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Abstract

The inspection and maintenance of civil infrastructure are essential for ensuring pub-
lic safety, minimizing economic losses, and extending the lifespan of critical assets such as
bridges and parking garages. Traditional inspection methods rely heavily on manual visual
assessments, which are often subjective, labor-intensive, and inconsistent. These limita-
tions have driven the development of robotic-aided inspection techniques that leverage
mobile robotics, sensor fusion, computer vision, and machine learning to enhance inspec-
tion efficiency and accuracy.

Despite advancements in robotic-aided inspection, existing works often focus on isolated
components of the inspection process—such as improving data collection or automating
defect detection—without providing a complete end-to-end solution. Many approaches uti-
lize robotics to capture 2D images for inspection, but these lack spatial context, making it
difficult to accurately locate, quantify, and track defects over multiple inspections. Other
works extend this by detecting defects within images; however, without a robust 3D rep-
resentation, defects cannot be precisely geolocated or measured in real-world dimensions,
limiting their utility for long-term monitoring. While some studies explore 3D mapping
for inspection, the majority rely on image-only Structure-from-Motion, which is known to
be unreliable for generating dense and accurate maps, or are restricted to mapping along
2D surfaces, thereby failing to capture the full complexity of infrastructure assets.

This thesis introduces a novel SLAM (Simultaneous Localization and Mapping)-centric
framework for robotic infrastructure inspection, addressing these limitations by integrating
lidar, cameras, and inertial measurement units (IMUs) into a mobile robotic platform. This
system enables precise and repeatable localization, 3D mapping, and automated inspection
of infrastructure assets.

Three key challenges that hinder the development of a practical SLAM-centric inspec-
tion system are identified and addressed in this work. The first challenge pertains to the
design and implementation of SLAM-centric robotic systems. This thesis demonstrates how
sensor selection and configuration can be optimized to simultaneously support both high-
accuracy SLAM and high-quality inspection data collection. Additionally, it establishes
a robotic platform-agnostic design, allowing for flexibility across different infrastructure
inspection applications. The second challenge involves precise and reliable calibration of
camera-lidar systems, particularly when sensors have non-overlapping fields of view as is
the case with the proposed inspection systems. To address this, a novel target-based ex-
trinsic calibration technique is developed, leveraging a motion capture system to achieve
high-precision calibration across both sensing modalities. This ensures accurate sensor
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fusion, yielding geometrically consistent inspection outputs. The third challenge is the
development of a complete end-to-end inspection methodology. This research implements
state-of-the-art online camera-lidar-IMU SLAM, with an added offline refinement process
and a decoupled mapping framework. This approach enables the generation of high-quality
3D maps that are specifically tailored for infrastructure inspection by prioritizing accuracy,
density, and low noise in the map. Machine learning-based defect detection is then inte-
grated into the pipeline, coupled with a novel 3D map labeling method that transfers visual
and defect information onto the 3D inspection map. Finally, an automated defect quan-
tification and tracking system is introduced, allowing for defects to be monitored across
multiple inspection cycles—completing the full end-to-end inspection workflow.

The proposed SLAM-centric inspection system is validated through extensive real-world
experiments on infrastructure assets, including a bridge and a parking garage. Results
demonstrate that the system generates highly accurate, repeatable, and metrically consis-
tent inspection data, significantly improving upon traditional manual inspection methods.
By enabling automated defect detection, precise localization, and long-term defect track-
ing within a robust 3D mapping framework, this research represents a paradigm shift in
infrastructure assessment—transitioning from qualitative visual inspections to scalable,
data-driven, and quantitative condition monitoring.

Ultimately, this thesis advances the field of robotic infrastructure inspection by pre-
senting a comprehensive SLAM-centric framework that integrates state-of-the-art sensing,
calibration, and mapping techniques. The findings have broad implications for the future
of automated infrastructure management, providing a foundation for intelligent inspec-
tion systems that can enhance the efficiency, reliability, and safety of civil infrastructure
maintenance worldwide.
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Chapter 1

Introduction

In the context of civil engineering, one of the major �nancial burdens to society is that
of infrastructure construction and maintenance. Naturally, this component of the indus-
try has begun to adopt new technologies such as machine learning, computer vision, and
robotics technologies in an attempt to greatly improve e�ciency and save society signi�-
cant cost burdens while also improving safety. To properly maintain infrastructure, regular
and high-quality inspections are a key requirement enabling e�ective planning. As a re-
sult, academia and industry have been focusing a great deal of e�ort on technological
advancements targeting inspection tasks.

The overarching goal of this thesis is to study the potential for using mobile robotics
for visual inspection of infrastructure. Elaborating on this goal, the term mobile robotics
in this work encompasses all technologies that enable the functionality of a mobile robotic
system, including computer vision, image processing, machine learning, state estimation,
control, and others. The focus will be on the applicability of these technologies for au-
tomating visual inspection of infrastructure to improve e�ciency, accuracy, and safety
compared to standard practice. The term infrastructure refers to any physical structure
or facility required for the operation of society; however, the majority of the tests will
focus on bridges and parking garages, as these public infrastructure components are easy
to access and are highly susceptible to deterioration due to their exposure to the outside
environment.

More speci�cally, this thesis proposes a novel approach to this problem space by intro-
ducing the concept of Simultaneous Localization and Mapping (SLAM)-centric infrastruc-
ture inspection. The proposed SLAM-centric infrastructure inspection approach designs
the robotic platform and accompanying algorithms around the use of multi-sensor fusion
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for precise robot tracking and 3D map generation. This type of system has the potential
to solve many of the problems with existing robotic-aided inspection works, but it also
presents many new challenges that need to be addressed. All of these issues are discussed,
and novel solutions are presented, demonstrating the viability of such a system End-to-End
(E2E).

The main contribution of this thesis occurs at the system level and solves many short-
comings that exist today with robotic infrastructure inspection technologies. In addition,
the proposed slam-centric system also surfaces unique new problems and highlights the
impact of existing problems related to robot-aided inspection. For example, selecting and
integrating sensors to enable precise and robust SLAM while also generating the required
data to extract important inspection information is a challenge addressed in Chapter 3.
Such systems also often have unique con�gurations and non-overlapping Field of View
(FOV)s1 that are a challenge to calibrate precisely and reliably, which is addressed in
Chapter 4. Lastly, the problem of how to best use SLAM outputs for generating maps
tailored to inspection is covered in Chapter 5, as well as the challenges associated with de-
tecting defects and properly combining these with 3D maps to quantify and track defects
is another major challenge also addressed in Chapter 5. During each of these chapters,
this thesis introduces and validates several new algorithmic contributions aimed at solving
these problems.

1.1 Motivation

Government agencies around the world invest large proportions of their spending on con-
structing new and maintaining existing infrastructure. The cost burden resulting from
these investments is rapidly increasing and becoming unsustainable as a result of growing
infrastructure needs, as well as the deterioration of existing infrastructure. The McKinsey
Global Institute (McKinsey) estimated that $57 trillion in infrastructure investment will be
required worldwide between 2013 and 2030 just to keep up with projected Gross Domestic
Product (GDP), which is approximately 60% more than the previous 18 years [58]. Shock-
ingly, this number excludes the costs of addressing the signi�cant backlogs and de�ciencies
in the maintenance of the existing infrastructure. In fact, McKinsey estimates that this
$57 trillion would not be su�cient to address these backlogs. Recently, the Biden-Harris
administration has passed a historic$400 billion investment in infrastructure maintenance,
recognizing the severity of the infrastructure state in the United States.

1FOV is the observable area that a sensor can capture, usually depicted by horizontal and vertical
angles.
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Bridges are of particularly high concern due to the number of bridges approaching or
exceeding their design life and the risk associated with their failure. In the last few years,
there have been at least �ve major bridge disasters, including two footbridges in 2017
in Germiston, South Africa, and Prague, Czech Republic, the 2018 fatal collapse of the
Morandi Bridge in Genoa, Italy, the 2020 Albiano Magra Bridge in Italy [95], and the 2022
Fern Hollow Bridge in Pittsburgh, Pennsylvania. According to the American Society of
Civil Engineers (ASCE) 2021 American Infrastructure Report Card [7], there are 617,000
bridges across the USA, where approximately 42% are at least 50 years old. Of these
bridges, 7.5% (46,156) are considered structurally de�cient, resulting in a backlog of$125
billion in bridge repair. At the current investment rate in bridge repair, it was estimated
that it will take until 2071 to make all current necessary repairs [7]. Similarly, in Canada,
12.4% of bridges (9,661) are rated as being in very poor condition2 or poor condition3,
with 26.3% in fair condition4 [25].

Due to the sheer number of aging bridges worldwide and the safety risks associated
with their failure, bridges are subjected to stringent inspection requirements through stan-
dards. Such standards provide guidance to trained inspectors on how to inspect structures
using various techniques ranging from visual inspections to specialized inspections using
equipment such as radar or ultrasound. Many jurisdictions (e.g., Ontario) require visual in-
spections to be performed every 2 years for all bridges with a minimum speci�ed span [98],
and more detailed inspections are undertaken as warranted by the condition. As a result of
the systematic inspection procedures laid out for bridge inspection, these same inspection
practices are often translated to many other types of infrastructure that also bene�t from
regular inspection.

This thesis generally restricts discussion to visual inspection of concrete structures.
Contact-based inspections are also required in some cases during routine inspections. Ex-
amples include hammer sounding for delamination detection, electrical resistivity testing,
or even core sampling. Furthermore, other structure types have additional visual defects
that need to be assessed, including hairline cracks in steel or corrosion. Since concrete
structures make up a large portion of physical infrastructure, and visual defect assessment
represents an important element of these inspections, this thesis focuses on improving this

2very poor condition: The asset is un�t for sustained service. It is near or beyond its expected service
life and shows widespread signs of advanced deterioration. Some assets may be unusable.

3poor condition: There is an increasing potential for its condition to a�ect the service it provides. The
asset is approaching the end of its service life, the condition is below the standard, and a large portion of
the system exhibits signi�cant deterioration.

4fair condition : The asset requires attention. The asset shows signs of deterioration, and some elements
exhibit de�ciencies.
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area. In the context of visual inspection of infrastructure, E2E means detecting, quantify-
ing, and tracking changes of defects.

Visual assessment to uncover material defects, performance de�ciencies, and mainte-
nance needs for infrastructure generally requires an inspector to gain good visual access
to all element locations, including the underside of supporting infrastructure. Where easy
access is not possible, specialized equipment such as boom lifts and scissor lifts are used
to gain access to all components. In the case of bridge inspection, these alternative access
tools often require temporarily closing the bridge for tra�c and require specialized training
to operate. Regardless of access issues, ensuring consistent quality, repeatability, and ob-
jectivity between inspections remains challenging with current visual inspection practices.
Missing information, lack of photographic evidence, and variation in condition ratings be-
tween inspectors are some key issues that persist with purely visual inspection methods. In
[100], condition rating variations were measured as being up to 50% between inspectors,
with only 68% of ratings lying within an acceptable deviation of 10% from the mean.

Many visual inspection shortcomings can be overcome using robotics and non-contact
sensing technologies. They not only provide a means to gain access to critical and hard-to-
reach bridge elements, e.g., the underside of bridge decks but they can also be used to make
inspections repeatable and more precise, thus eliminating variations between inspections.
By creating 3D maps in the �eld5, elements of interest can be automatically located on
the structure, which makes inspections of the same area repeatable and can also provide
precise geometric information of identi�ed defects.

In the broad context of infrastructure management, the main goal of this thesis is to ex-
plore new and improved ways to use mobile robotic platforms, including sensor modalities
and data-processing software, to enable precise and repeatable infrastructure inspection in
an automated to semi-automated fashion. By automating the process of detecting, locat-
ing, and quantifying defects, the opportunity for more advanced asset management will
emerge. This approach aims to fundamentally shift the current qualitative approach of
most infrastructure inspections to a formal quantitative approach, leading to better qual-
ity, repeatability, and reliability of inspections while providing an opportunity to develop
quantitative infrastructure condition models. Such quantitative models can be enabled by
developing quantitative features (e.g., spall volume, crack lengths) as inputs required for
probabilistic condition assessments (e.g., degradation modeling and residual life estima-
tion).

5maps: in this work, maps refer to point cloud representations, which constitute a discrete sampling
of the spatial extent of a structure in 3D. Maps represent the surfaces of the structure and can be post-
processed to construct mesh representations or even further converted into a set of parametric shapes
(usually coined as a building information model)
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This thesis argues that a SLAM-centric approach is not only a viable approach to solve
the above-stated broad goal for robot-aided infrastructure inspection, but this approach
also unlocks more capabilities for robot-aided inspection than what has been shown in the
literature to date. The majority of previous research focuses on small components of an
overall inspection system without detailing how these small components can be broadly
useful in practice. Examples of such components include building a robot speci�c for
collecting data (images or pointclouds), detecting defects in 2D images, segmenting com-
ponents or defects from pointcloud maps, etc. Very few works describe how such solutions
can be integrated into an E2E versatile inspection system. Although useful, each compo-
nent cannot be fully utilized without a method to co-locate all extracted inspection data in
3D space. All data (e.g., images, 3D lidar data, defects extracted from image or lidar data)
must be precisely combined in the 3D world, enabling full context relative to the entire
structure. This would allow inspectors to not only view such data in an easily digestible
way, but also combine it with existing 3D Building Information Modeling (BIM) models
and track changes in such data over time between subsequent inspections. Some works
have attempted to generate inspection data tied to a 3D map; however, these solutions
are far from perfect. In most cases, 3D maps are generated naively with only 2D images
using Structure from Motion which has proven to have too many challenges to produce
inspection maps reliably. In some works, multi-sensor data fusion including lidar, Inertial
Measurement Unit (IMU), and cameras are used in SLAM framework, which does generate
better maps. However, all SLAM-based inspection research uses either rudimentary SLAM
solutions or o�-the-shelf SLAM solutions with their robotic systems that were designed for
inspection, not SLAM. SLAM works, unfortunately, prioritize localization accuracy, not
map quality, which is more critical to inspection. The author is unaware of any inspection
paper that has implemented State-of-the-Art (SOTA) SLAM methodologies designed to
prioritize generating the most useful inspection maps. Furthermore, to the author's knowl-
edge, no published studies show how to design a robotic system that is jointly optimized
for collecting inspection and SLAM data. Lastly, no published studies have shown how to
tailor an E2E inspection pipeline to best use the results from a SLAM-enabled platform.
Examples of challenges from such a task that have been neglected in literature to date
include: how to best use SLAM trajectories to generate the highest quality inspection
map, how to fuse defects extracted from images with a 3D SLAM map, and how to jointly
analyze 3D data labeled with defects.

The following section describes closely related literature and presents the gap that this
thesis aims to �ll with a SLAM-centric inspection system.
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1.2 Research Landscape

This literature review aims to provide an overview of published work related to the in-
spection of infrastructure using robotics and associated technology. This includes robots
used to perform any part of infrastructure inspection, as well as algorithms generated to
process robotic-related data such as images, lidar data, etc. Chapter 3 will give a more
detailed review of robotic systems built or used for inspection, outlining the limitations of
the platforms built to date, which this thesis aims to solve. Chapter 4 will give a more
targeted review of existing calibration methods and how a gap in solutions tailored to-
wards platforms built for inspection exists. Finally, Chapter 5 gives a detailed review of
inspection systems that have been proposed, which explicitly use SLAM to help generate
inspection data. This �nal chapter demonstrates the lack of an E2E system designed from
the ground up to produce inspection results in a SLAM-enabled framework.

Robotic inspection platforms can be divided into three general classes: ground (Un-
crewed Ground Vehicle (UGV)), aerial (Uncrewed Aerial Vehicle (UAV)), and marine
robots (Uncrewed Surface Vessel (USV) or Uncrewed Underwater Vessel (UUV)) [4].
Ground robots are among the most popular choices for inspection devices [4]. These
robots can be sub-classi�ed into wheeled, legged, and climbing robots. Aerial robots are
also a popular choice since they have very few accessibility limitations. Since this thesis
focuses on visual inspection of above-ground infrastructure, discussions on UUVs will be
neglected.

A common approach to using robots for inspection is to rely on their mobility to enable
data collection in areas that are usually di�cult to access by humans. The typical examples
of such systems are UAVs and climbing robots. In the case of UAVs for collecting data,
they are usually equipped with visible and/or infrared spectrum cameras. These UAVs are
used to collect close-up images of hard-to-access areas of a structure [48, 164, 99, 39, 127].
Inspectors then need to analyze these images after data collection to determine areas of
concern. Analyzing large quantities of photos by an inspector can be challenging without
knowing exactly what each photo is looking at in 3D space. Furthermore, when quantitative
measurements are needed, these approaches would not su�ce since the precise real-world
scale is often hard to determine. Similarly, climbing robots have been used to collect
equivalent information [115, 133]. These robots are often restricted to steel structures,
therefore they are limited to a small subset of infrastructure. Furthermore, these robots
are primarily small-scale in nature as they are designed to inspect local areas and not
entire structures as a whole [4], and they are not su�ciently advanced for the long-term
operation required for inspection of large structures [61].

To automate the process of analyzing photos, many researchers have implemented ways
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to automatically detect features of interest from the images. Examples include crack de-
tection using computer vision and machine learning [1, 2, 152, 153, 116, 80, 155], spall
detection [41] or delamination detection from infrared images [91, 108]. For more informa-
tion on image-based defect detection for concrete and asphalt inspection, refer to Feng et
al. [42]. These methods do help reduce an inspector's time spent analyzing the data since
it can automatically detect defects, however, this does not solve the scale ambiguity, nor
does it help the inspector locate the defects on the structure rendering this data di�cult
to use. Monocular images can provide size information relative to the pixels in the images,
however the pixel scale in world coordinates is unknown unless some reference scale is
provided. To determine the size of a defect, each monocular image needs a reference scale
or several reference scales if the pixel scale is inconsistent across the image.

Additional valuable information about the structure can be gathered by generating 3D
point cloud representations of structures, enabling defects to be located and quanti�ed
(and tracked over time during periodic inspections) on this 3D map. Early attempts at
generating 3D maps for inspection involved using images alone. The process of generating
point clouds from monocular imagery is known as Structure from Motion (SfM)6, which has
been heavily studied for inspection [59, 141, 86, 66, 65]. 3D SfM models with tagged defects
are useful for tracking defects over time, but the accuracy of quanti�cation or tracking of
small changes in defects is strictly limited by the quality of the point cloud. This limitation
is a common issue with SfM generated point clouds, as they tend to be noisy, often have
misaligned objects, and even miss crucial areas when little texture is available in the images.
Previous studies, for example, Khaloo et al. [66], have acknowledged quality issues of point
clouds generated using SfM and suggested using other sensor types. Overall, SfM as a
means to generate point clouds of bridges is fraught with challenges such as poor/variable
lighting conditions, lack of visual features to track in the images, and challenges associated
with maintaining high and consistent overlap in the images. These problems are aggravated
when no pose estimate (from Global Navigation Satellite System (GNSS), for example) is
available for initialization of the optimization or to capture real-world scale in the 3D map.

On the other end of the spectrum, many researchers have attempted to use precise 3D
mapping sensors to generate a map of a structure. The �rst attempts used Terrestrial Laser
Scanner (TLS) equipment. TLS generated point clouds have been shown to be very useful
for the condition assessment of infrastructure. [79, 84] showed that these point clouds can
be used for concrete loss detection, and [79] even showed that concrete delamination can
be detected by tracking concrete movement. [77, 142] showed that cracks can be detected
in TLS point clouds, and dimensions (both width and length) can be measured. TLS

6SfM is a computer vision method that reconstructs a 3D environment from 2D images taken from
di�erent viewpoints.
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has also been combined with images from an external camera to improve defect detection
[144]. However, TLS processes are often expensive, time-consuming, and impractical to
use on mobile platforms, thereby not o�ering the same ease of access advantages as mobile
platforms such as UAVs or UGVs.

A mix of 2D images and mobile 3D sensing, such as lidars and depth cameras, provides
an excellent opportunity to capitalize on the advantages of both systems. Properly com-
bined, these two sensor modalities can provide a means to collect dense visual information
from the cameras for detecting inspection quantities such as defects, while also using the
3D data to generate to-scale maps to combine the image data with quantitative measure-
ments and tracking of quantities. Many of the existing works that combine these sensor
modalities, however, focus on generating 2D maps for inspection of 2D surfaces such as
bridge decks [82, 75, 76, 47, 114]. Unfortunately, these methods greatly limit the use cases
to 2D spaces and usually are incapable of inspecting complex 3D geometry such as beams
or columns.

Very few research studies have used a combination of visual and 3D sensing modalities
for generating 3D maps of structures for inspection. Some works [62, 61, 69] combine lidar
and camera data using SLAM, however, these systems are built without understanding
the fundamental time synchronization and calibration needs to be able to do proper sensor
fusion or SLAM from a mobile device. The CityFlyer [150] UAV does build a proper SLAM
system that is also used for inspection with the SLAM generated 3D map. However, the
CityFlyer relies on structured light-based Red Green Blue Depth (RGBD) sensors, which
do not operate well in daylight at ranges required in many inspection applications. Feng
et al. [40] present a similar solution that relies on solid-state lidar and an Red Green Blue
(RGB) camera properly calibrated and time-synchronized, which does work at greater
distances outdoors. Since the inspection procedure proposed in Feng's work depends on
the pointcloud and mesh generated using R3LIVE [83], this work is fundamentally tied
to having a dense FOV overlap between the lidar and camera and therefore does not
work with the more common traditional mechanically rotating lidars. Both [150] and
[40] also require careful navigation during inspection to ensure they continuously maintain
objects with signi�cant environment structure within their narrow FOV so that tracking is
maintained. Other essential characteristics of a SLAM-centric inspection system that the
above works neglect to address are the following:

1. Enabling additional sensors to be integrated to tailor to a wide variety of inspection
use cases through a con�gurable inspection system,

2. Generating 3D maps optimized for inspection as opposed to SLAM,
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3. Correlating and tracking inspection results between multiple inspections.

In summary, no E2E research solutions in the literature demonstrate that accurate and
repeatable measurements of inspection quantities can be obtained from a mobile mapping
solution.

1.3 Contributions

This thesis presents a novel framework for E2E mobile robotic-aided visual inspection of
infrastructure. The core novelty of the framework is to create a SLAM-centric design
where the platforms and algorithms are designed from the ground up with the idea of
running multi-sensor SLAM to generate precise 3D maps for measuring and storing in-
spection results. The proposed system is designed to produce accurate and reliable 3D
maps by following SOTA SLAM in robotics literature with additional inspection-speci�c
modi�cations. SLAM results are combined with image data in novel ways, unlocking the
ability to detect, locate, quantify, and track changes in defects over multiple inspections. A
defect detection methodology is used, which enables defects to be detected using machine
learning techniques on images and enables results to be transferred to the 3D map, where
the defects can then be measured and tracked over time. The main contributions of this
thesis are as follows:

ˆ Inspection system design : The �rst multi-sensor SLAM-centric inspection system
that optimizes sensor layout for SLAM and inspection. Sensor requirements are
discussed including synchronization, and mobility requirements for such a system to
adequately solve the challenges of infrastructure inspection. The design demonstrates
how a system can be adapted for use on various mobile platforms, satisfying the
inspection needs for a wide range of infrastructure asset types.

ˆ Target-based extrinsic calibration of non-overlapping camera-lidar sys-
tems : The �rst target-based extrinsic calibration methodology using a Motion Cap-
ture System (MCS) for calibrating any camera-lidar system that has no restrictions
on the FOV overlap of the sensors. This method achieves similar accuracy as state-
of-the-art target-based camera-lidar calibration approaches, and the accuracy is in-
dependent of the number of sensors being calibrated, in contrast to existing methods.

ˆ Multi-sensor online SLAM with o�ine re�nement and de-coupled inspec-
tion map generation : An online SLAM solution with o�ine re�nement to ensure
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reliable map generation in real-time while ensuring data can be post-processed to
generate the highest quality maps needed for inspection tasks. This also includes a
de-coupled localization and inspection map generation process which produces much
better maps for inspection rather than taking maps generated from SLAM.

ˆ Automated defect assessment methodology : The �rst E2E inspection method-
ology that demonstrates how to process slam-centric robotic inspection data in order
to detect, quantify, and track defects over time for an entire piece of infrastructure,
including examples shown on a bridge and parking garage structure.

1.4 Thesis Organization

The remainder of this thesis is divided into six chapters as follows:

ˆ Chapter 2 : To ensure clarity and understanding of the work presented in this
thesis, this chapter starts by giving an introduction to 3D geometry and discusses
the notation used throughout this thesis. Next, the principal theories and algorithms
used in practice are described, such as localization and mapping, scan registration,
camera modeling, and sensor calibration.

ˆ Chapter 3 : In this chapter, the SLAM-centric mobile inspection system design is
presented. Achieving versatile mobility to suit the needs of any type of inspection
is discussed, as well as the best sensor con�gurations and synchronization strategies
for such a system.

ˆ Chapter 4 : A novel calibration methodology is presented, motivated by the non-
overlapping nature of the sensor requirements given in Chapter 3.

ˆ Chapter 5 : The E2E inspection pipeline is presented, which enables the generation
of automated defect detection, localization, quanti�cation, and change tracking. This
includes the description of the full SLAM and mapping methodology, as well as defect
detection, map labeling, and defect quanti�cation and tracking. Calibration results
using the algorithms from Chapter 4 are applied to the custom inspection platform
design presented in Chapter 3, which collects the data used to generate inspection
results presented in this chapter.

ˆ Chapter 6 : In the �nal chapter, the main contributions of the thesis are summarized,
and the main takeaways from this research are discussed, including areas for future
study and potential impact of the proposed technology.
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Chapter 2

Background

This chapter provides the mathematical background for the work presented in the rest
of the thesis. First, an overview of relevant 3D geometry is presented along with the
notation used. A primer on localization and mapping is then presented, along with the
basic mathematical formulations that govern these principles and some typical example
solutions. Next, scan registration is de�ned, and the variations used in this work are
described in detail, followed by camera modeling. Finally, sensor calibration is described,
including intrinsic and extrinsic calibration.

2.1 Three-Dimensional Geometry

Let Pa be the coordinates of a pointa 2 R3. Pa
M is de�ned as the vector from the origin of

the coordinate frameFM to the location of point a. Similarly, Pa
B is de�ned as the vector

from the origin of frameFB to point Pa. Fig 2.1 illustrates these variables graphically.

To convert points between di�erent Euclidean reference frames, the rotation and trans-
lation between the two frames is needed. The translation from frameFM to frame FB

is expressed as a vector from frameFM to frame FB and can be written ast MB . Note
that three quantities are actually needed to de�ne a translation vector: the origin frame,
the destination frame, and the frame in which the vector is expressed. Commonly, this is
expressed asM t MB , however, to simplify notation, this thesis will drop the prescript and
assume the vector is always expressed in the destination frame resulting in the notating:
t MB . Similarly, for rotations, R MB is a 3� 3 rotation matrix that represents the rotation
from frame FB to frame FM . Using this convention, any pointa expressed in one frame
can be converted to another frame using Eq. 2.1:
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Figure 2.1: Background on 3D geometry
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Eq. 2.1 can also be rewritten in a more compact form using transformation matrices,
as shown in Eq. 2.2. WhereTMB is the 4� 4 transformation matrix that represents the
transformation from frameFB to frame FM , expressed in frameFM . Again, for simplicity,
TMB in this work is equivalent to M TMB . It should also be noted thatPa

M now must be
written in homogeneous form due to the use of the transformation matrix.
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Note that R MB is a member of the Special Orthogonal groupSO(3), whereasTMB

is a member of the Special Euclidean group SE(3). The set of rotation matrices and
transformation matrices do not form a vector space, in fact they form matrix Lie groups
which require special algebra. The mathematics behind matrix Lie groups can be found in
references such as [12] and are omitted here for the sake of brevity.
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2.2 Localization and Mapping

To better understand the mapping presented in this work, it is helpful to �rst understand
the state estimation problem. Note that the terms state estimation and localization will
be used interchangeably in this section. State estimation is the more generic term, whereas
localization is used when referring to estimating some rigid body's 6Degree(s) of Freedom
(DOF) pose using state estimation theory. The same solutions that exist for state es-
timation are also adapted to solve the problem of SLAM, which will be discussed later.
The main di�erence between localization and SLAM is that the state gets augmented to
include map states in the optimization. State estimation can generally be divided into two
main approaches: (1) recursive and (2) batch. Since all the sensors record data in discrete
intervals, only discrete-time state estimation will be discussed.

Recursive state estimation is often referred to as �ltering or probabilistic state estima-
tion [38, 10]. For recursive state estimation, the state is estimated at every time step using
the information available up to that time step. These �lters assume a Markov process,
meaning that all previous information can be contained within the current state [38], elim-
inating the need to store historical measurements. In other words, �lter-based methods
update their estimate of the state at each time step considering only the previous state and
the new information available at the current time step (new measurements and inputs).

Eq. 2.3 shows the general mathematical formulation of recursive estimators:

P(x t jx0:t ; u0:t ; y0:t ) �! N (x̂ t ; P̂t ) (2.3)

For the current time step, t, the probability distribution P of the state at the cur-
rent time, x t is estimated, given all previous statesx0:t � 1, inputs (u0:t ) and all previous
measurements (y0:t ). Assuming the solution is Gaussian, which is necessary for most re-
cursive estimators that will be considered, theestimated mean state (x̂ t ) and associated
covariances (̂Pt ) can be computed. Using the Markov assumption, Eq. 2.3 simpli�es to:

P(x t jx t � 1; ut ; yt ) �! N (x̂ t ; P̂t ) (2.4)

Common examples of recursive state estimation include the Bayes �lter and the Kalman
�lter [132]. For linear systems with Gaussian noise, the Kalman �lter solution is the best
linear unbiased estimate [12]. However, these solutions cannot be applied for nonlinear
systems, which is the case with most robotics systems, or for non-Gaussian noise. With
nonlinear systems and/or non Gaussian noise, other approaches have been developed, in-
cluding the Extended Kalman Filter (EKF), Unscented Kalman Filter (UKF), and Particle
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Filter (PF) [132]. All of these solutions are extensions of the Bayes �lter. The fundamental
limitation of all these methods, which limits the possible accuracy of the results, is that
they employ the Markov assumption. With large nonlinear systems, the EKF and UKF
can diverge by linearizing about incorrect points, or they can become biased or incon-
sistent [12]. The PF attempts to overcome this problem using a Monte-Carlo approach
instead of linearizing the systems, however, PF formulations tend to be computationally
expensive for systems with large orders. For best results with nonlinear systems, batch
state estimation is often a better alternative.

Batch state estimation sets up the problem as an optimization problem over the entire
trajectory of the robot. The solution is one that is optimal over the entire set of inputs
and measurements, simultaneously. Eq. 2.5 shows the general formulation of the batch
estimation problem:

P̂0:T = arg min
x0:T

(x0:T j �x0:T ; y0:T ; u0:T ) (2.5)

Here,T is the �nal time step, and �x is the initial estimate of the poses. For localization,
the initial estimate is often determined using the system inputs and the motion model for
the robot or using inertial measurements such as those provided by an IMU. Batch solu-
tions are often referred to as thegold standardsolutions since they make fewer assumptions
than the �ltering-based approaches and use all of the available information [12]. The signif-
icant drawback to these methods is that they are generally more challenging to implement
due to the nonlinear optimization process and tend to be computationally expensive. To
implement these approachesonline1, batch approaches can be adapted using a sliding win-
dow approach, which only considers a window to the most recent measurements in the
optimization process [12].

The following subsections will present the mathematical formulation for the EKF and
the batch state estimation problems. For batch state estimation, the general batch non-
linear non-Gaussian formulation and solution will be given. Speci�c nonlinear solvers that
can be applied to the optimization problem will also brie
y be discussed.

1online/o�ine : in this work, online processing refers to processing data in real-time. Conversely, o�ine
processing refers to processing data at a rate that is lower than the data rates produced by the sensors.
Here, online means the state can be estimated on-board the robot as it moves. Batch state estimation
usually needs to be applied o�ine after the robot has navigated the environment.
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2.2.1 Recursive EKF Localization

The EKF uses a two-step approach: (1) a prediction step and (2) a correction step. For
robot localization, the prediction step uses the robot motion model and the inputs (e.g.,
thrust applied to a UAV) to predict the robot's state. This prediction is then updated using
the measurements (e.g., GNSS position measurements). Before presenting the Extended
Kalman Filter (EKF), the variables, and models used in the problem formulation will be
discussed.

Eq. 2.6 shows a generic nonlinear motion model for a robot:

x t = f (x t � 1; ut ; wt ); t = (1 ; 2; :::; T) (2.6)

x t 2 RN ; x0 � N (x̂0; P̂0); wt 2 RN � N (0; Qt )

As before, letx t be the vector representing pose at timet. For robot localization, the
pose usually consists ofx; y; z androll; pitch; yaw (or some variant rotational representation
such as quaternions), which represents the position in some �xed reference frame and the
orientation in the body (robot) frame. Let yt represent the vector of measurements at time
t, ut represent the vector of inputs at timet, and wt represent the current noise parameter
which is assumed to be zero mean Gaussian, where the covariances (Qt ) are determined
based on the noise of the raw input commands. The motion model is the expected pose at
time t given the previous pose, current inputs, and current noise parameters (wt ). x t and
wt are in RN , where N equals the number of components used to de�ne the pose. Note
that some prior (x̂0) on the pose is required for the EKF (assumed to be Gaussian). This
prior can be set in di�erent ways. Often, the coordinate system of the map is set to be at
the location of the initial pose, therefore the position is set to zero, the rotation matrix is
set to identity (or Euler angles set to zero), and the covariance on the prior is set to be
low (high con�dence level on the prior).

Eq. 2.7 shows a generic nonlinear measurement model:

yt = g(x t ; nk); t = (0 ; 1; :::; T) (2.7)

yt 2 RM ; nt 2 RM � N (0; Rt )

This measurement model relates the expected sensor measurements at timet to the
current pose and noise parameters (nt ). Again, nt is assumed to be zero mean Gaussian,
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where the covariances (Rt ) are determined based on the noise of the raw measurements.
Note that here, yt and nt are in RM where M is the number of measurements received
at each time step. The derivation of the EKF solution can be found in [12], where the
equations are derived as special cases of the general Bayes Filter. Equations 2.8 to 2.12
show the canonical form of the EKF.

�Pt = Ft � 1 P̂t � 1 F T
t � 1 + Q

0

t (2.8)

�x t = f (P̂t � 1; ut ; 0) (2.9)

K t = �Pt GT
t (Gt

�Pt GT
t + R

0

t )
� 1 (2.10)

P̂t =( I � K t Gt ) �Pt (2.11)

P̂t =�x t + K t (yt � g(�x t ; 0)) (2.12)

In the above equations, the prediction step consists of equations Eq. 2.8 and 2.9,
whereas the correction step consists of equations Eq. 2.11 and 2.12. Eq. 2.10 is known as
the Kalman Gain equation. Note that in all these equations,�(:) is used to showpredicted
variables, (̂:) is used to show thecorrected parameters (or the �nal estimate of the states
and covariances), andI is the identity matrix. Furthermore, F , G, Q

0
, and S

0
are the

linearized motion model, measurement model, motion noise covariances, and measurement
noise covariances, respectively. Eq. 2.13 to 2.16 show the linearized terms. Note that the
motion model and motion noise are linearized about the corrected pose at the previous
time step, whereas the measurement model and measurement noise are linearized about
the predicted pose of the current time step.
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�
�
�
�
P̂t � 1 ;u t ;0

(2.13)

w
0

t =
@f(x t � 1; ut ; wt )

@wt

�
�
�
�
P̂t � 1 ;u t ;0

wt (2.14)

Gt =
@g(x t ; nt )

@xt

�
�
�
�

�x t ;0

(2.15)

n
0

t =
@g(x t ; nt )

@nt

�
�
�
�

�x t ;0

nt (2.16)
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2.2.2 Batch Localization

For batch localization, the same initial state and measurement vectors (x t and yt ) are used
for each timestamp from 0 :T, as well as the same motion and measurement models as
de�ned above in Eq. 2.6 and Eq. 2.7, respectively. For batch optimization, the state at all
time-steps are being estimated, therefore a stacked version of the state vector,x is used as
shown in Eq. 2.17:

x =

2

6
6
6
4

x0

x1
...

xT

3

7
7
7
5

(2.17)

Similarly, a stacked version of errors,e(x), must be de�ned as shown in Eq. 2.18:

e(x) =
�
eu(x)
ey(x)

�
=

�
eu;0(x) eu;1(x) : : : eu;T (x) ey;0(x) ey;1(x) : : : ey;T (x)

� T
(2.18)

The measurement error,ey(x), can be de�ned as the di�erence between the true mea-
surement and the expected measurement using the measurement model as shown in Eq.
2.19:

ey;t (x) = yt � g(x t ; 0); t = (0 ; 1; :::; T) (2.19)

For the motion error, eu(x), however, the error may be de�ned di�erently based on the
problem formulation. For example, a simple motion model based on inputs can result in
Eq. 2.20 and Eq. 2.21:

eu;t (x) = f (x t � 1; ut ; 0) � x t ; t = (1 ; :::; T) (2.20)

eu;t (x) = x̂ t � x t ; t = 0 (2.21)

When the motion model is formulated using SE(3), an error term cannot be de�ned by
subtracting the predicted pose from the actual pose since transformation matrices do not
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form a vector space (not closed under addition). Instead, a motion error can be de�ned as
shown in Eq. 2.22 and Eq. 2.23:

eu;t (x) = ln(exp( � t t ! �̂
t )Tt � 1Tt

� 1)�� ; t = (1 ; :::; T) (2.22)

eu;t (x) = ln( T̂t Tt
� 1)�; t = 0 (2.23)

where ( �̂ ) and ( �� ) are the skew-symmetric transform and inverse skew-symmetric
transform, respectively. ! t are the rotation rates and linear velocities, which are inputs
in this example. Therefore, the estimated posêTt can be obtained by multiplying ! t by
the time interval � t t and by the previous pose,Tt � 1. More details on this SE(3) motion
model and alternative models can be found in [12]. As shown in Eq. 2.23, if the predicted
pose and measured pose are equal, thenT̂t Tt

� 1 would tend to identity, and therefore the
log would also tend to zero resulting in no error added to the optimizer.

The objective function, F (x), can then be set up as a sum of the squared error terms
weighted by the inverse of the covariances (W) as expressed in Eq. 2.24:

F (x) =
1
2

e(x)T W � 1e(x); t = (1 ; :::; T) (2.24)

This sets up a nonlinear optimization problem, which can be solved using many tools
available in literature [12]. For state estimation, this optimization problem is usually
solved using Gauss-Newton or Levenberg-Marquardt optimization, and the details for this
approach are described in [12]. Solving the batch state estimation and SLAM problems
using Lie Groups and Lie Algebra for representing the robot states are also described in
detail in [12]. Using Lie Groups for representing robot states requires special precaution
to de�ne perturbation terms and error terms in Lie Algebra space (SE(3)). To further
accelerate computations, tools are often used to exploit the sparsity in the state estimation
or SLAM problem, including the Schur complement or Cholesky decomposition [12]. It
should also be noted that the nonlinear optimization problems that describe these batch
problems also require some initial estimates for the state before optimizing. These initial
estimates can be obtained from sensor measurements (e.g., GNSS) or from a motion model
(similar to the EKF localizer presented above).

A common way to setup the batch state estimation problem for easy visualization
and implementation is through the use of Factor Graph (FG)s. A FG is a graphical
method originating from coding theory, which is to be used to construct an optimization
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problem [87]. Fig. 2.2 shows an example of a FG used for a simple state estimation
problem. A FG consists of nodes and edges. Each node represents a state, whereas each
edge represents a factor. The graph in Fig. 2.2 has three states (x1; x2; x3) and six factors
(f 1 to f 6). In this state estimation problem, f 0 is the prior estimate on the state,f 1 and
f 2 are motion estimates, andf 3 to f 5 are measurements. A prior is an initial estimate of a
state, which is mathematically expressed as a measurement on that state with covariance
representing the uncertainty on that estimate. This initial estimate may be from a sensor
measurement of the pose in a global reference frame or a marginalization prior that results
from removing old states from the batch problem in a windowed batch optimizer (to be
discussed later). Initial pose priors in robot localization can also come from a relocalization
solution, where the pose of the robot relative to a pre-built map is estimated, for example,
see [104]. The motion estimates,f 1 and f 2, may come from odometry measurements,
integration of inertial measurements, or motion model estimates based on robot inputs.
Often in FG terminology, unary and binary factors will be used to describe a type of
constraint. A unary factor is a constraint that is only connected to a single state, such
as a prior or absolute state measurement (e.g., GNSS position, or IMU orientation). A
binary factor is a constraint connecting two states, for example a wheel odometry or a scan
registration measurement.

Figure 2.2: Generic illustration of a factor graph with six factors and three nodes

If the constraints are formulated in a FG as probability distributions (e.g.,f 1(x2jx1) =
P(x2jx1)), then Maximum A-Posteriori (MAP) inference can be performed to solve the
graph by solving for the maximum of the factors multiplied together as shown in Eq. 2.25
and Eq. 2.26, whereL (x1; x2; xt ) is the likelihood function.
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P̂ =arg max
x

L (x1; x2; x3) (2.25)

=arg max
x

f 0(x1)f 1(x2jx1)f 2(x3jx2)f 3(y1jx1)f 4(y2jx2)f 5(y3jx3) (2.26)

=arg max
x

P(x0)
TY

t=1

P(x t jx t � 1)P(yt jx t ) (2.27)

To relate this to the batch problem described above, it can be shown that this formula-
tion can be simpli�ed to the objective function shown in Eq. 2.24. Assuming the factors are
zero-mean Gaussians (i.e., the motion and measurement models have zero-mean Gaussian
noise), Eq. 2.27 can be written as:

P̂ =arg max
x

TY

t=1

exp
�

�
1
2

eu(x t )T W � 1
u eu(x t )

�
exp

�
�

1
2

ey(x t )T W � 1
y ey(x t )

�
(2.28)

=arg min
x

h TX

t=1

1
2

eu;t (x t )T W � 1
u;t eu;t (x t ) +

TX

t=1

1
2

ey;t (x t )T W � 1
y;t ey;t (x t )

i
(2.29)

(2.30)

To enable batch estimation for online mapping, it is common to take advantage of
marginalization to limit the size of the optimization problem, or in other words, limit
the number of states and measurements being solved at one time. This ensures that
the optimizer can run at a �xed frequency to provide a real-time SLAM estimate for robot
control or motion planning. The process of bounding the measurements via marginalization
is commonly referred to as a sliding window optimizer or �xed-lag smoother, where the term
window refers to the time windows of measurements and states retained by the optimizer
after marginalization, and lag refers to the length of this window in terms of number of
states. The mathematical formulation of the marginalization process is omitted, however
more information can be found in [12]. Figures 2.3a and 2.3b illustrate the di�erence
between a full batch FG and a sliding window FG. In these �gures,f 0 is the prior on
the �rst pose, f 1 is a binary factor between two consecutive poses (e.g., scan registration
measurement),f 2 is a unary measurement factor on a pose (e.g., GNSS measurement),
and f 4 is the unary marginalization factor on the �rst pose in the window.f 0 and f 4 are
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(a) Batch factor graph

(b) Sliding window factor graph

Figure 2.3: Comparison between (a) a batch factor graph, and (b) a sliding window factor
graph with binary factors between consecutive poses and unary measurement factors on
each pose.

mathematically implemented the same in the FG, however, the mean and covariance of the
f 4 factor are determined during marginalization, and they represent the estimate of the
state given all previous information. The longer the optimization window, the more the
optimization resembles full batch localization, and in the extreme case where the window
is of size 0, the result is equivalent to a recursive estimator.

2.2.3 Simultaneous Localization and Mapping

The process of localizing a robot in an unknown environment while building a map of the
environment is well studied in the robotics literature and referred to as SLAM [38]. SLAM
is a challenging problem because localization requires knowledge of the map while map
building requires knowledge of where the robot is within this map [132]. Therefore, errors
in the robot pose estimate will propagate to errors in the map and vice-versa. Such errors
will continue to grow over time unless global measurement sources with bounded errors
are incorporated, such as GNSS measurements or returning to previously visited locations
(loop closure). Despite a large volume of literature [11, 38], SLAM continues to be an
active research area, with the most recent focus being in robust, task-aware SLAM with
semantic maps [22], which is the focus of the SLAM work in this thesis.

To solve the SLAM problem, the localization methods described in Sections 2.2.1 and
2.2.2 are extended to also estimate the state of the environment or map features. Examples
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of environmental features that would be extracted from the sensor data are lidar features
such as surfaces or edges in the scan lines [148], or image features such as ORB [104] or
SIFT [88] features. The state of the detected map features are appended to the state vector
in the state estimation problem as shown in Eq. 2.31:

x =
�
x0 x1 : : : xT l0 l1 : : : lM

� T
(2.31)

lm is landmark m or map feature m. Since the standard optimizers used in SLAM
solve the objective function (Eq. 2.24) using the �rst and/or second derivatives of the
objective function (and therefore of the error functions), the major di�erence with the
SLAM optimizers is that they are also required to compute the jacobians of the error
functions with respect to the map features. For an in-depth description of the solutions to
recursive and batch SLAM problems, refer to [12].

At the early stages of SLAM research (in the 1990s), �ltering-based methods were
dominant. The main reason behind the popularity of these approaches was the low com-
putational resources needed to run these algorithms in real-time while still properly cap-
turing the probabilistic characteristic of robotic systems (i.e., sensor noise, input noise,
state uncertainty) [10]. This popularity is still common in many state estimation problems
where computational resources are low or more advanced state estimation solutions are
unnecessary. As a result, many open-source EKF SLAM software solutions are available
for researchers to use. In the last few decades, sliding window batch estimators have be-
come the dominant back-end for SLAM as these methods have become more e�cient, the
computational power of devices has increased, and the accuracy of these approaches has
been signi�cantly better than the recursive approaches.

2.3 Scan Registration

Scan registration is the process of comparing one scan to another scan to determine the
rigid body transformation that explains the motion between the reference frames of the
two scans. For example, in a mobile lidar data collection scenario where successive scans
are collected over time and distance, scan registration can be used to estimate the motion
of the lidar. The term scan describes a set of points collected from a ranging sensor (e.g.,
lidar or RGBD camera) at some time interval. The term pointcloud refers to a set of
points in some reference frame and can be a single scan or a set of scans converted to
the same reference frame. Pointclouds and scans are often used interchangeably. Other
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terminology used in place of scan registration are scan matching, pointcloud alignment,
point set alignment, and point set registration.

When using scan registration for localization, there are two general approaches: scan-
to-map registration or scan-to-scan registration. The former registers each new scan to
a pointcloud map to estimate the absolute pose of the scan relative to the map frame.
The map may be built incrementally from new scan registration measurements or from
any previous map generation process. The latter registers each new scan to its previously
collected scan to �nd the relative motion between the two scans. Both methods are used
in this work, as will be discussed in Chapter 5. The following subsections will describe the
common scan registration approaches that are relied upon heavily in this work.

It should be noted that scan registration is not limited to estimating rigid body trans-
formations. Scan registration can also be used to estimate scale. An example of when scale
estimation would be required in scan registration is while registering a visual SLAM or SfM
map to a map with scale (e.g., lidar map or visual-inertial SLAM map). When using vision
alone for mapping, a pointcloud can be generated with an unknown scale. Registration can
then be performed against a map with scale to recover the unknown scale parameter of the
visual map. This work, however, does not use these types of scan registration, therefore
their formulation will be omitted from this section.

2.3.1 Iterative Closest Point and Variants

Iterative Closest Point (ICP) registration is one of the most common scan registration
methods, and many extensions and variations have been proposed, including variations
to the selection of matches, error terms between matching points, and the minimization
strategy [122]. To give context to ICP methods and their variants, this section will describe
a few common ICP approaches.

ICP is a least squares optimization problem where the cost function being minimized
is the summation of some squared error metric between points on thetarget cloudto cor-
responding points on thereference cloud[16]. The point correspondences are estimated
by taking the nearest neighboring points on the other scan, and the process is iterated by
updating the correspondences after each optimization until reaching a prede�ned thresh-
old [16]. This allows the transformation to be estimated between each target and reference
cloud.

The �rst method of ICP is the Point-to-Point (P2p) ICP, where the sum of the Eu-
clidean distance between points on the new cloud to the nearest points on the reference
cloud is used in minimization. This is expressed in Eq. 2.33:
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TRT =arg min
TRT

	( ST ; SR) (2.32)

=arg min
TRT

1
Ns

N sX

i =1

[P j
R � T RT P i

T ]2 (2.33)

In Eq. 2.33,Ns is the number of corresponding scan point pairs,ST is the set of points
in the target scan,SR are the set of points in the reference frame,TRT is the transformation
from the target frame to the reference frame that is being optimized for, andP j

R and P i
T are

the corresponding reference and target points expressed in their scan frames, respectively.

A simple yet common example of a variant to ICP is the Point-to-Plane (P2N) ICP.
The cost-minimizing metric in this method is the distance between points on the target
cloud to a plane de�ned by the points surrounding the corresponding point on the reference
cloud [123]. The planes in this algorithm are de�ned by local clusters of points. The details
for P2N ICP can be found in [123]. Another common extension to this is that of generalized-
ICP, or Generalized Iterative Closest Point (GICP) [126]. In GICP, the distance minimized
is between the planes de�ned by a cluster of points around each corresponding point on
target and reference clouds. For more ICP variants, refer to [122].

2.3.2 LOAM Matching

This work refers to Lidar Odometry and Mapping (LOAM) matching as the registration
approach presented in the seminal paper by Zhang et al. (2014) [157, 159, 158]. LOAM
was �rst introduced as an odometry method that uses lidar and IMU (and later extended
to use visual SLAM) for 6DOF pose estimation with low computational complexity and
low drift. Prior to LOAM, the majority of scan registration methods were too computa-
tionally expensive to be run in real-time on low-powered devices (such as UAVs). LOAM
introduced the �rst lightweight registration method speci�cally designed for lidar data by
only registering edge features to lines and planar features to surfaces. Note that here, edge
features refer to a set of points that form an edge in the lidar scan and surface features
refer sets of planar points, however, these are not to be confused with visual features that
are common in visual SLAM or SfM. Visual features are described using an interest point
(e.g., corner) and a descriptor (e.g., ORB descriptor [104]), whereas LOAM features are
only an interest point (either edge or surface lidar point) without an associated descriptor.
Therefore, LOAM registration must use a nearest neighbor approach for correspondence
estimation, similar to ICP and its variants.
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The �rst stage of LOAM registration is to extract edge and surface features from a
scan. To do this, the scan is �rst separated into scan rings, where one scan ring refers to
the points collected during one full revolution of one light beam in a mechanically rotating
multi-beam lidar. Then, the volume occupied by the scan points is separated into even
sub-volumes to ensure that feature extraction is distributed along all regions of the scan.
Next, surface smoothness is calculated for each point in the scan according to Eq. 2.34,
and points are grouped into edge and planar features based on large and small smoothness
values.

ci
m =

1
jC i

m j � jj P i
m jj

�
�
�
�
�

�
�
�
�
�

X

P j
m 2 C i

m ;j 6= i

(P i
m � P j
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�
�
�
�
�

�
�
�
�
�

(2.34)

In Eq. 2.34,ci
m is the smoothness for pointi in scanm, P i

m = [ x i
m ; yi

m ; zi
m ] is a 3D point

i expressed in the frame of scanm, and C i
m is the set of consecutive points ofi in the same

scan line. Intuitively, this assigns small smoothness to a point if its neighboring points have
large depth discontinuities. To select the �nal features to use for registration, the largest
and smallest smoothness values are selected in each sub-volume while avoiding points
that: (1) have neighbors that have already been selected, (2) are points on the boundary
of occluded regions, or (3) are points whose local surface direction is near parallel to the
laser beam that measured that point.

Correspondence estimation is done by searching for neighboring points in the reference
scan after the target scan has been transformed into the estimated frame of the reference
scan. It is also possible to perform LOAM registration to a LOAM map, which is an
aggregate of LOAM features extracted from scans which have been transformed into a
common reference frame. In this case, the corresponding points are searched for in the
LOAM map, and the pose of the target scan is estimated relative to the map frame.
For each edge feature in the target scan, the two nearest edge features in the reference
cloud are taken as correspondences, and a constraint is added to the optimizer if the two
correspondences are found within some proximity of the edge point. Eq. 2.35 describes
the constraint added for edge features, where this constraint represents a distance from a
point in the target scan to a line de�ned by the two correspondences in the reference scan.

di
e;m =

�
�
�
�(P̂

i
m (� m ; tm ) � P̂ j

m� 1) � (P̂ i
m (� m ; tm ) � P̂ k

m� 1)

�
�
�
�

�
�
�
�P̂

j
m� 1 � P̂ k

m� 1

�
�
�
�

(2.35)

25



In Eq. 2.35, di
e;m is the distance error for edge elements,P j

m� 1 and P k
m� 1 are the

corresponding edge points in the scan framem � 1 (i.e., the reference scan) and̂P i
m (� m ; tm )

is the predicted point position of feature pointi from scan framem, converted the reference
frame (m � 1) and is de�ned in Eq. 2.36:

P̂ i
m (� m ; tm ) = T̂m;m � 1P̂ i

m� 1 (2.36)

In Eq. 2.36, � m represents the rotation between the two frames, andtm represents the
translation. T̂m;m � 1 is the predicted transform from scan framem � 1 to scan framem.
The predicted pose can be obtained from some motion prior (e.g., IMU pre-integration or
a visual-inertial estimator) or from a motion model.

Similarly, for each surface feature in the target scan, the three nearest surface features in
the reference cloud are taken as correspondences, and a constraint is added to the optimizer
if the three correspondences are found within some proximity of the surface point. Eq.
2.37 describes the constraint added for surface features, where this constraint represents a
distance from a point in the target scan to a plane de�ned by the three correspondences
in the reference scan.
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(2.37)

In Eq. 2.37,di
s;m is the distance error for surface measurements whileP j

m� 1, P k
m� 1 and

P l
m� 1 are the corresponding points in the reference scan to surface featurei in the target

scan. To solve for the motion between the two scans, a nonlinear least squared optimization
problem can be formulated by summing up the edge and surface error measurements as
shown in Eq. 2.39:

Tm� 1;m =arg min
Tm � 1;m

	( Sm� 1; Sm ) (2.38)

=arg min
Tm � 1;m

N sX

i =1

[di
s;m (T̂m� 1;m )]2 +

NeX

i =1

[di
e;m(T̂m� 1;m )]2 (2.39)
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In Eq. 2.39, Ne and Ns represent the total number of edge and surface features,
respectively. Since this is an iterative optimization approach,̂T represents the current
estimate of the scan poses which gets updated during each iteration.

2.4 Camera Modeling

For most robotic applications that use camera data, a camera model is essential for ex-
tracting geometric information from the image data. For example, visual SLAM or SfM
need to match 3D features to 2D image coordinates in order to build a map of the environ-
ment and localize relative to the map. To know how 3D world information would appear
in a 2D image, a camera model is needed to project estimated 3D locations into the 2D
image plane. This is referred to as a projection model (or forward projection model, or full
model) [63]. If, for example, corresponding 2D features have been detected in images, and
their estimated 3D location is required, then a ray projected outwards from each camera
center through the corresponding 2D pixel location is needed to determine the intersect-
ing point in the 3D world. The process of determining the ray extending outwards from
some pixel is referred to as a back-projection model (or backward model) [63]. When this
work refers to a camera model, it generally refers to the combination of the projection and
back-projection models, which de�ne the majority of the camera modeling needed for most
computer vision tasks in robotics.

This section will describe a select few camera models commonly used in computer
vision that are employed throughout this thesis. This section will describe the forward and
back-projection models for the following three models: pinhole, Kannala Brandt (KB), and
Double Sphere (DS). This section will also discuss which models apply to narrow versus
wide (or �sheye) FOV lenses. For more information on these model de�nitions, including
the de�nitions of the domains of the project and back-project functions, refer to [143].

Before de�ning the camera models, a commonly used coordinate frame convention will
�rst be presented for all camera models in this work, as well as some other notation. Fig.
2.4 (retrieved from [20]) illustrates the pinhole camera model and the assumed coordinate
systems. The origin of the main coordinate frame in Fig. 2.4 represents the optical center,
which is the assumed location that all projections cross through. This coordinate frame
is always oriented with thez coordinate pointed out of the camera, they coordinate in
the same direction as thev-axis of the image plane, and thex coordinate in the same
direction as the u-axis of the image plane. Note that the image plane is the grayed-out
square in Fig. 2.4, where the coordinates of a pixel on the image plane are de�ned by the
2D coordinateU = [ u; v]T . The point where the z-axis intersects with the image plane is
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known as the principal point, and the coordinate frame of the image plane originates at
the top left corner of the plane.

Figure 2.4: Illustration of a pinhole camera model with the coordinate frames displayed,
taken from [20]

Eq. 2.40 shows a generic projection function:

U = � (P ; i ) (2.40)

U = [ u; v]T 2 � � R2 is a pixel coordinate where � is the image domain that points
can be projected to,P = [ x; y; z]T 2 
 � R3 is a 3D point expressed in the camera frame
where 
 is the set of 3D points that have valid projections,i is a vector of camera intrinsic
parameters,� is the projection function. Eq. 2.41 shows the back projection function:

r = � � 1(U; i) (2.41)

� � 1 is the back projection function, and r = [ r x ; r y; r z]T is the normalized back-
projection ray that starts at the camera center and passes through some pixel coordinate.
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2.4.1 Pinhole

The pinhole camera model is a common model used with low to moderate lens distortion,
as lenses with FOVs greater than 120 deg begin to degrade with the pinhole model [143].
Eq. 2.42 presents the projection function for the pinhole camera model:

� (P ; i ) =
�
f x

x
z

f y
y
z

�
+

�
cx

cy

�
(2.42)

The intrinsics i = [ f x ; f y; cx ; cy] represent the focal length in thex and y directions,
followed by the camera center in thex and y directions. Eq. 2.43 shows the back-projection
function:
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(2.43)

For convenience, the pinhole camera model is often commonly presented as shown in
Eq. 2.44, whereK (expanded in Eq. 2.45) is known as the intrinsics matrix, ands is a
scaling constant.

s U = K P (2.44)

K =

2

4
f x 0 cx

0 f y cy

0 0 1

3

5 (2.45)

To account for low to moderate lens distortion, the pinhole camera model is also often
accompanied by a distortion model. A distortion model that is commonly combined with
the pinhole model is the Brown's distortion model [21], also known as the rad-tan model,
or the plumb-bob model. The Brown's distortion model tries to model the distortion by a
combination of radial distortion, and tangential distortion. The radial distortion is modeled
according to Eq. 2.46:

29



xdistorted = x
�
1 + k1r 2 + k2r 4 + k3r 6

�

ydistorted = y
�
1 + k1r 2 + k2r 4 + k3r 6

�

r 2 = x2 + y2

(2.46)

The distortion coe�cients are k1; k2; k3; p1; p2 and these are considered part of the overall
camera model parameters to be calibrated for each lens. The tangential distortion in the
Brown's distortion model is de�ned by Eq. 2.46:

xdistorted = x + [2p1xy + p2 (r 2 + 2x2)]
ydistorted = y + [ p1 (r 2 + 2y2) + 2 p2xy]

(2.47)

2.4.2 Kannala Brandt

The Kannala Brandt (KB) model was created to be a generic camera model to model
narrow, moderate, and wide FOV lenses [63]. Fig. 2.5a illustrates the KB model. As
described in [63], the displacement of the projection from the optical center is proportional
to d(� ), whered(� ) is a polynomial function of the angle between the point and the camera
z-axis (shown as� here). Since the KB model can be modeled using a polynomial of
di�erent degrees, the number of intrinsic parameters depends on the implementation.

(a) Kannala Brandt (b) Double Sphere

Figure 2.5: Camera model illustrations, retrieved from [63]

Here KB is modeled with eight intrinsics parametersi = [ f x ; f y; cx ; cy; k1; k2; k3; k4].
The projection model is de�ned as:
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The back-projection function for the KB model are de�ned as:
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(2.49)

The KB model is also sometimes used as a distortion model for the pinhole model (e.g.,
the equidistant distortion model in Kalibr [18], or the �sheye model in OpenCV [20]). Note
that the 9th-degree polynomial must be solved to determine the back-projection function,
which can be computationally expensive.

2.4.3 Double Sphere

The Double Sphere (DS) camera model was explicitly created for better approximating
wide FOV (�sheye) lenses while also providing a closed-form back-projection function.
Fig. 2.5b illustrates the DS model. As described in [63], the point is initially projected
onto the �rst sphere (green) and then onto the second (red) which is shifted by� . The
point is then projected onto the image plane which is shifted by�= (1 � � ). The closed-
form back-projection function allows for faster computation when back-projecting pixels,
unlike other wide FOV models such as the KB, which requires you to solve a high-degree
polynomial function.

Eq. 2.50 describes the projection function for the DS model, and Eq. 2.51 describes
the back-projection function.
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2.5 Sensor Calibration

Sensor calibration in robotics is generally divided into two categories: intrinsic and extrin-
sic. Intrinsic calibration refers to determining a particular sensor's intrinsic parameters
(e.g., camera focal length, internal noise parameters of an IMU, etc.). These parameters
are generally used to model how real-world quantities interact with the sensor. For exam-
ple, camera intrinsics can be used to model how light interacts with a lens and where a
light ray is expected to contact the sensor pad. IMU intrinsics such as acceleration bias,
for example, can be used to estimate the true motion that a system underwent, given the
output measurements of the sensor. Procedures for calculating intrinsic parameters vary
drastically based on the type of sensor.

Extrinsic calibration refers to the process of determining the physical locations of one
sensor relative to another. The main purpose of extrinsic calibration is to be able to fuse
data collected from di�erent sensors by enabling the data to be transferred into common
reference frames. For extrinsic calibration, the full 6DOF pose is needed (i.e., rotation and
translation) of each sensor on a robotic system relative to a common frame (often referred
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to as the baselink frame). A sensor pose is usually described relative to the sensor's center
(e.g., the optical center of a camera or the laser center of a lidar).

Many extrinsic calibration approaches are intended to calibrate one sensor relative
to another. For a multi-sensor platform, these types of calibration techniques require a
calibration tree to be generated, allowing data to be transferred between all sensor frames
on the platform. This tree consists of a chain of rigid transformations where each sensor
center can be determined relative to the reference frame by multiplying together a portion
of the transformations in this tree. Extrinsic calibration is primarily done after intrinsic
calibration since those parameters are usually required for calibrating the extrinsics.

In the following few sections, intrinsic calibration will be described for the sensors that
are used in this thesis. This includes a description of the parameters to be estimated and
a high-level explanation of common calibration methods used in practice to estimate these
parameters. Since extrinsic calibration is discussed in detail in Chapter 4, this section will
be restricted to intrinsic calibration only.

2.5.1 Camera Intrinsic Calibration

Camera intrinsic parameters tend to vary based on the camera model used, however, most
models contain a focal length and optical center (in bothx and y axes) as well as some
number of distortion parameters, as described in 2.4. To calibrate these intrinsic parame-
ters, methods generally use a calibration target with known dimensions of features on the
target and try to detect the target features in the images. If features on a target can be
detected in the image, the model parameters can be optimized by reducing the overall error
between the world coordinates of the target features projected to the image plane using
the projection model and the detected pixel coordinates in the image. For example, the
popular OpenCV calibration tool uses a checkerboard calibration target where the squares
have known dimensions that can be used to determine the true world coordinates, and cor-
ners are detected in the image using classical corner detectors [20]. In all these methods,
multiple measurements of targets should be collected to ensure full coverage of the sensor
model's projection function domain has been achieved.

2.5.2 Lidar Intrinsic Calibration

There are di�erent types of lidars (e.g., solid-state or mechanical) that are associated with
di�erent intrinsic parameters. This thesis focuses on mechanical lidars, therefore discussion
will be restricted to this type. A multi-beam mechanical lidar has multiple laser beams that
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rotate as they emit light or have an internal mirror that rotates, which produces the same
e�ect as a rotating beam. These devices produce range and bearing measurements, where
one range measurement is returned with two bearing measurements (elevation and azimuth)
in order to describe the 3D point. Fig. 2.6 depicts a typical multi-beam mechanical lidar,
where one beam is shown measuring some point,P. In this �gure, � represents the angle
for one speci�c laser beam, while� represents the rotational angle of any of the rotating
beams. Given this notation, the lidar model can be written as shown in Eq. 2.52.

Figure 2.6: Diagram of typical multi-beam mechanical lidar systems, where the left image
is the planar view and the right image is a horizontal view of the lidar.

Pz = r sin�
r xy = r cos�
Px = r xy sin�
Py = r xy cos�

(2.52)

The lidar model in Eq. 2.52 has no intrinsic parameters asr is measured,� is given
for each beam by the manufacturer, and� is also given for each measurement from the
manufacturer. However, a lidar model with intrinsic parameters can be generated to take
into account range and bearing biases, as well as o�sets in the optical centers. These
biases or o�sets can be a result of manufacturing errors, such as timing errors in the range
measurements or imperfections in the rotation measurements. Di�erent methods exist for
attempting to model these biases and �tting measurements to these models. This thesis
does not calibrate the intrinsic of the lidars so the details will be omitted. However,
examples include [103], who use a model with �ve intrinsic parameters, and [14], who use
a model with 10 intrinsic parameters for each beam.
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2.5.3 IMU Intrinsic Calibration

An IMU is typically made up of three sensors: (1) an accelerometer that measures accel-
eration in all three axes (a = [ ax ; ay; az]), (2) a gyroscope that measures rate of rotation
(! = [ ! x ; ! y; ! z]), and a magnetometer that measures the absolute heading. Absolute
heading is not commonly used in SLAM; therefore, this discussion will be limited to ac-
celerometer and gyroscope measurements. A common way to model an IMU is to use
an additive noise term which varies rapidly, and a slow varying bias (or random walk)
term [45]. Eq. 2.53 shows the standard discrete-time IMU model [45].

âk = R IW (a(tk) � gw) + ba(tk) + nak

!̂ k = R IW ! (tk) + b! (tk) + n! k

(2.53)

In Eq. 2.53, âk is the kth acceleration measurement, ^! k is the kth rotational measure-
ment, whereasa(tk) and ! (tk) are the true acceleration and rotation rates at the time of the
kth measurement, expressed in the world frame. Furthermore,R IW is the rotation matrix
that converts points from the world frame to the IMU frame, andgw is the gravity vector in
the world frame. The intrinsic parameters are thereforeba(tk) 2 R3; b! (tk) 2 R3; nak 2 R3

and n! k 2 R3 which represent the acceleration bias at time of measurementk, the gyro-
scope bias at time of measurementk, the noise of acceleration measurementk, and the
noise of the gyroscope measurementk, respectively. The slow varying biases,ba(tk); b! (tk),
are modeled as zero-mean white Gaussian processes [45].

IMU intrinsic parameters are often provided by the manufacturers, however, they can
be re-calibrated for added precision which is important when using IMU data for SLAM.
The calibration procedure used in this work involves collecting IMU measurements when
the device is stationary and then calculating bias and noise parameters from the Allan
Standard Deviation. For more details on this calibration process, refer to [45].
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Chapter 3

System Design

A wide range of custom or o�-the-shelf mobile robotics platforms has been used for inspec-
tion, such as climbing robots, ground robots, legged robots, aerial robots, surface vessels,
and underwater robots [4]. The majority of these platforms are simply used as a means to
collect sensor data from hard-to-access locations, where data is analyzed on its own without
any regard for where the data was collected on the structure being inspected. This repre-
sents an important part of inspection, however, without having a map to localize elements
or detected defects in 3D, the inspection picture is incomplete. An inspector would have
to manually summarize the inspection information and present it in a digestible fashion,
which usually requires the results to be translated to a drawing or Computer Aided Design
(CAD) model. This manual task can be challenging with the large amounts of data such
robotic inspection systems produce. Furthermore, to assess the rate of deterioration of a
structure, an inspector would also have to manually compare all inspection measurements
from one inspection to the previous inspections, which may be di�cult depending on how
previous inspectors summarized the data.

To avoid such problems with localization and tracking of inspection measurements,
some work has been done to create maps of the structure while collecting data. This
simpli�es the task of measuring change in data and presenting the data in a usable way to
either the asset owners or contractors doing repairs. For example, having defects labeled
in a georeferenced 3D map would allow asset owners to easily visualize and quantify defect
changes over time. Many of 3D mapping approaches rely on image-based 3D mapping
such as SfM, however, these methods have been known to be unreliable and inaccurate [66]
for mapping large scale areas with complex 3D shapes. To achieve precise and robust 3D
localization and mapping, multi-sensor SLAM is the preferred approach [61, 130, 162]. To
date, very few inspection systems have implemented multi-sensor SLAM, and those that
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have, have not combined lidar, camera, and inertial measurements in a tightly-coupled
way for optimal SLAM performance in the challenging degenerate environments common
to inspections [130, 162]. Furthermore, no existing literature discusses sensor selection and
layout for joint SLAM performance and inspection data collection.

This chapter presents the �rst multi-sensor SLAM-centric inspection system that opti-
mizes sensor layout not only for SLAM in challenging environments but also for accurate
inspection data collection. This chapter is restricted to the hardware design of the system
to best enable the SLAM and inspection software development that will be discussed in
later chapters in this thesis. The speci�c contributions of this chapter are as follows:

ˆ A new inspection system is designed whose functionality is platform-independent,
allowing this system to be mounted on any mobile robot, eliminating all accessibility
problems in data collection.

ˆ An inspection system is presented which demonstrates speci�c sensor con�guration
requirements for precise and robust SLAM while simultaneously collecting inspection
data that can be customized for the inspection task.

ˆ A modular synchronization strategy is also presented which enables sensor data from
all modalities to be fused for SLAM and inspection purposes.

As motivation, Fig. 3.1 shows the proposed inspection platform in action in the �eld
performing infrastructure inspection. The left image shows the UGV platform performing
an inspection of a parking garage, where the right image shows the same UGV performing
inspection on a bridge. This Chapter will discuss the design leading to the creation of the
UGV in Fig. 3.1, whereas Chapter 5 will show the inspection methodology and results.

3.1 Related Works

Section 1.2 discussed methods found in the literature for augmenting infrastructure inspec-
tion using robotics. In order to obtain repeatable and precise inspection measurements,
a combination of various robotic sensors is needed, including cameras for versatile defect
detection and range sensors for accurate scale estimation and dense 3D data. This section
will outline previously published robotic inspection devices that use robotic sensors (e.g.,
camera, lidar, IMU, GNSS, wheel encoders) for creating 3D maps and using these for visual
inspection of infrastructure, referred to in this work as SLAM for inspection.
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