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Abstract

Three-dimensional reconstruction in confined spaces is important for
the manufacturing of aircraft wings, the inspection of narrow pipes, the
examination of turbine blades, etc. It is also challenging because confined
spaces tend to lack a positioning infrastructure. Therefore, a sensor that
is capable of performing Simultaneous Localization and Mapping (SLAM)
is required. Although there exist a variety of SLAM-capable sensors such
as LIDARs and RGB-D sensors, there have been few, if any, sensors for
confined spaces reconstruction, because such tasks require sensors that
are compact, operate in short-range, and can self-localize.

In this thesis, we propose a sensor framework based on monocular laser
profiling for confined spaces. This framework consists of a hardware
structure, a software pipeline, and a SLAM method. Sensor prototypes
designed using this framework are able to achieve photo-realistic 3D
reconstruction in real-time. To generate photo-realistic reconstruction,
conventional RGB-D sensors typically rely on multiple-camera suites to
separately capture 3D geometry and visual color; e.g., the RealSense D435
uses one stereo camera with a pattern projector for 3D measurement
and one monocular RGB camera for color. To minimize sensor size, the
proposed framework employs a single camera to achieve photo-realistic
reconstruction. This is achieved using our alternating-frame imaging
technique which alternately captures color and geometry information in
adjacent imaging frames by altering sensor states. A SLAM method
tailored to laser profilers is proposed to accurately localize the sensor
by tightly fusing laser, camera, and inertial measurements. Additional
sensors can also be integrated into the SLAM thanks to its modular factor
graph design.

This sensor framework’s ability to generalize to different sensor config-
urations enables it to tackle various confined spaces. In this thesis, we
propose two sensor prototypes named Blaser and PipeBlaser, both de-
signed under the framework. For the general confined space setting, the
Blaser prototype features a laser-stripe profiler and was designed to be
compact and short-range-capable. It boasts a 1-inch minimum sensing
range and is more than ten times smaller than Intel RealSense D435, one
of the smallest, if not the smallest, commercial SLAM-capable sensor.
For confined in-pipe environments, a more specialized prototype named
PipeBlaser is designed. It has a laser-ring profiler configuration and can
function in 12-inch diameter pipes. These two sensor prototypes exhibit
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vastly different configurations but are designed under the same sensor
framework with some modifications for corresponding applications.

A comprehensive qualitative and quantitative evaluation was performed
on both sensor prototypes in a variety of environments, demonstrating
their localization and mapping capability in a real-time fashion. We also
compare the sensor system to other state-of-the-art SLAM methods as
well as to a popular and capable RGB-D camera.
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Chapter 1

Introduction

Three-dimensional reconstruction is a fundamental problem in robotics and com-
puter vision. Various sensor systems with wide-ranging capabilities (e.g., range and
resolution), such as laser-stripe triangulators, RGB-D cameras, and LiDARs, and
corresponding algorithms 7, 35, 45, 61] have made accurate 3D scanning possible
in many types of spaces (e.g., indooB] 34, 58], outdoor [9, 39, 61], underwater
[42, 43, 47], etc), revolutionizing many civil and industrial elds. These sensor
hardware and software systems, in the authors' view, operate in wide-open spaces
and are not well-suited, by design, for con ned space operation. In fact, few, if
any, SLAM sensor systems for 3D reconstruction have been developed for con ned
space operation. Such systems would be of great use for inspection applications,
even more so than in open spaces where abundant choices of external positioning
infrastructure, such as motion capture cameras and total stations, can be employed
to eliminate the need for SLAM capability; con ned spaces, on the other hand, tend
to lack a positioning device. The challenge in building a sensor for con ned space 3D
reconstruction comes from the following constraints: the sensor must be 1) compact
to tinto tight spaces; 2) able to operate at short-range; 3) able to perform SLAM
due to the lack of positioning infrastructure.

Current commercial o -the-shelf (COTS) sensors for 3D reconstruction are either
too large or dependent on external positioning infrastructure (e.g., robotic manipu-
lators, motion-capture cameras, etc). Kinect (Microsoft, Redmond, WA, USA) and
RealSense (Intel, Santa Clara, CA, USA) are two popular RGB-D camera families with
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1. Introduction

self-localization capability, but even the smallest model, RealSense D435, measures
90 25 25 mm in size and has a minimum sensing range of 105 mm. Popular for
mobile robots and autonomous vehicles, LIDARs boasts long range 3D measurement
but are typically even larger than RGB-D cameras, rendering them unsuitable for
con ned spaces. On the other hand, highly accurate and compact laser pro lers
such as optoNCDT (Micro-Epsilon, Raleigh, NC, USA) can achieve small sensor
foot prints as well as short-range measurement capabilities, but they only generate
per-frame 3D measurements and do not have localization capability; to perform 3D
mapping, external positioning devices are required3()] introduced an ultra-compact

3D measurement sensor but also lacked self-localization capability.

In this thesis, we propose a sensor framework for high accuracy photo-realistic
mapping in con ned space. This sensor framework consists of a hardware structure
design, a software pipeline, and a Simultaneous Localization and Mapping (SLAM)
method. We adopt laser pro ling as the 3D geometric measurement approach. Laser
pro lers are laser displacement sensors that collect depth data across a projected
laser line using camera-laser triangulation. Compared to other 3D measuring method
such as time-of- ight (ToF) or 2D pattern triangulation, laser pro ling only measures
depth on a 1-dimensional line but with signi cantly higher accuracy which is usually
from sub-millimeter to micrometer level.

Based on the laser pro ling approach, the sensor hardware is comprised of a
monocular color camera, a laser projector, and an additional Inertial Measurement
Unit (IMU) which helps with localization at almost no cost in sensor size. Additional
sensors can be added to further aid SLAM by formulating additional factors in the
factor graph. One challenge on the monocular sensor setup is to perform photo-
realistic 3D reconstruction, which requires the sensor to capture two types of data:
3D geometry and visual color for adding appearance to the 3D reconstruction. The
acquisition of these two data is typically achieved by using multiple cameras to
separately capture each data, e.g., Intel RealSense D435 uses one stereo camera with
a pattern projector for 3D measurement and one monocular RGB camera for color. In
the proposed sensor framework, we use the single camera to capture both information
using the alternating-frame imaging technique, where the camera alternately captures
images for laser pro ling and images for visual coloring by altering camera exposure
and laser on/o state. This technique reduces the number of cameras needed for

2
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photo-realistic reconstruction, thus minimizing the sensor's size and cost.

The software of the sensor framework consists of two parts as shown in Figure
1.1: a pipeline of photo-realistic 3D reconstruction and supporting software. In
the reconstruction pipeline, software components including the alternating-frame
controller, sensor data pre-processing, and SLAM progressively processes sensor
measurements and outputs 3D reconstruction as well as sensor pose estimation.
Supporting software mainly contains a calibration tool and a software that analyzes
sensor sensitivity given the camera and the laser-camera placement con guration;
this software can also generate the con guration with the optimal sensitivity.

Figure 1.1: Software of the proposed sensor framework.

At the center of the proposed software solution is the SLAM method tailored
for monocular laser pro lers. Localization accuracy often determines reconstruction
quality since individual laser scans are registered to a global reference frame according
to the localization estimation. Since monocular SLAM su ers from scale ambiguity,
monocular visual-inertial (V1) sensor setup is the smallest sensor-suite that the
community uses to perform SLAM with metric scale. VI-SLAM methods have
achieved promising results and are nowadays widely used in mobile robots, smartphone
applications, and VR & AR. However, sensor motion in con ned spaces is often much
slower and IMU measurements are much less excited, which undermines metric
scale estimation and localization accuracy. Therefore, we proposed a SLAM method
designed for laser prolers. In the SLAM method, the laser scans not only are
stitched together to generate a point cloud map but also help estimate the metric
scale of the SLAM. The accurate but dimensionally degenerated laser-line scans are
associated with visual features to e ectively recover the metric scale, resulting in

3
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low-drift localization. Further more, a window-to-map tracking component aligns the
recent laser scans in the sliding-window to the historic map. In this way, mapping
consistency can be maintained under back-and-forth re-scanning motion. Mapping
consistency is important to the map's visual quality and desirable for real-world
scanning applications.

The proposed sensor framework is able to generalize to various sensor con gurations
in order to adapt to di erent real-world con ned spaces. When adapting the framework
to a new sensor con guration, many of the software components can be reused with
little modi cation. In this thesis, we put forward two sensor prototypes that each
addresses a con ned-space mapping challenge.

The rst prototype named Blaser [5, 6] targets general con ned spaces. The
prototype is designed to be as compact as possible while managing short-range
sensing. The Blaser prototype is equipped with a laser-stripe projector, a miniature
camera, and an Micro-Electr-Mechanical System (MEMS) IMU. It achieves a size of
27 15 10 mm, 14 times smaller than RealSense D435 in volume, and a sensing
range of 20-150 mm. Figure 1.2 shows the proposed sensor hardware as well as a
hand-held reconstruction result of a keyboard. The sensor size is mainly constrained
by the size of the camera and the laser diode as well as the baseline length between the
camera and the laser. Adequate baseline length is critical for the sensor's sensitivity.

The second prototype named PipeBlaser is designed for con ned pipe environ-
ments, speci cally for 12-inch to 16-inch diameter pipes. The geometric integrity
of pipes are vital for the safety of operations. For natural gas pipes, the failure
of pipes can cause explosion and result in severe casualtia$ p4]. In-pipe 3D
reconstruction is a powerful tool for the analysis of pipe geometric integrity, such as
pipe diameter, geometric deformation, etc. In addition, photo-realistic appearance
of 3D reconstruction is also valuable since it can be used to detect defects including
ner cracks and corrosion. Although in-pipe 3D mapping technology exists, they
su er from limitations. Many methods rely on visual Structure-from-motion (SfM)
which generates low-de nition map. Although some methods use laser pro lers with
high accuracy, they have limitations regarding localization due to the use of external
pose estimation aid, wheel encoders (which limit motion estimation to 1-dimensional),
and visual SLAM with strong assumptions on pipe diameter. We have not seen a
technology that generates high-de nition map and performs 6 Degree-of-freedom

4
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Figure 1.2: An overview of the Blaser sensor. (a), (b) The proposed sensor hardware
prototype; (c) hand-held scanning with ground truthing experimental set up; (d)
the reconstructed colored point cloud of a keyboard, scanned without external
infrastructures.

(DoF) self-localization without making assumption on the pipe diameter.

In order to scan the cylindrical inner surface of pipes, the PipeBlaser employed
a laser-ring projector in tandem with a sheye camera. The camera faces the axial
direction of the pipe and observes the entire laser ring to perform triangulation. The
projector mounted in front of the camera projects a laser-ring parallel to the radial
plane of the pipe, which allows the sensor to scan the pipe's cross sections. An LED
array is added for active illumination inside dark pipes. The sensor uses the proposed
SLAM method to accurately estimate 6 DoF pose and stitches the laser scans into a
map accordingly. Figure 1.3 presents the prototype as well as the 3D mapping result
of a 16-inch diameter pipe.

Extensive experiments were performed on both sensor prototypes. The Blaser
sensor showed higher localization accuracy with the proposed SLAM method compared
to a state-of-the-art VI-SLAM method. It also demonstrated the SLAM framework's
ability to maintain mapping consistency under repeated re-scanning, and displayed its

5



1. Introduction

Figure 1.3: An overview of the PipeBlaser sensor. (a) A conceptual drawing of the
PipeBlaser in a 12-inch diameter pipe; (b) the PipeBlaser sensor prototype; (c) the
PipeBlaser prototype in a 16-inch diameter pipe; (d) the reconstructed colored point
cloud of a 16-inch diameter pipe.

superior reconstruction quality compared to a COTS RGB-D camera. The PipeBlaser
prototype was evaluated in a 12-inch and a 16-inch diameter pipe, exhibiting photo-
realistic mapping and satisfactory localization accuracy.

The remainder of this thesis is structured as follows. Chapter 2 provides an
overview on the previous works in related elds including laser pro lers, SLAM
with RGB-D cameras, monocular visual-inertial SLAM methods, and in-pipe SLAM
methods. Chapter 3 describes the Blaser prototype in terms of hardware design,
sensor model, and software pipeline. The proposed SLAM method for laser pro lers
is described in detail in Chapter 4. Chapter 5 discusses the PipeBlaser prototype
in a structure similar to Chapter 3. Because the two prototype are designed under
the same framework, some similarities are omitted for brevity while di erences are
highlighted. Modi cation to the SLAM method for in-pipe application are also
described. Chapter 6 o ers experimental results on the Blaser scanning various

6



1. Introduction

household and industrial objects and the PipeBlaser performing mapping in two pipe
environments. Finally, Chapter 7 reviews the contributions of this thesis.
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Chapter 2

Related Work

In this chapter, we review a few types of 3D measurement sensors and corresponding
SLAM methods if exist.

Since the proposed sensor framework is based on laser pro ling, we rst introduce
the literature of laser pro lers and related mapping work in Section 2.1. To the best
of our knowledge, there has not been a SLAM method developed for laser pro lers,
and almost all related mapping work rely on external positioning aids to integrate
the laser scans.

Prior to this work, RGB-D sensors are considered by the community the smallest
SLAM-capable and low-cost sensor for accurate dense mapping. For this reason, we
also compare the proposed sensor with one RGB-D camera in the experiments. Section
2.2 provides an overview of the 3D measurement technologies used in RGB-D cameras
and a number of related SLAM methods. Since these cameras are able to capture
depth data of the entire camera eld-of-view, SLAM can be achieved by aligning
point cloud frames to the previously built map. These SLAM methods, however,
cannot directly apply to the proposed sensor framework, which only measures depth
on a line instead of over the entire FoV.

The proposed sensor theoretically can achieve localization with metric scale by
performing visual-inertial SLAM (VI-SLAM) using the onboard camera and IMU.
However, the performance is usually poor since the IMU cannot be su ciently excited
from the slow sensor motion in con ned space. In spite of this, the proposed SLAM
method is inspired by many visual and inertial data processing methods introduced

9



2. Related Work

in the VI-SLAM literature. For this reason, we provide an overview of VI-SLAM
methods in Section 2.3.

2.1 Laser prolers

A laser pro ler typically consist of a camera and a laser-stripe projector. It projects

a laser-stripe onto the scanned surface and uses the camera to see the visible laser
stripe and triangulates it into 3D space. Therefore, this type of sensor is also known
as laser triangulators.

Active laser-stripe triangulation has been one of the mainstream 3D scanning
approaches for decade$]]. Thanks to the simple hardware design and inexpensive
components, laser-stripe triangulation is a popular choice for low-cost 3D scanning
systems such as the DAVID LaserscannebJ]. Many high accuracy pro lers such as
Keyence Laser Pro ler (Keyence Corporation, Osaka, Japan) and metallic surface
scanners 14] also adopt laser-stripe triangulation due to its high accuracy and relative
insensitivity to illumination compared to structured light.

There has been extensive work dedicated to reconstructing 3D models using laser
pro lers or laser-stripe triangulation [7]. However, positioning devices or localization
aids are often needed to register individual scans3g uses a motorized gantry to
move the scanner in 3D space, associating each scan with a pose given by the gantry.
[59, 6] utilize a di erent triangulation method, where the camera is xed while the
user moves the laser-stripe projector to scan the object like with a paint brush; a 3D
reference marker board is placed behind the object to help perform triangulation.
[43] performs under water 3D mapping using a laser pro ler, but a Doppler Velocity
Log (DVL) together with other sensors are used to perform dead reckoning. There
has been little work that focused on localization using laser-stripe scanners alone
to enable infrastructure-free capability. This task is challenging because of the 3D
measurement characteristic of a laser pro ler: it only generates 3D information on
the intersection of a 3D sheet of plane with the real-world surface. Therefore, there is
generally insu cient correlation between adjacent measurement frames under motion,
making it di cult to estimate frame-to-frame 6 Degree-of-freedom (DoF) motion.
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Figure 2.1: (a) Keyence commercial laser pro ler capable of high accuracy 3D mea-
surement but without SLAM capability; (b)setup illustration of DAVID Laserscanner
[59] where a reference background is used to estimate the 3D laser plane position
relative to the camera; (c) 3D reconstruction result achieved irBf] using a motorized
gantry to provide pose of the laser pro ler.

2.2 RGB-D Cameras and Related SLAM
Methods

RGB-D cameras nowadays are extremely popular choices for 3D reconstruction thanks
to their low costs and relative compactness. They are called RGB-D cameras since
each pixel of the camera image contains a RGB color and a depth measurement.
Structured light and time-of- ight are two core technologies behind today's RGB-D
cameras. Structured light scanners project 2D invisible patterns of infrared (IR) light
onto the scanned surface and use another onboard IR camera to see and triangulate
the light pattern [19, 62, 63]. Time-of- ight sensors obtain depth of each pixel by
measuring the travel time of emitted light signals. Intel RealSense and Microsoft
Kinect are two popular and relatively low-cost RGB-D camera families and are widely
used in the development of RGB-D SLAM methods in the literature.

A number of RGB-D SLAM algorithms with promising results have emerged in
the past decade, including surfel-base®], 58 methods and volumetric 8, 45, 57]. A
surfel is a surface element and can be viewed as a 3D point with attributes including
normal direction, size, color, etc. Surfel-based methods directly represent the world
with surfels generated from RGB-D images. Point cloud alignment are used to align
new frames to the surfel-map and adjacent surfels are fused together to limit the
grow of number of surfels. On the other hand, volumetric methods employ discretized
voxel-grid representations of the world, where each voxel stores its Signed Distance
Function (SDF) value and other attributes such as color. The SDF value is de ned as
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