness in challenging SLAM scenarios.
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1.2 Principle contributions

The expanding implementation of SLAM methods in various terrain scenarios will almost
certainly create a strong demand for more robust SLAM approaches in terms of both mapping
quality and stability. The critical challenges faced by the current SLAM approaches include the
system degradation in the rapid motion, complex scanning environment and error accumulation
during the life span of the SLAM process. This thesis described multiple approaches to improve
the quality of a LIDAR SLAM process when facing SLAM system degradation. A novel multi-
LiDAR SLAM approach is also presented in this work which uses a 2D LiDAR to enhance the
3D LiDAR mapping system to capture a wider range of feature points than previously studied
approaches. The principal contributions of the research described within this thesis can be

summarised as follows:

1. An approach to identify and model the position drift during the initialisation stage of
the Hector SLAM, which enables pose correction in 2D SLAM approaches based on a
grid map. The developed approach is analysed and tested, with software provided for

implementation, and experimental validation.

2. A timestamped grid map structure is proposed, which allows time-based map selection and
correction. The proposed method is tested with a detail analysis focus on its performance,

operation methods and real-time efficiency.

3. A Spherical-linear-interpolation-based (Slerp) 3D SLAM pose correction approach is
described enabling smooth and real-time pose correction. A 3D LiDAR SLAM approach

is developed based on the Slerp pose correction method.

4. Two approaches to estimate and correct errors accumulated in the SLAM states are
proposed, with both poses and mapping results improved accordingly. By comparing the
SLAM system trajectory and a reference trajectory, the proposed method can identify
errors recorded during the process, thus corrected by the developed method. The proposed

approaches are applied to both 2D grid map based SLAM approaches and 3D point cloud
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based SLAM approaches which demonstrate its ability to be extended to most existing

SLAM approaches.

5. A multi-LiDAR SLAM design, aiming at enhancing the FOV of traditional LIDAR SLAM
approaches, is designed and developed. The mapping module features low cost and large
Field-of-View (FOV), enabling a SLAM algorithm to extract more feature points in a

challenging environment.

6. A 3-DOF interpolated 6-DOF LiDAR odometry has been developed, which allows stable
odometry updates in challenging scenarios. The performance of the developed odometry
is investigated. Compared with existing approaches, the proposed method is able to reduce

localisation errors by interpolating odometry updates.

7. A 2D-3D mixed LiDAR SLAM approach is described, with details in both software and
hardware. The developed approach demonstrated its application through testing scenarios.
Through this novel approach, the SLAM system demonstrates significant robustness in
challenging environments, includes sharp corners and long corridors. Consequently, the

stability of the SLAM process in a mixed environment is enhanced.

1.3 Thesis organization

The organisation of this thesis follows the time frame and workflow of the development of
the project. In particular, this thesis provides a background review of the studied areas, the
description of the proposed methods. The conclusions and future works are discussed in the final

part of the thesis.

* Chapter 2 presents a review of the background and related works for this study. It describes
the development of current SLAM approaches, with a focus on the relationship between
sensor, algorithm and mapping quality. The mapping performance of SLAM approaches in
different terrain scenarios is extensively reviewed, along with the methodology of the multi-

terrain SLAM systems currently under research. The review covers the environmental
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challenges faced by SLAM approaches and some of the existing approaches to improve
mapping performance in complex terrain scenarios, with comparison in their stability,

efficiency and flexibility.

* Chapter 3 discusses the cause of mapping error during the initialisation stage, with detailed
examples based on Hector SLAM. A method of observing two separate sets of pose
estimation from a single SLAM approach is described, along with the proposed system
pose correction method. A SLAM system is constructed by combining the proposed
method into Hector SLAM. The mapping performance of the constructed SLAM system

is evaluated by comparing its mapping results with the original Hector SLAM.

* Chapter 4 details the design, implementation and evaluation of a method for the correction
of real-time system state and mapping results. The study included in this chapter is based
on the work presented in Chapter 3, with extensive investigations in mapping correction
and pose recovery. These include studies of the design, analysis and experimental works
to establish a map correction mechanism, a 3 DOF SLAM state correction approach and

its extensive application in 6 DOF SLAM system.

* Chapter 5 outlines the development of a 2D reinforced 3D LiDAR SLAM system for
complex urban mapping scenarios. Experimental work is performed to evaluate the
performance of the proposed 2D reinforced 3D mapping model. Finally, a ground vehicle
based robust mapping platform is introduced with the integration of the proposed SLAM

approach described in Chapters 3 and 4.

* Chapter 6 summarises the progress and achievements of the research studies, and identifies
the key contributions in each part of the project. The future direction of the project is also
investigated, with the consideration of the research gap, possible approaches and expected

outcomes.






Chapter 2

Background

2.1 SLAM systems and improving mapping and localisation
performance

The problem a SLAM is trying to solve is to perform mapping and localisation at the same time.
However, these two questions are often mutually exclusive. Many developed SLAM systems
nowadays could provide high-quality mapping results in different terrain scenarios. This study is
aiming at improving the stability and robustness of a LIDAR SLAM system. In this chapter, we
review some of the current mainstream SLAM algorithms to identify their limitations. While
comparing the performance of the state-of-the-art SLAM algorithms, the review also covers
some related works focusing on the robustness of a mapping system, including sensor fusion,

map correction and environment classification techniques.

2.2 State-of-the-art SLAM approaches

The rapid development of SLAM technologies has dramatically changed the performance of the
mapping systems in recent years. Form 2D localisation, the technology quickly developed to 3D
mapping with a wide range of sensors available. The key problem a SLAM system addresses is

stated in Equation (2.1) where at time k the SLAM system state vector X, can be described using
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the control input uy, robot pose x,, , and map m.

X = f(Xp—1,uy)

f, (Xvk,lauk) 2.1)

m

This chapter reviews some of the SLAM approaches and algorithms that related with the
research question proposed by this thesis. Since this study focuses on LiDAR sensors, the
review mainly covers state-of-the-art 2D and 3D LiDAR SLAM methodologies. Some related

camera-based approaches are also included in the review for comparison purposes.

2.2.1 Two-dimensional LiDAR SLAM

2D LiDAR SLAM approaches are well-adopted solutions for the Unmanned Ground Vehicle
(UGV) systems on the market. They offer reliable and affordable solutions for most of the ground
moving platforms. As well-established SLAM methodologies, 2D LiDAR SLLAM approaches
are based on LiDAR sensors which use a rotational laser beam to sample a 2D fraction of the
surrounding environment. Since 2D SLAM can only generate 2D maps, these systems prioritise

localisation over the mapping details.

2.2.1.1 Graph-based scan matching algorithms

Iterative Closest Point (ICP) is a method initially proposed for computer graphic systems [3]
[4] [5] [6]. The main idea of ICP is to find the rotation and translation between two sets of
points which minimise the their Euclidean distance. The method iteratively calculates the
distance between each pair of points in the point sets. ICP is a gradient-based method. With all
points in two point sets paired, it uses gradient descent, Gauss-Newton or Levenberg—Marquardt
algorithms to find the best transformation information.

Consider ¢; and p; are a pair of points in two registered point sets. the cost function of a
point-to-point ICP is

n
E(R,T) =argming, Y |[Rpi+ T — gi|* (2.2)
=1

1=
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Where the rotation R and translation 7 are the targets of the optimisation process.

From Equation (2.2), the ICP method requires the two point sets have the same number of
points. Downsampling or upsampling is required to balance the number of points in both groups.
However, even every point in the sets is paired, the outliers in the data set significantly affect the
accuracy of the algorithm. FAST-ICP improves the performance of the ICP process by filtering
point sets and assigning point pairs with different weights [7]. While the original ICP algorithm
takes all points into the calculation, FAST-ICP removes some of the points that could slow the
speed of convergent. Another attempt to improve the performance of the ICP method included
the use of the semantic information of the point set. NICP [8] takes the normal vector of the
target points and its curvature into consideration during the calculation. To pair two points,
they need to be the closest to each other and have their normal vectors in the same direction.

Figure 2.1 illustrates the point distribution according to their curvature.

Figure 2.1 NICP point selection, with points colour corresponding to its curvature value. ©
[2015] IEEE. Reprinted, with permission, from [Jacopo Serafin, NICP: Dense normal based
point cloud registration, International Conference on Intelligent Robots and Systems (IROS),
September 2015]

Using the point-to-line distance instead of point-to-point could also improve the stability
of the optimisation, especially when points are less accurate and have large noise distribution
[6]. As seen in Equation (2.3), instead of finding the minimum Euclidean distance between two

sets of points, PL-ICP is targeting the minimum distance between the point and its closest plane
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in the target point set. The comparison between PL-ICP and ICP is shown in Figure 2.2, with

original ICP shown in (b) and PL-ICP in (c).

E(R,t) = argming, Z ((R-xi+t—yi)-n) (2.3)

o) |

{s"p}’}

(a) Distance to curve (b) Point-to-point metric (c) Point-to-line metric
and to polyline

Figure 2.2 Examples of frame-to-frame ICP iteration. © [2013] IEEE. Reprinted, with permission,
from [R. Tiar, ICP-SLAM methods implementation on a bi-steerable mobile robot ,2013 IEEE
11th International Workshop of Electronics, Control, Measurement, Signals and their application
to Mechatronics, June 2013]

Early studies directly applied ICP algorithm to two consecutive LiDAR scans [9][10][11][12].
However, high-performance LiDAR will produce a large number of points in each scan which
notably affects the computationally complexity. Skipping LiDAR frames and using FAST-ICP
instead of original ICP could help improve performance [13]. Researchers have also used
rotation-invariant descriptors to enhance the robustness of the system further [14].

Hector SLAM is one of the most well-known 2D LiDAR SLAM approach among all ICP
based SLAM approaches. Hector SLAM was proposed in [15]. During its first introduction in
Robocup 2011, the author used a handheld device with only a 2D LiDAR to map a simulated
rescue scenario. The system demonstrated its remarkable performance and still considered a

state-of-the-art method at the time of writing this thesis. Hector SLAM can be described in two
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Figure 2.3 ICP and PL-ICP point selection metric comparison. © [2008] IEEE. Reprinted, with
permission, from [Andrea Censi, An ICP variant using a point-to-line metric, IEEE International
Conference on Robotics and Automation, May 2008]

parts: the first part being its frontend scan matching algorithm, the second being the backend
mapping module.

The sensing module of the Hector SLAM uses a 2D LiDAR as the input information. After
initialisation, each sweep of 2D LiDAR scan is recorded on the map using bilinear interpolation
(Figure 2.4). The system compares the grid cells of the current laser scan with the established
map grid cells. If the two sets of cells can be matched, then the translation between them is the

pose update between the last system pose and current system pose.

(@) (b)

Figure 2.4 Bilinear interpolation in Hector SLAM. © [2011] IEEE. Reprinted, with permission,
from [Stefan Kohlbrecher; Oskar von Stryk; Johannes Meyer; Uwe Klingauf, A flexible and
scalable SLAM system with full 3D motion estimation, 2011 IEEE International Symposium on
Safety, Security, and Rescue Robotics, 1-5 Nov.2011]

he mapping module of the Hector SLAM maintains the mapping results where multi-level
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resolution is applied to avoid the local minimum problem. The mapping module also features a
trajectory server and other maintenance tools.

One of the most important contribution of Hector SLAM is the scan-matching process in the
sensing module. After transform fresh laser scan into grid map coordinate system, Hector SLAM
uses ICP to iteratively find the most suitable translation and rotation between the map the scan. In
the original Hector SLAM, the author used a Gauss-Newton method with rotation and translation
as the cost functions to find the current pose update. However, since the corresponding grid cells
are bilinear interpolated, it is possible for the algorithm to yield errors if the interpolation results
in the middle of four map grids. This problem is improved later using trilinear interpolation [16].

Although Hector SLAM relies on only a LiDAR sensor to work, the system could use an
additional IMU to enhance its pose estimation. Fuse the IMU reading to a Kalman filter helps
the systems to handle more complex and rapid movement. Additionally, the IMU sensor also
provides information on z-axis. The z-axis motion could be used to build 3D mapping with only

a 2D LiDAR.

2.2.1.2 Probabilistic SLAM algorithms

In addition to least-squares-based approaches, a SLAM problem can also be described as a
Bayesian probability problem where the current pose confidence coefficient of a robotic system
is calculated based on the posterior probabilities of the previous pose confidence coefficient,
observed map and control signal [17]. Most of the approaches under this category adopt
Extended-Kalman-Filter (EKF) or Particle Filter (PF).

Due to the non-linearity nature of the SLAM system, early EKF-based algorithms suffered
from inconsistency in the mapping process [18] [19] [20] [21]. Researchers extensively discussed
the inconsistency and error accumulation problem in the EFK-based SLAM systems [22].
Approaches such as IEFK [23] and UFK [24] improved the convergent speed of Kalman filtering
for non-linear problems, but did not fundamentally address the inconsistency issue.

The computational complexity of EKF grows exponentially with the number of feature

marks recorded on the map. Some works uses the Extended Information Filter (EIF) and Sparse
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Extended Information Filter (SEIF) to simplify the complexity growth to a linear problem
[25][26].

Particle filter based algorithms also demonstrate a decent performance in SLAM systems.
Rao-Blackwellized Particle Filter (RBPF) assumed features on the map are independent to each
other and only connected by the trajectory of the robot. Similar to Kalman filter approaches, let
the current state of a robot be described as (x,y,8). In a map space {0, 1} where M and N are

the coordinates of the girds, the problem a RBPF is trying to solve can be described as:

W; = /P(Zt |x§,m,)p (mt ’Zl:l—lvxil:t—l)dml (24)

The most significant contribution of the RBPF algorithm included separating the probability
of SLAM into two questions. The current state of the SLAM system can be represented by
the product of the posterior probability of the trajectory state and the posterior probability of
the map state. The separation of the calculation significantly improved the performance of the
RBPF-based SLAM systems [27][28].

As an 2D RBPF-based LiDAR SLAM, Gmapping is proposed in [29]. Gmapping depends
on supplemental odometry as the source of its pose prior probability. While the robot is moving
through the environment, Gmapping uses the observation from the LiDAR sensor to lower the
uncertainty of its position in the room. It uses resampling to update the system map to avoid
imbalanced weight in particles. Figure 2.5 shows the probability distribution of the robot position
in an open-end corridor, close-end corridor, and open space.

Gmapping is accurate in small spaces and generally outperforms Hector SLAM during
sharp motions. However, since each particle carries a copy of the maps, the computational
complexity dramatically increases with the size of the map. Additionally, Gmapping requires
additional odometry to access its pose prior probability (Figure 2.6). In practice, wheel odometer
is often selected as a cost-efficient solution. Extra odometry increases the complexity of the
system. However, the prior probability of the pose information also allows Gmapping to tolerate
low-performance LiDARSs.

Another approach called Cartographer also uses particle filter to estimate its system pose
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Figure 2.5 RBPF probability distribution of the robot position in (a) open end corridor, (b)
close end corridor, (¢) open space. © [2011] IEEE. Reprinted, with permission, from [Giorgio
Grisetti, Improved Techniques for Grid Mapping With Rao-Blackwellized Particle Filters, IEEE
Transactions on Robotics, 2007]

[30] [31]. Besides the particle filter, the system uses the pose graph to limit the complexity of
the calculations. This specially suits large scale mapping scenario where an excessive amount of

particle would be generated for pose estimation.

2.2.1.3 Grid map

Occupancy grid is the primary method used by 2D SLAM system to represent the mapping
result. 2D SLAM methods such as Hector SLAM [15], GMapping [29], Cartographer [16] and
KrtoSLAM [32] match the scans with the established maps to update the grid through a linear
interpolation. Each grid cell represents the possibility of having obstacles in the area. Since a
grid cell is the unit on the map, it also indicates the resolution of the map. Due to the nature of
grid maps, most of the approaches have the potential to be transformed into 3D methods [33]
[34]. However, the computational cost increases dramatically as the resolution and map size
expands [31].

Grid map-based approaches mainly feature navigation. There is a lack of details on the map.

Increase the map resolution helps generate high density map. However, a high-resolution map
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Figure 2.6 RBPF probability distribution with (Left) and without (Right) wheel odometer
initialisation. © [2011] IEEE. Reprinted, with permission, from [Giorgio Grisetti, Improved
Techniques for Grid Mapping With Rao-Blackwellized Particle Filters, IEEE Transactions on
Robotics, 2007]

often causes the gradient-based scan-matching algorithms being trapped in a local minimum.
Another approach uses a multi-level resolution grid map to balance the readability of the map

and the stability in scan-matching process [15].

2.2.2 Three-dimensional LiDAR SLAM

Most of the 2D SLAM methods have the ability to extend their function to 3D mapping [35][36].
However, the concept of using grids to store the map and register scans makes the system compu-
tationally inefficient as both the LiDAR resolution and mapping details will have improvement
over time. Instead of using grids, with the recent trend of directly processing point clouds, Zhang
and Singh proposed a new LiDAR odometry and mapping (LOAM) approach which takes the
advantage of certain features between scans to identify the transformation of the system [37][38].

LOAM first classifies the point cloud into plane points and corner points using their curvature.
An example of feature points extraction is illustrated in Figure 2.7, with corner points coloured
in yellow and plane points in red. The calculation of translation and rotation is based on the idea
that the relative movement of the robotic system from the previous posture to current posture
is the displacement of feature surfaces ad edges between two consecutive LiDAR frames. As
illustrated in Figure 2.8, let [ be the feature point in the current scan sweep, j be its closest
neighbour. The method of pose estimation with corner feature is shown in Figure 2.8(a), where a
corner feature point in current scan should close to the corner feature points in the previous scan.

Similarly, in Figure 2.8(b), the plane feature points in current scan should be close to the plane
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feature points in the previous scan [37].

Figure 2.7 Corner and Plane feature extraction with LOAM. © [2011] RSS Foundation. Reprinted,
with permission, from [Zhang, Ji, LOAM: LiDAR Odometry and Mapping in Real-time, Robotics:
Science and Systems, 2014]

Rotation in LOAM is described using Rodrigues formula [39] which later becomes the most
adopted method in 3D LiDAR SLAM to estimate frame-to-frame rotations. LOAM also use
timestamp interpolation to smooth the motion blur within each LiDAR sweep. Researchers
also described multiple approaches to improve the motion blur issue, thus, to adapt the LOAM
algorithm to different LIDAR models [37].

Variations of LOAM were developed by researchers to suit different scenarios [40][41][42].
LeGO-LOAM was developed based on LOAM with optimisation for ground vehicles [43].
Compared with original LOAM, LeGO-LOAM offers filtering functions to remove the ground
surface from the point cloud. Moreover, it assigns points into clusters. Clusters with not enough
points are considered as moving objects, and therefore removed from the frame. With less
interference from the ground points and the moving obstacles, LeGO-LOAM is able to achieve
better performance with less computational complexity than the original LOAM. However, the

assumption of a flat ground plane limits the application of the algorithm.
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Figure 2.8 Frame-to-frame pose estimation in LOAM (a) corner features, (b) plane features. ©
[2011] RSS Foundation. Reprinted, with permission, from [Zhang, Ji, LOAM: LiDAR Odometry
and Mapping in Real-time, Robotics: Science and Systems, 2014]

2.2.2.1 Point cloud map

As described in Section 2.2.1.3, a 2D SLAM mainly uses an occupancy grid as the map represent-
ation method. However, a grid map is not applicable for a high-density map representation. As a
result, most of the 3D SLLAM approaches directly use a point cloud representation. Compared
with grid maps, point cloud maps are more accurate, informative and flexible. As a trade-off,
point cloud maps can be storage consuming. The discussion of effectively storing the point
clouds firstly started in the geographic information system (GIS) industry where information
needs to be extracted from city-scale maps when complex 3D structures involved. Researchers
use quad-tree and oct-tree structures to simplify the indexing process of the map [44] [45] [46]
[47] [48]. Using a tree structure also allows filtering the point with their structural features. With
points recorded in the tree structure, methods such as VoxelGrid filter, K-nearest-neighbour,
kernel convolution, intensity weighted, density weighted or other statistic-based methods can be
applied to filter the points on the map [49] [S0] [51] [52] [53] [54] [55] [56]. Partial Differential
Equations (PDEs) can be used to extract directional information from subsets of a point cloud,

which supports semantic segmentation of the point cloud [57] [58] [59].
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2.2.3 Visual SLAM and other approaches

This thesis focuses on LIDAR SLAM systems. However, other SLAM approaches are reviewed
in this section for comparison purposes. Visual SLAM typically means a SLAM system with
cameras as its major sensing module. To be more specific, camera SLAM systems include
systems built on top of mono-cameras, stereo-cameras and RGB-D cameras. Comparing with
LiDAR, cameras have significantly lower cost and more dense scanning results. However,
cameras often have limited field-of-view and strongly affected by environmental lighting [60].

Like LiDAR SLAM systems, visual SLAM systems can be described in four components:
visual odometry, backend optimisation, mapping unit and loop closing. Depending on the
processing of camera readings, visual SLAM systems are categorised into direct methods and
indirect methods.

Indirect visual SLAM has many common features with LIDAR SLAM. Instead of directly
using the image readings from the camera module, an indirect visual SLAM system focuses on
extracting features from the images. These features include shapes such as lines and corners,
bright points, curvatures and optical flows. An indirect visual SLAM solves the SLAM problem
as a series of geometric problems.

As one of the least hardware-dependent SLAM systems, MonoSLAM approach uses only a
mono-camera as the input source [61]. The system extracts corner points using Features from
Accelerated Segment Test (FAST), which takes the grey-scale information as the reference to
find the most distinct points in the region. With EKF, the system state of the MonoSLAM
is represented by the feature points and the camera pose. The MonoSLAM only focuses on
odometry and does not offer mapping functions.

PTAM is a visual SLAM system which performs mapping and localisation at the same time.
The system firstly uses the FAST algorithm to extract feature points from four layers of Gaussian
Pyramid filter [62]. It then calculates the Shi-Tomas score [63] of each feature and filters the
features based on their score ranking. Linear triangulation method is adopted to recover the
depth information from the 2D images. Bundle Adjustment (BA) in PTAM is based on the

Levenberg-Marquardt (L-M) algorithm. It is the first visual SLAM system that uses least-squares
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error optimisation instead of EKF methods.

ORB-SLAM is one of the most adopted visual SLAM systems [64]. The most significant
contribution of ORB-SLAM is that all modules in the system are based on the same collection of
Oriented FAST and Rotated BRIEF (ORB) features [65][66]. The consistency between modules
enhances the stability of the system as a whole. Oriented FAST uses a vector from the centre of
the FAST selection to the mass centre of the grey-scale value to assign an orientation value to
each feature point, thus ensuring the rotation invariance of the system.

A direct visual SLAM algorithm does not preprocess information observed from the camera
module. Algorithms that belong to this category rely on comparison between picture frames
and have less in common with LiDAR SLAM systems. DTAM is a method which uses energy
minimisation method to recover depth information from 2D images [67]. Directly comparing the
geometrical features in the depth graph provides an estimation of the pose update. The geometric
and scale information on a series of 2D images could also provide contributions to the trajectory
recover [68]. Without feature extraction, most of the direct visual SLAM algorithms are GPU
intensive. Instead of the entire image, Semi-direct visual Odometry (SVO) only uses the pixels
around feature points for pose estimation, which notably optimises the system’s response speed

[69].

2.3 Enhancing robustness and stability of SLAM methods

Most of the LiDAR-specified SLAM approaches are proposed for a specific scenario. Gener-
alising these systems for a broader range of applications is an important research field. The
problem these studies focuses on is to stabilise the SLAM algorithms by handling challenging

situations in dynamical scenarios.

2.3.1 Sensor fusion

Among all approaches, sensor fusion is the most well-adopted approach for SLAM systems to

improve the mapping performance [70] [71] [72]. For example, researchers uses wheel odometry
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and Extended Kalman Filter (EKF) to improve the robustness of the system [73] [74]. These
studies are based on LiDAR-only solutions. By adding wheel odometry to the system, these
methodologies outperform the original algorithms in specific circumstances, such as a long
corridor. Similarly, other studies have also used Magneto-Inertial Measurement Unit (MIMU) or
Inertial Measurement Unit (IMU) to improve the mapping accuracy during sharp motions [75].
Comparing with wheel odometry, IMU offers more flexibility for the system. It is worth noting
that studies have shown using a MIMU could significantly reduced the system error accumulation

[76].

2.3.2 Environment classification

Fatal errors most likely appear during an environment change. Most of the SLAM algorithms are
environment specified. Configurations of a algorithm and the selection of sensors are designed
especially for particular types of surroundings. Once the feature changes, the pre-configured
set-up would not successfully identify the environment, and therefore leads to fatal errors.
Environment classification is an approach to estimate possible environment change for SLAM
process[77][78] [79] [80] [81] [82]. Researchers use a stereo camera to identify the slopes in
the front of the robot [83]. As shown in Figure 2.9, a system changes its odometry algorithm
when the vehicle is entering an area with different slop. Once a slope is detected, the system uses
a different set of odometry to estimate the posture of the robot. Indoor and outdoor detection
is also common for robotic systems to quickly swap between algorithms. Foe example, GPS
signals were used to classify indoor or outdoor environments for a hexacopter camera mapping
system [84]. When no GPS reception is detected, the hexacopter will switch to an indoor mode
where a LiDAR and an IMU are used to locate itself in the building.

Collier and Ramirez-Serrano [85] uses an Artificial neural network (ANN) based classifier to
evaluate whether the robot is currently in an indoor or outdoor environment. The neural network
is trained based on the existing data. The system integrates a monocular camera dedicated
to classifying the state of the environment. The ANN decides if the robot should rely on a

LiDAR-based SLAM system or a stereo camera-based terrain mapping system. A more straight
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Figure 2.9 Using stereo camera to detect slope in the environment. © [2011] RSS Foundation.
Reprinted, with permission, from [Christoph Brand, Stereo-vision based obstacle mapping for
indoor/outdoor SLAM, 2014 IEEE/RSJ International Conference on Intelligent Robots and
Systems, Sept. 2014]

forward approach to distinguish different environment is taking advantage of GPS sensor signal
strength. Dill, De Haag, Duan, Serrano and Vilardaga [84] used the number of satellites a Global
Navigation Satellite System (GNSS) is communicating with to obtain the current situation of
the system. Stable GNSS readings will lead the robot to use GNSS and IMU to estimate its
posture on the map. On the other hand, if GNSS lacks satellite connection, then the robot will
rely on LiDAR and RGB camera to locate itself. Elevation information could also be used to
determine terrain condition during a SLAM process [86]. A diagonally installed LiDAR gives
elevation readings of the obstructions in front of the robot. Based on different elevation readings,
the terrain can be classified into the ground, obstacle and overhanging objects. The classification

results further allow the system to decide if it is entering or exiting from an indoor space.

2.3.3 Submaps

Constructing a map in one piece is risky. Instead, researchers found dividing the map into
many submaps helps isolating, identifying and correcting mapping errors. Submapping can
be seen in early SLAM studies [87] [88] [89] [90], where the relative translation between two

submaps are re-evaluated after the mapping process. Time, distance and landmarks could be
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used as an indicator to trigger the segmentation. In another work, a new submap is created
every 7 meters the robot travels [77]. It is worth mentioning that the sub-mapping in this work
also contributed to reducing the impact of long corridors and other featureless scenarios in
the mapping results. Brand, Schuster, Hirschmuller and Suppa [91] adopts a similar approach.
Instead of 7 meters, their approver creates submaps in every 2.5 meters or after a significant
rotation. However, in this approach, not all submaps are integrated into the global map in the
world frame. Discarding low-quality submaps in a matching process helps to keep the accuracy
of the results. Submapping helps to improve the efficiency of traversing through local mapping
results. Moreover, it contributes to loop closing during a SLAM process, as matching submaps

evaluate the likelihood of revisiting the same spots.

2.3.4 Loop closing and drift correction

Closing the loop in a SLAM system helps to reduce drifts accumulation and corrects existing
errors on the map. ICP-based loop closing approaches directly use the geometrical information
of the map sections to identify the overlapped area in a SLAM process [92].

However, the challenges of loop closing in a SLAM process come from three major aspects.
Firstly, landmarks and feature points, such as chairs, building corners and trees, are largely
repetitive in the environment. The difficulty of distinguishing landmarks from each other burdens
the efficiency of loop closing. Secondly, the current reading of a SLAM system can only reflect
a fraction of the mapped space. Restricted vision limited the number of comparison candidates
in the loop closing process. Finally, the search scope of the loop closing targets grows with the
size of the map recorded. Traverse through a massive amount of candidates in large-scale SLAM
proce