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Abstract

High-quality reconstructions and understanding the environment are essential
for robotic tasks such as localisation, navigation and exploration. Applications
like planners and controllers can make decisions based on them. International
competitions such as the DARPA Subterranean Challenge demonstrate the diffi-
culties that reconstruction methods must address in the real world, e.g. complex
surfaces in unstructured environments, accumulation of localisation errors in
long-term explorations, and the necessity for methods to be scalable and efficient
in large-scale scenarios.

Guided by these motivations, this thesis presents a multi-resolution
volumetric reconstruction system, supereight-Atlas (SE-Atlas). SE-Atlas
efficiently integrates long-range LiDAR scans with high resolution,
incorporates motion undistortion, and employs an Atlas of submaps to
produce an elastic 3D reconstruction.

These features address limitations of conventional reconstruction techniques
that were revealed in real-world experiments of an initial active perceptual plan-
ning prototype. Our experiments with SE-Atlas show that it can integrate Li-
DAR scans at 60 m range with ~5 cm resolution at ~3 Hz, outperforming state-
of-the-art methods in integration speed and memory efficiency. Reconstruction
accuracy evaluation also proves that SE-Atlas can correct the map upon SLAM
loop closure corrections, maintaining global consistency.

We further propose four principled strategies for spawning and fusing
submaps. Based on spatial analysis, SE-Atlas spawns new submaps when the
robot transitions into an isolated space, and fuses submaps of the same space
together. We focused on developing a system which scales against environment
size instead of exploration length. A new formulation is proposed to compute
relative uncertainties between poses in a SLAM pose graph, improving submap
tusion reliability. Our experiments show that the average error in a large-scale
map is approximately 5cm.

A turther contribution was incorporating semantic information into SE-Atlas.
A recursive Bayesian filter is used to maintain consistency in per-voxel semantic
labels. Semantics is leveraged to detect indoor-outdoor transitions and adjust
reconstruction parameters online.
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Introduction

1.1 Motivations

For a robot to explore and understand its surrounding, actively planning and
mapping the environment is an essential component of an navigation system.
An active mapping system can assist a variety of tasks, such as regular inspec-
tion and monitoring of industrial facilities in remote offshore platforms, and
search and rescue missions in dangerous disaster sites. Reducing human labour
in these inconvenient or unpleasant scenarios with autonomous systems has
been a ongoing theme in the field of robotics. Though there have been a mul-
titude of existing works investigating this topic, latest developments in hard-
ware, including perception sensors and robot platforms, open up interesting
new directions of research.

Lower cost and denser LiDAR has grown more and more common on the
market thanks to the on-going development of self-driving cars. LiDAR pro-
vides much longer sensing range (100~200 m for terrestrial LIDAR) and higher
accuracy at long distances compared to the limited sensing range of Red Green
Blue Depth (RGB-D) cameras, which is typically ~3m. Many of the LiDAR
sensors on the market also have full 360° horizontal Field of View (FoV), which

is beneficial for efficient mapping of large open space.
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In addition, different types of robot platforms usually require tailored sys-
tems to fully exploit their advantageous properties while avoiding their disad-
vantages. Unmanned Aerial Vehicle (UAV) has 6 Degree of Freedom (DOF) but
limited payload capacity, which require computationally light-weight naviga-
tion systems; wheeled and tracked robots drive on the ground and have limited
traversability, which require conservative path planners. Quadruped robots
have experienced significant improvement in reliability and mobility in recent
years, such as ANYmal B and C from ANYbotics, with real-world testing in
facilities such as industrial plants [1, 2]. These platforms have advantages in

all-terrain traversability and stability, as well as considerable payload capability.

1.2 Objectives

At the beginning of this Doctor of Philosophy (DPhil) project, an active mapping
system has been developed as the framework and foundation of this study. It
was deployed in real-world experiments to assess the challenges and limitations
of conventional reconstruction techniques.

Long-term exploration in large-scale environments poses the challenge of
maintaining global consistency in reconstruction. Accumulating odometry error
is unavoidable during long-term exploration. In the context of SLAM, odometry
drift is usually corrected by using loop closures. Rigidity in typical reconstruc-
tion representations, such as volumetric [3] and surface mesh [4], limits the
accuracy in reconstruction when the map is built on the fly by an exploring robot.
It is difficult to incorporate loop closure corrections in such a reconstruction to
maintain global consistency.

Another challenge is finding a suitable trade-off between the
resolution/scale of the reconstruction, and the speed/efficiency of the mapping
system. Some state-of-the-art systems find it difficult to maintain both long
sensing range and high resolution in online exploration tasks, and some
compromise the reconstruction quality in order to achieve real-time

capability [5, 6]. However, being able to recover precise high-resolution
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Figure 1.1: Exploration trajectory and 3D reconstruction result from the proposed
elastic supereight multi-resolution Truncated Signed Distance Function (TSDF) pipeline
on Newer College Dataset (NCD). The close-ups focus on the narrow tunnel on the
opposite side of the Quad area from experiment’s start. (a - the first submap 40 m away;
b - just before going through the tunnel; ¢ - revisiting after a large loop closure.)

geometric information is essential for robot path planning and obstacle
avoidance, especially when traversing through tunnels and door ways such as
the scenario presented in Fig. 1.1.

This study aims to address these challenges of dense LiDAR reconstruction
in large-scale long-term exploration tasks. We have proposed a system named
SE-Atlas. It is an elastic and efficient LIDAR reconstruction pipeline which has
been tested using multiple outdoor exploration datasets in large-scale
environments.

In addition, the accuracy, scalability and memory efficiency of SE-Atlas is fur-
ther improved by analysing spatial overlap and presenting a new formulation
for relative uncertainty between SLAM pose graph nodes.

Lastly, semantic information is also integrated into the reconstruction
pipeline and the LIDAR map. As an extension to SE-Atlas, an external semantic
segmentation module is used to introduce semantic labels into the elastic

large-scale LiDAR reconstruction. This additional information then assists the
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development of the functionality to detect transitions between indoor and
outdoor environments. A probabilistic formulation for fusion across semantic

classes is also employed to ensure consistency among submaps.

1.3 Contributions

The main contributions of this DPhil study are:

« An elastic 3D reconstruction system that uses submaps to support correc-
tions to its underlying shape, e.g. from loop closures, and improvements to
memory efficiency and scalability of this system via pose graph clustering
and submap fusion strategies based on probabilistic, semantic and spatial

understanding. — Chapter 4, Chapter 5

« A new formulation for relative uncertainty derived from the work of Man-
gelson et al. [7] and GTSAM [8], and a formal treatment of uncertainty in
submap fusion. — Chapter 4

o The incorporation of LiDAR into supereight, a state-of-the-art
reconstruction pipeline which achieves multi-fps (3 Hz) long-range (60 m),
high-resolution (~5cm) dense LiDAR integration, which is more detailed
than previously existing approaches. These parameters enable

high-precision motion planning and long range autonomy. — Chapter 4

« Extension of a state-of-the-art dense semantic mapping framework [9] to
maintain a collection of semantic submaps and to probabilistically fuse
voxel labels across overlapping submaps, which then enables on-the-fly
detection of indoor-outdoor transitions and online adjustment of recon-

struction parameters in different environments. — Chapter 5

« An active perception planning system using LiDAR by solving the Next-
Best-View (NBV) problem based on information gain metrics and under-
standing of the environment, capable of efficiently scanning an object or

area of interest while traversing unstructured environments. — Chapter 3
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« Experimental validation in both simulation and real-world trials, of the
proposed system in a multitude of different scenarios, such as industrial
facilities, large-scale outdoor environments and indoor multi-story multi-

room exploration tasks. — Chapter 4, Chapter 5

1.4 Publications and Highlights

Below is a summary of the peer-reviewed publications produced during this
DPhil degree, including four first-author and one non-first-author
peer-reviewed articles. It should be noted that RAS Special Edition is an
extended version of the ECMR-2021 paper.

1.4.1 List of First-Authored Publications

ICRA-2020 [10]: Y. Wang, M. Ramezani, and M. Fallon. “Actively Mapping
Industrial Structures with Information Gain-Based Planning on a Quadruped
Robot”. In: Proc. of the IEEE Intl. Conf. on Robotics and Automation (ICRA).
IEEE. 2020, pp. 8609-8615.

ICRA-2021 [11]: Y. Wang, N. Funk, M. Ramezani, S. Papatheodorou, M. Popovic,
M. Camurri, S. Leutenegger, and M. Fallon. “Elastic and Efficient LIDAR Recon-
struction for Large-Scale Exploration Tasks”. In: Proc. of the IEEE Intl. Conf. on
Robotics and Automation (ICRA). 2021, pp. 5035-5041.

ECMR-2021 [12]: Y. Wang, M. Ramezani, M. Mattamala, and M. Fallon.
“Scalable and Elastic LiDAR Reconstruction in Complex Environments
Through Spatial Analysis”. In: Proc. of the European Conference on Mobile Robotics
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1.5 Thesis Roadmap

This thesis is laid out as follows:

Chapter

Chapter

Chapter

2 — Background: Overview of fundamental information for this the-
sis, including notation and frame definition, hardware description,

and prerequisites on SLAM and odometry systems.

3 — Path, Motion and NBV Planning Using Dense LiDAR
Reconstruction: ~ An active mapping framework that can
autonomously scan an object of interest online, and its deployment
in real-world experiments, which revealed limitations in the
reconstruction module and motivated the more complex elastic

mapping system that we had later developed.

4 — Elasticity, Efficiency and Scalability in Large-Scale LiDAR Re-
construction: A dense LiDAR reconstruction core that addresses the
limitations presented in the active mapping experiments, namely ef-

ficient integration of full-range LiDAR scans at high resolution, the
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Chapter

ability to correct their positions to retain global consistency, the im-
provement to system scalability via submap fusion, and a formula-
tion for relative uncertainties among SLAM nodes to ensure fusion

accuracy.

5 — Semantic Analysis in Large-Scale Multi-Sensor Reconstruction:
Integration of semantic information into the LiDAR reconstruction
system using a multi-camera setup to achieve full-coverage, as well
as a probabilistic fusion model across semantic classes to maintain

consistency across multiple submaps.



Background

This chapter explains necessary background details and information for the re-
mainder of this thesis. This DPhil project focuses on reconstruction for robotic
exploration tasks in large-scale environments. Section 2.1 discusses the prob-
lems that this thesis is trying to address, motivated by international competi-
tions such as the Defense Advanced Research Projects Agency (DARPA) Subter-
ranean (SubT) Challenge. Section 2.2 provides an overview on the state-of-the-
art methods deployed in these challenges to solve these problems. Important
concepts on the prerequisite odometry, loop closure and SLAM modules for
the proposed reconstruction system (but not included in it) are explained in
Section 2.3, Section 2.4 and Section 2.5 respectively. Finally, Section 2.7 describes
the hardware used in the experiments throughout this DPhil project, including

both robot platforms and perception sensors.

2.1 Problem Statement

In the field of robotics, the problem of exploration can be defined as surveying
an environment with a robot to maximise the knowledge of this area. The
robotic task that this thesis studies is reconstructing the explored environment of

the robot online, using the information gathered during the surveying process,
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with an emphasis on assisting other applications such as path planning and
navigation. We are interested in exploration in large-scale environments where
long survey time would be required to fully scan these areas, such as structured
urban scenarios [14, 16], unstructured industrial and disaster sites [5, 10, 11], and
organic natural environments [14, 17, 18]. We also investigate confined indoor
scenarios, especially narrow corridors and doorways [12].

The DARPA SubT Challenge presents an representative and challenging ex-
ample for scenarios that align with the focus of this thesis. The different phases
of the DARPA SubT Challenge covered a wide range of complex environments,
such as human-made tunnel systems, urban underground, and natural cave
networks [19]. These environments pose significant challenges to the autonomy,
perception, mobility of robots as well as network communications.

This section discusses on a high level the exploration and mapping modules
deployed in the DARPA SubT Challenge by teams such as CoSTAR [20], CER-
BERUS [21], CSIRO Data61 [22] and Explorer [23]. We focus on the problem
that these systems are addressing and the challenges that these modules face.
In Chapter 3 and Chapter 4 of this thesis, we present similar complications
in real-world experiments which are then addressed using the proposed sys-

tem in this thesis.

2.1.1 Autonomous Exploration

Let the term known environment define the space that a robot has observed
using sensors, with unknown referring to the area that has not been observed
by these sensors. In the context of DARPA SubT Challenge, autonomous ex-
ploration refers to the system functionality of finding a path for the robot to
traverse through the known environment that would most efficiently scan the
unknown space and expand the existing reconstruction [21-23]. One of the
biggest challenges for path planning in the typical environments of DARPA

SubT Challenge [19] is presented by the uneven terrain, irregular wall surfaces
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and narrow passages, similar to the real-world challenges presented in Chap-
ter 3 and Chapter 4. Path planning methods have to find a safe route that does
not collide with any obstacles, and for wheeled and legged robots specifically,
tind a traversable path on the ground. This requires the reconstructions to have
high resolution so that the terrain, surfaces and especially narrow corridors can
be represented as accurately as possible. Chapter 4 describes how this thesis
expands a state-of-the-art reconstruction pipeline to realise large-scale LIDAR
mapping with high resolution and efficiency.

In addition, the reconstruction has to represent the occupied space at least
for obstacle avoidance, and preferably provides explicit known free space rep-
resentation to ensure the safety of planned path — by only planning in free
space and avoiding unknown space [21]. This will be discussed in Section 2.6
and Chapter 4.

The DARPA SubT Challenge environments also present dynamic obstacles
such as falling debris, which require robustness and agility in the obstacle avoid-
ance method. Robotic exploration systems commonly employ a local map with
a limited size that can be updated quickly for this purpose [20-23]. This will
be further discussed in Section 2.2. A similar technique is also employed by the

proposed system, which will be explained in detail in Chapter 4.

2.1.2 Robotic Mapping

Individual systems required when mapping in DARPA SubT Challenge involve
odometry, localisation, SLAM and reconstruction techniques. Multi-storey struc-
tures, inclinations and slopes, sharp turns and slippery terrain challenge the
odometry system; sudden changes in lighting condition and environment damp-
ness degrade perception sensing [19]. Section 2.3 discusses these complications
in visual and LiDAR odometry.

SLAM loop closure detection and registration methods are required to cor-
rect odometry drifts; reconstruction techniques (as well as the path planner in

the case of [21]) therefore also need to be connected to the SLAM modules and
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maintain the ability to be adjusted for correction, which in this thesis is referred
to as elasticity, to achieve global consistency (Chapter 4).

Furthermore, as the environment increases in scale and the exploration
grows in its length, more challenges are present for odometry, SLAM and
reconstruction systems in aspects such as accuracy, efficiency and scalability.
These challenges are discussed further in following sections (Section 2.3 and

Section 2.5) as well as in later chapters (Chapter 3 and Chapter 4).

2.2 Exploration and Planning

While this thesis focuses on reconstruction itself, autonomous exploration and
mapping is a highly relevant field as both the motivation and application for re-
construction, as demonstrated by many systems in the DARPA SubT Challenge.
This section discusses the high-level system design of these autonomous ex-
ploration and mapping modules, emphasising the viewpoint decision-making
and path planning features. More active mapping methods are covered in Sec-

tion 3.2 in detail.

2.2.1 Overview

Robotic systems deployed in DARPA SubT Challenge incorporate a wide col-
lections of modules to tackle complicated tasks. The most essential modules
include odometry, localisation, SLAM and exploration. For example, on a high-
level Agha et al. [20] proposed the concept of Simultaneous Planning, Localisa-
tion, And Mapping (SPLAM), considering the localisation and mapping uncer-
tainty in path planning to achieve resilient traversability and risk-awareness.
These systems conventionally have an incremental and iterative structure.
As the robot explores more space, its pose is localised against the existing map
and then used to update the global reconstruction with new observations. Based
on the updated map, the exploration module finds the next viewpoint that will

maximise the expansion of the global reconstruction and computes a safe path to
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the next best viewpoint — the NBV problem. The robot executes the computed
path, and starting the next iteration of localisation, mapping and planning.

The term NBV is commonly used in the field of robotics referring to problems
that focus on viewing an object or structure, such as the work of Isler et al. [24]
and Delmerico et al. [25]. However, similar techniques can also be employed
to map an area of interest [6, 20, 26], which is in line with the autonomous
exploration problem described in Section 2.1.1. Hence in this thesis, the term
NBV is used both in the context of scanning an object or structure and in that
of mapping an area of interest.

The following sections describe the design of specific components within
such a system, namely the decision-making modules within a NBV planner
which uses Information Gain (Section 2.2.2) and the path planner (Section 2.2.3).
Chapter 3 further presents an active perceptual planning prototype that incor-

porates a similar framework as described above.

2.2.2 Information Gain

To solve a NBV problem, there are two conventional approaches, namely
frontier-based and information gain-based. Frontier-based methods refer to
focusing on future exploration around the boundary between the known and
unknown space. For instance, the method proposed by Williams et al. [27] is
incorporated in [22] to guide the robot towards the frontier of known space.

Information gain-based methods on the other hand use certain formulations
to measure the potential contribution to the map by a scan, such as the formula-
tion of counting unknown voxels to compute VolumetricGain used by team
CERBERUS [21].

In addition, Team Explorer [23] focuses on sensor coverage of structures in
the environment. Their method emphasises covering surfaces within a distance
and angle range, desiring a thorough inspection of areas of interest for search-

and-rescue scenarios.
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Figure 2.1: The simplified illustration of local and global planning in [23]. The coordinate
frame (RGB axis) represents the robot. The global map representation (light grey blocks)
has lower resolution for scalability while the local map (dark grey area) has higher
resolution for detailed local obstacle avoidance. Hence the global path (dotted blue line)
is coarse and the local path (solid blue curve) is smooth and detailed.

2.2.3 Path Planner

Once the NBV decision has been made, the path planning module is responsible
for navigating towards the desired goal. A common architecture employed by
teams in DARPA SubT Challenge is a combination of local and global planning
and mapping [21, 23]. Fig. 2.1 illustrates a simplified example of the planner
design by Scherer et al. [23]. The global map is maintained at a low resolution
for efficiency and scalability. While this map allows for coarse global planning, it
cannot support the detailed obstacle avoidance through complex environments.
Hence a local map with high resolution but limited range is also maintained

Team CERBERUS [21] uses a graph-based exploration planner known as
GBPlanner [28] for both local and global mapping. GBPlanner is used to build
an undirected graph that populates the map and avoids obstacles to derive
candidate exploration paths. The desired viewpoint (NBV) is selected from the
graph, and Dijkstra’s shortest path algorithm [29] is then used to find the most
efficient path to reach the desired goal along the graph.

There is a wide range of path planners that have been developed over the
years. A complete path planner is a multifaceted system involving map rep-
resentations, perception sensor characteristics and sometimes robot trajectory
history. Some of the most common core algorithms employed by path planners

in active mapping systems include Rapidly-exploring Random Tree (RRT) [30]
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and RRT* [31], focusing on finding feasible and efficient paths through complex
environments. Section 3.2 provides a more complete review on those path plan-

ning methods incorporated in state-of-the-art active mapping systems.

2.3 Odometry

Estimating the state (e.g. pose) of the robot correctly is essential for any robotic
exploration, navigation and reconstruction tasks.  The accuracy of the
incrementally created map in these tasks is based on the accuracy of state
estimation. Odometry focuses on estimating the motion of the robot as it moves
through the environment. We often emphasise achieving low drift rates and
local smoothness. This section will describe several conventional odometry
algorithms. Meanwhile place recognition, global localisation and odometry

drift correction will be discussed in Section 2.4 and Section 2.5.

2.3.1 Visual Odometry

Visual Odometry (VO) refers to the technique of estimating the motion of the
robot using images streamed from one or more cameras. A typical extension
to VO is Visual Inertial Odometry (VIO), integrating high-frequency Inertial
Measurement Unit (IMU) sensors into camera-based odometry. In the scenarios
where visual feature tracking is hard to achieve between consecutive camera
frames, such as during highly dynamic motion where the overlap between cam-
era views is limited, IMU input provides an important source of short-term
high-frequency odometry information that does not rely on perception, main-
taining the estimation of robot’s state. The survey paper by Delmerico and Scara-
muzza [25] assessed a variety of VIO benchmarks. Due to the wide availability
of cameras and IMUs, there are many commercial VIO systems available [32-35].

Modern cameras are able to capture and stream a large amount of data due to
their high resolution, but mobile robots” on-board hardware limits the available
computation. In order to achieve real-time visual tracking, many VO and VIO

systems first incorporate feature extraction techniques and replace dense camera
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images with sparse features that capture characteristics of original images but
require significantly less data. For example, ROVIO by Bloesch et al. [33] uses
FAST corner detector [36], and OKVIS by Leutenegger et al. [32] uses BRISK
feature detector and descriptor [37].

VO and VIO systems also need to estimate the relative transformation among
latest camera images as well as other desired camera states. Some of these sys-
tems are based on variants of the Extended Kalman Filter (EKF), such as ROVIO
by Bloesch et al. [33] and OpenVINS by Geneva et al. [38]. ROVIO [33] uses
an iterated EKF framework and OpenVINS [38] extends Multi-State Constraint
Kalman Filter (MSCKF) [39].

An alternative approach for VIO is optimisation and smoothing within a
sliding window, which improves estimation robustness compared to methods
based on EKF variants [25]. Methods such as SVO+GTSAM [40], OKVIS [32],
VINS-Mono [34] and Kimera [35] all employ a factor graph to model the con-
straints among robot poses and camera observations within the latest period
of time. These systems then optimise the feature-based errors to estimate the
latest poses of the camera using optimisation libraries such as g®o library [41],
iSAM2 [42] and GTSAM [8].

However, a major drawback of the modern VO and VIO lies in the lim-
ited FoV of conventional cameras. Rapid motions, especially sharp turns, and
complicated environments (such as the DARPA SubT Challenge) can lead to
limited overlap between consecutive frames and their features, usually resulting
in unreliable odometry estimation or even failure. LiDAR odometry provides

a solution to this limitation.

2.3.2 LiDAR Odometry

With LiDAR sensors becoming cheaper and more commercially available in re-
cent years, LiDAR-based state estimation becomes a popular alternative and
extension to VO and VIO. Compared to RGB cameras, LiDAR directly measured

information about the geometry of the environment via depth measurements,
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while VO and VIO require an additional step of triangulation which introduces
error. In addition, a conventional 3D LiDAR typically has 360° horizontal FoV.
It is easier for LIDAR odometry to maintain reliable state estimation in scenarios
where VO can fail.

The results of Hilti SLAM challenge [43] show that systems leveraging both
vision and LiDAR outperform pure vision-based methods significantly. Because
this DPhil project uses LiDAR as the main perception sensor, LIDAR odometry

is a key input to the proposed reconstruction system SE-Atlas.

Iterative Closest Point (ICP) and its Variants

The conventional output from a LiDAR sensor is point clouds. ICP is one of the
most widely used techniques to compute the relative transformation between
a pair of point clouds [44]. ICP typically computes the rotation and translation
that would minimise the point-to-point distance between two point clouds, but
also allows for replacing point-to-point distance with different formulations, a
common alternative of which is point-to-plane distance.

Many active mapping methods employ ICP [45, 46] or its variants [47] for
point cloud localisation. Systems that choose surface mesh as map representa-
tion, such as those utilising TSDF [48-50], localise the sensor by minimising the
difference between the latest scan and a predicted measurement rendered from
the current map. Vespa et al. [50] chose a variant of ICP and created an odometry
system for depth camera, supereight. It was later extended to incorporate LIDAR
measurements [51].

Methods that employ surfel representations [52, 53] further leverage the po-
sition and orientation of surfels to create improved geometric constraints for
pose graph odometry and SLAM systems. One of the most recent example is
ElasticLiDAR++ proposed by Park et al. [53], It is a map-centric SLAM system
integrating LiDAR, inertial and visual sensor inputs. The registration of the

current scan is conducted based on point-to-plane distance between every pair
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of corresponding surfels. While the localisation and mapping results of ElasticLi-
DAR++ are impressive, this system requires heavy computation, and could not
reach real-time as presented by Park et al. [53].

Overall, ICP and its variants are reliable methods to achieve high alignment
accuracy, but it relies on a good pose initialisation. Some of the more basic
ICP-based methods are also often time-consuming unless the point clouds are

heavily downsampled.

LiDAR Odometry And Mapping (LOAM) and its Variants

To reduce the required computation time of point cloud registration, several
state-of-the-art LIDAR odometry systems extract point cloud features instead
of using the entire point cloud.

For example, LOAM [54] extracts point features with very high or low cur-
vature, which correspond to edges and planes in a point cloud respectively. The
relative transform between two consecutive point clouds is then computed by
minimizing point-to-line and point-to-plane distances. The overall system takes
on a coarse-to-fine multi-threaded structure. The coarse scan-to-scan match-
ing can run at 10 Hz, which is the typical LiDAR sensor frequency. The refine
thread registers the current scan with a accumulated map, running at a lower
frequency of 2—5Hz.

Shan and Englot [55] proposed LeGO-LOAM, a variant of LOAM that is
tailored for ground robots. LeGO-LOAM leverages the assumption of a large
ground plane that is always present to further reduce the computation weight
in segmentation and optimisation. Shan et al. [56] further extended LOAM with
a factor graph and proposed LIO-SAM. LIO-SAM integrates IMU readings into
the LIDAR odometry as additional factors in the graph structure, and registers
the current scan at a local scale instead to a global map to improve real-time
performance. The factor graph incorporated by LIO-SAM can also accept loop
closure factors, which extends it beyond the typical odometry functionalities

(Section 2.4 and Section 2.5).
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2.3.3 Leg Odometry

Walking robots can also integrate joint sensing measurements to provide high
frequency state estimations for these highly dynamic robot platforms. This state
estimation process is usually referred to as the leg odometry. However it relies
on an accurate kinematic model of the robot as well as a complex modelling of
the interaction between the robot’s feet and the ground.

For simplification, some works on leg odometry assumed ideal non-slipping
contacts between feet and ground, and that each foot has a point contact with
the ground. IMUs are also commonly integrated with raw leg odometry to
constrain the robot base motion, such as [57-59]. Bloesch et al. [58] fused joint
encoders and an on-board IMU together using Observability Constrained Ex-
tended Kalman Filter (OCEKF). This method was improved by Bloesch et al. us-
ing Unscented Kalman Filter (UKF) [59]. A later work of Bloesch et al. [60] pre-
sented Two State Implicit Filter (TSIF). TSIF avoids an explicit process model to
achieve higher modelling flexibility. It is the default leg odometry state estimator
deployed on ANYmal quadruped robot [61].

However, the non-slippery assumption is unrealistic, and incorrectly mod-
elling/detecting foot contact is a major contributor to leg odometry drift [62].
In [59], Bloesch et al. employed a simple threshold based on the Mahalanobis dis-
tance of the UKF innovation to detect and reject outliers caused by foot slippage.
Camurri et al. [63] presented a foot contact detector for robust leg odometry us-
ing robot’s internal force sensing by estimating the probability of reliable contact.
Lin et al. [64] proposed using a deep learning method to estimate foot contact
based on kinematic and IMU measurements. This method has been evaluated

on the MIT Mini-Cheetah quadruped robot [65].

2.3.4 Multi-sensor Fusion

Multi-sensor fusion techniques refer to combining different sensor
measurements and leveraging the advantages of complementary sensors. This

usually improves the robustness and accuracy of odometry systems.
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As previously mentioned, LiDAR can improve the robustness of visual track-
ing because LiDAR can create detailed and metrically accurate maps for locali-
sation. On the other hand, combining VIO with LiDAR addresses the relatively
low frequency of LiDAR as well as the motion distortion in LiDAR point clouds.
Modern 3D LiDAR sensors collect range returns continuously over time. A
complete 360° scan is accumulated and then made available to downstream
applications. The high dynamics of a legged robot, especially in rotation, can
lead to motion distortion of these scans. High frequency odometry sources such
as visual and inertial give pose estimation between LiDAR scans so that each
LiDAR measurements can be projected into the map correctly.

The fusion of these odometry methods could be a simple architecture where
VIO provides the initial estimation for LIDAR odometry to improve scan match-
ing accuracy [66, 67]. LOCUS [68] accepts multiple odometry inputs, including
VIO, kinematic and wheeled, as priors for LIDAR odometry. This method has
been deployed in the DARPA SubT Challenge.

On the other hand, HERO [69] accepts multiple odometry inputs but only
uses the most reliable source. Such a heuristic relies on metrics tailored for
experiment scenarios and has poor generalisability towards new environments.
Zhao et al. [70] proposed Super Odometry and configured the different odom-
etry estimations to feed relative pose constraints into a factor graph. The reli-
ability of each odometry source is reflected in the covariance of measurement
in the factor graph, and unreliable sensor readings (e.g. in the case of sen-
sor failure) will have increased covariances and reduced effect during factor
graph optimisation.

These aforementioned methods are referred to as loosely-coupled because they
handle different odometry sources independently and fuse them together in a
later stage. An alternative approach is tightly-coupled, which jointly estimates
the robot state using all available sensors. Variants of the Kalman Filter, such
as MSCKEF, are popular techniques for tightly-coupled multi-sensor fusion. For
example, Yang et al. [71] and Zuo et al. [72, 73] all relied on a MSCKF framework
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to integrate features in point clouds, in vision and IMU measurements tightly
together. A more recent work, R?Live proposed by Lin et al. [74], uses iterated
Kalman filtering.

Kalman filter variants are also a common technique for fusing leg odometry
into other state estimators. Wooden et al. [75] developed a state estimator for
Boston Dynamics Big Dog quadruped robot that uses leg odometry to assist VO
when VO loses tracking. Ma et al. [76] then extended this system for Boston Dy-
namics LS3 quadruped, using EKF to integrate leg odometry into VIO. The leg
odometry functions as back-up state estimator when visual tracking fails in long-
term operation. Pronto, presented by Fallon et al. [77], used an EKF for long-
term multi-sensor fusion on the Atlas humanoid robot, incorporating stereo
camera and LiDAR. This system was further extended by Nobili et al. [78] and
Camurri et al. [79] for the ANYmal [61] and HyQ [80] quadrupeds, respectively.

One of the odometry sources used by the proposed system in this thesis is
Visual Inertial Lidar/LEgged Navigation System (VILENS) by Wisth et al. [81].
It incorporates all previously mentioned sensor types in one factor graph and
uses iISAM2 [42] for optimisation. In the scenario where visual or LIDAR odom-
etry is unreliable due to there being few features, VILENS does not discard
these observations like typical multi-sensor systems, but treats each feature as
a factor and maintains them in the graph to account for the limited feature
counts. One additional key functionality that VILENS provides for the proposed
system is the motion undistortion in LiDAR point cloud. Chapter 4 will present
the improvements in LiDAR point cloud and volumetric reconstruction with

motion undistortion.

2.4 Loop Closure Detection

State-of-the-art odometry systems can achieve impressively high accuracy. For
instance, LOAM consistently achieved an average error ~1% in all the exper-
iments by Zhang et al. [54]. However, the accumulation of some degree of

odometry error is unavoidable during large-scale exploration tasks.
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In the context of SLAM the odometry drift is usually addressed using loop
closure detection and correction. Take factor graph SLAM as an example. Upon
the detection of a loop closure, a factor graph SLAM system introduces a new
constraint between the head and the tail of the loop, optimises the factor graph,
and then propagates pose corrections back through the trajectory. These correc-
tions can also be applied to the map representation used within SLAM systems.

Because this DPhil project uses LiDARs as the main perception sensor, this
section will focus on a variety of state-of-the-art loop closure detection tech-

niques based on LiDAR point clouds.

2.4.1 Scan Context

Kim and Kim proposed Scan Context, an egocentric spatial descriptor for 3D
LiDAR scans [82]. It is designed for global place recognition and loop closure
detection. Different from many conventional LiDAR point cloud descriptors
that rely on histograms and point count distributions [83-85], Scan Context de-
scriptor encodes a 3D LiDAR point cloud into a matrix by dividing the scan into
azimuthal and radial bins in the sensor local frame, and stores the maximum
height of points in each bin. Such a design improves the efficiency of encoding
and the preservation of point cloud internal structure compared to the conven-
tional methods based on point distribution histogram [82].

The centre of the scan, i.e. the pose of the LiDAR, functions as a global
keypoint that holds an egocentric Scan Context descriptor. Kim and Kim further
introduced a two-phase search algorithm for loop closure detection based on
Scan Context. They first extracted the ring key, a rotation-invariant and less in-
formative descriptor, from Scan Context to enable faster search for potential loop
closure candidates. A slower but more accurate pairwise similarity score is then
used for finding loop closures from candidate pairs and any localisation refine-

ment such as ICP, avoiding searching and matching across the whole database.
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Scan Context has been deployed in several state-of-the-art LIDAR SLAM
systems, including the one-year long-term LiDAR localisation by Kim et al. [86]
and the multi-agent system DiSCo-SLAM by Huang et al. [87].

2.4.2 SegMatch and SegMap

Different from Scan Context [82], SegMatch [88] proposed by Dubé et al. is a
matching algorithm based on segments of LiDAR scans. It was later expanded
into a map representation solution by Dubé et al. called SegMap [89].

A necessary prerequisite of the segmentation step in SegMatch is removing
the ground. The technique implemented by Dubé et al. was originally pro-
posed by Douillard et al. [90]. After the removal of the ground plane, point
cloud segments in SegMatch is first extracted using a fixed-radius cylindrical
neighbourhood and then clustered using the "Cluster-All Method" [90]. Dubé et
al. then used several different descriptors for segments, and focused on present-
ing two of them, namely an eigenvalue-based descriptor and an ensemble of
shape histograms.

SegMatch employs a learning-based approach to identify matches between
segments from the map and the current LiDAR scan. The matching process first
generates candidate matches using k-d tree search in feature space, and then
uses a random forest in a classifier to make the final matching decision. Having
a learning-based segment matching technique means that there is a training
phase. In SegMatch, the classifier was trained and tested using sequence 06
of the KITTI dataset [16], and then assessed for loop closure detection using
sequence 05 of KITTIL. It was further tested using more complex data from the
Clausiusstrasse in Zurich, with the segmentation method replaced by the region
growth method proposed by Rabbani et al. [91]. This demonstrated that the
learnt descriptor of SegMatch can be generalised to a different urban environ-
ment when trained using an urban dataset. It also showcased the modular

design of the overall pipeline.
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SegMatch is then expanded into SegMap by Dubé et al. [89], a unified
method for map representation in LIDAR SLAM problems. The segmentation
method in SegMap is improved with an incremental Euclidean distance-based
region-growing technique [92], then a descriptor is extracted from each
segment using a Convolutional Neural Network (CNN) with an
autoencoder-like architecture. By accumulating descriptors and centroids of
corresponding segments in a world frame, SegMap constructs a global segment
map. For localisation and matching segments between new LiDAR scans and
the map, SegMap uses the same k-d tree approach as SegMatch. Compared to
SegMatch [90], SegMap’s descriptor extractor architecture allows the
compressed representation of the descriptor to used to reconstruct an
approximate map at any time. In addition, SegMap incorporates semantic
information in its descriptor as well for easier distinction between static and
dynamic objects. While the SegMap descriptor were trained using KITTI [16] in
the experiments presented by Dubé et al. [89], it has been further assessed in
non-urban scenarios. The multi-robot SLAM experiments covered unstructured
disaster environments that resembles industrial facilities. This demonstrated

the improved generalisability of SegMap compared to SegMatch.

2.4.3 Efficient Segmentation and Mapping

SegMatch [88] and SegMap [89] focused on urban scenarios, but these methods
usually do not generalise well to structure-poor natural environments. There-
fore Tinchev et al. proposed Efficient Segmentation and Mapping (ESM)[18, 93]
to address LiDAR-based place recognition in vegetated areas such as forests or
orchards. Notably, ESM can run without a GPU, making it suitable for platforms
such as UAVs.

ESM employs a Euclidean segmentation method similar to SegMatch [88]
because region-growth methods such as [91] rely on surface normals, which
are unstable when computed in natural environments. An oriented key pose

is then extracted from each segment, defining the orientation and position of
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the segment. The key pose extraction method proposed by Tinchev et al. was
compared with the keypoint extraction method employed in SegMatch, and the
result demonstrated that a consistent key pose can mitigate changes in point
cloud appearance due to different viewpoints [93]. Instead of relying on a hand-
crafted set of features in its descriptor, ESM proposes a novel description method
and learns segment representations to handle the variability of the environment.
It learns a descriptor space which efficiently represents the similarities between
partial observations of the same segment, making it robust to incomplete data.
ESM was designed specifically for global place recognition relative to a prior
LiDAR map without any prior information regarding the current sensor pose.
In the experiments presented by Tinchev et al. [18, 93], the random forest used
for segment matching in ESM was also trained using sequence 06 in KITTI
dataset [16]. It was then compared against SegMatch [88] using both KITTI
dataset and a forest dataset. The results demonstrated that ESM outperformed
SegMatch in both cases [18, 93]. Tinchev et al. further assessed their system
using a sequence collected in a foliage-heavy forest in Cornbury Park, Oxford-

shire, showing the generalisability of ESM.

2.5 SLAM

As explained in the previous section, SLAM systems correct odometry drift
after loop closures are detected. Besides the importance in localisation, SLAM
is one of the most essential components of autonomous robotic systems. It
has applications in all scenarios where a map is needed but is not available a
priori [94]. SLAM systems aim to reconstruct a map of the environment with
global consistency unlike the local map in odometry systems. This global under-
standing of the environment is sometimes required for other robotics tasks such
as path planning, navigation and exploration. For instance, the simple example
of "infinity corridor" in Fig. 2.2, presented by Cadena et al. [94], demonstrates
that with the global map constructed after SLAM loop closure, point B and C

can be connected with a "shortcut” that is not present in the odometry map.
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Figure 2.2: The example of loop closure and SLAM provided in [94]. Left: the odometry
map where the robot started at point A and eventually reached point B and caused two
loop closures at point A and B respectively. Right: the SLAM map after loop closures
and drift correction.

SLAM loop closures reveal the true topology of the environment to the robot
for other applications.

The SLAM problem has been studied for over 30 years, yet it still remains a
relevant research topic. This section will provide a brief overview of different

techniques employed in SLAM systems throughout history.

2.5.1 Classical Methods

The survey papers by Bailey and Durrant-Whyte [95, 96] provided an overview
on the classical methods of solving SLAM between 1986 and 2004.

EKF-SLAM

One of the most common solution for SLAM at the time of the survey papers
by Bailey and Durrant-Whyte [95, 96] was based on EKF and its variants. Some
early methods in navigation for mobile robots [97-99] employed Kalman filter-
type algorithms for localisation. Later methods formulate a SLAM problem as a
state-space model including the pose of the robot as well as landmarks. Conven-
tionally, these states are modelled to have additive Gaussian noise, leading to
the use of EKF.

EKF-SLAM focuses on the latest state; the history of the robot’s poses and

their connections to the observable landmarks are marginalised into the last state
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using the motion/kinematic model and the observation model. Intuitively, stan-
dard EKF-SLAM systems such as [100] have a two-phase structure, incorporat-
ing a Time-update phase and an Observation-update phase to model kinemat-
ics and observations, respectively. Many traditional SLAM systems employed
Kalman filter-based methods and focused on improving its efficiency and real-
time capability. One example of large-scale SLAM based on Kalman filter is the
work of Guivant and Nebot [17]. Their system has been tested in the Victoria
Park, Sydney, Australia. It addresses the issue of real-time processing, vehicle
high speed, uneven terrain and dynamic clutter. The dataset collected in this

trial also became a popular benchmark for SLAM systems.

Fast-SLAM

One major drawback of EKF-SLAM is the linearisation of non-linear motion and
observation models, which sometimes can lead to significant inconsistency in its
solution [101]. Hence, another commonly implemented classical method, Fast-
SLAM [102, 103] based on Rao-Blackwellised particle filters, was proposed by
Montemerio et al. . This approach focuses on describing the motion of the robot
directly with more generalised non-Gaussian probability distributions and non-
linear process models. Particle filtering is not computationally feasible for the
high dimensional state-space of a SLAM problem, hence Rao-Blackwellisation
is applied to reduce the sample space in particle filter. Fast-SLAM 2.0 [103] has
been assessed using a real-world large-scale outdoor experiment, the Victoria
Park trial [17], and produced an accurate map.

However, a later analysis conducted by Strasdat et al. [104] revealed that, for
the same dataset, keyframe-based Bundle Adjustment (BA) and optimisation
method (also referred to as Structure from Motion (5fM) in the field of computer
vision) was demonstrated to be more accurate per unit of computation time
compared to the classical filter-based methods. As a result, graph-based SLAM

systems start to become the more prominent formulation [94].
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Figure 2.3: The basic example of SLAM formulated as a factor graph provided in [94].
Blue nodes represent robot poses at consecutive time steps (x1, x2, x3,...), green nodes
represent landmarks (I1,l2), the red node represents the variable parameters associated
with sensor calibration (K'). Black squares represent the factor of constraints among
nodes): u represents odometry constraints, v represents observations, ¢ represents loop
closures, and p represents prior factors.

2.5.2 Graph-based SLAM

Modern SLAM systems conventionally include two main components, namely
a front-end and a back-end. The front-end commonly handles the inputs from one
or more sensors and processes the data accordingly. For example, techniques for
visual feature extraction (Section 2.3.1) and multi-sensor fusion (Section 2.3.4)
are usually included in the front-end. This section focuses on the back-end of
a SLAM system that performs localisation and mapping using the abstracted
and processed sensor inputs.

Currently, the standard formulation for the back-end of modern SLAM sys-
tems is a maximum a posteriori estimation using factor graphs [105] to model the
interdependence among robot poses and map landmarks. Fig. 2.3 presents an
example of SLAM based on factor graph. Instead of marginalising past robot
poses to the latest state like classical methods (Section 2.5.1), the estimated state
space of a graph-based SLAM system typically maintains the whole trajectory
of the robot, so as to recover the maximum a posteriori for the entire history of
robot poses and the map [106]. This process is referred to as smoothing to differ

from the classic filtering approach.
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For example, in the square root Smoothing and Mapping (SAM) system pro-
posed by Dellaert and Kaess [106], the maximum a posteriori optimisation is
formulated as a non-linear least square problem. After linearising the prob-
lem using Jacobian matrices, it can be summarised as the following linear least

square problem,
§* = argmin ||Ad — b||3 (2.1)
5

where vector § represents the state space, 6* is the desired solution of the least
square problem, matrix A contains all the Jacobian matrices of the odometry and
observation model represented by the factor graph and vector b contains all the
measurements on robot poses and landmarks. Because 6 now contains the entire
robot trajectory with no marginalisation, matrix A is and will remain sparse with
the trajectory growing longer and the scale of the SLAM problem growing larger.
The sparsity of A means that it can be factorised more efficiently, making the
optimisation problem easier to solve than a filtering problem. While this new
method by Dellaert and Kaess [106] is more efficient than classical methods, it
was designed as a batch algorithm, making it not as efficient when handling an
incremental SLAM problem [107].

Kaess et al. extended the aforementioned square root SAM formulation to be
more efficient when applied incrementally and presented incremental Smooth-
ing and Mapping (iSAM) [107]. The matrices involved in the optimisation prob-
lem in iISAM are updated directly when new measurements arrive to avoid the
unnecessary computation required for reapplying factorisation every time in
square root SAM. This method is further improved by Kaess et al. [42] using
a novel data structure referred to as Bayes tree. By incorporating the Bayes tree,
Kaess et al. presented a new system for sparse non-linear incremental optimisa-
tion, iISAM2, with improved efficiency through incremental variable re-ordering
and fluid re-linearisation.

A competition to iSAM is the g?o library [41], which is employed in the
state-of-the-art SLAM system ORB-SLAM [108-110]. The original ORB-SLAM
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by Mur-Artal et al. [108] is a feature-based monocular SLAM system, focusing
solely on visual input. It uses ORB features [111] to sparsify visual inputs,
and uses DBoW?2 [112] to construct a map of ORB features for a bag of words
place recogniser. It relies on the g?o library [41] as the optimiser. The overall
pipeline is constituted of three threads, namely tracking, local mapping and
global mapping. The tracking thread handles feature extraction and aligning
the latest scan with the local map. The local mapping thread optimises the
consistency within the local map of ORB features. The global mapping thread
is only triggered when a loop closure is detected and applies correction to the
whole trajectory when odometry drift is corrected. The following works [109,
110] extend ORB-SLAM with more sensor inputs such as stereo, RGB-D and
fisheye cameras, as well as additional features such as multi-map SLAM.

The main focus of modern SLAM includes accuracy, efficiency and scalability.
Hence the scale of the environment and the duration of the exploration are both
interesting topics for investigation. These aforementioned optimisers, g®o (as
a component of ORB-SLAM) and iSAM, have both been tested against large-
scale outdoor datasets such as KITTI [16] and Victoria Park [17] and presented
impressive performance.

The proposed reconstruction system of this thesis relies on a pose graph
SLAM [113]. The loop closure detection and correction is essential to the pro-
posed system in order to achieve global consistency as well as scalability in
large-scale reconstructions. The overall map created by the proposed system
is represented by multiple submaps, inspired by the Atlas framework [114].
These submaps are connected to a SLAM factor graph and can be moved around
to maintain consistency upon loop closure correction. This design will be ex-

plained more thoroughly in Chapter 4.

2.5.3 Loop Closure Robustness

One potential challenge for conventional SLAM systems is false positive loop

closures [113]. In a graph-based SLAM system, a false loop closure can lead to
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the addition of incorrect constraints into the factor graph, resulting in incorrect
optimisation, inferior trajectory or a complete failure of the SLAM back-end.

One popular solution among existing systems is switchable constraints pro-
posed by Stinderhauf and Protzel [115]. This approach adds a switchable vari-
able to re-weight the cost function for each newly added loop closure constraint
in a factor graph. Allloop closure constraints are treated as true positive initially
when added; but when detected as an outlier, i.e. a false positive, the switchable
variable of this loop closure will be adjusted to down-weigh the corresponding
constraint in the overall cost function. The drawbacks of this method are two-
fold. First, the addition of a large number of switchable variables increases the
complexity of a SLAM system. Second, there is no guarantee that the outliers
are fully down-weighed [113].

Another solution is to employ a robust cost function [116], such as the
method proposed by Chebrolu et al. [117]. A standard technique to improve
optimisation robustness is M-estimators by Zhang [118], which replaces the
standard square error with a robust function that has a lower penalising effect
outside the basin close zero error. To improve the generalisability of
M-estimator and avoid manual tuning, Agamennoni et al. [119] proposed
self-tuning M-estimators by considering the tuning parameter of M-estimator
as a variable in the optimisation problem within an iterative two-step
Expectation Maximisation procedure. Chebrolu et al. similarly employed an
Expectation Maximisation algorithm, but optimised for the shape parameter of
Barron’s robust function [116] to fit the probability distribution of the residuals.

Yang et al. [120] proposed another approach for SLAM loop closure outlier
rejection. This approach leverages the Black-Rangarajan duality [121] between
robust estimation and outlier processes, and uses Graduated Non-Convexity
(GNC) to compute a robust solution without initialisation. GNC replaces the
robust function with a surrogate function that has a control parameter, and

gradually recover the original cost function.
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Similarly, the AdaptivE RObust least-Squares (AEROS) approach proposed
by Ramezani et al. [113] incorporates the Black-Rangarajan duality [121] as well
as the generalised robust cost function of Barron [116]. AEROS formulates opti-
misation as an Iteratively Reweighted Least Squares (IRLS) problem and jointly
estimates a hyper-parameter together with sensor poses to achieve an adaptative
robust cost function that represent the entire set of M-estimators. AEROS has
been compared against other state-of-the-art outlier rejection methods such as
GNC and switchable constraints using publicly available synthetic datasets and
real LIDAR-SLAM datasets collected using 2D and 3D LiDARs. It demonstrated
its competitiveness against state-of-the-art methods as well as its superiority in

real-world experiments [113].

2.6 Representation

To this point, we have focused on the estimation of robot trajectory which, while
using sensor measurements, does not focus directly on the representation of
the map itself. There is a variety of representations for 3D environments such
as surface meshes and volumetric maps, and a wide range of data that can
be stored in the map such as Signed Distance Function (SDF) and occupancy
probability. Conventional techniques for each representation usually provide
distinctive features that different robotic tasks will prefer. This section gives
an overview on the characteristics of common representations that have been
incorporated in 3D reconstruction and active mapping systems, and explain
why volumetric occupancy map is chosen as the main method for this thesis. A
more detailed analysis on different reconstruction representations will be cov-

ered in Section 4.2.

2.6.1 Surface Mesh and Surfels

The active perception methods proposed by Hollinger et al. [122, 123] and
Hover et al. [124] based their mapping decisions upon surface meshes that are

created from point clouds via Poisson surface reconstruction algorithm [125].
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Two important prerequisites to these techniques were applying filtering and
downsampling to the accumulated point cloud, and estimating normals for
surfaces. These processes are essential for surface mesh accuracy. However,
they are computationally expensive to apply on large point clouds that is also
continuously growing online at a high frequency. By utilising a streaming
surface reconstruction technique [126], Kriegel et al. [47, 127, 128] designed a
series of active mapping systems that focus on boundaries of scanned surfaces.
Surface mesh representation has the benefit of clearly defined frontiers of the
known surface, but it cannot easily provide an understanding on the 3D
environment, e.g. whether a certain space is safe for robot exploration.

Representations such as TSDF and Euclidean Signed Distance Function
(ESDF) decrease the necessity of the filtering and smoothing steps by voxelising
the 3D space and weighting each new observation with confidence.
Conventionally, by applying the Marching Cubes method [129], TSDF and
ESDF representations can be converted into surface meshes easily.
Newcombe et al. [48] used a global, densely-allocated TSDF volume to achieve
reconstructions with groundbreaking details. To improve the scalability of
TSDF map, a hash-table is a common technique implemented in reconstruction
systems [130, 131]. For instance, Niessner et al. [132] employed a TSDF volume
for large-scale mapping by exploiting the sparsity of environment via a
technique called Hashing Voxel Grid (HVG). Tanner et al. [133] also used HVG
for efficient large-scale TSDF reconstruction over kilometers. Their pipeline
BOR?G further incorporates multiple types of sensor inputs, including
long-range LiDAR.

A limitation of these aforementioned methods is that their scalability is
achieved by only storing a truncated volume in front of (and behind) observed
surfaces. As explained in Section 2.1.1, explicitly representing known free space
is a desired feature in reconstruction algorithms because path planners can
leverage it to ensure a safe path that does not traverse into unknown areas. Not

mapping the free space between the sensor and each observed surface therefore
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limits the usage of aforementioned TSDF reconstruction methods in robotic
exploration and planning. Reijgwart et al. [5] proposed a reconstruction
pipeline, Voxgraph, which used their own TSDF and ESDF representation [4,
134] and explicitly mapped all the known free space in each observation.
However, this constrained their scalability in large-scale reconstruction tasks —
in their real-world experiments the sensing range and voxel resolution were
limited to 16 m and 20 cm respectively. To account for challenging scenarios
such as narrow passages and difficult terrain in the DARPA SubT Challenge,
reconstructions with higher resolution are needed.

Alternatively, the approach of Whelan et al. [52] uses surfels as its primary
surface representation. A surfel is an abbreviated term for a surface element.
In the field of reconstruction, surfels are 3D surface units, each containing at
least a 3D coordinates and the local surface normal. More advanced surfel
representation methods also store in each surfel additional information such as
resolution/radius or point distribution and uncertainty. Recent work by Park et
al. [53] revised the dense surfel model and proposed novel representation and
matching methods for dense LiDAR SLAM. However, surfels do not explicitly

represent known free space that is safe for robot path planning.

2.6.2 Occupancy Voxel Map

Reconstruction methods that use occupancy probability, on the hand, allow for
a clear distinction between observed free and unobserved space [135, 136]. A
commonly used for storing occupancy information in dense 3D reconstruction
is OctoMap [137], an octree data structure that allows for scaling the voxel resolu-
tion for efficient integration and memory usage. Many active mapping systems
have OctoMap as their reconstruction core, such as [138, 139]. Isler et al. [24]
also used OctoMap and proposed several Information Gain formulations based
on occupancy probability for making NBV decisions. These formulations were

further assessed in [140].
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Because of our focus is on robotic exploration, this thesis mainly employs vol-
umetric occupancy representation for reconstruction. Our initial active mapping
framework [10] similarly incorporated the OctoMap library [137] and took on
the Information Gain-driven approach as the system of Isler et al. [24, 140]. The
real-world experiments (Section 3.6) revealed several limitations of this method,
such as poor scalability and efficiency at high resolution. Therefore to address
these issues, our following works [11-13] extended supereight [50], an efficient
multi-resolution reconstruction pipeline that allows for both TSDF and occu-

pancy representation. This will explained in detail in Chapter 4.

2.7 Hardware

This section describes the hardware employed in the development and experi-
ments of the proposed system, which in general can be categorised into sensors

(Section 2.7.1) and platforms (Section 2.7.2).

2.7.1 Sensors

Because this thesis focuses on mapping and reconstruction, perception sensors
used in this thesis are the main emphasis of this section, about which Fig. 2.4
presents an overview.

We use the Leica BLK 360 laser scanner shown in Fig. 2.4 to collect highly
detailed and accurate point cloud of experiment sites as ground truth for re-
construction. This tripod-based laser scanner has a horizontal FoV of 360° and a
vertical FoV of 300°, as well as millimetre accuracy at ~60 m. Software tools such
as CloudCompare* are used to process these scans into uniformly distributed
ground truth data at desired resolution (such as 1cm). This scanner however
takes minutes to collect a single scan, making it feasible mainly for offline data
collection. This DPhil project therefore focuses on creating an online recon-

struction system.

*https://www.danielgm.net/cc/
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Figure 2.4: The primary sensors used in this thesis. a: BLK 360 laser scanner; b:
Velodyne VLP-16 LiDAR; c: Ouster OS1-64 LiDAR; d: Intel Realsense D435i camera.

LiDAR 3D LiDAR is the chosen type of sensor in this thesis for scanning
and reconstructing large-scale environments. These sensors consist of one or
more lasers that continually move (usually rotate) to measure the distance to
surfaces around the sensor. Many modern LiDAR sensors can provide accurate
measurements over long distance and cover 360° horizontally, hence they are
the preferred sensor type for the reconstruction and exploration tasks that this
thesis focuses on.

For instance, a Velodyne VLP-16 LiDAR was used in the active mapping
system [10] (Chapter 3). It has a sensing range of ~100m, a typical accuracy
of 3cm, 360° horizontal FoV and +15° vertical FoV. It has 16 channels of laser
beams and produces scans at 5—20 Hz. Another brand of LiDAR used in our
later experiments [11-14] is Ouster, including OS1-64 and OS0-64. Both OS1-64
and OS0-64 provide scans of 64 x 1024 points at a frequency of 10 Hz, covering
full 360° horizontally. OS1-64 has a vertical FoV of +16.6° and a range of 120 m,
while OS0-64 has a wider vertical FoV of £45° but shorter range of 50 m.

As previously mentioned, a complete LiDAR scan is accumulated over time
from individual laser measurements and then published as one point cloud.
Hence this point cloud can suffer from motion distortion when the sensor is
deployed on a highly dynamic robot, and needs to be corrected for when cre-

ating 3D reconstructions.
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Camera Cameras measure the intensity of light on surfaces that is within
particular spectral bands (e.g., colour, infra-red). RGB-D cameras further utilises
infra-red to measure the depth of surfaces in front of the sensor besides provid-
ing coloured 2D information. Cameras are employed only as auxiliary sensors
in the reconstruction aspect of this thesis, for purposes such as terrain mapping
(Chapter 3) and semantic segmentation (Chapter 5) instead of directly contribut-
ing to the large-scale reconstruction. However, they play a key role in odometry
and localisation, as explained in in Section 2.3.

In our experiments, the incorporated cameras are Realsense D435 and D435i.
These are stereo RGB-D cameras, consisting of two imagers and a infra-red
projector. The advantage of having stereoscopic vision, compared to monoc-
ular cameras, is that depths of the scene can be estimated via the process of
triangulation directly using disparities between a single pair of images from
the sensor. To estimate depths using stereoscopic vision, it is essential to know
the accurate intrinsic and extrinsic parameters of both cameras. The distance
between the pair of imagers, also referred to as the baseline, is known as part
of the hardware. We use the multi-camera calibration functionality in toolbox
Kalibr by Eidgendssische Technische Hochschule Zurich (ETH Zurich) to com-
pute these parameters.

The infra-red modules in D435 and D435i cameras further assist the depth
estimation in low lighting conditions where RGB images are of poor quality. In
outdoor scenarios, on the other hand, infra-red sensing is significantly affected
by sunlight, but stereo cameras can still provide a reliable source of depth

estimation.

2.7.2 Platforms

In this thesis, the term platform refers to the mobile hardware that carries sensors
and conducts robotic tasks such as scanning and exploration. The typical ones

employed in this thesis include quadruped robots and handheld devices, as

Thttps://github.com /ethz-asl/kalibr
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Figure 2.5: An overview of the typical mobile platforms in this thesis. Left: ANYbotics
ANYmal (Version B) with LiDAR and camera; middle: hand-held multi-sensor rig called
Frontier with LiDAR and camera; right: Boston Dynamics Spot carrying Frontier.

showcased in Fig. 2.5. Different types of mobile platform present distinct types
of movement and degree of dynamics. The proposed system takes advantage
of the 6 DOF of these platforms during reconstruction, and at the same time
allows for addressing challenges brought by the high dynamics, such as mo-
tion distortion.

In addition, it is common for these mobile platforms in the field of robotics
to carry multiple sensors on-board. While the man perception sensor used for
reconstruction in the proposed system is LiDAR, other sensors are also utilised

for purposes such as localisation.

ANYbotics ANYmal (Version B)

This robot was deployed as the main robot platform in the active mapping
system [10] in Chapter 3. It is a prototype walking robot with several drawbacks
such as low traversability over difficult terrain (slopes) and low accuracy in leg
odometry. It has a typical walking speed of 0.5 ms™! and a maximum speed of
1ms~'. It carries a Velodyne VLP-16 LiDAR and an Intel Realsense D435 RGB-D
camera. The RGB sensor in D435 has a FoV of 69° horizontally and 42°, and a
resolution of 1920 x 1080. The FoV of the depth sensor is 87° horizontally and 58°
vertically. Its resolution is 1280 x 720 and its ideal range is 0.3—3 m. This robot
carries three on-board Compulab Fit-PC IPC3 (A) computers for locomotion,

navigation and additional systems.
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Frontier multi-sensor rig

The Frontier multi-sensor rig carries an Ouster LiDAR (OS1-64 or OS0-64) and
an Intel Realsense D435i RGB-D camera. The Realsense D435i camera is identical
to D435 with an addition of a built-in IMU. Frontier carries a Intel NUC8i7BEH
NUC computer as its processor. The Frontier rig can both be a hand-held device

as well as a payload on a robot (Fig. 2.5).

Boston Dynamics Spot

For some of the experiments presented in this thesis, the Boston Dynamics Spot
carries a Frontier rig for LiDAR reconstruction. The robot itself carries five
additional Intel Realsense D430 stereo cameras, with two facing forwards, one
on each side and one facing backwards. Compared to ANYmal (Version B), Spot
is a much more agile robot with a maximum walking speed of 1.6 ms™" and a
faster turning speed. It also has a significantly more accurate leg odometry and
much more robust traversability, enabling reliable stair-climbing. Spot carries
an on-board computer known as the Spot Core for its own locomotion and

navigation computation.

thttps: //www.bostondynamics.com /sites/default /files /inline-files /spot-core.pdf
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This chapter presents an active mapping system that has been designed and
developed as the framework and foundation of this DPhil project. This system
focuses on NBV and path planning to ensure safe and autonomous exploration
around an object of interest. This was an initial prototype that leveraged state-
of-the-art methods when it was developed, but was not further upgraded with
the latest developments in exploration and navigation techniques such as those
deployed in the DARPA SubT Challenge [20-23]. It was a proof of concept
that enabled real-world experiments, which then revealed limitations in con-
ventional reconstruction methods. This in turn motivated the extensions and

improvements of the reconstruction core that is employed in the overall pipeline
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— the improved reconstruction core will be explained in detail in Chapter 4.

3.1 Introduction

Active perceptual planning, in the context of robotics, refers to autonomous
exploration by a mobile robot equipped with sensors so as to conduct a survey
of an object or site of interest. The decisions of where to conduct further scan-
ning are made autonomously by algorithms instead of manually by humans.
Such a system can be of assistance for the regular inspection and monitoring of
remote or dangerous facilities such as offshore platforms. The specific problem
that is being addressed with the proposed system is actively mapping an object
of interest in complicated industrial settings. The object will be of unknown
shape, surrounded by uneven terrain and mobility hazards. The mock-up he-
licopter (Fig. 3.1) at Fire Service College in Gloucestershire, UK presents such
an situation. Although there have been a multitude of research exploring active
mapping on varied robot platforms for many applications, such a problem still

poses a challenge.

Figure 3.1: Left: The ANYmal robot actively mapping a mock-up helicopter at the
Fire Service College in Gloucestershire, UK. The safety stanchions, stairwells and the
skirt under the helicopter are mobility hazards. Right: the state of the mapping system
showing the object reconstruction, the elevation map, a RRT plan and the next walking
goal.

UAV [26, 141] is a popular choice of robotic platforms for these kinds of
missions for their 6 DOF manoeuvrability. However, it is difficult to operate

aerial platforms within confined spaces or on windy offshore platforms, and
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their sensing payload is limited. Wheeled and tracked robots [24, 142] have
the advantage of better stability and more payload allowance, but are affected
by difficult terrain which UAV can fly over. In comparison, quadrupeds have
the advantage of other ground robots, can cover the same terrain as wheeled or
tracked robots but can also cross mobility hazards and climb stairs. Advances
in quadruped mobility and hardware reliability have been significant and the
first industrial prototypes are being tested on live industrial facilities [1]. There-
fore the proposed active mapping system was designed for a quadruped robot,
ANYmal. Fig. 3.2 gives an overview on the hardware setup.

The perception sensors used in this proposed system [10] include a Velodyne
VLP-16 LiDAR sensor and a Realsense d435 RGB-D camera. Many active map-
ping systems use depth camera as their primary mapping sensor. We instead
rely on LiDAR for reconstruction. Compared to depth cameras, LIDAR sensors
maintain significantly higher accuracy at long range, hence is more suitable for
large-scale industrial environments. VLP-16 also provides a 360° horizontal FoV,

making the proposed system more efficient in exploring the environment.

H‘ardware:
- ANYbotics ANYmal;
- LIDAR and depth camera
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- LIDAR for active reconstruction; L
- LIDAR and depth for elevation‘map/and planning! HH

Figure 3.2: An overview of the hardware. The robot platform of the proposed system is
an ANYmal quadruped robot and the perception sensors include a LiDAR and an RGB-D
camera.

The aim of this work was a realistic validation in an industrial scenario.
Many systems proposed by past literature were developed in ideal lab settings.

The work of Isler et al. [24] proposed effective Information Gain formulations,
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as demonstrated in their following work [25], but their system omitted path
planning and collision avoidance, and did not consider the cost of travelling
between viewpoints.

This presented active mapping framework adapts this Information Gain ap-
proach and formulates it as a NBV problem. Using the LiDAR and the depth
camera, my system builds and maintains a 3D model of the object of interest
as well as the local environment. This system determines the best pose for
the robot to conduct further exploration on the basis of metrics drawn from
both the object (Information Gain) and the environment map (cost of mobil-
ity). It enables the robot to not only scan an object of interest efficiently, but
also traverse an unknown environment. We have deployed my system on the
ANYmal quadruped robot in real time and evaluated it in simulated as well
as real-world environments.

I acknowledge that the information gain formulations leveraged by this
system are no longer the most up-to-date methods used in the state-of-the-art
robotic exploration and navigation systems. For instance, in the DARPA SubT
Challenge, team CoSTAR [20] implemented an uncertainty-aware global
planning technique referred to as Pobabilistic Local and Global Reasoning on
Information roadMaps (PLGRIM). PLGRIM maintains an Information
RoadMap (IRM) on both the local and global level of planning, capturing
information about occupancy, coverage, traversal risk and free space
connectivity. It then solves for a Pobabilistic Local and Global Reasoning on
Information roadMaps (POMDP) policy in a receding horizon fashion to
generate a plan that maximises coverage.

Additionally, in the real-world experiments presented in this work, the pre-
sented system relied on point cloud maps available a priori for accurate and
reliable LiDAR localisation. However, localisation is not within the scope of
this research. These prior models are not used in the planning, navigation or
reconstruction process, because this work focuses on designing a model-free

active mapping system.
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The success in these real-world experiments was a proof of concept for the
prototype active perceptual planning framework. While this prototype lever-
ages standard components and does not present a particularly novel contribu-
tion in its system design, it provides a platform for testing reconstruction tech-
niques. These real-world experiments revealed several limitations in the current
reconstruction method, such as the rigidity of the map, the low efficiency and
scalability of the reconstruction, and the motion distortion in the point cloud.
I addressed these limitations in my following works, which will be elaborated

upon in the next chapter (Chapter 4).

3.2 Literature Review

This section presents an overview of the literature relevant to this active
mapping framework. As Section 2.6 have provided a brief description of a
variety of conventional map representations implemented by reconstruction
pipelines, this section focuses on the typical design of planning methods in
active mapping systems.

In the context of active mapping systems, the term prior information refers to
the knowledge of the object or site of interest in advance of the reconstruction
operation, such as its 3D model. Depending on the availability of prior infor-
mation, active mapping systems are typically categorised into model-based and

model-free approaches [143, 144].

Model-based Methods

By leveraging prior information, model-based active mapping methods are able
to more efficiently plan and optimise a collection of viewpoints before carrying
out operations. The applications range from reconstructing a site [145], inspect-
ing an existing model [26, 146] or targeting specific areas in the prior model to
improve model certainty [122]. Model-based systems are typically applied in

industrial scenarios because Computer-Aided Design (CAD) models are often
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available [143]. These systems are desired for routine survey and inspection due
to their ability to optimise operation efficiency in advance.

Blaer and Allen [145] designed a model-based system to map large indoor
and outdoor environments. The prior information required by their system
was a 2D footprint map of the site. Based on this prior map, their system took
two stages to reconstruct a 3D model. In the first stage, their system generated
an almost complete initial 3D mesh. It first randomly sampled a set of scan
candidates in the prior map, and defined an Art Gallery Problem (AGP) to op-
timise viewpoint placements and minimise the number of scans required. Then
their system planned a trajectory to execute the poses by solving a Travelling
Salesman Problem (TSP). However, in practice there were many 3D obstructions
not represented in the 2D map. Therefore the initial 3D mesh reconstruction at
this stage contained many holes due to occlusion. In the second stage, their
system sequentially planned 3D views to cover holes in the initial model. Based
on the initial mesh, their system updated the environment model with a vol-
umetric occupancy representation. The volumetric representation allowed for
estimating occlusion and computing observable unknown volumes. This system
iteratively selected the viewpoint that could observe the most unknown space
to conduct further scan, until a desired coverage has been achieved.

Because Blaer and Allen formulated their problem as an AGP and a TSP, it
was necessary for their system to have access to a complete and accurate prior
map. In one of their experiments, a building was omitted in the 2D footprint.
This resulted in a large vacancy in the mesh, as indicated in Fig. 3.3. In this case,
the hole in the mesh was later completed in the second stage of their system.
However, when the prior map is inaccurate, there is a risk of the AGP and TSP
methods selecting impossible viewpoints inside omitted objects, or planning
trajectories through obstructions. This is particularly of concern for ground
robots, such as the mobile platform of Blaer and Allen (an ATRV-2 AVENUE
robot) and our quadruped (ANYmal). Therefore, such a design is unable to

handle changes in the object or the environment, or to generalise well among a
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wide range of scenarios. Blaer and Allen designed their system focusing on static
environments like historical sites. Meanwhile, a complicated industrial facility

is a dynamic environment, and requires a different problem formulation.

Figure 3.3: Experimental result of a reconstructed point cloud from Blaer and Allen [145].
A hole in the reconstruction after the first stage is due to an initial viewpoint being
occluded by an omitted building (left). The hole was filled in the second stage with two
more scans (right).

The system of Schmid et al. [146] used a 2.5D Digital Surface Model (DSM)
as prior information to actively reconstruct outdoor sites. Their robot platform
was a Vertical Take Off and Landing (VTOL) UAV. The system of Schmid et
al. first uniformly populated the area of interest with viewpoint candidates. The
orientations of these viewpoints were dependent on the surface normal in the
DSM below. Their system then selected a subset of viewpoints based on redun-
dancy. The redundancy evaluation considered the distance and angle difference
between a new viewpoint and already selected ones. Fig. 3.4 gives an example
of their viewpoint selection process. Their system then optimised the trajectory
by solving a TSP.

Schmid et al. designed their system for large environments. Using 2.5D
DSM and defining the viewpoint search space in 2D reduced the dimension
of the problem and simplified the viewpoint planning process. As a result,
their system took 25 min to map a 146x125m? area and 81 min for a 274 x 326 m?
area. However, this constrained the orientations of these viewpoints; their sys-

tem could only plan viewpoints scanning primarily downwards. This made
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Figure 3.4: An example of viewpoint generation and selection in the system of Schmid et
al. [146].

it hard for the system to scan surfaces other than the top, therefore sacrificing
details on the side.

Based on prior information, a model-based process can also choose to focus
on the most interesting regions to more efficiently improve the reconstruction
quality. The system of Hollinger et al. [122] was designed to decrease the un-
certainty of a ship hull surface mesh, assuming the availability of an initial
mesh model. Their system first computed the local mesh uncertainty, which
represented how likely the reconstruction was incorrect in a local region. It
then sampled viewpoints at which the robot could inspect these high uncertainty
areas. Once the viewpoints were selected, they optimised the trajectory among
these viewpoints by formulating it as a TSP, and used a RRT [30] to avoid
collision over the course of the trajectory.

Bircher et al. [26] designed a model-based system for inspection based on
their original model-free system[147]. The purpose of this system was to in-
crease the resolution of an existing coarse model. It used a volumetric represen-
tation to plan viewpoints around the object of interest. Using the prior model,
their system was able to estimate the number of observable surface voxels at
any scan candidates. The sensor placements in this system, however, were not

planned in advance. Instead, they were decided by sequentially finding the scan
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pose that could observe the largest number of surface voxels that had not yet
been inspected, as the robot scanned more and more surfaces. Such a system
architecture is more similar to model-free active mapping systems, which will
be discussed below.

Having access to a prior model allows the model-based active mapping sys-
tems to optimise the sensor placement planning in advance, making these sys-
tems more efficient in applications such as routine inspection [122, 146] in des-
ignated contexts and tasks. However, errors or changes in the prior map pose
challenges to these systems [145]. It is of interest to explore future functionalities
such as reactive path planning for model-based systems. This would allow
autonomous resurvey tasks to be conducted in a environment that is subject

to dynamics and changes, such as industrial facilities and disaster sites.

Model-free Methods

Being independent of prior information, on the other hand, allows a mapping
system operate in environments that have not yet been explored. Because there
is no prior map, model-free systems cannot plan viewpoints in advance like
model-based systems; instead, they usually take on iterative system architec-
tures and build up the reconstruction incrementally. In each iteration, a model-
free system first generates or computes a collection of scan candidates, which are
poses of the sensor or configurations of the robot. Then a decision needs to be
made to select the next viewpoint from this collection of candidates. This deci-
sion on where to conduct the next scan is referred to as a NBV problem. After the
NBYV has been determined, the system plans a path to it to continue exploration.

Because of this iterative structure, model-free active perception systems are
more versatile and can be applied to a wider variety of objects and sites. For
instance, the system of Bircher et al. [147] aimed at the exploration of unknown
spaces of different scales. The approach of Kriegel et al. [47, 128] was designed
to reconstruct objects of arbitrary shape but confined size. Newer approaches

scales to even larger environments [148, 149]. The path planning component of
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these systems also allows for collision avoidance in a complicated environment,
for example in the systems of Vasquez-Gomez et al. [45].

While these system architectures of model-free active mapping systems ap-
pear similar in general, different systems have unique implementations of the
core components. First, scan candidates can be computed based on the current
reconstruction of the object or generated using random sampling. Different
representation approaches, such as surface and volumetric, allow for different
candidate generation methods.

The systems of Kriegel et al. [47, 127, 128] and that of Kompis et al. [148]
employed surface mesh representation, and the scan candidates were planned
on the boundaries of existing surface mesh. Yervilla-Herrera et al. [46] chose
volumetric representation, so they did not define boundaries of the current re-
construction. Instead, their system randomly generated the pose of their mobile
base and the configuration of their robot arm to produce viewpoint candidates.
Leveraging the explicitly represented known free space and unknown space
in volumetric occupancy representation, Dai et al. [150] defined the frontier of
the existing map as the free voxels with unobserved neighbouring voxels, and
sampled viewpoint candidates focusing on the frontiers.

RRT is another commonly used method for generating viewpoint candidates,
such as the systems of Bircher et al. [147] and Vasquez-Gomez et al. [45]. An RRT
grows by randomly sampling nodes and connecting new nodes to the existing
tree via collision-free edges. The systems of Bircher et al. [147] and Vasquez-
Gomez et al. [45] used the RRT nodes as viewpoint candidates. The advantage
of RRT is that all candidates generated this way are already reachable — elimi-
nating the need to re-evaluate the safety of each node again.

Following the generation of candidates, the NBV needs to be determined.
The selection method depends on how the object or site is represented in the
system. When volumetric representation is employed, it is possible to estimate
quantitatively the amount of reconstruction improvement that is expected to be

achieved at each candidate pose. This is referred to as the Information Gain
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formulation. For instance, Bircher et al. [147] computed the volume of observ-
able unknown space. The systems of Kriegel et al. [47, 128] also considered the
entropy in each voxel based on the occupancy probability of each voxel, and
so did the design of Dai et al. [150]. Isler et al. [24] and Delmerico et al. [140]
proposed and assessed a series of Information Gain formulations based on voxel
entropies. On the other hand, in [127] Kriegel et al. chose surface mesh as
their representation, and the NBV selection was solely based on the Euclidean
distance between the candidate and the current pose of the sensor.

Once the NBV is determined, the path planning component is used to pro-
duce a collision-free trajectory for the robot to execute. As mentioned above,
when an RRT is used to generate candidate poses, the tree branches are already
collision-free, therefore the systems of Bircher et al. [147] and Vasquez-Gomez et
al. [45] did not employ an additional path planner. In the system of Yervilla-
Herrera et al. [46], because their scan candidates were randomly generated, they
needed to assess the reachability of each candidate pose. Yervilla-Herrera et
al. employed the RRT* [31] method to plan paths to each candidate; those that
were not reachable were rejected.

RRT* planning also provided the system of Yervilla-Herrera et al. [46] with an
more optimal path compared to RRT. They conducted comparison experiments
in simulation between RRT* and RRT and assessed their performance with a
distance-based traversal cost. The path provided by RRT* had a lower cost than
that by RRT in all experiments.

Model-based systems can also be adapted to incorporate uncertainties in the
prior model and to improve the quality of reconstruction. In a work following
up on [122], Hover et al. [124] addressed the potential lack of prior information.
They took on a coarse-to-fine multi-stage technique. This system first conducted
an initial low-resolution identification survey (first stage) by following a prede-
tined path. Fig. 3.5a gives an example of the identification survey. The robot trav-
elled on the surface of a generous bounding box that was placed around the ship

hull at a safe distance. Their system then planned paths for a high-resolution
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inspection survey (second stage) to improve the quality of the mesh and to find
small anomalies on the surface of ship hull such as sea mines. Because there was
a initial surface mesh already available, the second stage was similar to a model-
based system and planned all the viewpoints in one go. Hover et al. treated the
viewpoint generation problem as an AGP. The goal of these viewpoints was to
cover the whole mesh as well as to achieve redundancy. At this stage, the path
to visit all viewpoints was produced by solving a TSP and collision avoidance
was realised via a bi-directional RRT, known as RRT-Connect [151]. An example

of a feasible inspection survey is given in Fig. 3.5b.
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Figure 3.5: An example of the multi-stage survey in the work of Hover et al. [124]

Their system also designed a third stage for path length optimisation, as
shown in Fig. 3.5¢c. It used an RRT* to shorten the overall trajectory produced
previously in AGP while at the same time preserving the inspection coverage.

There are recent systems combining both surface meshes and Information
Gain to make NBV decisions. In one of the most recent works from the Vision
For Robotics Lab (V4RL) at ETH Zurich, Kompis et al. [148] employed TSDF and
ESDF as the core map representation [152], and sampled viewpoints around the
surface frontier voxels - observed voxels that are part of the surface and have
at least one unobserved neighbour voxel. They then chose the NBV based on
Information Gain, which in their proposed method is derived from the observa-
tion distance and how many times a voxel has been observed. Song et al. [149]
proposed a different system design. Their system maintains both a surfel repre-
sentation [52] and a volumetric occupancy map [137]. The volumetric map was

maintained at a low resolution and used for global path planning to maximise
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global coverage, and the surfel map was used for local inspection planning to
improve reconstruction details and decrease surface uncertainty.

These reconstruction methods can be applied in complex real-world appli-
cations. For instance, Mascaro et al. [153] presented a LiDAR-based mapping
system for construction tasks using irregular on-site objects in novel and extreme
environments. Built upon a LIDAR-based map, this system segments object-like
instances such as rocks and stones out for further grasping and manipulation
tasks. This system is designed for a heavy-duty robotic walking excavator and
its autonomous manipulation tasks in complex large-scale environments. In its
real-world experiments, this system demonstrated impressive results.

This thesis decided to focus on model-free active mapping due to its versatil-
ity in unknown and complicated environments, such as unstructured industrial
context. While there have been a range of active mapping systems designed for
different environments, a significant number of them were assessed in simulated
experiments or ideal laboratory contexts [24, 148, 149]. Complications in real-
world experiments, such as the scenarios presented by Mascaro et al. [153], are
sometimes overlooked. Therefore we designed an initial active mapping frame-
work, inspired by a range of model-free approaches, and assessed this system

with experiments in an industrial setting to study any limitations.

3.3 System Architecture

This section describes the modules and structure of the active mapping system
proposed in [10]. Fig. 3.6 illustrates a block diagram of the system architecture.
This system is based on an iterative pipeline, commonly incorporated by model-
free active mapping systems [26, 45, 148]. At the start of each iteration, the
robot executes a scanning action of rolling the robot base while standing (fur-
ther described in Section 3.6.1) to collect a sensor sweep. These sensor mea-
surements are incorporated into a map, then the route to a new scan location

(NBV) is planned, and the robot is requested to walk to the NBV for further
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Figure 3.6: Block diagram of the active mapping system architecture.

exploration. This sequence is repeated, until a termination criterion (such as
map completion) is met.

The LiDAR sensor produces point clouds C' in the LiDAR frame {£}, which
are then transformed into the base frame {B}. During a scanning action, point
cloud C'is first accumulated in the odom frame {O} using the current odometry
estimation of robot pose “Ts € SE(3). The accumulated point cloud is then
transformed into the map frame { M} using M Ty = MTLO0T 7! at the end of the
scanning action. The accumulated point cloud is denoted sweep S in this system.
Due to the incremental nature of the odometry module, this 2-step accumulation
ensures that the sweep point cloud contains smooth surfaces. In addition, the
robot runs a localisation system with little drift on the scale of the presented
experiments in [10], allowing for the assumption that the robot pose MTj is
accurate. This is further discussed in Section 3.6.

The sweep is then downsampled for uniformity and filtered to remove out-
liers. Next, the system uses the processed sweep as well as the pose of the
robot MTjy to update the occupancy probabilities of voxels in the reconstruc-
tion. The reconstruction core of this active mapping system is a single unitary
OctoMap [137]. The inability for the OctoMap to support odometry drift and
loop closures is addressed in Chapter 4.

I also use the LiDAR measurements to generate an elevation map of the

environment surrounding the robot. The elevation map has a useful range of
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about 10m, allowing only local planning. The path planning module evalu-
ates terrain traversability subject to the elevation map and builds an RRT to
generate a collection of viewpoint candidates X andidate- A viewpoint candidate
x € Xcandidate 1 @ pose where the robot could go to for the next scanning action.

I use a utility function u, to determine the best scan candidate (NBV),

Xpest € Xcandidate:
Uy = Gx X (1 - Cposx) X (1 - Ctrax)- (31)
This function combines contributions from

+ information gain g,: which measures the expected improvement of the

model if given a sweep from that pose,

« position cost ¢pes : Which penalises poses that have already been visited or

are too close to the object,

o traversal cost ciay: Which models the cost of travelling to a specific scan

candidate pose.

This system is only a prototype and a proof of concept, and the purposes
of the position cost ¢,es in this system is to address limitations of the currently
incorporated information gain formulations (Section 3.4.1 and Section 3.4.2). In
an improved system, the information gain measurement g, should enforce be-
haviours such as avoiding visited positions. The position cost should then focus
on other factors. These measures are discussed further in following sections.

Finally, this system replans an optimised path using RRT* [31] before the

robot takes the next mapping action.

3.4 Next Best View Decision Making

Given a partial model of the object of interest, this system needs to determine
the expected improvement in the model should a scan be made from a particular
scan candidate pose. The approach is to trace a series of rays from a hypothetical

pose and to estimate the expected information gain of observable voxels.
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3.4.1 Information Gains

Let Ry denote the set of rays cast by a viewpoint x. For each ray r € Ry, V., is
the set of voxels that the ray intersects with before reaching its endpoint. The
information gain g, at candidate x is the sum of volumetric information, Z, in
every voxel v € V, along each ray r € Ry:

o= >, > T (3.2)

VreRx YWEV,

I incorporated two formulations for Z from Isler et al. [24], namely Occlusion
Aware Zoa and Rear Side Entropy Zgrsg which are summarised here.

Other formulations proposed by Isler et al. are less relevant due to LiDAR

sensor’s long range and 360° FoV.

Occlusion Aware

This measure determines how effectively uncertainty will be reduced by scan-
ning at a certain pose considering voxel visibility.
Given the occupancy probability P,(v) of voxel v, the entropy of the voxel

is obtained from:
H(v) = - F,(v)In Py(v) - (1 - Py(v)) In(1 - Po(v)). (3:3)

Then the Occlusion Aware volumetric information of voxel v, Zoa(v), is

defined as:
Zoa(v) = P,(v)H (v), (3.4)

where P,(v) is the visibility probability of voxel v, computed as :
n—1
P,(va) = [T (A = Po(vy)). (3.5)
i=0

In Eq. (3.5), v, is the n-th voxel along the ray 7; v;,i = 0..n — 1, is a voxel

that ray r intersects before reaching v,,.
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Rear Side Entropy

This measure is based on the Occlusion Aware volumetric information but focuses

on voxels at the rear of observed surfaces. Rear Side Entropy is formulated as:

Zoa(v) v isa Rear Side Voxel,

IRSE(U) = { (36)

0 otherwise.

The idea is that a Rear Side Voxel is also likely to be occupied by the object.
Focusing exploration on these voxels concentrates scans on the object rather than

on surrounding free space.

Implementation

While these metrics proposed by Isler et al. [24] are useful, their experimental
validation was limited to lab experiments with a stereo camera planning over
a fixed set of poses. I was motivated to develop a more realistic field system
which operates in a large-scale industrial site.

The work of Isler et al. [24] constructs a bounding sphere around the object
of interest, and distributes a set of 48 viewpoints on this sphere to guarantee
that they are safe poses for the sensor. This is hard to achieve in a model-
free real-world scenario, where areas that are safe for robot traversal cannot
be defined as clearly. My system instead plans scan candidates progressively
using an RRT which uses the LiDAR elevation map (Section 3.5). Similarly, the
work of Vesquez-Gomez et al. [45] generates viewpoints in the robot’s config-
uration space by growing a RRT. Compared to the work of Vesquez-Gomez et
al. , I further incorporate RRT* to optimise the trajectory once the NBV has been
determined, which will be explained in more details in Section 3.5.

The robot used in our experiments scans the environment using a Velodyne
LiDAR, which has a 360° FoV horizontally and long sensing range, making it
suitable for mapping large-scale objects or environments. In the experimen-
tal section (Section 3.6), I compare Rear Side Entropy and Occlusion Aware in

tield experiments.
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Limitations

The implementation of information gain computation in this system has limita-
tions that prevent it from enforcing certain preferred behaviours such as avoid-
ing revisited scan poses. These limitations are not inherent issues of the original
formulations proposed by Isler et al. [24], but problems in how the model is
reconstructed in this system using LiDAR point clouds.

This system has been observed to direct the robot to scan poses that can scan
a large amount of unknown open space and repeatedly plans NBV around these
areas. The reasons behind such behaviours will be explained in Section 3.4.2. To
penalise revisiting scanned areas, I have included a heuristic within the position

cost cpos, instead.

3.4.2 Position and Traversal Cost

In my path planning module (Section 3.5), the RRT grows only within the
traversable area of the elevation map, therefore the collection of scan
candidates Xndidate dO€s not contain invalid or unreachable poses. As a result,
the utility value ux of each scan candidate is penalised based on the nature of

ANYmal and the configuration of the LiDAR system.

Position Cost

The position cost cpos, is defined as:

(3.7)

c o 11— d&ies X dx dthres Z dx Z 07
Po 0 dx > dthreSa

where dy is the distance to an already visited scanning pose or the object itself,
and dges 1S a user defined threshold.

In this system, cpos, is used to avoid rescanning a previously visited region
and to maintain a reasonable distance between robot and object. As explained
previously, the penality of revisiting is included to address a current limitation

in the system.
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Using Occlusion Aware volumetric information, the system plans NBV in
regions where the robot can observe more void space. The main contribution to
the information gain g, is from void rays ry,q — rays that do not hit any

surfaces. Voxels vyoq € V., are mainly unknown (occupancy probability

Tyoid
P,(Vyoia) = 0.5). An unknown voxel produces the highest entropy based on
Eq. (3.3). Compounded with the long scan range of LiDAR, the Occlusion Aware
formulation will give significantly higher information gains for void rays ry.ig
compared to other LiDAR rays, heavily biasing this system towards poses that
scan open space.

Furthermore, the current implementation of this system takes in filtered Li-
DAR scans as inputs for reconstruction. These filtered point clouds do not
provide information on void rays ry,q. Only when ray r hits a surface and
generates a point in the point cloud, P,(v) of a voxel v € V; is then updated
to be occupied or known free voxels based on OctoMap [137] and the work of
Isler et al. [24]. For a void ray ry.q, however, P,(vy.4) does not get updated.
As a result for Occlusion Aware, Zoa(Vyoia) Will not decrease, causing the robot
to stop exploring. I therefore included the penality of revisiting scanned areas
within the position cost cpes, to avoid this behaviour.

On the other hand, ry.q do not contribute to Rear Side Entropy volumetric
information. Every scan decreases the entropy of observed voxels.

The proper solution to address this limitation in the system is to use raw
LiDAR scans or data packets to correctly distinguish void rays, use void rays to
update open space, and reduce the entropy of unknown voxels in open space
accordingly. The position cost ¢,es, can instead represent the difficulty for the
robot to conduct a scan at the candidate pose, such as challenging terrain.

In addition, if a scan candidate pose x is farther away from the object of
interest, less rays in R are able to observe the object, because Velodyne LiDAR
rays have an uniform angular distribution across the sensor’s horizontal 360°
FoV. In the Rear Side Entropy formulation, the information gain of this pose gx

will therefore be lower compared to candidates that are closer to the object of
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interest. The robot will be directed closer to the object of interest to ensure a
high resolution scan, but scarifying the wide FoV that LiDAR provides. Hence,
I'include the position cost ¢,es, that applies to any viewpoint x too close to any
surfaces so this system maintains a desired distance between the robot and the
object of interest, to leverage the horizontal 360° FoV of Velodyne LiDAR.

Isler et al. [24] predefined a set of scan candidates in their system so that the
distance of scan poses to the object surface was fixed. However, in this system,
the distance between the robot and the scan surface is dynamic so that the
robot can avoid obstacles in the environment. Furthermore, since the ANYmal
operates on a 2.5D manifold, it is necessary for the quadruped to adjust the
distance to the object surface so as to efficiently scan objects of different sizes.
Combining Information Gain with a position cost based on distance to surfaces

helps this system achieve a balance between coverage and resolution.

Traversal Cost

The traversal cost ¢y, represents the difficulty for the robot to execute a certain
path to candidate x because of the roughness of terrain and the distance.

Currently our approach classifies the elevation map discretely as either safe
(cwax = 0) or not traversable (cyax = 1).

In addition, a constant traversal cost penalises scan candidates that are be-
hind the robot, because large turns are more difficult for the robot to execute
without causing significant localisation noise. This policy also encourages the
robot to explore forward rather than alternating direction. This makes the sys-

tem more time and energy efficient.

3.5 Path and Motion Planning

The path planning module in this system consists of two phases, as indicated
in Fig. 3.6. Both phases rely on an elevation grid map generated from LiDAR
measurements of the environment. The proposed system uses the approach

of [154] to compute the slope and normal of each cell and in turn a measure
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of the traversability of the terrain. The traversability is used to determine which
states planned by the RRT and RRT* are valid and reachable.

In the first phase, the RRT grows into the traversable area without a goal
until a user-defined number of nodes have been generated. These nodes are
scan candidates Xcandidate- This system then compute the utility value ux for
each viewpoint candidate x € X andidate independently and choose the NBV Xpes
with the highest individual value. This is similar to the approach of Vasquez-
Gomez et al. [45], though Vasquez-Gomez et al. uses RRT to plan paths in their
robot’s configuration space. RRT helps ensuring that these scan candidate poses
are both safe and reachable for the robot. Following that, the second phase of
my path planning module uses RRT* to replan the route to NBV, optimising
travel distance.

The current framework leverages standard techniques employed by state-of-
the-art systems when it was developed. While the path planning module was
designed to improve upon the work of Isler et al. [24, 25] for a more realistic and
complex setting, this module was just a proof of concept for a legged robot to

conduct active mapping operations in a real-world environment.

3.5.1 Termination Condition

In a model-free active mapping system, it is difficult to evaluate the complete-
ness of reconstruction. I terminate operation using a user-defined threshold on
the utility value umres after a planning sequence.

When the utility value of the NBV u,,, falls below the threshold (Eq. (3.8)),
no new scan candidate has satisfactory quality, and the active mapping proce-

dure terminates.

Uspey < Uthres Vx € Xcandidate~ (38)
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Figure 3.7: 3D models of a car and house (top) and of our real-world test sites (bottom)
are used to evaluate our system. We created the 3D models using reconstructions made
using a survey-grade LiDAR (in red).

3.6 Experiments

To demonstrate this system’s functionality and to test the volumetric informa-
tion formulations, we carried out experiments of increasing complexity — with
the simple virtual models in Fig. 3.7 and Gazebo reconstructions of our envis-
aged test locations to assess this system’s ability to avoid collisions. Finally, we
deployed our system on the real ANYmal robot in these environments. The
results are detailed in the following sections.

The real-world experiments involved scanning a building facade at Green
Templeton College (4x35m?) in Oxford (Fig. 3.8) and a mock-up helicopter on
the oil rig training site at the Fire Service College (3x8m?) in Gloucestershire
(Fig. 3.1).

In these experiments, we used a LiDAR localisation system running on the
robot’s navigation computer. The system registered LiDAR clouds against a
prior point cloud map using ICP [155] seeded with legged odometry. At the

scale of our experiments, a deformable map representation was not needed.
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Figure 3.8: One of our experiments in Section 3.6 mapped this building facade at Green
Templeton College, Oxford.

3.6.1 Hardware

Platform

The robot platform employed in this work is an ANYbotics ANYmal (version
B) [61]. The robot has 12 actuated joints, as well as the 6 DOF floating base
link. It is capable of trotting at the maximum speed of 1.0ms™! and traversing

complex terrain, e.g. stairs, kerbs and ramps.

Sensor

The primary sensor of this system is a Velodyne VLP-16 LiDAR which has 16
laser beams spread across a £15.0° vertical FoV and measures ranges with the
accuracy of £3cm across full 360° horizontally.

Utilising the robot’s wide range of motion, I designed a scanning action
to roll the robot base and the LiDAR from 40° to —40° (while standing). The
action improves the vertical FoV of the presented system to +55° and allows
mapping objects much taller than the robot. Using this action, the proposed

system collects individual LiDAR sweeps.

3.6.2 Simulated Experiments

We conducted experiments in simulation to map models of a car and a house
(Fig. 3.7 (top)). We then used a Leica BLK360 laser scanner to create accurate

reconstructions of our two test sites, the facade of a building and a helicopter
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deck (Fig. 3.7 (bottom)).  modelled the major surfaces of these test sites to create
Gazebo simulations of the test sites.

In these experiments, an approximate location and size of the object of inter-
est are known, which aids the extraction of useful measurements from the accu-
mulated sweep. This informs our system about where the OctoMap should be
constructed and the volumetric information be computed. We chose a 5 cm reso-
lution for our OctoMap octree based on the angular resolution of the Velodyne
LiDAR and expected measuring distance given the scale of our experiment sites.

For path planning and NBV selection, the presented system grows an RRT

up to 150 nodes, every iteration, within a 12x12m?

elevation map centred
around the robot. This allows the robot to plan and conduct mapping actions
around the object.

To quantify the mapping results, I employ different criteria including point
cloud coverage (c,), travel distance (d;) and number of scan actions (n,). In
addition, we compute the overall task time (¢,;) as well as the average time
per-scan spent computing information gains and determining the NBV (t,,;,) to
evaluate the system’s online feasibility in real-world robotic tasks.

To compute point cloud coverage, I aligned the accumulated point cloud
with the ground truth and determined the points in the accumulated cloud
within 4.3 cm of the nearest point in the ground truth, approximately the dis-
tance between the centre of our OctoMap voxel and its vertex (@ x5 cm). These
points are classified as observed.

Point cloud coverage c, is then defined as:

No

= e (3.9)

Cp

where Ngr and No are the total number of points in the ground truth model and
the number of points observed in the model so far, respectively.

As summarised in Table 3.1, the point cloud coverage gained with Occlusion
Aware Information Gain formulation is slightly higher than that with Rear Side

Entropy. This can also be seen in Fig. 3.9, which demonstrates the point cloud
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Experiments Evaluation
Object IG | ¢, (%) di (m) ns tey (mmiss) tnp, (sec)
Car OA | 69.69 3539 8 08:02 2.70
RSE | 69.01 40.18 10 10:21 2.46
House OA | 5941 4289 12 10:06 3.78
RSE | 58.98 44.64 12 11:17 3.65
Facade OA | 9511 3398 9 07:44 17.82
RSE | 9424 3782 9 08:21 19.69
Helicopter OA | 83.76 41.56 12 12:26 5.45
RSE | 83.01 43.61 13 13:06 5.20

Table 3.1: Comparison between two volumetric information measures in simulation
environments (OA - Occlusion Aware; RSE - Rear Side Entropy).
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Figure 3.9: Point cloud coverage per step for the car and house models.

coverage per scan. The maximum coverage never reaches 100 % in our system
as the top surfaces of objects are higher than the robot and cannot be observed
from the ground, as shown in Fig. 3.12.

While there is on average an 8.5 % reduction in travel distance when our
system employs Occlusion Aware compared to Rear Side Entropy, this particular
system is also subject to the random scan candidate placement by RRT. Hence
the performance difference between two volumetric information formulation in
simulation so far is not significant enough for us to make a conclusive decision
on which is the better formulation. Both approaches allowed my system to
accomplish the mapping task. In both cases, the travel distance, the overall run

time and the NBV computation time are all feasible for real experiments.
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Figure 3.10: Illustration of the presented system mapping the simulated model of the
helicopter/oil rig site. The system grows an RRT around the current pose of the robot in
the traversable area. The utility metric is computed at the tree nodes. The node with
the maximum utility is selected as the NBV. Finally, using the RRT* algorithm, the path
from the current pose to the NBV is replanned.

3.6.3 Real-World Experiments

Based on the simulated results in the previous section, we used the Occlusion
Aware volumetric information gain metric in our real-world experiments.

Table 3.2 summarises the evaluation of the reconstruction results in both
experiments. Compared to experiments in simulation where the floors were
all perfectly flat and complete, in the two presented real-world experiments
the ground were grass and metal grating respectively; therefore elevation maps
in the presented real-word experiments contained significantly more unknown
cells than those in simulation experiments. In addition, the LiDAR sensor is just
~T70 cm from the ground, so we can only plan in a 7x7m? area around the robot.
We therefore decreased the number of RRT viewpoint candidates from 150 to 75,

consequently decreasing the computation time of determining the NBV ¢,,,,.
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=== Trajectory from Simulation

== Trajectory from Real World

Figure 3.11: Example of our system mapping the real helicopter. The route the robot
took in the real experiment is shown in red with the reconstruction of the helicopter (as
an octree) shown in the centre. Also illustrated, in blue, is the route taken by our method
running in simulated model, as a comparison.

Experiments evaluation

Object cp (%) dy (m) ng  tey (mm:ss)  tup (sec)
Facade 88.06 37.61 15 20:56 9.82
Helicopter | 78.60  49.19 26 35:25 2.00

Table 3.2: Results for our system in the real-world experiments.

Comparing Table 3.2 with Table 3.1, the computation times for the real ex-
periments at facade and helicopter locations are on average half of the time
taken in simulation.

The presented approach allows the robot to avoid the mobility hazards for
the helicopter experiment in Fig. 3.1: stairwells, open edges on the deck and a
skirt around the helicopter.

Fig. 3.11 presents a comparison between the robot trajectories in the real
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Figure 3.12: Top: Point cloud coverage in the real helicopter experiment. Red cloud
indicates the observed area and blue represents the unobserved part of the helicopter.
Bottom: Our system succeeded in reconstructing the helicopter body.

Fire Service College helicopter experiment (counter-clockwise) and in simula-
tion (clockwise). The paths taken by my system in both scenarios are similar,
demonstrating the practicality of the presented system in real scenarios.

Fig. 3.12 demonstrates the success of the presented system in reconstructing
the helicopter body (in green), compared to the ground truth (in red). Due to
the limitation in the elevation map and in turn my path planning module, this
system planned more scans in real-world experiments than in simulation.

In the helicopter scenario, the number of scans required more than doubled
and as a result the run time almost tripled. While a major contributor to the
run time was the time spent by the robot operator judging if planned paths
were safe, the significant increase in planned scans was the result of the quality

of the elevation map. The LiDAR was able to scan through the floor railing
(Fig. 3.13), resulting in holes and significantly low readings in the elevation
map (Fig. 3.14a). This in turn lead to limited traversable areas, as indicated

in Fig. 3.14b. As a result, the path planned was not as efficient as that in the

simulation, as presented in Fig. 3.11.
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Figure 3.13: An example view of the forward facing camera on ANYmal in the real-world
experiment, showing the steel wire mesh flooring.
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(a) An example of the elevation map

(b) An example of the traversability
during the experiment.

map during the experiment. The higher
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(c) Top down view of the elevation map (d) Top-down view of the traversability

map

Figure 3.14: Example of the elevation and traversability map.
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3.6.4 Limitations

Section 3.4.1 and Section 3.4.2 discussed several limitations in information gain
and position cost within the current implementation of this system. This system
cannot use information gain alone to enforce the behaviour of avoiding revisit-
ing scanned poses, and specific penalities have been introduced into the position
cost to address this. The proper solution to this problem, however, is to use
raw LiDAR packets to correctly detect void rays and update free open space
accordingly. View planning based on information gain should then be able to
prevent the robot from revisiting scanned areas by itself.

In addition, the traversal cost can be improved from the current discrete
classification into a continuous function, taking into consideration the quantified
traversability along the path as well as other factors such as the path length.
Incorporating full traversability estimation will allow the robot to navigate over
rough terrain or challenging environments, such as kerbs and ramps, so as to
tully utilise the dynamics of a legged robot.

These real-world experiments further revealed several limitations in this it-
eration of the system on reconstruction accuracy. First, the sweeping motion
incorporated in this system caused misalignment in surfaces in each LiDAR
point cloud. Modern 3D LiDAR sensors collect laser range returns continuously
over time. A complete 360° scan is accumulated and then made available to
downstream applications. Therefore the high dynamics of a legged robot, espe-
cially in rotation, leads to motion distortion. In the specific case of the system
in [10], the raw measurements of LIDAR was further filtered into an unorganised
point cloud before being used for reconstruction, and distortion persisted in each
LiDAR scan. A highly dynamic motion such as a sweep therefore caused such
surface misalignment as demonstrated in Fig. 3.15. In the presented experiments
of this initial framework, the effect of motion distortion was minor because of the

limited scale of the experiment site, and was mitigated via point cloud filtering
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Figure 3.15: An example of distorted point cloud during the real-world Fire Service
College experiment. Left: the pose of the robot when taking the example sweep; right:
the front view of the sweep point cloud, before filtering and smoothing. This sweep
contained a double-layered surface on the model body due to motion distortion.

and smoothing. However, it will present a more significant challenge in large-
scale environment or with a more dynamic robot. Chapter 4 will present this
issue in more detail.

In addition, the system presented in [10] was coupled only with an odometry
system. In the limited space of the presented experiment settings, this odometry
system demonstrated almost no drift, hence there was no need to incorporate a
SLAM system. However, for exploration in larger environments, it is necessary
to incorporate SLAM and loop closure, such as AEROS by Ramezani et al. [113],
to address the unavoidable odometry drift. This in turn requires the dense
volumetric reconstruction to be elastic so that the effect of loop closure is not
only applied to the point cloud map used in LIDAR SLAM but also to this sys-
tem’s dense volumetric reconstruction. Ho et al. [138] proposed the technique
Virtual Occupancy Grid, but it was designed for environments of smaller scales
and sensors with shorter range. This will be explained in detail in the follow
chapter (Section 4).

Last but not least, OctoMap [137] has a limited integration speed, memory
efficiency and scalability. The ray-casting step in point cloud integration was
feasible given the scale of the experiment in this presented system, but for much

larger environments, it will become significantly more time consuming, espe-
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cially if the 5cm resolution is maintained. The memory required to store the
whole reconstruction is also scaling poorly with OctoMap as the core. An al-
ternative reconstruction technique with adaptative resolution, such as supereight

proposed by Vespa et al. [50], is therefore very attractive to this thesis.

3.7 Conclusion

This chapter presents an active mapping system using OctoMap [137] that does
not rely on a prior model for planning or navigation. This presented system
allows a quadruped robot to explore and reconstruct both small and large scale
objects, in particular industrial assets, with few assumptions about the test envi-
ronment and requiring only high level human supervision. It has been tested in
tully realistic scenarios and allowed the robot to accomplish mapping missions
in a complicated environment, creating accurate reconstructions online.

To this end, this system was a successful proof of concept that allows for
deploying and testing reconstruction techniques, as it was able to complete the
active mapping task in our real-world experiments. However, it has a few inher-
ent limitations in its implementation. The reconstruction process cannot handle
void rays and one of the information gain formulations implemented will bias
this system towards repeatedly scanning unknown open space. I incorporated
a heuristic within the position cost to address this undesired behaviour, but an
improved system should be able to achieve such functionality using information
gain alone. Another limitation is the traversal cost, which can better represent
the terrain traversability along the planned path than the discrete classification
that is implemented in the current system.

These real-world experiments also revealed several key limitations in the
reconstruction core. The first is the effect of motion distortion in LiDAR mea-
surements and the impact of it on the quality of reconstructed surfaces. The
second is the map rigidity in conventional reconstruction methods unable to
incorporate the SLAM loop closure correction. The third is to achieve a balance

between the integration and memory efficiency of the system, and the scale and
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resolution of the map. To address these limitations, this thesis extended the
multi-resolution reconstruction pipeline supereight [50] and developed SE-Atlas,

which will be presented in detail in the following chapter.
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as supereight Atlas (SE-Atlas), which is the heart of a broader larger elastic SLAM
pipeline. SE-Atlas started as a collaboration with the Smart Robotics Lab (SRL)
at Imperial College London (ICL) [11], and was later expanded to include many
new features such as spatial overlap analysis and relative uncertainty analy-
sis [12]. It addresses the challenges of large-scale reconstruction and exploration
tasks that have been revealed by real-world experiments in Chapter 3. This
chapter will briefly explain the background of SE-Atlas — a multi-resolution
reconstruction pipeline supereight designed by Vespa et al. [50], and then focus
on my contributions to SE-Atlas that expand supereight to integrate long-range
LiDAR measurements, and improve LiDAR scan integration accuracy and effi-
ciency, long-term exploration map scalability, and reconstruction elasticity upon
SLAM loop closure. Additional features of SE-Atlas related to the incorporation

of semantic information are explained in the following chapter (Chapter 5).

4.1 Introduction

Dense surface reconstruction is an active research topic. Being able to recover
rich geometric information in real time is important for applications such as ac-
tive mapping [26, 148, 150], obstacle avoidance [4] and industrial inspection [122,
124]. While Building Information Models (BIMs) are commonly available for
modern buildings, there are scenarios where these models no longer represent
the real situation, e.g. after renovations or disasters.

Large-scale and outdoor environments further pose challenges such as map
scalability and scan integration efficiency. Although systems have been devel-
oped to reconstruct models of these scenarios offline using point clouds from
laser scanners, autonomous exploration and reconstruction in large-scale out-
door environments or multi-storey scenarios is still an open challenge in mo-
bile robotics. This has been the motivation of international competitions such
as the DARPA SubT Challenge [19, 156, 157]. Real-world experiments of our
preliminary active mapping system [10] demonstrated a series of challenges, as

explained in Chapter 3.
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A major challenge in reconstruction is global consistency, because the accu-
mulation of some degree of odometry error is unavoidable during large-scale
exploration — even for highly accurate LiDAR localisation approaches such as
LOAM [54]. This odometry error increases with the distance or duration of
exploration by the robot; hence in large-scale environments or long-term explo-
ration tasks, odometry drift poses a significant impact on the accuracy of the
reconstruction. As explained in Section 2.4 and Section 2.5, this error is typically
corrected using loop closures and pose graph optimisation in the context of
SLAM. A factor graph-based SLAM system optimises the whole history of the
robot and propagates pose correction back through the trajectory.

Within a SLAM system, these corrections are also applied to the internal map
representation. In a LIDAR-based SLAM system, the map representation is typi-
cally an accumulation of individual scans, each associated with a corresponding
scan pose. In this case the map correction is a simple process. When SLAM
corrects the history of poses during optimisation, each scan can be re-projected
into the map again using updated scan poses to constitute a globally consistent
map. However, a point cloud is not the most suitable map representation for
exploration and path planning purposes as it does not have a sense of volume
and free space. Conventional dense reconstructions (such as surface mesh or
voxel map) for exploration and navigation, on the other hand, are typically rigid
when they are constructed on-the-fly by an exploring robot, making it difficult
to incorporate the effect of loop closures. Therefore, the first problem that SE-
Atlas is designed to address is the rigidity of 3D reconstructions. Instead the
goal is to update reconstructions online and improve reconstruction accuracy
based on SLAM loop closure corrections.

Another challenge is finding a good trade-off between the resolution/scale
of the reconstruction, and the speed/efficiency of the system. A precise repre-
sentation of occupancy is important for robot path planning, especially when
planning paths through tunnels and door ways [19], some examples of which

are given in Fig. 1.1 and Fig. 4.1.
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Figure 4.1: The proposed system has been deployed in a multi-storey indoor environment,
Oxford Robotics Institute (ORI). a: Mesh reconstruction of three floors coloured by height,
including the basement, the ground floor and the first floor; b: The clean representation of
the narrow corridor exiting the basement has been achieved via thanks to the high mesh
resolution; c: The reconstruction of the first floor with ceiling removed - all doorways
have been clearly reconstructed.

The goal is to improve the speed of integrating long-range LiDAR scans and
reduce the memory usage of high-resolution 3D reconstruction compared to
state-of-the-art techniques such as Voxgraph [5]. Hence we collaborated with
the SRL at ICL and leveraged supereight [50, 51], a state-of-the-art localisation
and reconstruction framework for RGB-D cameras. Because supereight does not
provide loop closure detection and is tailored for RGB-D cameras, the proposed
system uses supereight only for reconstruction and relies on external odome-
try [81] and SLAM [113, 158] modules that are developed by my colleagues in
our group and have been proved reliable for LiDAR-based localisation tasks.
In this work, I greatly expand supereight to incorporate 3D multi-beam LiDAR
scans. In Section 4.10.3, experiment results demonstrate that this approach is
more efficient than other state-of-the-art pipelines at high resolutions based on

metrics such as integration speed and memory usage.
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Supereight and SE-Atlas provides the ability to store either a TSDF or occu-
pancy probability. In this work, I experiment with both representations but
focus more on the occupancy representation, because the latter explicitly models
free space for path planning and navigation as well as for spatial overlap anal-
ysis. Overall, the proposed system contains a front-end and a back-end. The
front-end relies on accurate multi-sensor odometry to build a local occupancy
map around the robot. In the back-end, I implement a novel technique to clus-
ter the SLAM factor graph and reconstruction, inspired by large-scale systems
such as the Atlas SLAM framework [114]. Instead of building a single global
map, the back-end creates submaps and associates them with the corresponding
pose from an externally estimated SLAM pose graph. This approach can ac-
count for subsequent loop closure corrections and achieve a globally consistent
reconstruction.

I further present strategies for spawning and fusing submaps based on geo-
metric understanding of the observed spaces, enabling on-the-fly segmentation
of areas that are physically isolated or significantly different from one another,
e.g. individual rooms. The proposed system also fuses together submaps with
significant overlap to reduce redundant reconstruction. Fig. 4.2 demonstrates
the volumetric map produced by the proposed system using data from a 3D
LiDAR on a mobile robot, such as a three-storey building. The overarching goal
of the work is to achieve scalability of the reconstruction with the size of the envi-
ronment instead of the exploration length, by controlling the growth of the num-
ber of submaps and memory consumption®. In addition, by computing the rela-
tive uncertainty between pairs of poses in a SLAM factor graph, my system can
avoid incorrectly fusing submaps to improve overall reconstruction accuracy.

Last but not least, the real-world experiments of my active mapping proto-
type described in Chapter 3 demonstrate that LIDAR reconstruction is subject to

motion distortion when the sensor is experiencing highly dynamic movements.

*Sparsification of the underlying SLAM pose graph is a related research topic which we do
not, explore in this work.
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Figure 4.2: Our proposed room segmentation method has been tested in the same
multi-floor multi-room indoor environments as Fig. 4.1, ORI. Top: The reconstruction
result of ORI, in which each room is segmented by a submap indicated by a unique colour;
Bottom: The clustered pose graph nodes using spatial overlap analysis using the same
colours as their corresponding submaps.

Accounting for motion distortion when integrating LIDAR measurements is an-
other problem that I address in SE-Atlas, which will be evaluated using recon-
struction accuracy in Section 4.10.

The contributions of the proposed system are the following;:

« An elastic 3D reconstruction system that can support corrections to its

underlying shape, e.g. due to loop closures.

« A SLAM factor graph clustering and submap fusion strategy using proba-
bilistic and spatial understanding that allows the reconstruction’s memory
usage to grow proportionally with the size of the environment rather than

the duration of exploration.

 Incorporation of LiDAR into a state-of-the-art reconstruction framework,

supereight, which achieves multi-fps (3 Hz) full range (60 m) LiDAR scan
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integration with high resolution (~5cm) to enable high precision motion

planning and long range autonomy:.

e Details of modifications to the supereight LiDAR reconstruction

pipeline [51] to incorporate motion undistortion.

« A new formulation for relative uncertainty derived from the work of Man-
gelson et al. [7] and GTSAM [8], and a formal treatment of uncertainty in

submap fusion.

Section 4.10 demonstrates the performance of SE-Atlas using both simulation
and real-world datasets. I focus on its improvement in specific metrics such as
integration speed, memory usage, system scalability, reconstruction accuracy,

and the capability of room segmentation.

4.2 Literature Review

This section reviews existing works that are most relevant to the proposed sys-
tem in this DPhil project. We first provide a detailed discussion on different map
representations used in active mapping systems in Section 4.2.1. Approaches
that address the challenge of map elasticity and scalability in long-term large-
scale reconstruction and exploration tasks are discussed in Section 4.2.2. Finally,
techniques that segment reconstructions into individual enclosed spaces are re-

viewed in Section 4.2.3.

4.2.1 Reconstruction

Section 2.6 briefly reviewed different reconstruction representations used in
state-of-the-art active mapping systems. We categorised them into two main
categorises, namely surface mesh and volumetric occupancy reconstruction. In
this section, we expand the explanations on both categories and further include

less common representations such as point cloud.
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Surface Representation

Classical surface-based active mapping systems first generate triangular meshes
based on sensor observations, e.g. point clouds, to represent the surface of the
object. Surface mesh reconstruction provides detailed information regarding
the surface geometry of the object of interest, and clearly defines the bound-
aries of the scanned surface, making them suitable for frontier-driven active
mapping methods.

The model-based active mapping system of Hollinger et al. [122] and the
model-free system of Hover et al. [124] both utilised Poisson surface reconstruc-
tion [125] to reconstruct ship hulls. Hollinger et al. focused on reinspecting
regions in a prior mesh that were mostly likely to be poorly reconstructed ini-
tially, i.e. high mesh uncertainty. They then planned focused surveys towards
high-uncertainty areas to improve the mesh quality. Hover et al. designed their
system for a high-resolution mesh reconstruction. They focused on the coverage
information given by the mesh, so that their system could conduct a detailed
inspection survey and guarantee full coverage over the hull.

In a model-free system, such as the early work of Kriegel et al. [127], a sur-
face mesh representation also has the advantage of providing clear definition
on boundaries and holes. The system of Kriegel et al. iteratively sought the
boundaries of the current mesh and planned scan candidates along them to
expand the reconstruction. The closest candidate was selected as the NBV. To
avoid collision, they defined a bounding box surrounding the object of inter-
est. The sensor was planned to stay outside the box. Such a design limited
the application of this system because it assumed that there were no obstacles
outside the bounding box. The system of Kriegel et al. was designed to scan an
object of small scale using a push-broom laser profiler on a manipulator arm in
an ideal laboratory environment. In this case, assuming the environment being
obstacle-free is justifiable. This assumption cannot be made in many outdoor

real-world scenarios such as an industrial setting, because a simple bounding
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box around the object of interest in these scenarios cannot always guarantee
avoiding all obstacles.

One major limitation of surface representation is the computation time
required to generate the mesh, especially in model-free systems where
real-time feasibility is required. In real-world experiments, the process of
generating a triangulated mesh often requires filtering and smoothing noisy
point clouds. Hover et al. [124] mitigated this disadvantage by generating the
mesh offline after conducting the identification survey, similar to the
post-process mesh generation method proposed by Gopi et al. [159] and
Lipman et al. [160]. However, when the point clouds are accumulated
incrementally online, the mesh generation needs to be able to process a stream
of point clouds. Recomputing the mesh from the whole cloud every iteration is
not always feasible in real-time applications. Kriegel et al. [127] relied on a
custom surface mesh generation method [126] to address this challenge. The
streaming point clouds were converted into surface mesh and inserted into the
existing reconstruction incrementally.

A solution to reduce the need for point cloud filtering and smoothing is
voxelising the 3D space. Map representations such as TSDF and ESDF use a
voxel map to store in each voxel the distance to surface and the corresponding
weight/confidence of the distance measurement. The Marching Cubes [129]
algorithm can then be used to convert them into a mesh reconstruction. For
example, the KinectFusion system by Newcombe et al. [48] employs a dense
TSDF volume. This is a mapping and tracking system capable of reconstruct-
ing room-sized scenes in real time. It continuously registers the depth data
streamed from a Kinect sensor against a global TSDF model using a coarse-to-
tine ICP algorithm. KinectFusion, however, requires a GPU to maintain the
real-time capability.

For large-scale reconstructions, Niessner et al. [132] expanded a TSDF
volume using a spatial hashing scheme. By only storing data densely around

surfaces, the system of Neissner compresses space and takes advantage of the
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sparsity of large-scale environments to ensure system scalability. In addition,
the use of a hash table to store TSDF information allows for real-time data
access and update. Similarly, BOR?G by Tanner et al. [133] used a hashing
scheme named Hashing Voxel Grid (HVG) for efficient large-scale TSDF
reconstruction in experiments of multiple kilometres long. Different from the
work of Newcombe et al. [48] and Niessner et al. [132], which focused on
short-range Kinect sensors, BOR?G further employed long-range LiDAR in
their reconstruction experiments.

Most recently, Schmid et al. [6] proposed an active mapping system named
GLocal. The reconstruction module of GLocal is a submap-based TSDF and ESDF
mapping technique called Voxgraph [5], which is in turn based on Voxblox by
Oleynikova et al. [152] and C-blox by Millane et al. [134]. Related to this work
is the frontier-driven active mapping system by Kompis et al. [148], which also
uses Voxblox. Voxblox incrementally builds a TSDF from streaming point clouds
using the voxel hashing approach of Niessner et al. [132]. It then computes ESDF
based on existing TSDF to require distance information to the closest obstacles,
which is then used for path planning and collision avoidance. In order to explic-
itly represent known free space for path planning, the SDF reconstructions in
Voxblox densely map all the free space between observed surface and the sensor,
instead of only focusing on surfaces. Reijgwart et al. [5] have demonstrated that
Voxgraph can integrate LIDAR measurements in real time on a single CPU core.
However, densely integrating all the free space in LiDAR scans is computation-
ally heavy and time consuming [4, 134]. Millane et al. [134] implemented highly
efficient ray-casting methods to improve scan integration speed, but the dense
conversion from TSDF to ESDF remains a major contributor to computation time.
In our outdoor experiments (Section 4.10.3), the typical parameters for Voxgraph
to maintain real-time LiDAR scan integration and SDF conversion were 16 m
range with 20 cm resolution [11]. With such parameters, it would be challenging

to plan robot trajectories at full LIDAR ranges.
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Volumetric Occupancy Representation

A volumetric occupancy representation similarly discretises space into uniform
voxels and stores occupancy information in each voxel. The occupancy informa-
tion provides several advantages, such as explicit representations of known free
space that is distinct from unknown space. Path planners can leverage such
distinction to find safer routes. Additionally, occupancy information allows
volumetric active mapping systems to decide NBVs based on a quantitative
metric known as Information Gain, which measures the expected improvement
in the reconstruction if a scan is conducted at a certain pose.

A simple example of utilising occupancy information is given by the system
of Blaer and Allen [145]. Blaer and Allen categorised voxels using discrete la-
bels of unseen, seen-empty and seen-occupied. They then defined Information
Gain as the number of unseen voxels that each candidate scan was expected
to observe, and used this formulation to direct the sensor and the robot. This
approach is however unable to address the inaccuracy and uncertainty in sensor
measurements. If a point was observed behind an occupied voxel, Blaer and
Allen [145] classified both voxels as seen-occupied, assuming that the occluding
voxel in the front was only partially occupied. Given the large scale of their
site of interest (300x300 m?) as well as their low voxel resolution (1 m), making
such an assumption would not impact the reconstruction accuracy greatly. Their
Information Gain was sufficient as a guidance for sensor placement in their
system, but discrete labelling will not suffice in the case where higher accuracy
and resolution is desired.

For more complicated tasks, occupancy information needs to represent the
probability of a voxel being occupied. For instance, Hornung et al. [137] pre-
sented an open-source mapping system, OctoMap, for 3D volumetric represen-
tation based on octrees. Octrees are a commonly used data structure for effi-
ciently rendering and compressing of point clouds, both static [161] and stream-
ing [162]. An example of an OctoMap representing a point cloud is demon-

strated in Fig. 4.3.
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Figure 4.3: Example of OctoMap being used to represent a tree with different resolutions
(0.08m, 0.64m, 1.28m) [137]

OctoMap has three main advantages. First, it can store the occupancy proba-
bility of observed voxels to address the uncertainty in measurements for a more
accurate representation. This also allows for data fusion among multiple sensors
and robots. Second, it is capable of representing unobserved areas. This is
important for both path planning and exploration. Unobserved areas should be
assumed as occupied and avoided in path planning, but is instead the focus of
exploration. Last but not least, compared to the single resolution map that voxel
hashing methods commonly used [5, 132, 133], Octree data structure provides an
intuitive method to maintain multiple resolutions in the same map. Leveraging
this feature, OctoMap presents an advantage in memory consumption by stor-
ing occupancy information at different resolutions in the reconstruction, which
in turn reduces voxel count and map memory usage.

Based on OctoMap, Isler et al. [24] proposed a collection of Volumetric In-
formation formulations for a voxel, namely Occlusion Aware, Unobserved Voxel,
Rear Side Voxel, Rear Side Entropy and Proximity Count. They were designed
for Information Gain computation by measuring the entropy/uncertainty in
each voxel. By reducing the entropy in the scanning area, these formulations
achieved two purposes - exploring unknown spaces in the environment as well
as focusing on reconstructing the object of interest. Delmerico et al. [140] then
conducted extensive experiments to evaluate the performance of these Volu-
metric Information formulations for NBV selection, comparing them with the
approaches of Kriegel et al. [163] and Vasquez-Gomez et al. [164]. These ex-

periments were conducted in simulation. The authors also demonstrated the
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performance of their Volumetric Information formulations in active mapping on
a KUKA Youbot with a 5 DOF arm in an office room.

Their experimental setup however was not realistic in real-world scenarios.
A set of 48 scan candidate poses were predefined to be uniformly distributed
on a bounding space that encased the object of interest. They all faced towards
the object, had approximately the same fixed distance to the surface and were
guaranteed to be safe. Additionally, the difficulty of traversal between these scan
candidates, such as path planning and collision avoidance, was not addressed
in their systems. These are all problems that need to be considered in systems
that are designed for real-world scenarios.

Bircher et al. [147] designed a completely model-free active mapping sys-
tem for exploring unknown sites that also utilised OctoMap. They later ex-
panded it into a model-based inspection system [26]. Both of their systems
had the iterative structure typical among model-free systems, as explained in
Section 3.2. Compared to the approach of Isler et al. [24], scan candidates in
the system of Bircher et al. were generated by growing an RRT within known
free space. Each node of the tree was considered as a candidate and had its
Information Gain computed. Such an approach leveraged the explicit represen-
tation of known free space in volumetric occupancy maps, and addressed the
path planning and collision avoidance problem necessary in real scenarios. In
the model-free system [147], the Information Gain estimated the amount of ob-
servable unknown space; in the inspection system [26], it estimated the number
of voxels that were on the object surface and observable. Then the system of
Bircher et al. found the branch with the highest total gain. This branch defined
the path the robot should take.

Another key component of their systems was the receding horizon strategy.
When the robot finished exploring the first edge of the previous branch, their
system recomputed a new best branch based on the newly explored environ-
ment. Such a strategy granted the system good scalability against large-scale

and complex active mapping problems.
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However, compared to voxel hashing methods, Octree structures are less ef-
ticient in data access and update. Vespa et al. [50] therefore proposed supereight,
a highly efficient multi-resolution reconstruction pipeline. Supereight uses an
Octree on the high levels of their data structure, and aggregates the last levels
of the tree into contiguous blocks of voxels of size 8. To achieve efficient tree
traversal, something that OctoMap [137] lacks, each voxel in supereight is rep-
resented by a Morton number via Morton coding, which is similar to the voxel
hashing methods implemented by Niessner et al. [132] and Tanner et al. [133]. In
addition, supereight can store either TSDF or occupancy probability in the voxel
map, and can apply the Marching Cubes algorithm [129] to both representations
to extract iso-surfaces and create mesh reconstructions. Overall, supereight has
demonstrated better scan integration speed and memory efficiency than state-
of-the-art reconstruction techniques; therefore it has been chosen as the core of
the proposed system SE-Atlas. The detailed description of expanding supereight

to incorporate LIDAR measurements will be explained in Section 4.5.

Hybrid Systems

There are also hybrid systems that utilise both representations. For instance,
the two-stage model-based system designed by Blaer and Allen et al. [145] em-
ployed a surface mesh representation in the first stage and the volumetric rep-
resentation in the second one.

The model-free systems of Kriegel et al. [47, 128] also utilised both repre-
sentations, following their original surface-based system [127]. They used a
laser profiler as the sensor and a Kuka KR16 manipulator to allow the laser
strip profiler to move with 6 DOF. Their system aimed at high quality surface
reconstruction for objects of arbitrary shape, for the purposes of grasping and
manipulation as well as small-scale object recognition [163]. Iteratively, their
system sought boundaries and holes in the existing mesh, and defined candidate
scan paths along estimated surface trend along these boundaries. The volumet-

ric representation was then used to evaluate these candidates. The one that was
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expected to reduce the most entropy in the environment was selected as the
Next Best Scan. Unlike their system in [127], however, their new systems in [47,
128] relied on growing an RRT in the voxel space to plan a collision-free path
between scans.

An important assumption Kriegel et al. made in their systems was that the en-
vironment around the object of interest was safe. In [127], as mentioned earlier,
their system defined a bounding box encasing the object to avoid collision when
planning paths. In [128] and [47], while they used an RRT to realise collision
avoidance, the scan paths were planned a fixed distance above the object surface.

Song et al. [149] implemented a similar architecture in their
view-path-planning system. The robot platform that this system focuses on is a
UAV, and the objects of interest are outdoor large-scale building structures. The
system of Song et al. creates both an OctoMap model and a surfel-based map
using ElasticFusion [52]. The OctoMap is is used for global collision-free path
planning by exploiting free space. The unknown space in the OctoMap is
further leveraged to evaluate the utility of an exploration path. The surfel map
is used for detailed local inspection path planning to improve the

reconstruction of complex regions.

Other Approaches

There also exist some active mapping systems that utilise neither representa-
tions. Border et al. [141] designed a system that planned directly on a raw
point cloud. This system categorised points into core points, outlier points and
frontier points (Fig. 4.4). Frontier points defined the boundaries of the current
reconstruction and provided view point candidates. By using a point cloud rep-
resentation, this system avoided the computation required for mesh generation
or ray casting, which can be heavy when the environment is large. However, it
was difficult to estimate occlusion using point clouds. Objects with complicated

surface structure pose a challenge to this system.
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Figure 4.4: A 2D demonstration on how points were categorised in the system of Border et
al. [141]. The categorisation was dependent on the number of nearest neighbours within a
user-defined radius r. If one point had more neighbours than a threshold k;,;,, this point
was classified as a core point (black). A point with insufficient neighbours was an outlier
(white). Points with both core and outlier points as its neighbours were frontier points

(grey).

4.2.2 Submaps and Elasticity

Online mapping systems need to track the sensor pose at each frame before
integrating scans into a reconstruction. Odometry error accumulated through
incremental tracking methods, such as frame-to-frame or frame-to-model, can
therefore lead to discrepancies in the map.

Dense SLAM systems such as KineticFusion [48] and ElasticFusion [52] use
map-centric approaches to tightly couple their reconstructions with the SLAM
trajectory. ElasticFusion [52] bends the mapped environment upon loop closure.
De Gregorio and Di Stefano [135] proposed occupancy-based methods to erode
and re-integrate past scans individually from the existing reconstruction upon
pose graph optimisation. These methods, however, suffer from poor scalability
in large-scale online operations. For instance, in the system of De Gregorio and
Di Stefano [135], the process of removing a scan from the already constructed
map (erosion) and that of re-integrating the corrected scan both require the same
amount of computation. When the environment has a limited scale, doubling
the scan integration time can be feasible, but large-scale outdoor experiments
will require a more efficient design.

Another technique to improve global consistency is to represent the full 3D

reconstruction using a collection of submaps of limited extent. This technique
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originated in SLAM research such as the Atlas framework by Bosse et al. [114]
and DenseSLAM by Nieto et al. [165]. Both systems maintain an interconnected
collection of local submaps instead of a single global map, which sparsifies the
environment even in the case of dense reconstruction. Additionally, Atlas reuses
existing maps instead of spawning a new submap upon loop closure, hence
allowing the global map to scale with the size of the explored environment
instead of the exploration length.

Submaps can also enable elasticity when a reconstruction requires correction
at the event of a loop closure. Ho et al. [138], Sodhi et al. [139] and Reijgwart et
al. [5] all exploited submaps to achieve elasticity in dense reconstruction for
the purpose of motion planning. The systems of Ho et al. and Sodhi et al. are
based on OctoMap [137], and that of Reijgwart et al. is based on Voxblox [4].
Upon loop closure, submaps in all systems can be moved around to keep global
consistency. However, these systems both have some limitations. For motion
planning, the system of Ho et al. [138] requires ray-casting into every submap for
occupancy information, significantly increasing the complexity when there are
many submaps. The authors improved their method in [139] where submaps are
merged together into a global map for faster voxel query. Global map update is
only triggered when a submap’s pose changes significantly. In a large-scale envi-
ronment with a long range-sensor, however, maintaining dense reconstructions
of both submaps and a global map in memory is very inefficient.

Our proposed system SE-Atlas is most directly motivated by the work of Rei-
jgwart et al. [5]. Their map-centric dense SLAM pipeline, Voxgraph, constructs
TSDF submaps and generates correspondence-free constraints among them for
global consistency. It can also be employed for robotic tasks like path planning
by computing a ESDF from the TSDF, as explained in 4.2.1. Voxgraph incorpo-
rates both LiDAR scans and RGB-D measurements, and was demonstrated to be
sufficiently lightweight to run onboard a Micro Aerial Vehicle (MAV).

These approaches spawn new submaps after a temporal interval [5, 139, 166]

to bound local odometry drift within each submap. Instead, our proposed sys-
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tem, SE-Atlas, creates submaps based on robot travel distance, avoiding redun-
dant submap creations when the robot is stationary [11]. We further propose
submap spawning and fusion using a deeper spatial analysis to uniquely rep-
resent confined or distinct areas such as rooms. In challenging exploration and
navigation tasks such as [167], this feature allows local path planners to require

only one or very few submaps when searching for paths in confined space.

4.2.3 Room Segmentation

When a complete map is present, several works have developed methods to
segment LiDAR reconstructions or floor plans into individual enclosed spaces.
Turner and Zakhor [168] designed a room-segmentation pipeline that
partitioned 2D point cloud maps into 2.5D building models via triangulation.
To achieve 3D reconstruction, the approach assumed that interior walls were
vertical and planar.

More sophisticated methods were developed to parse 3D point clouds into
rooms, such as detecting void spaces between walls using point density his-
tograms [169], and extracting planar features before partitioning separate rooms
via a multi-label energy minimisation formulation [170, 171]. These methods
were limited to single-storey reconstructions.

Ochmann et al. [172] and Nikoohemat et al. [173] proposed methods that
handle unstructured 3D point clouds for multi-storey room segmentation.
Ochmann et al. introduced a versatile integer linear programming method to
incorporate hard constraints, e.g. wall connectivity, to ensure a plausible
reconstruction. Nikoohemat et al. employed a mobile LiDAR SLAM system
and separated building levels by assuming that sloped trajectory segments
represent staircase traversals. They further segmented rooms using an
adjacency graph of planer segments.

While these methods achieve the same effect of partitioning confined spaces,
the need for prior knowledge of a complete reconstruction is not desired for

online exploration tasks. Instead, the system presented in this thesis focuses on
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M

Figure 4.5: The proposed system’s frame convention. Orange arrow: transformation
provided by SLAM system; purple arrow: transformation provided by odometry system;
black arrow: transformation created inside the proposed system.

segmenting 3D reconstructions of confined spaces on the fly, such as individual

rooms and staircases, onboard a mobile robot.

4.3 Reference Frames and Notation Definitions

The focus of this thesis is neither SLAM or localisation. However, in this DPhil
project, the proposed reconstruction system has relied on a multi-sensor odome-
try (such as VILENS [81]) and a LiDAR-based factor graph SLAM system (such
as AEROS [113]).

This section provides an overview on the definition and frame convention
used in the proposed reconstruction system as well as those in the external
odometry and SLAM systems. Fig. 4.5 illustrates the frame convention. This
thesis uses the conventional robotics terminology of pose to refer to the combi-

nation of position and rotation.

4.3.1 Odometry and SLAM Notations

The Map frame {M} and the Odometry frame {O} each defines a global fixed

frame of reference, provided by the SLAM and odometry module in the pipeline
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respectively. The base frame of the robot at time & is defined as {5} }.
SE-Atlas assumes as an input a factor graph X with ¢ nodes x;,, k € {0, ..., ¢—
1} given by the SLAM system, typical of the state of the art. Each node describes
the estimated pose of the robot expressed in the map frame Ty, € SE(3).
Each node of the graph is associated with a raw point cloud C from the
LiDAR. The point clouds have a fixed number of points p € R? expressed in
the LiDAR frame {£}. Given a node x;, and its associated point cloud Cj, the

pose of the LIDAR MT,, can be computed as follows:
M, =MTy BT, (4.1)

where 5T, € SE(3) is calibrated and fixed transform between LiDAR frame

and base frame.

4.3.2 Reconstruction Notation

The proposed reconstruction core creates n submaps to represent the scanned
environment. Each submap S;,i € {0,...,n — 1} contains the following

information:

+ a volumetric reconstruction Vg, that stores either occupancy or TSDF in-

formation in each voxel (an individual voxel is denoted as v),
o the SLAM node indices and LiDAR scans used to construct S;,
 an accumulated point cloud Cg, expressed in map frame {M},

« the root pose of the submap that defines its transformation with respect to

the map frame, MTs,,

« an Axis-Aligned Bounding Box (AABB) of the submap reconstruction
aligned with the map frame {M}.

A further explanation on why the proposed system uses AABB is provided
in Section 4.4.2.
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Figure 4.6: An overview of the proposed system that consists of a front-end (Local
Mapping) and a back-end (Global Mapping). Principled Clustering contains the proposed
novel strategies which estimate cloud and submap overlap, measure relative pose
uncertainty in the SLAM graph, and leverage semantic information to detect transitions
between indoor and outdoor environments. Section 4.4 provides a more detailed
explanation on the key components in this system.

4.4 System Architecture

As mentioned in Section 4.1, the proposed system uses a multi-threaded front-
end/back-end structure to maintain both a local rolling map and a collection
of global submaps during exploration. Fig. 4.6 provides an overview of the

proposed system.

4.4.1 Odometry and SLAM Inputs

While supereight does provide its own tracking functionality, it was tailored for
RGB-D cameras. Hence I do not use this feature of supereight for the LIiDAR-
based pipeline proposed in this thesis, and instead rely on external odometry [81,
155] and SLAM modules [113, 158]. The odometry module is an input to the
front-end of the proposed system, providing the pose of the LIDAR sensor frame
{£} in a global odometry frame {O} at time ¢, denoted as “T,, € SE(3). This
pose is associated with a raw point cloud C, expressed in the LiDAR frame {£,}.

The proposed reconstruction pipeline also requires access to the solution of
a graph-based SLAM system, i.e. ¢ nodes Xy, k € {0,...,q— 1}, and the Hessian
matrix associated with the solution [174]. As explained in Section 4.3, each node
describes the estimated pose of the LiDAR frame {£;} with respect to a fixed
map frame {M}, denoted as MT,, € SE(3).
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The SLAM system used is a pose-graph method based on the work of
Ramezani et al. [158], where the only inputs are relative odometry
measurements and loop closure candidates, both represented as SE(3) matrices.
The covariances associated with these measurements are fixed and tuned using
line-search. The solution is determined in an incremental fashion using the

iSAM2 algorithm [42] available in the GTSAM library [8].

4.4.2 Reconstruction Outputs

The output of the reconstruction system consists of a local rolling map and a
collection of n submaps. Local Mapping creates and maintains a local map by
integrating the latest point cloud C, into a volumetric reconstruction in {O}. I
crop it around the latest pose T/, based on the sensing range of the LiDAR.
Section 4.5 explains in detail the integration of LiDAR scans into a volumetric
reconstruction using supereight pipeline, focusing on the extension to supereight
that is tailored towards LiDAR scans. The component Motion Aware LiDAR
Integration (Section 4.5.3) is an essential upgrade that I developed to allow SE-
Atlas to correctly incorporate motion-undistorted LiDAR scans.

In Global Mapping, the information stored in each submap S;,i € {0,...,n—1}
is explained in Section 4.3.2. Supereight provides pipelines that can store either
TSDF or occupancy probability in the reconstruction. Though experiments have
also been conducted to assess the TSDF pipeline as well, occupancy representa-
tion is chosen as the focus in the proposed system because of its explicit repre-
sentation of free space. Section 4.8.2 will explain how explicitly represented free
space is used in the estimation of submap overlap.

I also compute and maintain an AABB for each submap in { M} using the re-
construction (Section 4.3.2). Each submap’s AABB is significantly affected by the
orientation of { M}, so I use AABBs not to accurately estimate scanned space, but
as a lightweight method to determine non-overlapping submaps (Section 4.8.2).
Therefore I choose to use AABB instead of oriented ones to reduce the time to

compute bounding boxes as well as their overlaps.
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The Graph Clustering module in Fig. 4.6 (Section 4.7.1) first clusters the
received SLAM pose graph into individual submaps and determines which
submap the Local Rolling Map created in the front-end should be integrated into.
Upon SLAM loop closure, Submap Pose Update module (Section 4.7.4) corrects
the pose of submaps to maintain global consistency, and Submap Fusion module
(Section 4.8.2) decides which submaps should be merged together to improve
system scalability.

In the proposed system, I further introduce the following set of strategies for
principled clustering which provides additional criteria on when to spawn or

fuse submaps:

Cloud Overlap Estimate: to adjust the submap spawning decisions made by

Local Mapping — Section 4.7.3.

« Submap Ouverlap Estimate: to propose submap fusion for Global Mapping —
Section 4.8.2.

» Relative Uncertainty: to reject unreliable submap fusions — Section 4.9.

o Environment Transition Criterion: to differentiate between indoor and out-

door environments based on semantic information.

Environment Transition Criterion is based on semantic analysis and on-the-
fly adjusts reconstruction parameters. It will be explain in the following chap-

ter (Chapter 5).

4.5 LiDAR Supereight

This section describes the key reconstruction foundation of SE-Atlas,
supereight [50], and the significant improvements I implemented for supereight
to support long range LiDAR sensing.

Supereight is a volumetric, octree-based SLAM pipeline with adaptive reso-
lution that uses Morton codes to achieve efficient spatial octree traversals [50].

Instead of individual voxels, supereight stores blocks which aggregate 8 x 8 x 8
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voxels as the finest leaves of the octree structure. This results in fewer mem-
ory allocations and improved cache locality during updates, improving perfor-
mance. It is also capable of integrating data at different octree levels, further
increasing efficiency.

In this work, I expand both supereight’s multi-resolution TSDF
(MultiresTSDF) [50] and multi-resolution occupancy (MultiresOFusion) [51]
pipelines to incorporate LiDAR inputs. The original RGB-D supereight uses a
pinhole camera model. To incorporate LiDAR data into the framework,
organised LiDAR point clouds are converted to depth images, and the
projection model is approximated with a spherical camera model by defining a
pair of azimuth and elevation angles for each pixel in the depth image based on
sensor specification. The new projection model is similarly based on the
assumption that rays corresponding to pixels in the depth image are uniformly
distributed and fixed.

Compared to the pinhole camera model, the LIDAR model incorporates a
longer range and larger FoV, but the distance measurements are sparser. I also
create local submaps in this system to replace the single global map in the origi-

nal pipeline. This is further explained in Section 4.7.

4.5.1 Multi-resolution

SE-Atlas leverages the adaptative resolution feature of supereight [50, 51] for effi-
cient LIDAR integration. This section describes the basis of this feature, and the
following section (Section 4.5.2) focuses on the specific adjustments for LIDAR.
Long range measurements from LiDAR cover a much larger amount of space
than an RGB-D camera. Integrating all of the scanned space at the highest
resolution means updating a huge number of voxels and requiring a lot of com-
putation. Supereight can update the octree at various levels depending on the
effective resolution of the sensor, by updating cubes consisting of several voxels
instead of individual voxels. The benefit of this approach is a reduction in

the number of octree updates, resulting in reduced integration time [50]. In
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addition, the majority of the scanned space is free space with trivial occupancy
information. Supereight integrate voxels in free space with significantly lower
resolution than those on object surfaces, maintaining details on the surfaces
while improving integration speed [175]. This performance increase is especially
important in the case of LiIDAR sensors where a single scan may contain mea-
surements ranging from a few meters to 60 m away [11, 51].

Due to a larger horizontal FoV as well as longer range, it is more likely for
LiDAR rays to hit surfaces at shallow angles than those of RGB-D cameras,
which results in aliasing artefacts. In SE-Atlas, supereight’s integration level
selection method for a particular depth measurement has been adjusted to make
it suitable for LiDAR sensors [12, 51]. This update reduces aliasing artefacts,
increases speed and decreases memory consumption at large distances.

For each ray r, SE-Atlas considers the minimum angle between two adjacent
LiDAR scan rays, which in turn defines a circular cone. It then iterates through
voxels within the frustum of the LiDAR sensor and find the cone that each voxel
lands in. The depth of the voxel d, determines the scale of update volume, which
is the largest block of voxels that fits inside this cone at d, up to 8 x 8 x 8 vox-
els. Thus, measurements can be integrated into volumes at adaptively selected
resolutions [12, 51]. It is also important to note that due to the assumption of
uniformly distributed scan rays, finding which cone a voxel lands in is a simple
arithmetic process, ensuring the efficiency of scan integration.

SE-Atlas use the propagation strategies described in [50] and [51] for Mul-
tiresTSDF and MultiresOFusion, respectively, to keep the hierarchy consistent
between different integration levels. In MultiresOFusion, the maximum occu-
pancy and observed state at the finest integration level are up-propagated to
each parent level to provide fast occupancy queries at different levels. Multire-
sOFusion also explicitly keeps track of free space at the coarsest possible scale

while preserving details about unknown space.
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4.5.2 LiDAR Integration

This section explains the process of creating a new reconstruction or updating
an existing one based on a new LiDAR scan. A representative LiDAR used in
our experiments (Section 4.10) is Ouster OS1-64. It produces organised dense
point clouds of 64 x 1024 points at 10 Hz (i.e. ~ 655k points/s), with a vertical
FoV of 33.2° and a horizontal FoV of 360°. Scans are converted from point clouds
to spherical range images to facilitate their inclusion into supereight.

The MultiresOFusion pipeline stores the occupancy probability in log-odds
form which results in free, unknown and occupied voxels having negative, zero
and positive log-odds values, respectively. Occupancy update follows the
convention of adding a new log-odds measurement [137, 175]. The log-odds
measurement along a ray is a distance-dependent piecewise linear function
explained in detail in [51].

The uncertainty model of LiDAR measurements is first updated because
LiDARs are more accurate at long distance compared to RGB-D cameras, the
uncertainty of which increases quadratically with range [51]. Given a distance
measurement d, along ray r, SE-Atlas assumes its standard deviation is o(d,) =
max (Opmin, Aody) Where o,,;, and A, depend on the sensor characteristics. The log-
odds occupancy probability L(d,) in a voxel v at distance d, is inspired by [176],

but using a piecewise linear function instead [11]:

Lin if dy < 30(d,)
_Lmin 3 >\‘rdr

L(dy) = 3"5‘[‘?)?”[1 y iad(dr) <d= (4.2)
AR if 25 < dy < Ady

no update otherwise

where L,,;, denotes the minimum occupancy probability in log-odds and . is a

scaling factor controlling how much occupied space is created behind surface.
The integration process for the MultiresTSDF pipeline is described in [50]. To

avoid artefacts when using long-range LiDAR scans, the pipeline is modified so

that the TSDF truncation bound adapts to the integration level.
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(a) Motion-distorted LiIDAR Measurements
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projection Rdynamic, compared depth readings Rgynamic to Rfixed
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Figure 4.7: Motion aware LiDAR integration module to remap LiDAR points during
dynamic motions. (a): Raw motion-distorted LIDAR scan showing azimuth and elevation.
(b): Zoom in of a section. Each orange circle indicates a ray, with its corresponding cell in
the grid. (c): After motion undistortion, the undistorted projection Raynamic (in orange)
does not match the uniform grid (in light blue). (d): We iterate over the undistorted
rays to find the closest ray assuming an uniform grid. (e): The output of the association
are adjusted coordinates for azimuth (U) and elevation (V') angles of the undistorted
projection.

4.5.3 Motion Aware LiDAR Integration

Modern 3D LiDAR sensors collect range returns continuously over time. A com-
plete 360° scan is accumulated by the device’s driver and then made available
to downstream applications. The high dynamics of a legged robot, especially
in rotation, leads to motion distortion of these scans and imprecise maps, if
uncorrected (Fig. 4.7 (a) and Fig. 4.7 (b)).

As the input to my proposed reconstruction system, the external odometry
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module incorporated a LiDAR motion undistortion component'. This compo-
nent first uses an odometry input with higher frequency, such as from IMU or
legged odometry, to interpolate the sensor pose between consecutive LiDAR
measurements (at 10 Hz). It then computes the direction and origin of each Li-
DAR beam on-the-fly and reprojects it as if measured instantaneously, correcting
the motion-induced distortion. While the undistorted point cloud is necessary
for an accurate reconstruction, the undistortion module is not within the scope
of this work and therefore not assessed in the presented experiments.

Instead, the proposed system focuses on preserving the motion undistortion
effect in the reconstruction. The motion undistortion procedure in the odometry
module results in non-uniform elevation and azimuth angles for each point,
violating the uniform grid assumption of the LiDAR projection model that su-
pereight [51] relies on (Section 4.5.1), as exampled in Fig. 4.7 (c).

This assumption of LiDAR beams being uniformly distributed in angular
space is beneficial for the efficiency of scan integration. In the reconstruction
core of the proposed system, a voxel’s coordinates in the map frame Mv €
R3 are projected into the LiDAR frame v = MT, "My and normalised into a
unit vector that represents its direction, before being converted into a pair of
column and row indices (u, v) for depth measurement look-up and occupancy
update. With the uniform grid assumption, this conversion from v to (u,v) is
a simple arithmetic process, the complexity of which is O (df’nax : TJoiel) — dmax
represents the LiDAR sensing range and 7y« represents the voxel resolution.
However, with motion undistortion dynamically adjusting the elevation and
azimuth angles of each LiDAR beam in every scan, to look up a corresponding
depth measurement in the direction of a voxel will require a search through
neighbouring LiDAR beams to find the closest ray. The complexity therefore
becomes O (df’nax TS n) where n represents the number of neighbours that

need to be searched. Given the long LiDAR sensing range and the fine voxel

resolution, this approach quickly becomes infeasible.

"The motion undistortion method was inspired by this package - https://github.com/ethz-
asl/lidar__undistortion.
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Instead, I designed a method to remap the motion undistorted LiDAR scans,
which allows SE-Atlas to preserve not only measurement accuracy, but also the
efficiency of the projection model used by superight and SE-Atlas. For each
LiDAR scan of constant height » and width w (64 x 1024 in our experiments),
let Rfixeq be the default set of ray-casting directions according to the sensor’s
specification, and Rgynamic be the unit vectors for all motion-undistorted LiDAR
beams. For each ray r,, € Riied at row v and column u, I then search in the
neighbours of this ray to find the £, € Raynamic that has the smallest angular
difference 04i¢ from r,, to establish a match (Fig. 4.7 (d)). The size of the search
region is determined by the resolution of the LiDAR and the characteristics of
the robot, such as its rotation rate. This search can also be terminated if 04;¢ <
Oinres to further speed up the procedure; I used Oyes = 0.001 rad, corresponding
to 5 cm voxel resolution at a maximum sensor range of 50 m.

As a result of the remapping, I find corrected coordinates for each ray in
the undistorted scan, given by the sets of indices U = wuop)...t(h—1,0—-1) and
V' = v0,0)---V(h—1,u—1), Where NaN values are used for the unmatched rays, as
shown in Fig. 4.7 (e). The U — V sets are then input into the supereight recon-
struction pipeline. I further update the projection model of supereight to find the
corresponding motion-undistorted LIDAR range measurement based on indices
in U and V for each ray-casting vector in Rfyeq for LIDAR integration. The
complexity of this remapping process is O (h - w - n), and is not dependent on
the LiDAR range or the voxel resolution and therefore more efficient.

To demonstrate the effect of this particular module, we conducted a brief
experiment (Fig. 4.8) where a legged robot was teleoperated around our indoor
lab space. At times of high rotation rate obvious motion distortion in the scan
can be seen in Fig. 4.8 (a). The distorted scan (red) is misaligned along the lower
wall, but the odometry system accounted for the distortion and produced the
undistorted scan (blue).

When moving to occupancy mapping, we can see that without properly ad-

dressing the dynamic projection model the default supereight misaligns surfaces
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LiDAR point cloud (red) correcting the dynamic pro- via motion undistortion.
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(blue). tion, causes misalignment.

Figure 4.8: Proposed motion aware LiDAR integration method (Section 4.5.3) remaps a
dynamic projection model, improving the reconstruction — particularly when turning
sharply.

in its reconstruction (Fig. 4.8 (b)). By applying the method described above,

the reconstruction is corrected as shown in Fig. 4.8 (c), keeping its computa-

tional efficiency.

4.6 Local Rolling Map

As explained in Section 4.4, the Local Mapping front-end of the proposed system
produces a local reconstruction in odometry frame {O}. The scan integration
process relies on the latest LIDAR pose in odometry frame 9T, and the cor-
responding LiDAR scan C;. Using 9T, every point p € C; from the LiDAR
frame {L£,} is transformed to the odometry frame {O}. SE-Atlas then updates
the local reconstruction according to Section 4.5.2, incorporating the essential
motion-aware adaptation to supereight as detailed in Section 4.5.3.

This local reconstruction is centred around the latest robot pose “T,, and
moves with the robot as exploration goes on. It is cropped around the robot
position based on the LiDAR scan range. This bounds the memory usage of the
local reconstruction and limits the odometry drift within this map.

This map is then used as one of the inputs to the Global Mapping back-end
of the proposed system to spawn a new global submap or add to an existing

one. This will be explained in Section 4.7.
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4.7 Elasticity in Large-Scale Long-Term Explo-
ration

This section details the back-end components that provide elasticity to the re-
construction pipeline in Fig. 4.6, namely Graph Clustering, Global Submaps
and Submap Pose Update. The principle clustering strategy Cloud Overlap
Estimate is also explained in this section because it provides additional submap
spawning decisions.

The external pose graph SLAM system [113, 158] produces essential inputs
to the Global Mapping back-end. The first input is a pose graph with ¢ poses
Xy, k € {0,...,q — 1}. This section focuses on how the pose graph is used
to determine submap spawning and updating in SE-Atlas. The pose graph
SLAM system also produces the Hessian matrix associated with the pose graph
solution [174]. This matrix is leveraged by the Relative Uncertainty Estimation
strategy that will be explained in Section 4.9.

The external SLAM system [158] globally optimises the odometry output
from systems like VILENS [81] or ICP-based methods [155]. Overall, the com-
puted trajectory is locally consistent with drift rates in the order of 1 m per 100 m
travelled. In this way we collects a sequence of point clouds which are registered
to one another locally, as well as a corresponding relative pose estimate for the
robot/device. When loop closures occur, the SLAM system form a full pose
graph. I would also like to acknowledge that methods such as LOAM [54] and

ScanContext [82] could further improve the current pose graph SLAM system.

4.7.1 Graph Clustering

The Graph Clustering module processes the pose graph from the SLAM system

and groups graph nodes together into different submaps. The clustered graph

further guides scan integration (Section 4.7.2) and submap fusion (Section 4.8).
To perform clustering, I first divide the pose graph edges into odometry and

loop closure edges. Odometry edges represent constraints between consecutive
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Figure 4.9: An example of graph clustering and submap fusion based around a loop
closure. Nodes Ly.4 and Ls.9 represent the two traversals of a location from a pose graph.
Lo.4 belong to green submap S;, L5.7 to red submap S; and Lg.9 to blue submap Sj.
Because these nodes have been grouped together by the graph clustering (Section 4.7.1),
these three submaps are all merged into submap ;.

pairs of nodes, while loop closure edges are the constraints between nodes that
are distant in the graph but correspond to similar scans of revisited places.

If there are no loop closures, grouping into submaps is based only on the
odometry chain within a distance threshold A,4om. In this case, the first node
x;0 of submap S; defines the submap’s root pose MTs, using its corresponding
LiDAR pose MTg, .

For the subsequent nodes, I compute the distance travelled along the pose
graph from the root pose. If a new node is within the distance threshold A;qom,
the latest local map is integrated into S; according to Section 4.7.2. When the new
node exceeds the distance threshold, a new submap S, is spawned with that
node. This is based on the assumption that the odometry drift is proportional
to distance travelled.

Upon loop closure, I cluster together nodes that are within a threshold Aquster
around the pair of nodes that form the closure. Fig. 4.9 presents an example of
clustering. In this example, £, and £; are connected by a loop closure edge. 1
then compute the distances from every surrounding node to this loop closure
pair along the pose graph, again assuming that odometry drift is proportional

to distance travelled. In the case of Ly, its distance is computed as:

de. o = dry s +drg o 43
= ||Mtﬁ7 - MtESH + ||Mt£8 - Mt£9||

and because d., £, < Aduster, Lo is included in this cluster. Loop closure clusters

guide submap fusion in Section 4.8.
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B Read Cloud Cieaq
Overlap Points

Figure 4.10: An example of Cloud Overlap Estimate showing limited overlap between
the reference cloud C,¢ and the read cloud C,eaq when entering a room through a narrow
doorway.

4.7.2 Global Submap Integration and Spawning

After clustering, the most recent local rolling map at the latest pose x; is inte-

grated into submap ;. I first compute the relative pose between O and S;:
5To =MT5' MTp, OTy/ (4.4)

where MTp, and ©Tp, are provided by the SLAM and odometry modules re-
spectively. When x;, is the first node of a submap according to the result of
Graph Clustering, the corresponding local map forms the initial reconstruction
of S; and MTs, = MT,,.

To integrate a local reconstruction into a submap, I first project the coordinate
of voxel vy from the local map into submap §; using STy, and obtain vg,.
Then I update the voxel in S; at coordinate v, at the same scale as the voxel in

the local map, following the mathematical models proposed in [50, 51].

4.7.3 Cloud Overlap Estimate

Cloud Overlap Estimate adds another trigger to spawn submaps based on point
cloud overlap. The tracking performance of the odometry system is affected
by major changes in overlap such as when entering a new room [177]. Hence
when traversing between two disconnected spaces via a narrow passage, i.e. the
scenario presented in Fig. 4.10, it is beneficial to spawn a new submap and create

an elastic connection.
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Algorithm 1: Cloud Overlap Estimate.

1 input: New LiDAR cloud C,¢aq and submap cloud Cg,,,
2 output: Cloud overlap ratio Rpoint read

3 begin

4 Voxel filter C,eaq and Cg, ; to resolution rgjier

5 for Point p; C Cieaq do

6 Search for ppeighbour C Cs,,; that is the closest to p;
7 if Hpi; pneighbourH < \/g X Tflter then

8 Npoint,overlap = Npoint,overlap +1

9 end if
10 end for
11 Rpoint,read = Npoint,overlap/Npoint,read
12 return Rpoint,read

13 end

When the robot crosses through a doorway, a significant proportion of the
scene that the robot perceives will likely change — with LiDAR beams blocked
by the doorway. Traversing through any narrow constriction with a LIDAR will
cause there to be low overlap between consecutive point cloud scans. In such a
scenario, the proposed system will spawn a new submap when going through a
doorway and create a new room, as demonstrated in Fig. 4.2.

Alg. 1 presents how I compute the overlap ratio Rpgintread between the point
cloud of a new scan Ci.,q and the accumulated submap cloud Cgs_, of a reference
submap Srer. Both Cieq and Cg,, are filtered to the same resolution 7 for
uniformity in overlap estimation. Points from C,.,q that are within a threshold
distance from their closest points in Cgs_, are considered as overlapping points.
The threshold is set to v/3 X rfier — the diagonal of a cube with length 7.

If Ceaq shares sufficient overlap (Rpointread > 0.6) with the accumulated

submap cloud Cg

ref/

the new scan is integrated into a submap S, and the
accumulated submap cloud Cgs, grows by adding C..q. For instance,
in Fig. 4.11 (a) and (b), node £,7 is integrated into submap S5, and LiDAR scan
C,7 is accumulated into the submap cloud Cs,. However, I constrain point
cloud accumulation of each submap by not combining accumulated submap
clouds together during submap fusion. In Fig. 4.11, the volumetric occupancy

submaps S; and S; in (c) are fused together into one submap &) in (d), but
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Figure 4.11: An example of scan integration and submap fusion. (a) There are 17 LiDAR
scans Ly.1¢ in the existing reconstruction. The scans are clustered into 6 submaps Sy.5,
shown as grey rectangles (/') which represent the AABB of each submap. L7 is the latest
new LiDAR scan, and there have been no loop closures. (b) Graph Clustering allocates
L17 to submap S5, and the new scan passes the Cloud Overlap Estimate (Section 4.7.3).
Then L7 is integrated into Sj, expanding the AABB (as shown by the orange rectangle

). (c) There is a new loop closure edge (orange line —) given by the SLAM pose
graph between Ly and L£17. The head and tail of the loop closure connection define the
submap overlap search range from Sy to S5. (d) Graph Clustering proposes the fusion
of submaps S5 and Sy into 8. Submap Owverlap Estimate (Section 4.8.2) proposes the
fusion between submaps S3 and Sy in 8. If both proposals pass the Relative Uncertainty
criterion (Section 4.9), fusion is executed and all submap indices are updated accordingly.
The AABBs of Sy and Sa are therefore expanded (shown by =), but their accumulated
submap clouds are not, as explained in Section 4.7.3.

submap cloud Cg, is not combined with Cg,. This prevents these submap
clouds from growing indefinitely as exploration continues.

The criterion (Rpointread > 0.6) for spawning a new submap is based on the
intuition that 50 % of the point cloud is inside and outside of a room when the
LiDAR is perfectly in the doorway. In our experiments, setting the threshold
at 60 % means a more conservative submap spawning behaviour in which the
reconstruction becomes more elastic when the reliability of ICP in odometry
and SLAM is low due to limited Cloud Overlap Estimate (e.g. corridors, stairs).

Increasing the threshold further leads to a higher memory cost. A threshold
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lower than 50 % could affect the functionality of room segmentation in the pro-

posed system.

4.7.4 Submap Pose Update

The Submap Pose Update module ensures global consistency in the reconstruc-
tion. When loop closure occurs, the pose graph and poses of the SLAM sys-
tem are updated.

The naive approach of updating all the submaps upon loop closure is compu-
tationally infeasible for real-time applications, as discussed by Sodhi et al. [139].
Instead, I define a criterion to determine whether a submap S; needs to be
corrected, such that a large-scale reconstruction can be selectively and efficiently
updated. Let MT& denote the updated transformation MTs, of S; with respect
to the map frame M. I empirically determined translational and rotational
thresholds which trigger a submap correction, respectively 10cm and 2.5°. If

the position/rotation change exceeds its threshold, the submap is corrected:

~ A —1
||Mt8i - MtSi > dupdate V ||MR51 MRSLH > eupdate (45)

Because I do not maintain a global map in the SE-Atlas pipelines, this update
only needs to correct the root poses of the submaps, with no additional global

map fusion required.

4.8 Scalability via Submap Fusion

The Submap Fusion module in Fig. 4.6 merges the submaps and prevents new
submaps from being spawned when the same space is revisited. Updating
an existing submap is more memory efficient than creating two overlapping
submaps. This has the advantage of making the reconstruction complexity grow
proportionally with the amount of space explored rather than the duration of

the exploration.



4. FElasticity, Efficiency and Scalability in Large-Scale LiDAR Reconstruction 108

4.8.1 Loop Closure Fusion

The basic submap fusion strategy in the proposed system combines submaps
where a loop closure is detected [11]. For each loop closure cluster described
in Section 4.7.1, I search through all existing submaps and find those that con-
tain nodes from this cluster. These submaps are then fused together as illus-
trated in Fig. 4.9.

To fuse the submaps S; and S;, I first transform every voxel of S; with
coordinates v; € R? into the coordinate system of S, to obtain v;:

|“1;| _ SiTSj |“1{| ’ SiTSj — MTEZI MTS]- (46)

If the voxel v; falls out of the current scanned space in §;, it will be newly
allocated and assigned as v, in §;. Otherwise, the voxel data in v; will be

integrated into v; following the model in Section 4.5.2.

4.8.2 Submap Overlap Estimate

Submap fusion merges existing submaps, and reduces the memory usage of the
overall system by fusing repeated reconstructions of the same physical space
together. The loop closure-based strategy explained in Section 4.8.1 [11] triggers
submap fusion using the loop closures detected in the SLAM system. However,
it only merged submaps that were created when the robot travelled very close
to a previous pose, i.e. the submaps at the head and tail ends of the loop closure.

In a large-scale (outdoor) environment, a long range (~60 m) LiDAR sensor
can repeatedly scan the same space from poses that are far away from one an-
other, resulting in significant redundancy between submaps that loop closure
tusion alone cannot address. Therefore I introduce an additional strategy for
submap fusion based on the overlap of scanned spaces, leveraging the explicit
representation of free space in volumetric occupancy maps. This improves the
reconstruction scalability when revisiting explored areas, in spite of the SLAM

graph growing linearly.
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Algorithm 2: Submap Overlap Estimate.

1 input: Pair of occupancy submaps Syeaq and Sief,
2 output: Submap overlap ratios Ryoxel read and Ryoxel ref

3 begin
4 for Voxel vieaq C Sreaq do
5 Find vt C Sper at the same coordinates as Viead
6 if vier 7 not unknown then
7 if Both vyier and Vyeaq are free or occupied then
8 N. voxel,overlap — N, voxel,overlap +1
9 end if
10 end if
11 end for
12 Rvoxel,read =N voxel,overlap/ N, voxel,read
13 Rvoxel,ref =N voxel,overlap / N, voxel,ref
14 return Rvoxel,read and Rvoxel,ref
15 end

@ Occupied Voxels in Ref Submap Sf

@ Occupied Voxels in Read Submap Scaq
Free Voxels in Ref Submap
Free Voxels in Read Submap

B Overlap Voxels

Figure 4.12: An example of Submap Overlap Estimate, highlighting the voxel overlap
between the volumetric occupancy reconstructions of the reference submap S,ef and the
read submap Siead-

Submap overlap is computed by comparing the volumetric reconstruction as
well as the occupancy information stored in each individual submap. Fig. 4.12
demonstrates such a case. Alg. 2 describes the estimation of voxel overlap be-
tween a pair of submaps Sre.q and Syet. This pair of submaps are fused together
if either the ratio Ryoxelref OF Ryoxelread €Xceeds a configurable threshold Agysion.
This threshold is empirically chosen as 0.7. It represents significant redundancy
among submaps and does not require further tuning between experiments.

To ensure that the root poses of submaps are corrected by loop closure before
fusion, a submap overlap search range is defined using the head and tail of each

loop closure. For example, in Fig. 4.11 (c), SLAM loop closure is between L,
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and L7, and they belong to Sy and S;, respectively. Hence the search range for
Submap Overlap Estimate is Sy.5. Candidate submap pairs for fusion are those
that have an overlap greater than the threshold, e.g. S, and Ss.

Iterating through all voxels is a computationally intense process. Therefore,
I add a conservative but efficient preliminary heuristic based on the AABB of
each submap before computing submap voxel overlap. Using the AABB of S
and Sreaq, I compute the volumetric overlap percentages { Raabb ref, Faabb read } and
compare them with Agysion. If both AABB overlaps are smaller than the threshold,
such as §; and S, in Fig. 4.11 (c), the proposed system skips computing voxel
overlap. Because this is only a preliminary check to avoid unnecessary submap
overlap computations, orientated bounding boxes are not necessary, and using

AABB instead helps keeping this step computationally light.

4.9 Relative Uncertainty

To stay memory efficient, SE-Atlas discards the individual submaps after fusing
them into a parent. However, since each submap is internally rigid, local con-
sistency is essential within the submaps. To improve submap fusion reliability
and, consequently, retain global consistency, a strategy is proposed to keep the
errors within each submap bounded.

The proposed approach uses the relative uncertainty between the root poses
of the candidate submaps to measure fusion confidence. To compute the relative
uncertainty, SE-Atlas uses the Hessian matrix of the SLAM problem to extract
a joint covariance of the root poses of submaps. The following formula was
derived based on the conventions used in the GTSAM library [8], with reference
to the approach of Mangelson et al. [7] to determine a single covariance matrix
encoding the relative uncertainty between the poses.

First, the probability distribution of the relative transformation from submap

S; to §; is defined as:

SiTg, = MTMTs, (4.7)
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where the poses MTs, and MTg, indicate probability distributions on SE(3)

following a right-hand composition:
T = T Exp(¢) (4.8)

T is the mean transformation of the distribution, and ¢ is a perturbation that
follows a Gaussian distribution. In Eq. (4.7) we consider that the poses have
covariances ¥ s, and X MS; respectively.

In order to derive the expressions for the relative uncertainty, the adjoint

action of T on ¢ is needed, denoted as Ad+(€), and defined as follows:
Ady(¢) = Adgé = Log(T Exp(6)T )
Exp(Adzé) = T Exp(§)T

» " (4.9)
T~ Exp(Ads€) — Exp(¢)T
Exp(¢)T = T Exp(Ady 1€)
Expanding Eq. (4.7) using Eq. (4.8) and Eq. (4.9):
SiTSjEXP(Sigsj)
= Exp(—"6,) M Ts, M T, Bxp (M)
(4.10)

= MT;ilEXP<—AdMTSiM§Si)MTsjEXP<M§sj)
= MT g Mg Bxp(—Ad g Ader, M6, JBxp(Mes))

1

Let $iTs, £ MTg MTs,, then the following equivalence can be established:

Exp(¢s,) = Exp(_AdMTE;AdMTSiMfsi)EXp(MgSj) (4.11)

The covariance of the perturbation on the left should be equal to the one on
the right. However, the covariance cannot be computed directly because of the
properties of the exponential map. Instead, we define
Sigs, = —Ad MTE;AdMT SiMé s, and use the Baker-Campbell-Hausdorff (BCH)

formula [178] up to first order:
E[¥igs,Si€s, | = B[MesMes] + B[Mes, Mg

(4.12)
+ E[MesMes |+ B[Mes MES
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which, after computing the covariance terms, provides an approximation for

the covariance of the relative transformation:
Bsis; ® (AduggrAdugs ) Bums, (Adugg Adur,, )
+ Xus;
— (AdMT‘;;AdMTsi)EMsi,MSj

(4.13)

Lastly, we compute the eigenvalues of the relative uncertainty and apply a
threshold Auncertainty ON them to finally decide if the fusion is accepted.

As an illustration, Fig. 4.11 presents the case of fusing two pairs of submaps,
namely Sy and S5, and S; and S;. In the example of fusing Sy and S;5, SE-
Atlas first computes the relative uncertainty between the root poses of S, and
S5, which are £y and L;5.

For SE(3) transformations MTs,,MTs, € RS, the relative uncertainty X, s,
is a 6 x 6 matrix, and there are 6 eigenvalues — 3 for translation and 3 for rota-
tion. SE-Atlas compares the 3 translation eigenvalues against the configurable
threshold Auncertainty- If one of the eigenvalues exceeds the threshold, the fusion
between Sy and Sj is rejected. I set Auncertainty to be 0.2 m in our experiments based

on our SLAM noise model, which is not subject to change between experiments.

4.10 Experimental Results

This section presents the results of our proposed system, SE-Atlas, tested using
a wide variety of experiments in both simulation and real world. Features of SE-
Atlas explained in this chapter are demonstrated here, namely the integration
speed of long-range LiDAR scans at high resolution, the scalability of map mem-
ory consumption in large-scale long-term explorations, and the improvement in
reconstruction accuracy via loop closure and motion aware LiDAR integration.
A further ablation study about the effect of each SE-Atlas component on recon-

struction accuracy and coverage is presented in Section 4.11.
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Figure 4.13: The Boston Dynamics Spot robot with a Frontier multi-sensor rig mounted
on it. Frontier contains an Ouster LIDAR and an Intel Realsense RGB-D camera. The
Spot carries 6 Intel Realsense cameras.

4.10.1 Experiment Setup

This section presents the series of datasets that the proposed system has been

assessed with. These experiments include:

« Exp 4.10.2 (ARCHE):
A large-scale outdoor experiment with a MAV presented by Reijgwart et
al. [5]. The MAV carries an QOuster LiDAR.

« Exp 4.10.2 (NCD Long):
A large-scale outdoor experiment with a handheld Frontier device in the
Newer College Dataset (NCD) [14]. The Frontier multi-sensor rig contains
an Ouster LiIDAR and an Intel Realsense D435i RGB-D camera.

« Exp 4.10.6 (ORI):
A multi-storey multi-room mapping experiment in the Oxford Robotics
Institute (ORI) with a Boston Dynamics Spot robot as presented in Fig. 4.13.

The Spot robot carries a Frontier multi-sensor rig.

« Exp 4.10.7 (Simulation):
Looping explorations of a Unmanned Ground Vehicle (UGV) in a small

and a large room network using the Gazebo simulator.

Table 4.1 gives details of the different LIDAR sensors used in these experi-

ments. These LiDAR sensors all produce organised point cloud scans of 64 x 1024
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LiDAR properties
Experiment Section Model VFoV HFoV Max range (m)
ARCHE (MAV) 4.10.2 | Ouster OS1-64 33.2°  360° 120
NCD Long (handheld)  4.10.2 | Ouster OS1-64 33.2°  360° 120
ORI (Spot) 4.10.6 | Ouster OS0-64  90°  360° 50
Indoor-outdoor (Spot) 5.6 Ouster OS0-64  90° 360° 50
Simulation (UGV) 4.10.7 | Ouster OS0-64  90° 360° 20

Table 4.1: LiDAR sensors used in the experiments and their properties. VFoV: Vertical
Field of View; HFoV: Horizontal Field of View

points at 10 Hz. The SLAM system creates a node in its pose graph every 2 m trav-
elled when exploring. The proposed system integrated the LiDAR scans using
the MultiresOFusion mode [11] for volumetric occupancy reconstruction. The
voxel resolution used in these experiments was 6.5 cm and SE-Atlas integrated
LiDAR ranges between 0.5m and 60 m. These settings give high resolution and
long range while retaining 3 Hz integration.

Surface mesh representations of the reconstruction, for example Fig. 4.17,
were created by applying the Marching Cubes algorithm [129] on the

zero-crossings of the occupancy map.

4.10.2 Large-scale Outdoor Experiments

In this section, I first evaluate the efficiency of SE-Atlas when integrating LIDAR
scans using the NCD [14] and the dataset made available with [5] (ARCHE).
NCD consists of two experiments with different durations, and I present in
this chapter the 2.2km sequence which is over 44 min long (NCD Long). Both
datasets were large-scale outdoor experiments (approximately 135x225m? for
NCD and 70x 160 m? for ARCHE) with an Ouster OS1-64 LiDAR and a RealSense
camera (D435i for NCD and D415 for ARCHE).

I then demonstrate the map memory efficiency of SE-Atlas using both NCD
Long and ARCHE experiments compared against OctoMap [137] and
Voxgraph [5]. I further present the improved scalability in NCD Long
reconstructions by incorporating Submap Overlap Estimation as explained in

Section 4.8. Last but not least, I show the improvement in reconstruction



4. FElasticity, Efficiency and Scalability in Large-Scale LiDAR Reconstruction 115

accuracy via Cloud Overlap Estimation (Section 4.7.3) and Relative Uncertainty
Estimation (Section 4.9).

To emphasise the effect of Principled Clustering strategies, in this section I
refer to the SE-Atlas pipeline without any spatial or relative uncertainty analysis

as the baseline, and the full SE-Atlas system as the proposed.

4.10.3 Supereight Runtime Efficiency

To evaluate the LiDAR scan integration efficiency of SE-Atlas, I compared the
performance of SE-Atlas in large-scale outdoor experiments to other state-of-
the-art reconstruction methods. The benchmark algorithms I chose for compar-
ison are OctoMap [137] and Voxgraph [5], to assess the respective Occupancy
and TSDF pipelines. For these experiments, I fed one point cloud every 2m
travelled into the reconstruction systems. All reconstruction computations were
performed on a laptop with an Intel® Xeon E3-1505M v6 CPU, 16 GB of RAM
and 32 GB of swap memory.

I evaluated the computation time using three different sets of maximum scan

range and voxel resolutions:
+ 20m max range with 26 cm resolution
« 60 m max range with 26 cm resolution
« 60 m max range with 6.5 cm resolution

Fig. 4.14 shows the integration time at the different range/resolution com-
binations for NCD Long and ARCHE experiments (top and bottom rows, re-
spectively). We focus on mapping at high resolution (6.5 cm) with maximum
LiDAR range (60 m), which is presented in the right column of Fig. 4.14. In both
experiments, Voxgraph terminated early due to memory limits, as did OctoMap
in NCD Long.

Overall, OctoMap is the least efficient of the evaluated methods. With coarse

resolutions, Voxgraph exhibits similar performance to supereight. However, at
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Figure 4.14: Exp 4.10.2 — Integration time per LiDAR scan of different reconstruction
systems in large-scale exploration experiments. Our goal is to achieve high resolution at
maximum sensor range (right column). Note that the timing plots are in log scale and
that the axes are different on each plots

6.5 cm resolution, the MultiresTSDF pipeline is faster than Voxgraph, while Mul-

tiresOFusion is on a par with Voxgraph.

4.10.4 Reconstruction Memory Scalability

Fig. 4.15 shows the memory consumption of each pipeline, as well as the growth
of the number of submaps in the proposed system. The memory usage of Oc-
toMap and Voxgraph increases more quickly than both SE-Atlas pipelines, thus
illustrating how supereight’s multi-resolution feature improves the memory ef-
ticiency of the reconstruction, allowing it to scale to larger environments espe-
cially when integrating long-range LiDAR scans.

Please note that in the experiments presented in Fig. 4.15, Submap Overlap
Estimation was not leveraged and submap fusion was only based on SLAM loop
closures, as explained in Section 4.8.1. Submap fusion prevents new submaps
from being spawned when the same space is revisited. Updating an existing
submap is more memory efficient than creating two overlapping submaps.

The memory usage of the long-range (60 m) high-resolution (6.5 cm) NCD
experiments, as presented in Fig. 4.15, demonstrates such benefit. Fig. 4.15 also

presents the growth of submaps in both experiments. Up to scan 400 in the
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Figure 4.15: Exp 4.10.2 — Memory usage of each pipeline in the NCD Long (top) and
ARCHE (bottom) experiments with 60 m range and 6.5 cm resolution. Memory usage of
our pipelines had a non-linear profile in NCD Long because of the submap fusion feature.

NCD Long experiment, the number of submaps had limited growth because
the experiment stayed within the same area and loops were closed. Thereafter
the device explored new open area - with submap growth becoming linear. Ide-
ally submap growth should have fully plateaued when revisiting the same area
regularly (after scan 600). This is the reason why Submap Overlap Estimation
is incorporated into SE-Atlas to improve system scalability and to enable the

submap count to plateau.

Improved Scalability with Spatial Overlap Analysis

By leveraging Submap Overlap Estimation, submaps that have significant over-
lapping scan volumes are also fused together. This is in addition to submap
fusion based on loop closures. This allows the map to properly scale with the
size of the environment rather than the length of the exploration. Fig. 4.16
presents the memory usage and submap counter in NCD Long of the proposed
SE-Atlas with Submap Overlap Estimation, compared to the baseline SE-Atlas

without it. The memory usage is computed by summing the size of allocated
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Figure 4.16: Exp 4.10.2 — The memory usage and submap counters of the proposed
system with Submap Overlap Estimation and the baseline without it in the NCD Long
experiment.

memory for each submap’s octree in RAM.

In the baseline method, the submaps can only be merged when loop closures
occur which caused memory usage to grow over time. In contrast, Submap Over-
lap Estimation allows spatially overlapping volumes to be merged, such that the
number of submaps can plateau. For the NCD Long experiment, submap count
stabilised at about 30 submaps when the entire environment has been explored
at scan 650. Memory usage actually decreased after scan 650 to ~18 GB while
maintaining the 6.5 cm resolution reconstruction. By the end of the experiment,
there was a 65 % reduction in memory usage by leveraging Submap Overlap

Estimation compared to the baseline.

4.10.5 Reconstruction Accuracy

In this section, I evaluate the global consistency of the proposed online elastic
reconstruction pipeline using MultiresTSDF by comparing the MultiresTSDF
map with the ground truth of NCD, and demonstrate the further improvement
to accuracy by employing Principled Clustering strategies as well as motion
aware LiDAR integration. Section 4.11 further presents an ablation study about
the effect of each SE-Atlas module on reconstruction accuracy.

Fig. 4.17 presents the surface mesh and volumetric reconstructions of SE-

Atlas. The mesh is achieved by applying the Marching Cubes algorithm to
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Figure 4.17: Exp 4.10.2 — The proposed spatial overlap analysis improves the global
consistency in the reconstruction. Figure (a) and (b) present the mesh and volumetric
representations of NCD Long experiment, created by the baseline (without Principled
Clustering) and the full SE-Atlas, respectively. The volumetric representations are shown
in grey overlaid with submap clusters. The mesh representations are created from the
green submaps. Using spatial understanding of the environment leads to more reliable
submap fusion and therefore better alignment. The mesh created without Principled
Clustering has misaligned double surfaces while the full SE-Atlas improves the consistency
in the mesh.

the MultiresTSDF map. Fig. 4.17 (a) shows the reconstructions created by base-
line SE-Atlas without Principled Clustering strategies such as Cloud Overlap
Estimation (Section 4.7.3) and Relative Uncertainty Estimation (Section 4.9). In
particular the green submap in the Quad area was created as a rigid fusion of
several submaps after multiple loop closures were established. As shown in
the birds-eye view next to the mesh representation, this submap contains scans
taken both in the Quad and the Tunnel. These scans have limited overlap with
one another and thus registration between them is unreliable. This led to a
duplicate reconstruction of the indicated wall of the Quad.

By applying the proposed Principled Clustering strategies, the reconstruc-
tion’s consistency is improved as shown in Fig. 4.17 (b). The Cloud Overlap
Estimate strategy (Section 4.7.3) makes better decisions when the handheld de-
vice travels between the Quad and the Tunnel — maintaining elastic connections
between these two spaces in the global reconstruction. The measurement of rel-
ative uncertainty (Section 4.9) also rejects unreliable submap fusions. The global
volumetric map and the submap mesh both demonstrate improved accuracy

in surface alignment.
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Figure 4.18: Exp 4.10.2 — The comparison between (a) the ground truth map of NCD
Long experiment and each reconstruction created by (b) the baseline, (c) the proposed
SE-Atlas without motion aware LiDAR integration and (d) the proposed SE-Atlas with
motion aware LiIDAR integration. Colours indicate point-to-point distances (P2P dist)
between each reconstruction and the ground truth, and the distributions are also presented
beside the colour bar.

The two submap reconstructions presented in Fig. 4.17 were also compared
with the ground truth point cloud provided in the dataset [14]. I used
CloudCompare! to sample dense point clouds from both meshes, align the
reconstructed point clouds with the ground truth, and compute the
point-to-point distance error between them. I include both the result with and
without the motion aware LiDAR integration module (Section 4.5.3). The
results of a quantitative evaluation are presented in Fig. 4.18, together with the
average point-to-point error of each reconstruction.

In Fig. 4.18 (b), though for about 90% of the points the error is less than 50 cm,

misaligned surfaces created by the baseline method resulted in highly erroneous

thttps:/ /www.danielgm.net/cc/
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Figure 4.19: Exp 4.10.6 — The volumetric submap reconstructions of each floor of ORI
(Left: first; Middle: ground; Right: basement), with each room segmented into unique
submaps by the proposed system on the fly during exploration.

(>1m) points behind existing ones, which are coloured yellow according to
the colour map. With Principled Clustering strategies, the proposed system
improved surface alignment and in turn the average point-to-point distance
error (Fig. 4.18 (c)).

By adding the motion aware LiDAR integration module, the accuracy of the
reconstruction is further improved, as presented in Fig. 4.18 (d). The floor is
better aligned with the ground truth, and more points have <5cm error. An
ablation study has also been conducted to further assess the effect of each in-
dividual Principled Clustering strategy of SE-Atlas on reconstruction accuracy.

Results of this ablation study are presented in Section 4.11.

4.10.6 Multi-storey Multi-room Indoor Exploration

In the multi-storey multi-room ORI experiment, a quadruped robot Spot ex-
plored three floors of a typical university research lab (Fig. 2.5 and Fig. 4.2).
Mounted on the Spot was a copy of the Frontier multi-sensor payload containing
an Ouster OS0-64 and an Intel Realsense D435i RGB-D camera. Fig. 4.19 shows
the reconstructions of every floor in the building.

New submaps were spawned when the robot entered or exited rooms when
the proposed system detected a decrease in cloud overlap. Submap Overlap
Estimation then merged overlapping submaps in each room, creating a unique
reconstruction for each enclosed space. It further ensured that these submaps
remained independent allowing future SLAM loop closures to re-position the

room submaps as needed.
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Figure 4.20: Exp 4.10.7 — The Gazebo environments of a small (left) and a large
(right) room network for experiments in simulation.

Segmenting rooms on the fly allows real-time applications such as path plan-
ning and obstacle avoidance to consider only the submaps local to the robot
rather than the entire global reconstruction. The proposed system can thus

improve the scalability of other applications.

4.10.7 Room Networks in Simulation

To test the performance for long term operation missions, we carried out two
experiments in the Gazebo simulator with a wheel robot carrying a simulated
3D LiDAR in the environments in Fig. 4.20.

In the small room network, the mission looped around the environment three
times in both directions. As shown by the clustered poses in Fig. 4.21 (a) there is
a clear division between submaps at each doorway. Each room was constructed
with either one or two submaps — even after multiple revisits. Fig. 4.21 (b)
demonstrated an approximately 700 m exploration in a section of the large room
network. Similarly, the room in the middle only contains two major submaps
even after about 10 loops through the room taking different routes. Scans along
corridors were also fused together based on overlap and loop closures, creating
only 10 submaps in the end.

Fig. 4.22 shows that the submap count and memory usage in both simulation
experiments plateaued as the environments were repeatedly scanned. The base-

line approach in these experiments refers to SE-Atlas without Submap Overlap
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Figure 4.21: Exp 4.10.7 — The proposed system segments individual rooms and fuses
redundant submaps during simulation experiments.
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Figure 4.22: Exp 4.10.7 — The memory usage and submap counters of the proposed
system and the baseline system in simulated experiments.

Estimate, which merges submaps based only on SLAM loop closures. Overall,
the proposed method decreased the memory usage of both experiments by 50 %
compared to the baseline method even after extensive exploration and revisiting,

such as the experiment in the large room network (Fig. 4.21 (b)).
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Figure 4.23: Using the reconstruction result for path planning in an underground room
network. Green sphere - start; red sphere - end; red tree with magenta nodes - RRT*;
blue trajectory - planned path.

4.10.8 Path Planning in Underground Network

To test the MultiresOFusion pipeline of SE-Atlas on a realistic path planning ap-
plication, we collected a dataset in an underground mine in Corsham Wiltshire,
consisting of a room network hewn from the rock. The dataset was collected
with the same Frontier multi-sensor payload as in NCD, which contains an
Ouster OS1-64, but mounted on a Husky wheeled robot. I ran SE-Atlas with
6.5 cm resolution and 60 m range. The resultant occupancy map was then used
by an RRT* [31] path planner to compute the shortest collision free path between
two locations. The result is presented in Fig. 4.23: the volumetric reconstruction
is highly detailed, giving clear definition even in narrow doorways and corri-
dors. This allowed the path planner to find the optimal path to the goal despite

obstacles such a support pillars.
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4.11 Ablation Study on SE-Atlas Reconstruction
Accuracy

Expanding upon the results shown in Section 4.10.5, this section presents the
effect of each proposed SE-Atlas Principled Clustering strategy on reconstruc-
tion accuracy using the NCD Long experiment [14]. The results of this ablation
study are demonstrated in Table 4.2, comparing the reconstructions created by

SE-Atlas using the following configurations:
+ Baseline — No Principled Clustering strategies have been implemented.

« With Cloud Overlap Estimate — Only the Cloud Overlap Estimate strategy

(Section 4.7.3) has been implemented.

« With Submap Overlap Estimate — Only the Submap Overlap Estimate
strategy (Section 4.8.2) has been implemented.

« With Both Overlap Estimate — Both the Cloud Overlap Estimate and

Submap Overlap Estimate strategies have been implemented.

« With Relative Uncertainty — All three Principled Clustering strategies, i.e.
Cloud Overlap Estimate, Submap Overlap Estimate and Relative Uncer-

tainty (Section 4.9), have been implemented.

» With Motion Aware Integration — In addition to all proposed Principled
Clustering strategies, motion aware LiDAR integration (Section 4.5.2) has

also been implemented.

From each configuration, I take the MultiresTSDF reconstruction, and apply
the Marching Cubes algorithm [129] to generate a surface mesh. Then I sample
a point cloud with 5 cm resolution from each mesh using CloudCompare. For
reconstruction accuracy evaluation, I conduct the same point-to-point distance
computation procedure as explained in Section 4.10.5, comparing each point

cloud with the NCD ground truth map shown in Fig. 4.18.
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Table 4.2: Exp 4.10.2 — An ablation study on NCD reconstruction accuracy to
demonstrate the effect of each SE-Atlas modules.

Table 4.2 demonstrates the point clouds sampled from aforementioned re-
constructions that are coloured based on point-to-point distance errors, as well
as the histograms that shows the distributions of these errors. I also compute
the mean point-to-point distance error for each point cloud. The Cloud Overlap
Estimate strategy (Section 4.7.3) leads to a significant decrease in mean distance
error from 18.5cm to 10.2 cm, because point clouds that have low point cloud
overlap and low ICP confidence will not be integrated into the assessed submap.

On the other hand, Submap Overlap Estimate strategy (Section 4.8.2) by itself
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will not drastically improve reconstruction accuracy, as demonstrated by the
reconstruction with double surfaces highlighted in yellow. The mean point-to-
point distance decreases by ~2.1 cm because more points have been fused into
the presented submap by the Submap Overlap Estimate strategy. With both
Submap Overlap Estimate and Cloud Overlap Estimate strategies implemented,
the mean distance error is 11.2 cm. The improvement is mostly the contribution
of Cloud Overlap Estimate.

By incorporating submap fusion rejection based on the proposed Relative Un-
certainty strategy (Section 4.9), the reconstruction accuracy is further improved,
and the mean distance error is decreased to 10.7cm. There is also no double
surface in the reconstruction. The Relative Uncertainty strategy rejects unreli-
able submap fusions; therefore submaps that have with low confidence and are
isolated out by the Cloud Overlap Estimate strategy will remain disconnected
from the presented submap. As explained in Section 4.10.5, combining all Prin-
cipled Clustering strategies with motion aware LiDAR integration leads to the
best reconstruction quality for SE-Atlas.

Table 4.2 also shows the effect of proposed Principled Clustering strategies
on the map completeness of the assessed submaps. Cloud Overlap Estimate
strategy results in a highly incomplete ground plane reconstruction because
tewer point clouds have been integrated into the presented reconstruction, while
Submap Overlap Estimate strategy significantly improves the completeness of
the ground plane because this strategy fuses more submaps together. Similarly,
incorporating Relative Uncertainty leads to fewer submap fusions and a less
complete ground reconstruction.

In order to quantitatively demonstrate this, I compute the point cloud cover-
age c, of each SE-Atlas reconstruction using the same equation as Eq. (3.9):

Cc, = .
P
Ngr

(4.14)

Ncr is the total number of points in the ground truth point cloud while Ng is the

number of observed points in the same ground truth point cloud. Each point
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in the ground truth map is considered observed if there exists a point in the
reconstructed point cloud within a search radius Aneighbour- In this case, Aneighbour
is defined as v/3 x Tsample ~ 8.6 cm, the diagonal distance of a 5 cm voxel. I again
used CloudCompare to compute the point-to-point distance, but this time using
the reconstruction as reference. Coverage is defined as the percentage of points
in the ground truth point cloud that have a distance error smaller than 8.6 cm.
The Baseline reconstruction and the point cloud map with only Submap
Overlap Estimate strategy have low coverage percentage because of their low
accuracy. When integrated scans are relatively accurate, Cloud Overlap Estimate
strategy leads to the lowest coverage percentage of 46.7 %; with both Submap
and Cloud Overlap Estimate strategies, the coverage percentage is increased by
~20 %. Relative Uncertainty decreases the map coverage due to submap fusion
rejection, but with motion aware LiDAR integration improving the alignment
between the SE-Atlas reconstruction and the ground truth, the eventual map

coverage reaches the highest percentage.

4.12 Conclusion

To summarise, we designed and developed an elastic and efficient reconstruc-
tion pipeline, SE-Atlas, for long-term exploration tasks in large-scale outdoor en-
vironments and complex multi-storey indoor scenarios. SE-Atlas addresses the
challenges revealed in the real-world experiments in Chapter 3, namely motion
distortion in LiDAR scans, loop closure correction towards volumetric map, and
the efficiency and scalability of large-scale high-resolution reconstructions [10].
I expanded a state-of-the-art reconstruction framework for RGB-D cameras,
supereight, to incorporate long-range LiDAR inputs by implementing new projec-
tion and noise models based on the characteristics of LIDAR. SE-Atlas therefore
leverages the multi-resolution feature of supereight to improve the efficiency of
LiDAR scan integration and map memory consumption. I further incorporated
motion-aware LiDAR integration to ensure undistorted LiDAR scans are cor-

rectly integrated into the volumetric reconstruction.
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To realise elasticity upon loop closure correction, SE-Atlas exploits submaps
that can move around to maintain global consistency, inspired by the Atlas
framework by Bosse et al. [114]. Submap creation is guided by SLAM pose
graph clustering based on a fixed trajectory distance. Additional submap spawn-
ing decisions are made based on cloud overlap evaluation, to create more elas-
tic connections in the reconstruction when the robot explores through narrow
passages, because LIDAR odometry usually has low localisation confidence in
such a scenario.

SE-Atlas also fuses submaps together based on loop closures. Submaps that
are mapping the same physical space are also fused together based on their
spatial overlap. This is to improve the memory scalability of the overall recon-
struction — SE-Atlas memory consumption scales with the size of scanned space
as opposed to the length of exploration time.

SE-Atlas has been tested against experiments in simulation and in real world
to verify these functionalities. The elasticity provided by the Atlas of submaps
allows the correction of the map upon SLAM loop closure, ensuring global con-
sistency. In terms of scan integration speed and map memory efficiency, SE-
Atlas outperforms two state-of-the-art reconstruction techniques, OctoMap [137]
and Voxgraph [5], in large-scale outdoor experiments such as NCD [14] and
ARCHE [5]. The spatial analysis module further increases the scalability of re-
construction, as experiment results demonstrate that the memory consumption
of the map no longer grows indefinitely when the whole area of interest has been
scanned. In addition, the reconstruction accuracy is improved via cloud overlap

analysis and relative uncertainty estimation.
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This chapter describes how semantic information was incorporated into the
SE-Atlas reconstruction pipeline that has been presented in Chapter 4. An ex-
ternally developed semantic segmentation module was adapted to introduce
semantic classifications into the elastic large-scale LIDAR map explained in the
previous chapter. In order to maintain consistency of semantic labels between
overlapping submaps and camera frustums, SE-Atlas incorporates a probabilis-
tic formulation inspired by the work of McCormac et al. [179] to fuse multiple
semantic distributions together.

The motivation behind integrating semantics into SE-Atlas originates from

the limitations of the state-of-the-art semantic reconstruction technique by

150
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Gan et al. [9]. T also developed a detector which determines when the robot
transitions between indoor and outdoor environments based on semantic
segmentation results [13]. These features extended our European Conference
on Mobile Robots (ECMR) 2021 paper [12] and appeared in the Journal of
Robotics and Autonomous Systems special issue [13].

The semantic segmentation algorithm used in this pipeline is an adapted
version of the original work by Gan et al. [9]. This component is external to
SE-Atlas and is briefly explained in Section 5.3. This chapter focuses more on
the application and integration of semantic information in the reconstruction,

which is my contribution to the proposed system.

5.1 Introduction

Extending upon the online room segmentation methods presented in Chapter 4,
we further introduce strategies to improve SE-Atlas reconstruction based on se-
mantic understanding of the observed spaces, and integrate per-voxel semantic
labels into the volumetric map.

This project adapts the semantic segmentation module used in the semantic
reconstruction framework of Gan et al. [9]. One limitation in the work of Gan et
al. is in its reconstruction technique. A rigid global OctoMap [137] was main-
tained in the system proposed by Gan et al. and the main perception sensor
was a short-range RGB-D camera. This resulted in a map that is not suitable
for large-scale long-term exploration tasks that require SLAM loop closure to
maintain global map consistency.

My proposed system instead integrates per-voxel semantic information into
volumetric occupancy submaps (Chapter 4) that are created by long-range 360°
LiDAR measurements. I further leverage all cameras on a Boston Dynamics
Spot to achieve full coverage of semantics around the robot. The semantic seg-
mentation algorithm of Gan et al. [9] is applied to all cameras on board Spot to
cover as much FoV as possible. This is key for improving the navigational ca-

pabilities of mobile robots because the awareness of surrounding environments
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is significantly expanded compared to a single-camera pipeline. By integrating
this multi-sensor framework with SE-Atlas, a submap-focused reconstruction
system [11], elasticity and improved scalability are introduced into the seman-
tically annotated map.

To ensure per-voxel semantic consistency in the reconstruction, I also imple-
ment a probabilistic formulation inspired by the work of McCormac et al. [179],
to merge the semantic labels of the voxels. This addresses potentially conflicting
segmentation results across overlapping camera views as well as during fusion
among multiple submaps.

Incorporating semantic information into SE-Atlas further enables segment-
ing areas that are significantly different from one another, such as indoor and
outdoor spaces. I use the semantically labelled camera images to detect whether
the robot is in an indoor or outdoor space. The motivation behind detecting
the transition between indoor and outdoor environments originates from the
differences in reconstruction parameters between indoor and outdoor experi-
ments. For instance, in indoor scenarios reconstruction pipelines can usually
achieve high integration speed and memory scalability even with very fine res-
olution because of the size of environment, but such a setup would often be
infeasible for large-scale outdoor tasks. Instead of requiring hand-tuning for
each experiment, the proposed system can leverage semantic analysis and make
such adjustments to parameters on-the-fly as the robot traverses between indoor
and outdoor environments.

The features and contributions of the proposed semantic-based module are

the following:

« Expansion to a state-of-the-art dense semantic mapping module [9] to in-

troduce elasticity into the reconstruction for large-scale environment.

+ On-the-fly adjustment of reconstruction parameters when transiting be-

tween indoors and outdoors, based on semantic analysis.
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« A probabilistic model to maintain consistency across semantic classes from

multiple cameras and upon submap fusion.

5.2 Literature Review

In addition to spatial room segmentation explained in Chapter 4, richer seman-
tic representations of a robot’s environment can further enable better decision
making and informed navigational planning. Methods used to extract semantic
information from images can be broadly classified into two groups: (i) object
detection, where objects of interest are identified in a scene and (ii) dense per-
pixel label estimation, where class labels are estimated for every pixel of an
image. In this section, literature related to the latter category is reviewed, with
a focus on approaches using deep neural networks.

Early approaches used Fully Convolutional Network (FCN) with skip con-
nections and a coarse-to-fine hierarchy [180] and dilated convolutions to aggre-
gate multi-scale features [181]. Badrinarayanan et al. [182] introduced SegNet,
which has an encoder-decoder architecture with non-linear upsampling in the
decoder and max pooled indices in the encoder. Such a design helped improve
computational and memory efficiency. A widely used related network structure
is the UNet [183], which uses skip connections between the encoder and decoder
layers to overcome the vanishing gradients problem.

Later works in semantic segmentation further improved the performance
and learning capabilities of these networks, especially when performing
semantic segmentation on videos instead of still images. Spatio-temporal
coherence is not only a criterion to evaluate the segmentation results, but also
an additional information to incorporate into video object segmentation
tasks [184]. For instance, Wang et al. [185] proposed a technique based on
geodesic distance to avoid over-fitting and learn a more reliable and temporally
consistent saliency of superpixels in video object segmentation. Using the
learnt saliency as a prior, their formulation of pixel-wise semantic labelling is

an energy minimisation problem on a function that considers dynamic location
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models, global foreground and background models, and label smoothness
potentials. The work of Pathak et al. [186] took inspiration from the key role
that motion plays in human vision, and leveraged low-level grouping cues
based on motion estimation to improve the accuracy of segmenting objects
from frames in a video. They first applied motion-based segmentation
technique to videos to extract segments. These segments were then used to
train a CNN for video object segmentation. Recent work has also looked at
novel network architectures [187, 188] to improve efficiency and robustness. A
detailed overview of the state-of-the-art of semantic segmentation is presented
by Garg et al. [189].

Given per-pixel semantic labels, a subsequent challenge is fusing them into
a consistent map over time. This subfield of semantic mapping has been explored
in [179, 190]. More recently, Gan et al. [9] presented a probabilistic framework to
fuse multiple semantic labels to generate a continuous 3D semantic occupancy
map. While the results presented in these works are convincing, they are limited
to a single camera mounted on a mobile robot and did not consider scalability
or issues of revisiting already explored space.

There are also 3D semantic segmentation techniques designed for dense
point clouds, such as PointNet [191] and Kernel Point Convolution
(KPConv) [192]. Qi et al. [191] avoided voxelising 3D point clouds to regularise
the format, and designed a novel neural network, PointNet, that takes irregular
point clouds as inputs, respecting the permutation invariance of points. Each
point only holds its 3D coordinates and is processed identically and
independently. The key technique is a single symmetrical max pooling
operation. The system learns to select the most informative or interesting
collection of points and aggregate these learnt values into a global descriptor.
PointNet can provide a wunified architecture for object classification,
segmentation and scene parsing based on point clouds. Similarly, Hugues et
al. [192] presented KPConv that operates directly on point clouds without

intermediate representations such as voxel maps or meshes. The convolution
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] Strategy ‘ Network Initialisation ‘ Mean IoU ‘
Original [9] - 0.4
Greyscale From scratch 0.35
3-channel greyscale From scratch 0.31
3-channel greyscale ImageNet [194] 0.43

Table 5.1: Different strategies of re-training the semantic segmentation network and
their performance compared with the original method by Gan et al. [9].

weights of KPConv are in Euclidean space in the form of kernel points. The
locations of these kernel points are continuous because there are no fixed grid
convolutions, and KPConv can even be extended to deformable convolutions
that learn to adapt kernel points to local geometry.

In this project, we use 2D semantic segmentation applied to camera inputs
instead of 3D point cloud segmentation; however performing object segmenta-
tion on noisy non-uniform point clouds and creating semantic reconstructions

directly is an interesting direction for future work.

5.3 Semantic Segmentation and Transition De-
tection

The neural network in the external semantic segmentation module follows the
architecture presented in [9], but adapts the UNet with a MobileNet
backbone [193], pre-trained on the ImageNet [194] dataset and fine tuned on
the Extended NCLT dataset [195]. Representative results of the semantic
segmentation network are presented in Fig. 5.1. The network was trained only
on images of outdoor environments but estimates meaningful labels for indoor
environments - walls are classified as buildings and floor as either sidewalk or
road.

The network of Gan et al. [9] was trained on colour images, but the cam-
eras available on Boston Dynamics Spot produce greyscale images. As a re-
sult, directly deploying the network on these images yielded poor results. Sev-
eral strategies have been employed to re-train the network and evaluated their

performance, the result of which is presented in Table 5.1. The first strategy
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Indoor
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Figure 5.1: Representative images of the environment in which the robot was operated
(top row) and the corresponding results of the semantic segmentation network (bottom
row).

was to re-train the network from scratch on greyscale version of the images
of the UMich dataset [195]. The second was to create 3-channel images like
RGB cameras, and populating all channels with the same greyscale image. This
strategy again trains the network from scratch. These two approaches did not
yield good results, likely because pre-trained ImageNet [194] weights were not
leveraged. The third strategy was to create the same 3-channel image as in the
second strategy, but use ImageNet pre-training to warm start the training of the
network. This improved the performance over the original work of Gan et al. [9].

In SE-Atlas, I use the semantically-labelled images to detect transitions of
the mobile robot between indoor and outdoor environments. A high-level de-
scription of the algorithm is presented in Alg. 3. I first categorise all semantic
labels into whether they are typically and distinctly outdoor or not. Class labels
such as vegetation, grass, water, terrain etc. belong to the former category. I

analyse the distribution of these predicted outdoor labels in the images. For each
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Algorithm 3: Indoor/outdoor State Detection.

1 input:
The semantic information in the latest image Ijew,
The latest LIDAR point cloud Cey,
The number of consecutive frames that have been classified as outdoor Nyutdoor,
The number of consecutive frames that have been classified as indoor Niydoor,
Previous indoor/outdoor state of the robot is_outdoor,

2 output:
Indoor/outdoor state of the robot is_outdoor,

3 parameters:
The percentage threshold of pixels with outdoor labels Agemantic,
The distance threshold for LIDAR measurements to be large-scale djarge-scale;
The percentage threshold of LIDAR measurements being large-scale Arange,
The threshold for the number of consecutive frames Aframes

4 begin

5 Find Routdoor-semantics, the percentage of pixels in Iy with outdoor labels
6 15__outdoor__semantics = {Routdoor—semantics > )\semantic}

7 Find Rjarge-scale; the percentage of range measurements diigar > diarge-scale

based on Ci ey
is_outdoor_range = { Rjarge-scale > Arange }
if is_outdoor__semantics AND is_outdoor_range then

10 Noutdoor + +

11 Nindoor =0

12 else

13 Noutdoor =0

14 Nindoor + +

15 end if

16 if is_outdoor = FALSE AND Niyidoor > Aframe then

17 ‘ 1s_outdoor = TRUE

18 else if is_outdoor = TRUE AND Nj,400r > Aframe then
19 ‘ 1s_outdoor = FALSE

20 else

21 ‘ Keep is_ outdoor unchanged

22 end if

23 return 7s__outdoor
24 end

image, I compute the percentage of pixels with outdoor labels R,utdoor-semantics
amongst the whole image to detect whether the robot platform is indoor or
outdoor. The proposed system further considers LiDAR range measurements
when making this decision. If the percentage of outdoor labels is consistently
larger than an empirically determined threshold (Asemantic = 20 %) and there are

long range LiDAR returns (dlidar > dlarge-scalea dlarge-scale =30 m) more than a certain
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percentage (Arange = 5 %) for a set of successive frames (Agames = ), the robot is
considered to be outdoors. Leveraging LiDAR data makes the system robust
to occasional incorrect predictions by the segmentation network because the
semantic segmentation algorithm has only been trained using outdoor scenes
but no indoor scenes. An ablation study on how semantics and LiDAR range
measurements individually affect the detection of indoor/outdoor state is fur-

ther presented in Section 5.7.

5.4 360° Horizontal Coverage of Semantic Anno-
tation Using a Multi-Camera Setup

The large-scale LiDAR reconstruction of SE-Atlas, as explained in Chapter 4,
leverages the 360° horizontal FoV of our LiDAR sensors, and is capable of
creating a relatively complete map of an environment just from one single
LiDAR scan. Compared to LiDARs, RGB-D cameras have a significantly
smaller horizontal FoV. I therefore incorporate all 6 cameras on the robot
platform in presented experiments (Boston Dynamics Spot) in addition to the
single front-facing camera on the Frontier multi-sensor rig (Section 2.7.2),
covering the full 360° horizontally. Fig. 5.2 provides a visualisation of
multi-camera setup on the robot and the frustums of all cameras. Dense
per-pixel semantic labels are predicted for each camera image using a deep
neural network explained in Section 5.3.

When the robot is exploring outdoor environments, the proposed system
determines which submap each camera image belongs to based on image times-
tamp, and integrates semantic information from each frame into its correspond-
ing submap. To integrate semantic labels into the dense 3D reconstruction cre-
ated from LiDAR, the proposed system iterates through voxels in each submap,
and by using the tracked camera pose of j™ view MTy, transforms the coordi-
nate of a voxel Mp € R? into the camera’s frame to compute a pixel coordinate

-1 . . . .
Pjp =T (M ij Mp), where 7 represents the camera’s projection operation using
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Figure 5.2: The frustums of all the cameras used in our semantic experiments, with one
front-facing camera belonging to the Frontier multi-sensor rig and 6 cameras on-board
the Boston Dynamics Spot (Section 2.7.2). In the front of the robot, there are two
forward-facing cameras inclined towards to the ground, and one camera on Frontier
(Section 2.7.2). The left, right and back side of the robot each has one camera as well.

its intrinsic matrix. The pixel coordinate p;, will then result in a categorical dis-
tribution representing the probability of this pixel belonging to a semantic class.
This distribution is then stored in the voxel if this voxel has not yet been labelled
by any semantic classes, or used to update the existing distribution in the voxel.

Submaps that are created when the robot is indoors have their voxels all

given the indoor class label.

5.5 Probabilistic Fusion of Semantic Labels

The formulation to update per-voxel semantic probability distributions is as
follows. Let I; denote all the semantic information in the image of j view, each
pixel p contains a probability distribution across all M class labels P(Z, = [,,,|I;).
I use the recursive Bayesian model presented in [179] to update the probabilistic

distribution within a voxel at coordinate p:

1
P(lm|o...;) = = Pln[Yo...j-1)P(Zp,, = lnlLs), (5.1)
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where «a is a normalising factor.

For each new semantically segmented image input into the proposed
system, each voxel will receive at most one update to the probability
distribution stored in it, and multiple voxels can be labelled with the same
image pixel. However, Fig. 5.2 demonstrates that the cameras used in semantic
segmentation have overlapping frustums. As the robot continues its mapping
operation, images streaming from even a single camera also overlap each other.
Eq. (6.1) provides a mathematically sound model to continuously update the
probability distribution in each voxel, and to address any conflicting labelling
from different observations. In addition, upon loop closure and submap fusion,
different distributions in overlapping voxels from multiple submaps are
resolved using the same model. The computational complexity of this
operation is O (M - Nyiew Noccupied> for a submap associated with Ny, camera

views that contains Noccupied Occupied voxels.

5.6 Experiments

To demonstrate semantically annotated mapping, an experiment was conducted
with the robot traversing from indoors to an outdoor environment through mul-
tiple storeys and rooms. The robotic platform used in this experiment is a Boston
Dynamics Spot carrying the Frontier multi-sensor rig (Fig. 4.13). The LiDAR
sensor on the Frontier multi-sensor rig is an Ouster OS0-64 LiDAR, with 90°
vertical FoV and 360° horizontal FoV. Its maximum sensing range is 50 m.

Due to the limitations in the original work of Gan et al. [9], i.e. rigidity
in the reconstruction and small scale of the map, this experiment focused on
demonstrating the contributions of incorporating semantics into SE-Atlas, an
efficient and elastic reconstruction pipeline. Therefore, the goals of this exper-

iment were two-fold:

« semantically labelling the large-scale high-resolution LiDAR reconstruc-

tion of SE-Atlas that corrects itself upon loop closure,
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Indoor

Figure 5.3: Exp 5.6 — Environment Classification: Parts of the constructed map that
are classified as indoors (bottom right) are coloured in grey and parts of the map that
are outdoors are coloured by their semantic labels. Lengths of the submaps (number of
nodes) are also different between the two regions.

« using the predicted semantic labels to determine the indoor/outdoor state

and adjusting reconstruction parameters on-the-fly.

Semantic classes such as vegetation, grass, water and terrain are characteris-
tic of outdoor environments. Using the distribution of predicted labels in each
image, I computed the percentage of labels belonging to such outdoor classes.
This is further combined with LiDAR range measurements to determine if the
robot was indoors or outdoors at a given time. Alg. 3 provides a more detailed
explanation on the indoor/outdoor detection process. Relying on LiDAR data
makes the system robust to occasional incorrect predictions by the segmentation
network. While this could have been done in a more involved way, for instance
by retraining the semantic segmentation network using both indoor and out-
door scenes, I found that this simple approach worked well in our experiments.
An ablation study on the effect of semantics and LiDAR range is presented
in Section 5.7.

Results of this experiment are shown in Fig. 5.3, where parts of the map that
are determined to be indoors are coloured in grey and parts of the map that are
outdoors are coloured using the semantic labels.

Fig. 5.4 demonstrates the elasticity granted by submaps. Fig. 5.4 (a) shows
the semantically annotated LiDAR reconstruction before SLAM loop closure.

The enlarged view highlights a misalignment of the facade of a building, labelled
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(a) Before

Figure 5.4: Exp 5.6 — Drift correction: (a) — the semantically annotated LiDAR
reconstruction with building misalignment (orange) before loop closure; (b) — the elastic
reconstruction after loop closure correcting the SLAM pose graph.

as orange voxels. In Fig. 5.4 (b), SLAM loop closure corrected the pose graph,
which in turn realigned the walls in the zoomed-in view.

In addition, SE-Atlas used the semantic understanding of the environment
to alter the odometry trajectory distance threshold Ayqom used in pose graph
clustering to spawn submaps — 5m for indoors and 8m for outdoors. This
helps reduce the memory required in larger environments.

Fig. 5.5 presents the quantitative evaluation of reconstruction accuracy using
the same method as the one described in Section 4.10.5. The average point-to-
point distance error is 5.4 cm, with the most accurate points around the ground
and the lower floors of buildings. For the robot to scan at these upper floors of
the building, it must do so from further away, which causes there to be slightly
higher error — around 10 cm. The highest errors (>50 cm, coloured yellow) are

the dynamic objects in the scene, e.g. the robot operator.

5.7 Ablation Study on Indoor-Outdoor Detection

This section demonstrates the effect of semantics and LiDAR range measure-
ments separately on the detection of indoor/outdoor state. I isolated the de-

cisions made by each component, and based the transition detection module



5. Semantic Analysis in Large-Scale Multi-Sensor Reconstruction 143

0.500

0.438
0.375
0313
0.250
0.188
0.125

0.063

MEAN: 5.4cm 459

"
Proposed ’ 2P dist (m)

Figure 5.5: Exp 5.6 — Reconstruction of the proposed system (b) compared with the
ground truth (a).

(Alg. 3) on either criterion individually. The qualitative experiment results are
presented in Fig. 5.6.

The ablation study results suggest that neither the current employed seman-
tic segmentation algorithm [9] nor LiDAR range measurements can provide
the desired solution for detecting the indoor/outdoor state. On one hand, Li-
DAR range measurements only reflect whether the robot is in a small-scale en-
vironment without any semantic understanding; therefore when the robot is
traversing through narrow passages, basing indoor/outdoor state detection on
LiDAR range measurements will most likely categorise the environment as in-
door. Fig. 5.6 (b) highlights this behaviour using blue rectangles. On the other
hand, solely relying the detection of outdoor environments on the current se-
mantic segmentation results is also unreliable, as demonstrated in Fig. 5.6 (a).
This is because the current semantic segmentation module is not trained to cor-
rectly identify indoor objects. If a significant proportion of the camera view
is constantly labelled as outdoor for a few consecutive frames (as explained
in Section 5.3), SE-Atlas will classify the environment as outdoor. Therefore
in the proposed system, I combined both criteria to achieve a more reliable
indoor/outdoor state detector.

With a tailored semantic segmentation algorithm, it is possible to rely purely
on semantic information to determine whether the robot is indoor or outdoor.
While LiDAR range measurements are relevant to submap spawning parame-

ters such as the odometry trajectory distance threshold Aogom used in pose graph
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Figure 5.6: Exp 5.6 — Comparison between the reconstruction classified as outdoor
using only semantics (a) and that using only LiDAR range measurements (b). Only
using semantics leads to indoor environments being miss-classified as outdoor (highlighted
using red rectangle), while only using LiDAR range miss-classifies narrow outdoor paths
as indoor (highlighted using blue rectangles).

clustering, they are not necessarily representing nature of the surroundings. In

an improved pipeline, these two criteria should be separated from each other.

5.8 Conclusion

This chapter explains the features in SE-Atlas that leverage semantic informa-
tion, namely the detection of transition between indoor and outdoor environ-
ments and the integration of semantic classes into elastic large-scale LiDAR
reconstruction.

The semantic segmentation system is external to SE-Atlas and is inspired by

the work of Gan et al. [9]. The original semantic reconstruction framework of
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Gan et al. cannot correctly process SLAM loop closures, or efficiently map large-
scale environments. These are the limitations of their reconstruction technique.
I therefore integrate semantic information from the work of Gan et al. [9] into
the elastic large-scale LIDAR reconstruction to address these limitations.

I then use the recursive Bayesian model presented by McCormac et al. [179]
to ensure probabilistic consistency across semantic classes when multiple
sources of semantic information are fused together, such as from multiple
cameras or multiple submaps.

I further evaluate the ratio of outdoor labels in camera views based on seman-
tic segmentation results to determine the type of environment that the robot is
in, and adjust reconstruction parameters accordingly on the fly.

These SE-Atlas features have been demonstrated in real-world experiments.
Semantic information is integrated into the large-scale LiIDAR reconstruction of
SE-Atlas to create an elastic dense semantic map. The recursive Bayesian model
tuses distributions of semantics across multiple sources, such as overlapping
submaps and cameras, to ensure consistency of semantic classes in the overall
reconstruction. The odometry trajectory threshold for submap spawning is ad-
justed online as the robot transits between indoor and outdoor environments.

One of the limitations of the proposed SE-Atlas system is that the
indoor/outdoor detection process relies on LiDAR range measurements to be
robust against incorrect semantic segmentation results. This can be addressed
by retraining the semantic segmentation network with both indoor and
outdoor scenes and improving its reliability. Using a tailored semantic
segmentation algorithm will allow these two criteria to be separated from each
other, and LiDAR range measurements can be treated as a light-weight

representation for the scale of the environment instead.



Conclusions

To summarise, I designed and developed supereight Atlas (SE-Atlas), a multi-
resolution elastic reconstruction pipeline for long-range LiDAR scans in large-
scale environments and long-term explorations. The motivations behind this
DPhil project are the challenges posed by international competitions such as the
DARPA SubT Challenge [19], such as navigation through complex and unstruc-
tured scenarios as well as efficient and accurate large-scale reconstruction.

I first built an active mapping framework and assessed it within a realistic
unstructured industrial setting. real-world experiments revealed several lim-
itations of conventional reconstruction methods such as OctoMap [137]. For
instance, long-range LiDAR scans require a highly efficient pipeline to be in-
tegrated at high resolution, and large-scale environments and long-term explo-
ration tasks demand improved memory scalability. In addition, a global volu-
metric or surface mesh reconstruction using conventional techniques often can-
not account for SLAM loop closures and corrections. Inaccurate reconstruction
due to motion distortion was also observed in the active mapping results of
our initial system.

SE-Atlas is therefore proposed after a collaboration between the Dynamic
Robot Systems (DRS) at University of Oxford and Smart Robotics Lab (SRL) at
Imperial College London (ICL). The proposed system is an elastic and efficient
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LiDAR reconstruction pipeline for large-scale environments and long-term ex-
ploration tasks. At its core, SE-Atlas uses supereight [50], a multi-resolution
reconstruction pipeline for RGB-D cameras. I adapted supereight to integrate
LiDAR measurements by introducing new projection and noise models more
suitable for LiDAR. SE-Atlas outperforms state-of-the-art reconstruction tech-
niques, such as Voxgraph [5], in scan integration speed and memory efficiency
during long-range high-resolution mapping operations using real-world out-
door datasets [5, 14].

The proposed system is connected with external odometry and SLAM mod-
ules. By clustering the nodes of a SLAM pose graph based on travel distance, SE-
Atlas integrates LIDAR scans into local submaps instead of maintaining a global
reconstruction. Each submap is associated with a node in the SLAM pose graph.
Upon loop closure, the SLAM system corrects the pose graph, and the pro-
posed system corrects the poses of submaps accordingly as well. Furthermore,
submaps around the head and tail of the closed loop is further fused together to
reduce the spatial overlap among submaps and improve system scalability.

I then introduced additional submap spawning and fusion criterion, which
are referred to as "Principled Clustering" strategies, based on spatial overlap
analysis. SE-Atlas creates a new submap when the overlap between point
clouds is too low, because this means low confidence in ICP localisation results.
This also functions as an online room segmentation module, creating
individual submaps when the robot traverses through a narrow doorway. The
spatial overlap between submaps further improves the memory scalability of
the proposed system, as SE-Atlas fuses submaps that share significant spatial
overlap between each other after loop closure corrections. We also derived a
formulation to measure relative uncertainties between poses in a SLAM pose
graph, based on the work of Mangelson et al. [7] and using the notation of
GTSAM [8]. The estimated relative uncertainty is used to reject unreliable
submap fusions till the confidence is high enough. When assessed using Newer

College Dataset (NCD) experiments, these principled clustering strategies were
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demonstrated to improve the accuracy and scalability of the overall
reconstruction.

I further applied an external semantic segmentation algorithm [9] to multiple
RGB-D cameras on the robot to detect the transition between indoor and outdoor
environments. I integrated semantic information into voxels in the volumetric
LiDAR map of SE-Atlas to achieve large-scale high-resolution elastic reconstruc-
tions, addressing the shortcomings of the original semantic reconstruction sys-
tem proposed by Gan et al. [9]. To ensure consistency between semantic classes
in each voxel, I relied on a recursive Bayesian model inspired by the work of
McCormac et al. [179]. This formulation addresses potential conflicts among
semantic classes within each voxel among overlapping camera frustums and
upon submap fusions.

The efficiency of scan integration in large-scale environments, the scalabil-
ity of map memory consumption in long-term explorations, and the accuracy
of reconstruction are assessed using both simulated and real-world datasets.
We also demonstrated the results of annotating the LiDAR reconstruction with
semantic information in a real-world experiment. Last but not least, I tested
the capability of using SE-Atlas occupancy map for path planning purposes
with a sequence collected in an underground mineshaft. The high-resolution
reconstruction allowed the path planner to navigate through narrow doorways
and corridors that pose challenges in such scenarios similar to the DARPA SubT

Challenge [19].

6.1 Future Works

This section discusses several directions of further explorations and improve-

ments for SE-Atlas.

6.1.1 Active Mapping and Planning

A continuation of this DPhil work is building an active mapping and planning

application around the submap-based multi-resolution reconstructions which
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can take on a similar iterative and incremental structure as the system
presented in Chapter 3.

This active mapping and planning system can leverage the MultiresOFusion
pipeline of SE-Atlas and solve the NBV problem based on Information Gain and
voxel entropy. The adaptative voxel resolution in a volumetric map created by
SE-Atlas can be further exploited for efficiently checking the validity of robot
poses. Instead of densely modelling the robot with the highest voxel resolution,
the multi-resolution map allows for downsampling voxels inside the robot, de-
creasing the number of per-voxel occupancy queries when checking the safety
of any robot poses. We can therefore model the robot using a more accurate
representation than a sphere. For example, the Boston Dynamics Spot has a
long and slim base, and modelling it accordingly instead of assuming a spherical
shape can better leverage the robot’s shape and heading when planning paths
through narrow doorways in complex environments.

On the other hand, having a collection of submaps in place of a global
reconstruction can present some complications for any occupancy probability
lookup, including both Information Gain computation and path planning.
Multiple queries across overlapping submaps will be required for checking the
occupancy at only one position. A similar problem is discussed by Ho et
al. [138] and Sodhi et al. [139]. Instead of merging submaps together for query
like the work of Ho et al. as such a process will be extremely time consuming in
large-scale environments, we can use bounding boxes of each submap to
choose which submap to look up voxel occupancy in and effectively decrease
the number of queries needed. In addition, Submap Overlap Estimation and
fusion in SE-Atlas usually lead to one submap per isolated space, which should

also make the occupancy query more feasible.

6.1.2 Improvement in Real-time Feasibility

To make SE-Atlas more feasible for any real-time robotic applications, we can

turther improve the speed of SE-Atlas, such as via multi-threading different com-
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ponents. For instance, the process of Submap Overlap Estimation and fusion is
relatively time-consuming compared to scan integration, especially when the
detected SLAM loop closure is large. In the current SE-Atlas, this is alleviated
via multi-threaded scan integration so submap fusion does not lead to skipping
new scans. Launching the fusion process in a separate thread can further mit-
igate its impact.

The motion-aware LiDAR integration is a module that can be easily paral-
lelised, as each search consists only of arithmetic processes and does not alter
any already stored data. This can further improve the speed of scan integration

for any outdoor large-scale explorations.

6.1.3 Improvement in Semantic Segmentation

As part of the future work, we plan to improve the accuracy of the semantic
annotation in the LIDAR map, especially around the boundary of objects. Cali-
bration and synchronisation between LiDAR and multiple cameras can benefit
the direct projection of measurements between them. Frame-to-frame alignment
across camera measurements can also reduce the impact of robot’s motion to
semantic segmentation.

As discusses in Section 5.2, 3D semantic segmentation based on point
clouds [191, 192] is an alternative to the vision-based algorithm [9] employed in
the current pipeline. Using point cloud-based segmentation algorithms can
directly integrate semantic labels into the volumetric map, avoiding some
aforementioned problems.

Furthermore, we would like to expand the capability of our semantic segmen-
tation module. In particular, indoor semantic labelling can assist robot’s explo-
ration and planning, such as autonomously inferring floor plans from a multi-
storey reconstruction and enabling high-level path planning between floors. We
can further leverage semantic information to detect and isolate objects of interest
from background and obstacles for active mapping and planning systems in

complex environments.
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